
Recently, there has been a lot of progress in online learning
resulting into sophisticated online learning techniques such as
locally weighted projection regression (LWPR) [1], [8]. Here,
the dynamics are approximated by locally linear functions
covering the relevant state-space and online learning became
computationally feasible due to low computational demands
of the local projection regression which can be performed in
real-time.

From our experience, the major drawback of LWPR is
the required manual tuning of many highly data-dependent
metaparameters. Furthermore, for complex data, large numbers
of local models are necessary in order to achieve a compet-
itive approximation. In contrast to LWPR, Gaussian process
regression (GPR) need less data-specific tuning while yielding
high learning accuracy. However, these advantages result into
a tremendously higher computational cost both during the
prediction step as well as during learning. As a result, this
approach is not used for real-time application to date. In this
paper, we combine the basic idea behind both approaches
attempting to get as close as possible to the speed of local
learning while having a comparable accuracy to Gaussian pro-
cesses regression. This results in an approach inspired by [1],
[2] which uses many local GPs in order to obtain a significant
reduction of the computational cost during both prediction
and learning step, thus, allowing the application of online
learning. The remainder of the paper is organized as follows:
first we give a short review of standard GPR. Subsequently, we
describe our local Gaussian process models (LGP) approach
and discuss how it inherits the advantages of both GRP and
LWPR. Finally, our LGP method is evaluated for learning
dynamics models of real robots for accurate tracking control.
The tracking task is performed in real-time using computed
torque control as shown in Figure 1. The learning accuracy
and performance of our LGP approach will be compared with
the most important standard methods LWPR, standard GPR
[9] and � -support vector regression (� -SVR) [10], respectively.
The evaluations are performed with both physically realistic
simulations based on SL [11] as well as two different real
robots, i.e., the SARCOS anthropomorphic master arm and
BARRETT whole arm manipulator.

II. REGRESSION WITH STANDARD GPR

Given a set of n training data points {xi, yi}n
i=1 , we intend

to discover the latent function f i(xi) which transforms the
input vector xi into a target value yi given by yi = f i(xi)+ � i ,
where � i is Gaussian noise with zero mean and variance � 2

n
[9]. As a result, the observed targets can also be described
by y�N �

0, K(X, X) + � 2
nI

�
, where K(X, X) denotes the

covariance matrix. As covariance function, a Gaussian kernel
is frequently taken [9]
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where � 2
s denotes the signal variance and W the width of the

Gaussian kernel. To make a prediction f̄ ∗(x∗) for a new input
vector x∗, the joint distribution of the observed target values

and predicted function value is given by
�

y
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The conditional distribution yields the predicted mean value
f̄ ∗(x∗) with the corresponding variance V(x∗) [9]

f̄ ∗(x∗) = kT
∗

�
K + � 2

nI
� −1 y = kT

∗α ,

V (x∗) = k(x∗, x∗) � kT
∗

�
K + � 2

nI
� −1 k∗ ,

(4)

with k∗ = k(X, x∗), K = K(X, X) and α denotes the so-
called prediction vector. The hyperparameters of a Gaussian
process with Gaussian kernel are θ = [ � 2

n, � 2
f , W] and their

optimal value for a particular data set can be derived by maxi-
mizing the log marginal likelihood using common optimization
procedures, e.g., quasi-Newton methods [9].

III. LOCAL GAUSSIAN PROCESSES REGRESSION

The major drawback of GPR is the expensive computation
of the inverse matrix (K + � 2

nI)−1 which yields a cost
of O(n3). Many attempts have been made to reduce this
computational obstacle but they mostly follow two strategies:
(i) sparse Gaussian processes (SGP), (ii) mixture of experts
(ME). In SGP, the whole input space is approximated by a
smaller set of so-called inducing inputs [12]–[14]. Here, the
difficulty is to choose an appropriate set of inducing inputs
which essentially summarize the original input space [9]. In
contrast to SGP, ME divide the whole input space in smaller
subspaces by a gating network, within which a Gaussian
process expert, i.e. Gaussian local model, is trained [2], [15].
The computation cost for matrix inversion is then significantly
reduced due to much smaller size of data points within a
local model. However, the ME performance depends largely
on the number of experts for a particular data set. To avoid this
problem, [15] allows the learning process to infer the required
number of experts for a given data set by employing a gating
network related to Dirichlet process. The proposed algorithm
has approximately a complexity of O(n3/M ) for training and
O(n2d) for adapting the gating network parameters, where M
denotes the number of experts and d the dimension of input
vector.

In the broader sense, the gating network of ME can be
considered as a clustering process, where the main intention is
to group the whole input data in a meaningful way. Inspired
by locally weighted learning [1], [2], we propose a method
enabling further reduction of computational cost by using a
Gaussian kernel as distance measure for clustering the input
data. The algorithm assigns each input point to the corre-
sponding local model, i.e. specific expert, for which an inverse
covariance matrix is determined. The mean prediction for a
query point is subsequently made by weighted averaging over
local mean predictions using local models in the neighborhood.
Thus, the algorithm consists out of two stages: (i) localization
of data, i.e. allocation of new input points and learning of
corresponding local models, (ii) prediction for a query point.
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(a) Approximation Error using SL data
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(b) Approximation Error using BARRETT data
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(c) Approximation Error using SARCOS data

Fig. 3: Approximation error as nMSE (in percent) for each DoF. The error is computed after prediction on the test sets with simulated data
from SL-model, real robot data from BARRETT and SARCOS master arm, respectively. In all cases, LGP outperforms LWPR in learning
accuracy while being competitive to � -SVR and standard GPR.
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Fig. 4: Average time in millisecond needed for prediction of 1 query
point. The computation time is plotted logarithmic in respect of
the number of training examples. The time as stated above is the
required time for prediction of all 7 DoF. Here, LWPR presents
the fastest method due to simple regression models. Compared to
global regression methods such as standard GPR and � -SVR, local
GP makes significant improvement in term of computation time.

computation time is reduced significantly compared to GPR
and � -SVR. The comparison of prediction speed is shown in
Figure 4. Here, we train LWPR, � -SVR, GPR and LGP on
5 different data sets with increasing training examples (1065,
3726, 7452, 10646 and 14904 data points, respectively). Sub-
sequently, using the trained models we compute the average
time needed to make a prediction for a query point for all 7
DoF. In the case of LGP, we take a limited number of local
models in the vicinity for prediction as in last experiment.

The results show that the computation time requirements
of � -SVR and GPR rises very fast with the size of training
data set as expected. LWPR remains the best method in terms
of computational complexity only increasing at a very low
speed. However, as shown in Figure 4, the cost for LGP
is significantly lower than the one � -SVR and GPR and

increases at a much lower rate. In practice, we can also
curb the computation demands of single models by deleting
old data points, if a new ones are assigned to the model.
As approach to deleting and inserting data points, we can
use the information gain of the corresponding local model
as a principled measure. It can be seen from the results
that LGP represents a compromise between learning accuracy
and computational complexity. For large data sets (e.g., more
than 5000training examples) LGP reduces the prediction cost
considerably while keeping a good learning performance.

C. Low-Gain Model-based Control

In this section, we use the dynamics models trained in
Section IV-A for a computed torque tracking control task in
the setting shown in Figure 1. Again, we follow the real-
time setup in [7] using the test trajectories described in [7]
as desired trajectories. During the control experiment we set
the feedback gains, i.e., Kp and Kv , to very low values to
take the aim of compliant control into account. As a result,
the dynamics model has a stronger effect on computing the
predicted torque and, hence, a better learning performance of
each method results in a lower tracking error. The control task
is performed in real-time using a physically realistic simulation
of the SARCOS arm in SL [11]. Table II shows the tracking
error, i.e. e = qd�q, as nMSE for all 7 DoF. The tracking
performance over time of joints 1, 2 and 3 are shown in Figure
5 for example, other joints are similar.

As comparison we also compute a simple linear controller
with gravity compensation which is a common approach in
industrial robot control [3]. The robot system is sampled by
480 Hz. For LWPR, we are able to compute the controller
command u for every sample-step, since the torque prediction
is very fast, i.e. less than 1 ms for a prediction for all 7 DoF
(see Figure 4). As GPR and � -SVR require much longer for a
prediction due to more involved computation, i.e. about 7 ms
for a prediction, we can only update the controller command
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(a) Tracking of 1. Joint
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(b) Tracking of 2. Joint
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(c) Tracking of 3. Joint

Fig. 5: Tracking performance of LWPR, � -SVR, GPR and LGP for joint 1, 2 and 3 as example. Other joints show similar tracking performance.

nMSE [%]
Joint Nr. g. comp. PD LWPR � -SVR GPR Local GPR

1 27.7 2.5 1.8 1.3 0.9
2 15.1 1.1 1.5 1.7 0.8
3 3.3 0.3 0.3 0.4 0.3
4 12.4 4.8 2.9 3.2 2.2
5 3.6 0.4 0.2 0.4 0.2
6 4.9 0.5 0.4 0.6 0.3
7 13.9 1.8 1.3 1.4 0.8

TABLE II: Tracking error as nMSE (in percent) for each DoF using
test trajectories. The error is computed after a real-time tracking task
over 60 sec. The traditional PD controller with gravity compensation
is inferior to the model-based method. GPR and � -SVR provide
slightly better results compared to LWPR. LGP gives the best tracking
performance in all cases.

for every 4-th sample-step. In contrast, the controller update
can be done for every 2-th sample-step in case of LGP, whereas
we use 4 local models for prediction each time.

Considering the tracking error reported in Table II, it can
be seen that all computed torque control algorithms clearly
outperform the state-of-the-art PD controller with gravity com-
pensation. Compared LWPR with global regression methods,
i.e. GPR and � -SVR, the global regression provides only
a slightly better result in spite of higher learning accuracy.
The reason is that the controller command u is updated at
every sample-step for LWPR instead of every 4-th sample-
step for GPR and � -SVR. Hence, using LWPR the robot can
react much faster towards changes in the trajectories. This
advantage of fast computing compensates the inferior learning
performance of LWPR. As LGP incorporates the strength of
both local and global regressions, i.e. a tradeoff of learning
accuracy and computation complexity, it provides the best
tracking results as shown in Table II.

V. CONCLUSION AND FUTURE PROSPECTS

Using local GP, we combine the fast computation of lo-
cal regression with more accurate regression methods with
less manual tuning. LGP achieves higher learning accuracy
compared to locally linear methods such as LWPR while
having less computational cost compared to GPR and � -SVR.

The results also show that our approach is promising for an
application in model online-learning which is necessary to
generalize the dynamics model for all trajectories.
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