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Abstract— In flexible redundantly-driven multi-DOF systems,
like living beings, the representation of redundant kinematics
including the diversity of solutions, is crucial for leveraging
its distinctive characteristics. This paper proposes an active
learning framework for forward and inverse modeling of com-
plex kinematics that improves expressions of control space, task
space, and null space. It consists of a Variational Auto Encoder
(VAE)-type network that internally holds expressions of control
space, task space, and null space, and an algorithm for selecting
new data using the cross-entropy method. The validity of the
proposed system was verified using a tensegrity manipulator
driven by 40 pneumatic cylinders. As a result, it was confirmed
that active learning contributed to achieving the entire range
of motion covered and a well-organized representation of the
null space.

I. INTRODUCTION

Softness and redundancy are features that have tradition-
ally distinguished biological beings from robots. Modern,
biologically-inspired robot systems aim to overcome this
limitation and implement these traits in the body of a robot
[1]. However, biologically faithful imitation often conflicts
with engineering-plausible design.

In our work, we aim to implement softness and redundancy
in an engineering-plausible design by leveraging “Tenseg-
rity” structures [2]. Tensegrity refers to a structure in which
the arrangement of multiple rigid bodies is stabilized by ten-
sion. The methodology has previously been used in mobile
robots [3]-[5] and manipulators [6]-[9]. Fig. 1 depicts the
developed continuum manipulator driven by 40 pneumatic
cylinders [10]. Employing class-1 tensegrity, the simplest
constitution of tensegrity, allowed the integration of many
actuators without interference while ensuring durability. Due
to their flexible nature, tensegrity structures allow for safe
data collection over long horizons, thereby enabling forward
and inverse kinematics modeling through a data-driven ap-
proach. However, despite these advantages, controlling such
a deformable system can pose major challenges. More specif-
ically, even with training data from long-term random trials,
obtaining a representation of the task space and its orthogonal
null space applicable to other tasks remains difficult.
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Fig. 1.  The soft and redundantly-driven continuum manipulator that
incorporates a class-1 tensegrity structure. It is actuated by 40 pneumatic
cylinders, regulated by pressure control valves.

For example, even when the input signal is generated
uniformly at random, the robot’s end position is typically
biased by the inherent structural characteristics. At the same
time, since the robot is redundant, the shape and stiffness of
manipulators that achieve the same end position will have
multiple candidates, and the data will also be biased in the
null space that has to organize and represent those variations.
In [11], we have proposed a method for modeling the for-
ward/inverse kinematics of tensegrity manipulators through
a forward/inverse mappings conditioned on the null space
expression. Training was performed on data consisting of
pairs of motor commands and the corresponding end-effector
positions. Although the proposed method was successfully
validated, due to the bias of the data, the task space that
could be represented was narrower than the original range
of motion. In addition, the null space represented stiffness
only around some end positions.

A promising approach to overcome this problem is Active
learning [12]-[14] wherein new data is sequentially sampled
and updated to meet the refined prior models. In its original
formulation the learning system asked the annotator (oracle)
to annotate unlabeled data thereby obtaining new data points
[15]. Although imitation learning fits this description in
robotics, the term “active learning” is now used to refer to
a broader framework in which the robot acquires new data
points through its actions and sequentially updates the dataset
[16]. In this sense, the keywords “adaptive sampling” [17]
and “Bayesian optimization” [18] are also used to describe
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almost similar attempts. This study uses the word active
learning as this broader meaning.

So far, active learning has been applied to a variety of
problems, including motion planning [19]-[21], navigation
[22]-[24], and dynamic modeling [25]-[27]. It has also been
applied to manipulator kinematics models, such as human-
independent calibration [28] and modeling the complex kine-
matics of redundant multi-degree-of-freedom robots [29]—
[31]. The tensegrity manipulator in this study is one of
the most complex manipulators, thus likely prone to biased
datasets and data inefficiency. Furthermore, the learning
system also seeks to acquire a representation of the null space
to obtain a variety of solutions in inverse kinematics, so its
impact is likely to be magnified.

This paper proposes an active learning framework for
forward and inverse modeling of complex kinematics that
maximizes the information gain in control, task, and null
spaces. It consists of a Variational Auto Encoder (VAE)-
type network that internally holds expressions of control
space, task space, and null space along with an algorithm for
selecting new data points using the cross-entropy method.
The validity of the proposed system was verified using a
tensegrity manipulator driven by 40 pneumatic cylinders
shown in Fig.1. The proposed active learning strategy in-
creased the covered range of motion of the robot while also
generating a well-organized representation of the null space.

II. DEVELOPED TENSEGRITY MANIPULATOR

Fig.2 depicts the composition of the developed tensegrity
manipulator. The height and mass of the manipulator are
1300 [mm] height and 3.9 [Kg], respectively. This structure
complies with a class-1 tensegrity, comprising vertically
stacked five 4-strut tensegrity prisms.

Out of the total 80 tensile members, 40 have been re-
placed with pneumatic cylinders, enabling active bending.
The manipulator utilizes two types of pneumatic cylinders,
each with a stroke length of 45 [mm] but varying diameters.
More specifically, 24 cylinders in the lower section have
a diameter of 16 [mm] (MSPCN16-45, Misumi), while the
upper 16 cylinders have a diameter of 10 [mm] (MSPCN10-
45, Misumi). The structure’s base, comprising four strut
ends, is connected to sliders and ball joints to facilitate
bending. The base, which contains 40 pressure control valves
(VEAB, FEST Inc.), enables independent control of internal
pressures for the 40 pneumatic cylinders. The embedded
AD/DA system, which is ROS2-compatible, provides target
pressure values.

Employing a class-1 tensegrity design enables the incorpo-
ration of 40 pneumatic cylinders without encountering me-
chanical interference. Moreover, the class-1 tensegrity design
results in a robot with fewer components due to the repetitive
connections of compressive and tensile members. In the
developed tensegrity manipulator, two types of struts 300
[mm] and 350 [mm] in length, are employed. Specifically,
all struts comprise three CFRP pipes with an outer diameter
of 5 [mm]. The lower 4 struts utilize 350[mm] pipes, while
the upper 16 struts utilize 300[mm] pipes. Thus, despite the
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Fig. 2. The developed tensegrity manipulator used in this study. It consists
of five 4-strut tensegrity prisms stacked vertically with alternating torsional
directions. Out of the total 80 tensile members, 40 have been replaced with
pneumatic cylinders. Their internal pressures are independently controlled
to perform various bending. The system is built to be ROS2-compatible.

overall complexity of the structure, the developed tensegrity
manipulator is composed of relatively few parts: two types
of struts, two types of pneumatic cylinders, and the same
type of stiff cables.

The features of the developed tensegrity manipulator, in-
cluding the pneumatic flexibility, the abundance of actuators,
minimal mechanical interference, and complex structure with
limited components, pose challenges for analytical model-
ing. However, despite the complexity of the hardware, it
effectively mitigates hardware failures. As a result, the robot
can collect data through random movements without a pre-
tuned kinematic model. These attributes suggest that the
developed tensegrity manipulator is an ideal platform for
investigating the functionalities of flexibility and redundancy
from a constructivist perspective.

III. PROPOSED ACTIVE LEARNING FRAMEWORK
A. VAE-based Probabilistic Kinematics Model

Fig.3 shows the network architecture used in the proposed
active learning framework. It is based on Variational Auto-
Encoder (VAE) [32] and employs probabilistic outputs in
both the encoder and decoder. Specifically, input/output
vectors represent points in the control space, and a latent
space vector means a concatenated vector of two vectors
representing a point in the task space and a point in the null
space, respectively. The details are described below.

Letw= (u; - up),y= (Y1 Ym), and z = (21 -+ - 2z4)
be vectors in control space, task space, the null space,
respectively. Here, we assume a robot where a given u
uniquely determines y, but a given y does not uniquely
determine u without conditioning by z. The network ar-
chitecture gives the posterior distribution/encoder g4 (y, z|u)
and likelihood/decoder py(uly, z) following properties:

95(y, zlu) = qp(ylu)gs(z|u) (1)
a(ylu) ~ N(py,diag(oy)) (2)

qp(zlu) ~ N(ps,diag(os)) 3)
pe(UIy, z) ~ N(py,diag(o,)) (4)
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Fig. 3. The proposed VAE-based stochastic kinematics model. Not only

the middle units but also the output units behave stochastically by the
reparameterization trick. Each of those stochastic units is assigned to express
control space u, task space y, and null space z. To train the forward/inverse
kinematics model, supervised data is given at w and y, not at 2.

where {p,, 0.}, {py,0,}, and {p., 0.} are element-
wise averages and variances of u, y, and z, respectively.
Note that ¢ and 6 are network parameters of the encoder
and decoder, respectively. These prior distributions are given
by the reparameterization trick [32].

Let Divain = {u},y}Y | be a dataset obtained from N
trials in which a generated control input is given to a robot
and the corresponding result in the task space is observed.
The optimization problem for ¢ and 6 can be posed as
follows:

%, 0" = ar%H;ax L(p,0) (5)

L(,0) = Luac(9,0) + Liask(®) (6)
Lyac(0,0) = Eq¢(y,ZIu*) [log pe(u*|y, z)]

=7 Dxr(g¢(z[u")[p(2))| ()

Liasi(¢) = Bur gy [log g (y™fu”)] @)

where p(z) = N(0,1) is the prior distribution of the

unsupervised latent space corresponding to the null space,
and + is a constant for the regulation term.

In this training phase, u and y are supervised by u* and
y*, respectively, while z is not. Thus, in the optimization
problem, z must represent information that is additionally
needed to uniquely map from y to wu, corresponding to
inverse kinematics, and that is lost in the mapping from u
to y, corresponding to forward kinematics. This constraint,
introduced by the network architecture, results in a represen-
tation of z that corresponds to the null space.

B. Adaptive Sampling Algorithm

Assume that the initial training dataset Diyan =
{u},y}¥, was obtained by randomly generating control
inputs and feeding them to the robot and observing the
corresponding results. Even if NV is sufficiently large, training

Algorithm 1 Proposed Adaptive Sampling Method

Input: ¢* and 6* obtained in training based on Dyaip,
C as a continuation condition

Output: D,

train
1: Dpew 0
2: while C holds do
3:  Obtain {u;}~ ;| that have the L largest F values by
the Cross Entropy Method
4 i1
5. if Yu* € Dyew, |l@; —u*|| > a then
6: Drew ¢ Drnew U {ﬂ't}
7. else
8: 1417+ 1and goto 5
9: end if
10: end while

11: S + | Dnew]

12: Compute F(u*), Vu* € Dipain

13: Remove data points from Dj,,;, that have the S smallest
F(u*)

14: D]

train

— Dtrain ) Dnew

will not adequately represent the control, task, and null
spaces if it is inappropriately biased. To deal with this issue,
we propose an adaptive sampling method that finds locations
in control space, task space, and null space that are not
sufficiently represented and updates the dataset sequentially
by making additional trials to obtain new data points there.

Algorithm 1 summarizes the proposed method. In this
algorithm, we employ the Cross Entropy Method (CEM) [33]
to identify new data points that will contribute to improving
the model. The acquisition function F(u) used in CEM is
defined as follows:

]:(u) = KyO'y + K,0. + Kyoy 9

where K, K., and K, are weighting constant coefficients.
The oy, 0., and o, are obtained from the latest trained
model (¢*, 6*) at the beginning of adaptive sampling phase.
Since the network in Fig. 3 employs the reparameterization
trick, o, and o, are obtained deterministically for a given y.
The o, on the other hand, is inherently stochastic since it is
computed from resampled y and z. To avoid computational
overhead here, the o, is obtained deterministically by using
py and py, as y and z, respectively. In addition, the constant
a in Algorithm 1 is used as the threshold to accept the
distanced new data point from the existing data points in
Ditrain- The continuation condition C is determined by |Dyevw|
and/or the elapsed time.

C. Farallelized Active Learning Procedure

In robotic active learning, acquiring new data points by
running real robot experiments is time-consuming, as is
the model training process. Therefore, parallelizing these
processes can improve efficiency. From another aspect, it
also contributes to creating incremental behavior in which
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Algorithm 2 Parallelized Active Learning Procedure
Input: ¢; ; and 0;_, on D1 , and D}, wheret >0

1: while C: Updating ¢} and 6 on D! . do

train
2 DIt « AdaptiveSampling(¢f_;, 607 ,|C)
3: end while
4: t+—t+1
5: Goto 1

the model is improved, and the sampling behavior changes
without the robot stopping for a long time.

Algorithm 2 shows the parallelized procedure of the
proposed active learning framework. The subscripts ¢ — 1,
t, and ¢ + 1 denote the number of times adaptive sampling
has been performed and indicate at which point the dataset
and optimization results were obtained. The continuation
condition corresponds to the termination condition of the
training. In this algorithm, during training on the latest
training data obtained at time ¢, adaptive sampling based
on the evaluations of o, o, and o, is performed using the
optimal parameters at time ¢ — 1 to build the training data at
time ¢ + 1. This ensures that the robot does not stop during
model training after completing training on the initial dataset
and obtaining the next dataset.

IV. EXPERIMENTAL SETUP

We conducted experiments using the tensegrity manipu-
lator shown in Fig.1 and 2 and their end positions as the
task space. This section presents specific information on the
experimental setup, including the network structure, training
method, and parameters for data sampling.

A. Network Structure and Initial Dataset

Since the tensegrity manipulator is driven by 40 pressure-
controlled pneumatic cylinders, the control space is 40 di-
mensions, and the task space is 3 dimensions to match the
experimental setup. In this case, the null space is at most
37 dimensions. Accordingly, n, m, and d of the network in
Fig.3 are set to 40, 3, and 37, respectively. Between the u
and (y, z) layers, there are three fully-connected layers. The
network was implemented using Pytorch [34] and ran on a
computer that has Intel Xeon 6326 2.9 GHz 2 CPU configu-
ration with NVIDIA RTX AS5000. For training the network,
the ADAM optimizer [35] was used for the optimization
problem written in Eq.5. The initial dataset DY, . consists
of 40,000 data points. The control inputs, namely desired
pressures [MPa], were sampled from uniform distributions
of [0.3,0.6], [0.2,0.6], [0.1,0.6], [0.1,0.6], and [0.1, 0.6] for
pneumatic cylinders in each layer from the bottom to prevent
excessive manipulator’s relaxation. The end positions in the
equilibrium postures corresponding to the control inputs were
measured with a motion capture system (8 Optitrack Prime
X13 cameras with Motive software. NatNet SDK with an
add-on for ROS2-compatible data provision). Since each
point took 2.5 seconds to acquire, the initial sampling process
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Fig. 4. The distributions of the initial dataset D?mm and the final acquired
dataset DL

irain- £ach dataset consists of 40,000 data points.

took approximately 28 hours. The number of epochs and
batch size were set to 500 and 100, respectively. In these
settings, the training took approximately 5 minutes.

B. Active Learning Process

As with the initial dataset D? . . the search by CEM
on the acquisition function F was limited in scope to
avoid excessive manipulator’s relaxation. For approximately
5 minutes during the learning process on the current dataset
D}, .in» CEM finds control input candidates, and a data point
that has better F value and more than the distance a form
all of data points in Df . is fed to the manipulator to
measure the corresponding end position. Approximately 170
new data points are adopted every 5 minutes. As soon as the
learning process is completed, the 170 adopted data points
are replaced by the data points with the lowest F value
in D! ;. to prepare the next dataset D! 1 . This process

was repeated until 30,000 data points had been adopted. The
entire active learning process took about 15 hours.

V. RESULTS

To validate the proposed active learning framework, we
compared kinematics models trained on the initial dataset
DY . and the sequentially updated dataset DY . . In this
section, we will explain in the following order: A) analysis
of dataset updates, B) evaluation of the feedforward end
position control using the obtained inverse kinematics model,
and C) evaluation of the null space effects on the posture
variations.

A. Analysis of the Acquired Dataset

Fig.4 shows scatter plots of the initial dataset D?

train
(blue points) and the final acquired dataset DY ; (orange
points). In the graph, the data collected are hemispherically
distributed. Although the initial data points are concentrated
at the center, the final acquired data points are distributed
widely near the periphery. This result indicates that the
proposed active learning framework can preferentially collect
postures with large bending, which is difficult to obtain with
the initial random sampling.
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The result of feedforward end position control based on the initial and final models. Decoder subnetworks of the two models, which receive the

desired end position y* with a designated null space vector z* and output the corresponding target pressure w, are used to generate control input vectors

fed to the manipulator.

B. Evaluation of the Feedforward End-Position Control

Distributions of the initial and final acquisition datasets
are distinctly different. We then investigated the differences
between the two kinematic models trained on these two
datasets. Fig.5 shows the results of using the decoder part
of the model, an inverse kinematics model that receives
the desired end position y* with a designated null space
vector z* and outputs the corresponding target pressure u.
The actual end position y is measured by feeding it to the
tensegrity manipulator. The null space vector z* was sampled
from a multivariate normal distribution with a mean and a
variance calculated by the encoder part and the datasets.
The mean end position is calculated based on 100 results
recorded by feeding 100 z* samples. The top left of Fig.5
represents the 16 desired end positions to be evaluated. The
initial dataset DY . has fewer data at the periphery than
the final acquisition dataset DtTrain, suggesting that the initial
model is less accurate at the periphery than the final model.
The top right of Fig.5 shows the postures obtained by the
initial and final models when reaching the two desired end
positions around the periphery as targets. They show that
the initial model could not perform deep bending while the
final model could and achieved better accuracy. The bottom
of Fig.5 shows the average end position at all 16 points.
As initially expected, there is no significant difference in
the positional accuracy in the center region in both the
initial and final models. However, around the periphery of
the target No.9-16 points , especially in the z direction, the

Fig. 6. Variation of postures obtained by changing z13 from -3.0 to 3.0.
The posture is changed in response to changes in z13 while the end position
is maintained.

positional accuracy of the initial model got worse, whereas
the final model showed good positional accuracy. Note that
the average errors around the periphery in the z direction
based on the initial/final model were 295 and 41 [mm)],
respectively. This shows that the proposed active learning
framework can update the data points appropriately to collect
the necessary information for modeling the kinematics.

C. Evaluation of Null Space Effects on Postures

In the [11], we evaluated a model corresponding to the
initial model and reported that a change in the null space
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vector can generate control space vectors that result in
different stiffness with the same end position. However,
control space vectors resulting in different postures with the
same end position could not be generated. Therefore, we
confirm whether the proposed active learning framework can
exhibit redundant postures.

Fig.6 shows the postures produced by the final model with
different null space vectors z. The elements in the null space
vector have to have a larger Kullback-Leibler divergence
with N(0,1), the second term of Eq.7, to contribute to the
mapping. This means that the element that will produce the
significant change in the control space vector can be selected
in advance. In particular, we chose 213 and varied it in [-
3.0, 3.0] continuously while the other elements were fixed
at 0. As shown in Fig.6, various bending postures were
realized to achieve the same end position. This confirms
that the proposed active learning framework can collect data
points for diverse solutions in inverse kinematics and that the
proposed stochastic forward/inverse kinematics model can
obtain a better representation of control space, task space,
and null space.

VI. DISCUSSION

Since the null space has at most 37 dimensions, 37
units were prepared without dimensionality reduction. As
mentioned above, it can be determined which of these units
has a useful representation by the amount of the second
term in the Eq.7: |Dxr(ge(2|u*)||p(2))|. Fig.7 shows the
change in the |Dky(gs(2z|u*)||p(z))| when our network is
trained from the beginning using the initial dataset DY,
and final dataset DL ; . From this figure, it can be seen
that as learning progresses, as one unit of z begins to
have a larger value of |Dkr(gs(z|u*)||p(2))| than the
other, the difference increases and becomes fixed. Increasing
the |Dxr(qe(z|u*)||p(2))| is inherently a burden in Eq.5
because it decreases Eq.6. Therefore, this change is unac-
ceptable without an increase in the first term of Eq.7 or an
increase in Eq.8. In Fig.7, seven units in the initial model
and eight units in the final acquired model showed such
a change in the |Dkry(gs(z|u*)||p(z))|. This means that
the final acquired model could find a higher dimensional
null space vector to model the kinematics accurately. In the

future, we aim to actively acquire a null space representation
that can easily generate posture and stiffness changes by
adjusting the balance of |Dkr,(gs(z|u*)||p(z))| carried by
each unit in z.

VII. CONCLUSION

This paper proposed an active learning framework for
forward and inverse modeling of complex kinematics that
maximizes the information gain in control, task, and null
spaces. It consists of two key components: 1) a VAE-type
network that internally holds expressions of control space,
task space, and null space, and 2) an algorithm for selecting
new data using the cross-entropy method. The validity of the
proposed system was verified using the tensegrity manipu-
lator driven by 40 pneumatic cylinders. As a result, it was
confirmed that active learning contributed to achieving the
covered range of motion and a well-organized representation
of the null space.
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