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Abstract— Learning manipulation from demonstration is a
key way for humans to teach complex tasks. However, this
domain mainly focuses on kinetic teaching, and does not
consider imitation of interaction forces which is essential for
more contact rich tasks. We propose a framework that enables
robotic imitation of contact from human demonstration using
a wearable finger-tip sensor. By developing a multi-modal
sensor (providing both force and contact location) and robotic
collection of simple training data of different motion primitives
(tapping, rotation and translation), an LSTM-based model can
be used to replicate motion from tactile demonstration only.
To evaluate this approach, we explore the performance on
increasingly complex testing data generated by a robot, and
also demonstrate the full pipeline from human demonstration
via the sensor used as a wearable device. This approach of
using tactile sensing as a means of inferring the required robot
motion paves the way for imitation of more contact-rich tasks,
and enables imitation of tasks where the demonstration and
imitation is performed with different body-schema.

I. INTRODUCTION

Learning from demonstration and imitation learning has
been highly effective for advancing robotic manipulation ca-
pabilities, providing impressive task performance [1]. These
approaches often rely on kinesthetic teaching, teleoperation
or visual information [2], [3], utilising kinematic data from
expert demonstration to learn skills rapidly [4]. However,
for many tasks which are contact rich and leverage envi-
ronmental interaction, it is important to imitate the contact
and the physical interaction with the environment, opposed
to simply the kinematics [1]. Kinesthetic teaching and tele-
operation approaches often limit the expert demonstrators
ability to teach the desired forces [5], and approaches that
purely rely on visual information cannot guide force sensitive
interactions [6]. To move towards teaching more adaptive and
robust manipulation [7], [8], [9], we must consider how to
capture and imitate contact from a human demonstrator.

Gaining and exploiting tactile information is hindered by
limitations of existing sensor technologies and our limited
understanding of how humans process tactile information for
manipulation [10]. Soft sensors have proven to be essential
for capturing environmental contact [10], [11], and typically
measure mechanical deformation of a soft surface [12].
Sensing technologies include stretchable piezoresistive sen-
sors [13], soft barometric sensors [14], acoustic sensing of
body deformation [15] and more [16]. For imitation from
human demonstration, we require a wearable system which
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Fig. 1: Tactile-based motion replication is trained to generate robot
motions from tactile information, enabling generation of open-loop
trajectories without the need for kinesthetic teaching.

can also be deployed on a robot. Although the development
of soft sensors is broad, many lack this versatility [17].
A second challenge is that tactile information is sparse
(spatially and temporally) meaning that accurately represent-
ing or reconstructing tactile responses during manipulation
is challenging, and most often requires a data-driven ap-
proach [2], [18], [19]. For soft and compliant robots and
sensors, this problem is even more apparent [13]. In addition
to this challenge, when learning from indirect information,
such as tactile data, we introduce an extra translation step
when compared to learning purely from kinesthetic data
[20], [21], [22]. Before we can apply knowledge from
expert demonstrations, the robot must be able to accurately
reconstruct motions and interactions given demonstration of
sensor data [18], [21].

We hypothesise that a purely tactile-based motion replica-
tion framework can accurately reconstruct robot motions to
generate the same tactile (time-sequential) trajectories as a
human demonstrator. By developing a multi-axis, soft, force
sensing array that can be worn by both human demonstrators
and the robot reconstructor, we can capture and compare
contact generated from human and robot actions. Secondly,
we propose that by utilising only primitive motions to
generate training data, and learning the relationship between
sensor and robot motion, we can avoid the expensive step
of directly learning replication of the tactile response. This
approach has the potential to generalize across different
task-environments by learning primitive interactions. These
primitives can then be integrated together for more complex
motions in downstream imitation learning tasks.

Our approach of reconstructing motion from contact is
shown in Fig. 1. We have developed a soft sensor formed
from an array of barometric pressure receptors and a 3-axis
soft magnetic sensor. A long short-term memory (LSTM)
network is trained on tactile data from primitive motions such
as tapping, rotating or translating along a surface. This learnt
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network can be used to generate more complex motions,
for example: different combinations and frequencies of tap-
ping, rotations in multiple axes simultaneously, and motions
from human demonstrations. The framework is tested with
different data modalities and across different environments.
We see the barometric sensing array provides more useful
information overall, but the additional shear sensitive modal-
ity of the magnetic sensor improves performance in sliding
motions. During experiments, the robot is able to reproduce
combinations of primitive motions and, despite errors, is able
to reproduce tasks such as key presses in an environment
unseen in the training data.

The results demonstrate that the robot successfully imitates
the tactile response, hence interactions, from a range of
human demonstrations with an average error of 9.8%. There-
fore, we can rapidly and accurately imitate contact, regard-
less of the body schema of the demonstrator or robot within a
controlled environment. To extend the generalizability, both
to general motions and to different environments, further
work is required to explore a wider set of training motion
primitives, different modalities of sensors and integration
with kinematic data.

In the remainder of this paper we first introduce the
Methods and Materials including the sensor design and
LSTM training methods. The Experimental Setup and Re-
sults following this before Section V presents the Discussions
and Conclusions.

II. METHODS & MATERIALS

A. Sensor Design & Characterization

Inspired by the different receptors present in human skin
and the requirement to capture force and spatial information,
we have designed a multi-modal soft sensor. Our sensor
consists of an array of barometric pressure sensors and a
soft, magnetic field effect sensor (Fig. 2). It is constructed
from a 3D printed base with an embedded hall effect sensor
and a soft silicone layer cast from Ecoflex 00-20 which has a
permanent magnet and eight air chambers embedded. Each of
the air chambers (Fig. 2c) are connected via pneumatic tubes
to barometric sensors (MPXH6115AC6U)(Fig. 2b) which
report the pressure change from chamber deformation. The
distribution of the eight sensors enables localization of con-
tact forces. Additionally, when the soft skin is deformed, the
embedded permanent magnet moves and the corresponding
change in magnetic field is captured by the 3-axis hall effect
sensor (TMAG5273) (Fig. 2a). This is especially valuable
for measuring shear forces. Similar to human tactile sensors,
our sensor has redundancy between the two modalities.

Fig. 3a shows typical sensor outputs for the soft magnetic
sensor under normal and shear force. These experiments were
performed by cyclically applying normal or shear forces via
a robot arm equipped with a load cell and measuring the
sensor readout. Due to the geometry of the silicone layer,
the magnetic sensor is five times more sensitive to shear
force than normal force. Significant hysteresis is seen in
the measured field strength, necessitating time dependent
networks such as LSTMs for data analysis.

Fig. 2: Sensor design. (a) Exploded view. (b) Constructed sensor
with pneumatic tubes connecting air chambers to pressure gauges.
(c) Sensor schematic: the magnet can shift and rotate relative to
the hall sensor in x, y and z; each air chamber connects to an
independent pressure gauge.

Fig. 3: Sensor characteristics. (a) hall effect sensor dominant axis
signals under normal (z) and shear forces (x). (b) pressure sensor
tactile maps under 650 g force in eight locations centered over each
air chamber.

To show the localization capabilities of the pressure sensor
array, the normalized pressure readings are shown when
probed at the eight different sensor location with a fixed
load (650 g) using a small indenter mounted on a robot arm
(Fig. 3b). The characterization results show that the measured
pressure can localize contact with high selectivity.

B. LSTM-based Trajectory Learning

The learning task of the network is to build the mapping
between input tactile sensor signals xt and motion trajectories
yt . The network for motion replication consists of one LSTM
network and two fully connected layers, all hidden layers
have 10 hidden nodes. The LSTM is trained on data collected
by the robot where the robot motion is selected and the
sensor readout is recorded.

Due to the robot’s internal controller, the sensor signal
xt is actually triggered by motion yt−td . As such, a typical
LSTM network could only learn the mapping between xt
and yt−td instead of desired xt and target motion yt . To
address this issue, we concatenate the current sensor signal
xt with future information, three time steps ahead, i.e.,
{xt ,xt+ta ,xt+2ta ,xt+3ta}, where ta controls the step length
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Fig. 4: Parameterised motion primitives. Tapping in the z direction
(a) and translation in the x direction (c) both have 6 parameters,
rotation in the roll (ry) and pitch (rx) axes (b) has 4 parameters.

ahead, and t is the current time for the sampled future
information.

Due to the softness of the sensor, when undergoing a
sliding motion, the physical interpretation (displacements)
can be considered as an integration of the sensor readings
over time. The hidden states of LSTM store past sensor
information, providing similar information to integration
of the sensor signals. However, to enhance the learning
performance, we also provide the integrated tactile signals as
an input to the network. As the LSTM lacks any differential
information, differential signals have also been introduced as
an input to the network for comparison purposes.

C. Training & Testing Data

Three different sets of training data are used, generated
from different primitive robot motions as parameterised in
Fig. 4. Tapping and translation trajectories (Fig. 4a, c) are
identical, except for magnitudes and motion axes, and are
parameterized by smoothed trapezoidal waves with con-
trolled delays, rise times and amplitudes. Rotation trajecto-
ries (Fig. 4b) are generated by parametric sine waves in the
rx or ry axes of the end-effector of the robot (Fig. 2c).

The training data for tapping and translation (one degree of
freedom primitives) consists only of trajectories with a single
peak, while the testing trajectories can have multiple peaks.
For rotation (two degree of freedom), the training trajectories
are given in only a single axis at a time — roll or pitch —
whereas testing data can be in both axes simultaneously with
higher frequencies.

For each form of motion primitive, we collect 100 tra-
jectories as training data and 20 trajectories for validation

TABLE I: Range of amplitudes (relative to a fixed starting point
a surface) of the different datasets (training and robot test) for the
different motion primitives in Fig. 4.

Train Test (low) Test (med) Test (high)
Tapping [mm] [2.2, 3.0] [2.0, 2.4] [2.4, 2.6] [2.8, 3.2]
Rotation [rad] [0.05, 0.09] [0.04, 0.06] [0.06, 0.08] [0.08, 0.10]
Translation [mm] [10, 26] [6,14] [14, 22] [22, 30]

data. The amplitude of the motion primitives are selected
randomly within the bounds shown in Table I. In addition
to the training data, we capture robot generated testing
data, where the robot is used to collect sensor data for a
given motion. This test data includes motion trajectories with
variable amplitudes to reflect varying force application (low,
medium and high amplitudes relative to the training data) and
also variable frequencies or number of peaks (one, two or
three peaks). 25 trajectories are generated for each category
and their full description is given in Table I. The duration of
all the tapping and rotation trajectories is 5 seconds, whilst
for the translation they are 10 seconds. All training and
testing data is collected from motions on a flat and solid
surface. The robot finger always starts a fixed distance from
the surface.

D. Error Metrics

To measure the performance of the reconstructed contact
and motion we use various error metrics. The error metric
for contact is the normalized sum of error between the
demonstrated (x) and reconstructed sensor signals (x̂) across
all sensors (pressure sensor: xpi

t , hall sensor x
h j
t ), i.e.:

ep
s =

1
T

T−1

∑
t=0

(
1
8

7

∑
i=0

∣∣xpi
t − x̂t

pi
∣∣) (1)

eh
s =

1
T

T−1

∑
t=0

(
1
3

2

∑
j=0

∣∣∣xh j
t − x̂t

h j
∣∣∣) (2)

enorm
s =

1
2
(ep,norm

s + eh,norm
s ) (3)

This error metric is valid when using either robot gen-
erated or human generated sensor demonstrations. When
training data is generated via the robot arm, we also have
access to the ground-truth motion y, thus we can also
calculate an error metric in the motion space:

em =
1
T

T−1

∑
t=0

(yt − ŷt) (4)

For both metrics, the error is normalized based upon the
maximum and minimum value of all sensor signals or motion
trajectories in the training dataset to enable meaningful
comparison. The normalization of the error of pressure and
hall sensors is performed separately based on their respective
maximum and minimum values.

III. EXPERIMENTAL SETUP

The experimental setup in Fig. 5 was developed to collect
the training and test data, and also for performing the
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Fig. 5: Experimental setup. The tactile sensor can be driven to
interact with the environment by a robot arm. The environment can
be changed depending on the task.

reconstructed motions. The sensor is placed on a UR5 robot
arm and gathers training data by probing the environment
with the desired motion. A PC is used to simultaneously
control the robot arm and read the sensor values from a
microcontroller via serial communication. The hall-effect
sensor data is obtained over I2C, and the eight pressure
sensors are read via analog inputs on the 10-bit Arduino
ADC. The sensors are sampled at 31.5 Hz.

To first validate the pipeline, robot testing data was col-
lected from motions performed on a flat wooden surface.
The trained LSTM is then used to reconstruct the motion
when provided with the sensor data collected by the robot.
Following this, experiments are performed where we recon-
struct motion directly from human demonstrations, where
the sensor is used in its wearable format on the finger of the
expert.

IV. EXPERIMENTAL RESULTS

A. Motion Reconstruction

1) Tapping: Fig. 6a shows the reconstruction error for
tapping. The relationship between motion error and sensor
error has a linear and strongly correlated relationship. This
suggests that minimizing the motion error also minimizes
the error in the sensor space. Therefore, we can use error
in motion error as a meaningful estimation of the sensor
error. Examples of testing motion (Fig. 6ai) show that the
reconstruction can generalize the single-peak training motion
to more complex motions with variable amplitudes and
multiple-peak motions. For different categories of testing
motion with variable amplitudes and frequencies, we see
that the largest error is always with higher amplitude motion
and hence higher force contact. Although the error is similar
across different number of peaks, it is highest for 3 peaks,
which is most dissimilar to the training data, and where the
sensor signal shows the greatest complexity.

2) Rotation: Similar analysis is given for rotation mo-
tions in Fig. 6b. For rotational movements, the relationship
between sensor error and motion shows that although the
motion error can be high, the sensor error can be low.
However, the motion error remains a good indicator of
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Fig. 6: Motion reconstruction results for tapping (a), rotation (b)
and translation (c). Example testing motions, in (i), constructed
from motion primitives (Fig. 4. Sensor error vs. motion error of
reconstructed motions, in (ii), we expect sensor error to increase
with motion error. Average sensor error of reconstructed motions
using different testing sets, in (iii). Testing sets categorised by
motion amplitude (definition see Table I) and number of primitives
they consist of (peaks).
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TABLE II: Motion error (mean over time and 10 trials) using dif-
ferent input information, the range of motion is tapping: [0,3] mm,
rotation: [−5.16,5.16] deg, translation: [−25,25] mm

Motion Standard Diff. Int. Future Future+diff. Future+int.
Tapping [mm] 0.14 0.06 0.14 0.05 0.05 0.06
Rotation [deg] 0.57 0.34 0.52 0.37 0.43 0.36
Translation [mm] 5.60 4.38 4.01 4.05 3.86 3.68

sensor error in most cases. The example reconstructed testing
motions show that the phase and temporal variation is well
captured. The greatest error is seen reaching high amplitude
peaks. This is similar to tapping, with increasing error at
higher amplitudes and the number of peaks.

3) Translation: For translation motions (Fig. 6c) there
is the weakest correlation between sensor error and motion
error. The example trajectories show that the error increases
towards the end of the trajectory. Additionally, while changes
in direction are identified, the magnitude is not always
well reconstructed. Unlike the other two motions, the error
increases significantly for testing motions with more peaks,
though the error has less of a dependency on motion ampli-
tude. This could also reflect the physical interactions between
the sensor and the environment. The readings of the pressure
and hall sensors rely on the deformation of the silicone
skin. This deformation remains after the sliding motion has
finished and only disappears when the direction is reversed.
Therefore, detection of the stop point relies on observing the
change from kinetic to static friction. This can be challenging
when only using tactile signals, and translation with multiple
direction changes can cause larger error.

Overall, we see a mean sensor error across all categories as
2.3% for tapping, 3.4% for rotation and 8.1% for translation.
This high accuracy suggests the trained networks generalize
well to arbitrary combinations of primitive motions within
the training environment.

B. Dependency on Future, Differential, and Integral Signal

Table II reports the reconstruction error in motion using
different input-modes to the LSTM, i.e., with or without
additional future, differential, or integral information (as
described in Section II-B). In general, future information en-
hances the motion reconstruction performance in all motion
primitives, as it can mitigate the time lag issue in training
dataset. Without future information, differential information
is also helpful. Additional integral information is especially
important for motion reconstruction of translation.

1) Future information: When the future information is
not included, the reconstructed motion in Fig. 7 (Standard)
shows a time lag, leading to a higher reconstruction error
(see Table II). In contrast, the time delay issue is mitigated
when training with future information, which improves the
learning performance for all motions when compared to the
standard training inputs.

2) Differential information: Table II shows that with
additional differential inputs, the reconstruction error can
also be reduced and is comparable to that with future infor-
mation. The differential information can reveal the changing
trends in the sensor data, thereby facilitating faster response

Fig. 7: Example reconstructed tapping motions with different input
information.

in the motion reconstruction. This indicates that for some
prediction tasks where future information is not available,
using the differential of the input sensor signal can also help
to mitigate the time lag problems.

3) Integral information: Incorporating integral informa-
tion as an input to the LSTM does not significantly contribute
to the accuracy of the reconstructed tapping and rotation
motions. As the LSTM stores integral information in the
hidden states, it already has information which is analogous
to signal integration. However, for the translation motion,
incorporating integration information is advantageous. This
can be explained by the design of the task. For translation, the
target trajectories is displacement in the x-axis, which can be
regarded as the integration of the extent of deformation over
time. Hence, the output motion has a strong correlation to
the integral of the sensor data. Therefore, additional integral
information enhances the learning performance.

4) Combination: The combination of future information
with differential or integral information further reduces the
reconstruction errors for translation motions, as the relation-
ship between displacement in x-axis and sensor readings is
more complex than for tapping and rotation.

Overall, future information without differential or integral
information performs well across all motions and thus re-
maining experiments use this type of data input.

C. Sensor Dependency

To explore the contributions of the different sensor modal-
ities to the motion reconstruction, the LSTM was trained
using different combinations of sensor data: pressure sensor
only, hall effect only, and both sensors. For the tapping
tasks, the motion reconstruction error was similar for all
sensor combinations, with pressure only showing a slight
advantage (Fig. 8). For rotation tasks, the combined pressure
and hall effect sensor data performed best. However, the hall
effect only sensor data had significantly worse performance
(almost 5 times the error). This indicates that spatial infor-
mation (provided by the pressure sensors) is beneficial for
reconstruction of rotation motions. For the translation, where
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Fig. 8: Motion error when using different sensor type combinations
for each motion type.

normal and shear forces are applied, the lowest error is also
achieved with a combination of pressure and hall effect.
These results demonstrate that multi-modality in sensing
can be beneficial even when there is some redundancy in
information between the modalities.

D. Human Demonstrations

To demonstrate the full pipeline (Fig. 1) of motion recon-
struction from human demonstrations, we test the tapping,
rotation, and translation motion separately using the wearable
tactile sensor on the flat surface. Table III shows the sensor
error for the first imitation tasks across 10 examples per
each motion type. Compared to the results using the testing
dataset, where the motion is executed by robot arm, the
overall mean error increases from 4.6% to 9.8%. This is
likely caused by the presence of small, high frequency vibra-
tions in human motions. Despite the significant increase, the
reconstructed motion retains sufficient accuracy to complete
many manipulation tasks [2], [23].

We also consider a demonstration ‘task’ which combines
different motions including tapping and sliding the demon-
strator’s fingertip over a keyboard. Fig. 9 shows images of the
demonstrated manipulation task which includes two taps on
one key, translation to another key and three taps afterwards.
We first split the tactile signal for different neural networks
to generate corresponding motions. The reconstructed move-
ment of robot arm shows similarity to the human motion,
which is demonstrated through successful key presses that
match the humans. The error in sensor signal varies over time
and the highest amplitude error appears during the tapping
motion. The high error value occurs when the key is moving
and traveling into the keyboard. When the tapping motion is
executed, the key does not provide the same force feedback
as in training, when a solid surface was used. The keyboard
environment is more complex and dynamic than that used for
training, and has different surface properties. Despite this
the LSTM trained on a flat surface provides the ability to
replicate motion and trigger key presses.

V. DISCUSSION & CONCLUSION

In this paper, we present a framework for reconstruc-
tion of complex motions via human demonstration using a

TABLE III: Sensor error from trajectories reconstructed from
human demos with the wearable fingertip (mean from 10 demon-
strations and reconstructions).

Pressure [%] Hall [%] Mean [%]
Tapping 6.07 8.64 7.36
Rotation 6.78 10.01 8.40
Translation 14.15 13.33 13.74

Fig. 9: Imitation learning pipeline example. Mean sensor error
from the reconstruction of a tapping-translation-tapping motion on
a keyboard. Significant errors are seen when the environment is
able to deform under applied force.

wearable multi-modality sensorised finger tip. The recon-
struction leverages a trained LSTM which utilised robot
gathered training data on primitive motion strategies. We
demonstrate the ability to generalize and reconstruct more
complex motions (e.g. motions described by combinations
of primitives and noisy human demonstrations) from simple
motions (e.g. trapezoids and sinusoids). The contributions of
the multi-modality sensor are shown, with the combination
of two sensors offering the best training reconstruction over
the three different motion primitives explored.

Our tactile-based motion reconstruction approach utilizes
sensing data as a means of grounding human and robot
action, enabling imitation of a motion from demonstration of
contact. This approach is particularly useful for interactions
which are contact rich and also where the body schema
between the demonstrator and replicator are different. Further
work is required to move towards reconstruction of more
generalized motions. Secondly, the current method only
enables generation of open-loop trajectories which cannot ac-
curately reconstruct interactions on dynamic surfaces without
prior information about the surface. Augmenting this method
with other information, e.g. visual or kinematic, or as part
of a feedback controller could enable generalization in more
varied environments.
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