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Abstract— There is a high cost in the deployment of complex
robotic applications in industry that is tightly related to the
dedicated time and expertise required for the task programming
phase. This complexity is typically associated with high vari-
ability in the robot task. This is one of the main barriers that
inhibit the entry of robotic automation in Small and medium-
sized enterprises (SMEs).

To tackle this issue, we propose a dual-layer framework
to allow users to specify in a natural and intuitive way
robotic tasks in industrial applications. In this part 1, we
discuss how to specify individual actions of a robotic task by
generating Reactive Approach Motions (RAMo). These motions
are generalized from demonstrations of allowable trajectories
and will adapt on-line to changes in the environment. In part 2,
we discuss a task level programming interface for programming
by giving advice in natural language. Interpreting the sentences
is done using a Fluid Construction Grammar (FCG) that extracts
meaning, which is visualized to the user in an assembly graph.

I. INTRODUCTION

One of the main challenges for emerging robots in industry
4.0 is the capability of handling tasks that contain high vari-
ability in non-structured and unpredictable environments [1].
This high level of uncertainty demands new methodologies
that can adapt robotic tasks to changing situations.

However, most of the robotic applications in the industry
nowadays are based in the robotic paradigm sense-plan-
act, which lacks the reactiveness necessary to deal with the
changing conditions in the environment. One of the best
examples in robotic industrial applications is the case of bin-
picking, in which there is a high variability associated with
the changing conditions of the clutter inside the bin (see
Fig 1). In this kind of applications the typical steps executed
to perform a picking operation correspond to 1) first sense
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Fig. 1. Reactive approach motions for cluttered bin-picking applications.
A trajectory to enter inside a red bin is generalized from demonstrations.
This trajectory moves not only to a single end-point position but towards an
alignment surface above the object (opaque green area). Collisions between
virtual tools along this trajectory and the environment are continuously
checked to reactively adapt the trajectory.

the current state of the cluttered environment and construct
an environment model; 2) then plan a trajectory and optimize
it to command the robot to move from an initial pose towards
a unique grasping pose, this trajectory must avoid collisions
using the environment model; and 3) in the final step the
system acts, commanding the robot end effector to move
along the planned trajectory while expecting that the initial
state of the clutter remains unchanged during the whole
robot motion. This approach limits the robotic application
in the following two aspects: 1) the planning procedure only
relies on the interpretation of the sensed data at the start of
the motion (e.g, information on obstacles may be missing
due to visibility or other sensor issues, leading to potential
collisions); and 2) the system may not be able to react
quickly enough to changing conditions of the environment
after the robot has started to execute the plan.

Learning from Demonstration (LfD) can solve the above-
mentioned issues by encoding, from a set of demonstrations,
the trajectories, and their allowable variability to reach
poses inside the bin. However, the high variability in the
objects to grasp as well as in their poses require a large
number of demonstrations to generalize all possible motions.
Additionally, a method is required to reactively adapt the
trajectory to changes in the environment that occur during
the robot motion. To this end, as the main contribution of
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this work, we extend the proposed framework in [2]1 by us-
ing generalized trajectories from demonstrations to generate
reactive approach motions (RAMo) that consider changing
conditions in the environment. This behavior is achieved by
leveraging the synergy between LfD and constraint-based
task specification and control, which enable the system to
interact with different sensors. Demonstrations of position
trajectories entering the empty bin with a suction tool are
used to construct a generalized model of the allowable
motions. Later, during the execution of the robot motion,
this model is used to reactively adapt both the trajectory and
the grasping point to avoid collisions with the environment.

The grasping point and orientation are not fixed before-
hand but only constrained to be aligned with a virtual surface
parallel to the surface of the target object. For each type of
object, the allowable approach and grasp are specified using
constraints on the end-point of the approach trajectories.

We evaluate this in a bin-picking use case inspired on
the Amazon Picking Challenge 2016 [3], which involves
different types of objects (see Fig 1).

II. LEARNING FROM DEMONSTRATION ALGORITHM

The learning framework described in [2] generalizes tra-
jectories towards new targets while preserving a desired
shape learned from demonstrations. Using Probabilistic
Principle Component Analysis (PPCA) [4], this method
results in the following probabilistic latent variable model
for trajectories f(s,χflv

) and their variability:

f(s,χflv
) =W (s)χflv

+ b(s), (1)

where s corresponds to a normalized path variable along
the trajectory (from zero at the beginning to one at the end
of the trajectory), W (s) the basis functions extracted from
the variation of the demonstrations, χflv

the model latent
variables, and b(s) the mean trajectory of the demonstrations.

For instance, Fig 2 shows a graphical representation of
the probability distribution of a learned motion model. The
mean trajectory and the trajectories corresponding to the 0.5
and 1 σ2 limits for each of the latent variables in χflv

are
indicated. Reactive behavior is realized by specifying the
latent variables χflv

in (1) as controlled variables in the
reactive control framework described in Sec. III.

III. REACTIVE CONTROLLER

To specify the control strategy this work leverages the
capabilities offered by the expression-based graph based task
specification language (eTaSL) [5]. This framework enables
a high level of composability of different robotic behaviors,
while at the same time it allows interaction with sensor inputs
such as information coming from a 3D vision system.

A robotic task is specified as an optimization prob-
lem subject to equality and/or inequality constraints. These
constraints can be specified not only in function of joint
variables q, but also explicitly in function of the time
variable t and of feature variables χf , which allow the

1Video available in: https://www.youtube.com/watch?v=
ePtWkwulmBY&t=

Fig. 2. Motion model learned from demonstrations to move objects from
a red bin towards a cardboard box. The variability of the model is encoded
in the following set of components: i) the first component encodes mainly
trajectory variability along the x-axis, ii) the second component encodes
mainly trajectory variability along the y-axis, and iii) the third component
encodes mainly trajectory variability along the z-axis.

Fig. 3. Graphical representation of the approach specification to pick
cylinder-shaped objects with a suction cup. The dimensions of the cylinder
are defined by the radius R and height H. Cylindrical coordinates ~h and θ
define the allowable surface to grasp around the cylinder axis. Grasping
limits are specified considering also the geometry of the suction cup
(diameter D).

specification of auxiliary controlled variables that simplify
the task formulation. In other words, this type of variables
allows the specification of desired controlled degrees of
freedom (dof) in the task.

Conflicting constraints can be formulated by the specifica-
tion of weighted soft constraints. The relationship between
these weights determines the behavior of the robot.

IV. SPECIFICATION OF REACTIVE APPROACH MOTIONS

The specification of approach motions depends on the type
of tool used and the task itself. In this work, a suction tool
picks objects from a cluttered bin. The approach motions
are specified based on the geometry of the objects, typically
associating shape primitives such as cylinders, spheres, and
tetrahedrons to them. The volume of these shape primitives
is augmented in such a way that the resulted margin allows
the suction cup to align first with the normal of the surface,
and then perform a last motion along this normal to suck
the object (see Fig. 1). During the approach motions, the
definition of the shape primitives allows the system to
constrain the end of a generated trajectory f(s,χflv

)|s=1 to
lie on an allowable surface.

For instance, in Fig 3 the allowable approach motion to
grasp a cylinder with radius R and height H from its side
surface is defined by specifying a point P on this surface

https://www.youtube.com/watch?v=ePtWkwulmBY&t=
https://www.youtube.com/watch?v=ePtWkwulmBY&t=


in function of the cylindrical coordinates θ and h. These
coordinates are included in the task specification by defining
them as feature variables χfsurf

in eTaSL. To have an effective
grasp with a suction cup, upper and lower limits are specified
as inequality constraints in function of the cylinder height H
and the suction cup diameter D. An additional soft constraint
is added to define a preferable grasping point P to lie in the
middle of the cylinder height H . This constraint is specified
with a low weight to allow deviation in case collisions are
detected.

During the approach phase, the orientation of the tool is
calculated by linear interpolation in the axis-angle represen-
tation in function of s. This interpolation is done between a
known initial orientation (s = 0) and a desired orientation
(s = 1) which is determined by the normal direction of the
picking surface. The symmetry of the suction cup is exploited
by defining the angle around the axis of the suction cup (α
in Fig. 3) as an additional feature variable χftool

. As a result,
this degree of freedom gives extra flexibility to generate a
trajectory that reacts to changing conditions.

Virtual models of the tool are attached to poses along
the evolving trajectory in such a way that distances with
the environment can be computed before the end effector
arrives at the corresponding pose. As a result, trajectories that
preserve shape from demonstrations are adapted to assure a
collision-free motion of the end effector.

V. VALIDATION USE CASE

The developed framework was tested in a use-case inspired
by the Amazon Picking Challenge 2016 [3]. A generalized
robot application was defined with: 1) a predefined set of
items, together with their associated shape primitives (and
approach constraints); 2) a vision system that estimates the
pose of the items [3] along with the point cloud of the en-
vironment (see Fig. 6); 3) the predefined overall application
sequencing; and 4) the reactive behavior described above.

This generalized robot application was then deployed for
the set-up in Fig.1 (for a specific robot, workspace and
location, and shape of the box and bin) using LfD.

A. Learning the approach and the depart motions

In this work, we generalize two separate motion models:
one to approach and one to depart from a bin. In both
cases, the demonstrations were done using an empty bin (see
Fig. 4).

The approach motion model was learned from demonstra-
tions that have a vertical approach towards positions close
to each of the 8 corners of the red bin (see Fig. 4 left).
These vertical approaches were performed in a similar way
as in [2]. These demonstrations were performed to specify
allowable position trajectories that enter in the bin while
avoiding collisions with the bin walls. In this way, LfD
was able to mitigate sensor limitations that caused limited
visibility of the bin (see Fig.6).

The depart motion model was learned from demonstrations
that started at each corner of the bin and ended in a common
position in the middle of the upper plane of the cardboard

Fig. 4. Demonstrations performed by an user, using kinesthetic teaching
(the robot follows human motions). In the left the user demonstrates position
trajectories from an initial position towards a position close to each corner
of the red bin. In the right the user demonstrates position trajectories starting
at a position close to each corner of the red bin and ending in a common
position over the cardboard box.

Fig. 5. Simulation of a robot moving along a generated trajectory to pick a
cylindrical object partially hidden under a cluttered environment. The yellow
shapes represent tool poses along the evolving trajectory to continuously
check collisions with the environment.

box (see Fig. 4 right). These depart demonstrations were
shown in such a way that during the starting section of
the depart motion, the robot moves away from a close wall
towards the center of the red bin to avoid dragging or
crashing the picked object with this wall. This behavior is
evident in the graphical representation of the basis functions
of the learned motion model shown in Fig. 2.

B. Simulation

The proposed framework was validated first in a simu-
lation environment. The robot was commanded to pick a
cylindrical object partially hidden below a cluttered envi-
ronment. The exact pose and geometric properties of the
object were known. The bin and the cluttered environment
are represented by a point cloud generated from a CAD
model. The frequency of the system was set to 100 Hz.

The snapshots depicted in Fig. 5 shows how the proposed
framework is able to generate a reactive trajectory that
approaches and picks an object partially hidden under clutter.
It can be seen that the end effector starts its motion while
the endpoint f(s,χflv

)|s=1 is already evolving towards the
cylinder surface. This behavior decreases the time required
to pick an object. The picking pose moves away from the
middle height of the surface to avoid collisions with the
environment. The specification of the extra dof χftool

allowing
rotation around the suction cup axis allows the generated
trajectory to converge in a flexible way.

C. Experimental Results

In this experiment, the recognition and estimation of the
object pose were done using the vision system developed in
[3]. Besides the orientation and position of the centroid of
the object, this algorithm provides the corresponding target



Fig. 6. Point cloud representation of the bin-picking environment. The red
volume corresponds to the estimated pose of an envelop. It can be seen that
information of the bin walls is not sensed. This point cloud was captured
using an Ensenso 3D vision system.

Fig. 7. The the end effector is commanded to pick and pack an envelop that
is close to a wall of the red bin. In the first two snapshots the robot moves
to align the tool to pick the envelop. In the last two snapshots the robot
moves to drop the envelop while avoiding collisions with the bin walls.

object ID (to which a shape primitive is associated), and the
point cloud of the whole environment (see Fig. 6).

In this experiment, the robot was commanded to perform
two separate phases. In the first phase, the tool enters in
the bin following a trajectory generated by the learned
approach model. The generation is done by constraining the
end point of the trajectory f(s,χflv

)|s=1 to belong to the
augmented surface of the object. In the second phase, the
tool moves with the picked object following a trajectory
generated using the learned depart model. The generation of
this trajectory is done by constraining the beginning of the
trajectory f(s,χflv

)|s=0 to the initial position of the tool.
The frequency of the system in both motions was set to 100
Hz.

In Fig. 7 it can be seen that during the approach motion,
the end effector is aligned perpendicular to the surface of
the envelop to suck while avoiding collisions with the same
target object. During the depart motion the robot first moves
away from the wall following the learned depart model (see
Fig. 2), and then drops the object from the dropping position.

Motions to pick objects that were correctly estimated
with the vision system were successfully executed in each
trial. However, due to limitations in the vision system when
finding objects under too much clutter, more challenging
approach motions were not evaluated.

VI. CONCLUSIONS

Reactive approach motions were generated not only pre-
serving information from demonstrations but adapting the
generated trajectories to changes in the environment sensed
by a vision system. This framework allows the robot to start
its motion while the trajectory generalized from a set of
demonstrations is adapted to reach a surface of the target

object, while at the same time reacting to avoid collisions
with the environment.

The explicit selection of the task variables to learn and
the ones to model expedite the deployment of bin-picking
applications. This combination enables the system to tightly
integrate approach motions and grasping poses while offering
reactivity. This approach brings flexibility at the expense of
modeling the relation between both types of variables. For-
tunately, the constraint-based task specification framework
offers an intuitive way to easy specify the interaction between
the learned and the modeled variables.

Further research will focus on Human Robot Collabora-
tion (HRC). The high-bandwidth reactive behavior allows to
incorporate perception systems such as the ones described in
[6]2, in which the end effector can avoid collisions with a
human by sensing proximity using an artificial sensor skin.
More compelling behaviors for HRC can be achieved by
combining this framework with human intention estimation
algorithms similar as the one developed in [7].

This paper exploits the synergy between LfD and
constraint-based task specification. Using constraint-based
task specification we define generic robot apps that can
reactively deal with sensor-input. These generic applications
can be deployed later to specific situations using LfD.

In our view, the synergy between LfD and constraint-
based task specification takes the robotics community one
step closer to bridge the gap between research in Learning
from Demonstration and industrial applications.
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