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Abstract— Autonomous learning of robotic manipulation
tasks is a promising approach to reduce manual engineering
effort and increase flexibility in the future of industrial manu-
facturing. Although a lot of research has been done especially
robotic assembly tasks requiring contact-rich compliant interac-
tion remain a challenge for learning-based methods, since large
amounts of interaction data are required. Incorporation of prior
knowledge has long been seen as a possibility to make learning-
based approaches tractable. The question is how can we enable
process experts to encode their prior knowledge in grey-box
models so that it can be used for learning robotic manipulation
tasks? For that reason we propose a new grey-box learning
approach, “Adaptive Manipulation Primitives” (AMP), intro-
duced in this paper. AMPs combine compliant manipulation
task specifications based on Manipulation Primitives Nets with
Policy Gradient Reinforcement Learning. Our framework is
evaluated in a real-world robotic assembly task. It is shown that
learning to assemble industrial connector modules is possible
with comparatively few real-world trials.

I. INTRODUCTION

Nowadays, mainly position-controlled robots are used in
industrial manufacturing that perform repetitive tasks in a
stable environment in a fixed-programmed way [1], [2].
Assembly tasks in particular are a challenge to automate with
robotic manipulators because these tasks involve contact-
rich interaction. Position-controlled manipulators fail when
it comes to position uncertainties [1]. Manual design of con-
trollers that robustly perform such tasks is difficult because of
the complexity of accurately modeling and estimating contact
situations [2].

Classical specification based approaches rely on abstrac-
tion to manage complexity [3]–[6]. On a lower level of
abstraction Manipulation Primitives (MP) describe the basic
capabilities of the manipulator. The goal of a specific MP
is to achieve a certain translation or rotation of the target
object by applying forces and torques [7]. For compliant
interaction tasks that require hybrid force and position-
controlled movements, the Task Frame Formalism (TFF)
has been introduced by Mason [8] to specify hybrid MPs
intuitively. Bruyninckx et. al [9] and Kroeger et al. [10] have
further formalized the specification of MPs based on the TFF
and made them usable for practical implementation.

On a higher level of abstraction Manipulation Primitive
Nets (MP-Nets) [3] or Skill Primitive Nets [11] are intro-
duced that model the coordination of MPs based on state
machines to implement the manipulation behavior. However,
it is difficult to deal with position uncertainties using manual
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programming-based approaches. Hence, there is a need in
the industry to ease the automation of complex robotic
manipulation tasks that require contact-rich compliant inter-
action and adaption, e.g., to positional uncertainties. Manual
implementation of state-dependent reactive control policies
is a tedious task that usually requires a lot of fine-tuning
of control parameters. Learning of control policies with
Deep Reinforcement Learning (DRL) methods is a promising
approach and led to successes in robot control in recent years,
e.g. [2], [12], [13]. However, model-free DRL-based methods
suffer from poor sample efficiency and hence are not yet
applicable in industrial robotic settings [14]. To increase the
sample efficiency recent approaches rely on incorporation of
prior knowledge [15].

Considering manual programming-based approaches on
the one hand and learning-based approaches on the other
hand the question arises: how can we combine a partial
behavior specification based on manipulation primitive net-
works with model-free RL methods to deal with uncertainties
and reduce manual engineering and programming effort?

In this paper we present a grey-box learning approach
that combines assembly task modeling based on MP-Nets
while providing a possibility to learn control policies for
selected directions of selected adaptive Manipulation Prim-
itives. In previous work we showed the potentials to boost
RL approaches in contact-rich robotic assembly processes by
constraining the action space based on the TFF in a simulated
Peg-in-Hole environment [19]. With this contribution the
presented methodology is formally described and evalu-
ated in real-world robotic assembly process. Our approach
is termed Adaptive Manipulation Primitives (AMP). Prior
knowledge is provided in form of a strategy, modeled as
finite-state machine describing possible sequences of manip-
ulation primitives. This strategy imposes constraints on the
policies, but in addition provides the opportunity to learn
in selected situations. By constraining the set of possible
policies we aim to focus exploration on high reward regions
and in that way increase the sample efficiency. A brief
discussion on related work is presented in section II, followed
by a detailed description of our approach in section III
that is evaluated in section IV. For evaluation, AMPs are
applied in a real-world industrial connector assembly task
that requires dexterous manipulation skills. The paper ends
with a discussion of the results in section V and an outlook
and conclusion in section VI.
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II. RELATED WORK

Ongoing research is concerned with learning-based ap-
proaches to accomplish complex robotic manipulation tasks.
The goal of learning control is to derive a policy π(s) that
maps a state vector s to a control vector, such that the
desired behavior is achieved. Recent developments focus on
policy search methods that are suitable for robotics because
they scale with high dimensional state- and action-spaces in
contrast to value-based methods [15], [20], [21].

Thomas et al. [2] present a policy search approach sup-
ported by prior knowledge for robotic assembly tasks. Prop-
erties of industrial assembly processes are used to simplify
the learning problem. Usually, CAD data is available, and
the geometry of the parts is known in advance. Furthermore,
the environment is structured and well defined. On this basis,
collision-free motion plans are calculated, which are used to
compute a reward function. Their approach is based on the
Guided Policy Search (GPS) algorithm of Levine et al. [22],
which combines trajectory optimization and policy search.
Trajectory optimization is used to find guiding patterns and
avoid local optima. This approach focuses on designing
rewards for movements in free space, while our approach fo-
cuses on constraints for contact-rich manipulation. [15] Dalal
et al. [17] combined DRL with parameterized actions based
on [18]. However, modeling the contact-rich interaction that
is crucial for successful robot assembly is not covered.

As mentioned in section I in addition to learning-based
methods classical approaches focus on the specification of
robotic manipulation processes. The TFF introduced by
Mason [8] provides an intuitive way to specify hybrid
force- and position-controlled motions. Finkemeyer et al.
[3] introduced Manipulation Primitive Nets that allow for
the specification of complex manipulations tasks that require
sensor-based control based on the TFF. Butting et al. [11]
recently presented a modeling framework called Irocks to
specify manipulation tasks on different levels of abstraction
based on state machines that coordinate skills. This approach
is very similar to the MP Net approach but focuses on
usability. A taxonomy of compliant manipulation primitives
for assembly tasks is proposed by Suarèz-Riuz et al. [6].
These MPs are applied in [6] to perform a Peg-in-Hole task.

Vuong et al. [16] focus on efficient learning of robotic
assembly tasks, by learning sequences of predefined MPs.
In that way, learning takes place on the process-level and
does not cover parameters of the MPs. Recent approaches
that combine Manipulation Primitive specification based on
the TFF and RL methods are given by Padalkar et al. [23]
and Braun et al. [15]. Braun et al. [15] focus on learning
the coordination of MPs, but MPs are fixed programmed.
Padalkar et al. [23] applied to learn state-dependent control
policies for a single direction based on the TFF with only
one MP in a vegetable cutting task, but the coordination
of multiple MPs is not covered. To effectively automate
complex industrial assembly tasks that require coordination
of different MPs as well as the adaption of control policies,
we propose to combine these approaches.

Fig. 1: Illustration of the three-layered control architecture.

III. LEARNING WITH ADAPTIVE MANIPULATION
STRATEGIES

Incorporation of prior knowledge in the form of a partial
strategy requires a learning architecture that allows adapting
the strategy to maximize the task performance based on
experience. The proposed AMP framework combines MP-
Nets [3] and policy gradient RL methods. Figure 1 illus-
trates the control architecture of the system on the process-,
task- and control-level. MP-Nets model the coordination of
different MPs on the process-level. Hybrid MPs following
the TFF on the task-level. A cartesian impedance controller
runs on the reactive control-level. The main concepts of
Adaptive Manipulation Strategies are described in detail in
the following sections. MPs and MP-Nets are explained in
section III-A. Section III-B is concerned with the learning
of control policies for selected directions based on the TFF.
Section III-B deals with the underlying learning architecture.

A. Manipulation Primitives as Basic Building Blocks for
Compliant Interaction

Robotic assembly tasks can be performed by sequencing
manipulation primitives (MP), which comprise the basic
capabilities provided by the manipulator [6]. Finkemeyer et
al. [3] describe MPs as a tuple of (1) an atomic hybrid motion
HM describing a hybrid force- or position control policy for
each translational and rotational direction based on the TFF
[8] (2) a tool command τ and (3) a Stop-Condition λ [3]:

MP := {HM, τ, λ} (1)

Following the TFF approach [8] the control set-points for
each direction (three translational direction x, y, z and three
rotational Euler angles a, b, c) of the hybrid motion HM are
given with respect to a task frame TF. There are three types
of controllers: force/torque controller, position controller,
and velocity controller. Each direction is controlled by one
controller. Thereby, the type of controller can differ in all
directions. E.g. the movement along the x-axis can be force
controlled and simultaneously the movement along the z-axis
can be position controlled. Finkemeyer et al. [3] extends the
TFF by a reference frame that allows to couple the task frame
to an arbitrary frame in the work cell. For one thing, the
task frame can be attached to the end-effector. This setup
is comparable to the classical TFF approach. For another
thing, the task frame can be attached to a fixed or moving
frame in the work cell, e.g., a conveyor belt that carries work
pieces. During the robot motion, the task frame is adapted
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accordingly. How to track the task frame during execution is
defined by a tracking mode [10].

A tool command τ provides access to tool functionalities
e.g. open or close a gripper or control a drill. The tool
command, therefore, depends on the task-specific tool and its
functionalities. A Stop-Condition λ defines the termination
of an MP. It is represented by a Boolean expression that
evaluates the observed sensor values So (as well as corre-
sponding filter outputs) to True or False (2) [3]:

λ := So → {True, False} (2)

A MP runs until the associated Stop-Condition evaluates
to True. Each Stop-Condition is connected to a transition that
is triggered when the related Stop-Condition is met.

Fig. 2: Simple example of a MP-Net.

Manipulation Primitive Nets (MP-Nets) offer a higher
level of abstraction by describing complex behavior as coor-
dination of MPs modeled as a state chart (see [3]). A simple
example of an MP-Net is shown in Figure 2. Initially, MP1
is executed until λ1 or λ2 evaluates to true. Subsequently,
control is handed over to MP2 in case of λ1 or MP3 in case
of λ2, respectively. Butting et al. [11] have recently described
a model-based approach to specify MP nets (they call it Skill
Primitive Nets), which is also based on the graphical state
diagram language and follows a similar approach. For a more
detailed description of MPs and MP-Nets, we refer to [3] and
[10].

B. Adaptive Manipulation Primitives

Following the classical TFF approach, position-, velocity-
or force-control set-points are manually specified to fixed
values. This concept is extended to include learning capa-
bilities by providing the ability to adapt controller set-points
state-dependently via reinforcement learning methods. The
Reinforcement Learning framework provides a possibility
to learn from interaction with the environment. A robotic
assembly task can be formalized as a Markov Decision
Process (MDP) that is a 4-tuple, (S, A, T, R). S is a set
of states, A is a set of actions, T are transition probabilities
mapping S x A x S, and R is a reward function [24]. During
execution of an adaptive Manipulation Primitive set-points
wd for selected agent controlled directions d are sampled
from a state s dependent learned policy π(s).

wd ∼ π(s), s ∈ S (3)

Instead of a fixed set-point a continuous range is specified
which constraints the policy output. The policy that outputs
the actual state-dependent control set-point is learned as
described in the following section. Especially tasks, that

Fig. 3: Schematic of the actor-critic learning architecture
consisting of one value network and one policy network.

evolve a lot of manual fine-tuning if they are programmed
in a fixed way, like the assembly of tight-fitted parts in the
presence of uncertainties.

The key to learning is a reward signal that encodes the task
objectives. Policy search methods aim to optimize directly a
policy that maps state inputs to actions. This is achieved by
adapting the policy to maximize the sum of all rewards per
episode. We refer to a concise description of learning robotic
manipulation tasks given by [15]. In the following, a policy
gradient RL method to learn based on AMP is introduced.

Figure 3 shows the actor-critic learning architecture in-
cluding a policy network and a value network. When ex-
ecuting an adaptive MP with n agent-controlled directions,
the corresponding action space is n-dimensional. Each action
dimension An corresponds to one agent-controlled direction
d. For each adaptive MP, a differentiable representation of the
policy π(a|s, θ) in the form of an artificial neural network
is used that outputs depending on weights vector θ ∈ Rd
and the state input St, with St is the state information at
time t. To give access to history St is a concatenation of
the available sensor data So at time t and the last action
vector A(St−1, π) at time t − 1 is fed into the network. A
value network with weights vector ρ is applied to estimate the
future Return Gt (4) that is defined as the sum of discounted
future rewards Rt being in state St and following the learned
policy (5) [25]:

Gt=̇

T∑
k=t+1

γk−t−1Rk (4)

Vπ(s, ρ)=̇Eπ[Gt|St = s] (5)

Concerning AMP, the value network predicts the future
return Gt when sampling the controller set-points from the
policy. These value estimates V (St) are used to update the
policy of the adaptive MP. Updates of the value network are
performed every time an adaptive MP is executed (6) [25, p.
120]:

V (St)← V (St) + α[Rt+1 + γV (St+1)− V (St)] (6)

This collected reward and the estimated future reward
are used to adapt the policy of each adaptive MP by an
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Fig. 4: Robotic assembly of industrial connector modules.

actor-critic update following the Proximal Policy Optimiza-
tion (PPO) method [26]. PPO was selected because it has
been successfully used to learn skillful policies for robot
manipulation tasks [12]. Although PPO would allow for fully
incremental learning, optimization with mini-batches usually
reaches better performance [26]. Therefore, the policy is run
for several timesteps, collecting the estimated advantages,
and afterward, the policy is updated with mini-batches.

IV. EVALUATION

We evaluate the applicability of AMP in a real-world
industrial assembly task. First, the task is described in more
detail, followed by the formalization as MDP. Afterward,
experimental results are presented. The Han-Modular indus-
trial connectors from the manufacturer HARTING consists
of multiple modules with different mating surfaces that need
to be inserted into a frame in the production process as
depicted in Figure 4. The task is representative for a typical
assembly task in industry. This is a variation of a Peg-
in-Hole insertion task with only 0.2-0.4 mm clearance but
with different geometric shapes of the parts (see Figure 6).
Assembly of tight-fitted parts like these is a challenging
task for robotic manipulators. High precision and dexterous
manipulation skills are required for robust execution. Manual
programming of a robust insertion behavior that can cope
with uncertainties as well as different geometric shapes
would require a lot of fine-tuning and becomes very complex
[?], [27]. In practice, especially the last module is hard to
insert with manually programmed behavior because already
mounted modules must be skillfully pushed aside to create
enough space. With AMPs we are able to learn the insertion
process of different modules under positional uncertainties
with the same underlying model that is described in the
following.

A. Description of the Han-Modular Assembly

Figure 5 shows an excerpt of the Han-Modular Assembly
AMPs that model the insertion sub-process. Corresponding
control configurations of the applied Manipulation Primitives
are listed in the table below.

In the initial configuration, the end-effector is positioned
approximately above the target position with the module
already gripped. Entering the excerpt of the AMP, the robot
approaches the frame executing MP1:approach by moving
downwards with 10mm/s in z-direction, while all other
directions are position-controlled. When a contact force of

ID x y z a b c
MP1 0 mm 0 mm -10 mm/s 0 rd 0 rd 0 rd
MP2 vx(π, s) vy(π, s) 2 N 0 rd 0 rd 0 rd
MP3 0N 0N -1 mm/s 0 rd 0 rd 0 rd
MP4 0m/s 0m/s 0m/s 0 rd 0 rd 0 rd
MP5 0N 0N 2 mm/s 0 rd 0 rd 0 rd

Fig. 5: AMP describing the insertion policy for Han-Modular
insertion. The controller set-points for each direction of the
MPs are shown in the table below the diagram. Adaptive
MPs and learned set-points are colored green.

2 N is measured, the adaptive MP2 is executed, performing
the actual insertion step. Thereby, the orientation of the end-
effector is fixed. Contact between the module and the frame
is enforced by applying 2 N in z-direction, while the robot
moves in x- and y-direction with set-points sampled from
the learned policy π(st). Subsequently, there are two possi-
ble Stop-Conditions. MP4:openGripper is executed, when
the module is already fully inserted. MP3:pressForSnap
is executed, when the module is almost fully inserted
(0.5 mm<distance<1.5 mm) but needs to be pressed into the
frame for the last mm in z-direction to snap-in. x- and y-
direction are controlled to 0 N making the end-effector freely
movable in this directions. When the module is successfully
inserted, the execution continues with MP4:openGripper.
Finally, MP5:moveUpwards is executed, and the end-effector
moves above the frame. A Kuka LBR iiwa robot is used
to execute the hybrid motions in cartesian-impedance mode.
This robot provides force and pose information of the shelf,
therefore no additional force-torque-sensor is needed. A
parallel gripper with custom made gripper jaws to handle
the Han modules is attached to the end-effector.

We selected a Han DDD male module as shown in Figure
6 a) for initial evaluation of our approach. Assembly of the
Han DDD male module is challenging because the shape fits
tightly, and there is no bevel at the front edge that eases
the insertion. The maximum forces in x- and y-direction
are limited to 4 N to prevent damage to the manipulated
parts. To learn the insertion behavior, the execution time
of MP2 is fixed in the training phase to 30 time steps at
10 Hz, which corresponds to 3 s duration for one training
episode. At a rate of 10 Hz, the observations are collected,
the reward is calculated based on the distance to the target
position, the control set-points for the x and y directions

12384



(a) HanDDD (m) (b) HanCC (m) (c) HanDD (m)

(d) HanDD (f) (e) HanDDD (f)

Fig. 6: Different modules of the Han-Modular assortment.

controlled by the agent are sampled from the policy, and
finally the hybrid motion is executed until the start of the next
cycle. As mentioned in the introduction position uncertainties
are one reason, why manual programming-based approaches
are hard to accomplish. To simulate pose estimation errors
and resulting position uncertainties the approaching pose is
superimposed with noise in x- and y-direction drawn from a
normal distribution with standard deviation σx,y = 1mm in
every episode. In this way, learning of a robust policy that
can deal with position uncertainties is enforced.

B. Modeling the Insertion of Connector Modules as MDP

State Space S: Actions are selected based on a six-
dimensional state vector: (1) force at the end-effector in
x-direction, (2) force at the end-effector in y-direction, (3)
force at the end-effector in z-direction, (4) the position of
the end-effector in z-direction, (5) and (6) the last action in
x-direction and y-direction, respectively (see III-B).

Reward function r(t): The reward rt is calculated anti-
proportional to the distance between the actual module pose
and the target pose in Z-direction (7):

r(t) = −(zmodule(t)− ztarget) (7)

Maximizing the sum of rewards is achieved by minimizing
the distance in z-direction. There is no bonus for successful
insertion. Since the execution of MP2 is fixed at 3 s, the
reward implicitly reinforces fast insertion behavior as the
sum of rewards increases across the episode.

Action Space A: During the execution of
MP2:insertModule, the end-effector velocity set-points in
x- and y-direction are sampled from the state S dependent
learned policy π. The policy output is a two-dimensional
action vector A:

A =

[
vx(π, s)
vy(π, s)

]
vx(π, s), vy(π, s) ∈ [−10, 10]mm/s (8)

For the module insertion task, the policy output is limited to
−10mm/s to 10mm/s.

Policy Representation and Learning: An ANN with two
hidden layers of 256 neurons each is used to represent the

policy. Policy updates follow the PPO algorithm described
in section III-B. To learn the insertion policy we use RLlib
[28]. RLlib is an open-source library for Reinforcement
Learning that provides software primitives [28] and also
complete algorithm implementations. RLlib provides a PPO
implementation of the shelf. RLlib uses open ai gym [29] as
environment interface. For the adaptive MP2:insertModule
a custom gym environment is implemented. For learning
the policy of MP2:insertModule with the following hyper-
parameters are applied: (1) Optimizer = Adam, (2) learning
rate = 5e−5, (3) normalize observations = True, (4) impor-
tance ratio clipping = 0.2, (5) normalize rewards = True, (6)
batchsize=150.

C. Learning Results

The learning progress of five independent learners is
depicted in Figure 7a. Five learners start with the same initial
configuration. During the training phase, the applied PPO
algorithm updates the policy to reach a maximum return as
described in section III-B. The final distance of the inserted
module to the target position in z-direction at the end of
each learning episode, as shown in Figure 7a decreases
continuously until about 300 learning episodes. From 300
to 500 episodes, the increase in performance slows down,
and one learner shows a performance drop but catches up
afterward. A video showing the execution of the learned
AMP is available online.1

We define a successful policy rollout when the distance
in z-direction between the actual pose and target pose does
not exceed the minimum possible distance by more than
0.5 mm to measure the task performance. Every 100 learning
episodes, the performance of the policy is evaluated. The
success rate of five independent learners is depicted in Figure
7b. At the beginning of the training phase, low success rates
are achieved by random exploration. Median performance
increases in the first 100 learning episodes, but there are
significant differences between the best (15/20 success rate)
and the worst learner (3/20 success rate). After 300 learning
episodes, a first learner achieves 20/20 successful insertions,
but poorer learners achieve only 10/20 successful attempts.
After 500 learning episodes, which corresponds to an in-
teraction time of 40 minutes, a success rate of about 95%
is achieved. The worst learner achieves 18/20 successful
attempts, and the median is about 19/20 successful attempts.

D. Generalization and Transfer Learning

The Han modular assortment includes a variety of modules
with different mating surfaces and geometric shapes. Ideally,
a learned policy is able to generalize over the different
geometric shapes. Therefore, we analyze the generalization
capabilities of the initially learned policy with another four
different shaped modules that are depicted in Figure 6. Figure
7c shows the moving average of the final distance from
the goal position with the pre-trained policy. The perfor-
mance depends on the concrete module shape. Module b)

1https://uni-bielefeld.sciebo.de/s/
Gkf6tVheLu3F9KQ
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(a) Final episode heights. (b) Rate of successful insertions. (c) Generalization of different mod-
ules.

(d) From scratch vs. transfer.

Fig. 7: Evaluation results of the industrial connector module insertion task.

HanCC and c) HanDD male immediately reach high success
rates, but the performance decreases for about 200 training
episodes until it increases again. Modules (d) HanDD female
and (e) HanDD initially perform poorly with the pre-trained
policy, but the performance of module e) increases fast,
whereas the performance of module d) only increases slowly.
During the experiment, we observed that the insertion of
module d) gets stuck very often the half way, when the
edge in the middle of the module hits the frame. This
configuration forms a local optimum that did not exist in
the original training task. Since the insertion of module d)
performs poorly following the transfer learning approach, we
compare the performance of transfer learning and learning
from scratch as shown in Figure 7d. Learning progress is
much faster when learning from scratch than learning with
a pre-trained policy trained with the reference module a).

V. DISCUSSION

The presented grey-box learning approach has been suc-
cessfully applied in a real-world robotic assembly task. Espe-
cially, dealing with position uncertainties and the variance of
geometric shapes of the assembled parts is feasible without
the need to describe every detail of the robot’s behavior.
By constraining the possible behaviors, the provided AMP
model facilitates the learning problem, and learning the
insertion policy was enabled with an applicable number of
trials in the real world.

The main advantage of our approach is that the range
of possible AMP models extends from exclusively manual
programming to full learning. On the one hand, constraining
the robot behavior can lead to sub-optimal solutions, on the
other hand, learning with an unconstrained action space is not
applicable for manufacturing and not efficient. The trade-off
between modeling the behavior and learning selected degrees
of freedom must be made by the process expert, which is
considered to be a challenging and complex task. In addition
to specifying the hybrid motion, the process expert needs to
possess an understanding of the underlying RL algorithm.
However, we believe that providing use cases such as the
one presented, which mainly requires slight customization,
would reduce the complexity in the design phase. In the
investigated connector assembly scenario, we only modeled
one adaptive MP to learn the skillful insertion of the compo-
nents with only two RL-controlled directions, while upstream

and downstream process steps are fully specified. Such an
approach can be applied to many other assembly processes
where positional uncertainties and variance in geometric
shapes cause a complete manual specification to become
very complex. In industry, for example, there is very often
the application case that parts are gripped based on camera
images, from bulk material or from the conveyor belt, and
must be inserted very precisely for further processing.

VI. CONCLUSION AND FUTURE WORK

In this paper we introduced a grey-box learning ap-
proach that combines assembly task modeling based on
MP-Nets with the possibility to learn control policies for
selected directions in selected adaptive Manipulation Prim-
itives. Whereas many approaches focus on reward shaping
our approach imposes constraints on the policy by providing
a partial behavior specification. In this way, not arbitrary
movements but just those that comply with the AMP model
can be performed. However, reward shaping and constraining
the policy are not mutually exclusive and can be combined
[30]. Constraining the policy space is a promising approach
regarding complex manipulation tasks in particular robotic
assembly.

As described in section IV the achieved sample efficiency
is sufficient to learn the industrial connector module insertion
task within 500 episodes, which corresponds to only 40 min-
utes of interaction time. One possibility to further increase
the sample efficiency would be off-policy learning and the
usage of experience replay buffers as presented by [31].

The transfer learning approach, as described in section IV-
D, is less sample efficient compared to learning from scratch.
One possible reason is over-fitting of the policy model to the
specific geometric shape of one module. An analysis of the
extent to which, for example, other network architectures can
improve transfer learning remains future work.

Although the basic methodology is robot agnostic, we
have so far implemented and tested MP control only for
the Kuka LBR iiwa robot. However, to support classical
position-controlled industrial manipulators, a replacement of
the cartesian-impedance controller by an admittance-control
[32] approach is possible and should be investigated further.

12386



REFERENCES

[1] Z. Zhu, “Robot Learning from Demonstration in Robotic Assembly:
A Survey,” Robotics, vol. 7, no. 2, p. 17, 2018.

[2] G. Thomas, M. Chien, A. Tamar, J. A. Ojea, and P. Abbeel, “Learning
Robotic Assembly from CAD,” in 2018 IEEE International
Conference on Robotics and Automation (ICRA). IEEE, may
2018, pp. 3524–3531. [Online]. Available: http://arxiv.org/abs/1803.
07635https://ieeexplore.ieee.org/document/8460696/
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