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Abstract

Connector insertion and many other tasks com-
monly found in modern manufacturing settings
involve complex contact dynamics and friction.
Since it is difficult to capture related physical ef-
fects with first-order modeling, traditional control
methodologies often result in brittle and inaccu-
rate controllers, which have to be manually tuned.
Reinforcement learning (RL) methods have been
demonstrated to be capable of learning controllers
in such environments from autonomous interac-
tion with the environment, but running RL algo-
rithms in the real world poses sample efficiency
and safety challenges. Moreover, in practical real-
world settings we cannot assume access to perfect
state information or dense reward signals. In this
paper, we consider a variety of difficult industrial
insertion tasks with visual inputs and different
natural reward specifications, namely sparse re-
wards and goal images. We show that methods
that combine RL with prior information, such as
classical controllers or demonstrations , can solve
these tasks directly by real-world interaction.

1. Electric Connector Plug Insertion Tasks

In this work, we empirically evaluate learning methods on a
set of electric connector assembly tasks, pictured in Fig. 1.
Connector plug insertions are difficult for two reasons. First,
the robot must be very precise in lining up the plug with
its socket. As we show in our experiments, errors as small
as =1 mm can lead to consistent failure. Second, there is
significant friction when the connector plug touches the
socket, and the robot must learn to apply sufficient force
in order to insert the plug. Image sequences of successful
insertions are shown in Fig. 2, where it is also possible to
see details of the gripper setup that we used to ensure a fully
automated training process. In our experiments, we use a 7
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degrees of freedom Sawyer robot with end-effector control,
meaning that the action signal u; can be interpreted as the
relative end-effector movement in Cartesian coordinates.

To comprehensively evaluate connector assembly tasks, we
repeat our experiments on a variety of connectors. Each
connector offers a different challenge in terms of required
precision and force to overcome friction. We chose to bench-
mark the controllers performance on the insertion of a USB
connector, a U-Sub connector, and a waterproof Model-E
connector manufactured by MISUMI. All the explored use
cases were part of the IROS 2017 Robotic Grasping and
Manipulation Competition (Falco et al., 2018), included as
part of a task board developed by NIST to benchmark the
performance of assembly robots.

1.1. Adapters

In the following we describe the used adapters, USB, D-
Sub, and Model-E. The observed difficulty of the insertion
increases in that order.

1.1.1. USB

The USB connector is a ubiquitous, widely-used connector
and offers a challenging insertion task. Because the adapter
becomes smoother and therefore easier to insert over time
due to wear and tear, we periodically replace the adapter.
Of the three tested adapters, the USB adapter is the easiest.

Figure 1. We train an agent directly in the real world to solve
connector insertion tasks that involve contacts and tight tolerances
from convenient reward signals such as pixel distance to a goal
image or a sparse electrical signal.
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Figure 2. The three image sequences show rollouts from learned
policies that successfully complete the insertion tasks.

1.1.2. D-SuB

Inserting this adapter requires aligning several pins cor-
rectly, and is therefore more sensitive than inserting the
USB adapter. It also requires more downward force due to
a tighter fit.

1.1.3. MODEL-E

This adapter is the most difficult of the three tested connec-
tors as it contains several edges and grooves to align and
requires significant downward force to successfully insert
the part.

1.2. Experimental Settings

We consider three settings in our experiments in order to
evaluate how plausible it is to solve these tasks with more
convenient state representations and reward functions and
to evaluate the performance of different algorithms changes
as the setting is modified.

1.2.1. VISUAL

In this experiment, we evaluate whether the RL algorithms
can learn to perform the connector assembly tasks from
vision without having access to state information. The state
provided to the learned policy is a 32 x 32 grayscale image,
such as shown in Fig. 4. For goal specification, we use
a goal image, avoiding the need for state information to
compute rewards. The reward is the pixelwise L1 distance
to the given goal image. Being able to learn from such a
setup is compelling as it does not require any extra state
estimation and many tasks can be specified easily by a goal
image.

1.2.2. ELECTRICAL (SPARSE)

In this experiment, the reward is obtained by directly mea-
suring whether the connection is alive and transmitting:

1, if insertion signal detected

"= {O, else. M

This is the exact true reward for the task of connecting a
cable, and can be naturally obtained in many manufacturing
systems. As state, the robot is given the Cartesian coordi-
nates of the end-effector x; and the vertical force f, that is
acting on the end-effector. As we could only automatically
detect the USB connection thus far, we only include the
USB adapter for the sparse experiments.

1.2.3. DENSE

In this experiment, the robot receives a manually shaped
reward based on the distance to the target. We use the reward
function

B
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where 0 < € < 1. The hyperparameters are set to o = 100,
£ =0.002, and ¢ = 0.1. When an insertion is indicated
through a distance measurement, the sign of the force term
flips, so that ¢ = —0.1 when the connector is inserted. This
rewards the agent for pressing down after an insertion and
showed to improve the learning process.
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2. Methods

To solve the connector insertion tasks, we consider and
evaluate a variety of reinforcement learning algorithms.

2.1. Preliminaries

In a Markov decision process (MDP), an agent at every
time step is at state s; € S, takes actions u; € U, receives
areward r; € R, and the state evolves according to envi-
ronment transition dynamics p(s¢41|s¢, u). The goal of
reinforcement learning is to choose actions u; ~ 7(u|s¢)
to maximize the expected returns ]E[Zfzo vtr,] where H is
the horizon and + is a discount factor. The policy 7 (u:|s:)
is often chosen to be an expressive parametric function ap-
proximator, such as a neural network, as we use in this
work.

2.2. Efficient Off-Policy Reinforcement Learning

One class of RL methods additionally estimates the expected
discounted return after taking action u from state s, the Q-
value Q(s, u). Q-values can be recursively defined with the
Bellman equation:

Qst,ur) =B,y [re + Vm‘cﬂl(Q(StH, ug+1)]  3)
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and learned from off-policy transitions (s, u¢, ¢, S¢+1). Be-
cause we are interested in sample-efficient real-world learn-
ing, we use such RL algorithms that can take advantage of
off-policy data.

For control with continuous actions, computing the required
maximum in the Bellman equation is difficult. Continuous
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