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Abstract—Magnetically manipulated medical robots are a
promising alternative to current robotic platforms, allowing
for miniaturization and tetherless actuation. Controlling such
systems autonomously may enable safe, accurate operation.
However, classical control methods require rigorous models of
magnetic fields, robot dynamics, and robot environments, which
can be difficult to generate. Model-free reinforcement learning
(RL) offers an alternative that can bypass these requirements.
We apply RL to a robotic magnetic needle manipulation system.
Reinforcement learning algorithms often require long runtimes,
making them impractical for many surgical robotics applica-
tions, most of which require careful, constant monitoring. Our
approach first constructs a model-based simulation (MBS) on
guided real-world exploration, learning the dynamics of the envi-
ronment. After intensive MBS environment training, we transfer
the learned behavior from the MBS environment to the real-
world. Our MBS method applies RL roughly 200 times faster
than doing so in the real world, and achieves a 6 mm root-
mean-square (RMS) error for a square reference trajectory.
In comparison, pure simulation-based approaches fail to trans-
fer, producing a 31 mm RMS error. These results demonstrate
that MBS environments are a good solution for domains where
running model-free RL is impractical, especially if an accurate
simulation is not available.

Index Terms—Magnetic robots, surgical robotics, autonomous
control, reinforcement learning.
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I. INTRODUCTION

TATE-OF-THE-ART surgical robots such as the da Vinci

Surgical System [1] enable minimally invasive proce-
dures by providing surgeons with enhanced tool control and
increased instrument maneuverability while simultaneously
decreasing the size and number of incisions in the patient.
However, these robotic manipulators have large mechanical
footprints in the patient compared to the surgical end-effectors
(e.g., needles and grippers), making the robotic manipula-
tor the most invasive component of the surgical apparatus.
Surgical manipulators used for guiding needles may cause tis-
sue damage, initiate infections, and induce scarring. Unlike
conventional multi-link robotic platforms, magnetic robotics
is a developing field currently in a research stage. By using
magnetic fields, it is possible to exert forces and torques
on rigid-bodies that would induce translational or rotational
motion on the rigid body.

Using externally applied magnetic fields to wirelessly
manipulate surgical end-effectors may enable accurate, safe,
and ultra-minimally invasive surgical procedures. Magnetic
guidance of end-effectors such as needles and grippers may
pave the way for more complex, advanced manipulation of
untethered robotic surgical tools. Such a system would enable
ultra-minimally invasive procedures, like the closing of a
hole in the heart or repairing a hernia, via surgical access
ports no larger than the needle used in the surgery. Such a
capability may lead to shorter recovery times, decreased tis-
sue damage, and reduced scarring [2], [3], [4], [5]. In this
work, we expand on our previous magnetic needle steering
experiments [6], [7], [8], moving away from manual con-
trol and towards the implementation of machine learning
techniques. By developing a model-based simulation (MBS)
that informs a reinforcement learning algorithm, we enable
needle control without requiring a detailed physics-heavy
system model.

Magnetic actuation methods can be classified as (a) torque-
based rotations and (b) force-based pulling. Current rein-
forcement learning-based approaches for magnetic robots are
implemented for torque-based magnetic actuation methods,
where the applied field aligns the robot in the field, similar
to operation of a compass needle [9], [10], [11]. On the other
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hand, for the force-based pulling approaches, there is no such
stable alignment. Applied magnetic forces exert highly non-
linear translation-inducing forces on the rigid bodies, resulting
in high accelerations and complicating efforts at fine control.
Here we apply RL methods to gradient-based pulling magnetic
actuation, which is inherently less stable due to the needle
moving through a non-linear magnetic gradient field.

Prior work has demonstrated simulation-based reinforce-
ment learning methods on the control of conventional robotic
systems [12], [13]. These simulation platforms are created
based on known physical interactions and motions. For minia-
ture magnetic robots, such physical interactions are challeng-
ing to predict in a simulation setting since the physical forces
involved (i.e., fluid drag, surface friction, adhesion forces)
vary significantly based on micro-level topological differences.
Even though magnetic actuation forces are well-characterized,
near-proximity estimations are known to be highly inaccurate
for the commonly used magnetic models [14], [15]. Moreover,
the physical disturbance forces are in the same scale of mag-
netic actuation forces for the miniature robots, which makes
the motion hard to predict. Therefore, simulation-based learn-
ing approaches with predefined physics emulators may not
translate well in motion prediction for miniature magnetic
robots. It is an alternative to train the system based on only
experimental data but such an approach is time-wise costly.
To overcome such challenges present in some physical robotic
environments, as the initial step, we created the MBS platform
by learning the dynamics of the needle through real-world
experiments and reflecting these dynamics on the simulation
platform. Then, by using this same simulation platform, we
have refined our control capabilities on the robotic system for
desired motions.

We recently described the MagnetoSuture™ system, a
robotic system of four electromagnets enabling the unteth-
ered guidance of needles for experimental surgical tasks
such as tissue penetration, tissue ligation, and recreation of
suture patterns in vitro [6]. Magnetic robot systems such as
MagnetoSuture™ are difficult to manipulate manually with
high accuracy due to their non-linear magnetic dynamics.
These dynamics make the relationship between needle veloc-
ity, coil current, and needle location in the sample volume
highly dependent upon needle location, given a constant cur-
rent in a coil. Human manipulation is generally not sensitive
enough to limit the forces and torques applied by a mag-
netic system in a sufficiently safe manner, suggesting a role
for autonomous control. Classical control techniques, on the
other hand, are capable of demonstrating fine tuned con-
trol of suture needles, but require rigorous physics-based
modelling of magnetic forces and rigid-body dynamics to
perform accurately [16].

While our previous studies have implemented either hand-
held remote controller operation [6] or conventional physics-
based control techniques [16] for guiding a magnetic needle
in the MagnetoSuture™ system, here we choose to use rein-
forcement learning (RL) in order to avoid overt or complete
dependence upon rigorous modeling of the physical forces.
RL-based techniques are particularly useful here, as these
physical forces are nonlinear and highly varying depending

M

on external conditions and the motion state of the magnetic
needle. Additionally, physics simulations, which are often used
to train RL algorithms (e.g., [17]), are unreliable for many
domains where external forces on the robots are complex
and challenging to simulate. In the case of magnetic sur-
gical robotic systems, the highly non-linear magnetic forces
close to the electromagnetic coils and complex robot-fluid-
tissue interaction forces both present particularly challenging
scenarios to accurately model the physics-based forces on the
magnetic robots.

To ease the aforementioned challenges, we propose training
our magnetic robotic system using an RL algorithm with the
goal of accurate and precise magnetic needle control. With this
approach, we provide an alternative for autonomously control-
ling magnetic agents which operate under highly nonlinear and
hard-to-predict physical forces and torques.

In addition to the magnetic agent control with RL-based
algorithms, we further propose a hybrid training mechanism to
bring the impractical training conditions (time and user super-
vision) into a reasonable level. Applying model-free RL agents
to a real-world system such as MagnetoSuture™ induces
two related problems. First, training a model-free RL agent
requires on the order of millions of samples, which takes
a very long time to collect. Second, relatedly, not all real-
world systems can be left to operate by themselves for
sufficient time so as perform the required amount of state
exploration to enable properly complete training data sets.
Instead, some systems require constant human supervision
for safety or other operational concerns. In the case of the
MagnetoSuture™ system, which is a custom-built electromag-
net system under research lab conditions, running the system
unsupervised for prolonged periods may cause overheating
(and subsequent damage) or other malfunctions. These restric-
tions make such a system particularly unsuited to the approach
of allowing an RL-based agent to run for a prolonged period
of time. Other robotic environments suffer from similar con-
straints. For example, [18] needed to build a unique enclosed
space and modify their drones to train drone robots to fly,
and most grasping robots (e.g., [17]) are potentially extremely
dangerous to humans or property, but are confined to a small
safe space in a lab setting for the purposes of RL training. If
we are to let these robots train using RL in realistic environ-
ments and realistic tasks, we need methods that enable them
to operate safely for long periods of time.

We therefore introduce a method which we term model-
based simulation (MBS). In MBS, we first learn the dynamics
of the system using a neural network, and then use this model
as the core of our simulator, inserting additional basic con-
straints as needed, in order to train a model-free RL algorithm.
This approach does not require us to run all of the experiments
in the physical world. After we acquire sufficient real world
training data, we can transfer the magnetic agent motion prim-
itives and run more repetitions in the simulation environment
we created. Since the simulations are orders of magnitude
faster to run experiments on, the overall time required for
training is reduced. Moreover, the time required for super-
vision is also reduced, enabling us to run rapid training on
the physical system with minimal heating issues or other
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time constraints. Our approach allows us to take advantage of
the sample efficiency gap between supervised neural network
training and the far less sample-efficient model-free RL algo-
rithms. We compare MBS to learning on a ‘pure’ simulator
(which we devised as a benchmark) and show that the latter
approach fails to transfer to the real world, whereas MBS suc-
ceeds. We also show that the data used to create the MBS is
insufficient to train an RL algorithm offline solely by using
the real world training data.

The main contributions of this paper are as follows:

« We introduce MBS as a solution for systems where pro-
longed RL runtimes are unfeasible. MBS can accelerate
traditional RL by more than two orders of magnitude
and serves as a strong alternative approach when reliable
simulations are unavailable.

« We demonstrate the first application of RL to magnetic
needle control.

II. RELATED WORK

Model-free RL has been applied successfully to Atari
games [19], autonomous driving frameworks [20], [21], first
person video games [22], and other environments. In the
world of robotics, model-free RL has rapidly grown in promi-
nence and capability, having been used to control robotic
arms in the context of object grasping and movement [23],
[24], [25]. While successful, RL in the real world poses
challenges due to overly long training times. Model-based
RL methods have been implemented for tuning human-robot
interactions, teaching robots to assist humans in increasingly
predictive and adaptive ways [26]. However, such model-based
RL techniques have not been conveyed to advanced tether-
less surgical robotic manipulators such as magnetic guidance
systems.

Surgical robotics has been studied extensively in the non-
RL setting [27], [28], [29]. Most of these works approach
the problem using classical methods of path-planning and
needle segmentation. Implementing RL-based methods may
offer more generalizable and less model-specific approaches
to surgical robotics.

Recently, RL has been applied to various surgical envi-
ronments. Richter et al. developed an open-source simulation
based on V-REP, named dVRL, which was used to teach an
Intuitive Surgical da Vinci arm to reach a target and to move an
object to a target [13]. Varier et al. applied Q-learning directly
to a real world da Vinci robot [30]. These efforts encoun-
tered problems resulting from RL sample inefficiency and used
multiple approaches to minimize those problems, including
limiting the dimensionality of the space to accelerate learn-
ing. We previously used the da Vinci Skill Simulator as an RL
environment, allowing for autonomous movement using either
image or state data [31]. The sample inefficiency problem was
handled by using simultaneous offline data playback.

Model-free RL was also successfully applied to magnetic
surgery scenarios, where a magnetically actuated endoscope
was controlled inside ex vivo stomachs [11]. However, training
time was expensive, and thus the system was trained to follow
one particular path only.

On the other side of the RL spectrum we find model-based
RL, which is far more sample efficient than its model-free
cousin, but requires some sort of reliable model for the
dynamics of the system to search through, as previously
demonstrated [32], [33]. Augmenting model-free RL with
some model-based elements allows us to increase the sample
efficiency, as compared with model-free RL, while maintaining
some of the benefits of model-free RL, such as generaliza-
tion and robustness. While some attempts at hybridization use
non-neural network-based models [34], more recent attempts
feature a neural network of some sort for the dynamics model.

Various approaches have been tried for combining model-
free and model-based designs. Nagabandi et al. [35], for
example, suggests an entirely model-based approach, the result
of which is used to bootstrap a policy gradient model-free
algorithm. Dreamer, on the other hand, redefines the con-
cepts of model-free and model-based reinforcement learning,
learning dynamics models and then back-propagating through
them to maximize rewards [36], [37]. A similar approach is
taken by Byravan et al. [38]. Wang et al. [39] adds a look-
ahead model-based module to a model-free RL path. The final
choice of which action to take is chosen between the model-
free and model-based path. A similar strategy is followed by
Weber et al. [40]. One element to note is that algorithms that
work using images (such as [36]) require a reward-prediction
model as part of their dynamics model. This cements the
reward as part of the environment, which is a limiting factor—
often one wishes to modify the reward to obtain better results.
Becker-Ehmck et al. [18] use another approach whereby a
probabilistic dynamics model is updated concurrently with a
policy-gradient actor-critic model.

I1I. THE MAGNETOSUTURE™ SYSTEM SETUP

We now describe the MagnetoSuture™ system (Figure 1),
which is similar to that shown in our previous work [41].
Using four individually addressable electromagnets oriented
along the X and Y axes, we control a 22 gauge, 23.5 mm long,
stainless steel hypodermic needle with 42 internally embedded
NdFeB permanent magnets sealed inside with glue. We sub-
merge the needle in a viscous medium mixture of 25 ml water
to 5 ml glycerol, inside a Petri dish of diameter 85 mm. We
obtain images using a FLIR Blackfly camera with a resolution
of 1280 x 1024 pixels. The workspace is illuminated by a ring
light mounted on a custom 3D-printed adapter. During activa-
tion, we reach maximum currents of 15 A per electromagnet.
At high currents, the system heats up rapidly, requiring active
water cooling to stabilize. The electromagnets are driven by
motor controllers (RoboClaw, Basic Micro Inc.) powered by
an AC/DC converter. The motor controllers are driven by an
Arduino board, which is commanded by a Python program
running on a connected computer.

Using the magnetic controls, we can move the needle around
the Petri dish in two dimensions and control needle heading.
However, the force and torque on the needle are location-
specific due to non-linear variations in the magnetic fields,
and this makes it difficult for a human to control the system
accurately. Figure 2 outlines the general control zones of the
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Fig. 1.  Pictures of the MagnetoSutureTM system, consisting of a 4 coil
array surrounding a central Petri dish, with coil axes laying along the X and
Y axes. The inside bottom surface of the Petri dish sits in the X-Y plane.
a) A side view of the system, which is surrounded by a plexiglass container
and partially submerged in water for cooling. The side view also shows a
coil centered along the +Z axis (not implemented here). The camera at the
top allows for needle localization and recording of experiments. b) The view
from the camera at the top, looking through the +Z coil. The magnetic needle
sits in a Petri dish, suspended in a viscous mix of water and glycerol. Four
coils surround the dish along the four cardinal directions, allowing for moving
the needle around the dish by supplying current to the coils. Bright masking
tape was placed on the needle end to enable “fool-proof” localization for
the purposes of data collection. ¢) Magnified inset detailing system axes and
showing the Petri dish with a needle sitting in fluid in the Petri dish.

system. Zones A represent ‘dead zones’ which cannot be
accessed by the needle due to the locations and dynamics of
the magnets. Zone B represents the most stable zone in the
middle of the Petri dish. Outside of this zone, movement is
either overly fast due to proximity to a nearby coil, or too
weak due to large distance from the opposite pulling coil.
We present an analysis of the dynamics of the system for the
simulator in Section IV-C.

IV. METHOD
A. Model-Free RL

We frame our problem in the familiar terms of a Markov
Decision Process (MDP) involving an agent interacting with an
environment. The agent obtains the state S; of the environment,
and in return chooses an action a; out of the set of all possible
actions A. In return, the agent receives a reward R, and a
new state S;41. The specific choices made by the agent given
certain states are termed the policy . Our goal is to find the
optimal policy 7* by maximizing all future rewards over time.
The value of each state is defined as the sum of all rewards
including future rewards:

o
O(Sr.a) =) yRa(Si) (1)

i=t

Fig. 2. Representation of control zones of the MagnetoSuture '™ state space.
Area A represents dead zones, where the magnetic field doesn’t allow free
movement. Area B represents the zone of most stable control.

where Q is an expected rewards function given an action, as
computed by our algorithm, S; is a given state at time ¢, a,
is a selected action at time ¢, y is the discount factor that
describes the rewards function (0 < y < 1), R, is the reward
function for each action iteration #, and S; is the i state. Here,
the discount factor y can be interpreted as the probability
of succeeding for a given time step At. This leads us to the
Bellman equation:

Q(St, ar) = Rq,(S) + Y Q(Si41, argmaxaO(Si11. ') (2)

where argmax, is the action A that maximizes the rewards
function Q(S;41,d’) for state S at time 7+ 1, and & is the
proposed action. We optimize this equation using a neural
network in an attempt to reach an optimal expected reward
function Q*. This equation is well defined over a discrete
action space, as done by Deep Q-Networks (DQN) [19]. We
choose to use a continuous model-free algorithm called Twin
Delayed Deep Deterministic policy gradient (TD3) [42], which
is more suitable for the current values used to control our
system. For a continuous action space, TD3 utilizes two neu-
ral networks. The first is the actor network, which stores the
current optimal policy: a mapping from states S to actions A.
The second is called the critic, and it stores the Q-value of
each state-action pair. The networks are updated in lockstep:
First, we update the critic to the updated Q-value of the actor’s
chosen actions. We then use the gradient of the critic network
to update the actor’s behavior.

The model-free RL algorithm contains several weaknesses.
Most severe from our perspective is its sample inefficiency,
which forces very long training times.
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Fig. 3. Magnetic manipulation and workflow of our MBS Model-Free RL method. a) A magnetic needle in the workspace is shown with State 1, having
position (x1, y1) and orientation 6;. A random magnetic field generated by our algorithm induces magnetic pulling force and magnetic torque on the needle.
After application of the random magnetic field, the magnetic needle arrives at State 2 with position (x, y;) and orientation 6, after having traveled some
representative path. The force and torque intensity and direction depend on both the coil current inputs and the location of the needle. Due to the many
combined interactions with the environment such as fluidic and surface contact interactions, a precise, predictive mathematical model of the needle displacement
may be challenging to obtain. b) Training the RL agent consists of 3 separate phases. In phase 1, we collect data from the real-world MagnetoSuture

system and train the MBS using the collected data. In Phase 2 we use the MBS to train the TD3 RL Agent. TD3 works by collecting data in a replay buffer as
it acts in the environment, and then sampling from it gradually. While the implementation of the TD3 agent is based on [42], our MBS is a novel component.

Phase 3 involves domain adaptation to the real world, where we use the trained RL algorithm to receive the state of the MagnetoSuture

response.

B. Model-Based Simulation RL

Figure 3 shows the schematic and workflow of our MBS
model-free RL method, which combines our model-free RL
algorithm with a pretrained generative model supplemented
by some additional common-sense constraints. Utilizing an
MBS environment provides many advantages. MBS RL allows
us to run the RL process safely on the computer, while
also running orders of magnitude faster than in the real
world. Further concerns can also be alleviated with MBS.
For example, depending on the task at hand, resetting the
experiment to advance to the next episode may be difficult
in the real world. Furthermore, RL often needs adjustments
and corrections between runs, such as modifications to reward
shaping. This can require rerunning the entire algorithm from
scratch.

1) Learning a Model-Based Simulation: In Phase 1: Model
Training of our algorithm, we train a neural network to learn
the dynamics of our system. The dynamics we are trying to
capture are illustrated in Figure 3a. As the magnetic forces
from the coils interact with the magnetic needle, they induce
needle motion. We capture these dynamics by converting
images of the workspace to needle locations using our local-
ization algorithm, and then teach the extracted dynamics to
the network. The network predicts the next state S;;1, com-
prised of location P;y; and angle 6,;; of the needle, given
the previous state S;, which is comprised of location Py,

™ system and act in

angle 6;, and coil currents I;. Our generative dynamics model
is deterministic and Markovian: given state S; and action
a;, we train a neural network to predict state S;4; by min-
imizing the L, loss between the ground truth and the state
predicted by the neural network using stochastic gradient
descent (SGD).

We use a fully connected neural network accepting an input
layer of size 5 comprising of S; and a; The network contains
3 hidden layers of size 256, 128 and 32, respectively, and
then an output layer of size 3 predicting S;11. The input and
hidden layers each use ReLU activations and make use of
batch normalization layers.

Our state space consists of the position tuple (x,y,6) of
the needle. We obtain this position via the improved neural
network-based approach we introduced in [41] for localiza-
tion. This algorithm uses a U-Net convolutional neural network
to segment the camera image into needle and background
pixels, then processes the needle pixels using clustering and
RANSAC line detection to extract position and orientation.
This allows us to avoid having to use image data, which would
add a further burden on the algorithm of having to find an
appropriate embedding. We augment the localization method,
which is reliable as far as angle and coordinates are concerned,
with a color-based method for determining needle orientation
with 100% certainty. After this orientation correction the
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localization achieves a root-mean-square error of 0.61 mm in
position and 0.81 degrees in orientation in the environment
used in this work.

2) Training RL With MBS: most In Phase 2: RL Training
of our algorithm, we’ve finished training the MBS, and we
now use it as an OpenAl Gym [43]-compatible RL environ-
ment for trajectories. Since our RL algorithm can learn to
navigate dynamically to any user-chosen location, we inte-
grate the desired (Xyser, Yuser) pOints into our state space. The
RL algorithm therefore needs to learn to differentiate states S;
not only based on the needle position, but also by the target
position desired by the user.

The TD3 [42] algorithm utilizes a critic and actor network
in tandem. The critic is a fully-connected network consisting
of an input layer of size 7: we use 3 for the states (x, y, 6), 2
for target coordinates (Xyser, Yuser), and 2 for the desired action
(xy, yv). Additionally, the critic is composed of 2 hidden layers
of size 256 neurons each, and an output layer of size 1 for
the Q value. The actor network is similarly fully-connected,
consisting of an input layer of size 5 for the state and target,
two fully-connected hidden layers of size 256, and an output
layer of the action space dimensionality (2). All layers but the
output layers use ReLLU activation, while the actor’s output
layer is mapped to the [—1, 1] range via the hyperbolic tangent
(tanh). Batch normalization is avoided for TD3, as it tends to
hinder learning.

3) Action Space: Our action space consists of the current
value (in Amperes) of each of the four coils in the system
(Figure 1b). We simplify this action space by limiting our-
selves to nonholonomic constraints by removing simultaneous
control of oppositely-oriented coil arrays. Four-dimensional
control is difficult for a human to produce reliably, making
the full space exploration needed for Section IV-B1 more dif-
ficult to obtain. We therefore reduce the control signal to a
simple two dimensional current vector I.

The system is driven using pulses applied for 7,5, with
an intermittent rest time of #,.5;. We set fy,5. to 100 ms and
trest t0 200 ms, resulting in a 3 Hz rate of control. This serves
multiple purposes. First, it helps our localization system avoid
any mistakes due to blurry images by giving time for the nee-
dle to come to a full stop. Second, it enables us to enforce
Markovian assumptions about the state space: since previous
velocity is not a factor as the needle comes to a full stop,
we do not need to worry about providing the neural networks
with a history of states, and all next states S;;; are directly
dependent on S; and the action a;.

For RL to function, proper state-space exploration and an
appropriate reward function is crucial. Rather than using a
stateless epsilon-greedy approach for exploration, we make
use of an Ornstein-Uhlenbeck process [44], which keeps some
memory of previous random values and momentum. This pro-
cess tends to provide a good random exploration signal in our
experience.

4) Rewards: Reward functions ultimately drive the entire
model-free RL process, and a bad reward function can make
a problem intractable for the algorithm.

Our reward function rewards the agent for advancing
towards the target and penalizes it for moving away from it.

Additionally, we penalize the agent for taking too much time
to encourage rapid convergence to the target. A large bonus
awaits the agent once it reaches the target. Our reward structure
is as follows:

R = aAd; + Bfciose + T 3)

where R; is the reward function at time ¢, « is the learning
rate constant, Ad; is the difference in distance to the target at
time #, B is a constant to weight for proximity indication in the
reward function, fyjse is 1 when the target is within 3 mm and
0 otherwise, and 7 is a time penalty per step. Experimentally,
we set the values of the constants to be « = —10, 8 = 10, and
7 = —0.04. Given the constraints of our system, Equation (3)
sets the range of episodal rewards to be somewhere between
—5 and 10 (that is, —5 < R; < 10).

The MBS mostly uses the neural network for dynamics,
but also contains its own additional rules and constraints: Any
movement outside of the Petri dish (which would never happen
in the real environment) causes an early episode reset (most
episodes last between 5 and 30 steps), and we do not feed
zero current values (which would result in no movement) into
the neural network in order to reduce noise. Essentially, we
recognize that the MBS may not perfectly capture the full
dynamics of the system and try to account for errors.

5) Translating to the Real World: In Phase 3: Transfer of
the algorithm, once the RL agent is fully trained, we can use
it to apply RL to the real world, assuming the dynamics cap-
tured by the MBS are sufficiently accurate. We test transfer
performance in Section V-D.

C. The MagnetoSuture™ System Simulator

We compare our MBS approach to a more traditional
approach of accelerating RL by training on a physics-based
simulator, as in [17]. This involves training an RL agent first on
a simulator, and then transferring to a real-world environment.
The MagnetoSuture™ simulator implements the following
physics models and assumptions. A magnetic needle moving
on a planar Petri dish under magnetic fields experiences
various forces due to the magnetic interactions and interac-
tions with the physical environment. The magnetic forces and
torques are the key for inducing a wireless motion and can
be represented as follows: let the magnetic field induced by a
current-carrying coil be given by B, derived as the gradient of
the magnetic potential

apT

B =—po(Vip(r) = —po— “4)

where 1 is the permeability of vacuum, ¢ is the scalar electric
potential, and r is the position vector of the point of interest
with respect to the coil. If a magnet with magnetic moment
m,, is present in the external magnetic field generated by this
coil, the magnet experiences a force F,, proportional to the
gradient of the magnetic potential B, given by

F,, = V(mp . B). 5)
The magnet also experiences a torque 7, given by

Ty =m, X B. (6)
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The magnetic fields generated by multiple coils
superimpose, i.e., for M coils generating individual mag-
netic fields, the total magnetic field vector at a point r is
B(r) = ZQ/[lek(r)’ where By is the magnetic potential
generated by the kM coil in the system. When the current-
carrying coils are relatively small or we are interested in the
magnetic field for a point that is sufficiently far away from
the coil, a dipole model can provide a suitable approximation
of the magnetic field strength. The estimated magnetic field
with the dipole moment can be represented as follows: let the
center of a coil be given by a point ry and let dy =r —ry be
the displacement vector to the coil from the point of interest.
The magnetic field estimation with the dipole moment lep ole
at a distance r from the magnet can be represented as

d,d’
Ho (Ik—3 kk)mk 7

dipole _
B = e Il
where (o is the permeability of vacuum, my = It NkAk greq 18
the magnetic moment vector of the k™ coil having current Iy,
with number of turns Ny, pointing in the direction orthogonal
to the coil loop area Ag greq. Although the dipole model gives
a suitable approximation of the magnetic field B in the far-
field, it does not accurately capture the nonlinearities of the
magnetic field B at locations near to the coil.

In addition to the inaccuracies in modelling magnetic forces
and torques, physical interactions also induce inaccuracies in
estimating the net force and torque on the magnetic needle. For
a needle immersed in the fluid and sliding along the surface
of the Petri dish, the main forces and torques acting on the
needle can be classified as the magnetic forces and torques
(Fyu, ™), gravitational force (Fy), the buoyancy force (Fp),
surface contact forces (F,,), friction forces and torques (F, t7),
and drag forces and torques (Fy, 74) [4], [5]. The equations
of dynamics can be represented as follows:

Fnet:maacc:Fm+Fd+Fg+Fb+Fn+Ffv (8)
and

Tnet = Viotlmoment = Tm + Td + Tf, 9

where m is the mass of the needle, a . is the linear accel-
eration of the needle, y,, is the rotational acceleration, and
Lyomen: 1S the moment of inertia at the center of the needle.
Since the physical environment is not perfect (i.e., asymmetric
needle properties, surface roughness, temperature dependent
fluid viscosity, non-quiescent fluid), capturing the second-
order dynamics by modeling these forces yields significant
inaccuracies. All of these factors make accurate simulation of
the MagnetoSuture™ environment difficult.

V. EXPERIMENTS
A. MBS Training Results

In order to create the MBS, we collect data while explor-
ing the full area of the Petri dish at different current levels.
Exploration is done manually using a controller, allowing us to
explore the space both uniformly and rapidly. We notice while
exploring the space that the magnetic field causes the forma-
tion of ‘dead areas’ close to the corners near the magnetic
coils as seen in Figure 2. We collect 34,742 data points, which

10.0
7.5
°
o 5.0
=
g
2.5
0.0 —— Center
Random
0 1 2 3
steps le6

Fig. 4. Training result for the MBS-trained RL agents. One agent is trained to
reach the center of the Petri dish, and one to reach a user-specified target which
is sampled randomly. The graph shows averages over time and 2 standard
deviations above and below the mean.

amounts to about 3.2 hours of recordings altogether. We then
normalize the data and train the neural network, achieving
an L, validation loss of 0.033 and a test loss of 0.045. It is
worth noting that while this data is sufficient for training a
neural network to learn the dynamics, it does not appear to be
enough for training an off-policy RL algorithm directly (see
Section V-C).

B. RL Training Results

We train and test the TD3 RL algorithm within the MBS
environment. Given our desire to run environments in paral-
lel, our bottleneck is the CPU. Despite making use of a fairly
modern CPU (Ryzen 3900X), parallel execution tends to be
limited by memory bandwidth and synchronization overhead.
We found that running more than 3 environments in parallel
gave us no additional benefit. We therefore run 3 environ-
ments in parallel, setting our learning rate to 0.0003 and use
the Adam optimizer. Utilizing 3 parallel environments, the
RL algorithm is able to take around 700 steps per second
using the MBS. This is about 233 times faster than the 3 Hz
limitation of the real-world MagnetoSuture™ system. More
importantly, the MBS environment can run as long as we want
it to, unlike the real-world system which we cannot run safely
for the required periods of time.

We train two different policies: one trained to move to the
center of the dish from any starting location, and one trained
to move from a random location to any given location in the
dish. For the latter policy, we append the desired target location
to our state as described in Section IV-B2. The results can
be observed in Figure 4. Additionally, we train similar RL
policies on our simulator.

We observe that the MBS-based RL center policy (Figure 4)
was able to reach its maximum reward within around 500k
steps or 1.5 hours (Table 1), whereas the much harder random-
target policy needed 2.5 million steps to reach its maximum
point. Assuming no issues during training and a similar con-
vergence time, running only the center-based policy on the
real system given the 3 Hz rate would take around 300 hours
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TABLE I
COMPARISON OF THE DIFFERENT RL MODELS AND THEIR TRAINING
TIMES TO ACHIEVE MAXIMUM REWARD. *RUNNING ON A REAL-WORLD
SYSTEM WAS ATTEMPTED BUT FOUND TO BE UNFEASIBLE
FOR THE DURATIONS REQUIRED

RL method task training time (hrs)
MBS center 1.5
MBS random 3.5
sim center 5.5
sim random 27
real center NA*

with constant supervision due to safety issues, which is simply
not feasible. The random-target policy cannot attain as high of
an average reward due to the fact that the Petri dish contains
dead zones (see Figure 2) and we do not filter those out when
selecting random target locations.

For comparison, we trained similar RL policies based on the
simulator. We also attempted to train RL on MagnetoSuture™
in the real world, but the time requirements combined with
safety limitations made it impractical, as mentioned above.
The time to reach maximum reward can be seen in Table I. It
is worth noting that the pure simulation appears to take longer
primarily because it can keep improving its behavior. However,
the pure simulation fails to capture essential dynamics of the
real system, as we shall see below.

C. Off-Policy RL Comparison

Off-policy algorithms like TD3 can potentially learn rapidly
from off-policy data, ie., data that has been recorded
previously, but does not match the current policy . Since we
collect offline data for developing the MBS in Section IV-B1,
we wish to test whether this data is sufficient to train an off-
policy RL algorithm directly, as done in [31], [45], rather than
requiring an MBS approach.

We split up the MBS training data from Section IV-B1 into
pseudo-episodes of length 10-15 steps, and proceed to play
back the off-policy data, evaluating performance on the MBS
environment. In an attempt to make the RL agent learn as
effectively as possible, we try different mixes of off-policy
and on-policy environments (using data from the MBS envi-
ronment). On-policy environments allow the agents to explore
actively and collect data. Off-policy environments feed the
agent the pre-recorded data we collected in Section IV-B1 as
if they were exploring it, but the agents have no active control
(the data is prerecorded). We use 3 parallel MBS environ-
ments, and test 4 mixes of off-policy stored data and fresh
exploration:

a. 0 off-policy environments and 3 on-policy environments,

b. 1 off-policy environment and 2 on-policy environments,

c. 2 off-policy environments and 1 on-policy environment,

d. 3 off-policy environments and 0 on-policy environments.

These mixes provide different ratios of fresh on-policy data
and off-policy data. All RL agents were trained to reach
the center point of the Petri dish. The results are shown in
Figure 5.

We notice that using some off-policy data allows the RL
algorithm to learn a little faster, at the cost of some stability.

8
6
=
T4
2 off-policy
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— (b)
0 — (0
—
0.0 0.5 1.0 1.5

steps 1e6

Fig. 5. We attempt to use the same data collected for MBS training and apply
it to off-policy learning, mixing off-policy learning with on-policy exploration
in the MBS pseudo-simulation environment. We show the results of running
multiple agents in parallel. The graph shows the learning performance of
(a) learning without an off-policy data environment, (b) with 1 off-policy
environment and 2 on-policy environments, (c¢) with 2 off-policy and 1 on-
policy, (d) with all 3 environments off-policy.

The pure off-policy RL algorithm collapses before it can learn
sufficiently: it appears there simply is not enough collected
data available for the RL algorithm to reach full success. This
suggests that while our offline data is enough for the MBS
neural network to pick up on dynamics, it is not enough to
teach a full RL algorithm, which is less sample-efficient than
supervised learning with the same data. In future work, we
may attempt to further compare a fully off-policy RL approach
to our own approach in terms of run time and mean error.
However, here we observe that our collected data was insuf-
ficient for a purely off-policy RL approach. Off-policy RL is
fast but sample-inefficient, while our MBS-based approach is
both fast and sample-efficient.

D. Real-World Transfer

We now apply our learned RL policies, using both MBS and
the physics-based simulation, to the real world by testing them
on the MagnetoSuture™ system. At each point we retrieve
the current state of the world, append any requested target (if
the policy requires it), and then have the TD3 policy choose
actions for us, which we then carry out. We test 3 different
real-world actions:

1) Move to the center This action consists of moving only
to the center of the dish after we first move to a random
location. We execute the policy (in this case, the second
policy in Section V-B) and record the results, which can
be observed in Figure 6a.

2) Move to a random point We generate random targets
in the dish and tell the policy to move to that location.
The results can be observed in Figure 6b.

3) Follow a square path We generate a set path of a square
for the policy to follow, and feed the policy each point
along that path one by one, until the path is done. The
results can be observed in Figure 6c.

We measure the real-world performance of the different
policies in terms of their deviations from the targets. The
results can be observed in Table II. Additionally, a supple-
mental video contains demonstrations of the needle moving
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Fig. 6. Results for the real-world center point, random point and square
tracking tests. The center-point test is performed using an RL agent trained
only for that purpose. The two latter tests are performed with an RL agent
trained to go to a user-specified target. Both agents are trained using the same
model-based environment.

under RL guidance. Note that the sim-based RL policy, which
appeared to train well on our simulator, completely fails to
transfer to the real world, resulting in errors of 31 mm, or
roughly the size of the radius of the dish. The sim-based
agent is unable to react intelligently to the state input and
overshoots every time. The MBS-based agents, on the other
hand, transfer successfully, performing quite well with root-
mean-square (RMS) error of 5.3 mm to 7.4 mm, depending
on the task. We attribute these errors to inaccuracies in our
setup which we hope to improve on in future work. For

TABLE II
COMPARISON OF THE DIFFERENT RL MODELS AND THEIR REAL-WORLD
PERFORMANCE ERRORS

RL agent test mean error (mm)  stdev (mm) transfer
Sim-based center  center 31 29 no
MBS center center 6.3 2.1 yes
MBS target point 53 0.8 yes
MBS target box 7.4 0.7 yes

example, our MagnetoSuture™ camera is not fixed in place,

requiring a manual and imprecise calibration routine. Such
small sources of noise can confuse the MBS training rou-
tine, and can be fixed by fixing the camera or using a robust
automatic calibration routine, which we hope to add in future.
Another possible source of error is the MBS model itself.
Further work on improving the MBS neural network model
could increase future accuracy. Additionally, further work on
establishing precise control of needle orientation and angle
will improve the system’s ability to provide increasingly useful
manipulations in future, more complex scenarios.

VI. CONCLUSION

We successfully use model-based simulation (MBS) to train
a model-free RL agent to control a magnetic robot system in
an MBS and then in transfer to the real world. Our solution is
applicable to domains where model-free RL is impractical due
to its long running time and free-form exploration, and espe-
cially to domains where simulation is difficult or impossible
due to hard-to-model forces. We show that our method can
capture the dynamics of the system far better than a simulation
of the magnetic and robot-environment interaction forces given
their complexity. Our approach accelerates real-world model-
free RL techniques significantly, allowing for a controlled data
collection phase followed by offline RL training. This allows
us to still enjoy the benefits of model-free RL, such as the
lack of a need for detailed system models. Controlling the
orientation of the needle may be implemented via multipoint
trajectory tracking algorithms or assigning orientation as a
separate parameter for the RL algorithm. Improving our algo-
rithm for simultaneous position and orientation tracking will
be investigated in the future studies.

While our system environment here is fairly simple, con-
ceptually the proposed methodology is applicable to surgical
environments. In such settings, dynamics may make model-
based systems cumbersome and, possibly, ineffective due
to the number of variables needed for accurate prediction.
Although the studied scenario demonstrates the capabili-
ties of RL approaches in magnetic needle steering, varia-
tions in surgical conditions such as the presence of flow
or variations in tissue mechanics will require significantly
more training data and, possibly, entirely different train-
ing protocols. Learned and practiced human surgeons are
able to adjust to complex surgical scenarios having numer-
ous processes and physical variables without computationally
precise understanding of every variable on hand. Similarly, it
is hoped that machine learning may enable robotic surgeons
to control instruments using similar experiential knowledge
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bases, without relying on completely physics-based mod-
els for planning subsequent actions. Here, we test drive
a Reinforcement Learning approach in a simplified mag-
netic manipulation scenario involving a magnetic suture nee-

dle.

While a limited setting, we feel the nascent nature

of RL for magnetic manipulation may benefit from such
constrained experiments. We look forward to refining this tech-
nique further and demonstrating its applicability in domains
with similar constraints, such as robots in an open factory
setting.
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