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Abstract—Playing table tennis with a human player is a
challenging robotic task due to its dynamic nature. Despite a
number of researches being devoted to developing robotic table
tennis systems, most of the works have demanding hardware
requirements and ignore safety measures when generating the
swing stoke. To address these issues, we propose a safe motion
planning framework that fully pushes the robotic hardware
performance limits to play table tennis. In particular, we
propose a pipeline to generate manipulator joint trajectories
with environmental safety constraints and scale the trajectories
to satisfy joint movement limitations. We use three different
agents to validate the planning algorithm with our handmade
robot platform in both simulation and real-world environments.

I. INTRODUCTION

Playing table tennis is a challenging task for a robot
manipulator. This is because it is a highly dynamic task with
strong requirements on both robot control and perception,
including high-speed motions, precision, correct timing, ef-
ficient and accurate ball tracking, and state estimations. Due
to these challenges, researchers have focused on developing
different strategies to allow for effective play. Some of the
earliest works date back to Andersson et al. [1], [2] using a
robot manipulator mounted on the ceiling and four different
cameras to track the ball. These early approaches were
mainly based on optimal control techniques, with model-
based physics both for the robot and the ball.

In recent years, data-driven strategies like Reinforcement
Learning (RL) have gained popularity in solving optimal
control problems. Thanks to the advancement in computing
power [3], [4], efficient algorithms [5], and improved simula-
tors for sim-to-real transfer [6], as well as further researches
on model-based approaches [7], [8], RL has become an
alternative approach in robotic table tennis systems [9]-[14].
Researchers adopt RL in robotic table tennis primarily due
to the high dynamic requirements and the need to be able
to adapt to different playing strategies, players, models, and
environment uncertainties.

Despite the emerging literature on robot table tennis
platforms, a few critical issues have not been fully addressed.
Firstly, the hardware requirements and costs. Most state-
of-the-art approaches employ advanced and costly commer-
cial robot products (e.g., Kuka [10] and WAM Barrett [7])
and vision systems (e.g., capable of 149 fps [10] and 250
fps [8]) that are not directed to the general public.
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Fig. 1: The custom-built robot in the table-tennis scenario
playing with a human.

Secondly, especially for real-world deployment, the long
training time of RL agents. A typical approach is to
train an agent end-to-end by outputting sequences of joint
actions as in [11], [15]. Ding et al. [16] propose using
human demonstrations to improve sample efficiency, yet, the
approach requires hours of human data collection. Tebbe et
al. [10], instead, propose a modified version of an actor-critic
network and a parametrization of the stroke movement in
order to improve sample efficiency over end-to-end learning.
The hitting state is however defined only by two orientations
and a single component for the hitting velocity, limiting the
learned trajectories.

Additionally, none of the works has directly addressed the
safety issues and physical limitations that robots have (e.g.,
joint position and velocity limits, avoiding contact with the
table, etc.). Only a recent work [14] included safety in policy
learning for robot table tennis, yet their approach requires
a concurrent simulator to run in real-time and brute-force
velocity limit saturation. The safety problem becomes more
prominent if one uses a handmade robot, which does not have
all the necessary safety measures as commercial robots.

In this work, we build a robot table tennis platform
to address the above issues. Our platform is based on a
low-cost custom-built robotic system consisting of a 6-DoF
robot arm and two RGB monocular cameras. We propose a
unified planning pipeline for generating safe swing strokes
for robotic table-tennis, including safety bounds (e.g., hitting
the table, reachable workspace) and robot’s joint velocity
limitations. We parameterize swing strokes with a set of
parameters and develop a refinement procedure to plan the
actual swing trajectory. Our parameterization scheme allows
free swing motion while our refinement step ensures that all
robot’s physical and safety constraints are always satisfied.
Our planning scheme is applicable to both model-based
and RL-based agents. For RL agents, we do not learn
sequences of actions in an end-to-end fashion since it is
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not sample efficient and more challenging to satisfy the
safety constraints. Additionally, the parametrization and the
proposed motion planning are not robot-specific and can be
adapted to any other robotic system.

From a planning perspective, [8] is closely related to our
work. The authors use a quintic polynomial planner to reach
the hitting state, but their approach is fully model-based,
using ball physics to determine the hitting positions and
heuristically setting the hitting velocity. Our parametrization
in terms of hitting pose, velocity, and time allows for less
heuristics and restricted motions, while also enabling us to
inherently compensate for system latencies [14].

After conducting extensive experiments using our platform
and planning algorithm, we find that a hybrid approach that
combines both model-based and learning-based strategies
yields the highest performance in terms of hit rate, return
rate, precision, and training efficiency.

II. PRELIMINARIES

This section gives a brief overview of general RL formal-
ism and the physics model for ball trajectory prediction used
to improve the RL training efficiency.

A. Reinforcement Learning

An RL agent is generally defined within the standard for-
malism of Markov Decision Process (MDP), which consists
of a state space S, action space A, and a reward function rl,
The agent, modelled by an artificial neural network, learns
optimal action policies by interacting with the environment
and receiving a reward for each proposed action.

This iterative process can be very time-consuming and
inefficient if no a priori knowledge of the environment is
given. In a table-tennis scenario, the agent should be able
to learn optimal swing strokes to hit the ball to a goal
position on the opponent’s side in a continuous rally. For
this reason, we propose to use a simplified ball trajectory
prediction module to improve sample efficiency.

B. Ball Trajectory Prediction

The ball trajectory is crucial to determine where and
when to hit the ball. Ball trajectories are defined by two
phases and described by two corresponding models, free-
flight and bouncing [7]. We ignore spin estimation which
requires a high-speed camera running at high resolution [17].
Nevertheless, ignoring spin motions can lead to large ball
prediction errors in the presence of high-speed spinning
motions.

1) Prediction Model: In the free-flight phase, the ball’s
position and velocity b,b € R? are expressed as a set of
ordinary differential equations (ODE) derived from

(free-flight) b = g — Cy||b]|b, (1)

where the Cy is the air drag coefficient and g is the
gravity. Given an initial state (bg, by), the ball’s future states
are predicted by solving an initial value problem ¢y,

'In robotic table tennis, we consider a single step setup and thus ignores
the state transition probability.

by, by, T — by, b, for t € [0, Tyreq]. The ball’s velocity after
bouncing on an object (table or racket) is obtained by the
bouncing model

(bouncing) b, = (I - RKR )v+ RKR'b; , (2)

where K = diag(ks, ky, k.) is the matrix of the object’s
restitution coefficients, R € SO(3) the object orientation,
and v € R? the object linear velocity. In the case of contact
with the table, the ball velocity after contact becomes Bo =
Ktablel')i, with the table being stationary and its orientation
frame aligned with the world frame.

2) Initial Ball State Estimation: The ball’s initial state
is required to predict the ball trajectory. Given a set of
noisy measurements of the ball’s positions {bg,...,bas},
a polynomial interpolation along x,y,z is performed to
estimate the ball’s initial position and velocity. We use first-
order polynomials for x,y and a second-order polynomial
for z. The polynomial coefficients are determined by solving
the corresponding least squares regression problem from
seven ball measurements. The latest interpolated point is then
chosen as the initial ball’s state for the trajectory prediction.

3) Parameter Estimation: We use offline ball trajectories

Tn,n = 1,..., N to estimate the parameters for the trajectory
prediction models. Each trajectory is a sequence of ball
positions 7, = {bo.n,b1r,...,br,} of different lengths

due to the different durations. We estimate the bouncing
coefficients K in (2) by solving a least squares problem
from stacked velocities before and after bouncing, where the
velocities are computed by finite difference with Gaussian
smoothing. The drag coefficient C; is computed directly by
solving the nonlinear optimization to minimize the errors
between the predicted ball positions, computed from the free-
flight model initial value problem, and the measured ones for
each trajectory 7.

III. METHODOLOGY

This section presents our unified pipeline considering the
different agents to control the robot in the table tennis sce-
nario, discussing the model-based and learning-based agents,
and the motion planning approach.

A. Overview

We consider three types of control agents: Model-based,
model-free Pure RL, and Hybrid RL.? All three agents output
a parameterized action to characterize the swing stroke
trajectory. A swing action consists of ten real numbers:

pr €R? ¢y €R? v, eR®, T), €R,

where p; stands for the hitting position, ¢, for the hit-
ting orientation parameterized by the roll-pitch-yaw angle,
v, for the hitting velocity, and T} for the hitting time.
Fig. 2(a) and 2(b) depict the schematics of the three agents
and the motion planning pipeline, respectively. It is worth
mentioning that learning the hitting time helps to compensate

2To distinguish the model-based and learning-based strategies, we slightly
abuse RL terminology by referring to model-free and model-based RL
agents as Pure RL and Hybrid RL, respectively.
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(a) The three control agents for action selection.

Fig. 2: The full control pipeline. (a) Three hitting strategies:

(2) Pure RL, prediction without using physics models (3)
mechanism. (b) The motion planning and robot control.

for latencies in the real-world setting. Additionally, the
parametrization allows employing standard motion planning
techniques that are guaranteed to ensure safety.

B. Model-based Agent

In a model-based setup, the hitting parameters are obtained
according to the pipeline shown in Fig. 2(a).

Ball initial state estimation. Given the ball positions
captured by the cameras, the initial ball position bj,;; and
velocity Binit are estimated as in II-B.

Trajectory prediction. With the ball’s initial state, we
predict the ball trajectory for T},,.q = 1.5s by combining
the free-flight model (1) and the bouncing model (2) for the
contact with the table. From the predicted ball’s trajectory,
the closest point to the initial robot state gi,i; is chosen as
the hitting point. This is selected among all points after
the bounce that satisfies the safety conditions. This step
determines the racket’s hitting position pjy, hitting time T,
the ball’s position b, and velocity by, before hitting.

Get ball bouncing speed. This stage estimates the ve-
locity the ball needs to reach after being hit by the racket
(i)out) in order for it to reach a target goal bys in a given
time Tig¢, starting from the hitting position by,. Given the
free-flight model ODE, a boundary value problem is solved
¢bvp : bh7 btg‘m Ttgt — bout~

Get racket hitting state. Once the desired ball’s velocity
after being hit is computed, the racket’s velocity v, and
orientation R(¢y,) in order for the ball to achieve bous need
to be determined. This step adopts the racket’s bouncing
model (2) to solve a nonlinear optimization problem for the
racket’s velocity v;, and orientation ¢y,:

Up, ¢h = argmin ||i)0ut - (I - K’f‘)v - I_{ri)}LHZ
v,
K, = R(¢) K- RT(¢)7
Uy S < VMm, ¢’m < ¢ < ¢Ma

where v,,,, Vs, @m, @ar are the bounds on the velocity and
Euler angles, and K, the racket’s bouncing matrix.

The model-based agent thus returns the hitting parameters
Ph, Rp, vy, Ty, which are then used for the motion planning.

3)

S.t.

18

(b) Motion planning.

(1) Model-based, predict hitting action with physics models
Hybrid RL, modifies the Model-based prediction using RL

C. Learning-based Agents

The model-based agent is highly dependent on the accu-
racy of the ball predictions, on the estimated ball parameters,
and on heuristics to determine the hitting velocity. Learning-
based agents instead can compensate for such errors and pos-
sibly generate better swing strokes. We adopt a single-stage
RL to find a solution through exploration and exploitation.

1) Model-free Pure RL Agent: According to the formal-
ism in II-A, a state s € S C R® consists of the initial
ball position by, € R3, the estimated initial ball velocity
binit € R3, and the target position on the table bigt €
R2. For the action space A C R!9 we learn the action
a = [pn, dn,vn, Tn] . We reduce the action space by only
learning the magnitude of the Euler angles, while forcing
the signs of the Euler angles to orient the racket towards the
target location.

2) Hybrid RL Agent: The hybrid agent combines both the
model-based prediction and the learning mechanism. Given
the predicted hitting position Py, hitting time T}, and ball
velocity before hit b;, from trajectory prediction as state
space, the agent learns offset values for the hit position Apy,
and timing AT}, for the predictions and the actual hitting
linear velocity and orientation from scratch like the model-
free agent. The offset range is kept small (+10cm for Apy,
and [50, 150]ms for AT}) to boost exploration efficiency.

3) Reward and Learning Algorithm: The Pure RL and
Hybrid RL agents share the same reward function, which is
a sum of five terms. We reward the agents for 1) hitting the
ball, 2) the ball passing the net, 3) passing the net with a
suitable height (too low or high are penalized), 4) the ball
landing on the opponent’s side of the table, and 5) distance to
the target position using an inverse distance reward measure.

Sample efficiency is critical for real-world RL training.
In particular, we would like to deploy a real-world table
tennis robot with as little training as possible. We adopt
Twin Delayed DDPG (TD3) [18] to train the learning-based
agents. TD3 is a variant of the DDPG algorithm [19], which
is an extension of the Q-learning algorithm for the continuous
action space. TD3 mitigates the overestimation issue of
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the ()-factor by using two ()-value networks. TD3 is an
off-policy algorithm, which takes advantage of the replay
mechanism and is thus more sample-efficient training than
on-policy algorithms such as PPO [20]°.

Remark 1: Hybrid Reinforcement Learning (RL) inte-
grates the strengths of model-based and learning-based ap-
proaches. Unlike model-based agents, it uses learning to cor-
rect prediction errors, enabling more diverse hitting motions.
Compared to solely learning-based RL agents, it employs
trajectory predictions to narrow down the exploration space.

D. Motion Planning with Physical Limitations

We consider the physical limitations of the robotic arm
in the motion planning to ensure safe and reliable motions.
With the given racket hitting state defined by pp, ¢n, v, T},
a feasible motion plan needs to be generated to move
the robot from its initial state. Directly using a Cartesian
motion plan requires solving inverse kinematics at each
time step, which increases the computational overhead. The
computation overhead further increases if we include the
robot’s physical limitations. Therefore, we formulate motion
planning at the joint level (Fig. 2(b)).

We employ two different safety checks for the racket
hitting position py: a minimum height above the table empir-
ically set to 15cm; hitting point within the robot workspace,
which considers the additional deceleration motion after hit
and restricts the hitting point to be within a radius of 95cm
from the robot base.

1) Trajectory Planning: We use inverse kinematics to
solve the robot’s joint state at hitting time from the computed
hitting position p;, and orientation ¢y, as

qr, = IK(pn, or). “4)

Then we solve the joint velocities at hitting while including
joint velocity limits:

o : 1 5

gr, = argmin §||W(Jq - [U;—L OT}T)||2
g ®)

st Gm < q < dqu,

where W € R®*6 is a diagonal weighting matrix, J € R6*6
is the manipulator’s Jacobian matrix, and q,,,qn; are the
minimum and maximum joint velocity limits. In this way,
the robot motion does not exceed the physical limits but
sacrifices the accuracy in achieving the desired linear and
angular velocities at the hitting time.

We determine the trajectory using polynomial planners
from the computed hitting states in joint space qr,,dT),,
the hit time 7}, and the current robot state g, Our
method is similar to [8]. For each joint ¢ = 1,2,...,6,
we split the trajectory into a forward swing phase and a
backward return phase and adog)t separate quintic polynomi-
als ¢\ (t) = 25 e ) e Rto compute the robot
state for any given time ¢ € [0, T]. The coefficients ) are
computed by solving the linear system of equations system

3Similar results also observed in [21].

TABLE I: Duration 7' and boundary conditions for motion
planning with quintic polynomials for each joint .

phase T q(()i) qéf) 11(()i) q(Ti) q(()i) ‘j(Ti)
forward T}, ql(lizt qg"ls) 0 q%? 0 0
(1) (@

backward T qT, init q(TZZ 0 0 0

with boundary conditions on joint positions, velocities, and
eventually accelerations as:

0 =a’, 0 =, O =a’,
¢(T) =qf, ¢O(T) =g, §O(T) = .
The boundary conditions and duration 7" for the two phases
are listed in Table I. We concatenate the forward and back-
ward phases to form a complete motion trajectory.

2) Motion Scaling: The trajectory planner generates a
set of joint positions and velocities for the robot to reach
throughout the whole motion trajectory. The joint positions
and velocity limits are guaranteed to be satisfied only at the
beginning and at the end of the motion. For this reason,
we scale down the computed trajectory if velocity limits
are exceeded. In other words, the overall motion duration
is enlarged. We therefore refine the planner in (6) in terms
of the normalized time variable n = ¢t/T}, € [0,1]. It can be
shown [22, Section 7.7] that the joint velocities scale linearly
with the motion duration as ¢; = 8%—(7;’)% = 8%—(7;7)%.
Given the initial planned trajectory, the time scaling factor is
computed as o = max{1, ‘3;7} where ¢, are the maximum
allowable joint velocities and ¢y, the highest joint velocities
achieved within the planned trajectory.

IV. SYSTEM DEPLOYMENT

We deploy our motion planning strategy on a real robotic
platform. This section describes the vision system and the
custom-made robot.

A. Vision System

We employ two monocular RGB cameras (Hikvision M'V-
CBO013-A0UC) to capture the images. The cameras operate at
a resolution of 1280 x 800 pixels at 83 FPS and an exposure
time of 6.5ms. The cameras are placed on the ceiling to
ensure that their field of view covers the entire table.

To detect the ball, we combine image segmentation and
color filtering inspired by [23], [24]. We convert the raw
images to the hue-saturation-value (HSV) color space and
use manually tuned thresholds to obtain a binary mask. The
background image is subtracted from the mask and size
and shape features are adopted to extract the ball contour
from any extraneous contours. To speed up computation, we
restrict the ball detection to a small region of interest as the
ball only moves short distances from one frame to the next.
The 3D ball position is obtained by triangulating the 2D
results from the two cameras. The raw images are obtained
from the cameras in 12ms, while the detection procedure
takes 3.5ms, resulting in 63 ball positions per second.
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Fig. 3: The schematics of the custom-built robot. The blue
arrows represent the joint axis of rotation.

TABLE II: Denavit-Hartenberg (DH) parameters.

joint ¢ d;(m) 0:(°) a;(m)  «a;(°)
1 0.18 01 0 —-90
2 0 02 — 90 0.50 0
3 0 03 0.07 —-90
4 0.50 04 0 90
5 0.08 05 — 90 0 —90
6 0.2 06 0 0

B. Robot System

We employ a custom-built low-cost robot manipulator
(Fig. 1). The robot schematic is shown in Fig. 3 and the
corresponding DH parameters [25] in Table II. The robot
is a 6-DoF manipulator with all revolute joints and a racket
screwed on the end-effector. The links are made of aluminum
and built in-house using standard CNC machining.

We adopt six Eyoubot motors [26] for actuating the
revolute motions. Given the different sizes of the motors, the
motor speed limits are 180, 180, 220, 220, 200, and 200°/s.
The low-level motor operates in a interpolation control mode
using a cascaded proportional-integral-derivative (PID) al-
gorithm with feed-forward terms to track the interpolated
waypoints. The controller is set to run at 200 Hz.

Our custom-built robot costs less than 3,000 USD, which
is more affordable than commercial robots. However, it lacks
their extensive safety features, highlighting the need for a
safe motion planner for swing strokes.

V. RESULTS

This section shows results from using different agents in
simulations and real-life games against a human.

A. Simulation Tests

The simulation setup is created in PyBullet [27] to sim-
ulate the physics and OpenAl gym [4] to build the rein-
forcement learning environment. For the simulation, the same
pipeline as for the real case is used, except that the ball
measurements are directly obtained from the simulator and
not from the vision system. Seven ball positions are used to
estimate the initial ball position as in section II. Additionally,
the same robot limits as in the real case are set.

1) Training: We randomize the initial ball positions and
velocities when training the learning-based agents. The initial
velocity is determined such that the ball bounces on the
robot’s side of the table in a random time between 400 and
600 milliseconds. The agents then aim at a random target

—— Pure RL

N

=

—— Hybrid RL

Hitting Rate (%)

d (cm)

MWW%W%

10 |

Episodes 7000

Return Rate (%)

e

0 Episodes ‘ 7000
Fig. 4: Training performance over 5 runs for the Hybrid RL
agent (blue) and the Pure RL agent (red) in simulation.

TABLE IIIi Simulation test results (average over 1,000
episodes). d is the average distance to the target.

Agent Training episodes  Hit rate (%) Return rate (%) d (cm)
Model-based N.A. 85.8 71.8 24
Model-based (no safety) N.A. 52.9 45.5 21
Pure RL 4,000 90.8 83.4 27
Pure RL 8,000 98.4 93.1 27
Hybrid RL 300 96.9 80.4 33
Hybrid RL 1,500 98.4 93.6 20

location on the opponent’s side. An episode terminates if
the ball falls outside of the table, if it hits the net, or if it
bounces on the robot’s side after being hit by the racket.

We train the agents for different numbers of epochs to
evaluate the efficacy and efficiency of the two learning-based
approaches. Fig. 4 shows the performance of each agent over
the training episodes in terms of hit rate, successful return
rate, and distance to the target for successful returns. As
evident, the hybrid agent has better sample efficiency and can
reach higher hitting rates, return rates, and accuracy faster
than the model-free agent.

2) Evaluation: The same initial ball randomization as the
training is used, yet, for easier comparison, the robot’s target
is fixed to be in the middle of the opponent’s side of the table.
The average velocity of the ball in simulation is 5.3 m/s with
arange of [4.0, 7.1] m/s. Table III reports the results for 1,000
episodes. Given the training results, we compare the model-
based agent to the learning-based ones trained for different
numbers of epochs. Both Pure RL and Hybrid RL largely
improve over the model-based agent in terms of hitting and
return rates. Only a slight deterioration occurs in the average
distance to the target.

Comparing the Hybrid and Pure RL agents, the hybrid
approach is already able to achieve superior performance
when only trained on 300 episodes. Training the agent for
longer largely improves the return rate and its precision. For
the Pure RL, instead, a longer training improves both the
hitting rate and return rate, but still fails to outperform the
hybrid agent.

As shown in Fig. 5 with the screenshots of the Hybrid
RL agent while playing, the benefit of using the learning-
based approach is that it is able to properly return the ball
by correcting the inaccuracies in the ball prediction model.
However, even with learning-based agents, the physical robot
limitations still highly condition the robot’s performance.
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(d) Post-hit (e) Reset

Fig. 5: Example of ball hlttlng stages for the Hybrid RL agent The solid green line is the actual ball trajectory, the yellow
line is the estimated trajectory, the black cross is the predicted hit position, and the red curve is the robot’s planned motion.
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Fig. 6: The hitting and successful return rates as a function of
the time scaling factor o due to the joint velocity limits using
the Hybrid RL (blue) and model-based (orange) agents.

Table III shows how the proposed motion planning with
safety already improves the model-based agent. For further
analysis, Fig. 6 shows how the time scaling factor from III-
D affects the hitting and return rates. For the model-based
agent the hitting rate and the return rate quickly deteriorate,
even at low scaling factors: the return rate drops to below
10% when at least one of the joints exceeds the limit by only
10% (o = 1.1). With the Hybrid RL agent, instead, similar
drops occur at o = 1.6, with the robot still having over 80%
hit rate. The learning-based agent more effectively adjusts
hitting parameters for improved swing strokes compared
to the model-based agent. Yet, at higher scaling factors,
decreased reachable speeds hinder successful returns.

B. Real-world Experiments

We evaluated the different agents in a real-world scenario
with the robot playing cooperatively with a human user.
The robot is required to return the ball at a specified and
fixed location on the opponent’s side. Because it is time-
consuming and possibly dangerous to train the Pure RL
agent, the same model as the one trained in simulation is
used. For the Hybrid RL, instead, different models are used:
trained purely in simulation (sim); pre-trained in simulation
and fine-tuned in the real scenario for 100 or 200 episodes
(sim+fine-tune); purely trained in the real scenario (from
scratch). Table IV reports the comparative results for the
different models when tested for 200 additional episodes®.
The average initial ball velocity was estimated to be about
4m/s during training and testing. For simulation trained
models, the best models reported in Table III are used.

Compared with the Model-based approach, the Pure RL
have a worse performance, despite some improvements in
simulation. The sim2real transfer of the Hybrid RL, instead,

4We did not fine-tune Pure RL because its exploration space is too large.

TABLE 1V: Real-world results from cooperative play be-
tween the agents and a human player (average over 200
episodes): (sim) agents are trained in simulation; (fine-tuned)
are fine-tuned in the real setting; (from scratch) are entirely
trained in real setting. d is the average distance to the target.

Agent Episodes Hit rate (%) Return rate (%) J(cm) Longest rally
Model-based NA. 84.5 82.0 25.5 18
Pure RL (sim) 0 77.5 58.0 33.3 9
Hybrid RL (sim) 0 89.5 81.0 33.1 16
Hybrid RL (sim + fine-tune) 100 91.0 85.0 29.2 18
Hybrid RL (sim + fine-tune) 200 95.5 90.0 26.3 15
Hybrid RL (from scratch) 400 94.0 87.5 32.2 30

leads to slight improvements in terms of hitting rate, but
to a lower precision and rally length. This is mainly due
to discrepancies between the simulation and the real-world
environments.

The fine-tuning helps enhance the Hybrid RL agent. Our
results show that with only 200 episodes it largely improves
the hitting rate, return rate, and precision in reaching the de-
sired target. Also, training from scratch improves the agent,
but requires at least 400 episodes to achieve a performance
similar to that of the fine-tuned one.

C. Further Discussion

Both simulations and real-world experiments show that
adding prior knowledge to RL agents cuts down training
time and outperforms purely model-based or learning-based
methods. While all agents perform well in simulation, the
difference is more noticeable in real-world settings. This is
due to the limitations of our custom robot, vision system
inaccuracies, and ball prediction errors. Notably, transferring
model-free RL from simulation to reality is challenging, even
though it’s cost-effective to train purely in simulation.

VI. CONCLUSION

We here proposed a unified planning pipeline to enable a
low-cost custom-built robot to play against humans, while
satisfying safety constraints. Our framework allows employ-
ing both model-based and learning-based agents. Our results
show the advantage of using learning-based agents, and the
additional benefits of integrating model-based predictions
with RL. We also show how the robot’s physical limitations
affect the agents and their capabilities to effectively learn
alternative swing strokes to overcome those limitations. Cur-
rently, our robotic system is still limited in design and future
work is focusing on deploying the pipeline on a more athletic
robot with a larger workspace and higher performance.
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