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Abstract— Motivated by recent advances in robotic sys-
tems’ ability to interact with dynamic environments, we
study autonomous robotic table tennis in this paper. We
design a high speed robotic arm to play table tennis, and
develop a software system that predicts the incoming ball’s
trajectory and learns to control the robot arm for striking the
ball to the opponent side of the table. Utilizing the idea of
residual physics, we develop a residual predictor to predict
a striking position for the incoming ball using sparse
observation of the ball’s starting trajectory. We control the
arm to the contact-ready position, and then use a neural
network to output the striking velocity to hit the ball.
The neural network is trained through experience using
a regression-based learning method. Simulation results in
a robotic simulator demonstrate the superior performance,
benefiting from efficient learning.

I. INTRODUCTION

Recent advancements in robotic systems have signif-
icantly enhanced their ability to interact with dynamic
environments. One critical area of focus has been the
development of robots capable of accurately throwing
objects [1] [2] [3]. Neural networks have demonstrated
the potential of robotic systems to successfully throw
objects at static [4] and dynamic [5] targets. However,
if the object is a moving projectile, then receiving
and striking the object becomes much challenging. An
example of such a scenario is robotic manipulators
playing table tennis.

The origins of robot table tennis research date back
to the competitions initiated in 1983 [6], with early
advancements made in the 1980s [7] [8]. In 1988, a
notable development involved using a six-degree-of-
freedom (DoF) PUMA 260 arm and a high-speed video
streaming system to play table tennis under simplified
rules [9]. At the start of the 21st century, learning-
based approaches began to gain popularity in the field
of robotic table tennis [10]. Although the robotic table
tennis competitions concluded in 1993, they laid the
groundwork for the discovery of new technologies.

Over the years, researchers have tackled numerous
challenges in robotic table tennis, resulting in innova-
tive solutions. While trajectory prediction for the ball
can be done using the equations of projectile motion,
these idealized models often fail to account for real-
world factors such as frictional losses, air resistance
and restitution, making accurate predictions difficult.
To address this, a stereovision system was developed
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to track the ball’s trajectory during table tennis, pro-
viding more robust data for trajectory estimation [11].
It was later improved by incorporating curve fitting
techniques and an extended Kalman filter, which en-
hanced prediction accuracy by accounting for noisy
measurements and non-ideal conditions [12]. Addition-
ally, reinforcement learning has been applied to learn
striking policies directly, bypassing the need for explicit
trajectory prediction and offering an adaptive approach
to striking the ball [13]. These methods all heavily rely
on the historical position data of the ball to estimate its
trajectory and to inform striking decisions.

Learning based approach proved successful in
controlling joints for producing effective hit [13].
Biomimetic strategies for ball striking was proposed in
[14]. More recently, wheel-based mobility with a robotic
manipulator proved successful in receiving and strik-
ing the ball successfully for robotic wheel chair tennis
[15]. Across these studies, various methods have been
employed to predict the trajectory of the incoming ball
and plan the paddle’s hitting maneuver. The sooner
robots predict the trajectory of the incoming ball, the
quicker they can adjust their joint movements to strike
it effectively.

In this study, we address the robotic table tennis
problem using a learning-based approach aimed at
early prediction of the ball’s striking point and gen-
erating an optimal strike to return the ball to the
opponent’s side of the court. The system relies on
a vision-based setup. Instead of predicting the entire
trajectory, we directly predict the striking point using
a shallow neural network that processes only two posi-
tion samples of the ball to estimate the optimal striking
point using a residual estimation method. For the strike
planning task, we model the problem as an input-
output system, where the desired landing position of
the ball serves as the input and the robot’s striking
velocity is the output. We validate the performance of
our approach in a robotic simulator, demonstrating that
the learned models effectively ensure successful ball
reception and striking within the table tennis environ-
ment.

The main contribution of the paper lies in the in-
novative learning methods for robotic table tennis: 1) a
residual learning scheme to predict the landing position
of the incoming ball with two position samples only
from the beginning trajectory of the ball; and 2) a
random forest regression based method to learn the
appropriate velocity for striking the ball to reach the



target location. The developed method contributes to
the robotic ability to dynamically interact with the
environment.

II. RoBoT DESCRIPTION AND PROBLEM STATEMENT

Popular commercial robotic arms are designed for
safe operation, which limits their ability to move the
joints with high velocity. This makes most of the avail-
able commercial robotic arms unfit for table tennis. To
overcome this problem, we design a custom robotic
arm that allows faster motion. It includes precise joint
actuation with high joint velocities and a high degree of
freedom to enable complex and accurate movements.
We present the design of the robotic arm below.

A. Robotic Arm

The design of the robotic arm is depicted in Fig. 1.
It features 6 Degrees of Freedom (DOF), providing a
high level of maneuverability and precision as shown
in Fig. 1. Joints [, ], J3, and J4 are actuated by Xiaomi
Cybergear motors, which allow for continuous rotation
of 360 degrees. These joints have a maximum speed
of 296 rpm and a peak torque of 12 N.m. Joints |5
and J¢ are actuated by RDS5160 servo motors, capable
of rotating from 0 to 270 degrees. The peak angular
velocity of these joints is 461 degrees/sec. with a peak
torque of 6.87 N.m.. The paddle is connected to the
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Fig. 1: Design of the robot arm to play table tennis

robotic arm via Js. J4, /s and Js are placed along the roll,
pitch, and yaw axes of the paddle which enables the
robot to precisely control the paddle’s orientation only
with these three joints. This precise control is crucial
for accurately striking the ball and directing it to the
desired location on the table tennis court.

B. Problem Statement

Robotic arms designed for table tennis must exhibit
fast speeds in both actuation and decision-making. To
execute a successful hit, humans estimate the ball’s tra-
jectory and position the paddle at a striking point. This
process is refined through the player’s experience and
constant visual tracking of the ball. However, robotic
systems are constrained by computational limitations,
which means that continuous monitoring of the ball via
cameras can reduce the time available for control tasks,
such as motion planning, joint actuation, and hitting
the ball.

We consider a robotic table tennis setup consisting of
a ball, a tennis table, and the robotic arm, as depicted
in Fig. 2. We assume that a ball is being thrown from a
ball thrower and the first two position samples (when
the ball launches from the thrower) with their corre-
sponding time instants are known from the camera
feeds. We denote these positions as pp € R® and p; €
R®, considering the frame rate of the camera system
to be F,. Since the robotic arm has many degrees of
freedom, we constraint the striking point ps € R? on the
X =a plane in a global X-Y-Z coordinate system where
a is a constant. Additionally, we define a pre-strike
paddle orientation, 84, which represents the angular
configuration of the paddle before it makes contact
with the ball. We determine the joint angular velocity
w = [w1 — ws] to effectively strike the ball ensuring the
ball lands at the desired landing position, pr € R? on
the table surface. Our problem is defined as: given two
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Fig. 2: The setup of the robotic table tennis

point observation (pg, p1) of the table tennis ball, design
robot joint controller w;,i = 1,...,6, such as the paddle
attached to the robot arm strikes the ball to the desired
location pr.

III. METHODOLOGY

In this section, we present our developed software
system to solve the proposed problem, which contains
the following:

1) Striking Point Estimation Module estimates the

striking point, ps;

2) Contact Ready Module brings the paddle to ps and
keeps the robot standby for hitting the ball;

3) Ball Strike Module is responsible for estimating
the arm’s joint angular velocities: wy, ws and w,
ensuring the ball lands at pr.

Fig. 2 depicts the architecture of the overall system.

In the following, we explain each of the modules in
details.

A. Striking Point Estimation Module

Given that pg and p; represent the first two position
samples of the ball immediately after it is thrown from
the ball thrower, we can express the initial velocity as:

P1—~Po
= 1

A 1)
where At represents the time interval between po and

pP1-

Vo



With py and vy, the ideal trajectory can be deter-
mined using the equations of projectile motion. Assum-
ing constant velocities in the horizontal plane (X and
Y axis) and gravitational acceleration (g) acting in the
vertical direction (Z axis), the ideal trajectory, Py can be
described as:

x(t) X0 Oox 0
Pu(t) = [y(t)| = |yo| + |voy[t+]| O [F 2)
Z(t) 20 (40 _%g

This approach takes only po and p; to calculate the
trajectory for the ball. While this methodology ap-
pears to accurately predict the ideal trajectory of the
incoming ball, it fails to account for energy loss during
the ball’s bounce on the table, air-resistance, friction
between the ball and the table surface, and other en-
vironmental factors prevalent in practical-world condi-
tions. For instance, the coefficient of restitution, which
measures how much energy is conserved in a collision
by comparing velocities before and after impact, for
a typical wooden table tennis court ranges from 0.74
to 0.78 [16]. These factors significantly influence the
actual trajectory of the ball. We consider such devia-
tions to be the residual impact of all the other physical
parameters experienced in practical conditions. Given
the complexity of estimating these residual impact and
incorporating them into the actual trajectory calcula-
tions, we adopt a learning-based approach. This idea
of estimating residual physics is inspired by [4]. We
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Fig. 3: Architecture of the proposed system

define the ball’s actual trajectory as P, € R®. The
relation between Py and P, on the X = a plane can
then be defined as:

P, =P+ 3)

where 6 represents the deviation of the trajectory due
to the residual effects of the aforementioned physical
factors. To estimate the residual effects, 6, we develop
a learning-based system that models 6 in a supervised
fashion. Details of this residual estimation is discussed
in the following section.

1) Residual Predictor: We model the deviation, 6 of
actual trajectory on the x = a plane, as a function of po,
vo, d (distance between the base of the robot and py)
and the striking point on the ideal trajectory, pi (which
is constrained in the X = a plane).

6 = F(po, vo, 4, px) 4)

The residual predictor sub-module estimates the devia-
tion 6 as defined in (4). We estimate the function F in (4)
using a neural network. The architecture of the neural
network used for this purpose is depicted in Fig. 4. This
model is designed as a feedforward neural network,
which consists of two sequentially connected linear
layers. The first linear layer is followed by a Rectified
Linear Unit (ReLU) [17] activation function, which
introduces non-linearity into the network, allowing it to
learn more complex representations of the input data.
The ReLU function is particularly advantageous due to
its simplicity and efficiency, as it only activates neurons
that have a positive input. The second linear layer
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Fig. 4: The architecture of the residual predictor

is followed by a hyperbolic tangent (TanH) activation
function, which squashes the output of the layer into
the range [-1,1], as we normalize § during training.
We also assume 6 having both positive and negative
nature. The TanH activation function ensures the model
can learn both these natures as output. This shallow
architecture of the neural network is deliberately de-
signed to ensure fast inference (about 4.3 ms on an
Intel Xeon processor), which is critical for real-time
operations.

To collect data for training, we throw the ball from
random py with random vy and we record the strik-
ing point ps on the actual trajectory P,. The detailed
training procedure of the residual predictor is shown
in Algorithm 1. As shown in the algorithm, the system
uses the training data (po, Vo, ps) as input. Based on
this data, it estimates vy and calculates px and d.
Subsequently, the neural network is trained predicting
b and calculating the associated loss. Finally, the model
parameters are updated using the gradients derived
from the loss. Once the residual predictor is trained,



it estimates 0 and the trajectory estimation module
computes ps using (3) as the estimation of the strike
point.

Algorithm 1 Training Procedure for Residual Predictor

Require: learning rate a, number of training samples
N, training data (py, Vo, ps), number of epochs E
Ensure: Trained neural network parameters F
1: Initialize environment
2: for epoch =1 to E do
3: Load data D « py, p1, Ps
Calculate vg using (1)
Calculate px and d
0 « ps — px
X < po, Vo, 4, px
Initialize Residual Predictor model, F
Forward Pass: Compute Prediction 5 — F(X)
10: Mean Squared Error Loss, L < 6-90)
11: Compute gradients VgL
12: Update model parameters: F < F — aVrL
13: end for
14: return F

R A

B. Contact Ready Module

The contact ready module ensures that the robot’s
paddle is positioned accurately at the strike point, es-
timated by the strike point estimator described above.
The process begins with the module adopting the pre-
strike paddle orientation, 64, at ps, which forms the
target pose for the robot.

The motion planner in the contact ready module
takes both the current pose of the robot and the target
pose as the input. It then computes the sequence of in-
termediate joint states necessary to transition the robot
from its current configuration to the target pose. We use
RRT-Connect motion planner [18] to effectively plan the
robot arm’s joint trajectory. These computed sequence
of joint states are then sent to the arm joint position
controller, which executes the required movements to
achieve the desired contact angle of the paddle at the
collision point. This sequence of operations ensures
precise positioning of the paddle at ps, which is es-
sential for the robot’s successful interaction with the
ball.

C. Ball Strike Module

As the robot reaches ps, it estimates the requisite joint
velocities, w, needed to position the ball on the desired
landing position, pr, on the table.

As the joints Ji(i = 4,5,6) are placed along the roll,
pitch and yaw axes of the paddle, predicting their
corresponding joint velocities w;(i = 4,5, 6) is sufficient
to exert force on the ball in any direction. To accurately
determine the behavior, w;(i = 4,5,6), we formulate it
as a function of vy, ps and pr.

w, = T(vy, ps, PL) ®)

Algorithm 2 Training Procedure for striking velocity
planner

Require: training data (vo, ps, pL, wi(i = 4,5,6)), num-
ber of estimators @, number of training samples N,

1: Initialize environment
2: Collect data D « vy, ps, pr, wi(i = 4,5, 6)

: Initialize Random Forest Regressor, T, with & num-
ber of estimators

: X < Vo, Ps, PL

Y « wi(i=4,5,6)

: Fit T on (X,Y)

: return T

[oN)

N O U

where w, = [wy, ws, we]. T represents the striking veloc-
ity planner depicted in Fig. 3. To estimate the function
T, we model it with the Random Forest Regression
algorithm [19]. To collect expert data for training the
striking velocity planner, we throw the ball from a ball
launcher with random throwing velocities vg, receive
the ball at ps, perform random actions (hit the ball
with random joint velocities w;,i = 4,5,6) and record
the corresponding landing position py, as observations.
With these action and observation pairs, the striking
velocity planner is trained. The training procedure of
the striking velocity planner is shown in Algorithm 2.
After collecting the data, we initialize random forest
regressor with a number of estimators. We fit the
regressor with the inputs vy, ps, pr. and output w;,i =
4,5,6. We found best prediction of w;i = 4,5,6 at
a = 160.

Once the hitting velocities are determined by the
planner, the system transitions to a wait state, where
it remains ready for action. The robot stays in this
state until the the ball reaches the X = a plane. Once
the ball reaches the X = a plane, the predetermined
joint velocities are executed by the hitting controller.
The hitting controller, implemented as a Proportional-
Integral-Derivative (PID) controller, is responsible for
precisely exerting the joint velocities as determined by
the striking velocity planner.

IV. SimuraTioN REsuLts

We present the simulation results to validate the
developed system in the following subsections.

A. Simulation Environment

The simulation environment is implemented using
the PyBullet physics simulation engine [20]. The ball’s
radius and mass are set to replicate those of a standard
table tennis ball, with a radius of 20 mm and a mass
of 2.7 g, respectively. The dimensions of the table are
configured to match those of a standard table tennis
court, measuring 2.7 m in length, 1.53 m in width, and
1 m in height.

To further increase the realism of the simulation, the
restitution coefficient between the ball and the table is



set to 0.75, which aligns with the typical restitution
coefficient found in wooden table tennis courts [16].
Additionally, the lateral, spinning and rolling friction
coefficients of the table is defined as 0.5, 0.05 and 0.05
respectively, ensuring a high-quality representation of
real-world dynamics within the simulation environ-
ment. We further modeled air resistance as a velocity-
dependent force F.r = —Chirvb, Where cur is the air
resistance coefficient and vy, is the ball’s instantaneous
velocity. This formulation follows the standard drag
model for low Reynolds number regimes, where the
resistive force is directly proportional to velocity. To
mimic indoor environment, we set ¢, to be 0.001.
Note that the spin of the ball was not included as a
state variable in these experiments, and only the linear
velocity was considered. This choice was based on
empirical observations that the ball launcher introduces
minimal spin in practical settings.

We sample py and p; from the simulator at a rate
of 240Hz. All simulations and computations are con-
ducted on an Intel Xeon Gold 6226R CPU, which
operates at a maximum clock frequency of 3.9 GHz,
ensuring high performance and reliability in processing
intensive tasks.

B. Residual Predictor

In Table I, we compare the performance of the pro-
posed residual predictor model with other popular esti-
mators. In these experiments, the ball was thrown from
random initial positions with varying initial velocities
and ps was estimated on the plane X =a=40 cm in a
global coordinate where (0, 0, 0) is placed at the leftmost

corner near the robot arm.
We conducted a total of 1000 experiments. The per-

formance of each model was evaluated using three cri-
teria: Mean Squared Error (MSE), Mean Absolute Error
(MAE), and the R? score on estimating 8. The results
clearly indicate that our proposed model outperforms
all other models across these metrics. Specifically, our
model achieves the lowest MSE and MAE values, as
well as the highest R? scores. Although the R? score
for the Y position is relatively modest at 0.1991, this
result should be contextualized. Qualitative analysis
reveals that the residual error 0 in the Y axis is signifi-
cantly smaller than that in the Z axis. This observation
suggests that the lower R? score in the Y axis does
not substantially affect the overall performance of the
system. Thus, despite the comparatively lower R? score
in the Y axis, our model effectively predicts the collision
point, ensuring robust overall performance.

C. Motion Planning

Fig. 5 presents a comparison of the planning times
for a range of motion planners where we choose 1000
random target points for each of the motion plan-
ners and recorded the planning times. The boxplot
displayed in the figure provides a visual summary of
the planning times for eight popular motion planners:
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Fig. 5: Comparison of planning times for different motion planners.
The line in the box shows the median, the box represents the
interquartile range (IQR), and the whiskers indicate the maximum
and minimum planning times.
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RRT [24], RRT-Connect [18], PRM [25], RRT* [26], TRRT
[27], BiTRRT [28], PDST [29] and EST [30]. From the
boxplot, it is evident that among the motion planners
evaluated, RRT-Connect demonstrates the most favor-
able performance. Specifically, RRT-Connect exhibits
the lowest mean planning time, indicating that, on
average, it generates solutions faster than the other
planners. Additionally, RRT-Connect has the shortest
interquartile range (IQR) of planning times, suggesting
that its planning times are more consistent and less
variable compared to the other planners. This implies
that RRT-Connect not only provides quick solutions
but also exhibits reliable and predictable performance
across different instances.

D. Striking Velocity Planner

To evaluate the performance of the striking velocity
planner, we conducted a series of experiments where
the ball was thrown with varying initial velocities from
a ball launcher. The striking point estimation module
estimated ps and RRT-Connect motion planner were
used for motion planning. In these experiments, var-

Opponent Side

Opponent Side

Robot Side Robot Side

Fig. 6: Qualitative analysis of the striking velocity
planner: The red ‘X’ marks the intended hitting point,
while the green marks show where the ball actually
landed after being hit.

ious target landing positions, pr, were selected on the
table to provide a diverse range of scenarios for the ball
strike module to handle. This experiment was repeated
1000 times to ensure robust performance evaluation.
The results of these experiments are summarized
in Table II. The table clearly demonstrates that the
Random Forest regressor with 160 estimators consis-
tently achieves the highest R? scores across all axes.



TABLE I: Performance Comparison of Different Models for Residual Predictor

Model Name MSE (y) | MAE (y) | R? score (y) | MSE (z) | MAE (z) | R? score (2)
SVR [21] 0.0011 0.0274 -4.2884 0.0069 0.0683 0.7753
Decision Tree [22] 0.0004 0.0074 -0.9394 0.0069 0.0483 0.7773
Random Forest (20 estimators) [19] | 0.00023 0.00688 -0.0511 0.00409 0.03870 0.86868
Random Forest (40 estimators) 0.0002 0.0065 0.0077 0.0040 0.0385 0.8702
Random Forest (80 estimators) 0.0002 0.0063 0.0217 0.0039 0.0380 0.8729
KNN [23] 0.0002 0.0061 -0.3281 0.0051 0.0475 0.8352
OURS 0.0001 0.0053 0.1991 0.0041 0.0346 0.8879

TABLE II: Performance comparison of various regressor models acting as striking velocity planner

Model Name Velocity (Roll) Velocity (Pitch) Velocity (Yaw)
R? MAE MSE R? MAE MSE R? MAE MSE
Decision Tree 0.6809 24894 20.3232 | 0.7019 42688 38.5453 | 0.1687 2.1318 8.0570
KNN 0.7955  2.3220 13.0225 | 0.6523 4.3267 44.9649 | 0.6624 1.3665 3.2724
SVR 0.7998 27016 12.7478 | 0.6652  4.1480 43.2922 | 0.5958 1.5183  3.9179
Random Forest (20 estimators) 0.8700 1.7800 8.2792 0.7135  4.2880 37.0549 | 0.6473 1.4500 3.4180
Random Forest (40 estimators) 0.8864 1.4956 7.2346 0.6988  4.2282  38.9459 | 0.6760 1.3445 3.1404
Random Forest (80 estimators) 0.8805  1.5479  7.6102 0.6736  4.3819  42.2076 | 0.6857 1.3619  3.0461
Random Forest (160 estimators) | 0.8868 1.5371 7.2075 0.6891  4.3337  40.2061 | 0.6867 1.3539  3.0360
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Fig. 7: Paddle velocity across operational stages: In stage ‘A’, the
robot estimates the ball’s striking point and plans joint movements
to position the paddle at the predicted striking point. In stage ‘B’, the
robot executes the joint movements. In stage ‘C’, the robot computes
the striking velocity while waiting for the ball’s arrival. Finally, in
stage ‘D’, the robot executes the strike.
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Fig. 8: Inference times of the residual predictor and striking velocity
planner.

A qualitative analysis is shown in Fig. 6. It is clearly
visible that the balls land much close to the intended
landing site of the ball. It shows that the robot serves
the purpose of delivering the ball on the desired side
of the opponent court.
E. Complete System Performance

To thoroughly assess the performance of the com-
plete system, we conducted an extensive evaluation
involving 1000 experiments. In these experiments, we
randomly threw balls from a ball launcher, and the sys-
tem’s success in intercepting these balls was recorded.

residual factors, leading to inaccuracies in the predicted
interception points.

We evaluated the inference times for both the resid-
ual predictor and the striking velocity planner, as
shown in Fig. 8. The residual predictor’s inference
time is under 10 milliseconds, with a median of 4.3
milliseconds, while the striking velocity planner’s time
is below 6 milliseconds, with a median of 4.2 millisec-
onds. These results demonstrate that incorporating the
proposed method would add no more than 16 mil-
liseconds, leaving ample time for motion planning and
joint control, thus proving its efficiency for real-time
applications in any sufficiently fast robotic systems.

F. Discussion and Future Work

The primary objective of this paper is to introduce
a novel residual learning approach that learns from
physics residual for autonomous robotic table tennis. In
addition, we employed a learning from demonstration
(LfD) approach to train the robot’s ball-striking behav-
ior. Compared with reinforcement learning (RL) meth-
ods that need extensive exploration and trial-and-error
interactions with the environment, LfD approaches are
more sample-efficient. Existing RL-based approaches (
[13], [31]) require extensive real-world trials that may
pose safety risks due to high-speed ball interactions



and potential damage to the robot. In contrast, our LfD-
based method directly learns from the demonstration
data, eliminating unsafe exploration.

We presented simulation validation using a physics
engine, assuming two initial-point detection from a
perception system. In our future work, we plan to
conduct real robot arm experiments in a real-world
table tennis setup. This involves integrating a high-
speed 3D perception system for real-time ball tracking.
To ensure low-latency operation of the contact-ready
and the ball-strike modules, we will build a real-time
Linux kernel that allows the robot to communicate with
the workstation for real-time operations. The striking
point estimation module will be adapted to account
for sensor noise in real-world conditions. Additionally,
we will fine-tune the motion planning and control
strategies to accommodate hardware constraints and
optimize execution speed. Due to the page limit and
the complexity involved in hardware integration, an
experimental demonstration is beyond the scope of this
paper.

V. ConcLusion

In this paper, we presented methods for controlling
a table tennis-playing robot, comprising three mod-
ules: striking point estimation module, contact ready
module, and ball strike module. The system uses the
first few trajectory points of the ball to calculate the
initial velocity and derive the physics-based trajectory.
The striking point estimation module refines this tra-
jectory by estimating the residual errors using a neural
network model, ensuring accurate prediction of the
contact point between the ball and the paddle. The
contact-ready module employs the RRT-Connect mo-
tion planner for positioning the paddle at the predicted
contact point. The ball strike module ensures precise
impact velocity, directing the ball to the desired location
on the opponent’s court. This work contributes to the
advancement of robotic systems capable of performing
complex dynamic tasks with high precision and relia-
bility.
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