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Artificial intelligence (AI) systems now challenge or surpass human experts in many 
computer games1,2. Physical and real-time sports such as table tennis, however, remain 
a major open challenge because of their requirements for fast, precise and adversarial 
interactions near obstacles and at the edge of human reaction time3. Here we present 
Ace, to our knowledge the first real-world autonomous system competitive with elite 
human table tennis players. Ace addresses the challenges of physical real-time 
interaction through a new, high-speed perception system using event-based vision 
sensors4, and a new control system based on model-free reinforcement learning,  
as well as state-of-the-art high-speed robot hardware. Evaluated in matches against 
elite and professional players under official competition rules, Ace achieved several 
victories and demonstrated consistent returns of high-speed, high-spin shots.  
These results highlight the potential of physical AI agents to perform complex, 
real-time interactive tasks, suggesting broader applications in domains requiring fast, 
precise human–robot interaction.

High-speed control of agile robots in dynamic environments is funda-
mental for the execution of many real-time tasks featuring interactions 
with humans, and one of the key challenges of many real-world appli-
cations, including, for example, in manufacturing or service robotics. 
Recent advances in deep reinforcement learning (RL) enable high-speed 
robot control and achieve human-champion-level performance in rac-
ing tasks2,5. However, these results have so far been demonstrated only 
in simulated environments2, without the need to estimate state from 
noisy sensors, or static real-world settings that are mostly unaffected 
by the actions of human opponents5.

Table tennis is a sport that requires fast reaction times as the ball 
velocity can exceed 20 m s−1 in high-level games, and the time between 
shots is often less than 0.5 s (ref. 6). The spin, that is, the angular velocity 
of the ball, can reach 1,000 rad s−1, which greatly affects the ball trajec-
tory and its response when bouncing on the table and racket. Spin is 
used to make shots harder to return or to gain a tactical advantage. 
Responding effectively requires expert players to master a range of 
skills for tracking, reacting to, and generating high-speed, high-spin 
shots. Since 1983, various table tennis robots have tackled this challenge 
in simplified settings7, using ball launchers8–17, reduced court cover-
age8–13,15–20 and omitting either robot3,8–18,20–22 or human serves8–13,15–17. 

Crucially, the role of spin has often been ignored8,9,11,12,15,17,18,21,22, although 
it is an important component of competitive human play23.

From a control perspective, previous work typically relies on assump-
tions such as heuristic hitting points9,10,16,17,20,21,24, ball trajectory pre-
dictions8–10,13,14,17,19–22, flight durations13,16,25, human demonstrations 
for hitting motions12,18 and explicit solutions of the racket contact  
state9–11,13,14,16,17,19–22. Other approaches3,15,26 forgo these assumptions by 
using learning-based methods to train policies that directly control the 
robot joints over time based on incoming observations. The actions pro-
duced by these policies can be interpreted as low-level commands (for 
example, air pressure15) or explicit joint position or velocity setpoints3,26.

In this paper, we introduce Ace, to our knowledge the first real-world 
table tennis AI agent competitive with human athletes. Ace is equipped 
with a new perception system using event-based vision sensors as well 
as a control system based on policies learnt using deep RL. In contrast 
to earlier approaches using RL for robot table tennis, the control poli-
cies used by Ace are learnt using an asymmetric actor–critic architec-
ture27–29, and the actions produced by the policies exist in an abstract 
space that is then mapped to a hard constraint for a convex optimization 
problem. This setup allows learning of collision-free, agile motions, 
addressing the full challenge of human-competitive robot table tennis.
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To assess its performance, we evaluate Ace in matches against five 
elite players (defined here as competitive athletes with more than 
10 years of intensive training), and two professional players (defined 
here as athletes who compete in officially recognized professional 
leagues), following the rules of the International Table Tennis Federa-
tion (ITTF; https://www.ittf.com). Ace achieved three victories in five 
matches against elite players, along with competitive performances 
in the remaining matches. These results demonstrate the potential 
of physical AI agents to outperform human experts in interactive, 
real-time tasks.

Approach
Ace comprises three main components: perception, control and robot 
hardware (Fig. 1).

Perception
Given the high linear and angular velocity of the ball during 
professional-level table tennis, accurately measuring the ball state 
at high frequency and low latency is crucial. To address this need, Ace 
uses nine active pixel sensor (APS) cameras with Sony IMX273 sensors 
placed outside of the court to cover the whole playing area (Fig. 2a,b). 
This system enables Ace to locate the ball in three-dimensional (3D) 
space at 200 Hz with 3.0 mm error and 10.2 ms latency on an average. To 
measure the angular velocity of the ball, Ace also uses three gaze control 
systems (GCSs)30 (Fig. 2d). Each GCS comprises (1) an event-based vision 
sensor (EVS) camera with Sony IMX636 sensor; (2) pan and tilt mirrors 

to track the ball31,32; and (3) a telephoto tunable lens to keep the ball in 
focus. This measurement is obtained by two methods asynchronously: 
(1) by feeding accumulated event data to a convolutional neural network 
(CNN)33 for low latency and (2) by performing contrast maximization 
(CMax)34 for high accuracy at the cost of increased latency. Based on the 
uncertainties computed by each method, the angular velocity estimates 
are filtered and passed to the control system at a variable frequency of 
approximately 400–700 Hz.

In combination, this setup overcomes the challenges present in previ-
ous EVS-based spin measurement systems35.

The average measurement error is estimated to be 24.8 rad s−1.

Control
The control component of Ace includes rally and serve. During the rally 
phase, the control of Ace is guided by a deep RL policy that maps ball 
and robot states to actions every 32 ms (corresponding to a frequency 
of 31.25 Hz). The policy is trained entirely on single shots in simulation 
using the Soft Actor-Critic (SAC) algorithm36 to return the ball with a 
desired skill. A skill is characterized by the state of the ball on land-
ing on the opponent’s side of the table after a successful return, for 
example, high top-spin. Multiple policies are trained with a variety of 
desired skills, and a policy sampler is used to sample them during the 
match. During training, the critic receives the ground-truth ball state 
from the simulator while the policy receives a history of the last N noisy 
sensor measurements. This setup ensures that the policy transfers 
to the real world while the critic provides an accurate learning signal 
during training27–29.
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Fig. 1 | Ace integrates perception, control and robot hardware to play table 
tennis. The perception system uses a combination of conventional APS cameras 
for ball triangulation and EVS cameras for ball angular velocity estimation to 
infer the current ball state at high frequencies. The ball state is then provided to 
two different control components, depending on whether Ace is serving or in a 
rally. When serving, the robot performs a single-arm serve from a library of 
serve motions that were found using a genetic algorithm. During the rally,  
a fixed deep RL policy (π′) is queried at 31.25 Hz using the robot joint states  
and the ball position and spin histories. The policy is sampled during the  
match from a bank of policies trained to perform different skills. The actions (a) 

produced by the policy are mapped to a 32-ms segment trajectory, and a 
corresponding reset trajectory is calculated. If the robot has yet to hit the ball 
and no collisions are predicted, then the segment trajectory is executed by  
the robot interface; otherwise, a reset trajectory is executed. The training of  
all policies is performed entirely in simulation with custom physics models,  
noise models and data-driven distributions of the initial ball state. Training is 
performed asynchronously with multiple instances of the training environment. 

To aid in the learning process, the critic (Q
iπ ) is provided with the true ball state, 

whereas the policy (πi) is given a history of noisy sensor measurements.
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The produced actions are mapped to feasible joint positions and 
velocities, which are used as a terminal constraint (that is, a waypoint 
32 ms into the future) for an optimization problem that produces a 
continuous-time trajectory segment sampled at 1 kHz. In parallel, a 
near-time-optimal model predictive control (MPC) motion planner 
calculates a ‘reset trajectory’ from the same terminal constraint to a 
desired stationary reset position. This desired stationary reset position 
is either fixed or learned from data so as to maximize the dexterity of the 
robot (that is, its ability to initiate movements in different directions) 
for the next shot. The robot interface checks whether executing the 
segment and subsequent reset trajectory would result in a collision with 
either the robot or the table. If a collision were to occur, then the reset 
trajectory associated with the previous segment is executed, which is 
guaranteed to be safe37. This process is repeated until the robot hits 
the ball or the ball goes out of play. If the robot hits the ball, then the 
most recent reset trajectory is executed until the player hits the ball, at 
which point the process starts again by sampling a skill and querying 
the subsequent policy.

Serves are handled through a specialized process involving three 
components. First, a tossing motion extracted from human demon-
strations is used, respecting official rules (straight tosses, minimum 
height 16 cm), to set robot and ball trajectories before the hit. Second, 
striking trajectories are generated in simulation, offline, using a genetic 
algorithm38 that adjusts racket poses and velocities to optimize serve 
characteristics, such as ball landing position, velocity and angular 
velocity. Third, serves are evaluated on the real robot by expert play-
ers, and those serves considered sufficiently challenging are stored in 
a library for use in matches. Serves are selected from the library based 
on either their dissimilarity from recent past serves or rally-winning 
probability estimated from previous experiments.

Robot hardware
To achieve the workspace and agility required for professional-level 
table tennis, we developed a custom robot platform featuring eight 
degrees of freedom (two prismatic and six revolute joints; Fig. 2c), 
which was determined by the minimum number necessary to execute 
competitive shots: three for the position of the racket, two for its ori-
entation, and three for the speed vector and magnitude of the shot. 

We set the maximum velocity of the end-effector of our robot based 
on the initial velocity of a professional-level drive shot (20 m s−1) and 
the average time it takes to play a single shot back and forth (0.8 s). Its 
workspace is based on the area used by professional players to perform 
most shots (3.6 m × 3.6 m).

Topology optimization is used to reduce robot link mass without 
compromising stiffness. The resulting geometries were then additively 
manufactured in Scalmalloy. The end effector is composed of a racket 
(Butterfly Dignics 05 2.1 mm rubbers attached to a VICTAS ZX-GEAR 
OUT blade modified to be mounted on the robot) and a small cup to 
hold the ball during serve.

Achieving simple, fast and accurate visual tracking control at the 
hardware level is essential for reducing the gap between simulation 
and reality. Therefore, we synchronized all actuators at 1 ms inter-
vals and shared a clock signal with the perception system to obtain 
hardware-synchronized timing across the entire system. The low-level 
control is based on position feedback and yields a system that behaves 
approximately linearly with a position tracking delay under 5 ms, even 
at maximum velocity.

Evaluation
In April 2025, we evaluated Ace in a series of matches against elite and 
professional players, all of whom faced the robot for the first time. 
No specific data about these players was used to prepare Ace before 
these matches. Ace played best-of-three games against five elite play-
ers (three female and two male), each with more than 10 years of active 
table tennis experience, including participation in national or regional 
championships, and an average of 20 h weekly training, practising five 
to six times per week in the past year. Ace also played best-of-five games 
against two professional players (Pro 1: Minami Ando and Pro 2: Kakeru 
Sone), both active in the Japanese professional league (T.League).

Unlike previous work in competitive robot table tennis, in which 
modifications to the rules simplify the problem (for example, modified 
rackets, special rules around serve and receive, exclusion of certain 
shots, restricted playing area)3, we introduced no such constraints 
and replicated regular competition conditions, including free choice 
of racket under ITTF rules (https://www.ittf.com), and an Olympic-size 
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Fig. 2 | The Ace system setup. a, Nine APS cameras and three gaze control 
systems (GCSs) are installed on towers to cover the whole Olympic-sized court 
from outside the play area. b, The player is allowed to play in half of the court 
while instructed not to enter the robot side of the court for safety reasons.  
Two licensed umpires judge the match from both sides of the table. c, The robot 

hardware includes two prismatic and six revolute joints, and an end effector 
equipped with a racket and a cup to hold the ball, facilitating one-armed  
serves. d, The GCS comprises an event camera, a telephoto tunable lens and 
galvanometer pan and tilt mirrors.
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court (7 m × 7 m × 5 m on the player side). In all matches, we followed 
the rules of the ITTF with the exception of introducing the golden 
point rule (the first player to score 11 points wins the game) as done 
in the Japanese T.League. Two umpires licensed by the Japanese Table 
Tennis Association ( JTTA) judged points and enforced compliance 
with the rules from both sides of the court as in T.League matches 
(Fig. 2b). We use official competition balls (Nittaku Nexcel 40+ 3 
star), manually checked for quality as usually done in professional- 
level matches.

The results of the matches from April 2025 are shown in Fig. 3a. Ace 
won three matches out of five against elite players, totalling seven 
games won out of 13 games played. Ace lost the two matches against 
professional players, winning one game out of the seven games played. 
The distribution of winning shots is shown in Fig. 3b. The human play-
ers mostly won points by high-speed shots with top spin. By contrast, 
Ace won points with a variety of spin types. Figure 3c shows that Ace 
returns shots up to 14 m s−1 consistently (with a similar or better return 
rate compared with the human players), with a notable drop above 
16 m s−1 (similar to human players). Ace also returns a wide range of 

spins (Fig. 3d), consistently achieving more than 75% return rate up to 
450 rad s−1, demonstrating its excellent ability of handling spin, and 
far exceeding previously reported values in competitive table tennis 
robots3.

Ace achieves maximum ball velocities of 16.4 m s−1 (linear) and 
600 rad s−1 (angular) (Fig. 3e,f). The maximum ball linear and angular 
velocities of the player returned by Ace are 19.6 m s−1 and 867 rad s−1, 
respectively. The distribution of human players’ ‘Won’ shots exhibits 
higher linear and angular velocity than that of ‘Returned’ shots, indi-
cating that human players rely on stronger-than-average shots to win 
the point. By contrast, the distributions of ‘Returned’ and ‘Won’ shots 
produced by Ace are similar, suggesting that Ace won points through 
consistent returns rather than faster shots.

The notches in Fig. 3e–g allow the assessment of the significance 
of the differences of the medians. When the notches of two boxes do 
not overlap, the corresponding medians are significantly different 
at (approximately) the 95% confidence level. Welch’s t-test results 
on the means of the returned and won shots show that the P-value 
comparing the distributions of the shots of the robot is 0.88, whereas 
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that of the shots of the human player is less than 0.001. These results 
further validate the analysis described above. Figure 3g shows that 
Ace hits the ball sooner after the table bounce than the human play-
ers. The average rally length is 5.0 shots with a standard deviation 
of 3.0, which is longer than a typical rally length in human games  
(3.9 ± 2.0 shots)39.

Using 15 different types of serves, Ace scored a total of 16 direct points 
after serving, sometimes called ‘aces’, against the elite players, whereas 
the elite players collectively scored only eight. Against professional 
players, Ace used 13 serve types and secured four aces, compared with 
seven aces by the professionals.

The low-latency perception and control systems of Ace also allowed 
for quick reaction to unusual shots, such as balls bouncing off the net 
(Fig. 4). This behaviour illustrates the ability of our approach to gener-
alize to situations that are both rare and hard to model in simulation.

Since peer review, Ace has been further improved and validated 
through additional experiments, and Supplementary Videos are avail-
able at https://ace.ai.sony.

 
Conclusion
Robot table tennis is a challenging benchmark that requires fast per-
ception and decision-making, as it features real-world interaction, 
including adversarial actions at the fastest time scales humans are 
capable of. Ace challenges elite and professional players using unal-
tered, professional-level equipment and rules, demonstrating for the 
first time, to our knowledge, that it is possible for AI systems to out-
perform human athletes in interactive, physical skill-based games. The 
success of this benchmark, enabled by the new perception system and 
new learning-based control algorithm of Ace, suggests that similar 
techniques apply to other areas featuring fast, real-time control and 
human interaction, including, for example, manufacturing and service 
robotics. A key challenge with the zero-shot transfer of policies trained 
in simulation to the real world lies in modelling human behaviour in 
a high-dimensional physical space. Without such a model, the true 
objective function (that is, winning or losing) is not accessible, and a 
surrogate objective must be used.
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Fig. 4 | Ace demonstrates highly reactive behaviour in a net-contact scenario. 
Orange overlay indicates real-world trajectories, and green overlay indicates 
simulated counterfactual trajectories. a, The real ball trajectory (orange) 
shows the ball hitting the net at 0 ms, overlaid with a counterfactual simulated 
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for both scenarios (orange and green), normalized to a maximum value of 1 
for the real trajectory. Notably, 49 ms after net contact, the robot trajectories 
begin to diverge, successfully returning the ball in both cases. This response 
illustrates the ability of the system to adapt rapidly and safely to unexpected, 
dynamic events.
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For avenues of further improvement, ideas from previous robot 
table tennis literature that focuses on human opponent modelling40–42 
might provide a path to better understand the importance of tactics and 
strategy, and online learning20,22 could allow for continuous improve-
ment from interactions in the real world.

Nevertheless, real-world AI systems such as Ace may perhaps already 
change how humans interact and play games such as table tennis. 
Observing a shot played by Ace, Kinjiro Nakamura, a table tennis expert 
and participant in the 1992 Olympics, commented that: “... no one else 
would have been able to do that. I didn’t think it was possible. But the 
fact that it was possible ... means that there is a possibility that a human 
could do it too”.
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Methods

Coordinate system
We use right-handed conventions with the origin of the coordinate 
system at the centre of the playing surface of the table, in which the 
x-axis points towards the human player side of the table and the z-axis 
points upwards.

Perception
Ball triangulation. We use nine cameras synchronized with the actua-
tors of the robot with a 200 Hz trigger signal to accurately locate the ball 
in the volume of the Olympic-sized court. At each trigger event, cam-
eras capture 1,440 × 1,080 pixel Bayer8 colour images. To reduce data 
transfer and improve scalability (more cameras can increase robustness 
and accuracy44), each camera is equipped with a hardware-accelerated 
field programmable gate array to facilitate two-dimensional (2D) ball 
detection. The field programmable gate arrays process the images 
through a segmentation pipeline to produce a compressed 2D detec-
tion mask, which is streamed to a central server through an embedded 
CPU. The server verifies the shape of the ball and triangulates its 3D 
position using pre-calibrated camera parameters. The entire process 
is completed within 10.2 ms.

Camera placement is optimized using a custom covariance matrix 
adaptation evolution strategy (CMA-ES) algorithm45. The optimizer 
determines the lens selection, mounting height and orientation for each 
camera, subject to constraints such as the number of towers, desired 
coverage volume and a minimum projected 2D ball radius (5 pixels).

Spin estimation. The angular velocity of the ball is estimated by ob-
serving the movement of the logo printed on the surface of the official 
ball. To accurately capture the high-speed moving and rotating logo, 
we develop a mirror-based event vision tracking system called the 
gaze control system (GCS). The GCS comprises three components: (1) 
an event camera4 for low-latency, low-motion-blur imaging; (2) a tel-
ephoto, electrically tunable lens to magnify the ball and keep it in focus; 
and (3) a set of rotatable mirrors to track the ball smoothly (Fig. 2d). 
Given the 3D triangulation results, the mirrors and lens are controlled 
to track and focus on the ball with the system delay compensated by 
predicting the ball trajectory using the ball aerodynamics. With the 
ball being tracked, its contour on the event camera frame is first de-
tected by a CNN46. Then the events on the ball are processed by two spin 
estimators, namely, a low-latency estimator based on another CNN33 
and a high-accuracy but slower estimator based on CMax34. The CNN 
estimates the angular velocities with heteroscedastic uncertainties 
from accumulated events and is trained on pseudo-ground-truth data 
obtained by CMax using heteroscedastic regression47.

Events are aggregated into a polarity-separated surface of active 
events48 of 15 ms accumulation time window in which timestamps are 
minimum/maximum normalized to a range between 0 and 1. We use a 
centred 320 × 320 pixel hardware crop of the original 1,280 × 720 pixel.

The angular velocities estimated by the CNN are refined asynchro-
nously by CMax. To achieve both low-latency and high accuracy, the 
robot agent Ace uses the angular velocities obtained by the CNN at 
the beginning of the trajectory and switches to the ones obtained by 
CMax as soon as they become available with low uncertainty. Because 
the spin estimation uncertainty increases when the logo is invisible, 
we place three GCSs to track the ball from multiple perspectives, as 
shown in Fig. 2a, and combine the multi-view measurements based on 
the respective uncertainties.

Simulation
Ball aerodynamics. The aerodynamics of the ball in flight are governed 
by the drag fd, Magnus fM and gravitational fg forces. Given that the ball’s 
angular velocity ω is approximately constant over short flight intervals, 
the flight dynamics can be modelled as

∥ ∥v̇ f f f v v v ω gm c ρ r c ρ r m= + + = −
1
2

π −
4
3

π × + (1)d M g d air
2

M air
3

where v is the ball velocity, ρair = 1.204 kg m−3 (density of dry air at room 
temperature and standard pressure), m = 2.7 × 10−3 kg (ball mass), 
r = 0.02 m (ball radius), cd = 0.55 (drag coefficient), and g = [0, 0, 
−9.81]T m s−2 (gravitational acceleration). Unlike the base model49, which 
treats the Magnus coefficient cM as constant, we modelled it as 

v
ωc = 0.1 − 0.001rM .

Ball–table contact model. The table contact model49, which assumes 
instantaneous point contact, is enhanced to capture some effects of 
surface contacts on the coefficient of restitution, εtable, by modelling 
it as εtable = 0.98 − 0.02vz.
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εtable and μ are the coefficient of restitution and the dynamic coefficient 
of friction between ball and table, respectively, modelled as 
ε ε v v= ( ) = 0.98 − 0.02z z

table table − − and μ = 0.25 from experimental data.

Ball–racket contact model. The linear model proposed in the lit-
erature49 is extended to handle the wide ranges of linear and angular 
velocities encountered in professional-level table tennis by incor
porating (1) a velocity-dependent coefficient of restitution and  
(2) a residual correction neural network to correct model errors. The 
base linear model shares the same structure as in equations (2) and 
(3) and is defined as
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where R is the rotation matrix from the local frame of the racket to the 
global frame of reference, vracket is the racket linear velocity at impact 
and k is a coefficient relating tangential quantities. ε γ= e ′γ vracket

1
| |z2

−
 is 

modelled as a function of the normal relative velocity v ′z
−  by fitting 

coefficients γ1, γ2 on data collected from games. The residual correction 
neural network is a small multilayer perceptron trained on game data 
and corrects both velocity and angular velocity error by 4% on average.

Sensor modelling. To model the ball triangulation obtained from APS 
cameras, we sample latency from a uniform distribution and noise from 
a zero-mean Gaussian distribution, and apply dropout of sensor meas-
urements with a fixed probability. For the spin estimation, latency and 
dropout are modelled similarly, with additional dropout applied directly 
after racket contact to reflect tracking loss of GCS around these events. 
Both precision (sensor noise) and accuracy (sensor bias) of GCS are 
modelled using separate zero-mean Gaussian distributions for spin mag-
nitude and axis. However, accuracy is sampled once per contact event 
to mimic the bias introduced by GCS reinitialization at these events.

Physics perturbations. To improve the simulation-to-reality transfer, 
ball state perturbations are added after table contact. Each Cartesian 
component of ball linear and angular velocities is perturbed indepen-
dently using a zero-mean Gaussian distribution.

Robot dynamics. Robot joints are modelled as decoupled, delayed 
linear time-invariant systems, in which each joint i is described by

ζ ζ
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c

t A t u t τ

ψ t t

(̇ ) = ( ) + ( − )

( ) = ( )
(9)i i i i i i

i i

d,

with t q q( ) = [ , ]i i iaux,
Tζ , where qi is the joint position and qaux,i is an auxil-

iary state (for example, velocity) at time t. ψi is the observable output, 
and u q= *i i  is the desired position input. The state transition, input and 
output matrices are A ∈i

2×2R , ∈i
2Rb  and c = [1, 0], respectively. τd,i is 

a joint-specific control delay.
The parameters Ai, bi and τd,i are identified from first estimating 

the parameters of a continuous-time process model with input delay 
using recorded data and then converting the process model into a 
state space model.

Rally
The rally phase in table tennis refers to the sequence of shots after the 
serve. Ace segments this into individual episodes, from the opponent 
hit to the robot response. During each episode, the robot is control
led by RL policies that generate segment trajectories every 32 ms 
( RQ * ∈t

T N T[1: ] ×q , where T = 32 and Nq is the number of joints).

Reinforcement learning framework. Episode definition. An episode 
begins when the ball is in free flight, moving towards the robot. An 
episode ends when the ball meets one of four conditions: (1) the ball 
is out of play or no longer legal; (2) the robot hits the ball; (3) the ball 
passes the racket of the robot; and (4) the joint trajectory produced by 
Ace would result in a collision with itself or the table.

Rewards. The reward function used during training consists of several 
terms, all of which are calculated after the episode has finished, that is, 
as a function of the terminal state. Although reward terms vary across 
policies to induce different skills, they can be categorized by assigning 
specific rewards for (1) missing the ball; (2) hitting the ball but failing 
to return it; or (3) successfully returning the ball: 



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R
R
R

if robot fails to hit the ball
if robot hits the ball but fails to return it
if robot hits the ball and returns it

(10)
miss

hit
¬return

hit
return

A subset of the policies use a reward formulation for R hit
return that can 

be parameterized by a desired y-landing position (ydesired) and a set of 
reward weights (wreward = [wp, ws], where wp ∈ [0, 1] and ws ∈ [ − 1, 1]). 
ydesired is used to calculate a reward based on the distance between ydesired 
and the achieved y-landing position, wp is used to weight this distance 
reward and ws is used to weight a term proportional to the angular 
velocity in the y-axis of the ball frame on landing. By sampling these 
conditioning variables, these policies can exhibit a variety of different 
behaviours such as aiming, topspin and backspin.
States. The state in our RL framework can be written as 

= [ , , ]t t t t
ball robot skills s s s . st

ball is the ball state consisting of ball position  
and spin histories of length N, along with their associated time- 
stamps. st

robot is the robot state and consists of the joint states (position, 
velocity and acceleration) and end effector state (pose and twist) asso-
ciated with the terminal state of ∗Qt

T
−1
[1: ] (for further details see Sup-

plementary Information section 1.4.1). For policies trained with 
parameterized reward functions, the state is further augmented with 
st

skill, which is the fixed skill state composed of ydesired and wreward. st is 
used to infer actions at, which are subsequently mapped to joint tra-
jectories and reset plans (see Supplementary Information sections 
1.4.2 and 1.4.3). This process requires a time budget of 5 ms and so st 
must be constructed 5 ms before the next set of commands is sent to 
the robot (Extended Data Fig. 1).
Actions. Actions, ∈ [ − 1, 1]t

N2 qa , are sampled from a tanh squashed 
multivariate Gaussian distribution. This forms an abstract space, in 
which for each joint there are two actions that define a target joint 
position and velocity 32 ms into the future (see Supplementary Infor-
mation section 1.4.2).
Transition probability function. The transition probability function 
is as follows: 
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where fball is a stochastic function that depends on sensors and physics 
modelling in the simulator, and frobot is a deterministic function depend-
ing on Q *t

T
−1
[1: ] and the robot dynamics.

Initial state training distribution. During training in simulation, an 
episode starts with an initial state that is sampled from three independ-
ent distributions:
1.	 Initial ball state s0

ball: the initial state of the ball is sampled from a 
kernel density estimation (KDE) model fit either to synthetic or hu-
man data. For the synthetic dataset, shots are uniformly sampled 
from a range of initial ball states and checked for validity. KDE mod-
els are generated for both returns (that is, shots performed during 
a rally) and serves. During training, serves and returns are sampled 
at a ratio of 3:7, and the initial state is sampled with a fixed probabil-
ity from either the synthetic or the human KDE models (Supplemen-
tary Information section 1.4.3).

2.	Initial robot state 0
robots : the initial robot state can be static or dyna

mic. Static states are sampled with the arm in a neutral configuration, 
and prismatic actuators are initialized uniformly within their allowed 
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range, whereas dynamic states are sampled from reset plans stored 
during previous training episodes.

3.	Initial skill state s0
skill: ydesired is sampled uniformly within the bounds 

of the opponent’s side of the table. wreward is sampled in a way that is 
biased towards sparse reward weight vectors and boundary values 
(Supplementary Information section 1.4.5).

Algorithm. To train the deep RL policy, we use SAC36 asynchronously 
with multiple data collection tasks in parallel2 (see Supplementary 
Table 8 for hyperparameters). We use asymmetric actor–critic27–29, 
providing the ground-truth ball state from the simulator to the critic 
and sequences of sensor measurements to the actor. Apart from the 
standard policy loss, an auxiliary loss is added to the policy to recon-
struct the ground truth ball state from its ball state embedding. When 
collecting experience, we apply three different forms of data augmen-
tation as follows:
1.	 Symmetric augmentation to mirror all states, actions and rewards 

with respect to the XZ plane (that is, the plane containing the 
centre-line of the table and perpendicular to both the table and the 
net).

2.	Event tables50 to store transitions leading to predetermined events in 
separate replay buffers for stratified sampling of the mini-batch. The 
events used in our training pipeline are defined based on heuristics 
and include the following events: near miss, ball hit, ball returned, 
high-speed return, high-top-spin return, high-back-spin return (see 
Supplementary Information section 1.4.8).

3.	Hindsight experience replay51 to augment RL transitions with an 
additional copy in which ydesired is equal to the achieved position, wp 
is equal to 1, and the maximum position-based reward is given.

Feasible action for optimal control. Mapping algorithm. The action 
at sampled from the deep RL policy is mapped from the abstract set 
[−1, 1] N2 q to the feasible set of joint position and velocity pairs 32 ms in 
the future, using a mapping algorithm. The generic mapping algorithm 
can be stated as follows: Let X R⊂ n be the compact base set with centre 
x̄ and Y R⊂ n be the compact target set with centre ȳ. For a given map-
ping x yX Y( ∈ , ∈ )i i , if y y= ¯i  then x x= ¯i , otherwise

β
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where ∂X and Y∂  are the boundaries of X and Y, respectively, ȳ  
the centre of Y. The ratio β

α
i

i
 determines the location of yi between ȳ 

and Y∂ , whereas the function f(⋅) modifies δi to account for the shape 
differences between X and Y. The mapping is bijective, invertible and 
centre to centre and boundary to boundary of the map sets.
Optimization problem formulation. We use the result of the map-
ping as a terminal position and velocity constraint for an optimization 
problem that computes reference trajectories for each robot joint as 
cubic splines that minimize jerk. By definition of the problem, the 
result of the mapping is always inside the maximum control invariant 
set, which is the largest subset of the feasible state space containing 
the initial states from which the associated MPC problem is recursively 
feasible52 (Supplementary Information section 1.5.1). The result of the 
mapping forms the initial state for the next optimization problem. 
The optimization is solved using DAQP53 and sampled at 1 kHz to gen-
erate Q *t

T[1: ].

Reset trajectories. For every Q *t
T[1: ] produced, a reset trajectory  

is required that moves the robot from the terminal state of Q *t
T[1: ]  

to a target stationary reset position. Ace uses a near time-optimal 

variation of MPC (see Supplementary Information section 1.5.2) to 
generate these reset trajectories. They are executed as soon as one of 
the termination criteria for the RL episode is satisfied (Supplementary 
Information section 1.4.1). If the episode is terminated due to a pre-
dicted collision, then the reset trajectory from the previous RL step is 
executed.

The target reset position is chosen as either a constant neutral con-
figuration or a configuration computed by a prepare policy network. 
The prepare policy is trained using a dataset constructed from elite-level 
rallies for high-dexterity shot execution. From each recorded rally, we 
extract (1) the ball state at the start of an episode, 0

balls ; (2) ydesired; and 
(3) subsequent racket position t

racket
c

x  executed by robot at contact time 
tc. For each xt

racket
c

, we compute offline the optimal reset configuration 

resetq∗  that maximizes a dexterity objective q xD( , )t
racket

c
, consider

ing kinematic constraints. This process yields a training dataset 
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ball
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j

N
reset =1q∗  to *resetq  of  y( , )0

ball
desireds  

found by KD-tree (k-dimensional tree) search on the dataset.

Policy sampler. Ace uses multiple rally-specific policies trained to 
optimize different objectives and therefore requires a sampling strat-
egy during matches. Ace uses four different strategies for sampling 
the policies (see Supplementary Information section 1.7.1 for details):
1.	 Fixed: a single policy is sampled with a fixed probability of 1.
2.	Random: a policy is chosen at random on a shot-by-shot basis from 

a subset of policies.
3.	Heuristic: a set of heuristics dictates the policy sampling on a 

shot-by-shot basis. The heuristics map the characteristics of the 
incoming ball to the most appropriate policy.

4.	Data-driven: a supervised learning model is trained to classify win-
ning and losing shots based on data from elite table tennis players 
other than the seven players in the evaluation. The model is used to 
identify shots with the highest predicted win rate, and the policy 
most capable of producing those shots is sampled.

For policies conditioned on ydesired and wreward, Ace samples them from 
the same fixed probability distribution used during training, that is, 
uniform for ydesired and sparse but biased towards boundary values for 
wreward. As these policies are conditioned on ydesired, they also afford the 
use of the prepare policy, which requires ydesired as input.

Serve design
Ace achieves ITTF-compliant serves by executing a single-arm toss 
using the ball cup mounted on its end effector (Fig. 2c), followed by 
striking the ball during its free fall. Although standard ITTF rules require 
a free-hand toss, one-handed serves are permitted when a player has 
a physical disability that impedes them from properly tossing the ball 
with the free hand, providing a precedent for our implementation.

For the serve tossing, we collect human serve demonstrations and 
re-target them to the kinematics of the robot using an optimization 
procedure54. The resulting motion is a trajectory of joint commands 
utoss(t) that produces a valid ball toss when executed by the robot. We 
define tlift as the time index of the tossing trajectory in which the accel-
eration of the ball approximates that of gravity, meaning that the ball 
has been released from the cup.

In simulation, the ball-striking motion ustrike(t) is obtained by con-
necting the current state of the robot at t = tlift to a racket state produced 
by a genetic algorithm (GA). This connection trajectory is generated 
by an MPC in racket space, for which the GA searches the optimal param-
eters ∗ξs  (Supplementary Information section 1.8.2) that maximize a 
fitness function ( ⋅ )θF . This fitness function is designed to capture serve 
metrics of interest (for example, ball velocity, spin, landing position), 



which conditions the type of serves produced. The final serve trajectory 
is the concatenation of utoss(t), t ∈ [0, tlift] followed by ustrike(t).

As ustrike(t) is based on simulated physics, we assess the effectiveness 
of each serve on the real robot in dedicated sessions with a coach. Serves 
deemed sufficiently challenging for matches undergo repeated 
open-loop execution (at least 20 times) to verify their reliability. If the 
failure probability of a serve is less than 5%, it is added to the library for 
open-loop use during matches. If the probability exceeds 5%, we 
attempt closed-loop MPC execution, where the parameters sξ ∗ are 
updated online with actual hitting states output by a ball flight predic-
tor. If this procedure successfully decreases the failure rates to 5% or 
less, the serve is added to the library for closed-loop use. Details on 
how the serves were selected from the library can be found in Supple-
mentary Information section 1.8.1.

Experimental protocol
Players warm up with another player for up to 15 min before the match. 
The player practices with the robot immediately before the start of the 
match for 2 min, as directed by the rules of ITTF (https://www.ittf.com). 
During this practice period, Ace uses a policy that returns balls to a fixed 
position with moderate top spin, as is common practice. Players were 
informed that if they enter the court side of the robot, a safety light cur-
tain triggers an emergency system stop. However, crossing the centre 
line is rare in high-level games, and such a trigger never occurred in our 
experiments. They were instructed to wear goggles to protect their eyes. 
They choose goggles from a variety of sizes and colours to minimize 
the impact on their performance. The player decides whether to serve 
or receive first. The player is eligible to call a 1-min time-out during  
the match. Elite D used this option during the third game. Following the 
ITTF rules, the robot racket is shown to the player and umpire before 
the match. All equipment, including table (SAN-EI), net (Butterfly), 
balls (Nittaku), racket (VICTAS and Butterfly) and floor mat, is approved 
by the ITTF. We use diffused lights to ensure a uniform light intensity 
over the whole playing area with around 1,400 lux as directed in the 
rules of ITTF.

Data availability
Supplementary videos, including the full games, are available at https://
sonyresearch.github.io/ace_public/. The data underlying the graphical 
representations used in the figures will be made available in spread-
sheet form.

Code availability
Pseudocode detailing the training process and key algorithms is avail-
able in Supplementary Information, as well as online at https://github.
com/SonyResearch/ace_public.
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Extended Data Fig. 1 | Temporal overview of the state components used by 
the rally control module. Every 32 ms the control module observes the 
current state (st) and computes a joint trajectory QQ *t

T[1: ] to be executed after  
5 ms. st is constructed using both current and future information. The ball 
history (PP N

ball
[1: ], ΩΩ N

ball
[1: ], tt p

N
ball

[1: ], tt ω
N

ball
[1: ]), desired y-landing position ( ydesired) and reward 

weights (wreward) are taken from the current time-step. While the robot joint 

state (x *
t
Q T

−1

[ ]
) and end effector state ( *

t
EE T

−1
[ ]

x ) represent states 5 ms into the 
future (i.e. when QQ *t

T[1: ] would be executed) based on the previously computed 
joint position commands that are currently being sent to the robot.
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