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Why Table Tennis? 1/4

FAST

4 Extreme dynamics

{ )
Ball speeds up to 32 m/s
(~100 km/h).

From perception to action

in a few hundred milliseconds.
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Why Table Tennis? 2/4

(" FAST PRECISE
(.) Extreme dynamics Small margins

Ball speeds up to 32 m/s Millimetre-level accuracy
(~100 km/h). in racket position, orientation
From perception to action and timing.

in a few hundred milliseconds. Tiny errors can mean a miss.
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Why Table Tennis? 3/4

(’\ FAST PRECISE O INTERACTIVE
J.) Extreme dynamics Small margins Q) Dynamic opponent

Ball speeds up to 32 m/s Millimetre-level accuracy The next state depends

(~100 km/h). in racket position, orientation on another intelligent agent

From perception to action and timing. with diverse and unpredictable

in a few hundred milliseconds. Tiny errors can mean a miss. shots. Requires real-time
adaptation.
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Why Table Tennis? 4/4

(('\ FAST
C/ .) Extreme dynamics

Ball speeds up to 32 m/s
(~100 km/h).
From perception to action

in a few hundred milliseconds.

’
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PRECISE
Small margins

Millimetre-level accuracy

in racket position, orientation
and timing.

Tiny errors can mean a miss.

O? INTERACTIVE
Q) Dynamic opponent

The next state depends

on another intelligent agent
with diverse and unpredictable
shots. Requires real-time
adaptation.

| ADVERSARIAL
Complex physics

Spin up to 160 rot/s,
aerodynamics and contact
dynamics make the ball's
trajectory difficult to estimate
and control. You cannot pause
and re-plan.
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Why Table Tennis?

(" FAST PRECISE O? INTERACTIVE ADVERSARIAL
(.) Extreme dynamics Small margins () Dynamic opponent

Complex physics

Ball speeds up to 32 m/s Millimetre-level accuracy The next state depends Spin up to 160 rot/s,
(~100 km/h). in racket position, orientation on another intelligent agent aerodynamics and contact
From perception to action and timing. with diverse and unpredictable dynamics make the ball's
in a few hundred milliseconds. Tiny errors can mean a miss. shots. Requires real-time trajectory difficult to estimate
adaptation. and control. You cannot pause
and re-plan.
L Topspin
g P e & No spin
I.| / » Backspin
.

A uniquely challenging benchmark for physical intelligence
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A Long-Standing Challenge in Robotics

Decades of research. No one had demonstrated head-to-head games with expert human players

'Contest!

pong

be held in 1986.

| ]
obot ping-
John Bil le hallenging contest t

7th Generation

FORPHEUS

[Su et al. 2025]

[Asai et al. 2020]

[Billingsley et al. 1983]

[Su et al. 2025] Sharpa, 2025
UC Berkeley
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Competitive Table Tennis Robot

Table Tennis Game:
Ball speed: up to
Extreme spin control: up to

Competitive Games vs. Elite-level
Opponents including Professional Players

Standard Table Tennis Rules, Olympic-Size
Court, Licensed Umpires

P /‘

Standard Equipment (ITTF Certified Balls,
Players Use their own racket)

’

el=fllc|( ] Maehara 6 il 8
Ace i 9 B

Ace wins 1-2
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Theinternational journal of science / 23 April 2026

natur

MATCH -
POINT

Al-controlled robot
beats elite players
attabletennis

ACE, 2026
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The System



Serve & Rally control Robot

Perception
APS cameras
. 200 Hz
Ball localizer [— Em— Serve Control )

Ball position )
O
©
e
—
Ball state 1khz 2
EVS cameras - J —— : » S
e 3 Joint trajectory =
Q
)
o

Event data . . 400~700 Hz

Spin estimator [—— P Rally Control =
Ball angular
velocity
D
Trained policies ata
State i i ]
> @ Joint
Reward - % %J trajectories
Physics model
Noise model A

Ball distribution
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The Hardware
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Perception Serve & Rally control Robot

APS cameras
T . 200 Hz
-— Ball localizer f———— R Serve Control —
- Ball position @
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TR - 8
—
Ball state TkHz b
EVS cameras - J — ) » <
' 3\ Joint trajectory g
Q
0
Event data «
ven
) ) 400~700 Hz
Spin estimator [—— B Rally Control —
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velocity

. - Data
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State Q" s ]
g Joint
Reward - %8 @SJ trajectories
Physics model
Noise model C—

Ball distribution

15

15/10/26



Robot Hardware

Lightweight, Rigid & High-Speed
Robot Arm

* 6 revolute joints, swing speed above
20m/s

* Metal 3D printed, organic/skeletal-
shaped robot arm

@

Increased Reach with a Powerful
XY-stage

e 3 linear actuators exceeding 340kgf
of thrust each

* High acceleration (up to 24.5 m/s?) ' \ \
and speed (4 m/s) -‘ N
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Robot Hardware

World’s most advanced Table Tennis
Robot

* Total Reach: Full table coverage + 2 meters
behind

* Ultra-low latency control (<8ms) via a
high-speed 1 kHz real-time network

* Physical capabilities that match those of
professional athletes

* Legal serves using a single arm

15/10/26
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Assistant
umpire
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Where is the ball?



Perception Serve & Rally control Robot
APS cameras
. 200 Hz
Ball localizer [m—— — Serve Control Y
Ball position m
(-
&
—
Ball state 1kHz 2
EVS cameras - b, ————— A=
' 3\ Joint trajectory g
Q
e}
Event data =
ven
) ) 400~700 Hz
Spin estimator F——— P Rally Control =
Ball angular
velocity
D
Trained policies ata
State i i ]
> @ Joint
Reward - m % J trajectories
Physics model
Noise model D

Ball distribution
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Perception System

”

O APS camera
O Gaze control system

LSS

STSESESITSIEY
v v va

Z . s EeS
i

Galvanometer
pan/tilt mirrors

Nine active pixel sensor (APS) cameras with Sony Three gaze control systems (GCSs) to estimate the spin
IMX273 to cover the whole playing area in real time
* Ballin 3D space at 200 Hz with 3.0 mm error and 10.2 ms * Frequency of approximately 400 to 700 Hz with 24.8 rad/s
latency on average. average error.
15/10/26
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Ball position Pan-tilt galvo Electrically tunable  Event camera
measurement system mirrors telephoto lens (EVS)
|

spin: 6659 rpm
X
>
speed: 12.8 m/s

Gaze Control System (GCS)

=
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How should the robot hit the ball?



Perception Serve & Rally control Robot
APS cameras
T . 200 Hz
-_—— Ball localizer f———— P Serve Control ——

- Ball position @
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TR 8
—_

Ball state 1khz 2

EVS cameras - J ' =
s 3 oint trajectory g

Q
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Event data .

ven
) . 400~700 Hz
Spin estimator [—— B Rally Control —
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velocity
D
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Ball distribution
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The Simulator
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Physics model

Noise model

Ball distribution
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The Trainer
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State

Reward

Training: single shot scenario using SAC algo. To return the ball with a desired skill

4 Qi i )
Joint
m % trajectories
- J

Physics model

Noise model

Ball distribution
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Perception

APS cameras

Sampler

avg.

Initial ball state

Event data

11.3 Mev/s

Serve control

Robot interface

EtherCAT

—” bus

1kHz

sene Serve 1kHz | | ow-level
selection i
control Serve safety
Strategy trajectory
Ball localizer 208 H.Z_ < \ Serve library j
Ball position
Ball state Rally control
T A - Segment
Sampler —p ! 3125Hz trajectory
a
: . 400~700 H MEEHIE
Spin estimator f—— 2/ pping
Ball angular —)Reset
= trajectory
Trained policies
Trainer Simulator

Initial robot state

Skill

4
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Environment

Environment

Data

Physics model

Noise model

Ball distribution
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Feasible Action for Optimal Control
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# Deep RL agent Multivariate tanh-squashed Sampled & Mapping Algorithm
Gaussians actions -/ ~
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Serves
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Evaluation
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Results vs.

Kakeru Sone
ITTF Highest: #303 (Sept 2024)

Minami Ando
ITTF Highest: #29
(May 2019)

Results (14 Apr 2025):
+ 0-3(8-11,6-11,9-11)

(June 2014)

Results (14 Apr 2025):
+1-3(11-4,71,6-11,1-
1)

Mayuka Taira
ITTF Highest: #226

Results (1-3 Dec

2025):
* 20 (11-3,1110)
» 20 (115, 1110)

Kazuhiro

Yoshimura
ITTF Highest: #34 (Sept 2019)

Results (1-3 Dec
2025):

+ 0-2(2-11,6-11)
+ 0-2(7-11,911)

4

Takako Nagao
ITTF Highest: #147
(April 2024)

Maki Shiomi
ITTF Highest: #32
(Mar 2018)

*
Results (17 Feb 2025):

+ 20(114,11-7) *
+20(119,118 _
« 2.0 (11-5. 11-8) Results (18 Mar 2026):

* 20(11-9,11.7)
« 20(11-3,11-3)

«20(114,114)
« 241 (114, 11-10)
« 20 (11-3,11-2)

World-Class Athletes

Shunsuke Okano
ITTF Highest: #179 (Jan 2026)

Miyuu Kihara
ITTF Highest: #13 (Jul 2022)

Results (18 Mar 2026):

Tonin Ryuzaki
ITTF Highest: #99 (Jul 2017)

Lost

& Won at least 1 Match
i

T-League player (active)

Fumiya Igarashi
ITTF Highest: #211
(Jan 2026)

(Bo3)

Miu Hirano
ITTF Highest: #5 (Nov 2017)

Results (25 Mar 2026):

+1-2(11-8, 511, 10-
11)

+ 20 (11-10, 11-5)

Results (20 Apr 2026):
* 20 (116, 11-3)
* 20 (11-3,117)

Results (25 Mar 2026):
» 20 (111, 11-3)
+ 0-2(9-11,7-11)
+1-2(11-5,7-11,9-11)

+ 20 (11-5,11-5)

* 20 (110, 11-3)
Results (25 Mar 2026):
+ 20(111,11-3)
+ 20 (11-6,11-2)

* 2-1(11-6,6-11,11-5)

Apr. 2025

Dec. 2025

Spring 2026

% Result from match

without licensed umpires



Human vs. Robot Table Tennis

- Ace in April 2025 Ace in April 2026 Human Players

Median speed 11.3
[m/s] Slower than Humans Slightly higher than Humans
Median spin 267 317 364
[rad/s] Lower than Humans Lower than Humans

15/10/26

Speed [m/s]

Humans
¢ 2026 Humans
£ 2025
;
‘Jﬁ
Ace Ace

2026 April 2025

Returned

Spin [rad/s]
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What did we actually learn?
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Staubli TX2-60L

Juggling
Level
\ T-League
; men
T-League
women
; University
‘ men
[ University
‘ women
\
i
| VICTAS
| Naoya-san

Junior High Contryside Level (level 3)

Fanuc LRmate 200iD/4S

Return

Haruki Maehara
Ace wins 1-2

' /i

Maehara
Ace

6
n

Customized Robot

Cooperative

il 8
9 il

Improved model
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My Three Lessons from ACE

1. The system is the algorithm

A strong policy is not enough. Perception, learning,
simulation, control, and hardware have to work as
one system.

2. Sim-to-real is a loop, not a transfer

Real-world failures are valuable data. Deploy,
understand what failed, improve the simulator and
training distribution, and learn again.

WanmzUpAwithgMiyuligKiharal(BestW.onl diRkH153))

3. Performance changes what you can learn

As the robot gets better, it reaches new and more
extreme states that expose limitations you could not
see before.
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THANK YOU!

“..no one else would have been able to do “.. returns are quite realistic, and it’s
that. really interesting.
The robot has returns that humans

I didn't think it was possible. don't have,

But the fact that it was possible [...] so it's hard to predict, the ball

means that suddenly comes to a place where it's

there is a possibility that a human could not expected. [...]

do it too” It was incredibly fun.” Kazuhiro Yoshimura
Kinjiro Nakamura, 4~5in Japan Men's Singles 2026
1992 Olympian 37 in the world (2019)
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