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Figure 1: The robot playing in simulation (left) and against a professional coach in real. Green dots
show the ball trajectory.

ABSTRACT

Achieving human-level performance on real world tasks is a north star for the
robotics community. We present the first learned robot agent that reaches amateur
human-level performance in competitive table tennis. Table tennis is a physically
demanding sport that requires humans years to master. We contribute (1) a hierar-
chical and modular policy architecture consisting of (i) low level controllers with
their skill descriptors that model their capabilities and (ii) a high level controller
that chooses the low level skills, (2) techniques for enabling zero-shot sim-to-
real and curriculum building, including an iterative approach (train in sim, deploy
in real), and (3) real time adaptation to unseen opponents. Policy performance
was assessed through 29 robot vs. human matches of which the robot won 45%
(13/29). All humans were unseen players and their skill level varied from begin-
ner to tournament level. Whilst the robot lost all matches vs. the most advanced
players it won 100% matches vs. beginners and 55% matches vs. intermediate
players, demonstrating solidly amateur human-level performance.
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1 INTRODUCTION

Robot learning has made inspiring progress, yet achieving human-level performance in complex
domains, like table tennis, which demand high-speed motion, precise control, and human-robot
interaction, remains challenging Fu et al. (2024); Wu et al. (2023); Li et al. (2023). Table tennis
has served as a valuable benchmark for robotics research since the 1980s, with numerous robots
developed to tackle various aspects of the game Billingsley (1983); Huang et al. (2015); Ding et al.
(2022); Chen et al. (2021); Abeyruwan et al. (2023b); D'Ambrosio et al. (2023). However,no prior
work has addressed playing a full competitive game against a previously unseen human opponent.

This paper presents the �rst learned robot agent capable of playing competitive table tennis at
a human level (see Figure 1). Control architectures and hierarchies play a critical role in robotics
Brooks (1986); Arkin (1998). We introduce a hierarchical and modular policy architecture, consist-
ing of multiple low-level skill policies and a high-level controller which chooses the best skill to
execute, to address the challenge of combining strategic decision-making with physical skills exe-
cution, and the challenge of learning a model for a diverse skill set. Training is ef�cient, since all
low-level policies start from a small set of base models and are then specialized. Our work draws
inspiration from previous research on hierarchical robot policies, which traditionally relied on engi-
neered policies and arbitration modules Brooks (1986); Arkin (1998); Rosenblatt & Thorpe (1997);
Kawato et al. (1987); Daniel et al. (2016); Ahn et al. (2022). Our architecture is closest in spirit to
the work in Mülling et al. (2013) in which a gating network is learned to create mixtures of existing
low-level policies. The gating network generates probabilities indicating the likelihood that a policy
is the right one given the current context. We utilize instance-based learning and tree-search over
skill descriptors for low-level policies, enabling real-time learning and adaptation, distinguishing
our approach from prior methodologies.

A hybrid training method is employed,synergistically combining reinforcement learning in sim-
ulation and deployment in real. The robot's skills are iteratively re�ned in simulation based on
real-world data, creating an automatic task curriculum and enabling continuous improvement. This
enables ef�cient training and zero-shot transfer to real hardware Sutton & Barto (2018); Osa et al.
(2018); Caluwaerts et al. (2023); Kumar et al. (2021); Cheng et al. (2023); Stepputtis et al. (2020);
Collaboration et al. (2023); Zhao et al. (2020); Sontakke et al. (2023); Jiang et al. (2021); Peng
et al. (2018); Lee et al. (2018); D'Ambrosio et al. (2023); Todorov et al. (2012); Abeyruwan et al.
(2023b). We improve upon previous iterative approaches by utilizing seed human vs. human play
data, zero-shot policy transfer, and a non-parametric dataset-based ball distribution for better align-
ment between simulation and real-world human play.

Furthermore, the robotadapts to unseen human opponentsby tracking match statistics and estimat-
ing preferences online, facilitating real-time learning and adaptation to the environment and oppo-
nent Kumar et al. (2021). This capability is crucial for playing games in the physical world with
humans, a challenging problem with ongoing research in cooperative games and ad-hoc team-play
Stone et al. (2010); Hu et al. (2020); Carroll et al. (2019); Strouse et al. (2021).

We build upon previous research in table tennis robotics that covers various aspects such as ac-
tion and motion generation, state estimation, and human strategy identi�cation Andersson (1988);
Hashimoto et al. (1987); Knight & Lowery (1986); Schweitzer & Wen (1994); Mülling et al. (2013);
Tebbe et al. (2018); B̈uchler et al. (2022); D'Ambrosio et al. (2023); Muelling et al. (2010); Huang
et al. (2015); Koç et al. (2018); Zhu et al. (2018); Tebbe et al. (2021); Ding et al. (2022); Liu et al.
(2013); Abeyruwan et al. (2023b); Matsushima et al. (2003); Sun et al. (2011); Chen et al. (2021);
Büchler et al. (2022); Nakashima et al. (2011); Gao et al. (2019); Blank et al. (2017); Gossard et al.
(2024); Muelling et al. (2014); Wang et al. (2013; 2017); Guist et al. (2024). To date, the Om-
ron Forpheus robot Kyohei et al. (2019); Liu et al. (2013) has the closest capabilities to the agent
presented in this work, demonstrating sustained rallies. A key point of difference is that our agent
learns the control policies and perception system, whereas the Forpheus agent uses a model-based
approach. Also, our agent is able to play full matches. Our work also contributes to the growing
body of sports research tackling complex, dynamic tasks involving human interaction. While most
work focuses on sub-aspects or simpli�ed settings, we aim to achievecompetitive gameplay against
humans in realistic conditions, similar to the RoboCup competition and other robot sports Kitano
et al. (1997); R̈ofer et al. (2023); Stone et al. (2005); Behnke et al. (2006); Suriani et al. (2024);
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Figure 2: Method overview. We train a skill library of low-level controllers (LLCs), including
serving and rallying, and sim-to-sim adapters from a dataset of ball states. Using the same ball states,
we train a high level controller (HLC) for style selection. The policies are trained in simulation and
transferred zero-shot to the physical world. When deployed, the HLC decides which LLC should
return the ball by �rst applying a style policy to the current ball state to determine forehand or
backhand. If the ball is a service, it will classify the spin and pick the corresponding LLC. Otherwise
it must determine which of the many rallying LLCs will perform best by �nding the most similar
ball state within the corresponding set of LLC skill tables and getting the return statistics. Heuristic
strategies are applied to these statistics to produce a shortlist of candidate LLCs. The �nal LLC is
chosen based on preferences per LLC learned online.

Wang et al. (2024); Haarnoja et al. (2024); Yang et al. (2021; 2022); Petric et al. (2012); Zaidi et al.
(2023); Abeyruwan et al. (2023a); Mori et al. (2019); Kaufmann et al. (2023).

In summary, this paper introduces a novel robot learning system that achieves amateur human-level
performance in competitive table tennis against unseen opponents. We make four main technical
contributions; (1) a hierarchical and modular policy architecture, (2) techniques for zero-shot sim-
to-real transfer and automatic curriculum, (3) real-time adaptation to opponents, and (4) a user study
to evaluate the system's performance and engagement.

2 METHOD

2.1 HARDWARE AND ENVIRONMENT

Figure 1 depicts the physical robot. The table tennis robot is a 6 DoF ABB IRB 1100 arm mounted
on top of two Festo linear gantries, enabling motion in the 2d plane. The x gantry, which moves side
to side across the table, is 4m long and the y gantry, which moves towards and away from the table,
is 2m long. A 3D printed paddle handle and paddle with short pips rubber Glo (2024) is attached
to the ABB arm. A pair of Ximea MQ013CG-ON cameras operating at 125Hz capture images of
the ball and these are used as input into a neural-perception system which produces ball positions at
the same frequency. We use a PhaseSpace motion capture system consisting of 20 cameras mounted
around the play area to track the human opponent's paddle.

We model table tennis as a single-agent sequential decision making problem in which the human
opponent is modeled as part of the environment using theMarkov Decision Process(MDP) Puter-
man (2014) formalization. In what follows we describe changes to this system that were made to
enable real-time competitive play with humans.

2.2 LLC TRAINING

The table tennis agent shown in Figure 2 consists of two levels of control which we refer to as the
high level controller (HLC) and the low level controllers (LLCs). LLCs provide a library of skills
that our HLC can choose from.
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Training algorithm and LLC architecture All LLCs were trained in simulation with Blackbox
Gradient Sensing (BGS) Abeyruwan et al. (2023b), an evolutionary strategies (ES) algorithm, on
the task described in Section 2.1. The training task distribution of initial ball states is sampled from
a real world dataset, gathered iteratively through multiple cycles of policy training and real world
evaluations (discussed in Section 2.4). BGS was chosen because it produced policies with relatively
smooth actions and has been shown to have strong sim-to-real transfer performance D'Ambrosio
et al. (2023). Each policy is a 1D dilated-gated CNN Oord et al. (2016) with 10k parameters fol-
lowing Gao et al. (2020) plus an optional FILM adapter layer of 2.8k parameters to aid sim-to-real
transfer. The observation space is(8; 16) consisting of 8 consecutive timesteps of ball position and
velocity (6), robot joint position (8), and one-hot style; forehand or backhand (2). The action space
is (8; ) representing joint velocities. All policies are run at 50Hz.

Training generalist base LLCs First we trained generalist base LLCs for each style (forehand,
backhand). To train for a particular style, each ball state in the dataset was annotated withforehand,
backhand, or centerbased on where the ball trajectory intersected with the back of the table on the
robot side. Forehand LLCs were trained on onlyforehand+ centerballs, backhand onbackhand+
center. This created an overlap in the center where policies of either style are capable of returning
the same balls. The policy was also rewarded for moving towards a reference pose (either forehand
or backhand) at the beginning of the shot. These base LLCs are important, not only to have a strong
starting polices capable of returning a wide range of balls to branch from, but also to anchor play in
speci�c styles for ef�cient returns.

Training specialistsNext we specialized LLCs to different skills by adding reward function com-
ponents and / or adjusting the training data mix and �ne-tuning a new policy initialized from one of
the existing LLCs. We experimented with the types of skills to train for based on advice from a table
tennis coach and general game intuition, including targeting speci�c return locations, maximizing
return velocity, and specializing to return serves of either topspin or underspin, fast balls, and lobs.
We found we did not need a specialist for lobs, and were unable to train a specialist on fast balls due
to lack of data and hardware limitations. We therefore focused on developing serving, targeting and
fast hitting specialists in addition to the generalists.

Determining the total set of skill policiesThe �nal system contained 17 LLCs. 4 were specialized
for returning serves, 13 for rallying. 11 played with a forehand style, 6 with a backhand style.
Importantly, each policy had the same initial robot pose, enabling straightforward sequencing of
LLC choices, since the initial robot pose will be in-distribution for all LLCs. We kept training LLCs
until we had covered our target set of skills. Due the modular architecture, there was little downside
in including additional LLCs. If we had a strong LLC, we included it, even if there was already an
LLC covering that particular skill.

2.3 THE HIGH LEVEL CONTROLLER (HLC)

The HLC is responsible for making strategic decisions. Concretely, the HLC is responsible for
selecting which LLC should be run for each incoming ball. The HLC does not have a �xed control
frequency but instead is triggered to act, once, every time the opponent hits the ball. Within the
HLC, there are six components that are combined to produce the choice of LLC — style policy, spin
classi�er, LLC skill descriptors, match statistics, strategies, LLC preferences (H-values). Figure 2
(RHS) presents an overview of the control �ow depicting how each of these elements is combined.

Style policyThe style policy determines if the robot should return the ball with a forehand or back-
hand style. The architecture is similar to the LLCs but with only 4.5k parameters and has a (8, 128)
observation space. We �atten the LLC (8, 16) observation (described in Section 2.2) and stack the
latest 8 observations to form the observation. The action space is (2,) representing a one-hot cate-
gorical choice between forehand and backhand. To train this policy, we selected a general-purpose
forehand and backhand LLC and froze their weights, then trained the style policy to maximize the
expected ball landing rate using all available ball states (including re�ections). We found the policy
generalized to serving ball states so used a single style policy for both serving and rallying phases
of the game.

Spin classi�er The spin classi�er is a binary classi�er that determines if the incoming serve was hit
by the humans as a topspin or an underspin. To train the model, we built a dataset of paddle and ball
states from the serving dataset (see Section 2.4). Speci�cally, we record a history of the 6 timestamps
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of ball and paddle states directly before the paddle made contact with the ball. The observation space
is (18,) the policy is a 2-layer MLP which outputs the probability that the incoming ball is topspin
or underspin.

LLC skill descriptors To excel in interactive sports, it is crucial to understand one's own capabili-
ties. This motivated the development of LLC skill descriptors which provide detailed metrics to the
HLC on the estimated performance of each LLC for a given incoming ball. To create the descriptors,
we evaluated each LLC in simulation on all 28k ball states averaged over ten repetitions, recording
the following policy metadata — initial ball position and velocity, median hit velocity, ball landing
location, ball landing rate. This metadata was used to construct lookup tables (we used KD-Trees
Bentley (1975)) with keys representing initial ball position and velocity. Given any ball in play, the
table can be queried for information about the likely performance of each LLC were it to be selected
by averaging performance of similar balls it has seen in the past. We used n=1 nearest neighbors
due to inference time constraints.

We observed a sim-to-real gap remained in LLC performance. LLC hit rates in the real world were
high, however ball return rates, whilst good, were lower than the> 80% we typically observed
in simulation. This meant that building skill descriptors using only simulated data was likely to
lead to errors. To address this we updated each LLC's skill descriptor using real-world data. Four
researchers played with the robot and gathered 91 - 257 real world ball throws per LLC. For each
LLC and for each ball collected, the 25 nearest neighbors in the relevant LLC-speci�c tree were
updated, weighting the simulated metrics and real world metrics for a single ball throw equally.

Strategies and LLC shortlist Every time the HLC acts, �ve hand-coded heuristics were used to
generate a shortlist (one per heuristic) of the most promising LLC candidates, given the output from
the style policy and information collected by the HLC about the opponent on their ability to return
balls both in total and broken down by forehand, backhand, and center returns. This opponent
information is persisted between games with the same opponent. Note, not all heuristics use all
available information.

The set of heuristics we utilized are as follows — random selection, prioritization of hit velocity,
prioritization of landing distance farthest from the initial ball state, exploitation of opponent's weak
side, consideration of opponent's skill by selecting LLCs with the farthest landing position for the
given ball state if the opponent's hit rate exceeds 75%.

From the shortlist we select the LLC that will be used to return the ball with weighted sampling (to
make the robot less predictable) described below.

LLC preferences (H-value) & choosing an LLCAnother key aspect of playing competitive sports
is understanding the opponent's capabilities and being able to adapt in response. This motivated
learning online preferences for each LLC which, as well as helping to bridge the remaining sim-to-
real gap, provide a rudimentary model of the human opponent.

We learned a numerical preference using a simple gradient bandit algorithm Sutton & Barto (2018)
for each LLC,H (LLC ) 2 R, based on the LLC's online performance. The agent selects LLCs
more often if their preference is higher.

For a given ball, each LLC in the shortlist is associated with an of�ine return rate. We combined the
of�ine return rate and the online preferences (H-values) to select an LLC. We found that combining
learned H-values with information from the skill descriptor tables played an important role in im-
proving performance. These H-values serve two major purposes. (1) Online sim-to-real correction;
even though efforts were made through the of�ine updates to the skill descriptor tables, a sim-to-real
gap remained, likely because the sample of real world balls used to update the tables was small and
generated by a small number of players. H-values allow the policy to quickly switch away from
poor-performing LLCs to more stable ones. (2) To learn player-speci�c strengths and weaknesses;
if the current opponent is able to easily send shots that one LLC struggles to return, the HLC can
shift weight to another the opponent can less easily exploit.

Each time an LLC was selected the H-value was updated using the binary ball land signal as the
reward function. For each new opponent, these values were initialized to a set of known baseline
preferences, to ensure everyone played against the same initial agent. These preferences were up-
dated and persisted across games for the same opponent.
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Figure 3: Visualization of the task distribution dataset. TSNE van der Maaten & Hinton (2008) was
used to project from 9-D ball states to 2-D.

2.4 TECHNIQUES FOR ENABLING ZERO-SHOT SIM-TO-REAL

There are two core challenges in simulating robotic table tennis. First, faithfully modeling the robot,
paddle, and ball dynamics. Second, accurately modeling the task distribution, i.e. the distribution
over initial states of real-world incoming ball trajectories toward the robotic player.

Modeling ball and robot dynamics We recreated the simulation environment described in
D'Ambrosio et al. (2023) and Abeyruwan et al. (2023b) within MuJoCo Todorov et al. (2012).
This enhances the prior simulated work by leveraging a more advanced solid state �uid dynamics
for ball trajectory simulation, re�ning model and system identi�cation, and improving the represen-
tation of paddle rubber. System identi�cation was performed for each actuator-joint pair following
the methodology presented in Haarnoja et al. (2024).

The paddle rubber was explicitly modeled using two orthogonal passive joints representing a spring-
damper system to approximate a rubber surface. Ball-rubber contact solver parameters (softness,
slip, friction) were determined empirically, while joint stiffness, damping, and armature were estab-
lished through parameter sweeps optimizing for sim-to-real transfer. Analogously, ball-table contact
solver parameters were also measured. We observed a bimodal distribution in contact solver param-
eters for the paddle rubber restitution when we completed system ID for topspin and underspin ball
contacts. Underspin balls exhibit a damping coef�cient of� 103, while topspin balls have a damping
coef�cient of approximately� 0. Consequently, during thetopspin correctionphase of policy train-
ing (described below), the simulator dynamically selects the appropriate solver parameters based
on the ball's pre-contact spin. This bimodality was not observed in the ball-table contact solver
parameters.

We utilized domain randomization, observation noise, and latency similar to D'Ambrosio et al.
(2023). We randomized table and paddle damping, and friction parameters during training. We
employed two shaping rewards, net height reward and a target for the last ABB joint at ball-paddle
contact, to mitigate a sim-to-real gap observed due to robot returns overshooting the opponent's side.
This approach not only addressed the intended criteria but also promoted competitive robot returns.

Spin “correction” and sim-to-sim adapter layers The simulation for paddle rubber has two sets of
physical parameters, one for topspin and another for underspin. This causes a signi�cant discrepancy
between simulation and reality when using LLCs for topspin balls. We developed two solutions to
mitigate this issue: topspin correction and sim-to-real adapter layers. First, we �ne-tuned an LLC
in simulation, dynamically selecting the appropriate ball-spin-dependent solver parameters, with
additional rewards for low net clearance and target joint angle. This reduced the gap for specialized
skills and increased ball return speed. However, a gap persisted for generalized skills on high topspin
balls. To address this, we augmented the topspin-corrected policy with a FiLM layer Perez et al.
(2018) with with 2.8k parameters and trained the adapter using just topspin balls for 5k steps. This
closed the sim-to-real gap while preserving underspin return ability. Similar techniques could be
applied to heavy underspin or side spin, but we leave this for future work.

Iteratively grounding the training task in the real world A seed dataset of 40 minutes of human
vs. human play was collected along with 480 varied ball throws from a ball thrower. The sequence of
ball positions was segmented into trajectories consisting of single ball hits and an of�ine optimiza-
tion process (see Abeyruwan et al. (2023b)) was used to extract the initial ball state —– position,
velocity, and angular velocity —– from each trajectory such that a simulated ball trajectory starting
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