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Abstract. Tsinghua Hephaestus, the RoboCup 2025 Adult Size cham-
pion, presents its research directions for RoboCup 2026. Building on
our learning-based framework that demonstrated effective integration of
vision-driven control, locomotion, and fall recovery, we identified key
limitations in skill diversity and multi-agent coordination during com-
petitive play. For RoboCup 2026, our research focuses on expanding the
behavioral repertoire of humanoid soccer robots and developing coordi-
nation mechanisms through learning-based approaches. We investigate
methods to train diverse soccer skills within unified frameworks and ex-
plore the integration of human demonstration data with multi-agent re-
inforcement learning. Our contributions include open-source simulation
infrastructure and validation of end-to-end learning paradigms in com-
petitive humanoid robotics.
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1 Introduction

Since 2004, Tsinghua Hephaestus has competed in the RoboCup humanoid League,
advancing from model-based control methods to learning-based techniques. In
RoboCup 2025, the team won the Adult Size championship [2].

Our humanoid robots use a learning-based system that closely links vision
(robotic visual processing) with adversarial motion priors (movement patterns
learned from human demonstration) [4], enabling direct interaction between sen-
sory inputs and the robot’s motors [7]. Key features of our robot include omni-
directional locomotion (ability to move in any direction), curriculum-based fall
recovery learning (stepwise training to get up after a fall) [1], and proprioceptive
localization (the robot’s sense of its own body position).

Building on the RoboCup 2025 experience, this paper presents lessons learned,
outlines challenges to be addressed, and specifies the main objectives and key
strategic steps planned for RoboCup 2026.
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2 Lessons Learned from RoboCup 2025

2.1 Strengths of Learning-Based Approaches

The championship result demonstrated that learning-based methods are highly
effective in competitive humanoid robotics. The locomotion subsystem, trained
using policy gradient algorithms [5], demonstrated strong mobility and robust-
ness to physical disturbances. The vision-driven control system [7] used motion
priors from demonstrations [4] to adapt gameplay without hand-engineered rules.
The fall recovery system [1] used curriculum learning to handle many falling sit-
uations. Proprioceptive models enabled robots to determine their position using
learned representations from internal sensors, while simulation-based training [3]
made skill transfer to real robots more efficient.

2.2 Identified Limitations

Although we have achieved success in a single robot’s kicking skills, limitations
remain, such as insufficient behavioral diversity and weak collaboration among
multiple robots. The system only supports a narrow range of skills for com-
plex matches. Additionally, limited observation contexts and training hinder the
development of diverse strategies and coordinated team behaviors.

3 Major Challenges for RoboCup 2026

Advancing humanoid soccer systems requires tackling foundational research chal-
lenges, including increasing behavioral diversity in reinforcement learning while
ensuring training stability, facilitating robust multi-agent coordination, and trans-
ferring high-level strategic knowledge to robots via demonstration-based learn-
ing. These interdependent challenges drive ongoing research in the field.

4 Plans for RoboCup 2026

Our development focuses on extending learning-based methods to address identi-
fied limitations by expanding behavioral capabilities and maintaining robustness.
We are developing training approaches for diverse soccer skills, leveraging both
simulation and demonstration data, and exploring coordination mechanisms for
multi-agent behaviors.

5 Current Implementation Status

We have established foundational infrastructure based on our existing learn-
ing systems. Initial experiments with training methodologies and coordination
approaches are in progress. Core capabilities from RoboCup 2025 remain oper-
ational and serve as the foundation for ongoing development.
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6 Impact and Contributions

6.1 Impact on the Humanoid Soccer League

We contribute to the community through open-source resources and technical
validation. The BoosterGym simulation framework [6] provides infrastructure
for learning-based research on humanoid robots. Our championship performance
validated the effectiveness of learning-based approaches in the AdultSize compe-
tition. We propose a hierarchical technical framework that provides a systematic
roadmap for developing and evaluating capabilities in humanoid soccer systems.

6.2 Research Contributions

Our contributions include fall recovery through curriculum learning [1], proprio-
ceptive localization, and vision-driven motor control [7], extending motion prior
frameworks [4]. Ongoing research focuses on expanding behavioral capabilities,
coordination, training diverse soccer skills, and transferring strategic knowledge.
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