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Abstract— Developing bipedal football robots in dynamic
combat environments presents challenges related to motion
stability and deep coupling of multiple tasks, as well as
control switching issues between different states such as up-
right walking and fall recovery. To address these problems,
this paper proposes a modular reinforcement learning (RL)
framework for achieving adaptive multi-task control. Firstly,
this framework combines an open-loop feedforward oscilla-
tor with a reinforcement learning-based feedback residual
strategy, effectively separating the generation of basic gaits
from complex football actions. Secondly, a posture-driven state
machine is introduced, clearly switching between the ball
seeking and kicking network (BSKN) and the fall recovery
network (FRN), fundamentally preventing state interference.
The FRN is efficiently trained through a progressive force
attenuation curriculum learning strategy. The architecture was
verified in Unity simulations of bipedal robots, demonstrating
excellent spatial adaptability-reliably finding and kicking the
ball even in restricted corner scenarios-and rapid autonomous
fall recovery (with an average recovery time of 0.715 seconds).
This ensures seamless and stable operation in complex multi-
task environments. The source code and demonstration video
are available at https://openatom.tech/zhangl17182/
2025competition_gewu_nanoloong.

I. INTRODUCTION

As artificial intelligence advances toward general intel-
ligence, embodied intelligence has emerged as a pivotal
frontier emphasizing physical embodiment and interaction.
Unlike passive perception agents, embodied agents actively
interact with physical environments to enable adaptive learn-
ing via dynamic sensorimotor coupling, bridging theory with
real-world deployment [1]. Robot soccer—requiring the inte-
gration of perception, motion control, and decision-making in
dynamic adversarial settings—serves as a critical benchmark
for embodied intelligence [2]. Methods combining learning
from demonstration and behavior-based control enhance skill
learning efficiency [3], while posture stabilization strategies
address core disturbance rejection in locomotion [4], laying
a foundation for reliable small-scale robot operations in
competition.

The integration of reinforcement learning (RL) and physi-
cal simulation has significantly accelerated the development
of robot soccer control. Deep RL successfully trains basic
adversarial behaviors [5], while skill primitives validate
modular collaboration in open-source platforms [6], [7]. For
complex task decomposition [8], researchers increasingly
adopt embodied methods that couple perception with action
[9], [10]. Additionally, imitation learning [11] and RL [12]
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are crucial for bipedal robot locomotion. System stability
and task execution capabilities are further enhanced through
multi-posture fall recovery [13], multi-objective optimization
[14], and distributed multi-agent coordination [15], [16].
Recent studies highlight spatial perception [17], optimized
neural networks for ball control [18], and curriculum learn-
ing [19], all of which can be efficiently developed within
platforms like Unity [20].

Despite these advances, developing integrated, multi-skill
control policies for bipedal robots remains formidable. First,
simultaneously learning foundational locomotion and com-
plex interactions (e.g., ball seeking) intrinsically couples low-
level stability with high-level objectives, necessitating intri-
cate reward formulations [21], [22]. Second, orchestrating
seamless transitions between distinct dynamic states (e.g.,
upright walking and fall recovery) without feature space
interference is highly demanding for state modeling [23],
[24]. Thus, harmonizing rhythmic gaits with multi-state task
execution remains a key pursuit.

To address these challenges, this paper proposes a modular
RL framework for dynamic adversarial tasks in bipedal
robots. To resolve task coupling, an open-loop feedforward
oscillator maintains stepping rhythms while an RL policy
outputs residual actions for high-level maneuvers. Further-
more, a posture-driven state-machine toggles between ball
seeking and kicking network and a fall recovery network, en-
suring feature decoupling during state transitions. Validated
in Unity, the architecture demonstrates robust fall recovery
and exceptional spatial adaptability—reliably kicking balls
in constrained corners, providing an efficient paradigm for
multi-task embodied control.

II. RELATED WORK
A. Reinforcement Learning in Robot Soccer

Robot soccer (e.g., RoboCup) serves as a standard bench-
mark for evaluating highly dynamic locomotion and object
interaction. Traditionally, bipedal robots relied on hand-
crafted kinematic models, such as Zero-Moment Point, and
scripted controllers for basic walking and kicking [25].
Recently, end-to-end Reinforcement Learning (RL) has suc-
cessfully synthesized agile soccer skills directly from envi-
ronmental interactions [26].

However, learning bipedal locomotion alongside complex
interaction tasks typically demands extensive reward formu-
lation. To address this, our study integrates an open-loop
oscillator to generate basic stepping rhythms, while an RL
policy outputs residual actions for specific soccer maneuvers
like ball seeking and kicking.
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B. Fall Recovery in Bipedal Robots

Fall recovery is a critical challenge for bipedal robots, and
recent studies have focused on applying RL and multi-task
learning to enable robots to recover efficiently from falls.
Multi-task learning frameworks aim to optimize the robot’s
ability to switch between fall recovery and other tasks such
as ball kicking and dribbling. Several approaches, such as
[27], have investigated fall recovery systems using RL.

C. Curriculum Learning in Robotic Control

Curriculum learning is an effective strategy for incremen-
tally training complex tasks by gradually increasing task
difficulty. In reinforcement learning, it has been successfully
applied to teach robots behaviors, starting with simpler tasks
and progressing to more complex ones. In fall recovery,
curriculum learning reduces assistance as the robot improves
its recovery ability.

For instance, higher force assistance was initially pro-
vided and gradually reduced as the robot became more
proficient[28]. This progressive approach stabilizes learning,
reduces failure risk, and improves task performance. In our
work, we use curriculum learning to adjust recovery forces
based on the robot’s progress, ensuring smooth and efficient
training.

III. METHODS

This section presents a multi-task reinforcement learning
control framework for biped robot soccer tasks, aiming
to develop an autonomous robot soccer system based on
reinforcement learning.

A. Research Goal

The soccer task scenario is shown in Fig. [I which
is a sub-module of Gewu Playground built on Unity
(https://github.com/loongOpen/Unity-RL-Playground). The
scenario includes a soccer field, a soccer ball, and two Tinker
robots. The goal is to implement a fully autonomous 1vl
robot soccer match with no human involvement, including
the robot’s ability to stand up after falling.

Fig. 1: Soccer Task Scenario.

The robot we used is a small open-source biped
robot, NanoLoong-Bipedal (also named Tinker) from Open-
Loong (https://github.com/loongOpen/NanoLoong-Bipedal),
equipped with 10 rotational joints, with 5 degrees of freedom
(DOF) per leg: three at the hip (Y/R/P), one at the knee
(P), and one at the ankle (P). Tinker’s zero-position posture

is shown in Fig. 2| This robot is inspired from Disney’s
BDX robot and aims to providing an open-source, low-cost
research and education platform.

(a) Front view (b) Side view

Fig. 2: Tinker zero position.

B. Control Architecture

The overall architecture is shown in Fig. [3]
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Fig. 3: Multi-Task RL Control Architecture for Tinker.

The framework comprises three core modules: perception
layer, multi-task RL layer, and action control layer. The
perception layer captures robot posture and soccer environ-
ment via state observation for decision-making input. As the
core module, the multi-task RL layer dynamically dispatches
fall recovery and ball seeking/kicking networks through task
decision/switching mechanisms to handle these two core
tasks. The action control layer converts decision outputs into
motor drive commands for physical action execution.

C. Hybrid Feedforward-Feedback Control

Learning a stable gait purely from scratch via Reinforce-
ment Learning (RL) often suffers from a high-dimensional
exploration space and sub-optimal convergence. To address
this, we introduce a time-driven feedforward control module
based on a Central Pattern Generator (CPG) mechanism,
integrating an open-loop oscillator with an RL-based residual
policy.

1) Periodic Oscillator: The feedforward controller pro-
vides rhythmic gait priors independently of environmental
feedback. A complete gait cycle spans 273 simulation steps.
For a given time step ¢, € (0,277, the oscillator generates



two alternating normalized signals, u sy and ufo, to simulate
the swing and stance phases. In this paper, u¢; is defined as:

1—cos(27r;—1i)
ugi(tp) = 2 , 0<t, <Th (D
07 T1 < tp < 2T1

The signal wuyo(t,) is symmetrically defined with a phase
shift of Tj.

2) Residual Action Superposition: To combine the nomi-
nal gait with RL adaptability, a residual learning approach is
employed. The RL network outputs residual actions a’,. The
final target angle GgaTget sent to the low-level PD controller
for active joint ¢ is calculated as:

iarget = dﬁz Suf+ d(1) + ki - a’j‘l 2

where dé is the static base offset, dz is the swing amplitude,
us € {us1,upz} is the assigned phase signal, and k; is the
scaling gain. This ensures the oscillator handles the basic
rhythmic locomotion while the RL policy focuses on subtle
balance and steering compensations.

3) Phase Encoding Observation: To synchronize the RL
policy with the feedforward oscillator, the temporal variable
t, is encoded as a continuous harmonic vector and concate-
nated to the state observation space:

—ain (12 b
Ophase = {Sm <7r T1> , COS <7r T ﬂ 3)

This prevents temporal discontinuities and provides the
neural network with smooth phase information to output
synchronized residual actions.

D. Dynamic Switching Mechanism of Dual Networks Based
on Posture Perception

To address the inherent conflict between fall recovery
and ball seeking and kicking, this framework introduces a
posture perception-based dual-network dynamic switching
mechanism that allows the Tinker robot to adaptively select
the appropriate behavior according to its current posture

(Fig. F).

0000
0000
(XXX

T

Reinforcement Learning

Robot State
Evaluation

+ Robotis Fallen
+ Tilt Angle>Threshold
Fall Recovery Task
o
L

Fall Recovery Network

» Robot is Upright
- Ball & Goal Perceived

Ball-Seeking & Kicking Task

Ball-Seeking &
Kicking Network

Fig. 4: State Transition Flowchart.

1) Pose Perception and State Determination: Core posture
features are collected in real time via Tinker’s IMU and joint
encoders, forming a 2D posture feature vector X:

htorso] T (4)

where 6;;;; represents the spatial inclination angle between
the torso’s local upward axis and the global vertical gravity
axis; hiorso denotes the real-time absolute height of the
robot’s root link (torso) along the global vertical y-axis.

A fallen state is robustly identified if the torso inclination
angle 0;;; exceeds 25° or the torso height hyy-s drops
below a preset physical safety threshold (e.g., —0.505m
in the simulation coordinate frame). If neither condition is
met, the robot is considered to be in a stable standing state.
This state determination runs at 100Hz (aligned with the
physics simulation step of 0.01 s) to ensure real-time posture
recognition and timely policy switching.

2) Dual-Network Architecture and Switching Logic: To
accommodate the Unity ML-Agents framework dynamically
switching models on a single agent, both networks share
identical input/output tensor dimensions (a 58-dimensional
observation space and a multi-dimensional continuous action
space). However, their semantic inputs and reward objectives
are strictly decoupled:

X = [Bri

o Fall Recovery Network (FRN): Focuses exclusively on
proprioception. It masks out irrelevant exteroceptive
environmental features (e.g., ball and goal positions)
with zero-padding. By processing only core posture
features and joint states, it outputs residual joint actions
specifically optimized for fall recovery and posture
stabilization.

o Ball Seeking and Kicking Network (BSKN): Utilizes
the complete observation vector. It fuses the robot’s pro-
prioceptive states with real-time exteroceptive features
(relative coordinates of the soccer ball and target goal).
It outputs target-driven residual commands to modulate
the feedforward gait for ball-seeking, body turning, and
kicking.

« Switching Logic: Posture perception feeds state data to
the task decision module, triggering network switch-
ing—FRN activates (BSKN suspends) in fallen states,
BSKN reactivates in standing states. A 3-frame continu-
ous judgment buffer mitigates switching jitter: switching
occurs only if conditions are met for three consecutive
frames, with smooth interpolation on joint action com-
mands to prevent abrupt balance loss.

E. Multi-Dimensional Reward Function Design

1) FRN Reward Function Design: The FRN enables
rapid, stable upright recovery post-fall through a two-
component reward formulation. The per-step reward is R =
Ryp + Ry, with the components defined as follows:

 Upright Reward: R,, = u-v: Maximizes the dot product
between the torso up-direction unit vector u and the
world vertical unit vector v, approaching 41 when
upright and negative when tilted or inverted.



o Actuation Penalty: R, = —2 if u-v < 0.7, otherwise
-0.3 ZZ\LI |u;|: Applies a strong constant penalty when
fallen, prioritizing recovery. Once upright, the Jgenalty
becomes linear in total action magnitude » ;" |u|,
where u; is the filtered action for joint ¢ and N is
the number of controllable joints, encouraging smooth,
energy-efficient motions.

2) BSKN Reward Function Design: The BSKN targets
efficient ball localization, control, and kicking in robot
soccer. The total reward is defined as Ryl = Rprogress +
Rapproach + Rstabitity + Refficiency> Which incentivizes rapid ball
approach, optimal shooting angles, and effective kicking
while penalizing energy waste and postural instability. The
individual terms are defined as follows:

o Forward Reward: Rpogess = forward speed x a: Re-
wards higher forward linear velocity (o = forward
reward coefficient).

o Approach Reward: Ripproach = Qgoal X (1 — %):
Rewards goal proximity with sharp growth (dgoa =
robot-goal distance, agoa = reward coefficient).

o Postural Stability Penalty: Rgabiiy = —3 X (|Opicen| +
|6on]): Penalizes excessive pitch/roll angles to enhance
balance (3 = stability penalty coefficient; Opiich, Oron =
current pitch/roll angles).

o Energy Efficiency Penalty: Refficiency = —7 Z?zl s |:
Penalizes excessive joint energy consumption (u; = ¢-th
joint motion input, v = energy penalty coefficient).

Combined, these components guide efficient ball seeking
and kicking while minimizing energy use and maintaining
postural stability.

F. Parallel Training

This study deploys 24 parallel instances for RL training
on the Gewu Playground platform. This architecture enables
simultaneous multi-instance sampling and policy updates,
boosting training efficiency/data diversity and reducing over-
all training time. Each instance independently explores the
state space to enrich experience data diversity; cross-instance
experience sharing enhances policy stability/convergence,
minimizes update variance, and ensures comprehensive cov-
erage of training state distribution.

IV. SIMULATION AND RESULTS
A. Fall Recovery Network Training Result

As shown in Fig.[5] the cumulative reward curve of the Fall
Recovery Network (FRN) clearly illustrates the effectiveness
of the proposed curriculum learning paradigm. Initially, the
reward starts at approximately -1000 but ascends sharply
to peak near 750 within the first 1 x 10° steps, facilitated
by substantial external assistive forces. The noticeable sharp
dips in the learning curve (e.g., around 1 X 106, 1.5 x 108 ,
and 2.5 x 10 steps) correspond to the scheduled progressive
reduction of these assistive forces. Although increasing the
task difficulty causes transient performance drops, the agent
rapidly adapts and recovers to high reward levels. After

4 x 108 steps, as the external assistance diminishes to zero,
the curve stabilizes consistently between 500 and 700.

This process demonstrates that the robot successfully tran-
sitions from assisted standing to autonomous fall recovery,
thereby validating the proposed reward function and laying a
robust foundation for the subsequent dual-network dynamic
switching.

Cumulative Reward for Fall Recovery in Soccer Training
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Fig. 5: Cumulative Reward for Fall Recovery Network.

B. Ball Seeking and Kicking Network Training Result

As shown in Fig. [6] the BSKN cumulative reward starts
at 0, rises sharply to 100 within 3 x 108 steps (basic ball-
seeking/stepping mastery), grows gradually with minor fluc-
tuations (optimal kicking angle exploration), and stabilizes
at 200 by 16 x 10% steps. This confirms the reward func-
tion guides effective learning of the composite ball seeking
and kicking task, balancing environmental perception and
dynamic motion control.

Cumulative Reward for Ball Seeking and Kicking in Soccer Training

Step (x106)

Fig. 6: Cumulative Reward for Ball Seeking and Kicking
Network.

C. Robot Fall Recovery and Time Distribution Analysis

To evaluate the fall recovery performance of the robots,
a total of 24 instances were tested in a simulated soccer
environment. Each instance involved a robot that was inten-
tionally knocked down, and the time taken to return to a
stable standing position was recorded. The recovery process
was analyzed to assess the effectiveness of the proposed
reinforcement learning-based fall recovery system.



Fig. [7] illustrates the dynamic recovery process, showing
the transition of the robots from the fallen state (left) to
the standing position (right). This transition demonstrates the
robot’s ability to efficiently recover from a fall and resume
its soccer tasks, highlighting the robustness of the proposed
system in dynamic environments.

Fig. 7: Robot Fall Recovery Process.

Fig. [8] presents the distribution of recovery times across all
24 robot instances. The histogram and the smoothed density
curve reveal that recovery times are generally distributed
between 0.5 and 1.0 seconds. The majority of robots returned
to a standing position within 0.6 to 0.7 seconds, with the
mean recovery time marked at 0.715 seconds. The data
indicates a stable recovery process, with a few instances re-
quiring slightly longer recovery times. This further supports
the robustness and effectiveness of the fall recovery network
used in our approach.
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Fig. 8: Distribution of Robot Recovery Time.

D. Spatial Adaptability in Corner Scenarios

As shown in Fig. 0] the robot demonstrates robust spatial
adaptability in a corner scenario. The process consists of
four key stages: (a) navigates to the ball in the corner,
(b) approaches and aligns its body toward the goal, (c)
stabilizes posture for an accurate kick, and (d) executes a
successful shot toward the goal. This capability validates
that the reward structure, particularly the ball-seeking and
target-area components, effectively incentivizes the agent
to maintain goal orientation even under challenging spatial
constraints.

E. Ivl Soccer Match Results

To validate the practical applicability of the trained dual-
network framework, a functional test was conducted in a

Fig. 9: Spatial Adaptability in Corner Scenarios.

simulated soccer scenario. Tinker exhibited smooth, coor-
dinated motion with balanced posture, efficient leg move-
ments for ball tasks, prompt dual-network switching for
fall recovery, and seamless resumption of ball tasks post-
recovery—confirming stable continuous task execution in
complex scenarios and validating training reward curve con-
vergence.

Key test scenario snapshots (Fig. [10) visualize core task
execution stages: fall-induced network switching (Fig. [T0a),

dynamic dribbling/ball approaching (Fig. [TObHIOc)), and full-
task-chain execution via goal scoring/near-goal confrontation
(Fig. [[0dHIO€). These results verify robust posture percep-
tion, precise BSKN motion coordination, and effective com-
plex task completion under dynamic adversarial conditions.

V. CONCLUSIONS

This paper presented a modular reinforcement learning
framework to address the critical challenges of task coupling
and state transition in bipedal robot soccer. By employ-
ing a hybrid feedforward-feedback control architecture, we
explicitly decoupled foundational rhythmic gaits (generated
by an open-loop oscillator) from target-driven maneuvers
(handled by RL residual policies). Furthermore, a posture-
driven switching mechanism dynamically toggles between
a primary Ball Seeking and Kicking Network (BSKN) and
a dedicated Fall Recovery Network (FRN), with the latter
efficiently trained via a progressive force-decay curriculum.

Extensive Unity simulations validated the robustness of
the proposed system. The bipedal robot demonstrated highly
agile spatial adaptability in ball manipulation and achieved
rapid, autonomous fall recovery with a mean time of 0.715
seconds. Notably, the behavioral transitions were smooth and
seamless, effectively eliminating joint jitter. This decoupled
control paradigm provides a highly efficient and reliable so-
lution for embodied multi-task agents. Future work will focus
on deploying the trained policies to physical hardware via
sim-to-real transfer and integrating vision-based perception
for multi-agent cooperative strategies.
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