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Abstract— Humanoid robots promise transformative capa-
bilities for industrial and service applications. While recent
advances in Reinforcement Learning (RL) yield impressive
results in locomotion, manipulation, and navigation, the pro-
posed methods typically require enormous simulation samples
to account for real-world variability. This work proposes a novel
one-stage training framework—Learn to Teach (L2T)—which
unifies teacher and student policy learning. Our approach
recycles simulator samples and synchronizes the learning trajec-
tories through shared dynamics, significantly reducing sample
complexities and training time while achieving state-of-the-art
performance. Furthermore, we validate the RL variant (L2T-
RL) through extensive simulations and hardware tests on the
Digit robot, demonstrating zero-shot sim-to-real transfer and
robust performance over 12+ challenging terrains without depth
estimation modules. Experimental videos are available online []_1

I. INTRODUCTION

Reinforcement Learning (RL) has revolutionized robotic
control by tackling complex tasks such as dynamic locomo-
tion [1]-[3]. Despite these achievements, policies trained in
simulators often falter when deployed into the real world due
to the inevitable simulation-to-reality gap [4]. Although do-
main randomization [5] is widely used to mitigate these dis-
crepancies, it incurs significantly higher sample complexity
as agents must explore extensive environmental variations.

Recently, teacher-student learning methods have demon-
strated promising results by leveraging an expert teacher
to guide students with restricted observation spaces [6]—
[8]. However, the conventional two-stage training discards
valuable teacher interactions with the environment and of-
ten suffers from mismatches between independently trained
teachers and students. To address these issues, we propose
Learn-to-Teach (L2T): a unified training framework that co-
trains teacher and student agents in a single, interactive stage,
where the student fully utilizes the collected samples.

To quantify L2T’s advantages, we implement L2T-RL, an
RL variant, and benchmark its performance on humanoid lo-
comotion tasks using the Digit robot in Isaac Lab—a state-of-
the-art GPU-accelerated simulator [9]. Our results show that
L2T-RL can achieve stable and superior performance com-
pared to the conventional teacher-student learning paradigm,
requiring 50% fewer samples. Consequently, we deploy our
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trained policy on the robot Digit and conduct extensive
hardware experiments in indoor and outdoor environments.
Strikingly, the resulting student agent, a lightweight LSTM-
based policy, exhibits zero-shot sim2real transfer on the
physical Digit robot across a wide range of terrains, including
gravel, sand, grass, and slopes (Fig. [I). We also test our
control policy on various perturbations such as push recovery,
walking under payload, and walking on slippery or wet
terrains or with the wind blowing (see Fig. [6] and the
supplementary video). Our contributions are as follows:

Efficient training framework: We propose a joint
teacher-student training paradigm that optimizes both poli-
cies simultaneously. Unlike prior decoupled approaches, our
framework enables cross-agent knowledge transfer to the
student policy by dynamically utilizing the teacher’s training
samples directly within a single training stage, avoiding the
need for training from scratch in a separate stage.

Mitigation of teacher-student policy divergence: We
propose a sample mixing strategy to alleviate the imita-
tion gap between the teacher and student, which traditional
privileged learning is unable to address [10]. Both agents
will contribute to the replay buffer following a predefined
schedule when collecting samples. Mixing samples enables
a joint optimization process that mitigates policy divergence
while promoting sample efficiency by letting both agents
explore Out-of-Distribution (OOD) data.

Humanoid RL agent deployment: We demonstrate real-
world locomotion agility through hardware experiments. Our
policy, trained entirely in simulation, enables a physical
humanoid robot to reliably traverse 12+ real-world terrains
(concrete, gravel, slopes, stairs, etc.) and withstand dynamic
perturbations (pushes and payloads) without offline fine-
tuning. The policy achieves high success in unstructured en-
vironments, matching the teacher’s robustness despite using
only proprioceptive inputs without depth estimation modules.

II. RELATED WORK

Teacher-student learning: In the robotics learning com-
munity, teacher-student learning [6]-[8] has gained signif-
icant attention due to its applicability and effectiveness
in addressing sim2real challenges. In this framework, the
teacher agent is trained with complete knowledge of the state
space. After obtaining an expert-level teacher, a student agent
is trained in an observation space that follows the available
sensor configurations on hardware, where the goal is to
imitate the teacher’s action [8]. In this work, we extend this
learning framework by training the teacher and the student
simultaneously in a single stage. Prior work [11] proposed a
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Fig. 1: We implement our L2T-RL algorithm on our bipedal walking robot Digit and deploy it on diverse terrain with various
environmental conditions such as wet grass, gravel, sandy terrain, and slippery surfaces.

method termed Concurrent Teacher Student (CTS) learning,
which also explored the idea of co-training both agents.
However, CTS trains a shared policy across the teacher and
the student, only differentiating the observation encoder and
the critic. This potentially disrupts the training process as
the privileged critic naturally rewards actions that might not
seem valuable to the student. In comparison, L2T trains
two separate agents, with the option of sharing an encoder
network or using an asymmetric learning style critic.

Learning with partial observation: Recent advance-
ments in RL under partial observability have significantly
improved the ability of robotic systems to operate in com-
plex, uncertain environments [8]. Contemporary approaches
often leverage deep recurrent architectures, such as [12],
to infer latent state representations from sequential data,
effectively bridging traditional POMDP solvers with mod-
ern deep RL frameworks. In robotics control, practitioners
construct history-dependent policies from a sliding-window
style observation or rely on the recurrent architecture of
the policy network. At the same time, asymmetric learning
has emerged as another effective strategy to bridge the gap
between training and execution [13]. In these approaches,
the critic network is provided access to privileged, full-
state information during training. Recent works have demon-
strated that such asymmetric actor-critic frameworks improve
sample efficiency and enhance policy robustness [14]. In
this work, we combine these learning techniques, utilizing
a recurrent network and an asymmetric critic, to solve the
underlying POMDP problem efficiently.

Learning from demonstrations: Learning from demon-
strations (LfD) has attracted significant interest in the robot
learning field due to the growing abundance of robot data and
the popularity of simple yet effective imitation learning (IL)
frameworks [15]. LfD has demonstrated impressive results

in controlling robot manipulators for tabletop tasks [16]. A
recent surge of LfD studies in humanoids and bipeds have
shown the promising potential of whole-body control and
loco-manipulation [16]-[19]. However, supervised learning
demands high-quality behavior data, oftentimes through elab-
orate data collection pipelines [16], [19] and/or needs accu-
rate re-targeting to robot states from datasets with different
morphologies On the other hand, the prevalent IL loss is
known to be suboptimal from a pure learning perspective
in previous studies [20]. Thus, in this work, we focus on
a generic algorithm framework to address the sim2real gap
alone, without the interference of possible issues brought up
by LfD methods. Furthermore, our proposed framework can
be easily extended to the LfD setting, which we leave as a
future direction.

Bipedal locomotion over complex terrain: Humanoid
robots recently have gained increasing interest due to their
applicability and versatility [17]-[19], [21]-[25], ranging
from locomotion [26], to manipulation [27]. Prior bipedal
locomotion works [26], [28] have explored the conventional
teacher-student learning paradigm in locomotion tasks. How-
ever, the training process can take significant samples even
with an elaborate training environment design. Concurrent
works also incorporate memory structure into the policy
architecture [11], [26], [29], or learning from demonstrations
collected from various data sources such as human motion
data [30] or data generation using model-based methods [27].
In comparison, we design straightforward and intuitive re-
ward functions for bipeds in general terrain settings, offering
a simple yet effective solution.

III. METHODS

This section introduces our problem setup and notations
and presents our learning framework. A Markov Decision
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