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Learning Locomotion for Quadruped Robots via
Distributional Ensemble Actor-Critic
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Abstract—Domain randomization introduces perturbations in
the simulation to make controllers less susceptible to the reality gap,
which enables remarkable sim-to-real transfer on real quadruped
robots. However, aleatoric uncertainty originating from perturba-
tions could often lead to suboptimal controllers. In this work, we
present a novel algorithm called Distributional Ensemble Actor-
Critic (DEAC) that blends three ideas: distributional representa-
tion of a critic, lower bounds of the value distribution, and ensem-
bling of multiple critics and actors. Distributional representation
and ensembling provide reasonable uncertainty estimates, while
lower bounds of the value distribution offer finer-grained error
control. The simulation results show that the controller trained
by DEAC outperforms the other baselines in the domain random-
ization setting. The trained controller is deployed on an A1-like
robot, demonstrating high-speed running and the ability to traverse
diverse terrains such as slippery plates, grassland, and wet dirt.

Index Terms—Quadruped robot, reinforcement learning,
distributional method, ensemble method.

I. INTRODUCTION

R ECENTLY reinforcement learning (RL) [1], [2] has
emerged as a promising approach to quadrupedal locomo-

tion problems end-to-end without much manual effort. Domain
randomization [3] is a key technique that enables successful
zero-shot sim-to-real deployment for RL. Domain randomiza-
tion randomizes the dynamics of the environment, thus exposing
the agent to a diverse set of environments in the training phase
to enhance robustness.

However, typical domain randomization may lead to subop-
timal and high-variance controllers [4]. For example, external
forces push the agent forward, which returns confused reward
signals to the agent. Additionally, partially observational proper-
ties and sensor noise of quadrupeds can trigger severe perceptual
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aliasing: a large number of observations are produced that are
identical in different states. Although modern simulators provide
a cheap and essentially unlimited amount of data, aleatoric
uncertainty originating from stochastic dynamics and noise will
always plague an RL agent to learn high-performance policy.

In this work, we mitigate this limitation by proposing a
new RL algorithm called Distributional Ensemble Actor-Critic
(DEAC) to improve the controller performance under domain
randomization. DEAC incorporates distributional [5], [6] and
ensemble methods to effectively model the aleatoric uncer-
tainty inherent in the agent’s interaction with the environment.
Learning the distribution of value function could help agents
capture useful information about the environment, such as the
probability of potential disturbances and high-return events.

To prevent catastrophic overestimation bias [7], [8], previous
works [7], [8], [9] usually truncate nor minimize some approxi-
mations. However, these approaches are wasteful as they ignore
some of the estimates and diminish the power of the ensemble
of approximations. To take full advantage of all approximations,
DEAC calculates the uncertainty estimate of each distributional
atom across the critic ensemble to obtain the lower bound of
value distribution, providing finer-grained error control. In ad-
dition, DEAC learns value distributions and policies with respect
to various confidence bounds jointly in the same network, which
can be considered a set of auxiliary tasks [10] that help build
shared state representations and reduce the computational cost.

DEAC shows superior performance for learning legged loco-
motion in our setup, compared to SAC [9], REDQ [7], TQC [8],
and PPO with automatic curriculum [2], [11]. We thoroughly
analyze the value function model arising from our method
and study the effects of network architectures, settings, and
parameters in simulation. We further deploy the trained policy
on a quadruped robot, demonstrating the ability to traverse
challenging terrains flexibly with a maximum speed of 3.5 m/s.

Our contribution is threefold. First, we significantly improve
the asymptotic performance and sample efficiency of the RL
algorithm by learning value function distributions and ensem-
bles. Second, our method improves the controller’s performance
under domain randomization. Finally, we investigate the learned
locomotion behaviors in simulation and hardware.

II. RELATED WORKS

Control-based method: Control-based methods typically con-
vert motion planning problems into nonlinear programming

© 2024 The Authors. This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see
https://creativecommons.org/licenses/by-nc-nd/4.0/

IEEE Robotics and Automation Letters (RAL) paper presented at
2024 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS)
October 14-18, 2024. Abu Dhabi, UAE

Copyright ©2024 IEEE



1812 IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 9, NO. 2, FEBRUARY 2024

problems (NLP) with a finite number of decision variables and
constraints. ANYmal robot [12], MIT Cheetah 3 [13] used regu-
larized model predictive control (MPC) and simplified dynamics
to achieve a maximum yaw rate of 180 degrees/sec and a 3.0 m/s
maximum linear velocity. The ANYmal robot relies on foothold
optimization, trajectory optimization, and tracking with a whole-
body controller to move. HYQ [14] used a full-body controller
to overcome nonlinear MPC issues to accomplish rough terrain
adaptation problems. However, extensive task-specific feature
engineering or heuristics are still required to enhance the cost
function and reduce computation time for online execution.

Reinforcement learning for quadrupedal locomotion: Con-
trollers trained with Reinforcement learning in simulations are
difficult to deploy on real robots [15]. Additional efforts are
usually required to transfer the policies to real robots, including
constructing more accurate simulations [16], domain random-
ization [3], and privilege learning [11]. A remarkable example is
the trained velocity tracking controllers for the ANYmal robot
at speeds up to 1.5 m/s, which were extended using a privileged
learning paradigm over various terrains [11]. Additionally, an
end-to-end learned controller achieved record agility for the
MIT Mini Cheetah, sustaining speeds up to 3.9 m/s [2]. Enhanc-
ing policy robustness (like domain randomization) can provide
confused rewards or cause perceptual aliasing, significantly
diminishing the performance of RL algorithms compared to
randomization-free settings.

Distributional Reinforcement learning: The stochasticity of
domain randomization means it changes in ways that are not
fully predictable. Most previous legged control studies have
given little consideration to this issue. Fortunately, distributional
RL, which learns the value distribution instead of the value
function, is an effective tool to solve the above problem [5], [8],
[17]. QR-DQN [5] approximates the value distribution using a
mixture of atoms. IQN [17] learns quantile values for a uniform
grid of sampled [17] quantile fractions. Additionally, TQC [8]
allows for arbitrary granular bias control by truncated predic-
tions. Distributional PPO [18] learns to adapt robot locomotion
behavior in risky situations. However, the powerful modeling
capacity of distributional RL also brings the overfitting problem,
which is accentuated in the domain randomization setting.

Ensemble Reinforcement learning: SUNRISE [19] bootstraps
with random initialization, which improves the stability of the
learning process by training a diverse ensemble of agents. How-
ever, learning such a huge ensemble can seriously reduce the
efficiency of training and tuning. REDQ [7] uses in-target min-
imization across a random subset of Q-functions from the value
ensemble to perform just as well as the state-of-the-art model-
based algorithms for the MuJoCo benchmark [20]. However,
REDQ can significantly underestimate the value function with
domain randomization, leading to overly conservative policies.

III. DEAC

We propose the DEAC algorithm, which combines QR-
DQN [5] and ensemble methods to improve SAC [9] in stochas-
tic environments. An overview of the DEAC algorithm is present
in Fig. 1. The pseudocode for DEAC is shown in Algorithm 1.

Fig. 1. Overview of the DEAC algorithm.

Algorithm 1: DEAC.
1: Initialize actor network φ, critic networks θn, target

network θ̄n ←− θn, for n = 1, . . . , N , temperature
network ψ, empty replay buffer B, uniform distribution
U1 and U2, UTD ratio G

2: for each iteration do
3: execute an action a ∼ πφ(· | s, β), β ∼ U2.
4: Observe reward rt, new state s′

5: Store transition tuple B ← B ∪ {(s, a, rt, s′)}
6: for G updates do // UPDATE CRITICS

7: Sample random minibatch:
8: {Tj}Bj=1 ∼ B, {βi}Bi=1 ∼ U1

9: Compute the target distribution Ẑ (5)
10: for n = 1, . . . , N do
11: Update θn by minimize LDEACcritic (6)
12: Update target networks θ̄n ← ρθ̄n + (1− ρ)θn
13: // UPDATE ACTOR AND TEMPERATURE NETWORKS

14: Update φ by minimize LDEACactor (8)
15: Update ψ by minimize LDEACtemp (4)

A. Problem Setting and Preliminaries

We formulate our control problem in discrete time dynam-
ics [21], with states s, actions a, reward r(s,a), and dynamics
p(s′ | s,a). The discounted return Rt =

∑∞
k=0γ

krk is the total
accumulated rewards from time step t, γ ∈ [0, 1] is a discount
factor determining the priority of short-term rewards. The ob-
jective is to find the optimal policy πφ(s | a) with parameters φ,
which maximizes the expected return J(φ) = Epπ [Rt].
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In the quadrupedal locomotion task, there is unobservable
information, such as external forces or full terrain informa-
tion, and the dynamics are modeled as a Partially Observable
Markov Decision Process (POMDP) [21]. The POMDP can be
reconstructed as an MDP by defining n-size observations as
state [22]:

st
def
= (ot−H ,at−H−1,ot−H+1,at−H , . . . ,ot,at−1), (1)

The maximum entropy RL [9] attempts to find a policy that
maximizes the objective:

π∗ = argmax
π

∑
t

Es∼p,a∼π [r(s,a) + αH (π (· | s))] , (2)

where α is the temperature parameter used to determine the
relative importance of entropy and reward, π∗ is the optimal
policy, H(π(· | s)) is the entropy of the policy π at state s and
is calculated asH(π(· | s)) = − log π(· | s).

B. Critic Loss and Temperature Loss

Distributional RL focuses on approximating the return
random variable Zπ(s,a) :=

∑∞
k=0γ

krk as opposed to ap-
proximating the expectation of the return, also known as
the Q-function Qπ(s,a) := E[Zπ(s,a)] and the critic in
actor-critic methods. QR-DQN [5] calculates Zθ(s,a) :=
1
M

∑M
m=1 δζm(s,a) to approximate Zπ(s,a), where δx denotes

a Dirac at x ∈ R, supported on atom ζ1, . . . , ζM . The expected
value is decomposed into atoms of distributional representation
to achieve precise value estimation.

DEAC proposes to train N approximations
Zθ1(s,a, β), . . . , ZθN (s,a, β) and the parameterized policy
πφ(· | s, β), known as the actor, all of them are extended with
UVFA [23]. The approximations provides better uncertainty
modeling ability. U1 is a uniform training distribution
U [0, a], a > 0, and β ∼ U1 generates various bounds of
value approximations:

Zθn(s,a, β) :=
1

M

M∑
m=1

δζmθn (s,a,β), (3)

supported on atom ζ1θn , . . . , ζ
M
θn

.
An independent temperature network αψ parameterized by ψ

is used to accurately adjust the temperature with respect to β.
DEAC uses an automated entropy adjusting mechanism [9] to
update α with the following objective:

LDEACtemp(ψ) = Es∼B,a∼πφ,β∼U1
[−αψ(β) log πφ (a | s, β)

− αψ(β)H]. (4)

where H is the target entropy. The target entropy usually is set
heuristicallyH = − dimA, where A is the action space dim.

We train approximation Zθ1 , . . . ZθN on the temporal differ-
ence target distribution Ẑ(s,a):

Ẑ(s,a, β) = r + γEa′∼πφ
[ζ̄θ̄(s

′,a′, β)− βŝ(ζθ̄(s′,a′, β))
− αψ(β) log πφ(a′ | s′, β)], (5)

Fig. 2. Comparison of DEAC with SAC [9], REDQ [7], and TQC [8] on
calculating the temporal difference target. (a) SAC: minimization of two value
approximations. (b) REDQ: in-target minimization across a random subset of Q
functions from the ensemble. (c) TQC: truncation of approximated distribution.
(d) DEAC: calculating the lower bound of each approximated atom.

where ζ̄θ̄(s,a, β) is the sample mean of target atoms ζθ̄n of
the critic ensemble and ŝ(ζθ̄(s,a, β)) is the corrected sample
standard deviation, θ̄ are the delayed parameters which are
updated by exponential moving average θ̄ ← ρθ + (1− ρ)θ̄.

Learning in a stochastic environment is more likely to pro-
duce catastrophic overestimation errors than in a deterministic
environment [24]. The target ζ̄θ̄(s,a, β) obtains a lower bound
for the target distribution to prevent overestimation errors from
propagating to other states through TD learning updates. Fig. 2
shows the differences between DEAC and SAC [9], REDQ [7]
and TQC [8].

We minimize the 1-Wasserstein distance between each of
Zθn(s,a, β), n ∈ [1..N ] and the temporal difference target dis-
tribution Ẑ(s,a, β). Through learning the locations for quan-
tile fraction τm = 2m−1

2M ,m ∈ [1..M ], we can approximate
the quantiles of the target distribution. The τm,m ∈ [1..M ]
quantiles of Zθ are approximated by minimizing the quantile
regression loss [5].

For quantile τ ∈ [0, 1], the quantile regression loss is an
asymmetric convex loss function that penalizes overestimation
errors with weight τ and underestimation errors with weight
1− τ :

LDEACcritic(θn) = ET∼B,β∼U1,z∼Ẑ,ζ∼ζθn
[
ρHτ (z − ζ(s,a, β)]],

whereρHτ (u) = |τ − I(u < 0)|L1
H(u), (6)

where T = (s,a, r, s′) is a transition, B is a replay buffer, ρ is
the target smoothing coefficient, y is the target value. L1

H is the
Huber loss that can improve gradients for small u:

LκH(u) =

{
1
2u

2, if |u| ≤ κ
κ
(|u| − 1

2κ
)
, otherwise .

(7)

This loss gives unbiased sample gradients. As a result, we can
find the minimizing ζ1θn , . . . , ζ

M
θn

by stochastic gradient descent.
A larger Update-To-Data(UTD) ratioG[7], which is the number
of updates taken by the agent compared to the number of actual
interactions with the environment, improves sample efficiency.
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C. Actor Loss

The extended policy parameters φ can be optimized to
maximize the entropy penalized estimate of the Q-value by
minimizing the loss:

LDEACactor(φ) = Es∼B,β∼U1
[Ea∼πφ

[αψ(β) log (πφ (a | s, β))
−Qθ (a, s, β)]], (8)

where Qθ(a, s, β) =
1

NM

∑M,N
m,n=1 ζ

m
θn
(a, s, β). We use the

mean of the value distribution for policy optimization to
avoid conservative policies: Z-functions approximate already
underestimated future distribution.

When interacting with the environment, β is sample from
a uniform distribution U2 = U [0, b] instead of U1 = U [0, a],
where 0 < b < a, to get optimistic exploratory behaviors to
avoid pessimistic underexploration [25].

IV. LEARNING QUADRUPEDAL LOCOMOTION

To test our comprehensive learning algorithm DEAC, we
utilized a quadruped robot with 12 actuated joints, each capable
of delivering a maximum torque of 33.5 Nm. The robot stands at
approximately 0.3 m tall and weighs 15 kg. Our robot shares the
same actuators as the A1 robot (https://www.unitree.com/a1),
but has a weight that’s 3 kg heavier than the A1 robot. The
stimulation is based on Pybullet [26] simulator.

A. Notations

Let’s denote the linear velocity in the robot’s base frame as
vt ∈ R

3, joint torques as τ t ∈ R
12, the position in the world

frame as pt ∈ R
3, the acceleration of the base in the robot’s

base frame ät ∈ R
3, the velocity of foot as vft ∈ R

4, the binary
foot contact indicator vector as f t ∈ R

4, and the total power of
the robot at the current time step as Wt. gori

t ∈ R
3 and ωori

t ∈ R
3

denote the orientation and angular velocities are measured using
the IMU. The body orientation command ct is specified by a
human operator via remote control. qt ∈ R

12 and q̇t ∈ R
12 are

joint angles and velocities.

B. Reward Design

The reward at time t is defined as the sum of the following
quantities:
� Linear Velocity: exp{−0.5(vcmdt − vxt )

2}
� Linear Velocity Penalties: −0.4vyt − 0.4vzt
� Orientation Tracking: exp{−0.5(dcmdt − gori

t )2}
� Height Constraint: −|pzt − ptarget

t |
� Angle Velocity Penalties: −‖ωori

t ‖2
� Self-collision Penalties: −1selfcollision
� Joint Torque Penalties: −‖τ t‖2
� Base Acceleration Penalties: −‖ät‖2
� Energy: −Wt
� Foot Slip: −‖diag(f t) · vft ‖2
The scaling factor of each reward term is 2.0, 1.0, 2.0, 10,

0.21, 1.3, 0.018, 0.1, 0.012, and 0.3.

TABLE I
RANGES OF THE RANDOMIZED ENVIRONMENTAL PARAMETER

TABLE II
OBSERVATIONS

C. Training Techniques

Domain randomization: Domain randomization can help the
learned controller overcome the reality gap [4], [11]. Before each
training episode, we randomly select a set of physical parameters
(Table I) to initiate the simulation.

Privileged learning: Learning control policies on rough ter-
rain through RL alone has proven unsuccessful due to the sparse
supervised signal and the network’s inability to learn the motion
within a reasonable time budget [2], [27]. To address this issue,
we have adopted the teacher-student training paradigm, also
known as privileged learning, an implicit system identification
approach similar to previous works [11]. DEAC has also been
applied to the teacher-learning process.

D. Control Architecture

Action space: The action at is a 12-dimensional desired joint
positions vector. A PD controller is used to calculate torque τ =
Kp(q̂− q) +Kd(ˆ̇q− q̇), Kp and Kd are manually-specified
gains, that are set to 27.5 and 0.5 respectively. The target joint
velocities ˆ̇q are set to 0.

Teacher Policy: The teacher observation is defined as
steachert = (ot−H:t,xt−H:t, ct), where H = 4. xt is the priv-
ileged state. The teacher policy πteacherθ consists of two multi-
layer perception (MLP) components: a state encoder gθe and
πθm , such that at = πθm(zt) where zt = gθe(st) is a latent
representation. We optimize the teacher parameters together
using DEAC and the the hyperparameters are shown in Table IV
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TABLE III
STUDENT NETWORK ARCHITECTURE

TABLE IV
HYPERPARAMETERS OF DEAC

Student Policy: The student observation is defined as ot−H:t

where ot = [qt, q̇t,g
ori
t , ω

ori
t ,at−1]. The input to the student

policy is sstudentt = (ot−H:t, ct), where H = 100. Command
ct = {vcmdt ,dcmdt }, where vcmdt is desire velocity and dcmdt is
the desire running direction. The student network outputs action
ât and latent representation ẑt and its architecture is shown in
Table III. The student policy is trained via supervised learning
with the dataset aggregation strategy (DAgger) [28]:

L = (ât − at)
2 + (ẑt − zt)

2. (9)

V. RESULTS AND ANALYSIS

A. Mujoco Results

1) Setups: We compared baselines across four continuous
control tasks, namely Walker2d, Hopper, Ant, and Humanoid,
which are part of the MuJoCo benchmarks [20]. For mujoco
environments, we utilized SAC [9], REDQ [7], TQC [8], and
PPO [29] as baseline algorithms. For a fair comparison, we
utilized TQC20 as a version of TQC with UTD G = 20.

2) Noisy Environment Performance: To explore the effects
of sensor and dynamic noise on the performance of algorithms,
we applied the Gaussian noise to the state and executed action
across all environments. Fig. 4 shows learning curves. Overall,
DEAC performs similarly to the baseline methods on easier tasks
and surpasses them by a large margin on more challenging tasks.
DEAC not only learns faster than SAC but also outperforms it
due to SAC’s inability to train critics with a high UTD ratio,
leading to catastrophic overestimation errors. Although REDQ

Fig. 3. Left: quadruped robot used in this work. Middle and right: walking on
random height fields in simulation.

Fig. 4. Learning curves on four noisy Mujoco environments. The horizontal
axis indicates the number of time steps. The vertical axis shows the average
undiscounted return. The shaded areas denote one standard deviation over eight
runs.

TABLE V
NORMALIZED MEAN AND STD OF ESTIMATED NORMALIZED Q-FUNCTION BIAS

FOR ALGORITHMS

and TQC can learn all tasks using ensemble and distributional
methods, they are slower than DEAC and have worse asymp-
totic performance. Our quantitative results demonstrate that
DEAC’s performance is comparable to other methods reported
in prior work, indicating that DEAC maintains outstanding final
t performance and sample efficiency in a noisy setting.

3) Value Approximation Analysis: Using the Monte Carlo
method, we estimate the mean and std of normalized Q-function
bias [7] as main analysis indicators to analyze the value approx-
imation quality. The average bias lets us know whether Qθ is
overestimated or underestimated, while std measures whether
Qθ is overfitting. The results are shown in Table V.
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Fig. 5. Learning curves on quadrupedal locomotion tasks.

Even in noisy environments, DEAC efficiently reduces the
overestimation error of the Q-function and maintains a lower
normalized std of the Q-value bias. REDQ and DEAC have
a much lower normalized std of bias, but REDQ’s Q-function
estimation is too conservative in Humanoid that it traps in a
bad locally optimal policy, leading to pessimistic underexplo-
ration [25]. When examining TQC and TQC20, it was found
that TQC20 has a higher normalized std of bias, indicating
that the bias is highly non-uniform, which can be harmful.
Due to the potential for overfitting with few samples in dis-
tributional RL, using a high UTD ratio for TQC may not be
appropriate. In contrast, when looking at Humanoid, which has
a high-dimensional state, overfitting is still an issue but has been
somewhat alleviated.

B. Learning Quadrupedal Locomotion in Simulation

1) Baselines: The baselines are SAC [9], REDQ [7], TQC [8]
and PPO [29] with automatic curriculum. In our experiments,
PPO without a curriculum failed when increasing the range of
commanded velocities to include high speeds [2]. Curriculum
learning slowly increases the complexity of tasks, so that a
multitask policy can be successfully learned. We implemented
an automatic curriculum based on [11] and [2].

2) Metrics: We compare the performance of DEAC against
baselines with a speed command of 2 m/s using the following
metrics:
� average reward toward time steps;
� smoothness: the norm of the base acceleration ät, smaller

is better;
� mechanical cost of transport (COT);
� speed tracking error (m/s);
� direction tracking error (rad).
The dimensionless cost of transport (COT) [30] is computed

to compare the efficiency of the controllers. The mechanical
COT is define as

∑
12 actuators [τ q̇]

+/(mgv), where mg is the
total weight.

3) Simulation Results: Fig. 5(a) shows the learning curves
and Table VI shows the final performance comparisons.
Even with the help of an automatic curriculum strategy, the

sample efficiency and asymptotic performance of PPO are lower
than that of DEAC. When the randomness of the environment
grows, the performance of baselines decreases. The performance
degradation is most pronounced for SAC, which fails to learn
when the complete domain randomization parameters are ap-
plied. While the performance of baselines in the environment
without randomization is comparable, DEAC performs the best
with only a slight degradation compared to performance in the
randomization-free environment.

4) Wall-Clock Time: In our experiments, DEAC collected 4
million simulated time steps using 4 parallel agents for policy
training. The process can be completed in under 10 hours of
wall-clock time using an AMD Ryzen 9 5950X CPU and a
single NVIDIA RTX 3090 GPU. As a comparison, PPO trained
a policy in 12 hours with 40 parallel robots to collect 50 million
simulated time steps. Combining with more advanced simulators
to implement massively parallel sample collection can further
reduce training wall-clock time.

C. Ablations

1) Ensemble Size: We vary the ensemble size of critics.
Fig. 5(b) suggests the ensembling consistently improves re-
sults. With sufficient computility, we recommend increasing the
ensemble size as much as possible.

2) Number of Atoms: We vary the total number of atoms
M ∈ {10, 15, 25, 35}. The results (Fig. 5(c)) suggest M does
not have much influence except for M = 10. Learning curves
are indistinguishable for M ≥ 15.

3) Network Architecture: We investigate three MLP archi-
tectures commonly seen in the literature: (64, 64), (256, 256),
and (400, 300) to the actor and critics (Fig. 5(d)). We find that
(256, 256) and (400, 300) have similar performance, while (64,
64) greatly reduces the performance of DEAC.

D. Real-World Experiments

1) Indoor Experiments: We evaluated the learned locomo-
tion controller through qualitative testing by giving random
commands using a joystick. The robot was subjected to multiple
external pushes to the main body during the experiment. We
conducted additional one-hour tests without encountering any
failures, demonstrating the controller’s robustness. It’s worth
noting that the controllers functioned smoothly in the real world
without requiring further adjustments to the physical system.

We conducted tests to assess the stability of the controller
in low-friction scenarios. The outcomes, depicted in Fig. 6,
prove that the controller can effectively navigate over slippery
surfaces without any destabilization. In contrast, classical con-
trollers tend to fail when the footholds are unstable, but the
presented controller maintains stable movement even under such
circumstances.

Afterward, we conducted a thorough assessment of the ac-
quired locomotion technique by testing the robot with randomly
generated commands. The robot would receive a fresh command
every two seconds, which remained constant until the next one
was received. The test lasted 30 seconds, during which 15
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TABLE VI
PERFORMANCE FOR QUADRUPEDAL LOCOMOTION WITH DIFFERENT ALGORITHMS

Fig. 6. Indoor experiments. We analyzed the robot walking at 0.8 m/s on a
terrazzo floor, and the robot was equipped with low-friction feet. We plotted gait
diagrams showing the contact of the four feet (F/H for forward/Hind and R/L
for right/left). The lower graph shows the robot body’s angular velocity(rad/s)
and Euler angles(rad). The robot learns a stable natural gait and avoids slipping
events as much as possible in low-friction situations.

Fig. 7. Outdoor experiments.

random transitions were executed. Finally, our controller could
handle the 5 kg payload in the payload analysis.

2) Outdoor Experiments: We demonstrate the performance
of our control on several challenging outdoor environments

Fig. 8. Analysis of the robot running at 3.5 m/s on grassland. Compared to
Fig. 6, the robot changed the walking gait to a running gait without human
intervention. The robot encounters challenges from the uneven terrain, causing
a higher angular velocity and more intense vibrations than on flat ground.
Despite these challenges, the robot maintains its body roll and pitch close to
zero, ensuring steady forward locomotion.

TABLE VII
COMPARISON BETWEEN VARIOUS PRIOR WORKS

as shown in Fig. 7. The robot can successfully walk on dirt,
grassland, and concrete without a single failure in all our trials.
Traversing these terrains can be challenging for a robot as its
feet may sink or stick, causing instability. To maintain stability,
the robot has to adjust its footholds dynamically. This can lead
to periodic instability while walking. In different terrains, the
robot adapted the gait as needed. Even without specifying the
gait pattern, the learned controller manifests run, a gait pattern
commonly observed in quadrupedal animals. The gait pattern
produced by our learned controller is shown in Fig. 8.
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As shown in Table VII, although the robot used in this letter
is 3 kg heavier than the A1 robot, the presented controller
allows for higher running speeds. On flat terrain, the robot
achieved a mechanical COT of 0.39 while running at 2 m/s with
a mechanical power consumption of 117W . While on rough
terrain, the COT is 0.44 and running at 2 m/s with a power of
130W .

VI. CONCLUSION

We introduced the DEAC algorithm, which enhances the con-
troller’s performance against environmental unpredictability,
ensuring reliable learning in a complex domain randomization
setting. DEAC allows a legged robot to walk on various ter-
rains while learning its velocity-tracking controller. The learned
controller can operate directly on a real robot, relying solely on
proprioceptive data. However, a blind robot has limitations, as
larger perturbations such as sudden falls while going downstairs
or multiple leg obstructions from rocks may cause failures.
For a more dependable walking robot, proprioception and ex-
teroception with an onboard vision sensor are necessary. This
demands higher robustness from the controller. Sensors such as
vision and LIDAR play a crucial role in guiding long-range, fast
locomotion, which is an area of focus for future work.
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