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Abstract—This letter proposes a control framework to enhance
the robustness of a locomotion policy against uncertainties by
integrating it with a deep disturbance observer (DOB) network
and a deep state estimator network. The deep DOB approximates
the inverse model of a quadrupedal robot. The locomotion
policy is trained to produce optimal actions, with the deep DOB
estimating the overall uncertainties of the robot, and the deep
state estimator estimates the body’s linear velocities. All networks
are trained under nominal conditions in IsaacGym. Subsequently,
all the trained networks are transferred to Gazebo and a real
robot with ROS2 are used to validate their robustness under
uncertain conditions without additional tuning. Furthermore,
validation results show that the proposed control framework
performs best in velocity tracking compared to the baseline
method in terms of lowest estimation errors. This emphasizes
the effectiveness of the proposed control framework in improving
robustness of the locomotion policy. Videos on IsaacGym and
Gazebo simulation, and real robot experiment are available at
Project page: bit.ly/3CF3OTQ.

Index Terms—Legged robot, robust locomotion policy, deep
learning, disturbance observer.

I. INTRODUCTION

DEEP reinforcement learning (RL) has significantly ad-
vanced in developing locomotion policies for legged

robots. Famous locomotion policies employing neural net-
works have demonstrated high performances in various sce-
narios. A locomotion policy using deep RL was designed
for high-speed legged locomotion with the Anymal robot
[1], [2]. DeepGait was trained to produce an optimal policy
considering a height map as input [3]. Furthermore, Rudin
et al. introduced an approach utilizing parallelized online
training in GPU-based simulations, enabling the simultaneous
training of multiple robots under nominal conditions [4]. Gan-
gapurwala et al. [5] propose a reinforcement learning-based
approach that uses sensor feedback and velocity commands for
footstep planning on uneven terrain, while Bellegarda et al. [6]
develop a framework for fast and robust bounding by directly
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Fig. 1. The Unitree Go1 Edu equipped with PPO and deep DOB can locomote
effectively under uncertain conditions in Gazebo with ROS2. It can handle a
200 N lateral body force, an additional 5 kg payload, and a 0.3 coefficient
of friction. This performance surpasses PPO without deep DOB which fails
during locomotion when faced with these uncertainties.

controlling task-space actions under noise, and Wang et al.
[7] introduce a teacher-student RL architecture for efficient
locomotion over uneven terrain.

These locomotion policies can perform optimally under
nominal conditions without any uncertainties. However, in
real-world scenarios, robots often encounter uncertain condi-
tions such as external disturbances and sensor noise. External
disturbances may include navigating over slippery surfaces,
carrying additional payloads, or experiencing lateral body
forces. Moreover, noise can also arise from inaccurate state
measurements due to sensor limitation and external distur-
bance. The robot’s lack of familiarity with these uncertain
conditions during training can significantly impact its perfor-
mance and lead to failed locomotion.

Additionally, several states cannot be directly measured by
onboard sensors in real-world applications. These states are
known as privileged states. Although privileged states can
be easily evaluated during simulation, it is challenging to
acquire their information in real-world scenarios. Existing
locomotion policies often require these privileged states to
generate optimal actions. As a result, it is essential to devise a
state estimator for those privileged states and achieve optimal
locomotion performance.

A. Related Work

Domain randomization is a common strategy to bridge
the simulation-to-reality gap by introducing noise and distur-
bances during training [8]. Rudin et al. applied this method
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to improve the smoothness of locomotion policies [4], while
others have randomized payloads to enhance robustness to
external forces [6]. Despite its benefits, domain randomization
alone is insufficient for effectively identifying or adapting
to real-world disturbances. Moreover, relying on pre-defined
noise distributions can hinder generalization to unseen sce-
narios. In legged robots, the high-dimensional state space
makes selecting effective randomization parameters difficult,
increasing vulnerability to the curse of dimensionality.

Model-based disturbance observers offer robust control
without extensive parameter tuning [9]. They have shown
effectiveness in handling mismatched uncertainties, such as in
miniature helicopters using sliding mode control [10], and in
fixed-wing UAVs dealing with wind disturbances [11]. Recent
work also combines reinforcement learning with model-based
signum of the error (RISE) control for robust quadcopter
performance under real-world uncertainties [12]. However,
these approaches rely on accurate dynamic models, which are
challenging to construct for legged robots due to their com-
plex, nonlinear dynamics and high-dimensional state space.

Another approach uses robust tube Model Predictive Control
(MPC) for setpoint tracking in manipulators, followed by
training a neural network to imitate the MPC controller,
reducing computation time compared to online optimization
[13]. This idea has been extended by using deep reinforcement
learning to mimic trajectories from finite-horizon robust MPC
as expert demonstrations [14], [15]. The resulting policies
exhibit strong robustness to external disturbances, and expert-
generated motions improve sampling efficiency in training.
However, this method requires multiple steps: formulating the
MPC, collecting data, and training the deep RL model, making
the process complex and resource-intensive.

Recent studies have applied distributional reinforcement
learning (RL) to improve reward optimization under large
disturbances, enhancing the robustness of locomotion policies
in real-world conditions [16], [17]. While effective, identifying
critical disturbances in locomotion remains difficult. To ad-
dress this, Shi et al. proposed an RL-based method to uncover
problematic observation, command, and perturbation spaces
in locomotion policies [18]. These insights allow for policy
refinement by adjusting domain randomization and retraining.
However, this approach involves multiple stages which makes
the process time-consuming and computationally intensive.

Existing model-based state estimators often fail in chal-
lenging conditions like slippery terrain [19], [20]. Neural
network-based estimators have shown greater robustness [21].
For example, Lee et al. used privileged information to train
locomotion policies in the real world [22], and Miki et al.
proposed a belief encoder-decoder for estimating exteroceptive
states under sensor uncertainty [23]. Ji et al. further introduced
concurrent training of policies and estimators for robust lo-
comotion on slippery surfaces [24]. However, these methods
typically rely on randomized initial state noise during training,
which limits generalization to unseen scenarios with greater
uncertainties.

B. Contributions

This study proposes a control framework to address robust
locomotion policy against uncertain operating conditions. The
deep DOB is designed to enhance the robustness of loco-
motion policies against external disturbances under uncertain
conditions. Additionally, a deep state estimator is devised
to accurately estimate privileged states, such as body linear
velocity in uncertain conditions. The deep DOB and the deep
state estimator use a combination of Long Short-Term Memory
(LSTM) networks and Multi-Layer Perceptrons (MLP). In
contrast to existing approaches, this control framework is
specifically designed to improve the robustness of locomotion
policies under uncertain conditions that are never experienced
during training.

The most important contribution of this paper is to propose
a way to deal with levels of uncertainty that domain random-
ization cannot handle [18], using a key idea from disturbance
observer theory: the use of inverse models. Therefore, the
proposed method approximates the inverse model using a
neural network.

Furthermore, accurately identifying an inverse nominal
model for a disturbance observer [9] is highly challenging
due to the complex, nonlinear, and high-dimensional nature
of quadruped robot dynamics, as described in [25], [26].
Especially, when multiple components are lumped into a
single disturbance term, modeling errors can significantly de-
grade the performance of observers and controllers. Therefore,
constructing an inverse dynamics model in this disturbance
observer is particularly challenging and often impractical.

To address these issues, we adopt a learning-based approach
to replace selected model-based components within the loco-
motion controller, disturbance observer, and state estimator.
This model-free, deep learning-based method captures the
nonlinear and high-dimensional characteristics of quadruped
dynamics more effectively while reducing reliance on precise
modeling. As a result, the proposed locomotion policy can
concentrate more directly on rejecting noise and external dis-
turbances which can not be dealt with domain randomization
only.

The contribution of the letter is in order:

• The proposed framework integrates the locomotion policy
network with a deep DOB network and a deep state
estimator network. The training process is conducted
by training all networks in IsaacGym under nominal
conditions.

• The optimal networks are transferred to Gazebo and the
real Unitree Go1 Edu robot with ROS2 to validate their
robustness under uncertain conditions. Additionally, a
performance comparison of the proposed framework with
baseline methods is presented.

• The entire framework utilizes a model-free approach to
eliminate the need for formulating a mathematical model
of a legged robot. Furthermore, comparisons between
different types of deep DOB and deep state estimator
architectures such as Recurrent Neural Networks (RNN)
are conducted.
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Fig. 2. Illustration of the proposed framework to enhance the robustness of the locomotion policy. The locomotion policy generates action āk based on

the given command ck and policy state xp
k . Furthermore, the proposed deep disturbance observer (DOB) based on the inverse model estimates ̂ak + d̃k .

Subsequentially, the estimated disturbance d̂k is calculated by d̂k ≈ ak + d̃k− âk . Additionally, the deep state estimator estimates the body linear velocity v̂k
based on the estimator state xe

k , previous estimator state xe
k−1, and transition of estimator state ∆xe

k . The deep DOB output (100 Hz) estimates action space
disturbances instead of torque space, as the torque controller runs faster (240 Hz) than the locomotion policy (60 Hz). Although torque space disturbances
are effective in simulation, prior real world experiment shows that deep DOB struggles with high rates on real robots with limited resources.

• The proposed framework is validated using both Gazebo
simulation and experiments with Unitree Go1 Edu.

II. METHODOLOGY

This section provides a detailed explanation of the architec-
ture and calculations involved in the proposed framework. An
overview of the proposed framework is presented in Fig. 2.

A. Locomotion Policy

Defining the parameters: vk ∈ R3 represents the body linear
velocity, ωk ∈ R3 the body angular velocity, gk ∈ R3 the
gravity projection, and Φk ∈ R3 the Euler angles of the body
of the robot. Additionally, the difference between the joint
positions qk ∈ R12 and the arbitrary default joint positions
qd ∈ R12 is denoted as ∆qk ∈ R12, so ∆qk = qk−qd. Lastly,
q̇k ∈ R12 denotes the joint velocities.

The locomotion policy aims to produce an action āk ∈ R12

to track a velocity command ck ∈ R3 with 60 Hz sampling
rate. The action represents the relative position targets offset by
qd of the robot while the command consists of body velocities
target ck =

[
vcx,k vcy,k ωc

z,k

]
. To track the command, the

policy state xp
k is constructed as:

xp
k =

[
vk ωk gk ∆qk q̇k āk−1

]
∈ R45. (1)

This study employs the stochastic policy for the locomotion
policy. It can be expressed using MLP π with weight θ.
The locomotion policy predicts the mean µk ∈ R12 and
variance σk ∈ R12 of the action based on the policy state xp

k

and command ck. Then, the action āk is generated from the
distribution of the locomotion policy output. The calculation
of the locomotion policy is represented as follows:[

µk σk

]
= π(ck, x

p
k|θ), (2)

āk ∼ N (µk, σk). (3)

The deep RL approach is used to obtain the optimal loco-
motion policy. It trains the locomotion policy to maximize
the expected rewards over a horizon E[

∑∞
k=0 γ

krk+1], where γ
is a discount factor and rk denotes the reward functions for
achieving the control objective of the locomotion policy. The
problem of training this locomotion policy using RL can be
formulated as a Markov Decision Process (MDP). The MDP
formulation consists of (xp

k, āk, rk, x
p
k+1, āk+1).

To maximize the expected reward and obtain the opti-
mal weight θ∗, Proximal Policy Optimization (PPO) with
Kullback-Leibler (KL) divergence is used [27].

The action āk from the locomotion policy then is used to
calculate the torque τk ∈ R12 for each joint of the robot in
the torque controller. It is expressed as follows:

τk = Kp × (āk + qd − qk)−Kd × q̇k ∈ R12, (4)

where Kp and Kd are tuning parameters for the torque
controller.

B. Deep Disturbance Observer

The nominal model of the legged robot is expressed as:

xp
k+1 = F̄(āk, x

p
k|Ā), (5)

where āk denotes the action for the nominal model, Ā is a
known nominal parameters and F̄(·) is the nominal mathe-
matical model or simulation model of the legged robot such
as IsaacGym. Since there are no uncertainties, it is assumed
that the nominal control āk is designed to guarantee acceptable
performance of the nominal closed-loop system (5) [9]. On the
other hand, the real legged robot can be expressed as

xp
k+1 = F(ak + dk, x

p
k|A), (6)
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Fig. 3. Deep DOB: approximation of the inverse model using deep network.

where F(·) denotes the dynamics of the real legged robot, ak
is the action for the real legged robot, A denotes uncertain
parameters, and dk is unknown external disturbance.

Following the control design setup of the disturbance ob-
server theory, and considering the two expressions of the
nominal and real legged models, it is assumed that there exists
a lumped disturbance d̃k such that

xp
k+1 = F̄(ak + d̃k, x

p
k|Ā). (7)

Note that the lumped disturbance d̃k is assumed to include
entire uncertainties such as modeling error, parameter error,
and external disturbance. Hence, it is possible to think that
there exists the inverse dynamics of (7) as follows.

ak + d̃k = F̄−1(xp
k+1, x

p
k|Ā

−1), (8)

where ak + d̃k implies the injected input to the real robot, i.e.,
the sum of the computed control input and lumped matched
disturbance. Then, the lumped disturbance estimate d̂k can be
approximated as d̂k ≈ ak + d̃k − âk where âk is a filtered ak
using a stable filter with Exponential Moving Average (EMA)
[28]. It can be expressed as âk = EMA(ak|α) where α is
a smoothing factor. See Fig. 3. To avoid large error in the
disturbance estimate during the transient period, a saturation
function is used as

d̂k = clip(d̂k, dmax, dmin). (9)

It is well known that the DOB using the inverse model
can estimate the disturbance very conservatively during the
transient period, i.e., very large estimate error and it can put
harmful effect on the system [9]. This is known as a peaking
phenomenon in nonlinear observer theory [29]. To overcome
this, a saturation function is used at the output of the DOB.
Then, the DOB-based locomotion control is written as

ak = āk − d̂k. (10)

As a result, the closed-loop system becomes

xp
k+1 = F̄(āk − d̂k + d̃k, x

p
k|Ā)

≈ F̄(āk, x
p
k|Ā). (11)

Therefore, the resulting closed-loop system consisting of the
uncertain legged robot with the DOB-based control becomes
the same as the closed-loop (5) of the nominal model with the
nominal control āk. This property is called nominal perfor-
mance recovery in [9]. This is how the DOB-based locomotion
control robustly stabilizes the uncertain legged robot.

However, due to the complexity, non-linearity, and high-
dimensional state of the dynamics of a legged robot as in
[25], [26], it is very difficult to find the inverse nominal model
F̄−1. To address this issue, this paper proposes to design a
deep neural network to approximate the inverse nominal model
F̄−1. It is called as deep DOB in this letter. The schematic is
illustrated in Fig. 3.

The observer state xo
k is introduced as a subset of the policy

state xo
k ⊂ xp

k. Due to this, sample efficiency is maintained
since both deep DOB and locomotion policy are trained using
the same dataset. Additionally, to ensure that the deep DOB is
less sensitive to the sampling time T , the transition of observer
states ∆xo

k is also introduced. xo
k and ∆xo

k are defined as

xo
k =

[
Φk vk ωk gk ∆qk

]
∈ R24, (12)

∆xo
k =

xo
k+1 − xo

k

T
∈ R24. (13)

The proposed deep DOB denoted by F̂−1
λ is constructed using

a combination of LSTM and MLP with λ representing the
weight of the network.

An MLP can model complex static nonlinearities but lacks
temporal memory, making it insufficient when disturbances
depend on past states, inputs, or actions. LSTMs, on the other
hand, capture temporal dependencies but may struggle with
high-dimensional nonlinear mappings. By combining LSTM
and MLP, we exploit both temporal awareness and nonlinear
approximation: the LSTM extracts sequential features, and the
MLP maps them to accurate disturbance estimates. This hybrid
improves deep DOB performance compared to using either
model alone.

After that, with the command ck, the sequence of observer
states

[
cr xo

r ∆xo
r

]
for the deep DOB input is constructed

over a horizon s. cr
xo
r

∆xo
r

 =

 ck ck−1 · · · ck−s

xo
k xo

k−1 · · · xo
k−s

∆xo
k ∆xo

k−1 · · · ∆xo
k−s

 ∈ R51×s. (14)

The deep DOB uses the sequence of observer states as input
to predict ak + d̃k.

̂ak + d̃k = F̂−1(cr, x
o
r,∆xo

r|λ), (15)

where ̂ak + d̃k denotes the estimate of ak + d̃k generated by
the deep DOB.

A supervised learning is employed to train the deep DOB
under nominal conditions. In this letter, xo

i and resulting āi
are collected for training data. The objective of the training
is to minimize the observation loss Lobs until obtaining the
optimal weight λ∗.

λ∗ = argmin
λ

Lobs = argmin
λ

1

N

N∑
i=1

(
āi − ˆ̄ai

)2
, (16)
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where ˆ̄ai is the output of the deep network approximating
the inverse model when xo

i is injected to the deep network.
After obtaining the optimal deep DOB, the equation (8) can
be replaced by equation (15).

This study presents the output from the deep DOB (100 Hz)
from the disturbances in the action and not the torque. This
approach is motivated by the fact that the torque controller op-
erates at a higher sampling rate (240 Hz) than the locomotion
policy (60 Hz). It is difficult for a neural network to handle
it effectively at such a high sampling rate. Prior experiments
show that the deep DOB performs better in torque control than
in locomotion policy on simulations. However, when applied
to a real robot with limited resources, the deep DOB struggles
to handle such a very high sampling rate.

C. Deep State Estimator

The objective of the deep state estimator is to estimate the
privilege state such as the body linear velocity with 100 Hz
sampling rate. It utilizes estimator state xe

k which is the subset
of policy state xe

k ⊂ xp
k. Similar to the deep DOB, sample

efficiency is maintained. This state can be expressed as:

xe
k =

[
ωk gk ∆qk q̇k

]
∈ R30, (17)

∆xe
k =

xe
k − xe

k−1

T
. (18)

The deep state estimator is constructed by integrating LSTM
and MLP denoted by Γ with a weight δ. The motivation for
using combination of the LSTM and MLP in the deep state
estimator is similar to that in the deep DOB. The input to the
deep state estimator Γ is a sequence of the estimator states
as follows

[
xe
r xe

r−1 ∆xe
r

]
where xe

r is the estimator state,
xe
r−1 the previous estimator state, and ∆xe

r the transition of
estimator state. xe

r

xe
r−1

∆xe
r

 =

 xe
k xe

k−1 · · · xe
k−s

xe
k−1 xe

k−2 · · · xe
k−s−1

∆xe
k ∆xe

k−1 · · · ∆xe
k−s

 ∈ R90×s. (19)

A supervised learning approach is used to train the deep state
estimator Γ under nominal conditions. The objective of the
training is to minimize the estimation loss Lest until obtaining
the optimal weight δ∗.

δ∗ = argmin
δ

Lest = argmin
δ

1

N

N∑
i=1

(vi − v̂i)
2
, (20)

where the body linear velocity vk is measured from the
simulation.

The trained deep state estimator Γ can estimate the body
linear velocity when the sequence of estimator states is given
by

v̂k = Γ(xe
r, x

e
r−1,∆xe

r|δ). (21)

Fig. 4. An illustration of the training process for the proposed framework is
shown. The locomotion policy is trained using the policy gradient method PPO
to maximize the reward. Meanwhile, the deep DOB is trained to minimize
the observation loss, and the deep state estimator is trained to minimize the
estimation loss.

TABLE I
PARAMETERS OF NOMINAL AND UNCERTAIN CONDITIONS.

nominal uncertain
additional body mass [-1.0, 1.0] Kg 5.0 Kg
coefficient of friction [0.5, 1.25] [0.2, 0.4]

lateral body force 75 N 200 N
joint position noise ± 0.1 rad ± 0.15 rad
joint velocity noise ± 1.5 rad/s ± 2.25 rad/s
linear velocity noise ± 0.1 m/s ± 0.15 m/s

angular velocity noise ± 0.2 rad/s ± 0.3 rad/s
gravity noise ± 0.05 m/s2 ± 0.075 m/s2

III. RESULTS

This section presents the training and validation process of
the proposed control framework. All networks are trained on
flat terrain under nominal conditions using multiple robots
in the IsaacGym simulation environment with PyTorch [30]
and two NVIDIA®Titan V GPUs. The training time for the
locomotion policy is 1.5 hours, while the deep disturbance
observer and state estimator are trained together over 4 hours.
An overview of the training process is shown in Fig. 4.
After training, the networks are deployed on Gazebo and a
real Unitree Go1 Edu without further tuning. Running on
a single Jetson Xavier NX with ROS2, the system shows
robustness under uncertainty. Table I details the conditions,
and various architectures for the deep DOB and state estimator
are evaluated.

A. Training Proposed Framework

The training process of the locomotion policy using a RL
approach in nominal conditions requires reward functions rk as
control objectives. In this paper, the locomotion policy, reward
function, and curriculum for training the locomotion policy
are inspired by [4]. The reward functions used for training
the locomotion policy are listed in Table II. Additionally,
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TABLE II
REWARD FUNCTION.

Reward term Reward equation Weight
raction rate ∥ak−1 − ak∥2 -0.01
rang vel xy ∥ωxy∥2 -0.05
rbase height ∥pz − p∗z∥

2 -10.0
rcollision ncollisions -1.0
rjoint acc ∥q̈∥2 -2.5e-7

rjoint pos limits min((q − ql), 0) +max((q − qu), 0) -10.0
rlin vel z v2z -2.0
rtorques ∥τ∥2 -0.0002

rfeet air time
∑4

f=0

(
tair,f − 0.5

)
1.0

rtracking ang vel exp(
−∥cωz −ωz∥2

0.25
) 0.5

rtracking lin vel exp(
−
∥∥∥cvxy−vxy

∥∥∥2

0.25
) 1.0

TABLE III
HYPERPARAMETERS OF TRAINING.

policy observer estimator
number of environments 1000

step 500k
T 0.0167 0.01

learning rate 1e−3 1e−5 1e−4

s - 5 5
kp 25.0 - -
kd 0.5 - -

dmax - 0.1 -
dmin - -0.1 -
α - 0.1 -

the robot receives random commands within the range of
[−1m/s, 1m/s] for vcx and vcy , and within the range of
[−1.0 rad/s, 1.0 rad/s] for ωc

k with the purpose of sampling
various data for the training process.

In the training of locomotion policy under nominal condi-
tions, domain randomization is used to introduce small distur-
bances and noise to the robot [4]. This makes the locomotion
policy a PPO with domain randomization. Existing results
and prior experiments have demonstrated that training without
domain randomization can lead to stiff and shaky movements
[24]. Additionally, the arbitrary default joint position for the
Unitree Go1 Edu robot is configured as:

qd =

 0.0 0.0 0.0 0.0
0.8 1.0 0.8 1.0
−1.5 −1.5 −1.5 −1.5

 (22)

The optimal deep DOB and deep state estimator are
achieved by training them to minimize the observation loss
and estimation loss. A supervised learning approach is utilized

(a) Observation loss (b) Estimation loss
Fig. 5. Losses in the training process.

(a) Error Tracking vcx

(b) Error Tracking vcy

(c) Error Tracking ωc
z

Fig. 6. Performance comparison of different types of deep DOB networks.

until the optimal weights for each network are obtained. The
hyperparameters used in training for the proposed control
framework are listed in Table III.

The observation and estimation losses in Fig.5a and Fig.5b
converge to zero. This indicates that the deep DOB and deep
state estimator have been successfully trained. Furthermore,
incorporating ∆xe

k as an input to the state estimator leads to
faster convergence compared to when ∆xe

k is not included.

B. Performance Evaluation

In the validation process, various types of external distur-
bances and sensor noise are introduced for uncertain con-
ditions. These external disturbances include additional body
mass, a slippery coefficient of friction, and lateral body forces.
The magnitude of the external disturbances and sensor noise
for uncertain conditions is set higher than those used in the
training under nominal conditions.

Fig. 6 shows a performance comparison of various deep
DOB architectures under uncertain conditions. The results
indicate that the deep DOB integrating an LSTM and MLP net-
work achieves the best performance compared to the baseline
without deep DOB. Furthermore, the combination of LSTM
and MLP outperforms deep DOBs that use only an MLP or
only an LSTM. Specifically, the deep DOB with LSTM + MLP
achieves the lowest tracking error among all tested network
types. This enhanced performance is attributed to its superior
ability to estimate and cancel out uncertainties. Additionally,
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(a) Estimated
disturbance d̂k

(b) Error Tracking vcy

(c) Action in Front Left
Hip Joint

Fig. 7. Lateral force test on the robot body at steps 4k and 8k, and its effects
on the front left hip joint action and body velocity error.

incorporating ∆xo
k into the deep DOB improves performance

compared to configurations without it.
Fig. 7 compares the locomotion performance of PPO with

and without deep DOB under a 200 N lateral body force
applied at steps 4K and 8K. The deep DOB output shows
fluctuations at these points, representing the estimated dis-
turbances. As these are used to cancel uncertainties, tracking
errors in vcy decrease, resulting in more robust tracking with
PPO + deep DOB. It also demonstrates that PPO with deep
DOB performs better than PPO without handling such distur-
bances. The control actions also reflect stronger responses to
counter the disturbance. Unlike Fig. 6, which evaluates various
disturbance scenarios, Fig. 7 focuses solely on the push case.
Although the improvements appear less significant, the graph
still illustrates the characteristic response of deep DOB.

Moreover, Fig. 8 compares the performance of different
deep-state estimator networks under uncertain conditions.
The deep state estimator using LSTM + MLP outperforms
networks that rely solely on MLP or without incorporate
∆xe

k. The state estimator with LSTM only is omitted, as its
performance is significantly poorer. Specifically, the deep state
estimator with LSTM + MLP estimates body linear velocity
more accurately than the others, demonstrating that combining
LSTM with MLP greatly enhances performance compared to
using only MLP or LSTM networks.

Additionally, the performance of the proposed control
framework is compared with existing methods from the lit-
erature. The first baseline is a PPO-based locomotion policy
with domain randomization, which is trained under nominal
conditions [4]. The second comparison is with a concurrent
locomotion policy and state estimator [24]. Table IV shows
that the proposed control framework outperforms the baseline
and existing approaches in many uncertain scenarios. “x” in
that table represents the robot’s failure to locomote, while
“-” means the robot is unable to estimate the state. Fig. 1
depicts the validation of the proposed framework in real-world

(a) Error Estimation vx (b) Error Estimation vy

(c) Error Estimation vz

Fig. 8. Performance comparison of different types of deep state estimator
networks.

scenarios under uncertain conditions.
The real-world experiments demonstrate that the proposed

locomotion policy with a deep disturbance observer and deep
state estimator outperforms the PPO-based locomotion policy
alone when the robot faces various disturbances. The details
of the experiment including resulting videos can be found in
the link: https://bit.ly/3CF3OTQ

IV. CONCLUSION

The proposed control framework, which integrates a loco-
motion policy with a deep disturbance observer and a deep
state estimator, has been designed and validated to enhance
robustness in locomotion performance. This robustness is
demonstrated through experiments involving various external
disturbances and sensor noise scenarios, showing the frame-
work’s ability to effectively handle conditions that are not
encountered during training. Specifically, integrating LSTM
+ MLP networks into both the deep DOB and state estimator
significantly improves performance compared to using MLP
or LSTM alone. The LSTM + MLP architecture leverages
temporal information to more accurately predict disturbances
and estimate body linear velocity, resulting in more reliable
and adaptive locomotion under uncertainty. These validate the
effectiveness of incorporating LSTM + MLP networks into the
proposed control framework.
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