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Abstract— Accurate state estimation plays a critical role in
ensuring the robust control of humanoid robots, particularly in
the context of learning-based control policies for legged robots.
However, there is a notable gap in analytical research concern-
ing estimations. Therefore, we endeavor to further understand
how various types of estimations influence the decision-making
processes of policies. In this paper, we provide quantitative
insight into the effectiveness of learned state estimations,
employing saliency analysis to identify key estimation variables
and optimize their combination for humanoid locomotion tasks.
Evaluations assessing tracking precision and robustness are
conducted on comparative groups of policies with varying
estimation combinations in both simulated and real-world envi-
ronments. Results validated that the proposed policy is capable
of crossing the sim-to-real gap and demonstrating superior
performance relative to alternative policy configurations.

[. INTRODUCTION

Humanoid robots hold immense potential and practical
value as general-purpose robots. However, their high de-
grees of freedom and system complexity pose significant
challenges to achieving stable control.

Over the past few decades, researchers have proposed
various methods to enhance the mobility of robots. Classical
control methods can achieve stable static motion [1]-[3],
and furthermore, optimization-based strategies can generate
dynamic behaviors while adhering to constraints [4]-[7].
The most notable exemplar is the Boston Dynamics Atlas,
capable of smoothly performing parkour, back-flipping, and
object manipulation [8].

With the advancement of computational power, learning-
based methods have become popular in legged robot control
and have also achieved remarkable achievements. These
learning methods were initially validated on quadruped
robots, exhibiting the capability to traverse diverse terrains
[9]-[12] and are beginning to incorporate visual informa-
tion [13], [14]. On bipedal robots, learning policies are
also capable of executing fundamental motions [15]-[18].
Additionally, there are endeavors that combine models with
learning methods [19]-[21].
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Fig. 1: Overview of key estimation policy. By quantifying the
importance of the explicit estimation states and designing the
key estimation architecture, the policy achieves real-world
blind locomotion with a real Wukong-IV humanoid.

In theory, the more information a policy acquires, the
better its performance. However, not all data is readily
available in real-world robot deployments, such as contact
forces, deformable surfaces, and precise velocities, which
are also known as privileged states. Consequently, state
estimation is crucial for legged robot control systems. Tradi-
tional control methods utilize contact dynamics and forward
kinematics to estimate these privileged states [22]-[25]. Yet,
these model-based approaches are computationally intensive
and predicated on assumptions like non-slippery, stiff, or flat
terrain, potentially impairing real-world performance.

Learning-based estimations provide a solution to the
computation and assumption problems. Recently, numerous
learning-based approaches have been developed to infer
privileged states from available observational data, thereby
implicitly estimating the robot’s states and its surrounding
environment. A prominent example is the RMA framework
[26]. Some studies opt for explicit estimation techniques
[27]. However, the states inferred by RMA are implicit and
heavily reliant on the training process, which can complicate
interpretation. Additionally, the traditional two-stage training
process is often inefficient. In contrast, the novel framework
integrates explicit estimates with implicit vectors, such as the
robot’s linear velocity [28] and height map [29], thereby en-
hancing the robot’s locomotive performance and adaptability
to various terrains.

For humanoid robots, diverse estimation methods are
speculated to enhance policy-driven motion performance.
In the interdisciplinary domain of robotics and Al, the
meticulous design and selection of estimation modules are
vital. These modules not only define the breadth and depth
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Fig. 2: Architecture of the proposed policy. The actor consists of an auto-encode (1, n7) and a backbone policy . The encoder
1 takes in history proprioception and generates estimations, implicit encoding z; and explicit encoding é;. The decoder n
reconstruct the current proprioception using z; and é;. The é; is fitted to the true values of corresponding physical variables
e¢. Both encodings, along with current proprioception oy, serve as input to the backbone policy, resulting in actions. The
critic’s input includes o, and privileged information P that includes e, and other useful data, then the critic computes value

function V;.

of information assimilated by the learning algorithm but also
leverage the extensive prior knowledge accumulated within
the field of robotics. Consequently, several key questions
arise: ’Should estimations be explicit or implicit?” “Which
variables should be estimated?” and "How do estimations
assist the policy to finish the locomotion task?” While some
research has investigated the significance of proprioception
[30], quantitative analyses of the importance of estimation
remain largely unexplored.

In this paper, we aim to explore the effect of estimation
further. First, we trained a policy with the estimation of
various privileged information. Through saliency analysis,
we ranked the importance of each estimation and proposed
an optimal combination. Then, we conducted various tests
on policies with different estimations. The results indicate
that the policy with the optimal combination of estimations
achieves the best overall performance. During real robot
deployment, our policy can walk through challenging en-
vironments like stairs, slopes, and obstacles when tracking
velocity commands.

The main contributions of this work are:

o Quantitative analysis of the influence of the estimation
variables on the performance of learned policies, and
proposed the optimal combination.

o A controllable and adaptive framework for learning
humanoid locomotion with the proposed effective es-
timation scheme based on asymmetric actor-critic.

e The proposed learning framework and estimation
methodology are tested in the real world and prove to
be capable of adapting to outdoor environments.

The structure of this paper is as follows: Section II
describes the method to train our policy. Section III presents
the training process and the experiments to evaluate our
policy, including results and analysis. Section IV summarizes
the paper and states the future work.

II. METHODOLOGY
A. Asymmetric Policy Architecture

To avoid multiple training stages and imitation inac-
curacies in teacher-student training architecture, this work
follows an asymmetric actor-critic structure. The actor policy
only has access to an h-step realistic observation history
that contains delayed noisy proprioceptive information and
commands. The critic policy has access to all kinds of
states. The actor is composed of an auto-encoder (u,7)
that predictively reconstructs the proprioceptive information,
and a backbone policy v that conditions joint-level position
targets on the latest observation and estimation encodings.
All components are fully connected neural networks. The
size of hidden layers is described in Appendix III.

To train every part of the framework, the training loss
function is formulated as a weighted sum of policy gradient
loss, observation prediction loss, and estimation loss. In this
work, the policy gradient loss is computed with Proximal
Policy Optimization(PPO) [31].

The training process and the architecture of the policies
are shown in Fig. 2.

B. State and Action

States are categorized into three types: observation, priv-
ilege, and command. The observation, denoted as O; €
R#2 includes the proprioceptive accessible from the actual
robot. The observation is composed of the gravity vector,
body angular velocity, joint position, joint velocity, and the
previous action. The privileged information, represented as
P, € R193, pertains to data that is intricate to acquire
in the real world, including ground truth of body linear
velocity, body height, small heightmap around the robot’s
feet and large heightmap around the robot’s base. Except for
a larger heightmap around the robot, all physical quantities
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Fig. 3: Saliency analysis of the estimation states. (A) Pie chart of the estimations’ average relative importance. (B) Box plot
of the ranges of the relative importance for all samples. The colored box refers to the range between 25% and 75% samples,
the horizontal line is the median number, and the error bar shows the boundaries where p < 0.05.

in the privileged information can be explicitly estimated.
User command € R7 includes gait signal, desired linear
velocity, and desired yaw angular velocity. All commands
are expressed in the robot frame.

Action a; is the desired joint position, which is executed
by a subsequent PD controller. The policy runs and generates
action at 100 Hz. The PD controller runs at 1kHz.

C. Reward

Bell-shape kernel functions are introduced into reward
design to encourage the policy to survive. The adopted kernel
functions can be formulated as:

Goo(r) = anp(_g)Q (h
Capol(r) = a((§)25+1)‘1,6=1,2,... )

where G - (x) represents the Gaussian kernel function,
while C, () denotes the generalized Cauchy kernel
function, with «, 3, and o serving as adjustable coefficients.
The Gaussian function is frequently utilized in reward design
due to its advantageous gradient behavior around zero, which
enhances precision in tracking tasks. However, its gradients
may become insignificantly small in distant regions. Con-
versely, the generalized Cauchy kernel function, character-
ized by its heavy-tailed feature, offers viable gradients for
learning even when z is far from zero. Notably, this function
possesses a stationary point at (o, 0.5), simplifying the ad-
justment of the scaling coefficient o. Moreover, the additional
order coefficient 3 allows for modifications to the kernel’s
shape. A larger 8 value tends to shape the function more
closely to a rectangular function, thereby imposing lesser
penalties when x falls below o.

The reward items in this work can be divided into the
following categories: (1) base command tracking, (2) gait,
(3) smoothness and energy saving.

1) Base command tracking: The commands include base
height, base orientation, base linear, and angular velocity.

The reward functions are defined as:

Ty Go.1,0.02(][v; — vel]) 3)
Tw Go.1,0.02(]|lwf —wel]) “4)
rr = Goi0.0025(1 — R3,) o)
rn = Goa0.02(/h* —h|) (6)

where h is the vertical distance from the base to the ground,
v € R? represents the linear velocity, and Ry » is the bottom
right corner value in the base rotation matrix, 1 — Ra
measures the deviation between the Z-axis of robot base and
the world frame.

2) Gait: We inherit the gait-related command and reward
design from [32] to generate a controllable locomotion
pattern. It penalizes contact force during the swing phase
and foot movement during the contact phase. The reward
functions are defined as:

CO.l,l,S(Qv,l‘/l + Q'u,'rvr) (7)
Co.1,1,8(Qf1F1 + Qf r Fy) ¥

where I,/r /- represents the gait force/velocity penalization
coefficient for each foot, V; ;. is the foot velocity of the corre-
sponding foot, and F;,. is the contact force of corresponding
foot.

3) Smoothness and energy saving: We hope our policy
can optimize the impact force on the foot, joint torque
smoothness, joint velocity smoothness, and cost of trans-
port(CoT). We adopt The reward functions are defined as:

TeVel

TeFrc

F, — F,_

Ty = Co.1,3,0.2(w) &)
mg

rr = Co1,2160(||7 — Te=1]]) (10)

ry = 00‘1,1,8(|Qt|_vf|t|1||) (11)

Tt ¢

roor = Corgre( i) (12)

mg||ve||

where F} represents the foot force at step ¢, mg is the gravity
of robot, 7, is the joint torque at step ¢, ¢, is the joint velocity
at step t. CoT is a fairer cross-platform efficiency evaluation
indicator [33], with better results than single penalty joint
torque.
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Fig. 4: Wukong IV humanoid model. (A) Real-world
Wukong-IV humanoid. (B) Simulated model in IsaacGym.

D. Training Environment Design

We adopted the game-inspired terrain curriculum from
[34]. A sequence of complex terrain is generated from easy
to hard. Once the robot moves far enough from the starting
point in an episode, it will be spawned on the next-level
terrain in the following episode. Conversely, the robot that
failed to survive long enough will be spawned on an easier
terrain in the next episode.

To achieve better real robot performance under a variety of
commands, randomized commands, and domain randomiza-
tion are applied to the training environment. Environment
parameters and commands are sampled from associated
uniform distributions at the beginning of every episode. Envi-
ronment parameters include initial robot pose, mass payload,
ground friction coefficient, motor strength, and observation
latency. Commands include linear velocity, facing direction,
and gait signal. Furthermore, a stochastic noise is added to
the normalized proprioceptive observation to imitate sensor
noise in real robots. The ranges of random parameters can
be found in Appendix IL.

III. EXPERIMENT AND RESULT
A. Platform description

The proposed training method is implemented on the
Wukong-IV humanoid robot. It is 1.4 m tall, weighs 45 kg
and is actuated by 21 electric motor joints. The robot has 6
degrees of freedom (DoF) on each leg and 4 DoFs on each
arm. A picture of a real Wukong-IV robot and its dynamics
model in a simulation environment is shown in Fig.4. The
training environments are implemented in IsaacGym. The
policies are built under PyTorch [35] framework. To prove
that the proposed method is insensitive to random seeds, all
mentioned policies are trained repeatedly for 6 times with
CPU timestamp upon running as random seeds.

B. Saliency analysis

To understand the importance of estimation terms quantita-
tively, we adopted integrated gradients [36] from explainable

artificial intelligence as saliency analysis metrics. It is a form
of sensitivity analysis that computes the gradients of the
output with respect to the input features and integrates these
gradients along a path from a baseline input to the input of
interest. Its goal is to identify the most influential features
or input components that contribute to the model’s output or
decision. In practice, given N timesteps of input z € R™ and
a policy F(x) € R™, the input x can be categorized into
groups according to the physics meaning, and the dimension
of the category is denoted as h, the saliency metrics can be
formulated as:

LAY OF; (k3 + kg
P ot e 2
j=1 P it
Sq(xit) = max(Gy,, —€,0) (14)
1 n N
€ = WZZGl (15)
i=1 t=1
B Sa(xit)
Slrie) = max(Sq(z:1)) (16)
N
L= ) S(wia) (17)
t=1
1 h
T _ E
I = 3", (18)
qg=1
I,
lo = = 7 (19)
§:1T1k

where G, , denotes the integrated gradient, a measure of
how much the output changes with respect to a specific input
feature. S, signifies the absolute saliency, while S indicates
the relative saliency, both of which quantify the significance
of different input features. “I and I represent element-
wise and total importance, respectively, and they reflect the
degree to which each input channel can sway the output.
The Greek letter ¢« symbolizes the relative importance of the
input category o. The term ; ; refers to the nominal input,
typically set to zero due to the normalization of all estimation
terms. Lastly, p = 25 defines the integral horizon, a user-
selected constant that determines the extent of the integration
period.

Using saliency metrics, we systematically assess the im-
pact of estimated values on the resultant actions. In our
study, we begin by constructing a comprehensive estimation
policy, a full estimation policy designed to encompass all
potentially relevant states for humanoid locomotion tasks.
Specifically, we incorporate explicit estimation terms pertain-
ing to base linear velocity, base height, and the heightmap
surrounding the feet, while incorporating fixed-width implicit
information for subsequent saliency analysis. Considering the
saliency identification about proprioceptive information has
been studied in the literature [37], in this work, we only focus
on the estimation terms computed by the encoder network

11234



u, rather than other proprioceptive information obtained from
the simulation. The saliency results are shown in Fig.3.

According to the saliency experiments, we can see that
the most crucial estimation is the linear velocity, which takes
0.845 relative importance on average. This can be expected
because the training prioritizes linear velocity velocity track-
ing. The second important estimation is heightmap around
the feet, which is closely connected to the next motion
decision. The base height and implicit encoding showed a
small influence on the final action.

C. Comparison group setup

After the saliency test, we have quantitatively understood
the importance of different estimation terms to the action.
In this section, we will examine the influence on the final
performance of the policies in more detail. The saliency tests
showed that the velocity estimation has the biggest impact
on the behavior of the policy, so we assume that estimating
states with higher importance would improve the overall
locomotion performance. To compare the performance of
policies that adopt different estimations, we set up six
experimental groups as follows:

« EstimatorNet(EstNet) [27]: This policy’s encoder only
works as an explicit estimator. It estimates body linear
velocity without any implicit encoding or decoder to
reconstruct the proprioceptive observation.

o Velocity Estimation(Keyl): This policy estimates the
body velocity along with a 16-dimension implicit vector.
The velocity proved to be the most important estimation
in the saliency analysis, and we also left enough space
for the policy itself to encode useful information from
the proprioceptive history.

o Key Estimation(Key2): This policy estimates the
two most important states, base linear velocity, and
heightmap around the feet, which are the top 2 key
estimation states. The encoder of this policy also encode
the information into a 16-dimension implicit vector.

o Full Estimation(FullEst): This policy’s structure is the
same as the policy used in saliency analysis. It estimates
all mentioned states, including base linear velocity,
heightmap surrounding the feet, and body height. The
encoder of this policy also encode the information into
a 16-dimension implicit vector.

 Irrelevant Estimation(IrrEst): This policy estimates the
least important explicit state, the base height, along with
a 16-dimension implicit vector.

« Implicit Encoding(Implicit) This policy has no explicit
estimation. The encoder gives only a 16-dimension
implicit vector.

D. Performance metrics

In evaluating the performance of trained policies for
humanoid locomotion, we employ a comprehensive set of
metrics to assess various aspects of task execution.

We gauge the effectiveness of the learned policies by
considering the final reward level at convergence, which is
calculated as the mean episodic reward over the last 10
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Fig. 5: Reward plots of different trials. The solid lines are
the filtered mean episode reward, and the shaded area marks
the ranges of the episode reward values.

episodes of training. This metric provides insight into the
overall success achieved by the policies in accomplishing the
designated locomotion tasks. The the average reward level at
convergence is denoted as 7 finql.

Furthermore, we scrutinize the policies’ velocity tracking
accuracy by comparing the root mean square (RMS) velocity
error. In simulation, the error is computed by testing the
policies with 1024 10-second random constant command
trajectories on flat terrain. In the real world, the error is
computed by testing the policies with a predefined 60-
sec template velocity command trajectory with ramps and
slopes 16 times in indoor settings, and in this case, LIDAR
odometry serves as the measurement of body velocity. In
both scenarios, the maximal velocity command is 1.2m/s.
The velocity tracking error is denoted as RM S(Av;p, /rear)-

Additionally, we evaluate the policies’ orientation stability
by quantifying the RMS body orientation fluctuation when
tracking the aforementioned template velocity commands on
flat ground. We define orientation fluctuation by the distance
between the gravity vector and its nominal value. The orien-
tation fluctuation metrics are denoted as RM S(Aggim /rear)-

Moreover, to ascertain the traversability and robustness
of the policies, we measure the successful traversal rate
over a variety of challenging terrains in the real world,
including 3-step 10cm stairs, 25-degree slopes, terrain fea-
turing random 4cm metal profiles, and natural grass fields.
The successful rates are computed based on 20 trials on
each type of terrain with a human operator sending velocity
commands. These metrics collectively provide a compre-
hensive evaluation framework, allowing us to assess the
policies’ performance across diverse locomotion scenarios
and environments. The successful rates are denoted as
TSRstaiT; TSRslopea TSRmetalv TSRgrass-

E. Experiments and Analysis

The training trials’ reward curves are presented in Figure
5. The plots indicate a convergence towards a reward level
averaging approximately 1300, suggesting that all tested
policies successfully acquired and refined essential loco-
motion skills. Variances in average final rewards among
different policy groups, with differences of up to 2.98%, are
negligible considering the impact of domain randomization
on mean episodic rewards. These minor discrepancies lead
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TABLE I: Performance summary

EstNet Keyl Key2 FullEst IrrEst Implicit
Ffinal 1318 1347 1308 1324 1332 1313
RMS(Avsim) 0.2247 0.2231 0.2330 0.2256 0.3892 0.4343
RMS(Agsim) 0.0228 0.0184 0.0219 0.0187 0.0275 0.0162
RMS(Avpeqr) 0.2396 0.2671 0.2553 0.2270 0.3945 0.3919
RMS(Agrear) 0.0283 0.0180 0.0143 0.0281 0.0339 0.0258
TSRstair 0.75 0.75 0.80 0.70 0.10 0.25
TSRsiope 0.85 0.90 0.95 0.90 0.80 0.75
TSRmetal 0.70 1.00 1.00 1.00 0.50 0.50
TSRgrass 0.95 1.00 1.00 0.95 0.80 0.90
B EstNet NN Key2 O Imst lacking explicit base velocity estimations exhibit poorer
o EN Keyl W Fulest WEM \polct tracking performance in the sagittal direction. The asym-
054 %I metrical velocity error distributions, with larger areas above
% zero, indicate a tendency to underperform on large forward
%% velocity commands. This underscores the importance of
s explicit velocity estimation in learning humanoid locomotion
tasks.
Lo The right column of Figure 6(A) shows the orientation
Avy m/s) Av, (m/s) 10><|Ag| . . . . . . . .. .
error distribution. Policies using implicit encoding mecha-
10/(B) nisms appear to offer superior pose stability compared to

—— EstNet
—— Keyl

-05{ — Key2
— FullEst
IrrEst
Implicit

—-— command

vy (m/s)
g

0 10 20 30 40 50 60

Fig. 6: Velocity tracking plots of various estimation policies.
(A) The figure presents a box plot illustrating the distribution
of velocity and orientation tracking errors in a simulated
environment. Orientation error is magnified tenfold for im-
proved visibility. Each colored box denotes the interquartile
range, spanning from the 25th to the 75th percentiles, with
the horizontal line representing the median value. Addition-
ally, error bars indicate the boundaries where p < 0.05. (B)
This figure includes velocity plots showcasing the policies’
real-world performance in tracking a predefined command
trajectory (indicated by the black dashed plot). The shaded
area encompasses the range of measured velocities across
all repeated trials, while the solid lines represent the mean
velocity values derived from all recorded trajectories.

us to conclude that all policies have undergone equivalent
training, affirming the effectiveness of our comparative group
design in ensuring the policies’ ability to master locomotion
skills.

The base velocity tracking performance is displayed in
Figure 6, with a quantitative summary provided in Table I.
Figure 6(A) reveals significant variation in sagittal velocity
tracking among policy groups, while coronal performances
are more consistent. This variation is attributed to the hu-
manoid robot’s limited feasible task space, which restricts
its capacity to counteract coronal velocity errors. Policies

others. However, closer inspection reveals that this stability
arises from a reduced propensity for movement. Optimal
orientation stability is achieved by policies that incorporate
full estimation strategies, explicitly accounting for a broader
range of state variables.

Figure 6(B) illustrates the velocity profiles of the com-
parison groups, tracking a predefined trajectory of steps
and ramps. Policies without explicit velocity estimation
struggle to track forward velocities, though they comply
with backward commands. In contrast, policies with explicit
velocity estimation capabilities generally maintain a velocity
of 1.2 m/s. This figure also reflects on sim-to-real transfer
proficiency, with EstimatorNet policies showing a decline in
real-world accuracy compared to simulation, indicating that
implicit encoding can improve robustness even though it only
has small importance.

Robustness findings are detailed in Table 1. Policies with
Key?2 estimations, focusing on the two most critical variables,
display the highest robustness across various terrains, adeptly
navigating complex environments. FullEst policies, reacting
strongly to unexpected obstacles, show lower robustness.
Figure 7 presents snapshots of the robot traversing different
terrains, with additional videos in supplementary materials.
Overall, Key2 policies excel in tracking accuracy and real-
world robustness.

IV. CONCLUSION

In this work, we quantitatively inspected the importance
of learned explicit estimations and evaluated the locomotion
performance of different estimation designs. Among all of
the estimated states, velocity emerges as the paramount
factor, with heightmap ranking second. Policies equipped
with velocity estimation exhibit enhanced locomotion ca-
pabilities, particularly evident in the precision of velocity
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Fig. 7: Snapshots of Wukong-IV humanoid traversing different terrains. (A) 3-step 10cm stairs. (B) 25 deg slope. (C) Indoor
terrain with aluminum profiles. (D) Natural grass field. Check the supplementary video for more experiments.

tracking and the attainment of maximum speeds in both for-
ward directions. Incorporating heightmap estimation bolsters
adaptability to complex terrains, albeit with a lesser impact
compared to sole velocity estimation. Regarding physical
transferability, implicit encoding encompasses information
not covered by explicit estimation, thereby enhancing policy
adaptability during transitions from simulation to real-world
environments.

There are some limits to be further studied. We have not
considered the potentially complex effects of upper body
movements on robots. If arm movements are substantial
or involve carrying loads, inertial information might also
influence performance. This inertial information may also
require estimation. Besides, this policy is blind and doesn’t
include perception information. This work primarily focuses
on the software and hardware configuration of the Wukong
4 robot, we acknowledge that additional information may
indeed influence the distribution of the importance of state
estimation.
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APPENDIX

TABLE II: Randomization Parameters

Parameter Range Unit
Base CoM position  [-0.15,0.15] m
Base load mass [-2.0, 12.5] kg
Friction rate [0.25,1.25] -
Motor strength [0.8,1.2] -

Kp factor [0.9,1.1] -

Kd factor [0.9,1.1] -
latency [0,2] network step
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