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Abstract: Quadruped robots are able to exhibit a range of gaits, each with its own traversability and energy efficiency
characteristics. By actively coordinating between gaits in different scenarios, energy-efficient and adaptive locomotion
can be achieved. This study investigates the performances of learned energy-efficient policies for quadrupedal gaits
under different commands. We propose a training–synthesizing framework that integrates learned gait-conditioned
locomotion policies into an efficient multiskill locomotion policy. The resulting control policy achieves low-cost
smooth switching and controllable gaits. Our results of the learned multiskill policy demonstrate seamless gait
transitions while maintaining energy optimality across all commands.
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1 Introduction

Quadruped robots have successfully navigated
complex environments using various control ap-
proaches, but their adaptability and efficiency still
fall short compared to biological animals. In ad-
dition to differences in body structures, a significant
reason is that animals can easily adopt the most suit-
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able gait pattern and frequency and switch between
gaits rapidly, smoothly, and robustly. Different gaits
enable animals to effectively handle diverse terrain
conditions at different speeds while maintaining good
energy efficiency (Hildebrand, 1965; Hoyt and Tay-
lor, 1981). As quadruped robots continue to be de-
ployed in complex and unstructured environments,
they will inevitably encounter new challenges that
require emulating the strategies used by their natu-
ral counterparts.

Controllable gaits and active switching capabil-
ities offer significant advantages for quadruped robot
control (Haynes and Rizzi, 2006; Hsiao-Wecksler
et al., 2010). By incorporating higher-level decision
inputs, robots can activate different gaits in real time
(Xi et al., 2016). Moreover, these capabilities enable
robots to go beyond locomotion and perform tasks

www.jzus.zju.edu.cn
engineering.cae.cn
www.springerlink.com


1680 Wang et al. / Front Inform Technol Electron Eng 2025 26(9):1679-1691

such as dancing and leaping using specially designed
gait controllers (Margolis and Agrawal, 2022).

However, the integration of multiple gaits to im-
prove adaptability has been largely unexplored in
existing research. Most existing frameworks either
restrict locomotion to a single predefined gait type
or disregard gait controllability altogether by leaving
gait selection to the policy. Although this approach
prioritizes simplicity and ease of tuning, it sacrifices
optimality and controllability. As manual fine-tuning
is typically required for multigait integration, many
researchers opt not to explore this avenue.

Methods that emphasize gait-conditioned lo-
comotion controllers and gait transitions, such as

those utilizing central pattern generators, often rely
on heuristics-based reference trajectories and con-
structed oscillators (Iscen et al., 2018; Shao et al.,
2022; Tan DCH et al., 2023). However, these ap-
proaches often introduce additional parameters that
require time-consuming manual tuning, which im-
poses limitations on their performance.

As shown in Fig. 1, in this study, we inves-
tigate learned gait-conditioned locomotion policies
and present a framework that addresses the consid-
erations of energy efficiency, robustness, and robot
hardware safety. Our goal is to develop an efficient
multiskill locomotion policy that seamlessly inte-
grates these different gait policies while maintaining

�

�

�

�

�

�

v

Fig. 1 Efficient gait-conditioned locomotion learning framework. Top: single skill learning, analysis, and
integration. Single-gait policies are trained to follow corresponding phase command signals and velocity
commands. Through the use of reinforcement learning, a gait selector module can be trained. The performance
of the proposed policy (orange plots) demonstrates a smoother transition than the state machine (blue
plots) as shown in joint velocity plots (a) and (b). The vertical dotted lines indicate the gait transitions,
and the undesired large spikes caused by improper switching schemes are marked by dashed red circles.
Bottom: The proposed multigait policy is robust enough to traverse complex environments. The snapshot
and plot demonstrate the proposed policy deployed on a simulated robot traversing different terrains with gait
transitions. References to color refer to the online version of this figure
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a balanced approach to the factors mentioned above.
By achieving smooth transitions between the various
policies, our framework aims to optimize the overall
performance and effectiveness in quadruped locomo-
tion tasks.

The main contributions of this work are as
follows: (1) development of a unified framework ca-
pable of training diverse and robust gait-conditioned
locomotion policies; (2) proposal of a safe and cost-
effective architecture for integrating trained gait
policies to form an adaptive multimodal locomotion
skill with smooth transition; (3) testing of the pro-
posed policies in simulation environments and anal-
ysis of their performance, which demonstrates their
optimality.

2 Related works

2.1 Privileged learning-based locomotion

The base states of a robot, especially body
velocity, are vital for achieving robust locomotion.
However, estimators based on proprioceptive obser-
vations can be very noisy and inaccurate. To over-
come this challenge, learning-based approaches that
leverage privileged information during training have
emerged as a powerful tool (Chen et al., 2019). By
using precise states available in simulation, these ap-
proaches enable more effective learning.

Since Lee et al. (2020) made the first suc-
cessful implementation and Kumar et al. (2021),
Fu et al. (2021), and Miki et al. (2022) achieved
reference-free sim-to-real transfer, privileged train-
ing has been widely adopted in learning-based loco-
motion research (Agarwal et al., 2022; Kumar et al.,
2022; Margolis and Agrawal, 2022; Margolis et al.,
2022; Loquercio et al., 2023). Motivated by these
advancements, our work aims to combine privilege
training with gait regulation to develop an efficient
and robust multigait policy.

2.2 Gait-conditioned locomotion

Legged locomotion has been a long-standing
area of research. The gait-conditioned policy can be
obtained through various approaches, such as learn-
ing gait library residuals (Iscen et al., 2018; Siek-
mann et al., 2020; Kumar et al., 2021; Xie et al.,
2021), imitation learning (Peng et al., 2020; Tsounis
et al., 2020; Jin et al., 2022), and reward design. One

common approach for reward formulation is penaliz-
ing contact state errors to encourage tracking a pre-
defined contact reference (Tan J et al., 2018; Acero
et al., 2022; Shao et al., 2022). Bio-inspired heuristic
policies can be used to generate smoother transitions
between different gaits (Iscen et al., 2018; Shao et al.,
2022). Siekmann et al. (2021b) introduced phase-
dependent rewards that penalize contact force and
foot velocity to ensure proper swing–stance cycles,
leading to the development of gait-conditioned poli-
cies for legged robots (Siekmann et al., 2020, 2021a;
Shao et al., 2022). Fu et al. (2021) demonstrated
that indirect energy rewards can also lead to the
emergence of gaits, although they may not strictly
follow explicit gait patterns.

However, the energy efficiency of these learned
gaits has not been extensively explored in existing
works. In this study, we focus on investigating the
energy efficiency of different learned gaits and iden-
tifying the optimal gait under various velocity com-
mands. We aim to provide insights into the energy
characteristics of these gaits and determine the most
suitable gait for different locomotion requirements.

2.3 Motor skill integration

Skill synthesis plays a critical role in achieving
multigait locomotion. One common approach is to
design finite state machines (FSMs) and activate the
desired controller based on specific conditions (Lee
et al., 2019). However, this approach can result in
brittle behaviors during switching. Alternative syn-
thesizing methods, including integrating motion ref-
erence datasets into neural policies using techniques
such as multiplicative compositional policies (Peng
et al., 2019), and latent adversarial methods (Luo
et al., 2020; Peng et al., 2021, 2022) have also been
proposed. Other approaches involve fusing skills into
a single policy, such as policy distillation (Hinton
et al., 2015; Fu et al., 2021), mixture of experts (Ja-
cobs et al., 1991), and expert policy mixture (Zhang
et al., 2018; Yang et al., 2020).

Our study uses a trained gait selector module
that uses velocity commands and terrain informa-
tion to decide gait parameters. We have observed
that parameter-level switching is sufficient to pro-
vide robust and adaptive integrating behavior, with-
out having to distill multiple policies with divergent
behavior patterns.
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3 Methodology

3.1 Control architecture

In our framework, the control system includes a
group of learning-based single-gait policies, a trained
gait selector module, and a gait phase generator,
as depicted in Fig. 2. The details are explained in
Section 3.2.

To enable efficient training, we refer to the ar-
chitecture proposed in Nahrendra et al. (2023) when
training the single-gait policy. A single-gait pol-
icy with gait type j, denoted as σj , consists of a
variational autoencoder (μj , ηj) to predict the pro-
prioceptive observation, compress the proprioceptive
observation history into latent encodings z, and ex-
plicitly estimate the robot’s linear velocity v̂; a back-
bone policy ρ conditions joint-level position targets
on the latest proprioceptive states, estimates, and
encodings.

The input of a single-gait policy is composed of
the linear velocity command v∗

t , gait phase vector
g(t), an h-step proprioceptive state history st:t−h+1,
and the previous action at−1. The proprioceptive
state s refers to the available sensor states of real-
world robots, including gravity vector k, body angu-
lar velocity ω, joint space position q, and velocity q̇.
The action space of a single-gait policy consists of a
12-dimensional joint position command. The single-
gait policies run at 50 Hz. A low-stiffness 1 kHz
proportional–derivative (PD) controller is used to
track these joint position commands while maintain-
ing compliance.

To achieve automatic gait switching, a gait se-
lector module ψ is trained with reinforcement learn-

ing (RL). During training, the single-gait policies are
frozen. The gait selector module computes gait pa-
rameters θt and a one-hot vector w . Its input is
composed of the height map around the robot H ,
the linear velocity command v∗

t , the proprioceptive
history st:t−h+1, and the previous action θt−1. The
gait selector module runs at 5 Hz.

The formulation of the control system can be
described by the following equations:

[w , θ] = ψ(v∗,H , st:t−h, θt−1), (1)

[z, v̂] = μj(st−1:t−h), (2)

ŝt+1 = ηj(st−1:t−h), (3)

aj,t = ρj(z, v̂,v
∗, gθ(t), st,aj,t−1), (4)

at =
N∑

j=1

wj · aj,t. (5)

3.2 Gait formulation

The choice of gaits in legged locomotion in-
volves a trade-off between energy consumption and
traversability, as different gaits prioritize different
performance aspects. In general, a longer flight
phase within a given period allows the policy to
achieve a higher velocity but at the cost of an in-
creased energy consumption.

To achieve controllable gait patterns within a
unified framework, we design a phase generator to
generate the gait phase vector as an input compo-
nent of the policies. Inspired by central-pattern-
generator-based works (Ijspeert, 2008; Iscen et al.,
2018), we adopt periodic signals based on sine waves
to specify gait phase commands. Fig. 3 illustrates
the contact sequences based on gait phase signals for
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Fig. 2 Main control architecture: (a) training the single-gait policy; (b) formulation of the multiskill locomotion
policy. The notations are explained in Section 3.1
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Fig. 3 Gait phase signals and foot contact sequence of different gaits: (a) quasi-static walk; (b) trot; (c) gallop

typical gaits. By modulating the period and offset of
every leg, the robot can learn to perform any desired
gait. This approach provides flexibility in designing
gaits for other performance considerations, as en-
ergy consumption may not be the only consideration
in challenging environmental conditions.

The phase generator adopted in our implemen-
tation can be formulated as

gθ(t) = [g0, g1, g2, g3]
T, (6)

θ = [Δφ0, · · · ,Δφ3, γ0, · · · , γ3, T0, · · · , T3], (7)

gi = [sinφi, cosφi]
T, i = 0, 1, 2, 3, (8)

φi =
{ π

γiTi
t+Δφi, 0 ≤ t < γi,

πt
(1−γi)Ti

+ 1−2γi

1−γi
π+Δφi, γi ≤ t < Ti,

(9)

where gθ(t) is the periodic phase command generated
by the generator, a function of time in a period t and
gait parameter θ, Ti is the period of the current gait,
γi is the duty cycle of the specified gait, representing
the proportion of the flight phase within a period,
Δφi is the phase offset of the corresponding gait,
φi is the linear phase indicator for foot i, and gi
is the trigonometric phase signal for foot i. Two
state channels per foot are designed to guarantee
that every time point can correspond to only one
phase state within a given period. Note that π here
is the mathematical constant instead of the policy.

To demonstrate the multigait capability of our
proposed framework, we select quasi-static walk, dy-
namic trot, and gallop. These gaits possess diverse
features that can address most basic locomotion
demands.

3.3 Policy training

3.3.1 RL approach

The state of the robot at a specific time is con-
strained by the previous state and the action taken

by the robot; therefore, both the gait-conditioned
locomotion control and the gait decision can be de-
scribed by a Markov decision process, which is suit-
able for RL. The action performed by the robot us-
ing its policy influences the probability distribution
of the state transition, and the result of the tran-
sition leads to a corresponding reward value, which
indicates how successful the state is. Hence, optimiz-
ing the performance of the controller is equivalent to
maximizing the total reward over an infinite horizon.
In our implementation, the single-gait policy and the
gait selector module are trained with proximal policy
optimization (PPO) (Schulman et al., 2017). Param-
eters related to PPO and the policy architecture can
be found in Table 1.

Table 1 Training parameters

Parameter Value

Parallel number 4096
Discount factor 0.995
Episode length (s) 8
Maximum payload [–2.0, 4.0]
Friction range [0.2, 1.0]
Motor strength [0.8, 1.2]
Number of backbone hidden layers 256, 128
Number of encoder hidden layers 512, 128
Number of decoder hidden layers 128, 64
Number of gait selector hidden layers 256, 256, 64
Observation history length 25

3.3.2 Single-gait reward design

Our reward terms, which focus more on periodic
gait behavior and energy efficiency, can be catego-
rized into three distinct classes: task-oriented, gait-
conditioned, and efficiency-related rewards. The
gait-related reward design is based on Siekmann
et al. (2021b). We use the cost of transport (CoT) as
a representation of energy consumption. The reward
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function is formulated as follows:

Rvelocity = Fα1,β1(||v∗ − v||), (10)

Rorientation = Fα2,β2(||k∗ − k||), (11)

Rheight = Fα3,β3(|p∗z − pz|), (12)

Rswing = Fα4,β4

(∑

i

Ci||Fi||
)
, (13)

Rstance = Fα5,β5

(∑

i

(1− Ci)||vf,i||
)
, (14)

Renergy = Fα6,β6

( |q̇Tτ |
mg||v||

)
, (15)

Rsmooth = Fα7,β7(||τ − τprev||), (16)

Rjointvel = Fα8,β8(||q̇||), (17)

Fαj ,βj(x) = αje
−βjx

2

, j = 1, 2, ..., 8, (18)

Ci =
{ 1, φi > 0,

0, φi ≤ 0,
(19)

where i ∈ {FR,FL,HR,HL} is the foot index, Ci

is the flight phase coefficient indicating whether the
corresponding foot i should be in the swing phase, Fi

is the contact force on foot i, vf,i is the world-frame
velocity of foot i, τ is the torque command applied
on joints, and Fαj ,βj(x) is a Gaussian kernel applied
to each term to ensure reward survival. The coeffi-
cient αj represents the importance coefficient related
to the weight of the term in the final reward composi-
tion, and βj is the scaling coefficient, which is related
to the physical meaning of the error term. CoT is
computed by summing the absolute joint powers to
represent the total energy consumption.

3.3.3 Gait selector reward design

Aimed at selecting the optimal gait policy and
parameters, while preventing the gait selection from
oscillating too much, the reward function is defined
as follows:

Rtracking = Fα9,β9(||v∗ − v||), (20)

Rsurvival = −α10Kfail, (21)

Rdecision = −α11||θ − θprev||, (22)

Rsafety = −α12max||q̇||, (23)

RCoT = −α13
|q̇Tτ |
mg||v|| , (24)

where Kfail is the number of failing times between
two timesteps, and θprev represents the gait param-
eters given by the gait selector at the last timestep.

3.3.4 Domain randomization

To facilitate adaptation to a wide range of tasks,
we adopt natural constraints and randomization, in-
cluding terrain friction, motor strength, and payload,
for better sim-to-real transfer, with reference to Ku-
mar et al. (2021). The detailed ranges are given in
Table 2.

Table 2 Domain randomization parameters

Parameter Range

Payload mass (kg) [–2.0, 4.0]
Friction coefficient [0.3, 1.7]
Motor strength [0.8, 1.2]
PD factor [0.9, 1.1]
Latency (ms) [0, 20]

3.3.5 Curriculum training

A game-inspired curriculum training approach
is used to ensure the learning of gait-conditioned
policies. The same curriculum terrain is applied to
both single-gait training and gait selector training.
Detailed parameters can be found in Table 3.

Table 3 Challenge course configuration

Parameter
Value

Walk Trot Gallop

Start padding length (m) 1 1 2
Length per region (m) 4 5 6
Fractal terrain height (m) 0.15 0.12 0.08
Platform maximum height (m) 0.08 0.08 0.04
Platform density (m−2) 40 40 40
Platform size (m) 0.15 0.15 0.15
Slope inclination (deg) 20 15 10
Gap maximum width (m) 0.12 0.12 0.12
Gap minimum interval (m) 0.12 0.12 0.12
Maximum mass payload (kg) 4.0 4.0 4.0
Friction range [0.2, 1.0] [0.2, 1.0] [0.2, 1.0]
Projectile mass (kg) 0.1 0.1 0.1
Projectile velocity (m/s) 40 40 40

4 Experimental results

4.1 Experimental setup

In our work, we use the Jueying Lite3 and
Unitree A1, both small-size 12-degree-of-freedom
quadruped robots. All processes are run on a lap-
top equipped with an Intel Core i7-11800H and an
NVIDIA GeForce RTX 3070. The training environ-
ments are implemented in Isaac Gym (Makoviychuk
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et al., 2021), simulations are performed in a real-
istic simulator, RaiSim (Hwangbo et al., 2018), and
the policy architecture is built with PyTorch (Paszke
et al., 2019). To ensure reproducibility, the random
seeds are set based on the system time upon process
initialization.

To evaluate the performance of the trained pol-
icy and the proposed gait selector module, we set up
comparison groups against the proposed method.

Single-gait policies: To demonstrate the perfor-
mance of single-gait policies, we apply two typical
gait frequencies to every policy for evaluation. All
policies are trained with the same parameter con-
figuration, as listed in Table 4. To guarantee re-
producibility, we conduct 20 independent training
runs per gait, each initialized with a different random
seed. All reported metrics are obtained by averaging
over these 20 trials.

Table 4 Typical gait parameters

Gait type Δφ
Duty Nominal
cycle frequency (Hz)

Walk [0, 0.5π, 1.5π, π]T 0.25 0.8
Trot [0, π,π, 0]T 0.5 1.8

Gallop [0, 1.6π, 0.8π, 0.4π]T 0.75 2.8

Finite state machine (FSM): Given a user com-
mand v∗, FSM chooses the policy with the best
energy efficiency. The gait frequency is fixed to a
medium frequency. The FSM switching logic is listed
in Table 5.

Table 5 FSM gait switching scheme

Gait type Frequency (Hz) Velocity range (m/s)

Walk 0.8 [0, 0.38)
Trot 1.2 [0.38, 0.85)

Gallop 2.4 [0.85, 2.0)
Gallop 3.2 [2.0, 3.0)

Meanwhile, to compare the energy efficiency
with that of existing methods, the proposed method
is compared with the following methods:

Emergent gait (EG) distillation (Fu et al., 2021):
Instead of using explicit gait signal commands, this
method uses energy reward to train policies with
different gaits.

Convex model predictive control (MPC)
(di Carlo et al., 2018): This method is a model-
based convex MPC controller. It does not explicitly
optimize energy terms.

4.2 Evaluation metrics

4.2.1 RMSE

To evaluate the task performance, we measure
the average velocity tracking the root mean squared
errors (RMSEs) under typical velocity commands on
flat terrain over a duration of 40 s. The velocity
commands, chosen based on related works (di Carlo
et al., 2018; Fu et al., 2021), include 0.375, 0.9, and
1.5 m/s. The corresponding velocity tracking errors
are represented as RMSE(ΔvL), RMSE(ΔvM), and
RMSE(ΔvH), respectively.

4.2.2 Energy efficiency

Energy efficiency is assessed using the average
CoT, denoted as CoTavg, under feasible velocity
commands. Feasibility is defined as the ability of
the policy to operate for >40 s without a failure on
flat ground. Velocity commands are sampled at an
interval of 0.02 m/s, and each trial is conducted for a
duration of 40 s. To simulate real-world conditions, a
Gaussian noise with a standard deviation of 0.1 m/s
is added to the constant velocity command in each
trial.

4.2.3 Robustness

Robustness is determined by the traversing suc-
cess rate, denoted as TSR, over 20 trials on terrains
of 10 m length representing common challenges. As
demonstrated by Fig. 4, these terrains include fractal
terrain with a height standard deviation of 0.08 m,
gaps with a maximum length of 0.1 m, discrete ter-
rain with a maximum height difference of 0.1 m,
slopes of 20◦, and projectile impacts, where a 0.1 kg
sphere is shot at 40 m/s from a random direction
every 0.5 s. In our implementation, failure is defined
as the inability to cross the terrain within 60 s. The
velocity commands for each trial are randomly sam-
pled from the feasible range, ensuring diverse testing
scenarios.

4.2.4 Safety

Safety is evaluated based on the ratio between
the maximum joint velocity during the first second
after switching and that during the next second. A
larger maximum joint velocity ratio suggests that the
transition behavior is more violent than the normal
limit cycle. We collect data from 2000 switchings
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(a) (b) (c)

(d) (e)

Fig. 4 Snapshots of different regions in the testing course: (a) fractal terrain; (b) random platforms; (c) sloped
ground; (d) region with gaps; (e) projectile impact region

happening at random times. This test applies only
to the policies with explicit gait transition, including
the proposed method and FSM.

4.3 Gait-conditioned policies

4.3.1 Feasibility region evaluation for single-skill
policies

The performance of the single-gait policies is
summarized in Table 6 and Fig. 5. These results
demonstrate that all single-gait policies are capa-
ble of effectively tracking velocity and gait command
signals, highlighting the robustness of our training
framework in enabling the policies to master loco-
motion skills.

Each single-gait policy exhibits trade-off across
different metrics. Walk policies excel in energy ef-
ficiency under low-velocity commands and demon-
strate superior robustness, but they cannot track
high-velocity commands. Conversely, gallop poli-
cies achieve high-speed locomotion but exhibit re-
duced robustness and increased energy consumption.

These trade-offs underline the inherent limitations
of single-gait strategies and the potential benefits of
combining them in multigait policies.

To ensure that the policies are applied under
appropriate circumstances, we need to determine the
feasible working velocity command range of each pol-
icy. We consider the policy to be reliable when the
failure rate, mean velocity command tracking error,
and mean contact state error are all below manually
set thresholds. These results are also affected by the
gait frequency and command velocities.

Figs. 6–8 show the performances of learned
policies under different conditions. The feasible
command ranges of all policies under different fre-
quencies can be summarized from them. Generally,
we can conclude that higher gait frequencies allow
the policies to achieve a wider velocity range, and
that the trot gait policies have the widest feasible
range compared with other gait policies. Specifically,
in Fig. 8, we disqualify low-speed gallop because it
becomes grounded and inconsistent with the com-
mand phase signal for lower-velocity targets.

Table 6 Performance summary under different conditions

Parameter
Walk Trot Gallop

FSM Ours
0.8 Hz 1.6 Hz 1.2 Hz 2.4 Hz 2.0 Hz 3.2 Hz

RMSE(ΔvL) 0.1034 0.0920 0.0954 0.0982 0.0966 0.0941 0.1125 0.0929
RMSE(ΔvM) 0.3768 0.1430 0.1365 0.0860 0.0621 0.0625 0.0827 0.0620
RMSE(ΔvH) 0.8916 0.4997 0.3042 0.0880 0.0760 0.0500 0.0650 0.0522

CoTavg 0.7241 0.4733 0.6886 0.6041 0.5675 0.4514 0.4531 0.4306
TSRfractal 0.90 0.95 1.00 1.00 0.80 0.85 1.00 1.00
TSRslope 0.85 0.85 1.00 1.00 0.65 0.70 1.00 1.00

TSRdiscrete 0.80 0.95 1.00 0.95 0.70 0.60 0.75 1.00
TSRgaps 0.80 0.80 0.90 1.00 0.80 0.80 1.00 0.95

TSRprojectile 0.95 1.00 1.00 1.00 1.00 1.00 1.00 1.00

The best results are in bold
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 (m/s)
50

Fig. 5 Comparison of cost of transport between multigait policies and single-gait policies. References to color
refer to the online version of this figure

Fig. 6 Failure rates of trained single-gait policies under various velocity commands: (a) walk; (b) trot; (c)
gallop. Failure rate is the total number of failures in a time period divided by the length of the episode. To
ensure high robustness for real robot transfer, we set the failure threshold at 0.05. References to color refer
to the online version of this figure

4.3.2 Gait transition

The performance of the multigait policies is
presented in Table 6. Both the proposed method
and FSM effectively leverage the advantages of all
single-gait policies. The velocity tracking accuracy
of both groups is comparable to that of the best-
performing single-gait policies, with the proposed
method slightly outperforming FSM. Additionally,
the proposed policy demonstrates superior adapt-
ability to challenging terrains compared to FSM. No-
tably, the gait selector tends to favor the robust trot
policy when traversing complex terrain conditions,
such as discrete regions and slopes.

A detailed plot of energy efficiency is shown in

Fig. 5. The proposed policy consistently achieves
the highest energy efficiency across all velocity com-
mands. While FSM is also efficient for most ve-
locity commands, two notable spikes in energy con-
sumption occur around gait-switching points. These
spikes are attributed to oscillations between policies
caused by noisy command velocities, which result in
discrete fluctuations in phase vectors. In contrast,
the gait selector activates gait transitions at more
optimal timing, minimizing such oscillations and en-
suring smoother transitions.

Regarding safety, Fig. 9 illustrates the joint ve-
locity ratio distribution. FSM exhibits higher peak
joint velocities during gait transitions, indicating
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Fig. 7 Velocity tracking performance over a range of velocity commands: (a) walk; (b) trot; (c) gallop.
Mean velocity command tracking error is the RMSE between world-frame velocities and commands in one
test episode. According to our experience of using a real quadruped robot, we set the threshold to 0.3 m/s.
References to color refer to the online version of this figure
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Fig. 8 Mean contact state error over a range of velocity commands: (a) walk; (b) trot; (c) gallop. Mean
Contact state error is the average absolute error between binary contact states and expected contact states
in one test episode. To make sure that the desired gait is performed while leaving a flexible margin for flight
phases, the threshold is set to 0.3 m/s. References to color refer to the online version of this figure

more pronounced fluctuations. In comparison, the
gait selector produces smoother transitions with
fewer fluctuations, aligning with the energy effi-
ciency findings. A video demonstrating the gait
transition behavior is included in the supplementary
materials.

4.3.3 Performance summary

A summary of performance under different con-
ditions is provided in Table 6, and a comparison of
energy efficiency between our method and two other
methods at different velocity commands is presented
in Table 7.

Table 7 Comparison of energy efficiency between our
method and two other methods at different velocity
commands

v∗ (m/s)
Cost of transport

Ours EG Convex MPC

0.375 0.3551 0.8059 2.2390
0.9 0.3803 0.3936 0.7506
1.5 0.3937 0.5841 0.5871

The best results are in bold

5 Conclusions and discussion
This work presents a learning framework for

training and organizing robust gait-conditioned poli-
cies, revealing the relationship between velocity
command and energy efficiency across different gaits.
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results of the proposed optimal scheme and control group scheme, respectively. The undesired joint velocity
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Based on these findings, an adaptive multimodal
locomotion controller is developed, and it outper-
forms single-gait policies in terms of velocity tracking
accuracy, CoT, and robustness.

In the presented work, the single-gait policies
switch discretely, and the constraints are expressed
in rewards when training the gait selector. Future
work can focus on developing safer and more sophis-
ticated switching strategies that take into account
strict constraints.

The energy consumption analysis reveals that
while the proposed policy exhibits advantages over
existing policies, it still has lower energy efficiency
compared to animals. This can be attributed to the
fact that animals have elastic body structures, such
as tendons, which allow them to store and release
energy (Seok et al., 2013). Future work could in-
corporate elastic structures into a robot to achieve
better energy performance.

The presented framework allows for the use of
other motor skills by higher-level controllers. Future
research could focus on developing advanced motor
skills that integrate perception information to en-
hance the capability and adaptability of the robot.
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