
www.jzus.zju.edu.cn; www.springer.com/journal/11582
E-mail: jzus_a@zju.edu.cn

Journal of Zhejiang University-SCIENCE A   2025 26(12):1163-1178

Stable and continuous vertical jumping control of hydraulic legged 
robots through reinforcement learning
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Abstract: Hydraulic legged robots have potential for high-dynamic motion due to their large power-to-weight ratios. However, 
it is challenging to ensure both stability and continuity in the motion of such robots. In this study, we propose a jumping motion 
control framework based on deep reinforcement learning that enables hydraulic limb leg units to perform stable and continuous 
jumping motions. First, to accurately represent the performance of a physical prototype, a quasi-realistic model incorporating 
physical feasibility constraints is constructed. This model is informed by analysis of the relevant fluid dynamics, and incorporates a 
trajectory generator and a motion tracking controller. To achieve stable and continuous jumping performance, a deep reinforcement 
learning algorithm is developed, which jointly optimizes the trajectory generator and the motion tracking controller. Through 
validation on the physical prototype, we demonstrate that the proposed method reduces the maximum deviation and the average 
deviation by over 47% and 60%, respectively, and improves landing compliance by up to 7.7% compared to a baseline optimization 
algorithm, the non-dominated sorting genetic algorithm (NSGA-II). The proposed control framework may serve as a reference 
for high-dynamic motion control of legged robots and multi-objective optimization across several decision variables.

Key words: Legged robot; Deep reinforcement learning; Quasi-realistic modelling; Hydraulic system; Jumping control

1 Introduction 

Hydraulic legged robots have been a popular re‐
search focus in robotics due to their ability to execute 
high-dynamic and agile motions (Semini et al., 2017; Li 
et al., 2024; Xiang et al., 2025; Zhang JH et al., 2025). 
In field traversal tasks, legged robots are often required 
to perform stable and continuous jumping, where the 
limb leg unit (LLU) governs all leg movements through‐
out the jump cycle and directly determines the jump‐
ing performance (Zong et al., 2024). During such mo‐
tions, the LLU frequently switches between swing and 
stance phases, which generates substantial ground con‐
tact forces (Zong et al., 2025). Meanwhile, the strong 

nonlinearities of hydraulic systems lead to increased 
complexities in their associated control methods.

Current research has primarily focused on improv‐
ing jumping performance through foot-end trajectory 
generators and motion tracking controllers (Ba et al., 
2025; Zhang K et al., 2025). The trajectory generator 
ensures smooth transitions in velocity and acceleration 
during switches in the motion phase (Gao et al., 2019; 
Bjelonic et al., 2020; Ahn and Cho, 2022). A well-
designed trajectory contributes to smoother motion and 
reduces energy consumption, which improves overall 
performance. For example, Zhu et al. (2024) proposed 
a convergent iterative linear quadratic regulator (iLQR)-
based trajectory optimization method that explicitly 
minimizes the worst-case perturbation growth along hy‐
brid trajectories, which improved the stability of legged 
robots executing hybrid and underactuated motions. 
Also, Sun et al. (2021) developed a foot-end trajectory 
based on piecewise cubic spline interpolation during the 
swing phase of a quadruped robot, which reduced the 
energy consumption of the hydraulic actuators and en‐
abled higher dynamic performance. Since the interac‐
tion between the robot’s LLU and the ground during 
motion generates significant and uncertain external 
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forces on the joints, the motion tracking controller is 
often employed to ensure precise tracking of the LLU’s 
target position and force trajectories while ensuring 
smooth phase transitions; accordingly, stable and co‐
ordinated locomotion can be achieved (Boaventura 
et al., 2013; Han et al., 2023; Ba et al., 2024). Gu and 
Yuan (2020) proposed an adaptive and robust control 
strategy combining multiple Lyapunov functions to im‐
prove the trajectory tracking performance in the pres‐
ence of uncertainties. Shao et al. (2023) defined the 
control parameters for a hydraulic quadruped robot and 
employed the self-growing Lévy-flight salp swarm al‐
gorithm to minimize controller signal tracking errors. 
For high-dynamic motion tasks, such as continuous 
jumping, the parameters of both the trajectory generator 
and the motion tracking controller jointly influence sys‐
tem performance. Therefore, designing them indepen‐
dently fails to capture their coupled dynamics, often re‐
sulting in suboptimal parameter combinations.

In recent years, deep reinforcement learning (DRL) 
has demonstrated significant potential in robotic con‐
trol applications (Hoeller et al., 2024), providing solu‐
tions for multi-objective optimization problems involv‐
ing coupled system dynamics. DRL-trained policies in 
stochastic environments can accomplish tasks stably 
and be directly transferred to physical robots. Common 
approaches to improve the success rate of deploying 
trained policies on physical prototypes include domain 
randomization (Exarchos et al., 2021) and dynamics 
randomization (Xie et al., 2021). However, most exist‐
ing studies of DRL have focused on electric-actuated 
robots, while relevant applications on hydraulic robots 
have mainly involved excavators and hydraulic manip‐
ulators performing relatively low-speed motions, dem‐
onstrating the great potential of DRL in addressing com‐
plex nonlinear control problems (Egli and Hutter, 2022; 
Spinelli et al., 2024; Yao et al., 2024). To date, there 
has been no reported work applying DRL to hydraulic 
legged robots, which exhibit high-dynamic motion po‐
tential. The inherent strong nonlinearity of hydraulic 
systems requires precise dynamic modeling and con‐
troller parameter tuning, thereby increasing the diffi‐
culty of deploying DRL polices on physical prototypes. 
Moreover, recent studies on the application of DRL 
have primarily emphasized gait learning and adaptive 
locomotion over complex terrains (Hwangbo et al., 
2019; Choi et al., 2023; Han et al., 2024). However, for 
high-dynamic motions such as continuous jumping, 

DRL implementation remains challenging due to strin‐
gent requirements for controller robustness and model 
accuracy, as well as the inherent sparsity of training 
rewards. To date, no satisfactory implementation has 
been reported.

To address the aforementioned challenges, a DRL-
based jumping motion control framework for hydraulic 
LLUs is proposed. In order to bridge the gap between 
DRL simulation training and real-world deployment, a 
quasi-realistic model of the LLU incorporating hydrau‐
lic system dynamics, physical constraints, and dynamic 
randomization is established. The proposed DRL algo‐
rithm jointly optimizes the parameters of the trajectory 
generator and the motion tracking controller, ensuring 
expected explosive power while enhancing landing 
compliance. Finally, the trained policy is deployed on 
a physical prototype, and the motion performance and 
robustness are tested. The main contributions of this 
work are summarized as follows:

1. A quasi-realistic model incorporating physical 
feasibility constraints for the hydraulic system is estab‐
lished, reflecting the performance of the physical pro‐
totype and providing a reliable foundation for simula‐
tion training and deployment of DRL.

2. A DRL-based jumping motion control frame‐
work for legged robots is proposed, in which the DRL 
algorithm jointly optimizes the trajectory generator and 
the motion tracking controller to achieve stable contin‐
uous jumping motion in simulation training.

3. The DRL-trained policy is deployed on a phys‐
ical prototype using the proposed control framework, 
and the target-height tracking and landing compliance 
in continuous jumping are compared to a commonly 
used optimization method.

The remainder of this paper is organized as fol‐
lows. Section 2 describes the components of the quasi-
realistic simulation model. Section 3 presents the DRL-
based jumping motion control framework and details 
the algorithm for continuous target-height jumping 
tasks. The simulation training and deployment experi‐
ments, along with analysis of the results, are provided in 
Section 4. Finally, conclusions are given in Section 5.

2 Quasi-realistic LLU model 

In this study, the control object is the LLU of the 
Spurlos hydraulic quadruped robot, which was designed 

1164



J Zhejiang Univ-Sci A   2025 26(12):1163-1178    |

and fabricated in our earlier studies (Zhang K et al., 
2025). To facilitate successful simulation training and 
deployment on the physical prototype, a quasi-realistic 
model is developed. This section introduces the struc‐
ture of the proposed model, which is shown in Fig. 1. 
The trajectory generator provides the desired foot-end 
trajectory to the motion tracking controller, which com‐
putes the desired forces for the two joint hydraulic ac‐
tuators. The forces are then input to the direct adaptive 
robust controller (DARC), which outputs the corre‐
sponding servo valve current signals to achieve the ex‐
pected motion control of the LLU.

2.1 Kinematic and dynamic model

The LLU of the Spurlos hydraulic quadruped ro‐
bot includes a hip flexor extensor joint (HFE) and a 

knee flexor extensor joint (KFE), both of which are 
driven by linear hydraulic cylinders arranged in the 
same plane. The hydraulic cylinder has a maximum 
stroke of 60 mm, with the diameters of the rodless and 
rod-side chambers being 25 and 12 mm, respectively. 
The structure of the LLU is shown in Fig. 2, and the 
structural parameters are listed in Tables 1 and 2.

The kinematics of the leg are formulated as:

é
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êêêê ù

û
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y =

é

ë

ê
êê
ê
ê
ê ù

û

ú
úú
ú
ú
úL1 sin q1 + L2 sin ( )q1 + q2

-L1 cos q1 - L2 cos ( )q1 + q2

 (1)

where x and y are the horizontal and vertical positions 
of the foot end, respectively, q1 is the HFE angle, q2 is 
the KFE angle, and L1 and L2 are the thigh and calf 
lengths, respectively.

Fig. 2  Structure of the LLU

Fig. 1  Quasi-realistic model of the LLU. u1 and u2 are the control signals of the servo valves for the two joints, respectively; 
p1a and p2a are the pressures in the two chambers of the hip joint’s hydraulic cylinder, respectively; p1b and p2b are the pressures 
in the two chambers of the knee joint’s hydraulic cylinder, respectively; Fr1 and Fr2 represent the actual output forces 
of the two joints, respectively; Fd1 and Fd2 represent the desired output forces of the two joints, respectively; xd and yd 
represent the desired displacements of the foot-end; xr and yr represent the actual displacements of the foot-end. The 
other parameters are explained in the text
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Then, the inverse kinematics can be formulated as:
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To resolve the foot-end forces and velocities of the 
LLU into joint angular velocities and output torques, we 
construct the Jacobian matrix J:

J (q) =
é
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(3)

The joint torques of HFE and KFE, i.e., τ1 and 
τ2, respectively, can be obtained from the Lagrange 
equation. The dynamics of the LLU can be generally 
formulated as:

τ = é
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êêêê

ù

û
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τ2

=M (q) q̈ +C (q q̇) q̇ +G (q)  (4)

where τÎR2 is the vector of the external generalized 
torques, MÎR2 ´ 2 is the mass inertial term, CÎR2 is 
the Coriolis force and centrifugal force vector, and 
GÎR2 is the gravitational torque vector.

2.2 Trajectory generator

The jumping process of the LLU consists of four 
phases: the standing stage, squatting stage, jumping 
stage, and buffering stage. The foot-end motion of the 
LLU in the fuselage coordinate system is shown in 
Fig. 3.

In order to make the position of the foot-end dur‐
ing the jumping motion satisfy continuity of displace‐
ment, velocity, and acceleration, the trajectory of the 
foot-end is designed by the quintic polynomial (Nansai 
et al., 2015):
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Table 1  Structural parameters of the LLU shown in Fig. 2

Parameter

L1 (mm)

L2 (mm)

L1a (mm)

L2a (mm)

Value

350

350

45

45

Parameter

L1b (mm)

L2b (mm)

XL1
 (mm)

XL2
 (mm)

Value

228

228

201–261

201–261

Table 2  Joint angles of the LLU shown in Fig. 2

Parameter

θ1 (°)

θ2 (°)

θ3 (°)

Value

71.5

30.0–115.0

17.0

Parameter

θ4 (°)

θ5 (°)

θ6 (°)

Value

1.5

33.5–118.5

15.0

Fig. 3  Stages and trajectories in the jumping process
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where ts is the initial time, te is the end time, ys is the 
initial displacement, ye is the end displacement, vs 
is the initial velocity, ve is the end velocity, as is the 
initial acceleration, ae is the end acceleration, and 
[c0, c1, c2, c3, c4, c5]

T indicates the quintic polynomial 
coefficients.

2.3 Motion tracking controller

Since the quintic polynomial trajectory needs to 
be converted into the control signals of each servo 
valve to control the motion of the LLU, the foot con‐
tact force of the LLU is considered as a 2D spring-
damping system. Based on the foot-end position error 
and velocity error, the virtual forces of the foot-end 
can be calculated as follows:

FC =KP( pd - pr ) +KD( ṗd - ṗr )  (6)

where FC denotes the virtual forces of the foot-end, 
pr=[xr yr]

T is the actual position calculated by the 
positive kinematics, pd=[xd yd]

T is the desired posi‐
tion, ṗr and ṗd are the actual velocity of motion and 
the desired velocity of motion at the endpoint of the 
foot, respectively, and KPÎR1 ´ 2 and KDÎR1 ´ 2 are the 
desired stiffness and damping values in the forms of 
diagonal positive definite matrixes, respectively.

The effects of M (q) and C (q q̇) are often ig‐

nored because of the influence of noise on the angular 
velocities and accelerations. Thus, the dynamics of the 
LLU in Eq. (4) can be reformulated as:

τ =G (q) + J (q)
T
( Kp( pd - pr ) +Kd( ṗd - ṗr ) ) . (7)

The output torque of the joint needs to be con‐
verted into the output force of the hydraulic cylinder 
in the LLU. Based on the structural parameters, the in‐
terrelationships are:
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L2
2b + L2

2a - 2L2a L2b sin ϕ2

L2a L2b sin ϕ2



(8)

where F1 and F2 are the output forces of the HFE and 
the KFE, respectively, ϕ1 is the angle between L1a and 
L1b, and ϕ2 is the angle between L2a and L2b.

2.4 Valve-controlled cylinder system

The output force of any linear hydraulic cylinder 
in a hydraulic system can be described as:

F =P1 A1 -P2 A2 - bẋL -Ffc + d (9)

where P1 and P2 are the pressures in the two chambers 
of the hydraulic cylinder, respectively, A1 and A2 are 
the actual actuating areas of the two chambers, respec‐
tively, xL and ẋL are the output displacement and ve‐
locity of the hydraulic cylinder, respectively, b is the 
friction combination factor, Ffc is the Coulomb fric‐
tion, and d is the lumped modelling error.

The dynamics of the hydraulic cylinder are for‐
mulated as:
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ï

ï
ïï
ï

  
V1
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Ṗ1 =-A1 ẋL +Q1

V2

βe

Ṗ2 =A2 ẋL -Q2
(10)

where βe is the bulk modulus of the hydraulic fluid, V1 
and V2 are the actual volumes of the head-end and rod-
end chambers of the hydraulic cylinders, respectively, 
and Q1 and Q2 are the inflow and outflow of the oil, 
respectively (Jaiswal et al., 2021):

ì
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î
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ïï
ï
ï
ï

ï
ïï
ï
ï
ï

Q1 = kq1
u DP1      DP1 = {Ps -P1        xv > 0

P1 -Pr        xv < 0

Q2 = kq2
u DP2      DP2 = {Ps -P2        xv > 0

P2 -Pr        xv < 0

(11)

where kqi=Cdwki 2/ρ  (i=1, 2) represents the flow gain 

coefficient of the servo valve, Cd is the discharge coef‐
ficient, w is the gradient of the slide valve area, ki is the 
positive gain factor, ρ is the fluid density, u is the con‐
trol signal, xv represents the displacement of the servo 
valve spool, Ps is the supply pressure of the hydraulic 
fluid, and Pr is the drained pressure of the hydraulic fluid.

Therefore, the kinematics of the joint force con‐
trol can be obtained as follows:

Ḟ = ( A1

V1

DP1 +
A2

V2

DP2 ) βekqiu -

                 ( A2
1

V1

+
A2

2

V2 ) βe ẋL - bẍL -Af Ṡf( ẋL ) + ḋ (12)
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where AfSf is the approximated nonlinear Coulomb 
friction, in which the amplitude Af is unknown but the 
continuous shape function Sf is known.

2.5 Direct adaptive robust controller

For hydraulic legged robots, the upper control al‐
gorithm transfers the required output force from each 
motion joint of the single leg to the underlying valve-
controlled hydraulic cylinder control system, acting as 
a tracking target for the output force of the joints. How‐
ever, there are many time-varying parameters in the 
output force control model that cannot be obtained di‐
rectly. To eliminate the discrepancy between the out‐
put force and the desired force, and to enable the con‐
troller to estimate relevant dynamic parameters based 
on system feedback errors and other measurements, 
the DARC method is adopted for joint force control 
(Yao, 2009). By setting x=F and θ=[θ1θ2θ3θ4θ5]

T=
[βekqiβebAfdn]

T (dn represents the nominal value of 
the lumped uncertain nonlinearity d ), the state space 
can be formulated as:

ẋ = θ1a1u - θ2a2 - θ3 ẍL - θ4 Ṡf( ẋL ) + θ5 +Dd (13)

where Dd = ḋ - dn is the value of the nonlinearity, and 
the nonlinear equations a1 and a2 are defined as:
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ï
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DP2 
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2
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The resulting controller law of the DARC is de‐
signed as follows:
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1

θ̂1a1

[ ]θ̂2a2 + θ̂3 ẍL + θ̂4Sf( )xL - θ̂5 Ḟd 

us =
-kz - ks z

θ̂1a1



u = ua + us

(15)

where θ̂ i is the estimation of θ i, Fd is the desired force, 
u is the nonlinear adaptive robust control law, ua is the 
adaptive model compensation term, us is the robust 
control term, z is the tracking error of the joint output 
force, k is the positive feedback gain, and ks is the 
positive nonlinear gain (Fang et al., 2025).

The DARC controller parameters were kept con‐
stant across all experimental trials, as listed below. The 
feedback gain K = k + ks = 2 ´ 10-6, and the bounds of 
uncertainty ranges and the initial estimates of the pa‐
rameter variations were chosen as:

ì
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î

ï
ïï
ï

ï
ïï
ï

θmin = [ ]6 1.0 ´ 108 60 60 -1.0 ´ 10-3 T


θmax = [ ]10 3.0 ´ 108 90 100 1.0 ´ 10-3 T


θ ( )0 = [ ]8 2.0 ´ 108 60 60 0
T
.

   (16)

2.6 Physical constraints

To construct a simulation model that accurately 
represents the physical prototype, three key constraints 
of the LLU were considered: the orifice flow gq( x ), 

control current gc( x ), and cylinder stroke length g l( x ).

ì

í

î

ïïïï

ïïïï

gqmin ≤ gq( )x ≤ gqmax

gcmin ≤ gc( )x ≤ gcmax

g lmin ≤ g l( )x ≤ g lmax

(17)

where (×)min and (×)max are the minimum and maximum 
values of the constraint. Frictional torque is consid‐
ered to make the model more accurately reflect real 
movement:

ì
í
î

τ i = τ i
c -Kτω

i    i = 1 2
Fp =KGvL

(18)

where τ i is the actual joint friction torque, τ i
c is the 

torque supplied by the hydraulic cylinder, Kτ is the joint 
friction coefficient, ωi is the angular velocity, Fp is the 
friction with the platform, KG is the guideway friction 
coefficient, vL is the speed of the LLU, and i = 12 de‐
notes the two joints.

3 Motion learning control framework 

In this section, a DRL algorithm is introduced to 
jointly optimize the primary parameters of the trajec‐
tory generator and motion tracking controller that were 
described in Section 2. The control policy is trained 
in a simulation environment to achieve stable, continu‐
ous jumps at the target height and enhance landing com‐
pliance. The proposed jumping motion learning control 
framework is shown in Fig. 4. In the DRL environ‐
ment, the policy outputs actions based on the current 
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observation space. The action space is designed to con‐
sist of key parameters of the trajectory generator and 
motion tracking controller, which directly determine the 
performance of the next jump of the LLU. The policy 
is updated by maximizing the cumulative reward, and 
can be further deployed on the physical prototype using 
the proposed control framework.

3.1 Deep reinforcement learning

Reinforcement learning (RL) is used to formu‐
late the control problem as a Markov decision process, 
which is typically represented by the tuple (SA p 
rλ), where S denotes the state space, A denotes the 
set of actions that the agent can execute, p denotes the 
state transition function that defines the probability of 
transitioning to the next state st + 1 when the agent takes 
action at in state st according to the policy, r denotes 
the reward function, which is usually set artificially 
based on the designed task objectives, and λ∈(0,1) is 
the discount factor that determines the weight assigned 
to future rewards. The larger the value of the discount 
factor, the more the agent pays attention to the long-
term cumulative reward. The agent aims to maximize 
the expectation of cumulative rewards obtained over 
multiple rounds of interactions. The expected reward 
of the policy can be expressed as follows:

Q ( )sa =E t

ì
í
î

ü
ý
þ

∑
j = 0

¥

λjrt + j + 1 | st = sat = a  (19)

where Q(s, a) is the action-value function of taking 
action a in state s, and E t denotes the expectation op‐
erator over timesteps.

DRL integrates deep learning with RL, leverag‐
ing the ability of deep neural networks to approximate 
functions in order to extend RL to high-dimensional 
problems. In recent years, DRL has achieved signifi‐
cant progress in the field of robotic control. The proxi‐
mal policy optimization (PPO) strikes an excellent bal‐
ance among training stability, ease of implementation, 
and convergence efficiency, making it a popular algo‐
rithm for applications of legged robotics (Schulman 
et al., 2017). Its distinctive clipped surrogate objective 
constrains the policy update within a trusted region, 
which enhances the efficiency and stability of training. 
Additionally, it balances sample efficiency and perfor‐
mance through training involving multiple epochs of 
minibatch updates on each collected batch of data. These 
advantages make PPO an ideal choice for addressing 
the complex, coupled parameter control problems en‐
countered in this study. The advantage function in the 
PPO algorithm is calculated as:

A(s a ) =Q (s  a ) -V (s)  (20)

where A(s, a) is an estimator of the advantage func‐
tion in state st, and V (s) is the value function of state 
s, which represents the expected return of taking any 
action in state st.

Fig. 4  Jumping motion learning control framework. PPO is the proximal policy optimization; π is the current policy of 
taking action a in state s, and the other parameters are explained in the text
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The clipped surrogate objective is given by:

ì

í

î

ï
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ï

ï
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ï

Lclip( )δ =

           E t[ ]min ( )r(δ) clip ( )r(δ) 1 - ε 1 + ε A(s a) 

r(δ)=
π ( )a|s

πold( )a|s
                                                                 

(21)

where δ is the parameter of the policy network, r(δ) is 
the ratio between the new policy π (a|s) and the old 

policy πold(a|s), and ε is a hyperparameter that limits 

the update magnitude.
During the manual tuning of the jump control 

model parameters described in Section 2, high-dynamic 
tasks such as continuous target-height jumping present 
significant limitations. This parameter tuning process is 
labor-intensive and inefficient, and the controller can‐
not adjust parameters in response to dynamic changes 
in the environment, thereby compromising motion 
robustness. Directly controlling the jumping motion 
through DRL presents a significant challenge compared 
to locomotion tasks, as the rewards for jumping are 
highly sparse. This sparsity results in lower training ef‐
ficiency and reduced controller robustness. Instead, in‐
tegrating DRL with a preset trajectory-based controller 
eliminates the tedious process of manually tuning the 
controller parameters, and also enhances the efficiency 
of training for the desired jumping task. Moreover, this 
approach improves the robustness of the controller. The 
discrepancies between the simulation and reality, caused 
by modeling errors and the limitations of the simula‐
tion physics engine, can be effectively minimized by 
incorporating dynamic parameter randomization, do‐
main randomization, and correlated noise.

3.2 Action space

To achieve stable and continuous jumps at target 
heights while improving landing compliance, and to 
enhance training efficiency by reducing ineffective ex‐
ploration, multiple key parameters from both the tra‐
jectory generator and the motion tracking controller are 
selected as the action space.

In the trajectory generator, the trajectory parame‐
ters of the swing phase at takeoff directly influence the 
jump height. Specifically, the trajectory starting posi‐
tion Tp, the time to reach the designation point T t, and 
the slope of the designation point Tv determine the 

coefficients of the quintic polynomial for this phase. 
In the motion tracking controller, the stiffness coeffi‐
cient Kp and damping coefficient Kd of the virtual spring-
damping system are the primary parameters of the de‐
sired force generator. Kp determines the system’s re‐
sponse speed and Kd helps to suppress oscillations. In 
summary, the action space is A=(Tp, Tt, Tv, Kp, Kd). 
Furthermore, to reduce unnecessary and ineffective 
exploration by the agent, we manually set the range 
of variation for each action based on prior engineer‐
ing experience, for which the values are detailed in 
Table 3.

3.3 Observation space

For continuous jumping tasks with high dy‐
namicity, the key performance indicators are observed 
from multiple perspectives to further accelerate the con‐
vergence of the reward function. The observation space 
is S=(xo, ho, fend, q1, q2, q1d, q2d), where xo denotes the 
horizontal position of the foot relative to the body 
frame, ho is the vertical height of the body relative to 
the ground, fend denotes the contact force between the 
foot-end and the ground (which can be measured and 
relayed in real-time using force sensors), q1 and q2 de‐
note the rotation angles of the LLU knee and hip joints, 
respectively, and q1d and q2d are the desired rotational 
angles for the respective joints.

3.4 Reward function

The reward function is designed to achieve stable 
and continuous jumping at the target height. Specifi‐
cally, it encourages each jump to reach the target height 
while penalizing behaviors that compromise motion sta‐
bility, such as excessive landing impact forces and large 
motion tracking errors. The reward function is com‐
prised of the following components:

(1) Target height r1: The agent is encouraged to 
reach the predefined target height in each jump, while 
undershooting and overshooting the target are both 
penalized. The corresponding term is calculated as:

Table 3  Range of the action variations

Action

Tp

Tt

Tv

Kp

Kd

Value range

[−0.05, 0.05]

[0.1, 0.2]

[0.5, 2.5]

[1500, 5000]

[50, 170]
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r1 = || h t - hm  (22)

where h t denotes the predefined target height of the 
LLU’s body, and hm is the maximum height attained 
by the body during each jump, which is reset after the 
completion of each jump cycle.

(2) Impact force r2: To reduce the large impact 
force generated during LLU landing, which can ad‐
versely affect motion stability, a landing compliance 
index ω is introduced to encourage the agent to improve 
landing compliance. A lower value of ω indicates better 
compliance upon landing. These quantities are de‐
fined as:

r2 =
1
ω
      ω =

Fe

Fb

 (23)

where Fb and Fe denote the maximum foot contact 
forces during takeoff and landing, respectively.

(3) Tracking error r3: The agent is encouraged to 
accurately track the desired trajectories to achieve the 
expected motion performance. A penalty is applied to 
the motion tracking errors of the two joint angles, which 
is formulated as follows:

r3 = ( )ε1 + ε2

2 (24)

where ε1 = || q1d - q1 , ε2 = || q2d - q2 .

The final expected reward R can then be deter‐
mined by:

R =ω1r1 +ω2r2 +ω3r3. (25)

Note that the weights used during training are 
ω1=-60, ω2=10, and ω3=-100.

3.5 Simulation to reality transfer

Bridging the gap between simulation and proto‐
type deployment is a fundamental challenge in DRL, 
and the nonlinear characteristics of hydraulic actua‐
tion systems impose greater demands on policy robust‐
ness. To further improve the success rate of sim-to-real 
transfer, a series of dynamic randomizations is incor‐
porated into the control framework of the simulation 
environment.

First, due to the delay between the desired force 
issuance and the execution of the hydraulic actuator, a 
random delay of 1–5 ms is introduced into the desired 

force output within the simulation training environment. 
The friction between the body and the fixed guide rail 
has a non-negligible impact on actual jumping perfor‐
mance. To compensate for the negative effects of this 
friction, a disturbance force opposite to the direction of 
motion is applied in the simulation environment. Also, 
to account for the inherent variability in foot-ground 
friction, the ground friction coefficient is randomized 
at the beginning of each training episode within a pre‐
defined range to enhance the robustness of the policy. 
Furthermore, to compensate for inaccuracies in real-
world sensors, Gaussian noise with a standard devia‐
tion of 0.05 is introduced into the observation space.

3.6 Training in simulation

Our simulation is conducted within the Matlab/
Simulink® simulation environment. The physics engine 
in the environment is configured with an iteration step 
size of 1 ms. The actor-critic networks in the algorithm 
both feature two fully connected hidden layers, with 
ReLU (rectified linear unit) used as the activation func‐
tion. The first and second layers contain 256 and 128 
neurons, respectively. The other hyperparameters of the 
algorithm are detailed in Table 4.

Three groups of continuous jumping tasks were 
designed, with the target body heights set to 0.64, 0.68, 
and 0.72 m, respectively. Each group begins from an 
initial body height of 0.44 m, and requires the robot to 
perform three consecutive jumps to reach the corre‐
sponding target height. The objective is to consistently 
reach the target height in each jump, while enhancing 
the landing compliance. The reward evolution during 
training is illustrated in Fig. 5. Each group was trained 
five times with different random seeds, and the shaded 
regions in this figure indicate 95% confidence inter‐
vals. During the exploration process in the three train‐
ing tasks, the agent’s mean reward gradually increased 

Table 4  Hyperparameters of the algorithm

Hyperparameter

Learning rate

Horizon

Minibatch size

Number of epochs

Discount

GAE factor

Clip factor

Value

10−4

512

128

4

0.99

0.95

0.2
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and eventually converged, indicating successful and ef‐
ficient training.

4 Simulation results and discussion 

In this section, we present the deployment of the 
DRL-trained policy from the simulation environment to 
the physical prototype, and compare its motion perfor‐
mance with a baseline optimized using the fast and elit‐
ist non-dominated sorting genetic algorithm (NSGA-II). 
The goal is to evaluate the improvement in perfor‐
mance from the proposed method.

4.1 Experimental platform

The trained policy is deployed on the experimen‐
tal platform depicted in Fig. 6, which includes a hy‐
draulic pump station, an LLU platform, internal sen‐
sors, a control board, and external sensors.

In this experiment, the hydraulic pump station op‐
erates at a working pressure of 15 MPa and utilizes 

YH-10 hydraulic oil. The LLU platform consists of 
an integrated frame, vertical guide rails, a limb, and a 
leg unit base. The linear hydraulic cylinders are actu‐
ated by Domin S4 Pro servo valves, which feature a 
frequency response exceeding 300 Hz (±25%), so as 
to meet the high-frequency response requirements of 
the robotic system. Each driven joint of the LLU is 
equipped with an absolute angular encoder with a res‐
olution of 32768 P/R (pulses per revolution). The se‐
lected hydraulic sensors are custom-made and have an 
accuracy of 0.5% FS (full scale). The external sensors 
include a draw-wire sensor for measuring jumping 
height, and a 3-axis force sensor for quantifying con‐
tact forces.

The host computer in this experiment is a lap‐
top equipped with an Intel i7-14650HX CPU and a 
GeForce RTX 4060 GPU. The experimental proce‐
dure involves running the trained policy on the host 
computer, which sends the control commands to the 
servo valves via the control board in order to actuate 
the LLU. The real-time sensor feedback from the legged 
unit is transmitted back to the host computer, which 
then computes and outputs the next action in a contin‐
uous loop until the task is completed.

4.2 Sim-to-real validation

To validate the effectiveness of the proposed 
method in sim-to-real transfer, the trained policies for 
the three task groups are deployed onto the physical 
prototype and are compared with the results from the 
simulation environment, as shown in Fig. 7 and Table 5.

Here, hs denotes the average jumping height over 
three trials in the simulation environment, while hr 
represents the corresponding average height measured 

Fig. 5  Learning curve for the continuous jumping tasks

Fig. 6  LLU jumping test platform
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in the real-world experiments. εa is defined as the mean 
absolute deviation between the simulation and physi‐
cal prototype jump heights across the three groups. The 
maximum error εm refers to the largest deviation rate 
in a single jump.

The deviations observed between the actual and 
target jump heights in the experiments can be attributed 
to multiple factors, such as the increased response lag 
caused by the hydraulic transmission lines, the insta‐
bility of the hydraulic oil’s properties due to pressure 

increases and temperature variations, and the influence 
of noise from the test platform and the environment. 
The reduction of deviations reflects an improvement 
in both the accuracy and robustness of the controller.

The results indicate that the jump height errors 
remain under 1% for both the simulation and experi‐
mental scenarios. This demonstrates the effectiveness 
of the control framework in bridging the sim-to-real 
gap and confirms the accuracy of the proposed simu‐
lation model.

4.3 Experimental results

As a predominant algorithm in the field of multi-
objective optimization, the NSGA-II (Ma et al., 2023; 
Duan et al., 2024) has the ability to handle the nonlinear 
and strongly coupled optimization problems addressed 
in this study. Therefore, we select the NSGA-II as the 
baseline method to compare with in subsequent exper‐
iments. To intuitively demonstrate the effectiveness of 
DRL in managing continuous jumping of legged ro‐
bots, we compare the motion performance of the DRL-
trained policy with the NSGA-II group, which em‐
ploys the NSGA-II to optimize the same set of param‐
eters; the desired jump height and improved landing 
compliance are targeted. To evaluate the performance, 
both algorithms are deployed on the physical prototype 
to perform jumping experiments across three target-
height tasks. The resulting jump heights and foot con‐
tact force profiles are shown in Fig. 8.

As illustrated in Fig. 8, each jump executed using 
the proposed DRL algorithm closely reaches the target 
height, and the amplitude and frequency of the LLU’s 
oscillations upon landing are significantly reduced com‐
pared to the NSGA-II group. This improvement is at‐
tributed to the optimized parameter combinations that 
were determined through extensive training with DRL, 
which effectively enhance the stability of continuous 
jumping. Moreover, by adaptively adjusting the imped‐
ance controller parameters according to the LLU’s dy‐
namic state, the DRL algorithm improves the landing 
compliance. A quantitative comparison of the results 
is presented in Table 6 and Fig. 9.

Specifically, hr denotes the average height of the 
three consecutive jumps for each target height, D is the 
absolute deviation between the average jumping height 
and the target height, σa represents the mean deviation 
rate between each jump height and the correspond‐
ing target height, and σm is the largest deviation rate 

Table 5  Height errors between the simulation and experiment

Group

Group 1

Group 2

Group 3

Target 
height (m)

0.64

0.68

0.72

hs (m)

0.64090

0.67918

0.71794

hr (m)

0.64222

0.67720

0.71587

εa (%)

0.21

0.40

0.29

εm (%)

0.37

0.90

0.83

Fig. 7  Simulation and experimental results for continuous 
jumping at different target heights: (a) Group 1; (b) Group 2; 
(c) Group 3
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observed in a single jump. Additionally, ω is the land‐
ing compliance index and a lower value of ω indicates 
improved landing compliance.

As shown in Table 5 and Fig. 9, in comparison 
to NSGA-II, the proposed DRL algorithm achieves sig‐
nificant improvements in both average error σa and max‐
imum single-jump error σm. Specifically, for each group, 
σm is reduced by 70.4%, 48.7%, and 47.0%, respec‐
tively. σa is reduced by over 60% in all groups, with a 
reduction of up to 74.6% for the group with a target 
height of 0.64 m. Furthermore, the landing compliance 
index ω achieved by the DRL algorithm is consistently 
lower, indicating greater mitigation of impact upon land‐
ing, with the maximum improvement exceeding 7.7%. 
These results demonstrate that the proposed DRL al‐
gorithm effectively improves both the stability of mo‐
tion and the landing compliance of the LLU.

Table 6  Comparison of performance between different algorithms

Group

Group 1 (0.64 m)

Group 2 (0.68 m)

Group 3 (0.72 m)

Algorithm

NSGA-II

DRL

NSGA-II

DRL

NSGA-II

DRL

hr (m)

0.63126

0.64222

0.66699

0.67720

0.70910

0.71587

Δ (m)

0.00874

0.00222

0.01301

0.00280

0.01090

0.00413

σa (%)

1.37

0.35

1.91

0.76

1.51

0.57

σm (%)

1.62

0.48

2.36

1.21

2.00

1.06

ω

1.39456

1.28698

1.86820

1.72931

1.82173

1.79915

Fig. 9  Comparison of target-height deviation rate between 
different methods

Fig. 8  Comparison of continuous jumping results regarding height and contact force: (a) Group 1; (b) Group 2; (c) Group 3
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4.4 Discussion of transferability

To investigate the generalizability of the proposed 
control framework and its bolstering of performance 
in other high-dynamic motion tasks, we selected for‐
ward horizontal jumping as a representative task for 
additional evaluation and discussion. The entire policy 
transfer process required only basic, task-specific ad‐
justments, which are discussed below.

Compared to vertical jumping, horizontal jump‐
ing introduces an additional degree of freedom along 
the x-axis. Therefore, an additional trajectory parameter 
representing the x-axis displacement Tf over a speci‐
fied time interval is introduced to the action space, 
while the other optimization parameters are kept the 
same. Accordingly, the term that previously encouraged 
reaching the vertical target height was modified to in‐
stead encourage horizontal jumping distance in the re‐
ward function, as detailed below:

ì
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î

ï

ï
ïï
ï

ï

ï

ï
ïï
ï

ï

r1h =ω1 || xd 

r2h =ω2

1
ω


r3h =ω3( )ε1 + ε2

2
Rh = r1h + r2h + r3h

(26)

where r1h denotes the reward for forward distance, r2h 
denotes the reward for landing compliance, and r3h 
represents the penalty for the trajectory tracking error. 
Rh denotes the final expected reward, and xd is the x-axis 
displacement of the foot relative to the ground during 
forward jumping. The weights used during training are 
ω1=6, ω2=8, and ω3=−80. The specific training param‐
eter settings are the same as in the vertical jumping 
task. The trained policy is deployed on the forward 
jumping platform, which is reconstructed based on the 
vertical jumping platform. The experimental results and 
relevant comparisons are presented in Fig. 10.

Compared to the baseline method, the horizontal 
distance the LLU jumped increased from 591 to 783 mm 
using the DRL method, representing a 32.5% improve‐
ment. Meanwhile, the landing compliance index was 
lower, specifically corresponding to 9.5% greater land‐
ing compliance. These results showcase the excellent 
performance and generalizability of the proposed DRL 
optimization method for multi-objective tasks.

To further assess the robustness of the proposed 
method under unknown disturbances, we introduced oil 
to alter the friction and placed a 20 cm-tall soft platform 
at the landing site. Without any retraining, the LLU 
successfully completed the jump, as shown in Fig. 11. 

Fig. 10  Results and comparison of the forward jumping experiment: (a) forward jumping platform; (b) contact force results 
during forward jumping with different methods; (c) snapshots of the forward jumping experiment using the baseline method; 
(d) snapshots of the forward jumping experiment using the DRL method
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This result highlights the method’s strong control ro‐
bustness, which is likely a consequence of the ran‐
domized DRL training.

5 Conclusions 

A novel jumping motion control framework based 
on DRL was proposed for hydraulic LLU robots, with 
the goal of improving jumping performance. Experi‐
ments on a physical prototype demonstrated that the 
trained policies enhanced both the stability and land‐
ing compliance in continuous jumping motions. To the 
best of our knowledge, it is the first successful deploy‐
ment of DRL on a hydraulic legged robot.

1. The proposed quasi-physical model accurately 
reflects the performance of the physical prototype, and 
enables the successful deployment of DRL-trained poli‐
cies from simulations to real-world systems.

2. The DRL algorithm jointly optimizes the param‐
eters of the trajectory generator and the motion track‐
ing controller, enabling the LLU model to achieve con‐
tinuous and stable jumping in the simulations follow‐
ing training.

3. The trained policy is successfully deployed on 
the physical prototype, achieving continuous jump‐
ing motions at the target height. In comparison to the 
NSGA-II algorithm, the height tracking error is reduced 
by over 60%, and the landing compliance is improved 
by up to 7.7%.

The proposed control framework can be extended 
to more complex tasks, such as the continuous traversal 
of obstacles with varying heights, or stair climbing. We 
deployed the fine-tuned trained policy on a forward 
jumping task with additional degrees of freedom, where 
it showed strong performance across multiple objec‐
tives. Additionally, this study provides a valuable ref‐
erence regarding optimization and control of high-
dynamic motions, and may prove useful for other types 
of legged robots.
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