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Abstract

With the growing demand for quadruped robots operating in unstructured environments, address-
ing instability and falls caused by external disturbances and complex terrains has become a critical
challenge for ensuring robot autonomy and mission continuity. Traditional fall recovery methods
often rely on external interventions, which limit the autonomy of the robot and fail to meet the
needs of complex, real-world applications. Although deep reinforcement learning (DRL) has made
notable progress in motion control, research on autonomous post-fall recovery and dynamic recov-
ery strategies based on terrain features remains limited. In this paper, we propose a unified loco-
motion and recovery control framework based on deep reinforcement learning, enabling quadru-
ped robots to walk over complex terrains and autonomously recover from falls. The framework in-
tegrates a fall recovery factor, a dynamic scheduling strategy, and safety-constrained optimization
to address the limitations of existing approaches. Specifically, a non-symmetric actor-critic archi-
tecture is adopted, enhanced with a context-aided estimator to improve terrain-aware decision-
making. Additionally, a dynamic 3-VAE latent constraint strategy is introduced to facilitate stable
training, while the NP30 algorithm ensures safe and efficient policy optimization under torque and
stability constraints. Extensive experiments demonstrate that the proposed method enables quad-
ruped robots to quickly recover from falls under various terrain conditions and transition smoothly
back into locomotion. The robots exhibit strong adaptability and robustness, significantly improv-
ing their operational autonomy in high-risk environments. This study provides an effective solution
for enhancing the autonomous capabilities of quadruped robots in real-world applications involv-
ing challenging and hazardous terrains.
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Table 1. Reward functions and their weights
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2 Jihy AR (ri) L (wi)
2
Lin velocity tracking exp o 2.0
2
. . [ (w(:mdiyaw - wyaw ) ]
Ang velocity tracking exp T 1.0
Linear velocity(z) clamp(-g.,0,1)-v? 4.0
Angular velocity(xy) clamp(-g.,0,1)-|o,, ’ -0.1
2
Orientation clamp(-g.,0,1)- "gx} " -0.2
collision clamp(-g_,0,1)- ZPI(HE" > 0'1) -1.0
Body height clamp(-g,,0,1)- (htarget - h)2 -10.0
Foot clearance clamp(—g zaoal)' Zf: (pfgdy - p;arget) ) Vf’?fy -0.5
iefeet
Foot mirror clamp(-g,,0,1)- ("9”’ —O"® "2 + "0RF — 9" "2 ) —0.05
Foot slide clamp(-g_,0,1)- Zf:t Nl i -0.05
Stumble clamp (~g..,0.1)1(|Froy | > 5| .| —0.05
Base uprightness l-g. 0.6
Foot contact ( V,:;nd | <0. 1) *Croot 0.6
Stand nice (b]<01)-(1-g.)-jo- o™ 0.1
Action rate ||at -a,, ||2 —-0.01
Smoothness la, —2a,, +a,, ||2 —0.01
Joint accelerations "«9"2 —2.5¢-7
Joint power ||T || ||¢9|| —2e-5
Feet contact forces _;t max ("E |- F e ,0) 70'802015
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Table 2. Cost functions and their equations
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Figure 1. The proposed training and transfer framework for quadruped locomotion and fall recovery over
complex terrains
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Table 3. Domain randomizations and their ranges

= 3. WA ENEBREE

24 ¥ ] Li¥A
Ground Friction [0.5, 2.0]
Ground Restitution [0.0, 1.0]
Body Mass [-2.5, 2.5] X nominal value Kg
CoM [-0.1,0.1] x [-0.1, 0.1] x [-0.1, 0.1] m
Motor Strength [0.9, 1.1] x motor torque Nm
Joint Kp [0.9,1.1] x 30
Joint Kd [0.9,1.1] x 0.5
System Delay [0, 3At] s
Externa velocity(xy) [-5,5] %[5, 5] m/s
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Figure 2. Average reward curves during training for different
methods

2. NEFAEENGIIZHRF R AL

DOI: 10.12677/airr.2025.144100 1059 PNER ST IR YN


https://doi.org/10.12677/airr.2025.144100

fLIER %

s 3 froR, B ER T ARG5S 2B KL Warm-up ZZ 4 (w/o KL Warm-up) Il 55 4 Hh =
UK G AL TR Ze . NIRRT DL Y, ASHIEFT I 5053 A0 B A 400 2R 15 AT R Al T 45 2R 248
%, TM%FR KL Warm-up 228 8k 4w . 1X3R Y, £ VAEHERLR, R KL Warm-up SRS RERS A

ARSI, AIERTHE R e -

Wi 4 R, BT AR ISR 5155 2B NP3O 28 f(w/o NP3O)E T 1R 1 N AT (81K 2
SER 12 MRTDIRE R 45 H . W IR, w/o NP3O AR ARLE R MK & i FE A7 7R B iy KUK, 2%
AR B AL S 3.5 rad, ST AL F] 26.31 rad/s, I SIHIEAE EHE 53.63 Nm. MHELZ T,
AHIF TIN5 7 3 25 R 9% A e sh A% I E 2.5 rad DAY, SST5 I EE AR (LIS 7E 10 rad/s LA, J3%E
BN PRHILE 30 Nm DL, eI 23 B0 A ELSE Gy il A8 m Bkt . FR 248 102, Y15 HLE8 A
FHLIAE B R A 48 Nm, 1M w/o NP3O ZBAR CLH B /AR BRI S, A7 /R840 ML A TCVETE B SE R 4

BB I R o T AR TE R I ZRAE SR 25 H A SRS B0 & R I8 AR g ia AT T R B

0.45
0.40
0.35
0.30

0.25

Mean recons loss

0.20

0.15
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Figure 5. Motion decomposition diagrams of the Y15 robot performing fall recovery tasks on
different terrains
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Figure 6. The variations in joint velocities and torques of the motors during the fall recovery tasks performed by the Y15 robot
on different terrains
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Figure 7. The Y15 robot climbing 16 cm high stairs and descending from an 80 cm
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