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’ Science Robotics — Marco Hutter‘
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RGP 4%, I HEE D B O BT ﬁﬂﬂﬂ%ﬁo [2020] Lee & AXHPMTG ZE44 LS %
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[2019] Learning agile and dynamic motor skills for legged robots

[2020] Learning quadrupedal locomotion over challenging terrain

[2022] Learning robust perceptive locomotion for quadrupedal robots in the wild

[2023] Scientific exploration of challenging planetary analog environments with a team of legged
robots™*

’ Science Robotics — Jemin Hwangbo‘

[2023] Learning quadrupedal locomotion on deformable terrain

| Science Robotics — Zhibin Li |

[2020] Multi-expert learning of adaptive legged locomotion

’ Nature Machine Intelligence ‘

[2022] High-speed quadrupedal locomotion by imitation-relaxation reinforcement learning
[2023] Identifying important sensory feedback for learning locomotion skills

’ Nature Scientific Reports ‘

[2022 NSR] Controlling the Solo12 quadruped robot with deep reinforcement learning

’ Parallel Training Platform‘

[2022 CoRL] Learning to Walk in Minutes Using Massively Parallel Deep Reinforcement Learning

’Privileged Learning: Teacher-Student Policy

[2020 SCI RO] Learning quadrupedal locomotion over challenging terrain

[2021 TROS] Terrain-Aware Risk-Assessment-Network-Aided Deep Reinforcement Learning for
Quadrupedal Locomotion in Tough Terrain

[2022 SCI RO] Learning robust perceptive locomotion for quadrupedal robots in the wild

[2022 RSS] Rapid Locomotion via Reinforcement Learning

[2022 RAL] Reinforcement Learning With Evolutionary Trajectory Generator: A General Ap-
proach for Quadrupedal Locomotion

[2023 SCI RO] Scientific exploration of challenging planetary analog environments with a team of
legged robots

[2023 RAL| Learning Robust and Agile Legged Locomotion Using Adversarial Motion Priors
[2023 RAL] Learning-Based Design and Control for Quadrupedal Robots With Parallel-Elastic
Actuators

[2023 CoRL] Legged Locomotion in Challenging Terrains using Egocentric Vision

[2023 arXiv] Extreme Parkour with Legged Robots

[2023 arXiv] Learning Vision-based Pursuit-Evasion Robot Policies

’ RMA Architecture
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Kumar % A$EHHRMA 228, ZHEZR AP DGR B . SB—FBOIGRmT LA (4eid)e ) 26
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AR 1B B SR
Luo % A$&H T R E FiR A SR HIHEZRF T-Net, XHEZLRFARMA 284, K SEUL AR
HE R TR R RS, HFiEi adaptor Si— AT ERIB I T BB Shz HI 5N - [4]
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[2021 RSS] RMA: Rapid Motor Adaptation for Legged Robots

[2021 CoRL] Minimizing Energy Consumption Leads to the Emergence of Gaits in Legged Robots
[2022 TROS] Adapting Rapid Motor Adaptation for Bipedal Robots

[2023 CoRL] Legged Locomotion in Challenging Terrains using Egocentric Vision

[2023 CoRL] Deep Whole-Body Control: Learning a Unified Policy for Manipulation and Locomo-
tion

[2023 RAL] FT-Net: Learning Failure Recovery and Fault-tolerant Locomotion for Quadruped
Robots

[2023 ICRA] Legs as Manipulator: Pushing Quadrupedal Agility Beyond Locomotion

[2023 ICRA] DreamWaQ: Learning Robust Quadrupedal Locomotion With Implicit Terrain Imag-
ination via Deep Reinforcement Learning

[2023 ICRA] ViNL: Visual Navigation and Locomotion Over Obstacles

’ PMTG Architecture ‘

[2018 CoRL] Policies modulating trajectory generators

[2019 TROS] Hierarchical Reinforcement Learning for Quadruped Locomotion

[2020 SCI RO] Learning quadrupedal locomotion over challenging terrain

[2020 CoRL] Data Efficient Reinforcement Learning for Legged Robots

[2021 CoRL] From Pixels to Legs: Hierarchical Learning of Quadruped Locomotion

[2021 ICRA] Real-Time Trajectory Adaptation for Quadrupedal Locomotion using Deep Rein-
forcement Learning

[2021 IROS] Terrain-Aware Risk-Assessment-Network-Aided Deep Reinforcement Learning for
Quadrupedal Locomotion in Tough Terrain

[2022 SCI RO] Learning robust perceptive locomotion for quadrupedal robots in the wild

[2022 RAL] CPG-RL: Learning Central Pattern Generators for Quadruped Locomotion

[2022 RAL] Reinforcement Learning With Evolutionary Trajectory Generator: A General Ap-
proach for Quadrupedal Locomotion

[2022 arXiv] Visual CPG-RL: Learning Central Pattern Generators for Visually-Guided Quadruped
Navigation

[2022 CoRL] Visual-Locomotion: Learning to Walk on Complex Terrains with Vision

[2023 ICRA] Efficient Learning of Locomotion Skills through the Discovery of Diverse Environ-
mental Trajectory Generator Priors

[2021 TNNLS] Generic Neural Locomotion Control Framework for Legged Robots

[2021 RAL] CPG-Based Hierarchical Locomotion Control for Modular Quadrupedal Robots Using
Deep Reinforcement Learning

[2022 RAL] CPG-RL: Learning Central Pattern Generators for Quadruped Locomotion

[2022 RAL] Reinforcement Learning With Evolutionary Trajectory Generator: A General Ap-
proach for Quadrupedal Locomotion

[2022 RAL| Learning Free Gait Transition for Quadruped Robots Via Phase-Guided Controller
[2022 arXiv] Visual CPG-RL: Learning Central Pattern Generators for Visually-Guided Quadruped
Navigation



[2023 ICRA] Puppeteer and Marionette: Learning Anticipatory Quadrupedal Locomotion Based
on Interactions of a Central Pattern Generator and Supraspinal Drive

[2023 arXiv] Learning Quadruped Locomotion using Bio-Inspired Neural Networks with Intrinsic
Rhythmicity

’ Model-based & Model-free ‘

B3]

Carius %5 A\$2 i 1 f/]MEcontrol Hamiltonian F)SEESG T R J7IAMPC-Net, 7] DURFABE AL 7 U 4%
] 2% T 2 1 25 ) 48 SR B o [6] - ReskeSE A 22>] 7715, ¥ @ T MPCnet, HHIBEEXK
M Z&mixture-of-experts network (MEN) SEIIFE B —KHE § 22> 2P A7) - Xie 5 A K
T E 7R AR F08) 1) BRI ZR58 10 2 S 1B TE[8]) - Anne S8 AR HMPC 1% 45 {5 T 22
B R EERF, I Bk BB REUEE — D 8h{E[9] - Shirwatkar 55 A& HI & T B0 8 /12
FIMPC i THEBS ZBNBEE, REERARG S GREERR, DRIMLS S E T
B2 - [10] - Kang 5% A$2H R FMotion imitation J71%, HERIRKEZEML TILERAIRESE
Fmodel-based optimal control (MOC) HIZEN A ALasE 2 %250 Z (Bl AR U 11] -

5 RHEZR

TEYao 5 NS EHESR S, s dIVE RN T 2R H & B SOER A R TR I FE[12] - Yin
E NI H T ETF 223 F)Whole-body Control (WBC) HEZE, H I E RS M &M I E LS
AL E  (foothold) , T 2 NIt zh 11 4 1 K 2 12 il 25 S0 1 & 1> % 17 A BAEE 0 J6[13]
FEMargolis % A$RH T & TEE kS (DIC) HIEF, KBS M 4% 4 B sh (E#i A 2 Whole-
body Trajectory GeneratorH!A4EFHLE B, FldEZMMPC+WBIC #2518 B A i 50 48
ML& B SERGE B[14] - Gangapurwala K Htrajectory optimization solver (TOWR) RS % L
o, HEHRNE S ER— M RER, RAESHEAZIWBC EHl28T[15] - Yang % AKH
SrERESR, Hrp IR SR B P SRS, JRE M AEE RN SIEE (MPC) HHisC
#EB#Hground reaction forces (GRF)[16] - Da & Af&H T —Fhah & & TEA B H 558022 > 1)
SPEHELE, ZREZRH N EEESISA A IREESRISSEAM, §E TR E L4 fcontact configura-
tion, JEEE W contact configuration {ENHIA, EiFTQP £EAMGRF[17] - Gangapurwala {5 581
2 ) SRR AR SN AE AE B AN B T < W 21 R 3 AP [18] - Pandala S AR T — P22
HEZR, HA FREAHIHGRE FISBERTNESR (RMPC) |, A FHRE RIS R R M
BHRITHERMPC REEENN N2, KEANETREMARMQP MHERMEERIE - [19]- Yu & H
BT R BRI, B E R RS R (5 S Les ARESITE R, HRHvLas A
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[2020 CoRL] Data Efficient Reinforcement Learning for Legged Robots

[2020 RAL] MPC-Net: A First Principles Guided Policy Search

[2020 RAL] Guided Constrained Policy Optimization for Dynamic Quadrupedal Robot Locomo-
tion

[2021 arXiv] GLiDE: Generalizable Quadrupedal Locomotion in Diverse Environments with a Cen-
troidal Model

[2021 TROS] Hierarchical Terrain-Aware Control for Quadrupedal Locomotion by Combining Deep
Reinforcement Learning and Optimal Control

[2021 TROS] Meta-Learning for Fast Adaptive Locomotion with Uncertainties in Environments and
Robot Dynamics

[2021 IROS] Run Like a Dog: Learning Based Whole-Body Control Framework for Quadruped
Gait Style Transfer

[2021 TROS] Animal gait using motion matching and model-based control on a quadruped robot
[2021 TROS] Robust Feedback Motion Policy Design Using Reinforcement Learning on a 3D Digit
Bipedal Robot

[2021 ICRA] Imitation learning from mpc for quadrupedal multi-gait control

[2021 ICRA] Real-Time Trajectory Adaptation for Quadrupedal Locomotion using Deep Rein-
forcement Learning

[2021 CoRL] Learning to Jump from Pixels

[2021 CoRL] Fast and Efficient Locomotion via Learned Gait Transitions

[2020 CoRL] Learning a Contact-Adaptive Controller for Robust, Efficient Legged Locomotion
[2022 TRO] RLOC: Terrain-Aware Legged Locomotion Using Reinforcement Learning and Opti-
mal Control

[2022 RAL] Robust Predictive Control for Quadrupedal Locomotion: Learning to Close the Gap
between Reduced- and Full-Order Models



[2022 CoRL] Visual-Locomotion: Learning to Walk on Complex Terrains with Vision

[2022 ICRA] Learning Efficient and Robust Multi-Modal Quadruped Locomotion: A Hierarchical
Approach

[2022 TROS] Zero-Shot Retargeting of Learned Quadruped Locomotion Policies Using Hybrid Kin-
odynamic Model Predictive Control

[2023 ICRA] Force control for Robust Quadruped Locomotion: A Linear Policy Approach

[2023 arXiv] RL + Model-based Control: Using On-demand Optimal Control to Learn Versatile
Legged Locomotion

[2023 RAL] Imitating and Finetuning Model Predictive Control for Robust and Symmetric Quadrupedal
Locomotion

| Advanced Skills |

Rapid locomotion

[2022 RSS] Rapid Locomotion via Reinforcement Learning

[2022 NMI] High-speed quadrupedal locomotion by imitation-relaxation reinforcement learning
[2022 RAL] Concurrent Training of a Control Policy and a State Estimator for Dynamic and Ro-
bust Legged Locomotion

[2022 ICRA] Learning Efficient and Robust Multi-Modal Quadruped Locomotion: A Hierarchical
Approach

[2022 TROS] Robust High-Speed Running for Quadruped Robots via Deep Reinforcement Learning
[2023 RAL| Learning Robust and Agile Legged Locomotion Using Adversarial Motion Priors

Backflip

[2023 CoRL] Learning Agile Skills via Adversarial Imitation of Rough Partial Demonstrations
[2023 arXiv] Two-Stage Learning of Highly Dynamic Motions with Rigid and Articulated Soft
Quadrupeds

Jump

[2021 CoRL] Learning to Jump from Pixels

[2021 ICRA] Learning Agile Locomotion Skills with a Mentor

[2022 TRO] Cat-like Jumping and Landing of Legged Robots in Low-gravity Using Deep Rein-
forcement Learning

[2023 RSS] Learning and Adapting Agile Locomotion Skills by Transferring Experience

[2023 RSS] Robust and Versatile Bipedal Jumping Control through Reinforcement Learning
[2023 arXiv] CAJun: Continuous Adaptive Jumping using a Learned Centroidal Controller

[2023 arXiv] Two-Stage Learning of Highly Dynamic Motions with Rigid and Articulated Soft
Quadrupeds

Parkour
[2023 CoRL] Robot Parkour Learning
[2023 arXiv] Extreme Parkour with Legged Robots

Manipulation / Interaction

[2021 ICRA] Circus ANYmal: A Quadruped Learning Dexterous Manipulation with Its Limbs

[2022 ICRA] Hierarchical Reinforcement Learning for Precise Soccer Shooting Skills using a Quadrupedal
Robot

[2022 arXiv] Creating a Dynamic Quadrupedal Robotic Goalkeeper with Reinforcement Learning
[2023 ICRA] DribbleBot: Dynamic Legged Manipulation in the Wild

[2023 ICRA] Legs as Manipulator: Pushing Quadrupedal Agility Beyond Locomotion

Pursuit-Evasion
[2020 TROS] Learning Agile Locomotion via Adversarial Training
[2023 arXiv] Learning Vision-based Pursuit-Evasion Robot Policies

Uncategorized
[2022 TROS] Advanced Skills by Learning Locomotion and Local Navigation End-to-End
[2023 ICRA] Advanced Skills through Multiple Adversarial Motion Priors in Reinforcement Learn-

ing

’AMP: Adversarial Motion Prior




[2022 TROS] Adversarial Motion Priors Make Good Substitutes for Complex Reward Functions
[2023 CoRL] Learning Agile Skills via Adversarial Imitation of Rough Partial Demonstrations
[2023 ICRA] Advanced Skills through Multiple Adversarial Motion Priors in Reinforcement Learn-
ing

[2023 ICRA] Versatile Skill Control via Self-supervised Adversarial Imitation of Unlabeled Mixed
Motions

[2023 RAL] Learning Robust and Agile Legged Locomotion Using Adversarial Motion Priors
[2023 arXiv] Learning Multiple Gaits within Latent Space for Quadruped Robots

’ State Estimation ‘

[2022 RSS] Rapid Locomotion via Reinforcement Learning

[2022 RAL] Concurrent Training of a Control Policy and a State Estimator for Dynamic and Ro-
bust Legged Locomotion

[2023 ICRA] DreamWaQ: Learning Robust Quadrupedal Locomotion With Implicit Terrain Imag-
ination via Deep Reinforcement Learning

’ Gait/Policy Transition

[2021 CoRL] Fast and Efficient Locomotion via Learned Gait Transitions

[2022 RAL| Learning Free Gait Transition for Quadruped Robots Via Phase-Guided Controller
[2023 ICRA] Expanding Versatility of Agile Locomotion through Policy Transitions Using Latent
State Representation

’ Energy Efficiency ‘

[2020 CoRL] Learning a Contact-Adaptive Controller for Robust, Efficient Legged Locomotion
[2021 TNNLS] Generic Neural Locomotion Control Framework for Legged Robots

[2021 CoRL] Fast and Efficient Locomotion via Learned Gait Transitions

[2021 CoRL] Minimizing Energy Consumption Leads to the Emergence of Gaits in Legged Robots
[2021 ICRA] Reinforcement Learning for Robust Parameterized Locomotion Control of Bipedal
Robots

[2022 RAL] CPG-RL: Learning Central Pattern Generators for Quadruped Locomotion

[2022 RAL] Reinforcement Learning With Evolutionary Trajectory Generator: A General Ap-
proach for Quadrupedal Locomotion

[2022 TRO] RLOC: Terrain-Aware Legged Locomotion Using Reinforcement Learning and Opti-
mal Control

[2022 ICRA] Learning Efficient and Robust Multi-Modal Quadruped Locomotion: A Hierarchical
Approach

[2022 TROS] Robust High-Speed Running for Quadruped Robots via Deep Reinforcement Learning
[2022 TROS] Vision-Guided Quadrupedal Locomotion in the Wild with Multi-Modal Delay Ran-
domization

[2023 CoRL] Deep Whole-Body Control: Learning a Unified Policy for Manipulation and Locomo-
tion

[2023 CVPR] Neural Volumetric Memory for Visual Locomotion Control

[2023 RSS] Robust and Versatile Bipedal Jumping Control through Reinforcement Learning

’ Special Topics ‘

Choice of action space
[2017 ACM SIGGRAPH] Learning Locomotion Skills Using DeepRL: Does the Choice of Action
Space Matter?

Agility
[2018 TRO] Benchmarking Agility For Multi-legged Terrestrial Robots

Important sensory feedback
[2023 NMI] Identifying important sensory feedback for learning locomotion skills

Control frequency



[2023 ICRA] Learning Low-Frequency Motion Control for Robust and Dynamic Robot Locomotion

Emergence of gaits
[2021 CoRL] Minimizing Energy Consumption Leads to the Emergence of Gaits in Legged Robots

Fault-tolerant locomotion

[2021 IROS] Meta-Learning for Fast Adaptive Locomotion with Uncertainties in Environments and
Robot Dynamics

[2023 RAL] FT-Net: Learning Failure Recovery and Fault-tolerant Locomotion for Quadruped
Robots

[2021 arXiv] Reinforcement learning with adaptive curriculum dynamics randomization for fault-
tolerant robot control*

[2022 arXiv] Saving the Limping: Fault-tolerant Quadruped Locomotion via Reinforcement Learn-
ing*

Low gravity

[2022 TRO] Cat-like Jumping and Landing of Legged Robots in Low-gravity Using Deep Rein-
forcement Learning

Torque control
[2023 arXiv] Learning Torque Control for Quadrupedal Locomotion

Risk-Aware/Risk-Averse

[2024 ICRA] Robust Quadrupedal Locomotion via Risk-Averse Policy Learning

[2024 ICRA] Learning Risk-Aware Quadrupedal Locomotion using Distributional Reinforcement
Learning


https://arxiv.org/abs/2111.10005
https://arxiv.org/abs/2210.00474

Zhiyuan Xiao’s site

[2017 ACM SIGGRAPH] Learning Locomotion Skills Using DeepRL: Does the Choice
of Action Space Matter?

Peng S5 AT WOFARFIZIE (torques, muscle-activations, target joint angles, and target joint-
angle velocities) FEZ#>IFf[E]  SEBGERNE « JZTh PR SE T H AU - [22]

[2018 RSS] Sim-to-Real: Learning Agile Locomotion For Quadruped Robots

Tan S5 A2t | — B2 B2 S TR R R SE - N T 48/ M BEFIBISERIZER, @ id %
FER TR AR R AE R A B SR B O B R L, HEd MBS (trotting, galloping)
KegEMCR . UEMGER] [REHHA] 23]

[2018 TRO] Benchmarking Agility For Multi-legged Terrestrial Robots*

Eckert S A$@H TR H—FBEENE (agility) EMEMNK, REBEEMEE U DUSREA 208 77 AT
— AR EESHIRET] - TEE BB G, Eckert % AE L THEILIRIEE, BETIEMUK
F T BEEE o TR SRR - [24]

[2019 TRO] Distributed Learning of Decentralized Control Policies for Articulated
Mobile Robots*

Sartoretti % A$&H T F]Hasynchronous advantage actor-critic (A3C) BIEMILEH, FFHEIEHH

B agent & LA NS ATERIER 5>, IR 7S B LSS N RO EESR R AL FJH 57 ) agent - Sartoretti
GNER TR BHLE ANAEIEE L TE PRI AIRZ BN R (99 5 A g F0 R £ 0L 5 7
M) o BERFEY, ZTIER] OB LA NS S ROER 2T o AR 2 U RE R 2 A R R
PIEHES (articulated) HLERA, FFHATDILU R RIREAR SR SR BORRS - [ =2>)]) [25]

[2019 CoRL] Data Efficient Reinforcement Learning for Legged Robots*

Yang $2tH T —FEETREA GRS SIHESR, EMUH4.5 min B [RITEEFE L AESL I £ L85 A
AT « ZHEZREE & T MPC FIRL 7%, TEEREISSINE, HHZ S REINRERT, [
IS FH 2 > 43 3h 7 22 BB BT P ) AR AR ST B E DIHMERL R SEIR  (planning latency) , 3X
1522 5] BT AT DU TSt 428, R R Im Bl B SE 35 AR A sh 1823 8] i DLORIERR Y 4 3] it
B Z2RR (SIERDEIEE ARG HATER) « 7R B R L R oA 75
EE—NENR . N T EREREESINGFEIEERE, yang® AR TRA KR 5527
TRIEE R, - FERRL S SIS R TP AR BT BRI R B AR R - SR ST R
BMPCHITII N T IE = A5 B, MANMES SRS T ETRBFIRN P EMEE, fEm T %42
. [MPC)] [HdlEm=id] [26)

[2019 ICRA] Realizing Learned Quadruped Locomotion Behaviors through Kinematic
Motion Primitives*

Singla 55 NI\ ANRFNBNY) AT LLMAR /N 8 SE il 2 PR AR 55, (I AnE B - T X8
%, Singla 5 A$R BT ER T NRERNES] (D-RL) 23] B3I BUT & R B A5 5)
5, FAKinematics Motion Primitives (kMPs) , # HETiXEkMPs B EEXTHIL, £
o LEs A _ESEH{trot, walk, gallop, bound} AJ4TH . [KMP] [27]

[2019 ICRA] Trajectory-based Probabilistic Policy Gradient for Learning Locomotion
Behaviors*

Choi % NIRH T 2T B HI5R 22 5] 77 ¥ deep latent policy gradient (DLPG) , FF5REE REUE
MARTHE ERFEES A (MRS SRS EE) | EidEZE (latent variables) 1%
BN SRmE LLSE L i HORE AR A FH 28 o IO R L85 A\Snapbot 381 1% 7 VAR 2: 3] T ARG #2
M. [FEAMAE] 28]

[2019 ICRA] Using Deep Reinforcement Learning to Learn High-Level Policies on the
ATRIAS Biped

KT RIZSIEIP LA A, BEELCTT AR BE & (2 ST RS ROl 2 22 BN - Li S5 A3R
3] DRSS, ARSI ERIAS ) —E 0, AEOT B R A LR ER A H AR PR T
€, HAEVER T LIHEXKAETHE . SITEEATRIAS BT THRIE, AV TR0 EHH
O, BAVFITESIESEIMERER - [29]

[2021 RSS] RMA: Rapid Motor Adaptation for Legged Robots*
N T Hsim-to-real FIIEREAIE, Kumar 55 A$EH 7 —FELM RS HIH T 7%: Rapid Motor
Adaptation (RMA) 7%, IEEFY%IS (Env Factor Encoder) RAZ%RF—LLEASEAC & 47 5wl


https://www.youtube.com/watch?v=lUZUr7jxoqM
https://www.youtube.com/watch?v=AWMabEUVT4Y
https://www.youtube.com/watch?v=oB9IXKmdGhc
https://www.youtube.com/watch?v=swcStUm0Nuk
https://www.youtube.com/watch?v=5isaTM5JWKQ
https://ashish-kmr.github.io/rma-legged-robots/

H—NEEE, SiZEhEB—FATIIGE; FHEENELR (Adaptation Module) %%, RAE
BT, D= R0 SR EE BT E D B AT _E oA Y 6 0 48 i, AT SE 00 U 2
HLas AR ISR POEERL . EEGERE]  [RSHHR] (1]

[2022 TROS] Adapting Rapid Motor Adaptation for Bipedal Robots*

BURALES AA BT B R VLA AT IS, AT EE SIS 2 EEER - Kumar AR
FERMA K TAERREINUELES AR shiz ] R T Adapting RMA - 7EFEIIZRAVEE—REL
B, = PMHTRETER TR LR 52 R g — R, NGERER T 28EER—R
S SHET . R85 BB, A-RMA J5 %8 B 2 SR B — R0 45 BAG TR S 55 M0 48 /Y
Hitdi . 5SRMA JEAR, A-RMA 5IATSH="Fr, BIFET BT LAARERA T8
MB)llgh, EBIREGER LTS o LI, Cassie FLES APIRIUET T & TRL B HI35 LA
FERBERR . BRIRITHE] (2]

[2023 CoRL] Deep Whole-Body Control: Learning a Unified Policy for Manipulation
and Locomotion*

JEFCHUE O PRI AL 12 1 7 VA R R 1 1 2 MR B s AR\ T 53, (BRI P MR & —
PMERMNIRE, HEEERZEZBINZERSSBONERMEIE. Fit, Fu SARH T A
IS 2] = — 2 58 HEE (WBC) |, H#EHRegularized Online Adaptation (ROA)
RUE/sim-to-real FIZERE, DUKFFHBH1EZS 8] A A0 BBl AR ¢ REEHHR A% (Advantage Mix-
ing) TEUNGEAR/INMER DE (credit assignment) FJE 24, B A BEBHNE - ROA
FZRMA R AR IR SRS W L FNIA S R 1S i X 28 B, RS EASE R A P 4% 1 2 AN &
1T 43 B Adaptation Module FIfliit, I BB L0517 201k Adaptation module-  [HL2§
MNYUEME] (SRR TR (3]

[2023 ICRA] Legs as Manipulator: Pushing Quadrupedal Agility Beyond Locomo-
tion*

Cheng % A\ EERENE & 2L 88 A H o BRER T2 B — Lo VBRI E S5, BIan2E>) IEsS, HRHREH LK
S5WEHTE . N, AT X SRREMAE D) (T - eh) F#I (FH—&MB5 Yo
T BRI EIR & = SRR ORFFP45) PR sy, O IRAE 2= S T e ISR « UKL 8%
PR RERIX RFHE R T RMERT, Cheng 55 A$EHiregularized online adaptation (ROA) HJ
SRS T B AR ASME B IR B T Rapid Motor Adaptation (RMA) I - Cheng 55 A\AF
477 (behavior tree) RiXLLH A4S GBI KBIESMRIF . [(Hekm] [RE¥%S] R
& T%] [30]

[2020 TROS] Slope Handling for Quadruped Robots Using Deep Reinforcement Learn-
ing and Toe Trajectory Planning
Mastrogeorgiou ENBEERMFES) SHIBERA] (toe-level) BIEN B RIFEEE &, HIRMLF )5
D A= s s I RS B I8 R AN R A v I VA= e S 5 b N 201 I L N I
BEER, RIWLERALARZE W -

(i H 2 ot/ EVEE B0 ] [31)

[2020 TROS] Learning Agile Locomotion via Adversarial Training

15 F 9 A0 27 3] Bl AL SRS 2 ) BUE B B ) T2 PR 80T FT LA 5 B 2 sh RO EA S5 AN 2K il e
. Tang S AIEH T 7] MR HEGE S NIE BN it S BE, B — L&A (protagonist) |
#3BAR A — LA N (adversary) |, TR H S H6H . YHIHRHITHZ B RERE ()
WIMADDPG, MATD3) FITCiAEIIZ H K . Tang & NG EER R MRS, F & RIIZRIEZR M
HEBAT R, [R5 22 2H Bk SR B L protagonist AU LA« B SRS RN =Xyl
%, BuEzsi P See sl [(Hies]] [32)

[2021 TROS] Rapidly Adaptable Legged Robots via Evolutionary Meta-Learning

R T BT IE R M S PR R I % . Song % A G| ABIERE fBatch Hill-Climbing (BHC) &M
F, HHHSETHLERE (evolutionary strategies> T2 ) ARG A, REE S THLEs A
xf e M A B BH T F AR RIE RLRE T, SIS AN BERE IR IR ANEI3 7B i) B SRS HRE VR B L SR L 3
2. [(HeE] (s (33

[2020 TNNLS] Teacher-Student Curriculum Learning

Mo B2 BN A 55 B R PRARAD, H A — AR R I% )RR 7 VA R RAE 24 > - Matiisen 55 A 32 H
T Teacher-Student Curriculum Learning (TSCL) HEZE- 4 Zi e sl E RS, ZURE
EE T RS RSP ERTES] - BT HENZZH LR EGH P RRAESHEWR . Matiisen
FENR T —BHINEIE - BT R IE DR e 5 A RO E (R S5 R R R B - %
% f£{addition of decimal numbers with LSTM, navigation in Minecraft} Wi ™ME55 L, ZHELE
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https://ashish-kmr.github.io/a-rma/
https://manipulation-locomotion.github.io/
https://robot-skills.github.io/

B SR OROT IR IEE 2 EFRCR . (REE2E3]] [34)

[2020 RAL] MPC-Net: A First Principles Guided Policy Search

Version 1: Carius % A$&H TMPC-guided B {j 2 >] J7 ¥ EMPC-net » 1% J ¥ AT DL 7 A 52
Fcritics (MPC) FRIUEHE BRI A AT 1% - H A O0 A BT 2 2= T et 12 ) 8 — SR B B i 2k
pR%EL, Rl MEcontrol Hamiltonian - Carious &5 A& H B0 5K R ECR B AL 1] B A 0 3R 5% et
1T EBAHHRE, NETRAETR (mixture-of-expert) LML HTHHIVLAA, HHEIHA
210 S HIRBEE PIRE S MARDE -

Version 2: MPC-Net f&—Mi&{ %> 7k, BFEAMPC BIRFRTT RIS RIAR . FEEAM
Fe il /MU TG B E R HIMPC, R @S S E UL KIS FORHH R A I B A\ o MPC-Net
A TR B TR ) 28 SR B 2 i 4% Skeg - (MPC]) (6]

[2020 RAL] Learning Fast Adaptation with Meta Strategy Optimization
RANNBZANERAENLIE A TR SR TTERE - MREERE . HIE, Yu AR
T Meta Strategy Optimization (MSO) , —MRHE7EZ RIEN KBS ARITTHE I AE, HA
O BABR LRV GR AN B il A [F] 0 1& R A2, RlStrategy Optimization (SO) , T/ 5503
B IERELLIGE A TREE N VB FEZS A (latent space) - [JE%>]] [35]

[2020 RAL] Guided Constrained Policy Optimization for Dynamic Quadrupedal Robot
Locomotion

WA KR ZES TIEARRIEN S AT AT ENEL /R N EXEENDLELZLAKR, K
I, Gangapurwala 55 A H T guided constrained policy optimization (GCPO) HEZR, ZHE
ZRETZIRPPO Bi%, LWL JGEES C A RN IRESEE R4 - ZIELR LY RRL HEZEAE IR
HREROBESCEE, BT KERECHETRMAE . [(Z220H] [36]

[2021 CoRL] From Pixels to Legs: Hierarchical Learning of Quadruped Locomotion
L AEE ] B B I AR, RS ASERLE E RSB/ EMEME, By e Z AR
5, [FRAERRER PR AEE) - Jain FAIRH T — P EESR, EE (HL) WAREEIE R,
BiH#EE 4 (latent command) , FEMEMLZ (LL Neural Network) #ZUCHL ATIETE S, A
I Trajectory Generator HIIEEFARN HEH TG, F EiH N5 53T HBHFT T - L4 FRAH
5 B RBE R IRIN 2 S e B B AR MR T izsh S . (Mwmsa] [(2EM%] (B8
Muz] (PMTG] [37]

[2020 CoRL] Learning a Contact-Adaptive Controller for Robust, Efficient Legged
Locomotion

BT ISR AT DL I AR P R R R B A R I R R, (HRAR AR EHIEREE T & MR
FEANEA AR, MEAEGE N R PSS DAL ERZE 2R TEE - Da S AR T
— M TR NES 5B FE I BER, ZERE -1 LEEHIESM— D EEER S
YHRY, BB TEE Eiifcontact configuration, /&3 HUllcontact configuration 1ENHIA, T QP
4 Higround reaction forces (GRF) , SEILT HEMETT AT RESS % LA KX E & AIRE - (MPC]
(HAER] [(BEXtE] [HZEEZR] 17

[2021 CoRL] Learning to Walk in the Real World with Minimal Human Effort

Ha & AR BRI — D EEFNLES ANEBISE R B2 2ATERBRILY: S RS, HEZR G
ATTH: BRMERTE L Z 2 - Ha F BT A — D22 SIPIRU 2 2L R38R
SESTRESRMRR 7%, SRR EAR DR AR T P AELE Minitaur H 822 ] QA& Fb {7
Ho, PELUGHFRA Y Bk [TayR] [(FELIRILS]] [38)

[2021 ICRA] Sim-to-Real Learning of All Common Bipedal Gaits via Periodic Reward
Composition*

RANEF BB — D K EEPUEAE Tl 35 s B A AT S22 ST A RIP S - Siekmann 25 A$R
H T —reward-specification HEZE, R8N — AR5 FIAMEM B, &1t T T EAR S FHEE
HIBER FIMIRA, SRILT {hop, gallop, run, walk} ZBERAIF>] . [KEGER] [39]

[2021 ICRA] Reinforcement Learning for Robust Parameterized Locomotion Control

of Bipedal Robots*

HP LS AT BB AT E I A B R PRARERT - Li 5 ALE-S T E T Hybrid Zero Dynamics
(HZD) HBASE, $2 0 ARS8 (24 SIHESR ,  [R)Afif F SR L AL % iR sim-to-real HITH% (]

A, SRR R SLHI P NS A Cassie LEIZRIBATIT N, GIANERES B A&, DA77 AL

i [REGERE] [40]
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https://www.youtube.com/watch?v=AISy0hxo6-0
https://xbpeng.github.io/projects/Cassie_Walking/index.html

[2021 ICRA] Circus ANYmal: A Quadruped Learning Dexterous Manipulation with
Its Limbs*

KL H 2 BN R E S RIRAS, (ERDERZ IR S 58 - Shi 5 AR TET R
) TTERNGRIRBESKmG , SEInR S R B BUREALAL , HRERE RN T30, 5
IRANYmal 753G A3 fih =X I 2 % s B0 15 00 T fo FH H DU RS (St~ A A N R sk . TR
Bk = P A B 15° AP . [PAMEEEN] [41]

[2021 TROS] Hierarchical Terrain-Aware Control for Quadrupedal Locomotion by
Combining Deep Reinforcement Learning and Optimal Control

R X L RN 5z sh M RIAEEE &= T B2 - Xt Yao % A3& 1 T Hierarchical Terrain-
aware Control (HTC) HEZR, FFm{bZ>1ER LRSS, SUEHIER T RRERISS, K
T EEE ARSI ER R F R, RE T HAAREME S LS LR, MEmEsAFiTtE
UL R ST R LA B P . B SR IEURRHTC AT LUE I R LS 2 AE Rt
fEEnE . [(0EM] (MPC) [Banmhe]  (RUKEETE] [12]

[2021 TROS] Run Like a Dog: Learning Based Whole-Body Control Framework for
Quadruped Gait Style Transfer*

N TR LA AN RERE S R R — iz, Yin AR T HET %3] fyWhole-body Con-
trol (WBC) HEZR, ETZNIAD) 1M RZEERI SR LS N R TAHENE, mEERHEN
LERR R SRR E  (foothold) - [4ZEMZ%] [WBC] [13]

[2021 IROS] Terrain-Aware Risk-Assessment-Network-Aided Deep Reinforcement Learn-

ing for Quadrupedal Locomotion in Tough Terrain

BT R ) AT I SRS 78 R TR T 32 shi CRIE S E RIS EVE FFEXERE - Zhang S5 AFR IR

BT REE A 2% (RAN) B P teacher-student 2 il 23R MR IRX N AR, HARAN #2174k

[ 50 B 2 FIR S A KBS S5 A E 9 A8 T TR 4R S SRS BT, SKEENAE {7 B A AT LLZF i { Slippery Flat,

Hills, Steps, Upward stairs, Downward stairs, Parapet} #JE, DALAERE S F Htrot Flbound -
(teacher-student learning] [IRFIXEXE] [42]

[2021 TROS] Robust Feedback Motion Policy Design Using Reinforcement Learning
on a 3D Digit Bipedal Robot*

IR RALER NI BRI REE G IERI, Castillo S AIRH— 10 ZHEZE, BT 22510 LR SREE M
SRS YL, ETRANEZ LSS H S Z PR RE S, SRR EAR /A
LA L Mlsim-to-real HIiTFE, I HAESEPRERE AP ZRad 72 A % B 20 1 T IR FA PR i it
AR TES S . [9EHESR] [43]

[2021 TROS] Meta-Learning for Fast Adaptive Locomotion with Uncertainties in En-
vironments and Robot Dynamics*

HSEIHLEF AR AN FE R PRE AL E R, W= EZHE HEBIEE), Anne 5 AR HETH
R ITTIR L2 S B eh SRS, A AT B (interaction) AL, 53T AR B-B01ER
WHTRATEIERF ST RAE, IRIE R B s USRI B R AL - O T SEEAE A RS & N
(model adaptation) , Anne % AFTH H fMeta-adaptation B iR IET F0.2s W AU A LTS
&, FF22 T B D YIRS B AN F]E R 8 o % SRS AT LASCEAE AR T ST [ pA) R 5 53 L B85
%ﬁ,M&E%@ﬂﬁ\%ﬁ%ﬁ\%Mﬁ%\é%ﬁH%%%T%E%%%%Eﬂo[ﬁ%
11 (9]

[2021 arXiv] GLiDE: Generalizable Quadrupedal Locomotion in Diverse Environments
with a Centroidal Model

Xie S5 A2t T GLiDE #8{L£ THESR o BT HEAL AT DU FIARTY 55 7 OB ) sl ) 22 A R
R 2 ST BRI RIS AL T RSB 2R BERA R - [8)

[2021 CoRL] Minimizing Energy Consumption Leads to the Emergence of Gaits in
Legged Robots*

Ver.1: TP IR T RS NAEA RIHIE A RLE B T AT —BO2BIHIEE S - Fu S5 AR H
TETAEBNZ I NELURGAEAREE T 2 B RP SRR, HRR THERE TR RE
BT, RERER/ ML T4 BRRIP B EREE .

Ver.2: 19814, Hoyt % A GRS/ MR 2o EME e IR P RS E . ZIE
%, Fu ENKHHA RTS8 (analysis-by-synthesis) FI/77E, B & EIGTRITER
ARG RSB 27 ) IR R K, £ HAnd B N RRm P ASd . # BRoR
TRERER/IMUERT TN R R AR B IR AR B RN -

Ver.3: Fu S ANFEEA AR OBESE UG EERERRREL, 793 FIEPREEIZR T3 D3
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https://www.youtube.com/watch?v=lmWSw_Hl9l8
https://www.youtube.com/watch?v=g_0dtaTxG2M
https://www.youtube.com/watch?v=j8KbW-a9dbw
https://www.youtube.com/watch?v=FyKAOPtqKig
https://energy-locomotion.github.io/

MATEES- 0.375 m/s (IR#) ~ 0.9 m/s () 15 m/s (Mi#) - 7EFEH, LL0.375 m/s Y
HPREE T Hlwalk 8, trot HLE0.9 m/s W I, bouncing FZBFELS m/s B HIFL . Fu A
A T ET RIS TELIRBERREE T 2 R P BEHA (velocity-conditioned)
g (PASEH] (RMA] [44]

[2022 CoRL] Visual-Locomotion: Learning to Walk on Complex Terrains with Vision*
IZRHLES NE RO = Ao A R — D BA BRI R - Yu SEAFIANT — P EER, FE
AT 5 Y _E 2 SRR AL 5 5 AR S Ve B A 4 B8 S 2 i AIHL Bz s, X EiashiE
WIRERSEERIAS FEm, A P S IS RS R A AL B P B AR ) SRR T MPC 1
R g o LR R SRS E L SR > AT ISR o X NEZRTE ELHE {stepping stones, quincuncial
piles, stairs, moving platforms} AJEFIANFEERE T 34T T 95IE -

Baseline: LIPMTG g ZRH4 i) s 1) S 1 28 [ 4% SR, 3% SRS B 1y A R B2 T DA R B2 AR
(]’—%Yu FSAREODEER-F)  WHEEXTAE. [(DEM%] [(Mpc] [HH6H
&) [45]

[2022 CoRL] Walk These Ways: Tuning Robot Control for Generalization with Mul-
tiplicity of Behavior*

Margolis % AFRH T — M RBEESTHEZE, 7] DR U & #Eout-of-distribution HHL TR H T
ENANEZ R, Margolis % A#EH T Multiplicity of Behavior (MoB) #%T7, RI7E%4 € +8 [F 7 52 W0
WEEM— T RS EENEL TR AT . HBHZF (out-of-distribution) B, AJLL
B BT BRI ARSI T 9 - [46]

[2022 CoRL] Learning to Walk in Minutes Using Massively Parallel Deep Reinforce-
ment Learning

Rudin ¢ A2 Tl BERGPU HATIGRESE, H BRH @ & HTIERARRE I ik . %9t
FT ¥R AT AR R R NS I S AL 88 2R P B AN P T B sh SR RISk - [47)

[2022 RAL] Neural Scene Representation for Locomotion on Structured Terrain*
R ARG LA AR E AR AT IR RN, BB EN ERIREERTRA K,
HETE AWFEES G F BT 2 I - X, Hoeller S5 A$& H— > = 4EH @15
B, A E AR LR4D 2B B BT SIRAER, HAHHEE M Mcontext 2> JLIATSEE
LASEE Y . WIRE R RGEHIRIS R R A 5 S A0 SCRT A — R R A M, P ERES R AT
it ATZRAEEERE, EROERE SRR E, BRI DAL EIREEANE
ARXKE (RENES X Cawin B ER) - (M) (R3] [48)

[2022 RAL] Concurrent Training of a Control Policy and a State Estimator for Dy-
namic and Robust Legged Locomotion*

Ji SR T — AT LRI I G5 SRS R S8 AR S Al P28 BRI RAESE - iy A R T (L
JEE M HLE AR, Bl S s, R s A R AR o RIS R AR 2 3] DASE
WEHEIZE) - SRIREERE PN N LIFEBOREITE, i E & Eashi#d A H]3.75m/s, R0
TR (BERECN0.22) FIREEIIEEIAT3.52m /s Ji G AR T — 0 i R I g
(GRfL2>]) FRRSMITEEML (RE2¥], WNSEERE) o IR ARES R DISLHIsE
Pivles NHIRBGZENFIZF RO F Y - SEIGH0IE T L8 A AT UERHBEADCIE I Eizs) . R
S HERIE SRR RIRFIGRRIEFAL?  (RIFIZR] IR TT] [49)

[2022 RAL] Energy-Based Legged Robots Terrain Traversability Modeling via Deep
Inverse Reinforcement Learning

Gan %8 A3 H R AR 2 R B0 2 ST A IE K5 H 25 & | Terrain Traversability Model
HUUREEBRERE - o9 T R EEHLE N RERIALYE . Gan % A$R H7E fF i Maximum En-
tropy Deep Inverse Reinforcement Learning (MEDIRL) 77 E V%535 /0 4% B[R B B/ ME LR HE
[Pk (trajectory ranking loss) , MIZRH B R T RERISRRE - (8 ILS>)]) [50]

[2022 RAL] Learning Free Gait Transition for Quadruped Robots Via Phase-Guided
Controller*

Shao %5 A$&H T — L& AEZ FARZ S T H T2 sh B H R IZRHEZE (Phase-Guided
Reinforcement Learning) , 5 AZIEMGRAGZSIIMLANMIIARAL, TR D S S EFE ]
g, NI 2 PR EFER N AE IO EMZEIZ ARR R . [BEK#E] [51]

[2022 RAL] Robust Predictive Control for Quadrupedal Locomotion: Learning to

Close the Gap between Reduced- and Full-Order Models*
TR (template—based) HIFER (reduced-order) A B —Fh S B SEES B KR B9V AT /O 7
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https://sites.google.com/view/visual-locomotion/home
https://gmargo11.github.io/walk-these-ways/
https://www.youtube.com/watch?v=3zsvqCrztLg
https://www.youtube.com/watch?v=9QV0Nnm80tU
https://www.youtube.com/watch?v=SPwVwljIcd8
https://www.youtube.com/watch?v=BfbElnMF4Sw

o BT RN TR 2R A ) ZERE . Pandala % AR T —FET M MR (QP) #I5

THENEBEBTNER (RMPC) A3, FFHIHRE R > RG22 M 4R 1T ERMPC

MESR IR BRI BN 12, S T FEAFE &% B 2B /B -

FIFR B R S RN — M E M R ERMPC HEZR AR 2 E A - HEETKERN

%ﬂéﬁﬁi‘}%ﬂi%ﬁ%ﬁiﬁT Pt iEdlgs, HTAL RN AEARMIE L& BN E B0 .
MPC] [19]

[2022 RAL] Learning to Navigate Sidewalks in Outdoor Environments*

Sorokin %5 A7 Bk VL EHLAS NGETE A S EIRSS (Google #1IEISE) A RiHIBLZATE, WP

REFAENATIE EATRE, HRRSE/YANIT AL LRl . 5% “learning by cheating” &, fB11%

T =W B2 ST HEZE, B e E M St A R R Hprivileged information I %fteacher M%%, #2

& TEOUSE SRR B8R AR O T SR AT 1 5o B K5 SRR (X 4% Zastudent MI%% o XMZEA]: Bird-Eye-

View Image (BEV, privileged) , Bird-Eye-View Lidar (BLID) , Goal direction & distance
(GDD) - BEZSIA: Al RATEE, (WiiEem . (5] [teacher-student learning] [52]

[2023 ICRA] ViNL: Visual Navigation and Locomotion Over Obstacles *

H B 7E LURT B A B RIAE T =S A SR KR E ERIRTERE T8 - BEE A0 5K E
RN - Karcer FARBELIMEANEBWALE (ZATEE WH) RELASEFHSA, 5
I, Kareer #&H!Visual Navigation and Locomotion over obstacles (ViNL) , G3EETH% S
fisEms (ST L Sod M AE TR R) | DURETUR RS REE (IO REEE TR F
SR PEH TP b A ABREIBERSY)) o P SRIE AIFER 07 B &R AT IR, ok 3t [
U;]%?J{Egg\]—ﬁ%ﬁ%ﬂm%ﬁj\i o ORI FHBLEAL B FIVINL B AL T 158 F privileged #7 B 7
%. [SA1] [5]

[2023 CVPR] Neural Volumetric Memory for Visual Locomotion Control *

N T SREE R B BT EVR AR SR I AR ER LKA 25 A XL HEIRT X BT S
THRIMIERRIE, Kareer % A H Neural Volumetric Memory (NVM) , —/35KI3D JL
FFEREEAT U JLANCIZ 28 - NVM R & 2 MR EVLLA feature volumes 1R & 1 T8
A R—"Matent representation I TIZsh#EHl, HWANERINIMES TESRELF - [ERHF) [53]

[2022 TROS] Vision-Guided Quadrupedal Locomotion in the Wild with Multi-Modal
Delay Randomization*

EEEAMIERY) « SIS -FE I Y B 2R EASE A Oy DU R AL 88 A5t 5 K R o 51 542
Hlgs BERAEE, EAEPINGTF RS SR KR EE 2| TS A BN - Imai
E NN HE SN &R A RIE A A AR REIR 5 R A 78 2 RS & AL T sim-to-real HJE K
BE o M, Imai % A3 H T Multi-Modal Delay Randomization (MMDR) , @it ZEYIZRd
o A AR IR AL B I 5725 A AU I SEA AP O B o SEESIE SR 2% A AT AR 8T P %
YIRI PRSI LB, PR BERUE . [RIEER] [54)

[2022 TROS] Advanced Skills by Learning Locomotion and Local Navigation End-to-
End*

Rudin % N IAHFSHESTF 9 T35 {path planning, path following, locomotion} 2 FR#IHL25
AHIREST, B iX LB AR S5 910 % B2 E B ARE 25 (A] - Rudin f&H T —FETIRILESTH)
U B R ER T, B BB T B ES KR, RUEL S Mepisode 45 RN K BRA AL EHT
Jah, RIS A% £ R SE M sim-to-real HIIEHRE « %90 2 KNG H BER BT 22 SRR B e AL S5 . FF
MAER & - ZTEEANYmal EFEAT TA0UE, GERS LUSE AN TT RE A A2 B 2F MRS B TO 14 2F AR &5
FRIRIIE . (SEIgiTR2)  (RIEkE]  (96Eizsh] [55)

[2022 TROS] Zero-Shot Retargeting of Learned Quadruped Locomotion Policies Using
Hybrid Kinodynamic Model Predictive Control*

SRILE S BT SR AE 7 — D LEs N EE B Ak, Li % A4S & Imitation RL FIMPC, #&H
T zero-shot policy retargeting FIHEZE, ARVFANFLZ B GET R B F RS ARG fItLas A L,
HHImitation RL FH T4 AT A contact schedule, iZHT# FH#*seed* MPC, j@iTHKD 7Y
FRa i L R R E . REAFEANTEMFAIHIR N, BIIFFAL MLaikago HIHREE T E|MIT
Mini Cheetah I . [#f5%>]] [MPC] [SR#&ER] [56]

[2022 TROS] Safe Reinforcement Learning for Legged Locomotion*

TEIR S 5 A B A TC R 3R A0 2 ST B — D EESUR e aE - B TZA8V%, Yang % ASEH T H]
DATE SE AL H VR E S5 B SRS AR BT IEATL 88 At AN RS IK S SIS 2 R i AT R i) 22 42 i b 2
NEZR, SBHUTIES RIS E [ 2 2 L RN R pl R S SR AT 45 - ZEZR R R EAZE 0 AR
SEHEEE| T IR . HAEGEINE T, PL8y AFE{efficient gait, catwalk, two-leg balance, pace}
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https://www.youtube.com/watch?v=JsAZy3YETwQ
http://www.joannetruong.com/projects/vinl.html
https://rchalyang.github.io/NVM
https://mehooz.github.io/mmdr-wild/
https://sites.google.com/leggedrobotics.com/end-to-end-loco-navigation
https://www.youtube.com/watch?v=YR-dO17rHIo
https://sites.google.com/view/saferlleggedlocomotion/

OSBRSS B T I PR R R D T46.2% - [Z2&2R] [57]

[2022 TROS] Adversarial Motion Priors Make Good Substitutes for Complex Reward
Functions*

AT B2 R B R E E B S d R - Escontrela % A\ LIS HLVEIZE 5B 50 9 A, R
MSZIZEEARE T IR KE (style reward) HITTVE, UEBVIGRIRNE ORI Uik 7 VA R] A= 42
RSB HIERI EALEE ANRIFT Oy, BT R E R MK KA - Escontrela $&H T — MBS
AL AL ARG, B AT LLAGE BRI E R FER B PR . KSR T LS AR IS5
RINREARL G, WNGRER BIR RIS AT RS HOTRS o aX SESERR R 88 A\ BERS MARTLL - A2 21| TE
SRS o AN R B 275 2 B AR AR A XU S HE AT G Sk B )11 SR B S 5 VAT DL A
PR B EIERM LA AN ERTT R, AN ZE RS R A . b DU, 5 35 XU 22 AT
DONTEEHGER & LIRS 2 shifie s, N — 1 BRI S, DUAEITTRER
mrhng . [Aes]] (R FR2EE] (58]

[2022 ICRA] Hierarchical Reinforcement Learning for Precise Soccer Shooting Skills
using a Quadrupedal Robot*

SR HLEE A48 58 H AR R BRI LSS BB PhAuIE . RN & T las ARz shiadil LU
W ZEFEEZ MR FIAASH I AR 2 ShFRENE LU ARG DL AR (AT 22 L 2R ]
FALETE BAREE s - Ji AR 0 EHESORAF SRR - ESEIGRR] IS SIRAS T
BEREA — RS IREFER L, [FIR ORFFT i OPE ISR - 328, YIZRILAas TR R ERIR S B 1r
B EHEF, Ji EHRMEEGETIG, ERC R TEEN G EETRHOE . MR E]
(5 ZML] [59]

[2022 arXiv] Creating a Dynamic Quadrupedal Robotic Goalkeeper with Reinforce-
ment Learning*

RERSFIIR—TEARSEREE, 256 T EISHEs) (EEsHEREEANS] A e 58 i
7)) HMUREATRIE AR IR o Huang & Nl — D0 BRI TR SR 27 STHESRRR 1 1% R,
B - & 2D EEEHIKE, 80K LI R R2 i Ee, RIS 2 imit vl DR ER
ZHEANPE, B R TIRERAL SR LR, &AL T ARSI A87.5%
Mg IR . [MEES)] [(5ZM4%] [60]

[2022 IET]

Li % AR EREE RN EHLEE A\ FSCBRP S E RN RIME, AL S5 A Se R E TR p#5
il SR R BR R R H TN GRS, B @i R L2 S5 BRI A E AT 0L - Li 8t T —4
2% PR RS B 22 R B R T BB S R PRI A R A - [61]

[2022 ICRA] Legged Robots that Keep on Learning: Fine-Tuning Locomotion Policies
in the Real World*

A2 A A LUB 7 Z MG 7RI S] . MRS B B RO I HI SR H 2 X il 2k
7 FCARME TR BN SE 1t 57 ol BE B R PT R B « BTk LEs ALE BT AR T PREE Fh Fp 8224 3] A AR
%, Smith S ARH T — DAEMLEAE 02 ) KIS AT RO B3R L2 S HESR , SEIRAAR B SE it
FrE LR, st RS =i sh R . (ESEIRRIIZR] [62]

[2022 TRO] RLOC: Terrain-Aware Legged Locomotion Using Reinforcement Learning
and Optimal Control*

Gangapurwala & AFEH | — PG — BT RBFIEHR I s AU @ RIFNE R 5%, DLSEIAEAF
BE ERzsl o A FANLECA A RENFI S MR S U5, (A SERAL 2 5 SRR (2 B E B A FE <
R EI RS o Gangapurwala IB5I T B MREBh IR (0 2 > g H 87 IE 42 BB s AT #5561
(recovery control) , AN KIIEESE AL FISNTINE) « RAERFIE M I0IE T BIER
S, R TAEEME. (MPC] [BHEEE] (18]

[2023 CoRL] DayDreamer: World Models for Physical Robot Learning*

Dreamer HiEIE T > HHworld model T, NADBAEH 23], L FEMIRIE R A )£
B T8I 24 2] - 242 > world model MATRITEAESHTER)JE REEWAEBURH AT ME], i iEh
AR - Wu % AR 1 FDreamer BIAN AT ESLMNLAS A, IMEITTH 07 B3 IELIR L
1o [ESIEEIZR] [63]

[2023 CoRL] GenLoco: Generalized Locomotion Controllers for Quadrupedal Robots*
2RI R ZHEET 2 S WE I 85T AR R E T IR ENLas N ROTEHIE:, W T8 Hlas A
B EEIZNGILAE - A, Feng %5 NI H —FA] DR P ALY A A TUIRR 7 B LA T Y
RABRENLTTTR, & RERERE sh il v BB B A LR SRA MU e A L. [
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https://xbpeng.github.io/projects/AMP_Locomotion/index.html
https://xbpeng.github.io/projects/A1SoccerShooting/index.html
https://xbpeng.github.io/projects/A1Goalkeeping/index.html
https://xbpeng.github.io/projects/Finetuning_Locomotion/
https://www.youtube.com/watch?v=GTI-0gl6Hg0
https://danijar.com/daydreamer
https://xbpeng.github.io/projects/GenLoco/index.html

B&iER2] [64]

[2023 CoRL] Learning Agile Skills via Adversarial Imitation of Rough Partial Demon-
strations*

LR ) ) BB R F AR Z AR MR R P IR At B X RESER - Li SARH
7 Wasserstein Adversarial Behavior Imitation (WASABI), MAKE HAXE & HR 535 B AE R FHH#E
W R A, LUBEAEANE SIRG S H B R KEURIIB I T I RGHAE - Li % AfESolo 8 Ll
TE}&QW&?E, ZARREESSHIE S T PR ARER MBS EFRHREZ#RRE) « (4K
xF4] [65]

[2023 ICRA] OPT-Mimic: Imitation of Optimized Trajectories for Dynamic Quadruped
Behaviors*

YFE W F R A S AR BN AR E N 2 %5z, HIRDE TIERR M HE TR
BT E 2 %D 5) - N, Fuchioka S5 AFE HEE T PSS MAAE TR K220 4 AEZR , B
WAL THEBGEH TR CENIE (SRB) BEIFFIELE, REESETREAGOERNES] (RL)

FEAETIRER, DU RRESE 2T EHUT X s s AR R B 8% - N5, XEBBhA] L
FE%%E%@M%AL,ﬁ%%ﬁ%%ﬁ%ﬁﬂﬁ@(m@dmwmmm - [Bumfiie] (&
f72%>1] [66]

[2023 ICRA] Advanced Skills through Multiple Adversarial Motion Priors in Rein-
forcement Learning*

SEALAE ST — AP KT R 12 5 KRS BRI S 53 72 - XL, Vollenweider S AF2H T —
MEET X HLZ BN SR AR 3] 7 EMulti-AMP,  RFERE T IR AL Eh g, USSR
MEERE (B RS NEZ B 3T H) o Vollenweider 55 AZERRZUIU 2 HLES A LT T35,
H A5 WA BURL e AR A P2 ST 50RE, GIanpkBAniTE, AP R MATE Z A1)
wSEEHERE . [AMP] [67)

[2023 ICRA] Versatile Skill Control via Self-supervised Adversarial Imitation of Un-
labeled Mixed Motions*

GBS ARTNNTIE S B RREIRSE, RN BRER B A HEEm . v, Li
& N H T Cooperative Adversarial Self-supervised Skill Imitation (CASSI), FE4E R P2~
STHEZR A RN TE M B REA A, B & S MIIEIZ SIS 2 1R 8 T IR HUE 2 ) MRHE - %
REEFESolo 8 ML A\ LatbAT | ERE MM T T — P WEE (adaptation) , FFESEHURDT 1 7RE
miZfhE. (B3] [(ERoT R 2211 (68

[2023 ICRA] Expanding Versatility of Agile Locomotion through Policy Transitions
Using Latent State Representation™®

filE 2 N EUTHRFE P S RIR T B — > S R RIS L #7125 - Christmann % 81T KBS FVE AR
BF#E/R (latent state representation) ZRFGHLES ANAPIRST—LLIMER R, RAE TN AEX
T T T IR BE T BRI AT LS transition-net, SVFLEANEES 24 B KBS G 0L T 4 B RS -
%77 LT FLSCERBE A {stand, pace, trot} HOSEMSFE T HEATRT HIRIE - [ZB&3M] [69]

[2023 ICRA] Learning to Walk by Steering: Perceptive Quadrupedal Locomotion in
Dynamic Environments*

N T RRREN SIS LB B [, Seo S AIRH T — 10 E# S HEZEPRELUDE, Rl 4z
BRI R B R SRR T DL B R AP SR 85 - BT s AR B 2% 3 SE I,
E%Eiﬂﬁ%i‘ﬂi}lléﬁﬂ%@ o NIRRT LISKIME R ST . [BGRErE] (B3] (o
JZM2&] [70]

[2023 ICRA] DreamWaQ: Learning Robust Quadrupedal Locomotion With Implicit
Terrain Imagination via Deep Reinforcement Learning*
H B SR SEERIRL JTIE MRS 20 iT SRR IRGIMESE - bR R B B (2 R TIF R DR B & K
PEES R B A PR R HITE R BE ) - Nahrendra 85 A& H— P22 SIHESR W LUEE B 5 (2SR
(proprioception) RAZtHEWFHILIETE , 7% I 2 HL S A B 7E A PR 1 R 45 38K T LA S) 73
R EFHEMEHIE (A MRS . Nahrendra % AM3E T EAREBI 12848 (context-
aided estimator network) [FIFff AL SRS LUIIAEE o 1ZAEZE o vF DU B HLES A ZE i B Hhbi b
Wi . RMERAERRIEREITT, WAEERABEIERIIE F1TE Pk AHEZRAE T SC 1t 57
HFANEASE AR R T A9 TE « 7EKEE R BRAR T AR F S5t T RIS IE TIZAEZRA AT ATHE . CIRSAG
gr]  (UmURBEE) [71]

[2023 ICRA] Force control for Robust Quadruped Locomotion: A Linear Policy Ap-
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https://sites.google.com/view/corl2022-wasabi/home
https://www.cs.ubc.ca/~van/papers/2022-opt-mimic/index.html
https://www.youtube.com/watch?v=kEdr0ARq48A
https://www.youtube.com/watch?v=UmL4j0atcB8
https://www.youtube.com/watch?v=bESzX20Akpg
https://ut-austin-rpl.github.io/PRELUDE/
https://www.youtube.com/watch?v=J5wl0be5KQM

proach*

Shirwatkar % A$& 2T U0 h I EHIMPC AR T RS E YL EIE, K5 RG> 1I1%k
VR, D/ MUS S BB E - ZESET EAE S, HFEAEMEMISIT, FEEN
EIMUTEHAHE BB EIKE RS - [(BE52>]] [10]

[2023 ICRA] Optimizing Bipedal Locomotion for The 100m Dash With Comparison
to Human Running*

Crowley % N45GLSTM WM& LUK 71 22BEHLIL (dynamics randomization) AJYIZRIEZE - 7E1Z I
SRHEZR T, W] DUIEIE 4 H Y0 R B A AR VL E N A RIS o Crowley S5 AR5
a2 SRS — 1 e B S Ee b, %SISR 100 KFEHIFIHLN] - #0285 #)Cassie
FTHE T W R AL A100m FER)H et Fatsx.  [ERENLL] [72]

[2023 ICRA] Learning Low-Frequency Motion Control for Robust and Dynamic Robot
Locomotion*

RGN AT LUE IS SRR S B s S E AN S NAE R R, SR T Gangapurwala S5 A
M2 S — MEHTE NS Hz FIRIEHFEANYmal C LSCBIEHGZ PR T %8 - RISt T
FEHIBRZE NS Hz £200 Hz HBh SRS T X T, & SRR A2 ) SR AT 2R R S8R
RRSEB N AN - (73]

[2023 ICRA] Efficient Learning of Locomotion Skills through the Discovery of Diverse
Environmental Trajectory Generator Priors

ESPMTG R B —TG, ERHB—TG & B RESIRE NN Z M FAEREE - —FAThE
PR SRR e BT K2 TAESRFME—TG B2 - Surana % A$RH T MAP-Elites (—#Quality-
Diversity 5i%) MPMTG ZRH4 ISR J7i% - HAFMAP-Elites BiA M ST EILITG BN ZE
FELSEES, BRI N A RS MM R 130T A LRI - TG BIZECS A
TERQD BIEERIES A - FER % episode ', BEESIEREEMMEMTG 248, HER
SRR TG F5HEHITEES - [74]

[2023 RSS] Learning and Adapting Agile Locomotion Skills by Transferring Experi-
ence*

LA NSO B R AP & LA ST A B B RZ BN AR & — D E A Pkdk - 9itt, Smith S5 A H
TAIEESIESREBER, DIPCEIFIR 2 S ME S ESE . VA KESIE T RECEH N ARSI T
AR B FREEAT 7ML, B T RERR EEN B IR AN R T AR, BRI T B PRMESS T S AT REE R
KAE, TSmith 5 AFTIRITHESR AT MOX IR R g ot AT RG], BSE T B R BEERE
%;?% PAR R RRATE I SRR B BRI EhERE, HREERCHEAE - [BEf722>)]  [RmgT
%1 [75]

[2023 RSS] Robust and Versatile Bipedal Jumping Control through Reinforcement
Learning*

Li G AR BEREEDE L g8 A FER A& FERIBEERESS . B anBbEI AR BRI T W - T, i
IR T RIRIE SR, KK B nput/Output (10) J7 E#HTRS, 5 RN B HEREHIO
s, DR EXEAESs ERIRIL, HEH T MBI TITE, fECassie L SEIIE S F R & Fh
BAEPSVERIBR TS, FlinLEhE - Bk b SR F S HBER . (5 BIZR] [76)

[2023 RAL] Learning Robust and Agile Legged Locomotion Using Adversarial Motion
Priors*
Wu EANREE - TEHBEARS, ¥ % TTrajectory Optimization (TO) A= B KX 132 30 56
%% Adversarial Motion Priors (AMP) %{#E%E Steacher-student YIIZRHEZEAHLE &, ZE(UfF A
RS HIEOL T, SEINAE B IR B PR R shis Fo (8 27 MR B IE o teacher policy: A LLEE
B AL RERE R, privileged REFBRUNMIEER - HXBIREGIEESER, XAEZEIF
(FATAHZEN) FL 2N - student policy; i Wa B 4> 1977 2 ffiteacher W45 i H 1Y
BNE - FECUREFH R & 1% 3R 1B DL T B ifteacher KBS (Hprivileged RS E B LK HIE(F B Y%
) FNgRIEmE . [EZ#E]  [teacher-student learning] [AMP] [77]

[2023 RAL] Learning-Based Design and Control for Quadrupedal Robots With Parallel-
Elastic Actuators

AT S 5 AT DU A B AT A LR IR LA ARORCR ISR « Bjelonic 58 A#&H —1
BETHE(LRER, (9% TS 9 T DUROE S B — LI - 55—, BT L)
YIZRAEE N — P ERERIBT S EUERAIZ BN RIS, 76258 B, i UM B it e st - %
BT RESENLER S FE AR ER BRI RE RO 0 T BN m e e ke - [78)]
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https://www.youtube.com/watch?v=k89QdImcqdo
https://www.youtube.com/watch?v=DdojWYOK0Nc
https://ori-drs.github.io/lfmc/
https://sites.google.com/berkeley.edu/twirl
https://xbpeng.github.io/projects/Cassie_Jump/index.html
https://youtu.be/flhpJPHA4YM?si=xGi8hRkkLZeiZQOg

[2023 RAL| Learning Complex Motor Skills for Legged Robot Fall Recovery

Yang % A$E i 5 SR ST (KST) 225) 848 2 5 uh LK S SRmS, H¥H% 1%
5Random State Initialization (RSI) #FATFHCEL - %7 AR SUETE A FIANE R AT « M ZS R 2
PR A BT TIRIE, SCESIESEKST FEYIZRIE R AL a8 AR E SRR I SCR B bR, [RII 7R
YIZERR A& A BRI B o [79]

[2023 RAL| FT-Net: Learning Failure Recovery and Fault-tolerant Locomotion for
Quadruped Robots

LA AR TAES AR, BERT AT REA A A ™ B AOREFE - Luo S AFZH T HIEIKE AL
RS HIEIRF T-Net, ZIEFCRARMA 284, RZEUHM AR IR RATR AR, il
iJadaptor 3 — VTR UL T BB B RIS « FIE Luo 5 AR T A & KRR AT, H
TS SHLEABIN% (VHIP) MREIRT . [4]

(2023 NMI) Identifying important sensory feedback for learning locomotion skills
FENLER N ST, T AN [R) 1% RS S 15t B RN BN T £ T T WM I TIEERE
B, MZEAN B Z A KIS - Yu SR T AT LUE BIFAE5RIL A > AN R R IR AS S it A
X BB BE AT (saliency analysis) |, FEX—MFEESS N & RS ) s AR B2
FTHER o Yu IESEUE R EAR R R /mt, B R TR - H a8 DU 5 Leid B A
FERTIIZRADSRS , H SR 2 AVERGIRLEA F B8 2 S Ut B I A SR - [80)]

[2023 arXiv] Learning Quadruped Locomotion using Bio-Inspired Neural Networks
with Intrinsic Rhythmicity

TELEACPG FIMLP MZEHIIZGHEZE T, HTCPG MSERINTE RN, 7ERHETHEN S
PATYIZRES, FERf A [ a8 (BPTT) RIRFFCPG HIZEL. Yang % ARIRKECPG HIBSHECR
SEFERME B AL, N2 ERAHD TR EML, RADRL L MLP
MCPG KIZEL . YIGREF R 48 R LAEE 0 PR Al AP BB I ANIRASM T o Yang S5 b1 18
TR EREE . [CPG) [81)

[2023 arXiv] RL 4+ Model-based Control: Using On-demand Optimal Control to Learn
Versatile Legged Locomotion*

Kang 58 A T —M45 Gmodel-based AR HIFI TR A5R 1L 27 5] IFEHINEZR LISE R E 7 &
BAZE), EITRL B0 R EERIERENRE (BE - EUEEEMEEN) 2%i8H%
Flmotion imitation, PLIEIT#EE 2551712 (Whole-body Dynamic) ¥ AR B AR ) EH &
?Eiﬁéf SIRHSRES I 2 T 2RSS, SRR DU S BIRIR A R A . (&AL
2] [11]

[2023 arXiv] Two-Stage Learning of Highly Dynamic Motions with Rigid and Artic-
ulated Soft Quadrupeds*

YFZ TAEA NG ASRIERT AP A AP AORIN, ORT, X A FEHIToR T8Ok - — 2T RL
B TAER i ahs8 % (passive elasticity) NAEIIU RGN, (EAERN AL TIEN BRI Z4HTE
F o Vezzi 5 N3 HI 25 & RS ST R EE R BB BORIE LL22 ) | SR s RRE - AR LR
B, RIS EMT K EURHIE N B RESTRAKXTIES o % B Haugmented
random search (ARS) BIE% ] — P ERIEREE - 75 ZFr B, @072 > T VEXT R A R 5K
BRI LA AT IR B, BB T RIS BT SO SRS TR 2% o %I SRR MEAE (7 LIRSS P gk 4T
TR DR HL SRS, HA e FE SEAL{jumping, pronking, back-flip} 44 ES - [ BillgR)

(e EE]  (8f5%>]] [82]

[2023 arXiv] Learning Multiple Gaits within Latent Space for Quadruped Robots
Y CEE L AEANRIEFNERE T — RINEGB ML, HEES Bl A LEHIXEE
IRED BE AR+ WERY - W 8 AR H AP YRS a3 00 8 A i 2 2 M AL AT =S 1H) (latent
space) LIEFZMPERRE, LIMAENTE (adaptive) HIPEITH - FRWu & A&t T —
AP AR B R AL, %2R ek £ B 2 S S BRI = B Conditional Adversarial Motion
yP}(rioerCAMP) IR - ZIERIFSEGol EFEAT THRE . MIhEH T 5CAMP RS LIH B
NP [83)

[2023 CoRL] Legged Locomotion in Challenging Terrains using Egocentric Vision*
Ry T A FHRLEA e AL AR (5 BRI E Y EREEh, Agarwal % A& MR BONISR 7%, 7R
F— BRI EETER (elevation map) {E Aprivileged 158, B B 58— BRI R G
PEATERNE, AFZ R AHEREEZ SR TIRER - Agarwal 55 NIAKA T A2, —2&5—
FORNN 284 (7258 ZIhBe, (S —B BOAOSEmE W B VR TIR I F48 H RS SRz i sg) | —
EMEHFIRMA (Rapid Motor Adaptation) 2844 (7E58 [ B [E € KBS L%) - [84]
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https://www.youtube.com/watch?v=qPttVfzGS84
https://www.youtube.com/watch?v=liIeYU71a5w
https://vision-locomotion.github.io/

[2023 CoRL] Robot Parkour Learning*

NEME ERE B RS, BFE@E R BERERY) - BRERFR . ZFHRSESE . Zhuang

SN TETEA P BRL YIZRHELR: ETNZRH B AR FILas N SF & EiSY), SR

1Tsoft dynamic constraints [\ B BIIRFE2:S), EFE AN BLSE4T IH dynamic constraints o 7E2% )
THEAWEEEREES . Zhuang 55 A\ FDAgger RfixX L84 6 7% 18 A — 4> 25 T 10 ot 1) 360 TG SRS
(Parkour] [85]

[2024 ICRA] Extreme Parkour with Legged Robots*

Cheng % AAEEM ENLes A\ LSCHlumsEcae (B BAEF, BRERMEIRG - RS | AIMITRA
P Btteacher-student YR 715 - SB—M B, SEMHARL %> —Muash kg, 1% 2 mT LAvje—
privileged information (AFESEFNFARA (scandots) LAKAEN KRBT M5 SFHIMES) | #
% ¥ FRegularized Online Adaptation (ROA) , BRI 5 MG EASE 5 BT HENT - 55
B, Mscandots FEHUERE , 1% SREE 28 BHEE DAINLEAT o R R AINL 8 (% BEaR TE RN, R Hi 517
FEES - MM R RERIEIERSY) BITREATH T (yaw) - [Parkour] [86]

[2024 ICRA] Learning to walk in confined spaces using 3D representation*®

MLas NS NS A (72— kAR, BRI R £ 502.5D Lidar B TTIERIE B S YR FIRHE, Miki

& N H 5 A 58 AL 2% 3] FI3D volumetric representations, # K F 9 E KB, K2 &%

%ﬁ{lﬂ%ﬁﬁ’%ﬁﬁﬁ6 HIES, LERMAEEW B ESEEM, HEFEZYERNE L T HET M-
Lidar] [87]

[2024 ICRA] Robust Quadrupedal Locomotion via Risk-Averse Policy Learning*
PlEgs Nzshid B B2 2BEIRZ AHEN, FIINRARIMEZ S E I hds - -2 E
J(quantile regression) 2% B4 41 (B PR %K (distributional value function) SRR FUEIR AR
SEME, FE KUSHL i & (risk distortion measure) YA SRINE LT A7 R T 091 1w T #H 58 XU
sk . [REIR] (Eizsh] (88]

[2024 ICRA] Learning Risk-Aware Quadrupedal Locomotion using Distributional Re-
inforcement Learning*

5Risk-Averse Policy Learning FTRHBIEBEIA[F, Schneider % AKH] T Distributional Proxi-
mal Policy Optimization (DPPO), ikE & FMERIERES B0 @M Lar A2 >) AT DL AN ] XU (i 4
RS . [EEIR]  [SMEREEN] (89

[2023 RAL] Imitating and Finetuning Model Predictive Control for Robust and Sym-
metric Quadrupedal Locomotion*

N T FEIRAZFEMPC FERL2E > B0 Youm % A& H T Imitating and Finetuning Model Pre-
dictive Control (IFM) HEZE - ZHELR 7 A =TWELC: stage-0 HitiMPC %, HRAZ N AEFRL I
ERTIARK,; stage-1 NIRD%3], IR EHREHGTMPC Bt FIEhE; stage-2 RAGRILASTT
X T SR 2T OR - [R05251]  [MPC] [90]

[2024 RAL] MorAL: Learning Morphologically Adaptive Locomotion Controller for
Quadrupedal Robots on Challenging Terrains*

OB ] [91]
[2024] Deep Compliant Control for Legged Robots*

Hartman % AGIAT — T ERXIKEMN B, HAPREREESER, SEHRE™EMEET
Ko [FMutzE] [92]
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https://robot-parkour.github.io/
https://extreme-parkour.github.io/
https://youtu.be/QAwBoN55p9I?si=8fuySPz1BL6RCBbj
https://risk-averse-locomotion.github.io/
https://youtu.be/GGFXpF4qeVY?si=BRX-SgfrPTtn-XHw
https://arclab-hku.github.io/MorAL_Quadruped_Robots/
https://youtu.be/vgeEoK78doA?si=lP2HjA1mdzCn7qXu

Xinyu Zhang’s site

[2022 RAL] CPG-RL: Learning Central Pattern Generators for Quadruped Loco-

motion*

B CPGRIZEOHE LIS E MBS HIRIEL, Bellegardafg T —FICPGSRLEI &K 1%: CPG-

RL, EfFMARLESETICPGRIZ AL, LI T Al 24L& & LA v = BRI 25280, Bhoh, X F

7ﬁﬁ%%ﬂ%%ﬂ%§ﬁﬁu§ﬂm%%ﬁﬁﬁﬂoﬁ%ﬁﬂ&?@ﬁ%%%ﬁo[ﬁ@]
Ijspeert] [93]

[2022 Nature SR] Controlling the Solo12 quadruped robot with deep reinforcement
learning*

AractingiSF AfESolol12 LIRS IR R E STk T — DimElimEhlds, EhlasH & R T NE%
5, KT AL AR FRE EREE), EAERIRERE . (WRIKEE ] [94)

[2022 NMI] High-speed quadrupedal locomotion by imitation-relaxation reinforce-
ment learning*

Jin%E NI T — PR 5-fA 58 2> /7% (imitation relaxation reinforcement learning, TRRL)
SCHL T HLER AR EEIZ S, X RO R AT DL B BB TR S BB B TR B2 R
gt BoMBORETRER K R ERT - XEFIAT —FET RN E R T BT RS
SRMER T, F B A RS2 AR IR RE — D BALTE R, AT LU B P& AR FVR AN 2 X -
(f522>1] (9 Bea>]] [95]

[2022 RAL] Reinforcement Learning With Evolutionary Trajectory Generator: A
General Approach for Quadrupedal Locomotion*
Shi% A& T L HIE T CPGIIBIS & Alids SRLMSE G W7V, SO H BAERIE I SRl &
Reds . ERBRILE ST TR S . R FAREI R BT LM T HLas NI Z SRS EH, a5
EEERE, PR . [BEMRIEE] [BOEIIZR] [96]

[2022 RAL] DeepGait: Planning and Control of Quadrupedal Gaits Using Deep Re-

inforcement Learning*

Tsounis® A H T —FhEET IR ST BT AT IRUK B% (6] H)3Z 5/ DeepGait » iIXFITIESE G T HT

%%%@ﬂﬂ%ﬁﬁ%#ﬂo% SR AT LB AN, StORMAY . (MPC] (WIS
[97]

[2019 IROS] Hierarchical Reinforcement Learning for Quadruped Locomotion

JainSF {# Fl —Fhop R AR L E ) 75 20K B8l o RS R IR HIES5 - — DR (KA & 2 F S0
W ERIE<, FF Bk N2 R S PTIS]  iXF5 TR AT LSS EIAL A% A B B A2 BR B S e 1)
(ZEMZ] [HEHKR] 98]

[2021 ICRA] Real-Time Trajectory Adaptation for Quadrupedal Locomotion using
Deep Reinforcement Learning*

Gangapurwala®s At 7 —F2E4), RS EER— PN TZE RN S, X5
2 ¥l 2 FAG I b T BB A AL 2 AR RS, a2 ) BRI 0t G AT IS Y = R R A R A BN
I, HHEBIALE . RERBIEN B AE]whole body controller - [BnENE]  [IRUXESTHE )
(WBC] [15]

[2022 TROS] Learning Coordinated Terrain-Adaptive Locomotion by Imitating a Cen-
troidal Dynamics Planner*

09T R RAE IR TR | SRS AR VE RS BRI, BrakelFE N T —FAH & T HLBIALFIZE ST )
J70, SCBLT AT DUE SR ROFR I &% o VISR SRR (7 Lk SR AR A SR AR Hi AL AT DURE % SR L
A W fs e L, SRR i SELL MR —x . (MPC]  [URIRETET] [99]

[2022 TROS] Robust High-Speed Running for Quadruped Robots via Deep Reinforce-
ment Learning*

N T SEINLER AR E R EEIZE), Bellegarda®™ AJRH T — MR, EREAEIES A (HFRIR
ZIE)) AEEENE, XM AR TR T S A RREEE, e TGRSR EMEARSE, H
L F 75T 5 )2 60 ek Kk oT LASE IR B IR AP AR o SEARSGIE T sim2simFlsim2real (ORCR - [Hidi 2
UEEZE] [100]

[2020 RSS] Learning Agile Robotic Locomotion Skills by Imitating Animals*
N T HISYIEEGER SRR, Peng®F AI—RH T — MEDBIWHZEIRINESE, ARSI TT =
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https://www.youtube.com/watch?v=xqXHLzLsEV4
https://www.youtube.com/watch?v=t-67qBxNyZI
https://www.youtube.com/watch?v=npHVOk5-JXY
https://www.youtube.com/watch?v=hgBLR09MEOw
https://www.youtube.com/watch?v=s1rrM1oczI4
https://www.youtube.com/watch?v=Ve4SDl1wI9s
https://www.youtube.com/watch?v=dvFwkvef2Ww
https://www.youtube.com/watch?v=3gdRFzNQd68
https://www.youtube.com/watch?v=lKYh6uuCwRY

M2 ZizohEdE, AN EVS ARG SEHIELI TEZ28, SEBkER, RRBETE
& ESTRRRE AT LA B IERNEASE, il SOE AL BRI SRR TR AP R G . [y
2] [SRm&E#] [101]

[2021 TROS] A Hierarchical Framework for Quadruped Locomotion Based on Rein-
forcement Learning*

o T AR I AL A N 2 A LU GRANUE AR B B R, Tan®e AR T — P R3S
W2k, LIRERRILE i TR PSR HSE, TR SRS A REh ) 2 i B -
CRpixggm]  OPESAEIER] (102

[2020 ACMSG] ALLSTEPS: Curriculum-driven Learning of Stepping Stone Skills*
N TR NTEALZHZ B R R M A R, XieSF TR T — P T IRAR 225 SR (L 24 ST 2844
SEESUERA T IRAR 2 SN T ERoA TR S R E EE . [REE%3]] [103)

[2022 TRO] Cat-like Jumping and Landing of Legged Robots in Low-gravity Using
Deep Reinforcement Learning*

N T RRRAEARE A N FOBRERFIE BRI, rudins A\ R STIILR T — 2 W 28 4251
#r, FEAL T R EMLEE BB, 2SI - K T e = YRR 2N E E M AE R S A ] - RLAT
A3 313 SEINSE IR B A A2DAMIBDE R (7, FNVE LA il ) 77 27 %3t « MPCR] LAER 73 SEI
HHFES, (BB ESIIaBR A TR -  (BhEGZE1] [104)

[2021 RAL] CPG-Based Hierarchical Locomotion Control for Modular Quadrupedal

Robots Using Deep Reinforcement Learning

T R I AL AR s ROZ B B A, wang®E A K ZCPGAHI L ZRLMA 4%
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[2021 ICRA] Learning Agile Locomotion Skills with a Mentor*
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Hierarchical Approach
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[2020 SCI RO] Multi-expert learning of adaptive legged locomotion*
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[2023 SCI RO] Learning quadrupedal locomotion on deformable terrain*
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https://www.youtube.com/watch?v=n34gGhb7Qjo
https://www.youtube.com/watch?v=dt1u8zwUMok&t=39s
https://www.youtube.com/watch?v=AUNIhr5I6Dg

%%%oi?ﬁﬁ,ﬁﬁTMHﬁﬁ%ﬁ%,Iﬁ%ﬁ%ﬁ%@%ﬂ%ﬁ?ﬁﬁ%%o[ﬁﬁ%
511 (MPC] [7]

[2018 CoRL] Policies modulating trajectory generators

Iscen® A$ZH T —FoRB& I HI b A ALES  (Policies Modulate Trajectory Generators, PMTG)
E R LSEACE SR AT 5 o (56 R R AL 2% ) AT LU HAE AT IR, (CRIMUSE AL AT LAE
QFW%Tiﬂﬁﬁﬁ%oI%ﬁ%?%%%%ﬁﬁﬁm@ﬂ%AiﬁﬁT%ﬁo[%@i&
7] [110]

[2020 ICRA] Learning generalizable locomotion skills with hierarchical reinforcement

learning*

T REINGRRCRMERZ A, L AR T —Ma Ry >), FEBRD R T M

2, EEERETE M ER AR B2 Sprimitive, T NEME & T —HARIZR52]

%mmexﬂuiﬁ%%%%@oi%%%ﬁ%ﬁ&ﬂ%kﬂu%ﬁﬁio[QEW%]
MPC] [111]

[2019 RAL] Fast and continuous foothold adaptation for dynamic locomotion through
cnns*

N T SEMAEE R MIE TR EHE5), magana® A FHCNNSL I 1 B T #1 of fe b5t 1 52 I 37 2
W . MRTEERAATTE, R2REER, FTUESShFEEITEMKRIEL RS - %R
R E BRI BB S ACNNAF , CNNfH B Eimii g, A TEBRTILE . EEYLeE
AHyQ b TR S500E - (MRS ] [112]

[2019 RSS| Learning to Walk via Deep Reinforcement Learning*

T MARLEFER N S REH B A, HEEIZRS SR B, - Haarnoja®s AfRH T —
PEETRAMRLA T (SAC+BaRiHTT) JIZRIU @ PLEs AFEHI2S - Minitaurf] LIFE—2HE S
FONAVBRBON SR LRGP AR B simple gait [113]

[2022 RSS| Rapid Locomotion via Reinforcement Learning*
Margolisfif FH 5% T B 1) B i& MORFEFNAE L R ST HFRTTY, @8 IR R~ > S8 T MIT mini
cheetah ) REIZEN MAENFIME F RIS EZE) . [REYS]] [(REH0R] [EmT#] [114)

[2021 CoRL] Learning to Jump from Pixels*

o T AERIE EANESER ] B TIEE), FREASHEIA o margolisSE ASR I T E TR AR b2 ]
(DIC) , XE—F& mm BB RIS 5| Sm o T AR A - RIS 4% 4 il s (R A 2 Whole-
body Trajectory Generator 4 AAL BB, FiE T IR Z FIMPC+WBICT il 8518 B A4 AL 31 78
LB HIBERGEE) - DIC fefft T R 22 S g RIEME, (Hod i £ T3 p s i S Ve A 0 i) 20
WRAET . (Worgla]  (RIXESE] [14]

[2018 ACM TG]| DeepMimic: example-guided deep reinforcement learning of physics-
based character skills*

N TEGIZZNER BT HEE), peng® N IR J5 % E BT H VR AESS B hRE4E 6 /Y
RENEEL, RIS NN ERGEH 52 EMLREE) . [(B05%>]] [115]
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Video via Context Translation*
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[2022 arXiv] Visual CPG-RL: Learning Central Pattern Generators for Visually-
Guided Quadruped Navigation*
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https://www.youtube.com/watch?v=18v3Z9BD-W8
https://www.youtube.com/watch?v=O_LX1oLZOe0
https://xbpeng.github.io/projects/SFV/index.html
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[2020 arXiv] Zero-shot terrain generalization for visual motion strategies
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[2023 CVPR] Neural Volumetric Memory for Visual Locomotion Control*
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[2021 ICRA] Protective policy transfer
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[2021 TROS] Animal gait using motion matching and model-based control on a quadruped
robot*
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[2022 CoRL] Visual-Locomotion Learning to Walk on Complex Terrains with Vision*
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[2023 ICRA] DribbleBot: Dynamic Legged Manipulation in the Wild
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[2023 ICRA] Puppeteer and Marionette: Learning Anticipatory Quadrupedal Loco-
motion Based on Interactions of a Central Pattern Generator and Supraspinal Drive
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[2023 L4DC] Roll-Drop: accounting for observation noise with a single parameter
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[2022 arXiv] Sim-to-Real Transfer for Quadrupedal Locomotion via Terrain Trans-
former
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[2023 arXiv] DeepTransition: Viability Leads to the Emergence of Gait Transitions in
Learning Anticipatory Quadrupedal Locomotion Skills
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