Learning-based legged locomotion;
state of the art and future perspectives
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Introduction
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2.M. H. Raibert, K. Blankespoor, G. M. Nelson, and R. Playter. Bigdog, the rough-terrain quadruped robot. IFAC Proceedings Volumes, 41:10822-10825, 2008



Introduction

1. Hardware

o CHE & hydraulic, electric motors with torque sensors, series elastic actuators

BngOg Architecture Beston Dynamics -

o ST UH| == H|E0| 27| W20 0 HSH 2

SOl SAH2 2ol 2 EMTS 24t Jts

- =]

e Expensive, need specialized expertise for design, maintenance, and repair

Hydraulic motor

-

AN S =
Wave Generator L] __ILEE xdl:él-: E]%% 7EI-__LIH|§ ()LIOH IL-I%7|'Q’| EE_|

1[0

FEoLE
o MAUSBH QX[ M[O: BH2HA|(Backlash)7} 0 HUSH X|O 7}
o

M 0F: 7|0{8 A0 HH 01, ME HOfBoE 23 £3 Hof 274

|l

= &

o
N
olr

Circular
Spline

olr

VM2 IR 22 EASE EH s, > MR WA 7ts

SEd: Z2 Mo tig9Ze =z HIUst &l/E3 H|o] Jts.

E3gle.xn
Electric motor ==

o
o 20| SE|E| (Backdrivability): 34 S & &22E H0{7t 80|, 2|7

Qua51 direct drive

g o B2 B4 G LT S B @A 9|H SHS BAst0] AlAHS| {7
output
\%\ . B3] ROf: EHY RA0| WIS EFI0] 8IS Hof2t &
/

torsional spring

motor-side encoder

Series elastic actuator

S OfLIS

In

A2

2ol 8 7ts.

1. M. H. Raibert. Hopping in legged systems—modeling and simulation for the two-dimensional one-legged case. IEEE Transactions on Systems, Man, and Cybernetics, pages 451463, 1984.
2.M. H. Raibert, K. Blankespoor, G. M. Nelson, and R. Playter. Bigdog, the rough-terrain quadruped robot. IFAC Proceedings Volumes, 41:10822-10825, 2008



Introduction

1. Hardware

Figure 2. Evolution of quadruped hardware over time
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2. Simulators
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1.D. W. Marhefka and D. E. Orin. Simulation of contact using a nonlinear damping model. In Proceedings of IEEE international conference on robotics and automation, volume 2, pages 1662-1668. IEEE, 1996.



Simulator Random External Forces  RGBD + LiDAR  Force Sensor  Multiple Physics Engines  Realistic Rendering
Raisim v v X X v, Unity
Gazebo v v v v X
° Nvidia lsaac v v X X v, Unity + Unreal
Introduction MuJoCo v v v X X
. PyBullet v Vv v X X
2. Simulators CARLA X v X X v, Unreal
Webots v v v X X
CoppeliaSim v v v v X

MuJoCo Nvidia Isaac

1.D. W. Marhefka and D. E. Orin. Simulation of contact using a nonlinear damping model. In Proceedings of IEEE international conference on robotics and automation, volume 2, pages 1662-1668. IEEE, 1996.
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3. Control and Learning Algorithms

e Template 22 7|8t H|O{7} BEO| AFE = 2

o Raibert heuristic

o Central Pattern Generators (CPG)

e 0|2, Optimal Cotrol(OC)2} Reinforcement Learning(RL)7 X sl S

o OC: forward model of the system dynamics to help solve for a locally optimal time-indexed control policy by minimizing a performance
cost, typically over a finite future horizon

o RL: state-indexed optimal policy by maximizing the expected reward based on collected samples from rolling out a control policy




Introduction

3. Control and Learning Algorithms

I =, Convex optimzationS !

e Optimal Control: quadratic programl = =X| S

o linear dynamics over a finite future time horizon

Squaring and integrating the function for acceleration,
we get the cost function for a single spline segment, which
can be written in matrix form as:

T
f (1) dt = q"Gq, (10)
0
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q=[a b ¢ d]T, Power
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(1) = Sar* +4bf® + 3¢t + 2dt + e, (8) High-Level h e
(6 = 20ar’ + 12b8 + 6¢t + 2d. 9) Controller
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o

(QP) problem with optimal cost ¢(NV) as:

evel An MPC problem is formulated as a quadratic programmin
P Quadratic programming
R\,

;$ ¢(N) =min (xy — X?\I)T Qr (xn — Xff\r)

for Control

1 N-1
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Hardware

s.t. ;11 = Ax; + BAwy;
Xy <Xy < XN
VS <0
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MPC formulation

1.M. Kalakrishnan, J. Buchli, P. Pastor, M. Mistry, and S. Schaal. Learning, planning, and control for quadruped locomotion over challenging terrain. The International Journal of Robotics Research, 30(2):236-258, 2011.

2.H.-W. Park, P. M. Wensing, S. Kim, et al. Online planning for autonomous running jumps over obstacles in high-speed quadrupeds. In Proceedings of Robotics: Science and Systems, 2015.
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3. Control and Learning Algorithms

e Optimal Control: quadratic program@ 2 £X|E H2t 2 Convex optimzation=

o the current instant in time, acting as an inverse dynamics controller

4.2.1 Acceleration and Torque Optimization

A well known method from inverse dynamics control with floating base systems (e.g. Mistry et al., 2010) is to use
projected system dynamics as illustrated in (3)

Pr (M{+h) =PrSTr, (26)

such that the dimensionality of the optimization vector can be reduced to

x™ = (2) _ (27)

While there exist different choices for P » (Righetti et al., 2011a), we apply in the experimental section of this paper the
well established QR decomposition of J7 = Q [RT 0] " with the orthogonal matrix Q7 = Q™! and the upper right

triangular matrix R. Through the decomposition of Q = [Q(: Qu] into constrained and unconstrained components, the
linear mapping is written as P = QI € R"~*"  The QR decomposition gives additionally direct access to the contact
force

F,=R7'Q! (S"7 — (Mg +h)). (28)

Using this methodology, the optimization procedure results to

Table 2: Least squares optimization matrices for the reduced optimization vector x" ¥ (27).

EoM (26) motion task (13) torque task (14) force task (15), (28)
A=Pr[M,-ST] (299 A =[J;0] G |A=[0,W,] 33) A=W R'Q/[-M,ST] (35)
b= —-Prh (3B0) |b=#iqes —Jig (32) |b=Db; (34) |b=bpr+WrR!Q’'h (36)

=}
=

L =4
o

1.M. Hutter, H. Sommer, C. Gehring, M. Hoepflinger, M. Bloesch, and R. Siegwart. Quadrupedal locomotion using hierarchical operational space control. The International Journal of Robotics Research, 33(8):1047-1062, 2014.
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3. Control and Learning Algorithms

e 0|2, LISt E2 E12[ES0| JHEE
o Lts & AS0] ChHeh Al=l 2 X0
= differential dynamic programming (DDP) with relaxed contact
= contact-invariant optimization
= contact-implicit optimization
= mixed integer convex optimization

= phase-based parameterization of the end-effector trajectories

o 0CE of2fie| 2X|S0| US > YBtstE o2 Hoj7ts Erh7t &
= Real-Time Computational Challenges

= Handling Uncertainties in Contact Interactions

= Integration of Sensor Modalities

1.M. Hutter, H. Sommer, C. Gehring, M. Hoepflinger, M. Bloesch, and R. Siegwart. Quadrupedal locomotion using hierarchical operational space control. The International Journal of Robotics Research, 33(8):1047-1062, 2014.
2
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3. Control and Learning Algorithms

e Reinforcement Lenarning
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1.J. Lee, J. Hwangbo, L. Wellhausen, V. Koltun, and M. Hutter. Learning quadrupedal locomotion over challenging terrain. Science robotics, 5(47):eabc5986, 2020.
2.M. Bogdanovic, M. Khadiv, and L. Righetti. Modelfree reinforcement learning for robust locomotion using demonstrations from trajectory optimization. Frontiers in Robotics and Al, 9, 2022.
3.A. Agarwal, A. Kumar, J. Malik, and D. Pathak. Legged locomotion in challenging terrains using egocentric vision. In Conference on Robot Learning, pages 403-415. PMLR, 2023.
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Theoretical background

1. Markov Decision Process and Reinforcement Learning

e Locomtion &5 Al0|= PPO, TRPOSE =2 AtE2Tt
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¢ ¢ yL ¢ DAgger, GAIL

Value Function Policy Iteration Model-Free Model-based
Algorithms Algorithms Algorithms Algorithms
Q-Learning, SARSA, MWVE, PETS, STEVE,
Fitted Value Iteration MBPO, Dreamer
Gradient-based Gradient-free Off-policy On-policy Gradient-free Distributed
Algorithms Algorithms Algorithms Algorithms Algorithms Algorithms
\
REINFORCE, Natural CMA-ES. CEM PPO, TRPO ARS DD-PPO, D4PG,
Policy Gradient l l IMPALA
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Space Space
DQN, Double DON, TD3, SAC, AC2, AC3,
Rainbow DOQN MPO

Figure 3. Taxonomy of learning algorithms. Popular algorithms are highlighted in color. On-policy algorithms (red), such as TRPO
or PPO, have been the most frequent choice for legged locomotion. Other off-policy, gradient-free, or imitation learning algorithms
(orange) are also selected for sample efficiency or better styles. For more details, please refer to the background section.




Theoretical background

3. Behavior Cloning and Imitation Learning

o LHIXOIRLE sparse reward 2t Z0]| A =~E2 reward engineering0| 22 &,

o 0/0f| expert CI|O|E{ S &5 2f55t= A7t A E.

Naive
imitation

dataset aggregation

learning

Iﬂ 7(HHIQI 99@

generative adversarial

imitation learning

Initialize D « (.

Initialize 7, to any policy in II.

fori=1to N do
Let m; = G;7* + (1 = Jﬁ,-;)?nt'.g.
Sample 1'-step trajectories using 7;.
Get dataset D; = {(s,7*(s))} of visited states by 7;
and actions given by expert.
Aggregate datasets: D «— D|JD;.
Train classifier ;41 on D.

end for

Return best 7; on validation.

Algorithm 3.1: DAGGER Algorithm.

Algorithm 1 Generative adversarial imitation learning

1:
2:
3:
4:

Input: Expert trajectories 7 ~ 7, initial policy and discriminator parameters ty, wq
fori=0.1.2,... do
Sample trajectories 7; ~ my,

Update the discriminator parameters from w; to w;,; with the gradient
E.. [V log(Dyw(s,a))] + E,p [V log(l — Dy(s,a))] (17)
Take a policy step from 6; to #;4, using the TRPO rule with cost function log(D,,, ,, (s, a)).
Specifically, take a KL-constrained natural gradient step with
E., [Velogmg(als )(2 ,a)] — AVgH (mg), (18)
where Q(5,a) = E,, [log(D,,.,(5,a)) | so = 5,ap = @]
end for

1.S. Ross, G. Gordon, and D. Bagnell. A reduction of imitation learning and structured prediction to no-regret online learning. In Proceedings of the fourteenth international conference on artificial intelligence and statistics, pages 627-635. JMLR Workshop and Conference Proceedings, 2011.

2.J. Ho and S. Ermon. Generative adversarial imitation learning. Advances in neural information processing systems, 29, 2016.
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Components of MDP for Locomotion

1. Dynamics

e MDPZ 542} 17| 2/5H, DynamicsS O|£t2} ofH Of2l{2t 2=

St+1 =S¢ + [(Se;a)dt, p(sip1]se, ar) (S, @, T, Sep1)

e DynamicsE 12Iol0], 282 = ot&6t= A2 simulation / real-world &7t X| 20| /S
o Simulation: &' H|0|EHE 7| #|Z, &M MAe S| HAN QLETIJAS = UAS
o Real-world: 2H| M|&0|A 2] H|O|E & #[5 7Is, B2 HIO|EHZE E7| ({2 L[O|E = Al 2

H= Aol0Fe

1.S. Ha, P. Xu, Z. Tan, S. Levine, and J. Tan. Learning to walk in the real world with minimal human effort. arXiv preprint arXiv:2002.08550, 2020..
2.T.-Y. Yang, T. Zhang, L. Luu, S. Ha, J. Tan, and W. Yu. Safe reinforcement learning for legged locomotion. In 2022 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS), pages 2454-246l. IEEE, 2022b.
3.L. Smith, J. C. Kew, T. Li, L. Luu, X. B. Peng, S. Ha, J. Tan, and S. Levine. Learning and adapting agile locomotion skills by transferring experience. arXiv preprint arXiv:2304.09834, 2023.



Components of MDP for Locomotion

2. Observation

e Proprioception

0 2
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1.G. Ji, J. Mun, H. Kim, and J. Hwangbo. Concurrent training of a control policy and a state estimator for dynamic and robust legged locomotion. IEEE Robotics and Automation Letters, 7 (2):4630-4637, 2022a.



Components of MDP for Locomotion

2. Observation

e Exteroception (RGB, RGBD, LiDAR S 2|5 MIXE 2|0])

o X7|0|= MH|E HIO|HE YHO Z 'd0{F (elevation map, voxel map S)

(a) raw (b) inpainted (c) gaussian smoothed (d) virtual floor

Fig. 9. Different height layers used in TAMOLS [22]: First, the occluded regions in the raw map are in-painted. Then, two additional layers are derived
from it, gradually increasing the smoothness.
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1.T. Miki, L. Wellhausen, R. Grandia, F. Jenelten, T. Homberger, and M. Hutter. Elevation mapping for locomotion and navigation using gpu. In 2022 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS), pages 2273-2280. IEEE, 2022b.
2.7.7huang, 7. Fu, J. Wang, C. Atkeson, S. Schwertfeger, C. Finn, and H. Zhao. Robot parkour learning. arXiv preprint arXiv:2309.05665, 2023.
3.R. Yang, G. Yang, and X. Wang. Neural volumetric memory for visual locomotion control. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages 1430-1440, 2023b.
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2. Observation

e Task-related inputs (Goals)

o command inputs like velocity and pose

o CPGEt &2 FXE2tEl action= /T phase(T), trajectory patterns

.*'/ . 1 ufg \
| Trajectory generator (TG) J ~.
TG phase: ?, TG parameters T
I u T
s % —% PD > Robot
4 Policy network N
—
Desired velocity Ug,
-
State: s u: Target motor positions

b

\

o

/  Observations/state s:
/ motor positions, IMU

Figure 5: Adaptation of PMTG to the quadruped locomotion problem.

1. A. Iscen, K. Caluwaerts, J. Tan, T. Zhang, E. Coumans, V. Sindhwani, and V. Vanhoucke. Policies modulating trajectory generators. In Conference on Robot Learning, pages 916-926. PMLR, 2018.



Components of MDP for Locomotion

3. Reward

e linear combination of various reward and penalty terms 7(St,St+1,8t) = >, ¢;7i(S¢, St4+1,a¢)

e Manual reward shapingManual reward shaping

o velocity tracking, pose tracking, and other regularization terms

o soft cost to this function exp(—c||e||?) ¢——Bounded function

= e.g., limiting the magnitude of joint velocity, acceleration, and base pose during locomotion

exp(—c|le[|?)

Bounded function

Table 2. Common rewards used for training quadruped
locomotion. An asterisk (x) indicates a target quantity. The
function ¢(z) := exp(—k||z||?), where k is a scaling factor, is
used to define bounded rewards. Here, ¢° represents the z-axis
of the world in the base frame, g denotes the joint angle, 7
represents the joint torque, and a; is the action. Reward
functions can be similarly defined using different norms or
element-wise operations.

Horizontal velocity tracking D(V3, — Vay)
Yaw rate tracking d(w?k —w,)
Base z motion —v? or ¢(v,)
Roll and pitch rate —||wzy]|* OF Plwey)
orientation —1[[0, 0, 1]*" — €2||?
Joint velocities — D icioints |9 :
Joint accelerations — Zz‘ejoints gi||”
Joint torques - Ziejeim 7i|?
Joint mechanical power = Ziej{}ims(ﬂ % Gi)*
Action rate —|la; —ag_1]|?
Action smoothness —|las — 2a:—1 + a;_2]|?




Components of MDP for Locomotion

3. Reward

e Imitation reward

o leverage dog motion capture data to enable quadrupedal robots to learn animal like motions

H[

Interactive Motion
Generation Framework
(MANN)

-

FORWARD (W)
TURN LEFT (A)
Input Command Set NO INPUT ()
(W,A,S,D,_,..) FORWARD (W)
—Interpolate—»
Input Command po
Distribution NO INPUT ()
BACK (S)
Motion Configuration BACK (S)

Command Sequences

—Retarget—»

Wolf Frames

Fig. 2. Motion dataset generation pipeline.

_ a St, S ; )
Ct—’[ Agent ]——tv[ Environment ]( L Hl){Dj—[M‘ IH
1 L=

Fig. 2. Multi-AMP overview: The discriminator predicts a style reward
8, *vle which is high if the policy’s behavior is similar to the motions of the

motion-data base M?, by distinguishing between state transitions (s¢, S¢41)
of both sources. The style reward is added to the task reward, which finally
leads to the policy fulfilling the task while applying the motion data’s style.

1.X. B. Peng, E. Coumans, T. Zhang, T.-W. Lee, J. Tan, and S. Levine. Learning agile robotic locomotion skills by imitating animals. arXiv preprint arXiv:2004.00784, 2020.

2.E. Vollenweider, M. Bjelonic, V. Klemm, N. Rudin, J. Lee, and M. Hutter. Advanced skills through multiple adversarial motion priors in reinforcement learning. In 2023 IEEE International Conference on Robotics and Automation (ICRA), pages 51205126. IEEE, 2023.
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4. Action space

o Low-Level Joint Commands

o T =kp(a(s) —0) — kq0
Eﬁ " _E " _.E E— " qude’ PD output: 50Hz B2 £|H E

state

tat (des state Ke/Kp "
(E) sé)e (E) \E / E 3 output: 7+ ZH H|ef 12, 1IKHz O| &= LHOFg!

(a) Direct torque control (b) Fixed gain PD control (c) Variable gain PD control

Fig. 1: Structures for the three control policies used.

e Structured Action Spaces

o APH XA = Egfoto] H|oZ & (CPG, gait sequence S)

User Defined . T FL@ @FR
/' Rew‘at‘d ¢ POlicy {ﬂl..-‘-'lr wl..4l lpl.A‘} > pd IK_’
PD Control
St — 7‘{'9 mgl.}g E[Tt] I A HL@ @HR
\ \ ; (r,0,¢,7,0,p)
User Defined Command

5 — > Uy (Vy, Uy, ) Subset of: IMU (base orientation/velocity), State
S motor angles/velocities, foot contact booleans Estimation

Controller

1.M. Bogdanovic, M. Khadiv, and L. Righetti. Learning variable impedance control for contact sensitive tasks. IEEE Robotics and Automation Letters, 5(4):6129-6136, 2020.
2.T. Johannink, S. Bahl, A. Nair, J. Luo, A. Kumar, M. Loskyll, J. A. Ojea, E. Solowjow, and S. Levine. Residual reinforcement learning for robot control. In 2019 International Conference on Robotics and Automation (ICRA), pages 6023-6029. IEEE, 2019.
3.G. Bellegarda and A. Ijspeert. Cpg-rl: Learning central pattern generators for quadruped locomotion. IEEE Robotics and Automation Letters, 7(4):12547-12554, 2022.



Learning Frameworks

1. End—tO—end Leal'nillg (a) Basic Formulation - (¢) Hierarchical Learning
RL > Skill1 —
° ° a
2. Currlculum Learnlng L}_ Policy l}. Environment S_t}HiP%El—il::el 1y skl __; Environment
3. Hierarchical Learning _ _ > T ‘
(b) Curriculum Learning

RL [ Task 1 ][ Task 2 ]OOO

(d) Privileged Learning

4. Privileged Learning

St . A : RL
——» Policy —» Environment
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m E— Environment

I E— Environment
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(a) Basic Formulation

RL

Learning Frameworks | =, .. =,

1. End-to-end Learning

Environment

e MDPE T J1XE HI1 DRL L 12|EOCE HEEE E7HK| 8l Z
e = ANE|F

o on-policy: TRPO, PPO (242 HH|O|E= 2™ MOl ot& K| B).
o off-policy: DDPG, SAC (HE 2240| 527t 22 He).

o EX|HA:

o X7| ™Hi0| ety M2 E EIMSIX| 261HH end-to-end &5 A1t XS},
o e.g) I {22 &tFHoM X 30| 2= A XN E Al ot= A0 HHZ

. CHot

o Curriculum and hierarchical learning.




(b) Curriculum Learning
RL [

Task 1 ][ Task 2 :OOO

. v
Learning Frameworks | =« .. =, ‘e

2. Curriculum Learning

o HAUXMOE HO|EE FO0|=HAHLE [ 02 =X ol Eot== 24|

Al
HO|ME 2HOZ NLE 3t A X 2| (Heess et al., 2017; Xie et al., 2020b ).

| MZTIX Z7H(Akkaya et al., 2019).

|ZtsH M X} Z=2H(Zhuang et al., 2023).

(]_ — S) * leasy + S % lhard

Training Ranges  Test Ranges

; Skill ~ Obstacle Properties

Update " Sample | Evaluate ([Leasy  Ihara]) ([Leasy , Ihara])
Distribution Environment Performance
| | Climb obstacle height [0.2, 0.45] [0.25, 0.5]
Generate Data » Optimize Model Leap gap length [0-2= 08] [03= 09]
Crawl clearance [0.32, 0.22] [0.3,0.2]
Tilt path width [0.32, 0.28] [0.3, 0.26]

Figure 10: Overview of ADR. ADR controls the distribution over environments. We sample environments from this

distribution and use it to generate training data, which is then used to optimize our model (either a policy or a vision Table 1: Ranges for obstacle properties for each skill dlll‘il’lg
state estimator). We further evaluate performance of our model on the current distribution and use this information to |

update the distribution over environments automatically. tr Eliﬂil’lg R measured 1n meters.

1. Akkaya, M. Andrychowicz, M. Chociej, M. Litwin, B. McGrew, A. Petron, A. Paino, M. Plappert, G. Powell, R. Ribas, et al. Solving rubik’s cube with a robot hand. arXiv preprint arXiv:1910.07113, 2019.
2.7.7huang, 7. F'u, J. Wang, C. Atkeson, S. Schwertfeger, C. Finn, and H. Zhao. Robot parkour learning. arXiv preprint arXiv:2309.05665, 2023.



(c) Hierarchical Learning
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3. Hierarchical Learning | Skill 3
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1.X. B. Peng, Y. Guo, L. Halper, S. Levine, and S. Fidler. Ase: Largescale reusable adversarial skill embeddings for physically simulated characters. ACM Transactions On Graphics (TOG), 41(4):1-17, 2022.
2.L. Han, Q. Zhu, J. Sheng, C. Zhang, T. Li, Y. Zhang, H. Zhang, Y. Liu, C. Zhou, R. Zhao, et al. Lifelike agility and play on quadrupedal robots using reinforcement learning and generative pre-trained models. arXiv preprint arXiv:2308.15143, 2023.
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4. Privileged Learning

o MA| MAHZL 258 Z2 partially observableStH, M| 7| £ st&5t=H| 2SS =2t

o payload weight, friction coefficient etc...

' =

o} O OlA e = o re} b~ % - N T1|T2|Tg == |Tio
o SiZZS 23 history ZEE 2 E¢ 8 | smeten | |4 Ems
. ° o S i f 32 softsign nodes
o stacking a sequence of previous observations g Q0000000
* 32 softsign nodes
e
o TCN or RNN network - eJele TOOO_OO)
32 softsign nodes
" e = @QO0+00000
o 2 YUY SIS 7T S UBY BH S hgots A2 At AR 30 0HF = t
b ©-0 00
velocity position
1 - O O+ o o ° e history  error history
e Network 37 2242 2Idl, privileged learning 7|H 0| L= =
// Joint state - AT ¥ o
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§
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J/

1.J. Hwangbo, J. Lee, A. Dosovitskiy, D. Bellicoso, V. Tsounis, V. Koltun, and M. Hutter. Learning agile and dynamic motor skills for legged robots. Science Robotics, 4(26):eaau5872, 2019.



(d) Privileged Learning
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Figure 1: Overview of our approach. (a) An agent with access to privileged information learns | Srocete
. . . . . . | — -
to imitate expert demonstrations. This agent learns a robust policy by cheating. It does not need to gy Ak nolse 5. > 3 cony — | SN Joint_
learn to see because it gets direct access to the environment’s state. (b) A sensorimotor agent without e T - e
access to privileged information then learns to imitate the privileged agent. The privileged agent is a . _c’c"’”:j"“ v
“white box” and can provide high-capacity on-policy supervision. The resulting sensorimotor agent roprioception = N >
does not cheat. \. V.

1.D. Chen, B. Zhou, V. Koltun, and P. Kra’henbu'hl. Learning by cheating. In Conference on Robot Learning, pages 66-75. PMLR, 2020.
2.T. Miki, J. Lee, L. Wellhausen, and M. Hutter. Learning to walk in confined spaces using 3d representation. arXiv preprint arXiv:2403.00187, 2024.
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Sim-to-Real Transfer

1. Good System Design

o 1FZX0| ZE0|EE S

o Ol212 Piyd= Ofdot= B2 Of2he £

o Reward Design
o Observation and Action Space Design

o Domain Knowledge

on-off control (bang-bang control)
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on-off control (bang-bang control)

Sim-to-Real Transfer

1. Good System Design

e Reward Design
o HAM St M= sim-to-real dS0i| Z™EQI FoF2 0|,

o O Z=X|.

= acceleration of the joints penalty: 22t83tGittery) S& WX|, Rauc = —a),
= foot air time: & =& (foot-dragging) 2 X|. Ror = B ) ; tair,j
= foot impact penalty: ZsHA| &g T2 WS 2K (Makoviychuk et al., 2021). Rimpact = 7 22 ; Fipypactj

o Velocity trackingt 22 & ¢ HAap Mot HAZF H S |FXot= A2 0 ML= &Y.

1. V. Makoviychuk, L. Wawrzyniak, Y. Guo, M. Lu, K. Storey, M. Macklin, D. Hoeller, N. Rudin, A. Allshire, A. Handa, et al. Isaac gym: High performance gpu-based physics simulation for robot learning. arXiv preprint arXiv:2108.10470, 2021.



Sim-to-Real Transfer
1. Good System Design

e Observation and Action Space Design

o MUSHA MASH obs 2 action sim-to-real 20|

O?.'_

o Xie et al.(2021):

= Laikago 222| 2& 0| A, randomization or adaptation 7|= g10]
= 2tE pD H[017]2| proportional gainS

=
s 2E0| EX| £ E T EHSE state estimators AF25H0] £ & W

&S

Physics
Simulator

Ja PD T
40Hz Controller 500Hz

h 4

Gait Library

H | gait, frequency,
speed, clock

State
Estimator

PD
250Hz Controller

Fig. 2: Overview of our system. The input to the policy
includes robot state and user commands. The output is a
residual PD target, which is added to a reference target and
applied to a joint PD controller. Various motions are achieved
by using a library of gaits as reference trajectories.
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on-off control (bang-bang control)

ol= F

e a) Observation:
o Previous method: & A| MA IO (ZAl| 2ief, 28 Zt2)T A E,
o Qur method: HEl 7|2t Il HE (SN £, 2E L) Tt
o Analyze: SH| £ o H&tsot Ho| ZH Y = 9

e b) Proportaion gain:
o Previous method: =2 H[&| 0|5 (kp=220k_p = 220kp=220)2 = Zot X0,
o Our method: 52 H|Z| 0|5 (kp=40k_p = 40kp=40)2L 2 St X0,

1.7. Xie, X. Da, M. Van de Panne, B. Babich, and A. Garg. Dynamics randomization revisited: A case study for quadrupedal locomotion. In 2021 IEEE International Conference on Robotics and Automation (ICRA), pages 4955-4961. IEEE, 2021
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Sim-to-Real Transfer

1. Good System Design

e Domain Knowledge

o Learning locomotion skills for cassie: Iterative design and sim-to-real:

n AFE HEH MOl £t CHAM S £ZISH| 2/l CHA X2k (symmetry constraints)2 AFE25HH SEF EE& 1t sim-to-real 85 25 3 A &4
- A R
o HANSILO|M T Q1 XA ALE:

» 2M N HIO[HE EM0| AFESIH EF 52 AEY S R (Peng et al., 2020; Han et al., 2023).
X

- 3

12

70| S ofE MAH7|(CPG)E =86 O L2 23 THEH S MM (Lee et al., 2020; Bellegarda & Ijspeert, 2022; Iscen et al., 2018).

CHA M2k (symmaetric constraint) [52]
Mirror Symmetry Loss
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1.7. Xie, P. Clary, J. Dao, P. Morais, J. Hurst, and M. Panne. Learning locomotion skills for cassie: Iterative design and sim-to-real. In Conference on Robot Learning, pages 317-329. PMLR, 2020a.
2. https://github.com/TrustRL/study_archive/blob/main/reviews/%5B1004%5DNot%200only%20Reward%20but%20Als0%20Constraint_2.pdf
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2. System Identification

on-off control (bang-bang control)
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1.J. Hwangbo, J. Lee, A. Dosovitskiy, D. Bellicoso, V. Tsounis, V. Koltun, and M. Hutter. Learning agile and dynamic motor skills for legged robots. Science Robotics, 4(26):eaau5872, 2019.
2. https://www.youtube.com/watch?v=dtlu8zwUMok
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Sim-to-Real Transfer

3. Domain Randomization

o oI5 T ALEDPHSZE T
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o camera intrinsics and extrinsics, height scan etc...
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Figure 5: We bridge the visual gap between simulation and real world by applying pre-processing techniques.
We use depth clipping, Gaussian noise and random artifacts in simulation, and depth clipping and hole-filling,
spatial and temporal filters in the real world.
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Raw Depth

1.7Z. Zhuang, 7. Fu, J. Wang, C. Atkeson, S. Schwertfeger, C. Finn, and H. Zhao. Robot parkour learning. arXiv preprint arXiv:2309.05665, 2023.
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Sim-to-Real Transfer

4. Domain Adaptation

o
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o O|= &0t 0|20 X|™H, Domain randomization2Ct £22 M58 EQl

o Explicitly identification: Control policy or during policy training% input2 = 25
o 2tF OIEtO|E{E AIH Q2 AH2SHH, 22X 0| X| 2t Bi2 MH2t0|E{ & CHE 7| o2 2.
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Fig. 1. Overview of UP-OSI. The online system identification model (OSI)
takes as input the recent history of the motion and identify the model
parameters . The universal control policy (UP) then takes the predicted Figure 6. Common Components iIn domain adaptation

model parameters along with the current state x to compute the optimal :
control u. algorlthms.

1.W. Yu, J. Tan, C. K. Liu, and G. Turk. Preparing for the unknown: Learning a universal policy with online system identification. In Proceedings of Robotics: Science and Systems, Cambridge, Massachusetts, July 2017. doi: 10.15607/RSS.2017.XII1.048.
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Sim-to-Real Transfer

4. Domain Adaptation
o Implicit identification: 2 X2 €4 HHE E Jatent representation= /5 510{ =HaHd <tH
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1.A. Kumar, 7. Fu, D. Pathak, and J. Malik. Rma: Rapid motor adaptation for legged robots. arXiv preprint arXiv:2107.04034, 2021.
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