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Abstract

In this paper, we proposed a framework that generates the trajectory of a single rigid body based on its COM configuration and
contact pose. Because we use a smaller input dimension than when we use a full body state, we can improve the learning time for
reinforcement learning. Even with a 68% reduction in learning time (approximately two hours), the character trained by our network
is more robust to external perturbations tolerating an external force of 1500 N which is about 7.5 times larger than the maximum
magnitude from a previous approach. For this framework, we use centroidal dynamics to calculate the next configuration of the COM,
and use reinforcement learning for obtaining a policy that gives us parameters for controlling the contact positions and forces.
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Figure 1: System Overview
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Figure 2: The structure of single rigid body (SRB) character. The

black circles indicate the left and right feet locations which are
used for calculating 4 contact points indicated by blue circles.

The red lines represent friction cones that constrain contact forces.

The green circle represents the position and orientation of a frame
located at the center of mass (COM) of the SRB character.
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Figure 3: Schematic illustration of the policy network.
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7F Fe A AxE SRS B8 9 z}iﬂ N E 9
=

A S0 HL&E =2 (contact force)} E F (torque)

b AL AEEs 23, g @4 0o 9X=
ggatol 0o A F49 HEAZ £2H 31,32,

=, te 9o A AgEHe =A F49 HEAS
237 99 WELS 238 AR &5 P4

(motion equation) < Z AT AYP3 A H=Y 714

(basis) & EE 7] Y3 <& AL UEA 7| HA 2

4 4 0% At AEEE THAT 133, 341

= 9 A AHEHY FA SAHY MR, Ae ZJ:\"Q,

e B, Jov =0 @A™ AEu S 3 H(Jacobian

matrices), B= HE599] 71A #HH, a.= 74 F4HY =
"

29 7}—.+, S0 A A F

Mg+b=1+]JIBa,
A=>0,

a. = BT]cq + Bchq + BT]cq 2 0.

=R g Qe ol7)9l Zo] AU, fi B 7
A AGEY FA FAH HEE, Gav oI THEE
(desired acceleration)©|Th. W, = 7} x| o3t oz 34
(diagonal weighting matrix)o] ™ A FAo] tjsh g2
—6, U A A EE(DOFs)ol| tisiAlE 12 AAsATh

Q=(G—da)™W(d— da)
059 AR =Edth
gHHAA FHEE i &

oA} TIERE

AA a= A HEH

o] FA A9 ol A A3 E 7 &% (desired rela-
tive linear & angular velocity)S YeEbATE ©@d A 712
E) _4 _[_7-]] Z 9] oA tl o] 8] ZH](section 4)°]
Al AWE dAsds AEY FA FAY ol AT
9 7—.‘ L5 WM Fe Fa FErh

AN .
aE=

Ga = (Qd)ref +a,
NN E3 oA Z £ 5 dow dolH
H] (section 4) o A % "é‘ A A NP FA FA
ol FIAE Lot o THEEE oty HH
= &3 Tk wA W max+= 400, a
120, b= 352 A AT

u
g
N
N
B

A< ming -400,

fr > 1oy

—q) + b(qq — q), min, max)

Gq = clamp(a(qq
8. *+&

2 3= 64GB RAM, Intel® Core™ i9-9900K CPU (16
Cores) @ 3.60GHz, GeForce RTX 2080 Ti 522 449 PC
ol A &= 9 11, Python ver.3.83+7 o| A Pytorch ver.1.7.1
2 Agsid o)A Ael 7, 223 44 eI,
AN g4 vEsae) 7a @ dae sdsth

B4 m=1024 22 S (sampling) ¥ W Feflo] =
7} AdP=w oju] w]y wjx] Abo] = (minibatch size)¢l n =
256 W= 7+ 71L€7] 2~Hl(gradientstep) W2 MEH Hrh
&9l A4(Discount factor) y = 0.9952 A -83}c}h T3
TD(A), GAE(A)E 9&] 1 = 0.952 AA3 ). Clipped
283 A Fk(likelihood
ratio clipping thresho]d) © ¢ = 0.2, &<5E(leaming rate)<
107* 2 A A3grt h5(training) S 8] £ 2 x 108 ¥k
Fol AEFL AYsplon, FHALL 577 2259
o} Figure 4% 3158 A4S B3 44D B 2A A
gE]o BAM| tfst 2~ A¥(snapshot)o] T}

surrogate lossE 93+ $= H|&
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Figure 4: Snapshots of SRB motions from the trained policy. The
calculated SRB contact pose and COM’s position are appropriate

comparing to reference motion.

9. H7}

B A7 d¥ds e 2de 2uE o
s gzt ohd B A mdE Y mdg
waaiich. AYEE Bvd B2 2487 o @
FEE7F A4 2dE &gt V1€ dFE A8
Auch AdF e A & 5 Utk $elt Al
A8 dEYIE S W BAeward) 3o $¥7kx
5780 A¥ W, 712 AF[E T 0 $PAA 3
Azrel ™tk AsA2 A”el 24 FAel WF3
AP5Q 7] wFo] 4 AAL =3 2A
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(11Xt} ©% A3t} (robustness) S A3
oz Hth HEE] Z&d ¥ L [100, 200,
300]°] ™ Figure 5= £ o] Z-&3S of /NGE A
E HoFe &y Motk &, 43 235 F fEY
g5d A UEYIs BYE Ay HANA B2
WA AR (112 Ha 200 NoJA 22jA= As &
g 5 Qth FHAEQ AFe A= 29 d5HE
A eI o8 dd A /gE = 4 1500 Noj
A RS ddeS FAE # »19}1’% Hote] & =%
oA A WY A FH HOH J-7§ﬂ gl
o] ALAHow T A

)
B A, 1% Wd
2 2

oZirB ml

;_‘ _4
fr
X
=2
u)
o

N
1pr

L
ool
L
kN
)
o
(I A U [ D

4
o 30

% ol
o
N i

s 7}% d, % 2ol 24 A
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(a) Applied 100 N to SRB

(b) Applied 200 N to SRB

(d) Applied 100 N to character trained by [1]

(e) Applied 200 N to character trained by [1]

(f) Applied 300 N to character trained by [1]



Figure 5: Snapshots of motions generated by our policy network
and [1] when the external force is applied to character for 0.2 s.
Top-to-bottom: 100 N, 200 N, 300 N by our policy network and
100 N, 200 N, 300 N by [1].

Table 1: Whether it is able to tolerate according to the different

momentum for [1] and our policy network. The ‘T’ means that the

character tolerates such momentum, and the ‘F’ means that the
character fall down at such momentum.

Time(s) Other [1] Our policy network
0.01 T T
0.1 T T
0.2 T T
0.3 T T
0.4 F T
1.0 F T
10. E&
2 =2olAe &Y ZA AHEHA Hgst= Ao A
(control policy)S B8 4 e A5 45} s =
A2% ANSATE HEE BAo) @ 2% 1] Al

H7 dEsw oa weE

s < ]
Egve 94 dH GRS F 9L ZA A
U

= AREE FA FAe o) £5 A AANE F85
of @d A AAE A Tl AsE HAFHR
EAE Axwh Add A5t &d A AHEY A
=9 29 AAS Fo oE @d AA AHE #A
Ao HEAZE AdAh Asd 2D ZA e
A AL AxAE o 28 wldlA @d A A
HE9] o] 9] Alste] ATk AlME WPAH &
4 A AHER 2AEe Sge APsgeonz ¢
e NET g5 £58 /Adstait. A4 =9 (1]
= T AMHHES © 2 45 2eFIAE 747
e A B & 5 dsloh e Ade P
e zHdAIE Fol AYE Bde dofds
ME e Badel wep st o A4 sl opd
A A% AEste] AR 2ASt] ARE we o
A Ak 5, A AR o8 Al s
A gAelA e A e AR HARE o
Aste ZedfAz 289 5 vk L7 AUGF =
HARAe o] A7 Bgor WAAE £ AT
ARl dA fE7F SsAd BAde FAle @

A MEEHEN ol &Hst A FHEjgta R
o]t ol= gog Bd o= ZAEZE B (model predictive
control) Z-2 WS FRsto] AN FFere] BAHA T

ol olFold BRAE AAA Bk Selx o F o
A Gl ol

d

87t Altet Z#

= 712 E FF golds vg Fuldfokste A ol
dasitts Aotk ol AT dFS Atk HF
olgo] Atk A2 MYEH7 98 HUS o
% © FAeA Age= Ao FHF He 8d0]7
ufZolth &8 wh3o B AISHA TE7] fA
S5 Bolds A A 23 daA B8 £EE
28T & v PAHoE BHAZ Aot mpxjEte
2 fee 99 ZA AEEY FA F4 EolE #H
dx e A F4 =ole vlkstA nEste] 3
5 oREE AU ol 9 BAY FA A =
o2 #:WF3}(randomizing) 3} TAH FA =4 EZo|E
7hR G ZA AMEEHY BAg st Zle] ofd
A HA Y BAS wEeAA st He W
FA A E=olE 712 &Y ZAl MEHY RS A
st HS dWte(generalizing) H Aow FFE 5
Atk ol ¢4 AdFT gFE ST/ JNHEC W
Aa FHorY A A NE =& 2 ZAoth
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