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P Received forces are always below Acceptable Limit [

P Our method can generate comfortable trajectory ¢
with reasonably short time comparing to others
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Quadruped! Robot: Lecamotionn

AA quadruped robot is a type of legged and floatingase robot,
specialized in walking on rough terrains.

[1] [2]

[1] Nahrendra, I. Made Aswin, et al. "DreamWaQ: Learning robust quadrupedal locomaotion with implicit terrain imagination via deep
reinforcement learning." 2023 IEEE International Conference on Robotics and Automation (ICRA). IEEE, 2023.
[2] Jenelten, Fabian, et al. "Dtc: Deep tracking control." Science Robotics 9.86 (2024)



Quadruped! Robot: Lecamotionn

ARecent learning based research has made it possible to perform

more dynamic movements such as parkour.
[1]
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[1] Lee, Joonho, et al. "Learning quadrupedal locomotion over challenging terrain.” Science robotics 5.47 (2020)
[2] Hoeller, David, et al. "Anymal parkour: Learning agile navigation for quadrupedal robots." Science Robotics 9.88 (2024) 10



Task perfarming abilityty

AA manipulator is needed to interact with objects
[1] ~[2]

Interaction with an object Optimus robot

[1] Johns, Edward. "Coarse-to-fine imitation learning: Robot manipulation from a single demonstration.” 2021 IEEE interna
tional conference on robotics and automation (ICRA). IEEE, 2021.
[2] Optimus from Tesla 11



Task perfarming ability

ATo obtain more manipulative ability, quadruped robots are equipped
with additional manipulator.

Manipulation ability =~ ¢

Locomotion ability

Legged manipulation

www.romilab.org/robots

shop.unitree.com/products/unitree -bl 12

www.neobotix -robots.com/products/mobile -manipulators/mobile -manipulator -mmo-500



Drawback: offlegged manipulationn
AHowever, equipping additional manipulator increases costs and

og]cuples space that could be used[zf]or Sensors or payload
Whole-Body Control sl N

Synergistic Arm and Legs Coordination

Quadruped robot with manipulator Sensors on the back

[1] Fu, Zipeng, Xuxin Cheng, and Deepak Pathak. "Deep whole-body control: learning a unified policy for manipulation and locomotion."
Conference on Robot Learning. PMLR, 2023.
[2] https://wiki.patras5g.eu/radio-equipment/other-devices 13



Redundant leg: fanlocometionn

AQuadruped robot already has enough legs
AHumanoid robot even can walk with two legs
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Oxford

Pe d ilpllliﬁitﬁ)(mn The action of controlling or operating somethingwith the feet. s

A7 A Al A@d}pul'bﬁon @where the robot performsa

manipulation task with its own leg
[1] | 2]

'0.25x

| Climb-up

Balance

Balance

Climb-down

T score m
—— Threshold

Visual perception in affords a wide field of view.

[1] Cheng, Xuxin, Ashish Kumar, and Deepak Pathak. "Legs as manipulator: Pushing quadrupedal agility beyond locomotion." 2023 IEEE

International Conference on Robotics and Automation (ICRA). IEEE, 2023.
[2] Ji, Yandong, Gabriel B. Margolis, and Pulkit Agrawal. "Dribblebot: Dynamic legged manipulation in the wild." 2023 IEEE International

Conference on Robotics and Automation (ICRA). IEEE, 2023. 15



[1] Ji, Yandong, et al. "Hierarchical reinforcement learning for precise soccer shooting skills using a quadrupedal robot." IROS 2022.
[2] Kim, Sunwoo, et al. "Humanconquad: human motion control of quadrupedal robots using deep reinforcement learning." SIGGRAPH Asia 2022.
[3] Cheng, Xuxin, Ashish Kumar, and Deepak Pathak. "Legs as manipulator: Pushing quadrupedal agility beyond locomotion." ICRA 2023.

u u
P e d I | I I atl O n [4] Ji, Yandong, Gabriel B. Margolis, and Pulkit Agrawal. "Dribblebot: Dynamic legged manipulation in the wild." ICRA 2023.
[5] Lin, Changyi, et al. " LocoMan: Advancing Versatile Quadrupedal Dexterity with Lightweight Loco -Manipulators.” arXiv preprint 2024.
mani pul ation skills

[ 6] Ar m, Phil i p, et al . "Pedipul at e: Enabling

AMany researches focused on skipecific pedipulation.
Aln recent works, task target tracking is conducted.

[3] [5]
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Target tracking:of { pedipulationn

AFor pedipulation, due to the nature of floating base, it requires
additional ability, maintaining balance.

[1] 2]

..........

e —— g O

Target tracking of manipulator Target tracking ofpedipulation
Goal: generatgrecise joint trajectory  Goal:tracking while maintaining balance

[1] Yoon, Minsung, et al. "Learning-based initialization of trajectory optimization for path-following problems of redundant
manipulators.”" 2023 IEEE International Conference on Robotics and Automation (ICRA). IEEE, 2023. 17
[ 2] Arm, Philip, et al. "Pedipulate: Enabling manipul ation ski



Target considerations $onr pedipulation

AConsideration 1. Use any leg as manipulator according to task goal
position

AConsideration 2. Robustly maintain balance when moving
manipulation leg



Maimn task

ATracking a given target goal usingedipulation
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SOTA 1..Pedipulationn target trackingg

APedipulate [1]

ABy sampling target goal position from near to far in the training time,
Pedipulateachieves ability of robust and precise target tracking

(Near goal sampling region

Far goal sampling region

[1] Arm, Philip, et al. "Pedipulate: Enabling manipul ati on gkills



SOTA 1..Pedipulationn target tracking

Alssues ofPedipulate[1]

Aln the paper,Pedipulateis overfitted the ability of pedipulation
on a specific setting, e.qg., froatght leg Is always manipulator.

ASince thePedipulatealways uses frontright leg as manipulator, it
cannot change the manipulation leg according to target
position

To tackle this issue, we propose aadaptive locomotion method
‘ that enables the robot to move effectively regardless of which leg
IS used for manipulation.

[ 1] Ar m, Philip, et al . "Pedi pul at e: Enabling manipulation s%kill s



SOTA2./Adaptive locomotion

AFT-net [1]
AFault-tolerant locomotion is a research field where the ability of
adaptive locomotion Is also needed.

AMinimizing VHIP(variable height inverted pendulum) angle ¢
A Aligning Center of MassCoM) and Center of Pressure (CoP)

Centor of mass (COM)

VHIP angle) = arccos HpCOJ\f).zH ||
COM YCOP
» p

Center of mass position™
Center of pressure position

[1] Luo, Zeren, Erdong Xiao, and Peng Lu. "Ft-net: Learning failure recovery and fault -tolerant locomotion for quadruped robots." RA 42023



SOTA 2./Adaptive locomotiom

Alssue of FTnet [1]

AWhen pedipulating with FT-net, aligning theCoMwith the CoP
causes a loss of balancedue to the changes in th&€oMcaused by
the movements of the manipulation leg.

® Contact foot
No contact foot
@® xy-projection of CoM
® Center of Pressure (CoP)
® Moving average of CoP

Centroid of locomotion
Feet (CoH

Pedipulation example
Red colored leg: manipulation leg

of FT-net 24




SOTA2./Adaptive locomotion

Alssue of FTnet [1]

AWhen pedipulating with FT-net, aligning theCoMwith the CoP
causes a loss of balancedue to the changes in th&€oMcaused by
the movements of the manipulation leg.

To address this issue, we propose @ntroid of locomotion feet
‘ based adaptive locomotion method that ensures robust adaptive
locomotion even when the manipulation leg is moving.



Issues and our proposed! methods

Alssue 1.Pedipultecannot change the manipulation leg according
to target position

Alssue 2. Aligning CoP witl€oMcauses a loss of balancedue to the
changes in theCoMwhen performing pedipulation

We propose acentroid of feet based gravitational moment
» minimization method that ensures robust adaptive locomotion even
when the manipulation leg is changed or moved.
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Prerequisite

AWe use one leg as manipulation leg, and the other three legs as

locomotion legs

ANecessary ability of each legs >

ALocomotion legs \ o
N —
1) Balancing Locomotion leg
2) Approaching to the goal Manipulation leg &

AManipulation leg £ 2 /‘“‘/L
1) Tracking the task goal G 5

Targettask goal

AN



Overalll Structure

AOverall structure of RL system of our research.

AWhen a task goal is given by user, our method can use any leg close
to the goal as manipulation leg.
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Overalll Structure

AOur method has two policies, one is for locomotion legs and the
other one is for manipulation leg.

ABase command action is used as input for locomotion policy

ALaM Policies
I e, —0—474 m m | :
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Overalll Structure

AWe firstly train Locomotion Policy for obtaining adaptive

locomotion abllity, and then train Manipulation and base command
policy for goal trackingpedipulation.
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LocomotiomPalicy

AFor adaptive locomotion with three legs, we propose two rewards

1. Centroid of locomotion feet CoBR based gravitational moment
minimization

2. Feet polygon area maximization

Locomotion
action

Locomotion

Privileged |
information |
i
|

Proprioceptive
information |
|

Other rewards are listed in the dissertation



LocomotiomPalicy

AFor adaptive locomotion with three legs, we propose two rewards

1. Centroid of locomotion feet CoB based gravitational moment
minimization

2. Feet polygon area maximization
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Backgroundi1.. Supportipolygonn

AFor stable locomotion, ground projected center of mass<CoM

should be inside ofsupport polygon

&\ A\
— e () . /|

A
% -—————————-

@ ProjectedCoMon ground

. Boundary of support polygon

’(ﬂ
- . -i ‘?:i .

Locomotion examples that ensure€oM
to be inside support polygon

34



Background! 1i.. Supperntpolygon

AMIT cheetah 3 controller uses virtual predictive support polygon

One of the most widely used
guadruped locomotion controller

AO" U AT OEAEDPAOGET ¢ AT 1T OAAOD |
support polygon biases away from legs nearing the end of
their contact phase and towards legs about to touchdown.
8 7A A|A £Ebaged abprdach Ahat Assigns each
Al 1 O60 Al Il OOEAOOEIT O OEA
ET Al OAET ¢ ERAAO EIT OxEI C80

\ AThe virtual predictive support polygon

. b 4 2, hid IS used for anticipating swing feet

Time: 1.428s | Velocity: 0.75m/s Time: 1.435s | Velocity: 0.75m/s

Pég PrR

Time: 1.176s | Velocity: 0.75m/s

-------- Actual support polygon Virtual predictive support polygon

[1] Bledt, Gerardo, et al. "Mit cheetah 3: Design and control of a robust, dynamic quadruped robot." 2018 IEEE/RSJ International
Conference on Intelligent Robots and Systems (IROS). IEEE, 2018.



Method! 1.. centraidiiof locomotion feete
based gravitatiomah momentiminimization

ALikewise cheetah 3 controller, we use extended support polygon

ASincewe do not utilize phasebased locomotion we usefeet polygon
which is a polygon that is formed by ground projected locomotion
foot positions

Y~
—~
-~
-~
~—
~—
"~ o~
-~

Projected CoM Manipulation leg
- —- O
@ =5 < Contact @ Suero;t polygon
”””””” O \ \\\\ ,//
———— N .\‘~\ /,—*’/
Feetpolygon | e
(consider only locomotion feet) ®
Contact

NO contact



Methed 1.. centroiddof locomotion feet

based gravitatiomah momentiminimization

Alf the CoMis inside of feet polygon, the robot can make theoMbe
Inside of support polygon by contacting the swing feet

®
Front left foot contact ,

/ o\
. )

.-~ Manipulation leg

/
o __ o—__ "
CoMplaced CoMplaced
Inside of feet polygon inside of support polygon
PNy O ® O No contact

‘\‘ Front left foot contac;’ \\ ® Contact

o [

/
‘ / \\ \\ Support polygon
® “---9 o----» Feet pol
eet polygon
CoMplaced CoMplaced

outside of feet polygon  outside of support polygon



Method 1.. centnoidios Iocomotion feete
based gravitatiomah momentiminimization

ACentroid of locomotion feet CoB is a geometric centroid of feet
polygon

-~ Manipulation leg

Projected CoM Contac
u /. xxxxxx
/\E) Feetpolygon ¢y ¢

Contact

Centroid of locomotion feet \\‘
No contact‘



Background!2.. Gravitationabhmoment

AA guadruped robot can be simplified as an cafiiverted pendulum
model with CoMand center of pressure(CoP)

ABy compensating gravitational moment abouCoM, the stability is
achieved

.............

/7777777777 99
LA Tl A e Center of pressure

[1] Han, Kyu-Chur, and Jung-Yup Kim. "Posture stabilizing control of quadruped robot based on cart-inverted pendulum
model." Intelligent Service Robotics 16.5 (2023): 521-536.

39



Background!2.. Gravitationabhmoment

Alf the CoMand the CoP are aligned, the robot can maintain balance

CoM

Center of pressure



Method! 1.. centraidiof iocomotion feet
based gravitatiomah momentiminimization

AWe formulate a minimization reward of gravitational moment about
CoMwith the centroid of locomotion feet (CoH as a pivot point

CoM CoM

CoP based inverted pendulum model CoFbased inverted pendulum model



Method! 1.. centraidiiof locomotion feete
based gravitatiomah momentiminimization

AWe formulate a minimization reward of gravitational moment about
CoMwith the centroid of locomotion feet (CoH as a pivot point

_Manipulation leg

) ] s CoM
AGravitational moment reward ofs e
_ —|My|/og o
— wMg X € 4\‘? Feetpolygon
Contac
, Where M, =7 x ¢ ‘&\ / /
',/ ® Conta,ci'
\I\Io contact ‘

COF:; 37 E'Qj-’ ??7 fy
wMg — 0.570-9 = 10 Z?O€@<ZJU a7 ZJ_O 1Y



Method! 1.. centroidiof iocomotion feete t
based gravitatitonah momentiminimizationon

AWhen moving manipulation leg, CoP based method lose its balance
since it tries to align CoP withCoM which is almost outside of feet

polygon

CoP based method CoFbased method
® CoF @ CoP @ Ground projectedCoM 43



LocomotiomPalicy

AFor adaptive locomotion with three legs, we propose two rewards

1. Centroid of locomotion feet CoBR based gravitational moment
minimization

2. Feet polygon area maximization

Locomotion
action

Locomotion

Privileged |
information |
i
|

Proprioceptive
information |
|




Method 2.. feet polygomareasmaximization

AAlt
PO
PO

nough method 1. robustly maintains theCoMwithin the feet
ygon, It is important to move theCoMfar away from the

ygon's edge.

Distance to edges. _ _
I\ =~

Projected CoM AN Y
\ ) \\__NT/
/\. "~ Feetpolygon IRREN
® l
O

Centroid of locomotion feet




Method 2.. feet polygomareasmaximization

APrevious work [1] minimize the maximum distance to make the
CoMbe center of the polygon

@ @

Maximum distance to edges Maximum distance to edges

| |

| |

1 \

\ \

. \T/ . \T/

S IWhat [1] want S
@ 1 [ [ IWhat could occur,
@ ®

[1] Luo, Zeren, Erdong Xiao, and Peng Lu. "Ft-net: Learning failure recovery and fault -tolerant locomotion for quadruped robots." RA -1-2023



Method 2.. feet polygomareasmaximization

AMaximizing the area of a triangle, which contains minimum distance
from CoFto each edge.

A IS the area of a triangle containing minimum distance to the edge

Minimum distance to edge ,’/
\ /
\ //
\ Phd
\ S e ____="- -
- NP Feet polygon area reward

‘//\' =wy x min(e/% —1,1)

wyp = 0.2,0, = 0.05

[1] Luo, Zeren, Erdong Xiao, and Peng Lu. "Ft-net: Learning failure recovery and fault -tolerant locomotion for quadruped robots." RA -1'2023



ManipulationranddaseccommandPolicy

AFor adaptive manipulation we propose
1. Projected target goal position reward

ALaM Policies
| Locomotion ——— i
L I part :
cg states —= > I :
o I Locomotion I Locomotion
Privileged I —> :
: . — A I action
information | !
| = |
Proprioceptive | & :
o . —l— —— ;| Base command
Information —> I -
I | | Mani. cma. L€ —> action
| % 'l . .
Task goal _>= o — 5| Polioy P Manipulation
anipulat o
I = l]selc i I+ / I aCtIOIl
| O !
sy ————

Other rewards are listed in the dissertation 48



Method 3. tangetigoallprojectionito
reachalilitysunface

Alf the target istoo far from the manipulator leg, the reward for the
reaching task saturates because the distance to the goal Is too large

AProjected goal position tracking reward =wg , X e~ lIGo=T5ll/on

B

, where, ¥z is manipulation foot position an€x g IS target goal position We = 5]

ATo handle this problem, we project the target goal to the point on

the reachability map boundary to prevent reward saturation.
,,,,, Reachability mapboundary

+ + :{t ++ ++ + - I
- + Pt V
N o et 4 T arget goa
by Target goal
s ’ ek o+ :*_:#
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Experimenttll .Movingenmanipulationleg-whilei standing

AMeasurement ofCoMtrajectory while moving manipulation leg

A Types of adaptivdocomotions

ANaive [1]: train adaptive locomotion without additional rewards
AFT-net [2]: VHIP angle minimization
AALaMcor. Minimization of gravitational moment about the CoP

AALaM(ours) : Minimization of gravitational moment about theCoF

[1] Rudin, Nikita, et al. "Learning to walk in minutes using massively parallel deep reinforcement learning." CoRL, 2022.
[2] Luo, Zeren, Erdong Xiao, and Peng Lu. "Ft-net: Learning failure recovery and fault -tolerant locomotion for quadruped robots.”" RA  -1..2023



Experimenttll . Movihgemanipulatioilegewhilei standing n g

AMeasurement ofCoMtrajectory while moving manipulation leg

Naive ALaMcopr

ALaM (ours) FT-net

52



Experimenttll . Mowvingemanipulatioilegewhilei standing n g

AMeasurement ofCoMtrajectory while moving manipulation leg

CoMtrajectory on xy-plane

©
—

Naive [1]

ALaMcop

axis position (m)
o

1
o
RN

\-

-0.1 0 0.1 0.2 0.3

ALaM (ours) X-axis position (m) FT-net [2]
[1] Rudin, Nikita, et al. "Learning to walk in minutes using massively parallel deep reinforcement learning."” CoRL, 2022. 53

[2] Luo, Zeren, Erdong Xiao, and Peng Lu. "Ft-net: Learning failure recovery and fault -tolerant locomotion for quadruped robots." RA -L 2023



Experimenttll Mowvingenmanipulatioivleg-whilei standing

AOur method achieves the most robusEoMmovement while
moving manipulation leg

OC8 AEOPI AAAI Al C O AGR e
X-axis Y-axis X-axis Y-axis
Naive [1] 0.019m 0.026 m 0.021748 0.02108
FT-net [2] 0.984 m 0.179 m 0.332112 0.032645
ALaMcop 0.765 m 0.111m 1.278416 0.089585
ALaM (ours) 0.004 m 0.006 m 0.00393 0.00623

[1] Rudin, Nikita, et al. "Learning to walk in minutes using massively parallel deep reinforcement learning." CoRL 2022.
[2] Luo, Zeren, Erdong Xiao, and Peng Lu. "Ft-net: Learning failure recovery and fault -tolerant locomotion for quadruped robots." RA  -142023



Experimenttll .Movingenmanipulationleg-whilei standing

AOur method achieves the most robusEoMmovement while
moving manipulation leg

Ty

Naive ALaMcop FTnet ALaM

—
<

RN
()
o

—
<

-
<
N

LN
<
w

Distance from origin (m)

—
<
N

[1] Rudin, Nikita, et al. "Learning to walk in minutes using massively parallel deep reinforcement learning." CoRL, 2022.
[2] Luo, Zeren, Erdong Xiao, and Peng Lu. "Ft-net: Learning failure recovery and fault -tolerant locomotion for quadruped robots.”" RA  -152023



Experimenti2.. Task:goalltracking iermorcexperiment:nt

AMeasure the goal tracking error within 5 meters to thexy-plane and
0.3 meters in zaxis centered on the robot.

~~
Y
~
~

S8

Manipulation leg ™A

Tracking error“\;“/ﬂ__i_é v/,
Taskgoal~—___ < /ﬂ'/‘\ /
(

Taskgoal heigh

[ 1] Ar m, Philip, et al. "Pedipulate: Enabling manipul ation sKki
Robotics and Automation (ICRA 2024). 2024. 56



Experimenti2.. Task:goalltracking ermorcexperiment:nt
AGoal tracking error is2.12cm in average, which is aboutiouble the
precision | £ OEA AAOAI ET A OAAEDOI AOA

Task goal error

6 Height 0.2m 3em 5 Height 0.3m 3em
4+ 4
ARelatively higher error rates for ol i
S0 Sof
task goals around 0.4m0.5m, i von Bol
. . . 4l 4
which are higher than its body . o 4
> s ° 4 x-pzositioon (%1) 40 e A x_gositPon (?n) o
S G - Height 0.4m Height 0.5m
4 6 3cm 6 3cm
.il 4+ 4
=\ EZ 2cm gz— 2cm
om So Sof
g-Z 1cm g.z- 1cm
-4+ -4+
I -6 Ocm 6 Ocm
- 4 x-pzositi%n (?n) ® e x_gosit?on (?n) ®
[ 1] Ar m, Philip, et al. "Pedipulate: Enabling manipul ation sKki

Robotics and Automation (ICRA 2024). 2024. S7



Experimentt3:. Task:goalltouchexperiment

AA comparison of reaching trajectory ofALaM (ours) and pedipulate[1]

AThe reaching task goals are positioned at evert 3@egree intervals,
with distances ranging from 1 to 5 meters from the central point.

White spheres: Reaching task goal positions
[ 1] Ar m, Philip, et al. "Pedipulate: Enabling manipuIS%tion



Experimentt3:. Task:goalltouchh experimentt

AOur method has similar result for the task goal at front and back

APedipulatetakes more time for back task goal since it can use only
front right leg as manipulation leg
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Experimentt3:. Task:goalltouechh experiment

AUnlike Pedipulate[1], our method demonstrates the ability to use
different feet depending on the direction of the task goal.
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Experimentt 4. Far distance goal

Alf the goal is far from the trained distance, Pedipulate [1] can not
handle
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Experimentt 4. Far distance goal

ABy dividing locomotion part and manipulation & base command
part, base command action learngoal direction
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Summary

AWe propose a novel method for maintaining balance for
pedipulation

ABy applying centroid of locomotion feet CoB based gravitational
moment minimization, our proposedpedipulation method
robustly maintains balance.

AExperimental result shows our method achieves the task goal
tracking approximately double the precision compared to the
SOTA methods [1].

[ 1] Ar m, Philip, et al. "Pedipulate: Enabling manipulation skill's



Future:directionn
ALarge language model (LLM) and vision language model (VLM) based
target goal generation
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