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Task Planning Algorithm with Graph-based
State Representation

M. oAl
Seongwan Byeon', Yoonseon Oh'

Abstract: The ability to understand given environments and plan a sequence of actions leading to goal
state is crucial for personal service robots. With recent advancements in deep learning, numerous
studies have proposed methods for state representation in planning. However, previous works lack
explicit information about relationships between objects when the state observation is converted to a
single visual embedding containing all state information. In this paper, we introduce graph-based state
representation that incorporates both object and relationship features. To leverage these advantages in
addressing the task planning problem, we propose a Graph Neural Network (GNN)-based subgoal
prediction model. This model can extract rich information about object and their interconnected
relationships from given state graph. Moreover, a search-based algorithm is integrated with pre-trained
subgoal prediction model and state transition module to explore diverse states and find proper
sequence of subgoals. The proposed method is trained with synthetic task dataset collected in
simulation environment, demonstrating a higher success rate with fewer additional searches compared

to baseline methods.
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[Table 1] Model prediction results on test dataset

Random GNN
GNN LLM Search Search
PSR 0.294 0.538 0.877 0.949

[Table 2] Simulation experiment results

Random GNN
GNN LLM Search Search
PSR 0.29 0.50 0.78 0.91
ESR 0.25 0.42 0.72 0.87
ASR 1.000 1.093 1.548 1.104
= LM} 2 A 2 =10 WS el r R EA)
Atole] #A ARE & olad = 7] Wi o® FSHrh
Random Search®} H] 0l &S i 9F 7% AL S A5S 715
Sk ol AR S5 AIY B o5 o] Bpo] et
G 7bsAo] ¥e WioE BAS fiEsly] uhizolch weh

At W] A 25 A8 7Fs S A5s] 9l Al
Bl o)A gl A o] A3S 1 asIlT) AlEw o] 3
NVIDIA GeForce RTX 3060 GPU”} &A% ¥ A 2sE| o] Mo
T-=3h ek AlEdo] = Isaac Sim 2023.1.1 A& AF&-3}
331, 252 Universal Robots2] URSe S AFE-313Ic) 23k 1
2] RobotigAke] 2F-1408 28515131, 74 #1535 9%

uk2 57l eb b EHo] B2 Tl aL, A g vt uk2so] ]
o} B deshA Al 24 AlE A5l tisiARk
B7Fs7] S18) =419 912 A &t dvkal 7ol
Lk 2o B Ao =4 glo]H 2]l Moveit! ]
A A g8z RRT7 |9 e] B3 A7) & 288191

[Table 2]3= Wla w2l AlEeo]d A3 435 vl A3
olt}. o714 A& A} ObA 42783} npRT A = B =Rl A
AATEE o] BE Aol A 7P T AeS 75T
ZNEA © & ESRoO| PSRe|| M]3l H2 25 BT, o=
Lelof A o S8 Al 8-S 25| sk ol B A
o] R 3kst wiit o= Ak 12} PSRoY| td ESR
235 5} #-2 Random Search”} Ours XU} & ZA] e
o= Bl A B g gk Al B3 E Al Fd v] Wol X3

A A As) 7FsAl o] e &el7)r] wji-o|t) ASR

i

e

dhor

=
T

0.8

Lol
o
'

Success Rate
o

IS

'

—e— GNN(PSR}
-#- GNN(ESR)
0.2 —% LLM(PSR)
-4~ LLM(ESR)
Random Search(PSR)
Random Search(ESR)

—e— GNN Search(PSR)

0.0+ -#- GNN Search(ESR}

2 4 6 8
GT Plan Length

[Fig. 5] Simulation experiment results for task step length

oHH] WS W= GNNoJ 1,002 7P =2 AnfS 1 G| v
PSR¥} ESR-E 77} 0.299} 0.25 2 w9 whe 222 7] =519)
ok o= A A1) lole 2 kA el Heolrt #A
U A 38 oS o] S5l 2]l Ak Aq-ellvt
EAE Z 5 A7) W02 3490k LLMO] 790l Ours
o} H|528k ASRS 715 gAINF PSRZ} ESRe tisfiAl= ok
40%4 = 52 A5 WA of= LLME. o] few-shot 33
IR O T AFTHE oAl AYS v o s A& AL o
ol el Alel] vl L5 71 A 8] A E| A o7 wf o = 1)
o} e B Ale] E2] 4] P HRE G o]sahA] &
sk 237H A B 497 USAT oS 501 Box 1°] Box 2
9ol 521 790l Box 28 F-&  flrke 23e] Fo R
ol .= E75131 Box 25 PickaF L}, o1 Box & F3L 9= Al
oAl T2 Box & F+= Al o] REEo Xtk WA A9kl W2
T o) e 2AE I ARE Folal|E 4 ), #
A8 dare)Fell A HiE el e mdehs WEko w Al &

}_,

EE Aesly] o] v 7k A E4E ARG 5 sk
Wb £ = i0] o] Bl Fal 29 A8 A 3L ol
WAL AR S A B oS B B9 B Ha
om Faysle] B ad AL 2 5 9182 Flsglnk

U}&-© % [Fig. 5]°14] GT Plan Lengtholl & A3} of A
H] w5} T 7] 4] GT Plan Length= S 718l 9] Aol & 9
nlghe), My o & et A glo] Zo|7b F7hekE PSR}

[¢]

ESRo| 7123k B2 1girh GNNEHe] 490t o
B Zol7h2 Ei 42 e Aol v B Es e e 3
Q% 4 glek. o= W elo] ek o]l st Ak 4l
SR S AR T 5 ) oz S 3G nd B
ot AR BE %] A4l nguA o) dRel
8 Aol ZE B8 wke] Btk A5 AF olo] 37}
ol wWhE PSR 74 A H L A3, the vl sLw o] vl



202 =yaks) =22 4197 A2E (2024, 6)

Ours7}7F 27| 7233l wheta
o] BoFh Aol tieliM = e 2

4

58 &

of =A| Afolo] BAol that S WA A o=

ASe) FLES oS3, ol Aelstol AN BEES T
She A L ol BAIZ aSgoan 49 Asle) BE

14 A o] P2 Fol7] Sl ofe] 7Fs
e,

P
=

[
A%
H
Ol
= 2
N
J

ok
L
o o

o o m

9, do
o
)

2
2
fru
fz
> o
o
tlo

o2 A

L ¥
S
ol
rr
ah
[o

o oot
o o
ul
il

g
2
()

I~

o

> o H
)

s
Iz,
L o
o

iy
ox
et
¥ b

2
>,

i o
O
o
o

:O,L_"
23]
30 g

o

I

B L )
>
>,
2

£ I
Ay

Ol
—_

fol
o
© 4 o L oo

o
oF

ofN Kkl

2
Q
N

Y

i)

O o
o 2 oy
s

ol

-

o ol
o
2

2
£
i
>
30,
|

i)

J I
_°|L‘

o N
o %
o o
ok
R
w
£
)4_I_4
j&gﬂr&
ol—}JO"?“
jgo}iﬂ
R
o '
_?L'—%o?;om
I )
4 2
& o
o S
& K o
o
i
o

ol
o
=2
=
e,
r]I.
ot
olf
iV
o
o
of\
e
2
ol
o
ful

References

[1] M. D. Graaf, S. B. Allouch, and J. V. Diik, “Why do they refuse
to use my robot?: Reasons for non-use derived from a long-term
home study,” 2017 ACM/IEEE International Conference on
Human-Robot Interaction, Vienna, Austria, pp. 224-233, 2017,
DOI: 10.1145/2909824.3020236.

[2] H. Guo, F. Wu, Y. Qin, R. Li, K. Li, and K. Li, “Recent Trends in
Task and Motion Planning for Robotics: A Survey,” ACM
Comput. Surv, vol. 55, no. 13, pp. 1-36, Jul, 2023, DOI:
10.1145/3583136.

[3] M. Ghallab, C. A. Knoblock, D. E. Wilkins, A. Barrett, D.
Christianson, M. T. Friedman, C. Kwok, K. Golden, S. Penberthy,
D. E. Smith, Y. Sun, and D. Weld, “PDDL — The Planning
Domain Definition Language,” Technical report, Yale Center for
Computational Vision and Control, 1998, [Online], https://www.
researchgate.net/publication/2278933.

[4] C. Paxton, Y. Barnoy, K. Katyal, R. Arora, and G. D. Hager,
“Visual robot task planning,” 2019 International conference on
robotics and automation (ICRA), pp. 8832-8838, 2019, DOIL:

10.1109/ICRA.2019.8793736.

T. Silver, V. Hariprasad, R. S. Shuttleworth, N. Kumar, T.
Lozano-Perez, and L. P. Kaelbling, “PDDL planning with pret-
rained large language models,” NeurIPS 2022 foundation models

—
W
[

for decision making workshop, 2022, [Online], https://openreview.
net/forum?id=1QMMUBA4zf], Accessed: Apr. 23, 2024.

[6] J. Zhou, G. Cui, S. Hu, Z. Zhang, C. Yang, Z. Liu, L. Wang, C.
Li, and M. Sun, “Graph neural networks: A review of methods
and applications,” Al open, vol. 1, pp.57-81, 2020, DOIL: 10.1016/
j-aiopen.2021.01.001.

[7] T. Silver, R. Chitnis, A. Curtis, J. Tenenbaum, T. Lozano-Perez,
and L. P. Kaelbling, ‘“Planning with learned object importance in
large problem instances using graph neural networks,” Procee-
dings of the AAAI conference on artificial intelligence, pp.
11962-11971, Sept., 2021, DOIL: 10.48550/arXiv.2009.05613.

[8] K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for
image recognition,” Proceedings of the IEEE conference on
computer vision and pattern recognition, pp. 770-778, 2016,
DOI: 10.48550/arXiv.1512.03385.

[9] J. J. Kuffner and S. M. LaValle, “RRT-connect: An efficient
approach to single-query path planning,” Proceedings 2000
ICRA. Millennium Conference. IEEE International Conference on
Robotics and Automation. Symposia Proceedings (Cat. No.
00CH37065), San Francisco, CA, USA, pp. 995-1001, 2000, vol.
2, DOIL: 10.1109/ROBOT.2000.844730.

Hy 2
2022 getETistar 7| A1 S S8

202287 BNk GHAATI

(HAR1)
il b
Ao} Task Planning, Al
e M

2011 Agdfen 17 guFsEhh
2018 Al&tietal 7135 S (EAD
2018~2019 Brown University BFA} 5= 91191

2019~2021 =737 =7
Afs2 5ot A

WY
2021 F=Ap7ledyd AsERaTe AddTd
2021~%A et ST i

Aok Task Planning, Human Robot Interaction





