AT HERAEER

B MBI 2 X XS 2 W

BEhaRy hFESF—>a v

-28 3R] Meta-Critic ZF|H L 728 FEOMGF & RS R
KRB LNKRE),

OfFafaft CLMKRTF),

5 C D GG S k-

EHE CUNRE),

RAG OUNKREE) |, BINGE LR

Mobile Robot Navigation in Crowded Environments with Pedestrians

Using Meta Reinforcement Learning

-Investigation of a Meta-Critic Learning Approach and Evaluations in

Unseen Environments-

O Yuki Hyodo (Kyushu University), Kohei Matsumoto (Kyushu University),

Yuki Tomita (Kyushu University), Haruto Nagahisa (Kyushu University),

and Ryo Kurazume (Kyushu University)

Abstract:

With the growing demand for mobile robots, ensuring their safe and efficient operation in dynamic environments

that include pedestrians has become a critical challenge. Recent approaches using deep reinforcement learning have shown
promise; however, a major limitation is the degradation of performance in previously unseen environments. Therefore, rapid
adaptation to such situations is required. In this paper, we investigate whether meta-reinforcement learning enables performance
improvement with only a small number of trials in unseen scenarios. Furthermore, we examine the effectiveness of employing
our proposed method, which dynamically switches between learning-based and rule-based strategies, as a data collection
mechanism. Specifically, we evaluate whether utilizing the data collected when switching to the rule-based strategy as unseen
data for the learning-based model contributes to improved adaptability.
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Fig.1 Overview of meta-critic based learning method
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Fig.2 Architecture of proposed method
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Algorithm 1: Meta reinforcement learning algorithm

using meta-critic

1 Input offline dataset din, dval
2 Initialize ¢, 6, w

3 for each iteration do

4 for each step do

5 Sample mini-batch d2 from dy,

6 y=r(s,a) + YEy o [min;=; 2 Qi (s’,a’)]

7 0 «— argming Edfn [(Q@(S, a) - y)2]

8 Lacior = log mg (als) exp (%W)

9 Luneritic (23 0) «— % SN\ fu (7 (si), 50, a;)
10 Pold = ¢ — 1V g Lactor

1 Gnew = Pold — NV ¢ Lincritic

12 Sample mini-batch d; from dy

13 Luneta(dZ}; dolds Pnew) =

tanh (Lacmr(df;l; Pnew) = Lactor (dZ 3 %m))

1 ¢ — ¢ —n(VgLacior + V¢ Limcritic)

15 W — ® -1V Lneta
16 end
17 end
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Algorithm 2: Online fine-tuning algorithm using

meta-critic

1 Input learned parameters ¢, 6, w

2 Switching model trained on a dataset D consisting of
200 episodes in the square-crossing scenario using
ORCA

Explore new environment using switching method and

w

store 1 episode of switched data as d?

4 for each iteration do

5 for each step do

6 y=r(s,a)+yEgs[min;= 2 Qgi(s’,a’)]

7 0 «— argming Eyz[(Qo(s,a) — y)?|

8 Lacior = log ms(als) exp (%W)
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(a) Numerical comparison of performance improvement rates with the evolution of success rate, average arrival time, and average
return during online fine-tuning

F FRHER [%]T SEgEERE [s1) AR T
Ostep 100step  ZA{L3E [%] Ostep 100step  Z{L3R [%] Ostep 100step ZAtE [%]

AWAC-LB 504+9.6 6.8+18.9 -87.0 9.70 £0.07 26.52 + 6.67 +173.4 0.211 £0.070 —0.041 +0.101 -119.4
AWAC-SW | 50.4+9.6 52.8+239 +4.8 9.70 £0.07 11.40 +3.80 +17.5 0.211 £0.070  0.233 £ 0.157 +10.4
Mcritic-LB | 47.9+64 03+1.7 -99.4 10.08 £ 1.26  29.43 + 3.00 +192.0 0.184 £ 0.053 —0.066 + 0.044 -135.9
Mcritic-RB | 47.9+6.4 56.9+4.0 +18.9 10.08 £ 1.16 12.01 +2.65 +19.1 0.184 +£0.053 0.251 +0.127 +36.4
Mcritic-SWa | 47.9+6.4 56.1 +20.0 +17.1 10.08 £1.16 11.09 +2.15 +10.0 0.184 £0.053 0.258 +0.127 +40.2
Mcritic-SW | 47.9+6.4 62.1+194 +29.6 10.08 £ 1.16 11.68 +2.35 +15.9 0.184 £0.053 0.291 £0.123 +58.2
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(b) Progression of success rate (left), average arrival time (center), and average return (right) during online fine-tuning
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(c) Qualitative evaluation of robot and pedestrian trajectories at each update step

Fig. 3 Performance comparison table and results of online fine-tuning

REZERLTVWS. £3@ IS4V 774 Fa—
=V IRDEFEDORT Yy FHE 100 27 v FHDK
W, FHEERME, PN OBERE e 2 0%
BERLTWS., AT, KHOMEENTERX, 100 =¥
V—RODET A MBI HIEHERFEERT. ZOHKRE
5 %F, AWAC-LB, Mcritic-LB @ X 5 1228 R — 12
X2HRDATT =2 2L LGS, Wb aEs
KIBIETRLTWAZehbhs., ZOZers5HET
A MTHWIDMIEFE T — R e B ERS T —XT
HolzZ bbb, FLTZEOMAIODFIETIHRE

kg3 2, wIndRIE L EHEFEICBWT, *
BEMM E L. BB LAEX XML FERZIVTAD
AWAC-SW & Ll U TR ¥ SEEIRE THICHERED &
hE kL TW/z. RFIZ Mcritic-SW {1 iR T 29%, F
YINZE T 58% DMREM ¥ 72 o /2. T #LlE Meta-critic &
FRALZFE YD BEZAFETOT —2NEIIBWT,
N—= N R=ZY DD o727 —ZDAEZEHITH NS
T THMERBLIARFEREO T — 2522 B LT ko
FRERTHBZEEZS. LrLl, FHRERRMICEEL T,
WIND 0RATy FICHRTEWER -2, ZHhiE
F2FA4 YT 7 AT 2 — = T TR ER R A
ElhkY, —EHEN TR TLE-EZ EDBERKTH
2rEZLNG. YDBZFRICEST—RIRICLD,
PERDBIEE D7 7 4 »F 2 —=2 2 BT 3R
TORBEEEML, X5ICXXELFEE Yy UTIRETIE
ZHWSZ 2T, REFRECHMEEZM ELEEEZ 2L

DMARETH B EZLNS.
3.2 _2%1‘/54‘/7 FAVFAa—Z2IDEMN
il

AR TRBEL XA ZBICEEFEDLT I T 74
VFa—Z BV, ~EEHRATy ST on
Ry b BITEOBHEBOEMliEZITS. 7 A MR
5l circle-crossing & 7=V 4, Social Force Model (250
WTATENT 25178 S ADBRTET 2 RIEE 5. K 3(c)
BAYIAY T 74V Fa—=U X BEH 100 R
Ty B E, 20 ATy FZeduRy b EBITED
MMDFERTH 2. ZOMEDPS 40 A7 v TETIER
Ry b BITHEOEENFEEL TWVWED, 60 2T v FLL
FiZoARy hOBMPNIFE TS F Y ATE LSO 0T
NbuRy MIBITEEZMEGEL 25 BRI EET X
TW3., L2LAEds 80 AT v FIzB28Hioa Ry
kDG, 100 2T v T3 T — A HEDEEDIR
KRN, TS IFBUEFAMIC BT 2 Fg2ERHE O
HEEETOFRED—>THE L EZILNS.

4. &S

AT, BTHFREMEE MBI 2880 Ry M
V5 —>a i LT, X &b IicEHEIWEFiEE
RBEL, ¥YERR ELR 2 RKREEHERE COMtER L3
FRADZ 0 ERAE LTz, X ZELEE 0¥ HEL L
T, RERICFEE BT 21T E 7 L KR
BN 72 185 BAR T H B Meta-critic ZIBI L, Z OHiB)

- 1694 -



BREZDOODEZ=2—F 1%y Y- THELT 25D
T®H - 7. Meta-critic # VW2 Z 2T, 287 —X &
%57 — X THIMELE 725 X 5 BREHNTIR D X 51
YR EDDZEDARETHD, REFORETH MR
M EZ2ERTLIENTEL. FLBRICERL LYY
N=REN—NR=2DY) DX Fik% TR HER
BEeRRT 25T, REFDOT—RZHMRINTIEL,
X5 MM Lo RIAD B 2 R L. S1RIZA
BOEBENRS T VA DENEEDZRRRETT X b
TELXICETNVERBL, HEETHMRER L]
REDLDMGEZATS . 72> F U ADFRNCED ZIREET
b VERE &2 MERF X 72 107 _E 23 Al e A ke A 72 2 W A\ D IRIR
LMETT 5.

BE R

[1] C. Finn, P. Abbeel, and S. Levine. Model-agnostic Meta-
learning for Fast Adaptation of Deep Networks. Proceed-
ings of the International conference on machine learning.
(2017), pp. 1126-1135.

[2] W. Zhou, Y. Li, Y. Yang, H. Wang, and T. Hospedales.
Online Meta-Critic Learning for Off-Policy Actor-Critic
Methods. Advances in Neural Information Processing
Systems. Ed. by H. Larochelle, M. Ranzato, R. Had-
sell, M. Balcan, and H. Lin. Vol. 33. Curran Asso-
ciates, Inc., (2020), pp. 17662—-17673. urL: https://
proceedings . neurips . cc / paper_files / paper / 2020/ file /
cceft8faa855336ad53b3325914caea2- Paper.pdf.

[3] K. Matsumoto, Y. Hyodo, and R. Kurazume. Crowd-
Aware Robot Navigation with Switching Between
Learning-Based and Rule-Based Methods Using Normal-
izing Flows. Proceedings of the IEEE/RSJ International
Conference on Intelligent Robots and Systems (IROS).
(2024), pp. 4823-4830. por: 10.1109/IROS58592.2024.
10802676.

[4] C. Chen, S. Hu, P. Nikdel, G. Mori, and M. Savva. Rela-
tional Graph Learning for Crowd Navigation. Proceedings
of the IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS). (2020), pp. 10007-10013.
arXiv: 1909.13165.

[5] A. Nair, M. Dalal, A. Gupta, and S. Levine. Accelerat-
ing Online Reinforcement Learning with Offline Datasets.
CoRR abs/2006.09359, (2020). arXiv: 2006.09359. uRrL:
https://arxiv.org/abs/2006.09359.

[6] C. Chen, Y. Liu, S. Kreiss, and A. Alahi. Crowd-robot
interaction: Crowd-aware robot navigation with attention-
based deep reinforcement learning. Proceedings of the
IEEE International Conference on Robotics and Automa-
tion (ICRA). (2019), pp. 6015-6022. por: 10.1109/ICRA.
2019.8794134. arXiv: 1809.08835.

[71 Y. Chen, C. Liu, B. E. Shi, and M. Liu. Robot Naviga-
tion in Crowds by Graph Convolutional Networks with
Attention Learned from Human Gaze. IEEE Robotics and
Automation Letters 5.2, pp. 2754-2761, (2020). por: 10.
1109/LRA.2020.2972868. arXiv: 1909.10400.

[8] J. Van Den Berg, S. J. Guy, M. Lin, and D. Manocha.
Reciprocal n-Body Collision Avoidance. Proceedings of
the International Symposium of Robotic Research. (2011),
pp. 3-19. por: 10.1007/978-3-642-19457-3_1.

[9] D. Helbing and P. Molnar. Social force model for pedes-
trian dynamics. Physical review E 51.5, p. 4282, (1995).

- 1695 -


https://proceedings.neurips.cc/paper_files/paper/2020/file/cceff8faa855336ad53b3325914caea2-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/cceff8faa855336ad53b3325914caea2-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/cceff8faa855336ad53b3325914caea2-Paper.pdf
https://doi.org/10.1109/IROS58592.2024.10802676
https://doi.org/10.1109/IROS58592.2024.10802676
https://arxiv.org/abs/1909.13165
https://arxiv.org/abs/2006.09359
https://arxiv.org/abs/2006.09359
https://doi.org/10.1109/ICRA.2019.8794134
https://doi.org/10.1109/ICRA.2019.8794134
https://arxiv.org/abs/1809.08835
https://doi.org/10.1109/LRA.2020.2972868
https://doi.org/10.1109/LRA.2020.2972868
https://arxiv.org/abs/1909.10400
https://doi.org/10.1007/978-3-642-19457-3_1

	緒言
	提案手法
	モデルアーキテクチャ
	学習アルゴリズム
	オンラインファインチューニング

	シミュレーション実験
	オンラインファインチューニングの数値評価
	オンラインファインチューニングの定性評価

	結言

