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Algorithm 1 Genetic programming

Input: Population size N, Selection parameter p®*P, Crossover rate po,

Mutation rate pmutation

1: Py < randomly generated N individuals >000
2: for generationi=1,2,--- do

3: Calculate fitness value of n € P; > 00
4: if the best individual of P; satisfies the termination condition then

5: Break

6: end if

7 Add the fittest individual to P;41 >O000000
8: while |P; 11| < N do

9: if x > p"*V, x ~ uniform(0,1) then
10: ny, ne — selection(P;) > 00
11: ny,ng < crossover(ny, ng, p=ros) >00
12: n1,ng < mutation(ny, ng, prutation) >O0000
13: Add ny and ng to Pt
14: else
15: Add randomly generated individual to P;11
16: end if
17: end while
18: end for

Algorithm 1000 [Segaran 08) 0000 GPOOOOODOOOOODOOOOOOOP;
D00:0000NOOOODpSssvegooooop™atongoOooooodpey 00
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2.3 Social Force Model

Social Force Modeld SFMO [Helbing 00| 0 00 0000000000000 000O000OO
gobobogoubbooobboooobobooobooobbbooobbooonoaa
goooobobobbbbddoooouooboboobobbuoooooon

SFMOOOOOOOOOOO0¢:00 (21)0000000000O0OOOOO0O0

dvi o)) —vilt)
f; = mig =m; . + Z fi; + ZfiW (2.1)
J(#4) w

0000m00000000000%% 00000000100 «(¢)000000e%(t)0
00000w(t)0000000#R, 00000000000 200 ;0000000 j(1)
oooboooooo 3o i o whobooooobooooo
oooooo200f;00300 fipy 00 (22)00 (23)0000000000
f,-j:{aiexp <rijgidij>+’}/g(7"ij—dij)}nij+/€g('f'ij—dz'j)AUfjtij (2.2)

repulsive force

) friction force ffriction
frepluslve k¥

ij

i —di
for = {ai exp <T W> +vg(r; — diw)} n;w + kg(ri — diW)AvatZ-W (2.3)

Bi
~ friction force f .f‘r,{,c“"“
. replusive g
lusive force f;
replusive s

ey =1 <0 24
x  (otherwise)

0000, 000000040000/,000000040000d;;=|r;—r,||/000000
04,j0000r; =r+r;00000004,j0000000ny; = (nj;,n3;) = (ri—1;)/di
0000000,004000000000t=(-n;,n;)0n;09000000000
0000Av; =(v;—vi)-t;00000004,,;0000000000000t,;0000
DO00000AW, =0-v;)-t;,w 000000000 WOO0O0000000000
t,w 000000000000 g(z)00 (24)000000000w,B:,7,«0000000
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Algorithm 20 SFMOOO0OODO ¢t00¢t+At00000000O0O00O0000O0BG00OO
O000000000At00000000000O00 (2)O0O0oOobOOoOoOooDoOoOoooOo
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04007000 A¢00000DDOCOOOOOOOOODOOCOOOOOOO

Algorithm 2 Agent coordinate update by social force model
1: for i € [1,N] do

vp (t)ed (t) — vi(t) N 2 fis L 2w fr

Ti my m;

N

a;(t+ At) + > Update acceleration
end for
At + 0.01
while max; |a;(t + At)|At > 0.01 do > Adjust time increment
At < 0.95A¢
end while
for i € [1, N] do
vi(t + At) «+ a;(t + At)At + v;(t) > Update velocity
10: X (t + At) « v;(t + At) At + x;(t) > Update coordinate
11: end for
12: Lt + At

0210 SFMO0O00O000000OO0OO0O00OO0OD0OOO [Helbingo0]OOOOOOOOO
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O 2.1: Social forcemodel OO0 OO 0O0O0OD0ODOOOOO

Parameter ValueO

m; 80[kg] O

Vo 1[m/s] O

Ti 05[8]

o 2 x 103[N] O

Bi 0.08[m] O

v 1.2 x 109[kg/s?] O
K 2.4 x 10°[kg/ms] O
7 [0.25,0.35][m] O

24 0000000

000000 NOOODOOOOD00O0<S,A,Pr,Py,y>0000000000000
00 [Sigaud 10)0S00000000A=A;x---xAy0000000000000000
P:SxAxS8—10,100000000r:SxA—>ROODODOOO0:0000PR 00
0000004000000000000000000000:0000 m:8x4; —[0,1]
000000000000000+000000000000000 —000000000
00000000000000000000000000

25 0O0O0O0OO

O000000IRL : Inverse Reinforcement LearningD 0 000000000 OOOOOO
0o0oooooOd <S,APR,y>\r0000000000D00O0OOOODOOOO T =
(st,a;)L,0000000000000000D000D0O0O0ODOOOOOOOOO0OOO
00000000000 00000000000000DO0OD00000O00000oDoO0O
oooooooo

IRLOOOOOODOO0ODO0O0O0ODOO00DO0O00DoooooooooDooooooon
O00000000O00ORussellJ00O0O00O [Russell 98]0 000000 O0OOOOODOO
00000 [Ng 00, Ziebart 08, Ramachandran 07) D 00 000 OO [Zhifei 12, Arora 18]0
0000 IRLOODOOODOOO0O0DOODOOO00DODOOO000000O0O0000OoO0OO000n
O00000000000000D000 Maximum Discounted Causal Entorpy IRLO MDCE
IRLO [Zhou 18] DO OO0

MDCEIRLOOO0O00000 f:SxA—RFO0O0O0D0O00000O000O00 00O
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00000 -0000000000 (25)000 (28)00ooo0oOoOO

max aH () (2.5)
st. foe=1Fx (2.6)
m(als) >0 Yaec AseS (2.7)
D wals)=1 VseS (2.8)

acA

00000 (25)00 (2900000000 0000000 H(x)OOO «0O0O0O0O!
00000000 (26)00(210)00000000000 f,00000000000 (2.7)0
0 (28)000000000000D000000F,,00000000000000000
0o0oo

H(m) 2 Ep, pr [Z —~'logm at|st)] (2.9)

t=0
_Eghpﬂ[§:7 shat] (2.10)

MDCEIRLOOOOOOOODOOOOO (211)000000

moin L(e) = mein [max aH(m) + GT?W] —0'f. & (2.11)

MDCEIRLOOOO0O0O00000000000000000000006#cRFOOOOO
00000000 r(s,a)=80" f(s,a)00000 [Zhou 1800 (2.11)000000000
000000000 VLO)=f,—-f,0000000000000000000 (2.11)
0000000000000 Inner Loop000000000000000000000
D000000000000000000000 [Haarnoja17/000000000000
D00000000000000000000000 (212)000 (214000000

 als) = oxp (1 (Q"(s.0) =V o)) (2.12)
Q*(s,a) = 0" f(s,a) + Z P(s|s,a)V*(s) (2.13)
s'eS
s) = alog Z exp <;Q*(s, a)) (2.14)
acA

'J0000000D00000000 «000000 (211) 0000 « 0000000000 07 £(s,a)
0000000000000 o00ooU0oD0000a—-000000 (2.13)00 (2.14) 00000 Soft
Bellman 0000 Bellman 000 000000000000 OO [Ziebart 100 0000000000ODOOO
00o0o0oooUo0oO0o0oOo0o0ooOoUoO0oOoUOUO0DO (212)0000000DO0OO0O0OOOOO
goboooobooob0otdeb0bOoooooboboooboobobooobobbobbobboboboboboODo
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Algorithm 5 Estimation for membership and reward

Input: DF, Feature vectors {f;.}, #Group K
Output: Reward and miximing weights {0}, {w;}

10:
11:
12:
13:
14:

Initialisation
0 <0 Vk, w1 VI
Frm® = 31 Dicoy(h) 2o(san)rs V fi(st,ai)  Vk
for k=1,...,K do
7 < HeteroSoftQ (0, m—x;1) VI € L(k)
end for
Estimation
for Iteration =1,2,... do
Update Eq. (7.12), Eq. (7.15), Eq. (7.13) VI
for k=1,..., K do
Update Eq. (7.14) for k
7 <— HeteroSoftQ; (0, m_k1) VI € L(k)

sample

Sample D, from m;
DIIS — DE U Dlsample
end for
end for

> Parallel execution

Algorithm 6 Heterogeneous Soft Q-learning for group k in membership [

Input: Set of agent N, (belonging group k), Reward weight 6y, Other agent’s policy 7_;,

1:
2
3
4
5:
6
7
8:

Entropy coefficient «, Temperature for exploring

for episode =1,2,--- do

while reach terminal state or max step do

Sepearte exploring and greedy agents according to the current temperature

Select actions for all agents

Collect sample {(S;+, @i, Sit+1) ien;, and update Qg

Decrease temperature and learning rate
end while
end for
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