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Background

* A sequential decision making problem can be

formulated as a Markov Decision Process (MDP)
M = <S5, A, PWR, >

e S (state space)

* A(action space)

e P(state transition model)

 R: reward function

. discount factor

o



State Space (M = <S,A, P, R, >)

* S(state space)
* System’s state is constructed by concatenating the two agents’
individual states

Observable State Vector
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State Space (M = <S,A, P, R, >)

*S(state space)

e System’s state is constructed by concatenating
the two agents’ individual states

o ___ 5 Observable State Vector
S = [px y pya U:Ca Uy7 T] - R (position (x,y), velocity(x,y), radius)
h 4 Unobservable State vector
S T [pgx ’ pgya Uprefv w] E R (goal position (x,y), preferred speed, he:

)" = [s, §°] € R4



Action Space (M = <S5, A, P, R, >)
* A(action space):
*Set of permissible velocity vectors, a(s) = v

a(s) = v for ||v]|e < Vprer
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State Transition Model(M = <S A P,
R, >)

-P(state transition model)
* A probabilistic state transition
model

 Determined by the agents’
kinematics

* Unknown to us P(Sgilast a)



Reward Function (M = <5, A, P, R,
> )
*R: reward function
* Award the agent for reaching its goal
* Penalize the agent for getting too close or
colliding with other agent

—0.25 it d,;, <0
R(s'™ a) — —0.1 —dynin/2 elseif d, i, < 0.2
’ 1 else it p = p,

0 0.W.



Discount Factor(M = <S,|ﬂ, P, R,
> )
 Discount factor

v € [0,1)



Value Function

* The value of a state
*Value depends 9n

* "ycloseto1l
* We care about our long term reward

e ~Closeto O
. %e care only about our immediate reward

T
V* (S%n) _ Z,}/t.fupmf R(Sgnjﬂ*(sgn))
t=0



Optimal Policy
* The best trajectory at given state

m*(s)") = argmax R(sg,a)+

At Vpref /jn P(s)", 87" a)V*(s)™)ds)"
S

1



Value Function and Optimal Polic

From yavid Silver’s slid
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Value Function and Optimal Policy

*Every state s has value V(s)

*Store it in a lookup table
*In a grid world : 16 values
*In motion planning : Infinite values (b/c it’s
continuous state space)
e Solution:
* Approximate value via neural network



Value Function and Optimal Policy

[ R
Pt

From David Silver’s slide:



Value Function and Optimal Policy

V(s,w)

T
Y
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g(s,a,w)

T
A~
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Reinforcement Learnin
1.Train Value network using ORCA

2. Train again with Deep reinforcement Learning
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Collision Avoidance Deep

R 'ng
1.[Train Value network usin RCA

* Why pre-train?
- Initializing the neural network is crucial to convergence
- We want the network to output something reasonable
* Generate 500 trajectories as a training set
* Each trajectory contains 40 state-value pairs (total of 20,000

pairs)
o Back_propgnnfn tn Mminimiza niir lIncc fiinrtinn:

. 2
gming 52, (11 - Vi6t"sw)
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1.

Train again with Deep reinforcement Llaarning

Algorithm 2: Deep V-learning

1 Input: trajectory training set DD

2 Output: value network V'(-; w)

3 V(;;w)  train_nn(D) /Istep 1: initialization
4 duplicate value net V' + V /Istep 2: RL

5 initialize experience set £ <— D

6 for episode=1,..., N¢ps do

7 for m times do

8 Sp, Sg ¢ randomTestcase()

9 so:t; < CADRL(V), 8y, < CADRL(V)

10 Yors Yoi, < findValues(V”, so.¢, So:7,)

11 E + assimilate(E, (¥, )0, (jf,éj”)o:gf)

12 e < randSubset(F)
13 w < backprop(e)

14 for every C episodes do
15 L Evaluate(V), V' <+ V

16 return V
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Train again with Deep reinforcement Llaarning

Algorithm 2: Deep V-learning

1.

1 Input: trajectory training set DD

2 Output: value network V'(-; w)

3 V(;;w)  train_nn(D) /Istep 1: initialization
4 duplicate value net V' + V /Istep 2: RL

5 initialize experience set £ <— D
6
7
8
9

3~OG 6 S0

for episode=1, ..., N¢ps do
for m times do
> Sp, Sg ¢ randomTestcase()
so:.t; < CADRL(V), 8y ; < CADRL(V)
10 Yors Yoi, < findValues(V”, so.¢, So:7,)

11 E + assimilate(E, (¥, )0, (jf,éj”)o:gf)

12 e < randSubset(F)
13 w < backprop(e)

14 for every C episodes do
15 L Evaluate(V), V' <+ V

16 return V
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Train again with Deep reinforcement Llaarning

1.

Algorithm 2: Deep V-learning
@ ai 1 Input: trajectory training set DD
Iy G @ as S 2 Output: value network V'(-; w)
0 0 3 V(;;w)  train_nn(D) /Istep 1: initialization
a3 4 duplicate value net V' «+ V /Istep 2: RL
@ 5 initialize experience set £ <— D
6 for episode=1,..., N¢ps do
7 for m times do
8 Sp, Sg ¢ randomTestcase()
m) 9 so:t; < CADRL(V), 8y, < CADRL(V)
10 Yors Yoi, < findValues(V”, so.¢, So:7,)
11 E «+ assimilate(E, (¥, )0, (jf,éj”)o:gf)

12 e < randSubset(F)
13 w < backprop(e)

14 for every C episodes do
15 L Evaluate(V), V' <+ V

16 return V
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Train again with Deep reinforcement Llaarning

1.

s1 Algorithm 2: Deep V-learning
a
! @ ai 1 Input: trajectory training set DD
~ as 2 Output: value network V' (-; w)
ne © 80 5 : ,
S0 G 2 0 3 V(-;w) <« train_nn(D) //step 1: initialization
s @ a3 4 duplicate value net V' «+ V /Istep 2: RL
las 5 initialize experience set £ <— D
6 for episode=1,..., N¢ps do
7 for m times do
8 Sp, Sg ¢ randomTestcase()
) 9 so:t; < CADRL(V), 8y, < CADRL(V)
10 Yors Yoi, < findValues(V”, so.¢, So:7,)
11 E + assimilate(E, (¥, )0, (jf,éj”)o:gf)

12 e < randSubset(F)
13 w < backprop(e)

14 for every C episodes do
15 L Evaluate(V), V' <+ V

16 return V
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Train again with Deep reinforcement Llaarning

1.

3 s1 Algorithm 2: Deep V-learning
y I a
51 @ la1 ! @ ai 1 Input: trajectory training set DD
~ Q- G ~ S @ as 2 Output: value network V' (-; w)
( % S 1 S
S0 { las 2 0 3 V(-;w) <« train_nn(D) /Istep 1: initialization
as ® 5 - s @ as 4 duplicate value net V' «+ V /Istep 2: RL
las las 5 initialize experience set £ <— D
6 for episode=1,..., N¢ps do
7 for m times do
8 Sp, Sg ¢ randomTestcase()
m) 9 so:t; < CADRL(V), 8y, < CADRL(V)
10 Yors Yoi, < findValues(V”, so.¢, So:7,)
11 E + assimilate(E, (¥, )0, (jf,éj”)o:gf)

12 e < randSubset(F)
13 w < backprop(e)

14 for every C episodes do
15 L Evaluate(V), V' <+ V

16 return V
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Train again with Deep reinforcement Llaarning

1.

~ Algorithm 2: Deep V-learning
~ @ S14: Sla @
a aq 1 a . . . .
1 1 1 Input: trajectory training set DD
~ a- G ~ S @ as 2 Output: value network V' (-; w)
S 1 S
S0 ~ las e 0 3 V(;;w)  train_nn(D) /Istep 1: initialization
as ® 5 - s @ as 4 duplicate value net V' «+ V /Istep 2: RL
las las 5 initialize experience set £ <— D
- - = 6 for episode=1,..., N¢ps do
17 (80 + At UO) 51 = (SO + At a’”) 7 for m times do ’
8 Sp, Sg ¢ randomTestcase()
m) 9 so:t; < CADRL(V), 8y, < CADRL(V)
10 Yors Yoi, < findValues(V”, so.¢, So:7,)
11 E «+ assimilate(E, (¥, )0, (jf,éj”)o:gf)

12 e < randSubset(F)
13 w < backprop(e)

14 for every C episodes do
15 L Evaluate(V), V' <+ V

16 return V
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~ Algorithm 2: Deep V-learning
i @ S1d Sla, @ : —
1 ai 1 Input: trajectory training set DD
~ a- G ~ S @ as 2 Output: value network V' (-; w)
S 1 S
S0 ~ laz 2 0 3 V(-;w) <« train_nn(D) //step 1: initialization
as ® 5 - s @ as 4 duplicate value net V' «+ V /Istep 2: RL
las las 5 initialize experience set £ <— D
- - = 6 for episode=1,..., N¢ps do
1~ (80 + At UO) 51 = (SO + At a’”) 7 for m times do ’
8 Sp, Sg ¢ randomTestcase()
[Slal : 3~1a~1] m) 9 so:t; < CADRL(V), 8y, < CADRL(V)
10 Yors Yoi, < findValues(V”, so.¢, So:7,)
11 E «+ assimilate(E, (¥, )0, (jf,éj”)o:gf)

12 e < randSubset(F)
13 w < backprop(e)

14 for every C episodes do
15 L Evaluate(V), V' <+ V
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Collision Avoidance Deep

Train again with Deep reinforcement Llaarning

1.

~ Algorithm 2: Deep V-learning
aj @ S1a; Slal @ - —
1 ai 1 Input: trajectory training set DD
~ a- G ~ S @ as 2 Output: value network V' (-; w)
( % S 1 S
S0 ~ las e 0 3 V(;;w)  train_nn(D) /Istep 1: initialization
as ® 5 - s @ as 4 duplicate value net V' «+ V /Istep 2: RL
las las 5 initialize experience set £ <— D
- - = 6 for episode=1,..., N¢ps do
1~ (80 + At - 7o) s1.= (s0 + At - an) 7 for m times do ’
[ 8 Sp, Sg ¢ randomTestcase()
[81a1,8~1a~1] — | ‘ I- — Vi, m) 9 so:t; < CADRL(V), 8y, < CADRL(V)
10 Yors Yoi, < findValues(V”, so.¢, So:7,)
11 E «+ assimilate(E, (¥, )0, (jf,éj”)o:gf)

12 e < randSubset(F)
13 w < backprop(e)

14 for every C episodes do
15 L Evaluate(V), V' <+ V

16 return V
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1.

Train again with Deep reinforcement Llaarning

Algorithm 2: Deep V-learning

1
2
3

~ 3 as
GQ s e O :
~ ~ ~ 6
1~ (So + At - 0p) s1 = (so + At-ay) ;
[Slal Y S~1 CL~1] I a Vlal » 9
10
~ 11

[Sla27 Slcig] — | B V1a2

12
13
15

16

Input: trajectory training set D

Output: value network V(-;w)

V(-; w) < train_nn(D) /Istep 1: initialization
duplicate value net V' <V /Istep 2: RL
initialize experience set E <— D

for episode=1, ..., N¢ps do

for m times do

Sp, Sg ¢ randomTestcase()

so:t; < CADRL(V), 8y, < CADRL(V)

Yor, Yoi, ¢ findValues(V”, so.¢, So:7,)

E + assimilate(E, (y, Sjn)o:tf, (S’agjn)o:ff)

e < randSubset( F)
w < backprop(e)

for every C episodes do
L Evaluate(V), V' <+ V

return V
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1{Train again with Deep reinforcement Llaarning

~ Algorithm 2: Deep V-learning
- @ $1d S1lay @ . —
1 ai 1 Input: trajectory training set DD
~ Q- G ~ S @ as 2 Output: value network V' (-; w)
S 1 S
S0 { laz “2 0 3 V(-;w) <« train_nn(D) //step 1: initialization
as ® 5 - s @ as 4 duplicate value net V' «+ V /Istep 2: RL
las las 5 initialize experience set £ <— D
- - = 6 for episode=1,..., N.p,s do
1 & (80 + At - o) s1= (so + At - ap) 7 | for m times do ’
o 8 Sp, Sg ¢ randomTestcase()
[Slal : 3~1a~1] — | o Vi, ) 9 so:t; < CADRL(V), 8y, < CADRL(V)
10 Yors Yoi, < findValues(V”, so.¢, So:7,)
- 11 E + assimilate(E, (¥, 8" o, (7,8™) 0.7 )
[Sla27 31@] — | e —— Vieo F ma:v(Vlal, Vias, V1a3) — ! Y

12 e < randSubset(F)
13 w < backprop(e)

> Vig, 14 for every C episodes do
- 15 L Evaluate(V), V' < V

16 return V
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1{Train again with Deep reinforcement Llaarning

Algorithm 2: Deep V-learning
«
@ G @x @ @ 1 Input: trajectory training set DD
: value network V'(-; w)
S 2 Output: va ;
SO G/' @‘/ ® V\€> 0 3 V(-;w) <« train_nn(D) //step 1: initialization
@/ —~ 4 duplicate value net V' «+ V /Istep 2: RL
*‘/ G \’G \’* 5 initialize experience set £ <— D
6 for episode=1,..., N¢ps do
7 for m times do
8 Sp, Sg ¢ randomTestcase()
9 so:t; < CADRL(V), 8y, < CADRL(V)
) 10 Yo, Yoz, < findValues(V’, so..,, Sg.7,)
11 E + assimilate(E, (¥, )o:t 4 (jf,éjn)o:gf)

12 e < randSubset(F)
13 w < backprop(e)

14 for every C episodes do
15 L Evaluate(V), V' <+ V

16 return V
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1{Train again with Deep reinforcement Llaarning

Algorithm 2: Deep V-learning
—> —
@ G x @ @ 1 Input: trajectory training set DD
Iy G/' @ v\€> S0 2 Output: value network V' (-; w)
0 @ ® 3 V(;;w)  train_nn(D) /Istep 1: initialization
@/ ~ 4 duplicate value net V' « V /Istep 2: RL
*‘/ G \’G ﬂ* 5 initialize experience set £ <— D
6 for episode=1,..., N¢ps do
v5a3 V4a3 V3a3 V2a2 Vlal 7 for m times do ’
Ys Ya Y3 Y2 Y1 8 Sp, So + randomTestcase()
9 so:t; < CADRL(V), 8y, < CADRL(V)
=) 10 Yors Yoi, < findValues(V”, so.¢, So:7,)
11 E + assimilate(E, (¥, )0, (jf,éj”)o:gf)

12 e < randSubset(F)
13 w < backprop(e)

14 for every C episodes do
15 L Evaluate(V), V' <+ V

16 return V
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1{Train again with Deep reinforcement Llaarning

Algorithm 2: Deep V-learning
—0 .00 cctory tain
@ V'S 1 Input: trajectory training set DD
S G/' @ v\€> SO 2 Output: value network V' (-; w)
0 @ ® 3 V(-;w) <« train_nn(D) //step 1: initialization
@/ ~ 4 duplicate value net V' « V /Istep 2: RL
*‘/ G \’G ﬂ* 5 initialize experience set £ <— D
6 for episode=1,..., N¢ps do
V5a3 V4a3 V3a3 V2a2 Vlal 7 for m times do
Ys Ya Y3 Y2 Y1 8 So, 8o + randomTestcase()
‘ 9 so:t; < CADRL(V), 8y, < CADRL(V)
10 Yo, 370:%} « findValues(V’, sq.,, go:ff)
= ) 11 E + assimilate(E, (¥, )0, (jf,éj”)o:gf)
V5a3 ‘/210,3 V3a3 V2a2 V1a1 -
12 e < randSubset(F)
Ys Ya Y3 Y2 )l
E = 13 | w < backprop(e)
e o o 14 for every C episodes do
15 L Evaluate(V), V' <+ V

16 return V
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1{Train again with Deep reinforcement Llaarning

Algorithm 2: Deep V-learning
—> —
@ G @x @ @ 1 Input: trajectory training set DD
2 Output: value network V'(-; w)
S( 0 G/' @‘/ ® V\€> S0 3 V(;;w)  train_nn(D) /Istep 1: initialization
@/ —~ 4 duplicate value net V' «+ V /Istep 2: RL
*‘/ G \’G \’* 5 initialize experience set £ <— D
6 for episode=1,..., N¢ps do
7 for m times do
emmmm Backpropagatio 8 Sp, Sp « randomTestcase()
/N _ 9 9 so:t; < CADRL(V), g():gf + CADRL(V)
argmin,, ij:l (yk — V(s W)) 10 Yo, Yoz, < findValues(V’, so..,, Sg.7,)
| _ - 11 E <« assimilate ( E, (y,sj”)g: trs (ngjn)o:ff)
I / Voas  Viay, V3as Vae, Via 12 e < randSubset(F)
<N 3 A Ys Ya Y3 Y2 Y1
\V / m) 3 | w  backprop(e)
e o o 14 for every C episodes do
L _ 15 L Evaluate(V), V' <+ V

16 return V
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1.‘Train again with Deep reinforcement Llaarning

2.0¢
1.5 ::-. -0.5 — 'H:m
— heaa’mq
1.0} -1.0
0.5 -1.5
—_ 0.0 0.5 1.0 1.5 2.0 2.5
E 0.0} x (m)
> 1.0 0.579
-0.5 0.8 !
—1.0} EO 6
—-1.5 E 0.330
;’10.4
—2.0—— -1 0 1 2 0.2
X (m)

0.080

0

.0 0.2 04 06 0.8 1.0
v_x (m/s)




-4 -3 -2 -1 0 1 2 3 4 -4 -3 -2 -1 0 1 2 3 4 -4 -3 -2 -1 0 1 2 3 4 -4 -3 -2 -1 0 1 2 3 4
X (m) x (m) x (m) x (m)
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Result

5

extra time ¢, (s)

=

I

extra time t_ (s)

o

W

AS)

=

1
O

5
QORCA

CADRL " 4

CADRL w/ cstr E
o *'FJ'U 3

v

£

—
151 w m 2

e

e

>
v1

5 6 7 8
straight line time (s)

S

w o ORCA
O CADRL
CADRL w/ estr

straight line time (s)

ORCA
CADRL

CADRL w/ estr

+ o+

L + +

8 agents



Result

Test case configuration Extra time to goal t. (s) [Avg / 75th / 90th percentile] Average min separation dist. (m)
num agents | domain size (m) ORCA CADRL CADRL w/ cstr OCRA | CADRL | CADRL w/ cstr
2 4.0 x 4.0 046/045/70.73 § 0.27/033/70.56 § 0.31/0.42/0.60 0.122 0.199 0.198
4 50 x50 069/085/185 § 031/040/0.76 § 0.39/0.53/0.86 0.120 0.192 0.191
6 6.0 X 6.0 065/083/150 § 0.44/056/0.87 | 048 /0.63/1.02 0.118 0.117 0.180
8 7.0 x 7.0 096/133/184 §0.54/0.70/1.01 § 0.59/0.77/ 1.09 0.110 0.171 0.170




- KAIST
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Quiz

* Values are update after each episode (T/F)
' Value function needs to be trained with ORCA (T/F)

" ORCA path does not need to be optimal (T/F)
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