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MAPF Problem

e Graph G = (Vertices, Edges)

e Asetof NV agents

e Path p; from start to goal location

e min Y, delay(p;)

Assume: No vertex and edge collision
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Warehouse Robots
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From Planning to Sequential Decision Making

Planning  Agenti @—»@ —»@

ay ~ mialsy) ai~ m(alsp)




Planning v.s. Reinforcement Learning (RL)

e Planning, e.g., Conflict based search (Sharon et al., 2015), uses global information

o L4 Pros: Optimality
o X Cons: Scalability; Efficiency

e RL,e.g.,learns a function 7(a|s) to tell what action a to take at a state s, makes

local decision

o L4 Pros: Scalability; Efficiency during execution

o X Cons: May hard to learn
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Characteristics of RL

Machine Learning, e.g., supervised Learning

Linear No linear relationship
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Classification Regression

* fo(@) (0={a,b}).eg, a'Z+b
o Make i1t Non-linear: stack linear and non-linear layers

e Update parameters: Fit many (#,y) to update . min (a'Z + b — y)?



Characteristics of RL (Continue)

What makes RL different?

e No label (no supervisor), only a reward signal (given by the environment)
e Time really matters (sequential, non 1.1.d data)

e Agent's actions affect the subsequent data it receives

e Feedback is delayed



Single agent RL

maXE[Z;’iO tht], v € (0,1)

Major Components o,

observation action

A,

e Policy 7r: mapping s to a
o a=m(s)ora~ mw(-|s)
e Value function (goodness/badness of states)
V7(s) = Ex|Ri11 + YRi2+. .. |St = s
Q" (s,a) = Ex[Ri1 + YRio+. .. |Sy = 8, Ay = af
V7 (s) = Ex|Rey1 + YV (5t41)[St = 3]
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Find Optimal Policy: Value/Policy Iteration

starting
V r
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Value/Policy Iteration

LT

—| -

11

/1 )

-—

—_

V. for the Greedy Policy

Random Policy wrt Vg
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Reward function

Start

Goal

Objective in RL:

max [E { > Y R(s, at)}

Objective in Path Finding:
min total steps (max —1 X (total steps))
Reward:

r(sy,a:) = —1
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Reward function

Objective in RL:

max [E { > Y R(st, at)}

Objective in Path Finding:

Start

min total steps (max —1 x(total steps))

Goal

Reward:
T‘(St, Cl,t) = —1
Can we set the reward as (v = 0.99)
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Prominent RL Algorithms

Value-based

e 7*(s) = argmax, Q*(s,a)

e Q-learning (Sutton & Barto, 1998), Double Q-learning (Hasselt, 2010)
Policy gradient-based

e update 7 towards higher value of Q(s, a)

e Asynchronous advantage actor-critic (A3C) (Mnih et al., 2016)

e Deep deterministic policy gradient (DDPG) (Lillicrap et al., 2016)
e Proximal policy optimization (PPO) (Schulman et al., 2017)

Soft actor-critic (SAC) (Haarnoja et al., 2018)
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action

Mlllti-Agent RL observation

A!
e [.earn from interaction with the

environment (exploration)

e The environment contains other agents that

are learning and updating (Non-stationary)




Scenarios

Cooperative Competitive Mixed motive

. ® @

A . Bstayssilent B testifies

® 0o [le

A stays ~—1R,~-1 —3
silent [IL1

Atestifies T,0(S,-3| |P-2|P,
1

1
1111 L1111

Overcook sports prisoner’s dilemma

Cooperative game

o0 N
ma’XE[thR(staat)}7 R(Staat) — ZRi(Staat)
t=0 1=1
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How to learn optimal policies when we have multiple agents?

Cooperative game

©.0

N
maxE| Y v'R(si,ar)|, R(st,a) =Y Ri(se,ar)
=1

t=0 1

max( [Z’y Ri(s¢,ay } {Z’y Ro( St,at)]+ —I—E[Z’Y Ry ( St,at)D

t=0

\ . J/ \ J/
N IV

Agent 1 Agent 2 Agent N

Can we do independent learning?
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In practice, yes

e The StarCraft Multi-Agent Challenge (SMAC) (Samvelyan et al., 2019)

SMAC
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0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0

https://arxiv.org/pdf/1902.04043 Environment timesteps 1e6
https://arxiv.org/pdf/2006.07869
—— IQL| [—— IPPO —#— COMA  —e— MAPPO —— QMIX
—« |IA2C —e— MADDPG —&— MAA2C VDN
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Coordination of Agents

e Communication between agents

o Build local communication channels between agents via hidden features
o TarMAC (Das et al.,2019), DGN (Jiang et al., 2020) etc.

e Centralized training & decentralized execution
o Train a centralized value function to guide the update of each policy. Execute

the policies 1n a decentralized way.
o MADDPG (Lowe et al., 2017), OMIX (Rashid et al., 2018) etc.

e Opponent modeling

o Observe and predict the actions of other agents, so as to perform accordingly

o ROMMEO (Tian et al., 2019), PR2 (Wen et al., 2019) etc.
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Communication

Environment

No Communication

g

1

o)

ﬂ.fNU

a, = arg max Q'

a, = arg max Q?

ay = arg max Q°

ay = arg max Q¥

With Communication

Environment

o) ool

|

Eﬁ;

a, = arg max Q!

a, = arg max 0°

ay = arg max Q°

ay = arg max Q"
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Graph Convolution with Attention
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Attention

At a high level

fi =wo x fit+
wy X fi+
wa X fr+
w3 X fz
wo+...+w3z =1
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Attention (Continue)

embedding | [N | (I
Queries g I 0o T T
Keys « [N [T T]
Values v v [

We, WX WYV are learning parameters.

softmax(

KT
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PRIMAL

MAPF via Mulai-Agent Reinforcement and Imitation Learning (Sartoretti et al., 2019)

( Imitation Learning

ﬁleinforcement Learning \
= World -
O1 llrl Olll‘ Onllrn
Agent 1 | Agent .. Agentn |
AC Net 1 'AC Net .. AC Net n
i ! Iy
ai ‘ a.. an ‘
RLAL Lo =
Switch r—ﬁ/c
' | A
ai a. dn
w/_/’?
Oi.n
» Expert (M*)

e A3C as the backend

e Each m; synchronous with

master 7

e Switch between RL and

Imitation (supervise)

Master Net
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MAPPER

MAPF via RL with off-route penalty (Liu et al., 2020)

Training in parallel

Agent 1
Agent 2
Global
Network Coordinator
Parameters Agent3
Agentn
. A2C (Sync) .
https://lilianweng.github.io

Ax search

=
LB

[
i

off-route penalty

e A2C (Mnih et al., 2016) as the
backend

e A* Planning

e Off-route penalty reward

Globally Guided
Reinforcement Learning for
MAPF (Wang et al., 2020)
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DHC

Ma et al. (2021)

Distributed Heuristic Communication
s e 4 t
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DCC

Decision Causual Communication (Ma et al., 2021)

Broadcast v.s. Request-reply DCC
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DCC (Continue)

Performance

Success rate
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02 —a— DHC
—+— PRIMAL
4 8 16 32 64 128
Agents

Communication frequency

Map size 40 x 40

Map size 80 x 80

Agents DCC RR-N2 DCC RR-N2
4 242 36.88 1.06 18.36
8 11.56 209.79 5.75 105.86
16 60.47 059.38 24.98 469.58
32 294.69 4111.57 | 126.685  2125.94
64 1811.33  19490.09 | 562.11 8780.72
128 - - 2915.84  36560.30

RR-N2: Request-reply with nearest 2 agents
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Demo

https://www.youtube.com/watch?v=110zZNqoGRWY

https://www.youtube.com/watch?v=ZinvpFgMIGs
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https://www.youtube.com/watch?v=1i0zNqoGRWY
https://www.youtube.com/watch?v=ZinvpFgMlGs
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A. Model-based RL

value/policy e Model-free (unaware of the env)

acting ® Exploration is expensive

planning direct S
RL e Learning is slow
model experience o The transition dynamic of MAPF problem is
v usually not complex
model
learning

http://incompleteideas.net/book/RLbook2020.pdf
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Dyna-Q

Tabular Dyna-Q

Initialize Q(s,a) and Model(s,a) for all s € 8§ and a € A(s)
Loop forever:

(a) S < current (nonterminal) state

(b) A + e-greedy(S, Q)

(c) Take action A; observe resultant reward, R, and state, S’
(d) Q(S. A) + Q(S. A) + a[R+ ymax, Q(S". a) — Q(S. A)]

(e) Model(S, A) « R, S’ (assuming deterministic environment)
(f) Loop repeat n times:

S < random previously observed state

A < random action previously taken in S

R, S’ <+ Model(S, A)

Q(S,A) + Q(S, 4) + a|R + ymax, Q(S", a) — Q(S, 4)]

Steps
per
episode

800+

600+

400

200+

14+

H actions

http://incompleteideas.net/book/RLbook2020.pdf

0 planning steps
(direct RL only)

5 planning steps

50 planning steps

10 20 30 40 50

Episodes
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B. Generative Modeling

Diffusion Model

Po(X¢— 1|Xt
. xt|xt 1)
https://arxiv.org/pdf/2006.11239

e Learn a distribution py(z|2), z ~ N (0, 1) to fit data distribution D,

e Very powerful and expressive
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Diffusion for Planning

Diffuser (Janner et al., 2022), Conditional Decision Diffuser (Ajay et al., 2023)

https://arxiv.org/pd/2205.09991

.@3;:'% i:.':

U-Maze

Medium

Large

1Q1 N\
denoising >
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