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Reinforcement Learning for
Collective Multi-agent Decision Making

Nguyen Duc Thien

Abstract

In this thesis, we study reinforcement learning algorithms to collectively optimize
decentralized policy in a large population of autonomous agents. We notice one of
the main bottlenecks in large multi-agent system is the size of the joint trajectory
of agents which quickly increases with the number of participating agents. Fur-
thermore, the noise of actions concurrently executed by different agents in a large
system makes it difficult for each agent to estimate the value of its own actions,
which is well-known as the multi-agent credit assignment problem. We propose a
compact representation for multi-agent systems using the aggregate counts to ad-
dress the high complexity of joint state-action and novel reinforcement learning
algorithms based on value function decomposition to address the multi-agent credit

assignment problem as follows:

1. Collective Representation: In many real-world systems such as urban traffic
networks, the joint-reward and environment dynamics depend on only the number of
agents (the count) involved in interactions rather than agent identity. We formulate
this sub-class of multi-agent systems as a Collective Decentralized Partially Observ-
able Markov Decision Process (CDec-POMDP). We show that in CDec-POMDP,
the transition counts, which summarize the numbers of agents taking different lo-
cal actions and transiting from their current local states to new local states, are
sufficient-statistics for learning/optimizing the decentralized policy. Furthermore,
the dimensions of the count variables are not affected by the population size. This
allows us to transform the original planning problems to optimize the complex joint

agent trajectory into optimizing compact count variables. In addition, samples of



the counts can be efficiently obtained with multinomial distributions, which provide

a faster way to simulate the multi-agent systems and evaluate the planning policy.

2. Collective Multi-agent Reinforcement Learning (MRL): Firstly, to address
multi-agent credit assignment problem in CDec-POMDP, we propose the collective
decomposition principle in designing value function approximation and decentral-
ized policy update. Under this principle, the decentralized policy of each agent is
updated using an individualized value instead of a joint global value. We formu-
late a joint update for policies of all agents using the counts, which is much more
scalable than independent policy update with joint trajectory. Secondly, based on
the collective decomposition principle, we design 2 classes of MRL algorithms for
domains with local rewards and for domains with global rewards respectively. 1)
When the reward is decomposable into local rewards among agents, by exploit-
ing exchangeability in CDec-POMDPs we propose a mechanism to estimate the
individual value function by using the sampled values of the counts and average
individual rewards. We use this count-based individual value function to derive a
new actor critic algorithm called fAfC to learn effective individual policy for agents.
ii) When the reward is non-decomposable, the system performance is evaluated by
a single global value function instead of individual value functions. To follow the
decomposition principle, we show how to estimate individual contribution value of
agents using partial differentials of the joint value function with respect to the state-
action counts. This is the basis for us to develop two algorithms called MCAC and
CCAC to optimize individual policy under non-decomposable reward domains. Ex-
perimentally, we show the superiority of our proposed collective MRL algorithms
in various testing domains: a real-world taxi supply-demand matching domain, a
police patrolling game and a synthetic robot navigation domain, with population
size up to 8000. They converge faster convergence and provide better solutions than
other algorithms in the literature, i.e. average-flow based algorithms and standard

actor critic algorithm.
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Chapter 1

Introduction

Many real-world problems can be modelled as optimizing actions of autonomous
agents over time to maximize some utility or reward functions. Examples include
optimizing the movement of autonomous vehicles to serve passengers better, or op-
timizing the speed of autonomous vessels to reduce congestion in a port. We can
model the decision of each autonomous agent as a decentralized policy function
taking input as agent’s local information about the system, such as the congestion
level at its current location, and outputs an action, such as the speed or direction
to move, for that agent to execute. In this thesis, we study multi-agent reinforce-
ment learning (MRL), which is the process to learn decentralized policy function
for autonomous agents from empirical reward feedback from environments or sim-
ulation engines. The objective of MRL algorithms is to adjust the policy according
to the empirical feedback to maximize the expected total rewards over a planning
horizon [96, 188, 124]]. Reinforcement learning is shown to be efficient methodology
to optimize policy in complex domains. Among the most well-studied MRL do-
mains are distributed robot systems [S]], in which autonomous robots are designed
to collaborate with each other to achieve goals, for example to win a robot soccer
game [9]] or to maximize the number of rescued victims in disaster response tasks

[72]]. Multi-agent reinforcement learning is also studied in multiaccess broadcast



channel network problems, in which a decentralized controller associated to each
user needs to independently make decisions about whether to transmit the packet in
each specific time slot [42} 145,85, 184]. In such problems, decentralized controllers
have to cooperate to avoid the network conflict and to maximize the total through-
put of the network. Other decentralized control problems are studied in power grids
[100], traffic light control [32, 142], sensor network control [125,162], or fire fight-
ing teamwork [4]]. Recently, with the availability of computing resources to train
artificial neural networks, researchers are able to train neural network policies for
multi-agent systems in complex environments such as Atari video games [120] or
strategic video game StarCraft [30]. Learning good decentralized policy is shown
to enable Al agents to even form their own language as a communicative means to

achieve a goal [29, 164].

Although multi-agent reinforcement learning problems have been studied for a
long time, the complexity of joint state-action spaces remains a challenge to over-
come. In multi-agent systems, each agent could have separate local observations of
the environment and independently take action. However their actions will jointly
affect each other’s transition and reward. For example, when many vehicles choose
to take a specific road, the congestion could slow-down the speed of all vehicles
and as a consequence, increase the cost for each vehicle. Because of the interdepen-
dence between agents, when optimizing an individual policy, we have to consider
all state-actions of the related agents. In this thesis, we use MDP terminology to
refer a local “frajectory” as a sequence of local state-actions of a agent and joint
“trajectory” as a sequence of joint state-actions of all agents. In multi-agent plan-
ning, to estimate the individual value, an agent might need access to joint trajectory
to know where all other agents are and which actions all other agents take over

planning horizon.

In multi-agent systems, the joint state-action space grows exponentially with the

number of agents. Mathematically speaking, if local state space of each agent is



S and its local action space is A, then the size of the joint state-action space of N
agents (|S| x| A|)¥l. This complexity of the joint space is one of main hurdles to run
and evaluate contemporary multi-agent reinforcement learning algorithms. Without
addressing this scalability, we are a long way from deploying MRL algorithms into
real world scenarios consisting of thousands or even millions of agents. This mo-
tivates me to develop a compact representation for multi-agent planning problems
and subsequently scalable reinforcement learning algorithms for large scale multi-

agent systems.

As the basis for scalable multi-agent reinforcement learning algorithms, I pro-
pose to use the counts to compactly model a class of multi-agent systems and ef-
ficiently optimize individual agent policy in such systems. A count is defined as
the number of agents belonging to a particular category, for example to be in a spe-
cific local state or location. Counts have been used in many graphical inference
problems in machine learning as useful sufficient-statistics [49, [17, 108, [79]. In
multi-agent systems, the counts can be used to express the collective behaviors of
agents in population and to adjust the collective behaviors according to the feedback
from the environment. For instance, the counts used in traffic domains to record the
numbers of vehicles coming into each road sector at each time period. By look-
ing at the traffic counts, one can reduce the congestion in a sector by adjusting its
heavy incoming flows. In my thesis, to formulate and generalize this count-based
decision making concept, I define a model called Collective Decentralized Partially
Observable Markov Decision Process (CDec-POMDP) and then develop reinforce-
ment learning algorithms to optimize individual policy for multi-agent planning in

CDec-POMDPs.



1.1 Collective Decision Making Framework

Before providing further details of our collective planning framework, we give an
example of multi-agent domain and compare two representations of the problem.
This is followed by the general concept of multi-agent reinforcement learning that
we will develop for CDec-POMDPs in this thesis later and a classification of rein-

forcement learning methods.

1.1.1 Example of Multi-agent Domain

Agent 4
left

-

® ® o AgentID | so | ag | ... (si,ar); | nf?
up Agent_l 0 left . <O, left>t:0 2
® o o@ﬁ Agent 2 | 0 |left| ... (0, up)i—o | 1
Agent 2
Iemﬁg o |Agent 3| 0 | up |... (Lup)i—o | O
IefthgentZ ..
(a) A snapshotatt = 0. (b) Joint state-action table (c) Count table

Figure 1.1: Example of joint state-action and count table in grid navigation problem.

We consider robot grid navigation (illustrated in Figure as an example of a
multi-agent problem. This motivating example is a common testbed for multi-agent
reinforcement learning algorithms [[132, 166, 76]]. In this example, a team of 4 robots
try to move in a grid of size 3 x 3 toward some goal locations while avoiding conflict
in narrow corridors. A goal could be the representative of a victim in a disaster
rescue situation or some object to be picked-up in a transportation task. At each
time period ¢, a robot in a location s; has to choose an action as one of 5 movement
{left,right,up, down, stay}. Consider the snapshot of the grid navigation at time
t = 0. Agents 1,2, 3 are in location 0, while agent 4 is in location 2. From their
local state, agent 1 and 2 take left-turn action while agent 3 goes up, agent 4 takes
a left-turn. This can be summarized by the joint state-action Table in which

we record the local state, and local action for every agent at every time step. On the



other hand, we can summarize agent movements by the count Table [E in which
each entry n$*(4, j) is the number of agents taking a specific action j from local state
1 at time ¢. As seen in this example, when the number of agents increase, we have to
create new rows to record new agents in a joint state-action Table Meanwhile,
the number of entries in the count Table [I.1c is fixed with regard to the number of
agents. When the number of agents is significantly larger than the number of local
and states and actions, maintaining the count table becomes much more efficient
than maintaining the joint state-action table. In MRL, using the counts as input to
the decentralized policy and value functions could reduce the input dimensions of
those functions in comparison to original joint state-action input. As a result, the

counts could improve the scalability and convergence of MRL algorithms.

1.1.2 Multi-agent Reinforcement Learning

The overview of the MRL framework is illustrated in Figure In general, rein-
forcement learning is a nature inspired principle to learn action selection function
from the reward feedback provided by the environment. In this MRL framework,
our goal is to learn a decentralized policy function (called “actor” in the litera-
ture) based on the approximation of system’s value (called “critic” in the literature)

[117].

At each time step, the decentralized policy function maps local observation of
an agent to a local action of that agent. Notice that the policy function can be a
stochastic function, which produces random actions under an action distribution.
After actions are made by agents, they would jointly affect the environment. The
result of interaction between joint action and environment is the joint transition to

the new joint state of agents and joint rewards.

To optimize/learn the decentralized policy, MRL estimates and assigns values

to each executed action of individuals. In single agent problems, this value can



be the empirical returns (or the total empirical rewards accumulated from the time
point when that action is executed). However, due to stochasticity of the problem,
empirical return is a random variable with high variance. Furthermore, in multi-
agent domains where multiple individual actions are executed at the same time,
the raw empirical return is too noisy to distinguish roles of concurrent actions. To
address this, we a) resort to an approximate value function (“critic”) trained to
estimate the empirical return (train critic), and hence resolve the high variance
problem of the empirical return, b) propose an efficient policy update to train the

policy function (train actor) by the critic.

Local Joint
4 observations<): State l

Approximate

Value Function Train critic | transition

Train actor _
[ Environment ]

Decentralized -
Policy Joint
action

Figure 1.2: Multi-agent Reinforcement Learning framework

Shared policy

Instead of multiple decentralized policies for different agents, we consider a single
decentralized policy function shared by homogeneous agents in the system. In fact,

learning a shared (or homogeneous) policy between agents is a common objective

in multi-agent reinforcement learning literature [121, 144, (147, 131, 140]. In large
scale domains such as movement of animal flocks or a traffic network, a homoge-

neous behavior model of individuals is usually assumed [[108},/57]]. In our research

6



problems, by optimizing the shared policy, we can collectively shape behaviors of
individuals in favor of system quality. To extend our model to heterogeneous agents,
we can generalize shared policy by considering the type of agent as an input feature

into the policy function.

Centralized Learning-Decentralized Execution

When an autonomous agent executes its decentralized policy, it only possesses a
local view (or partial observation) of the systems. However, in CDec-POMDPs, the
dynamicity and the reward of an individual is correlated with others. Local view
is sometimes insufficient to learn a decentralized policy. An individual needs to
know or estimate behaviors of others to act accordingly [31, 64]. An example in a
navigation problem is when an agent knows the intention of another agent is to take

a narrow corridor. It could plan to not take that corridor to avoid collision.

To overcome issues of partial observation in policy learning, we would learn the
policy by a centralized planner off-line before deploying them into decentralized
agents. This centralized planning-decentralized execution paradigm is a common
practice in multi-agent reinforcement learning [56]. The centralized planner would
reason on either the complete model of the domain [12,173,82], or samples of global
states generated by a black-box simulator [120]. When neither of these is available,
to approximate global view, the centralized planner can aggregate local observations
from historic data to have a joint view of the system [31]. The global view in
the learning phase provides more information for the centralized planner to better
estimate value function and refine decentralized policy accordingly. In addition, we
can impose the cooperativeness in decentralized policy by the centralized planner.
In our collective planning framework, we assume the centralized learner has the

access to the joint counts and rewards of the system.



1.1.3 Reinforcement Learning Classification
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Figure 1.3: Multi-agent Reinforcement Learning Classification.

In Figure we compare a single agent reinforcement learning system, a multi-
agent reinforcement learning system and a collective learning system in a coopera-
tive setting. The goal of reinforcement learning algorithm is to optimize the system
total rewards through interacting with environment. We want to emphasize the dif-
ference in representations of state, reward, action and objective function of the three

systems.

In the single agent system, the state, action and reward are singular. The objective
in the single agent system is to maximize a single agent expected accumulative

reward when the agent interacts with an environment.

The realization of a multi-agent system at time ¢ is represented by samples joint
state (s}")—1.0s Of all agents m = 1 : M, their action (a}"),,—1.)s and correspond-
ing joint rewards r(s; = (s{")m=1.m,a: = (a}")m=1.1) depending on the joint

state-action of agents. In some case, the joint reward can be represented as a sum of



individual reward as

T(St,at) = Z Tm(szn,a;n78t,at).

m=1.M

Each r™(s}", a}", s¢, a;) represents the reward of agent m receives when it takes
action a}" in local state s}* and given the joint state-action (s;, a;).
An objective in a cooperative multi-agent system is to maximize the total expected

rewards over planning horizon when multiple agents interact with an environment.

mng[Z 7(8¢, ay|m] —maXE Z Z (7", a;", 8¢, a)|7].

t m=1:M

In the collective planning model, the identity of each agents is marginalized out
in collective variables (containing no agent index). The joint state (s}"),,—1.as and
action (a}"),,—1.)s are summarized into the state-action counts n$*. The joint reward
is a function of state-action counts as (n$*). In some case, the joint reward can be

presented as a sum of individual rewards as

r(op) = > 03, 4)r(i, 4,0
1€S,a€A
Each reward r (i, j, nj*) represents the average reward of an agent (regardless of
its identity) in state ¢ taking action j when the joint state-action counts are n;*. The
joint objective value of the multi-agent reinforcement learning is re-written in the

count and average reward variables as

mT?XE[Z r(n®)|7] —maxE Z Z 5™ (i, j)r(i, j,n)|x].

t i€S,acA

Later we would show that in a collective system, instead of sampling joint

trajectory (s7'y, at"y)m, we only need to sample the state-action counts nj*;. In



large populations, the action count sampling process of collective distribution is
generally much cheaper than joint trajectory sampling. More details of collective

distribution and sampling process are provided in Chapter 2]

1.2 Summary of Contributions

Our main contributions to the multi-agent collective decision making are two-fold.
Firstly, we propose a novel representation for the collective planning problems in
CDec-POMDP model using the count variables. Secondly, based on the new plan-
ning representation, we develop count-based reinforcement learning algorithms to

efficiently optimize individual policy for collective planning problems.

1.2.1 Count-based Representation for Collective Planning

Main research challenge: The complexity of multi-agent representation grows
when the number of agents in the system increases. This causes a big challenge
in managing the state of large population systems for planning purpose. This com-
plexity bottleneck is present in our domains of interest, i.e. traffic network and
transportation supply-demand matching, where number of agents could vary from
10 to 8000. To address this problem, we propose a compact representation using

the count variables.

Technical contributions: We are motivated by the recent advance in collective
graphical model (CGM) proposed by Sheldon and Dietterich [108] in showing the
counts to be a lifted representation of the population. Sheldon and Dietterich [108]
show that the counts are sufficient-statistics for inference of collective behaviors.
However, CGM is limited in domains where individual policy and transition func-

tion of each agent are independent from others. We generalize this notion of the col-
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lective representation with the count to multi-agent planning problems by proposing
what we term as the CDec-POMDP model, in which the transition and reward func-
tion of an individual agent depends on the collective behaviour of the population.
We show that in CDec-POMDPs, we can marginalize joint trajectory of agents into
the count variables. In addition, we show the count variables are sufficient statis-
tics for planning in CDec-POMDP. This means that we can write the global value
function in CDec-POMDPs as a function of count variables and we can optimize
the objective value of CDec-POMDPs by changing parameters of the collective dis-
tribution of the count variables. The collective distribution of the count variables
provides a fast simulation of the collective system by sampling the counts instead
of sampling individual trajectories. This lays the foundation for latter development

of efficient planning algorithms using this count representation.

1.2.2 Collective reinforcement learning algorithms

Main research challenge: Due to the complexity of joint trajectory in multi-agent
systems, many current multi-agent reinforcement learning (MRL) algorithms are
only evaluated in small domains with few agents [58, (120, 30, 31]. We want to
exploit the compact representation with the count variables to develop count-based
multi-agent reinforcement learning algorithms scalable to large populations. The
main research challenge in designing such algorithms is how to estimate the credit
(as numeric representation of the role) of each individual action to the total reward
of the system. The credit provides the local feedback for each agent to update
its policy accordingly. In CDec-POMDPs, we have to compute the credit from

collective variables instead of the joint trajectories as in the MRL literature.

Technical contributions: Our algorithmic contributions are in development of
count-based MRL algorithms using local reward signal and count-based MRL algo-
rithms using global reward signal.

To use local reward signals to train decentralized policy, we propose fictitious play

11



based algorithms using the count representation in CDec-POMDPs. We show that
the individual value function can be estimated by sampled values of the counts and
average rewards. Then we show that we can aggregate policy updates of agents with
same state-action into a count-based policy gradient computation. Similar to other
fictitious play based algorithms [[133], due to the properties inherited from fictitious
play, our solution can be also considered as an approximation to the equilibrium in
the non-cooperative setting.

When local reward is not available, we train the critic (the value function approx-
imator) by the global reward. Then to compute the gradient of the decentralized
policy, instead of directly using the global critic, we use its first order Taylor approx-
imation. By showing that first order Taylor approximation of the critic is factored

amongst agents, we propose an efficient policy gradient computation.

Area

Contributions

Main techniques

Representation for col-
lective planning

Representing collective
planning problems us-
ing the count CDec-
POMDPs][78[76]

Collective distribution
and sufficient statistics
of the count

Collective reinforce-
ment learning algo-
rithms

Scalable collective
factored policy gradient
methods [76} [77]]

Fictitious play, ex-
changeability theorem,
Taylor approximation

Table 1.1: Summary of contributions in collective multi-agent decision making

The relation between the components in our framework is demonstrated by the
diagram in Figure[I.4] Two new classes of RL algorithms, one with local reward and
another with global reward, are proposed based on the factorization form of actor
and critic function in CDec-POMDP. The whole framework is developed based on

the novel count representation in collective planning.
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(fictitious play) (partial differentials

of the critic) J

“

Figure 1.4: Summary of Framework

1.3 Thesis structure

The structure of my thesis is shown in Figure After the introduction, in Chap-
ter[2] we formulate the CDec-POMDP model and propose the new representation of
CDec-POMDP planning problems using the count variables. In Chapter[3] we intro-
duce collective graphical model (CGM) as a predecessor of our CDec-POMDP. We
discuss the connection between collective planning in CDec-POMDP and collec-
tive inference in CGM. In Chapter[d], we define collective multi-agent reinforcement
learning problems and the related works in multi-agent reinforcement learning liter-
ature. We highlight a major challenge in multi-agent reinforcement learning which
is the credit-assignment for joint action. To address credit-assignment in collective
planning domain, in Chapter 4 we show the factorization of collective policy gradi-
ent. The factorization of collective policy gradient is the principle we use to derive
collective reinforcement learning algorithms based on local rewards in Chapter
and global rewards in Chapter |6} We summarize the main ideas of the thesis and

propose future directions in Chapter [7]
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Figure 1.5: Chapter dependencies. Included in (-) are chapter numbers with hyper-
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Chapter 2

Representation of Collective

Planning

In this chapter, we introduce the collective decentralized (PO)-MDPs (CDec-
POMDP) framework to model multi-agent systems (MAS) where the transition and
reward of each individual agent depends on the number (count values) of agents
in different local states. First, we show examples of CDec-POMDPs in different
multi-agent domains, e.g. taxi supply-demand matching, grid navigation, and pa-
trolling (in Section [2.1). Then we formally define the CDec-POMDP model in
Section In Section we show that count variables are sufficient statistics for
planning in CDec-POMDPs. It implies that we can re-write the value functions of
a CDec-POMDP with respect to count variables instead of state-action trajectory of
agents. By developing the collective distribution of the counts, we propose an effi-

cient count sampling procedure to simulate the dynamics of the collective system in

Section
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2.1 Motivation

2.1.1 Taxi Supply Demand problem

We now present a motivating application for CDec-POMDPs based on the taxi
supply demand problem in a zonal city. This is based on the problem introduced
in [133]. Figure [2.1|shows the map of Singapore divided into different zones. Our
objective is to optimize taxi agent policies to maximize the total profit of the taxi
fleet. Such a setting is useful in the case of autonomous taxi fleet operations for
revenue maximization. We next describe a taxi agent’s decision making process.
At time ¢, a taxi agent observes its current location in a zone z and also the count
of other taxis in zone z. The agent has two actions: decide to stay in the zone to
look for passengers or move to another zone (one of 80 other zones). If the agent
stays in the current zone, its probability of picking up a passenger is dictated by
the ratio between the current demand and the count of other taxis in the zone. If
the demand is higher than the number of taxis, then the agent picks up a passenger
with a probability close to 1, else the probability is smaller than 1 (based on the
ratio of taxis and the current demand). If the agent picks up a passenger, it moves to
the passenger’s intended destination. Such transition probabilities can be encoded
into the transition function of the CDec-POMDP. The reward an agent gets upon
picking a passenger is the total profit of the trip (trip payment minus the fuel cost of
moving). If the drive moves to another zone (without a passenger), it incurs the fuel

cost for moving.

In this domain, the reward and transition function of each taxi agent is defined

by the aggregate count value rather than some specific identity.
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Taxi Fleet Optimization

Where to next?

Figure 2.1: Taxi navigation in zonal map.
2.1.2 Goal oriented robot navigation

Another domain studied in this thesis is the goal oriented robot navigation. This
domain is known as Grid World Problem [[118] and has been a testbed for many
reinforcement learning algorithms including MAS planning [132, 66]. In this do-
main, a team of robots try to move in a grid map toward some goal locations. A goal
can be representative of a victim in a disaster rescue scenario or some object to be
picked-up in a transportation task. Figure shows an example of 3 robots trying
to reach a single goal in a 4 x 4 grid. A robot receives a constant reward whenever
it reaches the goal. Corridors in the grid are narrow, so when there are many robots
crossing the same corridor, the transition probability for each robot being able to
reach the next location drops dramatically. In other words, the transition function of
each robot depends on the number of robots taking the same corridor. In this goal
oriented domain, the objective is to maximize the number of times robots reach the

goal.

2.1.3 Police Patrolling

We consider the police patrolling problem introduced in [21]. A team of homoge-
neous police personnel are stationed in predefined geographic regions to be ready
to respond to incidents. A central communications command unit is responsible for

receiving emergency calls and dispatching police cars. Responding cars are cho-
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Figure 2.2: Robot navigation toward single goal (red location).

sen to minimize the travel time to the incident location. A police car dispatched to
attend an incident would only come back to their locations after a certain of time
including traveling and engagement time. When some car leave their stations in
critical zones to go to incidents, it is necessary for free police cars in nearby sta-
tions to re-allocate to be able to quickly respond to impending emergency. Instead
of a centralized police re-allocation, we consider autonomous police agents with
a decentralized policy to make decisions on their stations in each decision epoch.
An urgent incident is required to be attended within 10 minutes and a non-urgent
incident is needed to be attended within 20 minutes. We want to optimize the de-
centralized patrolling policy to minimize number of unsatisfied incidents. To model
this objective, we consider the penalty -10 whenever the response time requirement

of an incident is not met and 0 otherwise.

Similar to the zonal setting in the taxi domain, we also consider a finite number of
locations where police presence can be. However, different from the taxi and robot
navigation domains, the number of active agents to make decision is not constant. In
other words, only free agents are able to move to new locations. Busy agents would
have to come back from all assigned incidents before changing stations. To model
this problem with CDec-POMDPs, we extend the local state space of an agent by

including the time it would take to become free.
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2.2 Collective

Decentralized POMDP

(CDec-

POMDP) framework

Table 2.1: Table of Notation

["(1)e{0,1}
Ii"(z,5) €{0,1}

(i, 5,7) €{0,1}
n3 (i) €[0; M]

0y (4, j) €[0; M]
s’ (4, , ') € [0; M]

oy (@']i, ,m )

(8¢, ar, dy) = r(ng?, dy)

1 | D [ | o | g |

I > {1>

> 11> 1>

> 1> e 1> > 1>

>l

(1>

Number of agents

Agent m

Planning horizon

State space of an agent

Action space of an agent

State of agent m at time period ¢

Joint state of all agents at time period ¢

Action of agent m at time period ¢

Joint action of all agents at time period ¢

Global state component at time period ¢, e.g to model taxi
demand or victim location

Local observation of agent m at time period ¢ including cur-
rent local state s;" = ¢ of the agent and its local view of the
global state

if agent m is at state ¢ at time ¢ or s;* = ¢

if agent m takes action j in state i at time ¢ or (s}, a}") =
(i, j)

if agent m takes action j in state ¢ at time ¢ and transitions
to state 7’ or (s}", a}", it ) = (4, j, ')

Number of agents at state ¢ at time ¢

Number of agents at state ¢ taking action j at time ¢
Number of agents at state ¢ taking action j at time ¢ and
transitioning to state i’ at time ¢ + 1

Count table (nj(i) Vi€ S)

Count table (nf*(i,j) Vi€ S,j€ A)

Count table (n*(i,j) Vi€ A)

Count table (n§**'(i, 5,4') Vi,i' € S, j € A)

Count table (n$*'(4, j,4') Vi’ € )

Local observation of agent m regard to global count nj
when it is at state ¢ at time period ¢

Probability of agent m taking action j € A at state ¢ € 5,
time ¢ given local observation o(i, nj, d;).

Transition probability of agent m from state 7 after taking
action j to state ¢’ conditioning on global count nj.

Global reward of system given the joint state-action input
(8¢, ay,dy) .

o~~~
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We now formally define CDec-POMDP as a class of decentralized multi-agent
model where agent transition and reward functions are dependent on only the ag-
gregate variables. In CDec-POMDP, the identity of an agent is not important and
can be marginalized out with the counts. The framework of CDec-POMDP consists

of the following:

A finite planning horizon H.

The number of agents M. An agent m can be in one of the states in the state

space S. We denote a single state as 7 € S.

A set of action A for each agent m. We denote an individual action as j € A.

* s, a; denote the joint state and joint action of agents at time ¢

We consider a global state component d € D. The joint state space is

xM_ S x D.

Let (s1.4,a1.54)" = (s7", ai*, sh* ..., s, a’y) denote the complete state-action
trajectory of an agent m. We denote the state and action of agent m at time ¢
using random variables s}", ;. Different indicator functions I;(-) are defined
in Table We define the following count given the trajectory of each agent

m & M:
— 03 (i, 5,0 =30 T (i, §,4) Vi, €S, jEA
sa(, - ]\/I m (. . . .
- I (Zvj) :Zmzlﬂt (17]) VZES7JEA
S/ - M (o .
- () =2, (@) Vie s
As noted in Table count n3*(7, ) denotes the number of agents in state 7
taking action j at time step ¢; other counts are interpreted analogously. We

denote count tables as nf = (nf(i) Vi€ S) and nj* = (n*(i, j) Vi€ S, j € A);

table niasl is defined analogously for the time step ¢ as shown in Table
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* We assume a general partially observable setting wherein agents can have
different observations based on the collective influence of other agents. An
agent observes its local state sj*. In addition, it also observes o] at time ¢
based on its local state s}, the count table n7, and the global component d;.
E.g., an agent m in state 7 at time ¢ can observe the count of other agents
also in state ¢ (=n$(7)) or other agents in some neighborhood of the state i
(={n3(j) Vj € Nb(i)}). Without loss of generality, we consider the determin-
istic observation function o(%, n}, d;) outputting the same local observation for
all agents in the same state . To handle stochastic case with different possible
observations in the same state, we can extend the state space to include the
observation o which agent receives in a state. The state count is extended to
record the number n; (7, 0') of agents in a specific state 7 and receiving a same

observation o°.

* The local transition function of an agent m is P, (s}, |s{", a*, 05", d;). The
transition function is the same for all the agents. Notice that it is affected by

n;*, which depends on the collective behavior of the agent population.

* The transition function of the global component d is P,(d;.1|d;, nj*). Notice

that the global component is also affected by state-action count table.

 Each agent m has a non-stationary policy 7}"(j|i, 0(i,1n3,d;)) denoting the
probability of agent m to take action j given its observation (4, o(4, n3, d;)) at
time ¢. We denote the policy over planning horizon of an agent m to be 7™ =
(r7*, ..., 7). When agents have the same policy, we denote the common

policy with 7.

* A reward r; = 7(84,a4,d;) = r(nj®,d;) is produced for each joint state-
action (s, a;, d;). Notice that the reward function depends on the collective
variables n®®.

* Initial state distribution, b, = (P(:)Vi € S), is same for all agents.
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* Initial distribution over global component is b?(d)Vd.

In the CDec-POMDP model, agent identities do not matter; different model compo-
nents are only affected by agent’s local state-action, and a statistic of other agents’
states-actions. We define the global component d to model the external variable
besides agents’ local states. In taxi domain, d can be used to model passenger
demands. In patrolling domain, d can be used to model the victim or incident oc-

currence.

The joint-state transition probability is:

P(St+1, dt+1|3t, d, at) = Pg(dt+1|dt7n§a)'

M
1T 2(silsi, ap g, dy) 2.1)
m=1

Such an expression conveys that only the statistic nj* of the joint state-action, the
global value d and an agent’s local state-action are sufficient to predict the agent’s

next state.

We assume a decentralized and partially observable setting in which each agent
receives only a partial observation about the environment. Let the current joint-state
be (s, d;) after the last join-action, then the local observation for agent m is given
using the function o;(s}", d;, nj). Agents in different states will get different partial
observation about the environment. An agent decides its action a™ based on its local

observation as 7

We consider a general definition of the function r(s;, d;, a;). In domains like
taxi navigation, this reward can be decomposed into a sum of local rewards of agents
r(sy,di,ar) =), r(sy, ay, d,,n) where r(s}”, a}*, d;, n$* is the local reward for
individual agent m, which depends on the agent’s local state-action and collective
variables. Given that the reward function is the same for all the agents, we can fur-
ther simplify it as y=, ; n§*(i, 7)r(i, j, di, n§*), where ng* (3, j) is the number of agents

in state 7 and taking action j given the joint state-action (s;, a;, d;). The algorithms

22



state counts S

local observations

local states

local actions

state-action counts
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Figure 2.3: DBN for T-step reward for CDec-POMDP with external variables

for decomposable rewards are studied in Chapter [5|and ones for non-decomposable

rewards are studied in Chapter [6] later.

The dynamic Bayesian Network (DBN) for reward collected at T*"step in CDec-
POMDP is demonstrated with plate notation in Figure

Agent type: The above defined model components can also differentiate among
agents by using the notion of agent types, which can be included in the state space.
In the extreme case, each agent would be of a different type representing a fairly
general multiagent planning problem. However, the main benefit of the model lies

in settings when agent types are much smaller than the number of agents.

Policy and value function: We consider a finite-horizon problem with [ time
steps. Each agent has a non-stationary reactive policy that takes as input agent’s
current state ¢ and the observation o, and outputs the probability of the next action j

as m"(jli,0). Let m=(r!, ... ™) denote the joint-policy.

In CDec-POMDPs, we consider the goal to find the homogeneous policy 7 to

maximize the total rewards over planning horizon H

H
max V(W):ZE[Tt|bm bd, ] (2.2)

t=1
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Average flow approximation

Our model is motivated by the decentralized stochastic planning model (D-
SPAIT) for anonymous agents proposed in [131], and the framework of congestion
games [68]]. In our work, we explicitly model the distribution over counts n(-) of
individuals and use this distribution as the basis for planning. In contrast, the D-
SPAIT model is based on the concept of approximating the planning problem using
expected counts of agents. Intuitively, if E[f(n)] denotes the planning objective
over counts 12, then D-SPAIT model approximates this objective as f (E[n]) Table
2.4a show the computation of such average flow; z,, (i) denotes the expected num-
ber of agents in state ¢ at time ¢ and Figure [2.4b|shows DBNs for D-SPAIT model.
Computing policies based on such average flow leads to inaccurate estimation of
the true objective function and lower quality policies, as we also demonstrate em-

pirically.

2, (i) = M x P(i), Vie s
xstat(i)j) = xst(i) X W(j|iax8t(i)) Vie S, je A
$5t+1(i/) = sztat (,Lv.])qbt(zlha]a :ESt(z))VZ, € S

(2]

(a) Average approximation of agent flow in D-SPAIT model

(b) Deterministic Markov chain for T-step reward

Figure 2.4: D-SPAIT model

2.2.1 Policy representation

The benefit of models such as D-SPAIT and CDec-POMDPs lies when the agent
population is large, and the agent identity does not affect the reward or the transition

function. E.g., in the taxi fleet operation optimization problem discussed earlier
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such aggregate interactions occur. Given a large number of taxis (= 8000), it is
infeasible to compute a unique policy for each taxi. Therefore, similar to the D-
SPAIT model, our goal is to compute a homogenous policy 7 for all the agents. As

the policy is dependent on counts 1, it allows for an expressive class of policies.

We define an open loop policy as a policy where action selection only depends on
the current local state of the agent without any dependence on the count information.
In a closed loop policy, action selection depends on counts also in addition to the
agent’s local state. Our proposed model free algorithm developed in the following
sections can train both open and closed loop policies, whereas previous average

flow based approaches are limited to open loop policy optimization.

Neural network policy

The complexity of closed loop policy would quickly increase when agent observa-
tion o} (4, n3, d;) include not only the count of its current location nj () but neigh-
boring locations {ny(j)};en(;). In this case, we can consider the policy function to
be neural network 7" : O — €)(A) which takes the input to be possible observa-
tion vector 0" € O}" and output the action probability 7} (o) = (77" (j|0["))jea €
Q(A) with ©2(A) to be the probability space where ;. , m"(jloi") = 1. To en-
sure the output of policy function to be valid probabilities, we consider the common

technique to apply the soft-max normalization for output z = (z;)ca

exp(zq)

ireA exp(z;)

U('z)j = Z

An example of a simple policy function is illustrated in Figure .
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Figure 2.5: Simple policy function in which each z; = 0, x o} is a linear transfor-
mation of the input 0" and the output is the soft-max normalization. This is known
as shadow or no-hidden layer neural network.

2.3 Count-based representation of CDec-POMDP

We now establish several basic properties of the CDec-POMDP model. For a fixed
population M, let (s1.7,a1.7) = {(s1.7,a1.7)™ ¥m} denote the state-action tra-
jectories of different agents sampled from the DBN in Figure Let ny.r={(nj,
n 03 Vt=1:T} be the combined vector of the resulting count tables for each

time step t. We first show that this combined vector is sufficient statistics in CDec-

POMDP.

Theorem 2.1. Count tables ny.1 are the sufficient statistic for a sample of M state-

action trajectories from the CDec-POMDP graphical model in Figure

Proof. Let (s1.1,a1.r,d;.7) denote the joint trajectory. The joint-distribution

P(s1.7,a1.1,dy.7; ) is defined as:

~

-1 M T-1
= 03(d) [T Poldrealdi i) ]| {H PO TT] [%u, ofi, i, )6

t=1 m=1 L4es t=1 45,1/

Pi(i']i, j g, dt)mn(i’j’il)}n mr(jli, (i, 0%, dT))H%”(i,j)l

/1:7j

We can simplify the above expression by grouping together terms from all the
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agents. The resulting expression f(nj.7, dy.r; 7) depends only on counts n;.r as:

f(nlzT,dLT;W)
=bJ(d H Py(dyy1]dy, n3) HP )ni ) H H [ (47, (i, n%, dy))"e" (49
€S t=1 4,57

Pi(i']i, 7,05, d nim bt ] H?TT [, 0(i, 05, dyp) )" (9 (2.3)

Thus, count tables n;.; are the sufficient statistic for the population sample as the

joint-probability P (1.7, ay.r, dy.7; ) is a function of counts ny.7 . O

We next define a distribution directly over the count tables n;.; as below:

Theorem 2.2. The distribution P(ny.r, dy.7; ) is defined as:1
P(n1:T7 dl:T; 77) = h(n1:T>f(n1:T7 dl:T; 7T> (24)

where f(ny.7,dy.7; ) is given in (2.3). The function h(ny.r) counts the total num-
ber of ordered M state-action trajectories with sufficient statistic equal to n, given

as.

1 ()' ;" (4, j)!
h(ny.r)= H ns ()] HH { [Leans () T 525 (1, 7,4)!

t=1 ieS ves
s (4)! ]
X T sas o\ I[[n T € Q . ] (25)
g |:HjeAnT<Z7])! - -

(2.6)
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Set €217 is the set of all allowed consistent count tables as:

D ni(i)=MVt; ) n® 5(4) V3, Vt 2.7)

€S JEA
Znsas i,j,i)=n5(i,j) Vi€ S,j € AVt
Znsas i,7,1)=nj (") Vi' € S, V¥t (2.8)

Proof. For any invalid count values ny. ¢ .7, there is no realization of joint
trajectory possessing the invalid count.

We prove the expression for ny.r € (2.7 as follows :

P(leT,dLT;W) = Z P(<31:T7a1:T>)
(s1.7,a1.7)~ny.T
= ) flowr,durim) (2.9)
(s1.7,a1.7)~ny.T
= h<n1:T)f(n1:T7 dl:T; ﬂ-)- (210)

We prove the expression (2.5) for 2(n;.7) by induction:

* WhenT =1, (2.5) holds as h(n,) = ﬁ is the total number of combi-

nations to assign M individuals to |S| x | A| possibilities of state-action. The
h(n;) is equivalent to multinomial coefficient of distribution of M individuals

to |S| x | A| possibilities.

 Assume that (2.5) holds for T". Given a joint trajectory si.7aq.r satisfying the
count table ny.7, the total number of possible joint value spjar,, satisfying

the count table np, 4 is

n (i, 7)! )(H 0, (i)! ' ‘> 2.11)

i€S,jeA [Ties n?s (4,4, ) ies Hz"eS,jeA n?-s—l(ia J)!

28



Notice that in (2.11)), each expression of 7 € S in first term is a multinomial
coefficient of distribution of n%?(¢, 7) individuals into |S| possibilities of next
state i’ to satisfying the count (n3*'(i, j, 1), Vi'); similarly, each expression
of ¢ € S in second term is a mutinomial coefficient of distribution of n%., , (4)
individuals in state ¢ at time step 7' + 1 into | A| possibilities of action j.
Multiplying (2.11) with h(ny.7) shows that the expression of h(nj.r.1) as
in holds for 7" + 1, which completes the proof.

]

One corollary of theorem [2.2]is we can decompose the collective distribution of

the count variables as

Corollary 2.1. The collective distribution can be represented by

P(nlzTa dl:T; 7‘-) = P(H? ’ 1’1;1, dT)bg(d)P(ni)

[T Po(deilde n3) P05 |05, di) P(n3™ | n5*, d)I[nyr € Qu.g),

t=1.T-1

in which

P = T () H b (2.12)

T ies
)l

P(ny*[n, dy) = H(H

€S JGA ( )

P [ d) = ] (H o LA g )00
’LGS ) :

i€S,jEA i'es

H m(jli, 0i, dy, nj))“?a“’j)) 2.13)

(2.14)

The Bayesian graphical model of the collective distribution is shown in Figure

2.6
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Figure 2.6: Generative model of the counts in CDec-POMDP
2.3.1 Count Sampling Process

Originally, as a summary of joint trajectory, the count variables are obtained by
aggregating values of individual variables. However, sampling individual values
would be computationally expensive in large populations. Fortunately, the collec-
tive distribution of the counts shown in corollary|2.1|can provide us a way to directly
sample the count values instead of aggregating the individual variables. As genera-
tive model of the count is a Bayesian network (in Figure [2.6), we can generate the
values of the counts by forward sampling from state-count to action count and then

transition count.

Algorithm [I] provides the pseudo code to generate the count samples for H time
periods. The state count in the first period is sampled by the multinomial distribu-
tion with a population size to be M and probabilities to be the initial distribution
b, (line[2). At each time period ¢, we sample action counts for agents at each lo-
cal state ¢ by multinomial distribution with population size n$(:) and probabilities
m(jlé, 0(i, 05, d;)) (line [5). Analogously, to simulate the effect of the joint action
counts into the environment, we can sample the transition count for agents tak-
ing action j from the local state ¢ by multinomial distribution with population size

n;* (i, j) and probabilities P,(i'|4, 7, n5*, d;) (line|6)).
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Algorithm 1: Collective Sampling Algorithm

1 Algorithm C-SAMPLING ()

2 Sampling n ~ Mul(M, b,)
3 Sampling dy ~ b}

4 fort < 1t0o H do
5

Sampling state-action counts: n$*(i, ®) ~ Mul(nf(7), 7¢(e|7, o(i, d¢, nf))),
VieS
6 Sampling transition counts:
hab (Z Js ) MUI(nia(iaj)»Pl(.‘i’]’nt ’dt))7VZ' €5,j€ A
7 Samphng external variables: dt+1 ~ P(e|d, ni?)
8 Aggregate: nj_ (') = >, ;n 03 (i, 5,4),Vi' € S
9 return nq.z

2.3.2 Joint-Value Function

We next show that the joint-value for a given policy 7 also depends on the count
vector n. Thus, making counts as the sufficient statistic for planning in CDec-

POMDPs.

Theorem 2.3. The joint-value function of a policy m over horizon H given by the ex-
pectation of total rewards, V (1) = Zgzl E[rr], can be computed by the expectation

over counts as:

> P(nyy, dii ) LZZ r(nf, dﬂ} (2.15)

HEQLH

Proof. Let st and ar represent the joint-state and joint-action of all the agents at

the time step 7'; n%. and n¥? represent the count vectors corresponding to (s7, ar).

The immediate reward received for this joint-state and action is r(sr, ar,dr) =
(nT ) dT)

We can compute the expectation of immediate reward received at time 7" as:
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Elrr(m)]

= Z P(sir—1,a1.7—1,dr—1)P(sr|sr—1,ar—1)rr(sr, dr; )

(s1.7—1,81:7-1,d1.7—1),8T

(2.16)
using CDec-POMDP distribution, we have:

= Z f(y.p, dyg)rr(nF, dr) (2.17)

(s1.1,a1.7,dy.7)~ny.7,dyT

Notice that in the above expression, the expected immediate reward at time step 7'
only depends on the counts n%? that arise from the joint state and action (s7, ar).
Similar to equations (2.9) and (2.10)), instead of summing over all the joint state-
action trajectories (s1.7, @1.1, d1.7), we can sum over the space of all possible counts
vectors ny.7 multiplied by the total number of joint trajectories satisfying the corre-

sponding counts vector ni.p, which results in the following expression:

=Y > hloug) f(oug, dir) { > P(n§ g, dr)re(nf, dr)

di.r n1.7€QLT n7t~n,

(2.18)

Using the above expression, the value function can be computed as:

H
V(r) = Z Z Z P(ny.p,dy.p)re(ny, dr) (2.19)
T=1

T=1n1.7€Q.7,d1.T

O

Our goal in CDec-POMDP is to compute the policy 7 that maximizes ([2.13).
Notice that the set of all the allowed counts (2.5 is combinatorially large, making
the exact policy evaluation infeasible. Therefore, our approach would be to use a

sampling based approach that can evaluate, and also optimize the policy 7.

Furthermore, we can define the joint state-action value function as a function of
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joint state-action counts Q7 (s, ay, d;) = QF (0, dy) = S Elrs| 03, dy):

Theorem 2.4. The joint state-action value function in CDec-POMDP is defined by

Q7 (nt ,dy) = Tt(nt ,dy) + Z P(dt+1|n§a,dt)

sas’/ nbd

ny $11€Q%41,de41

x P | n3?, dy)P(ng [ ng,, ~ nias/,dt+1;7T)Q?+1<n§ilvdt+1)

(2.20)

in which P(n$®|n?,d,), P(n5®' | n*,d,) are defined in corollary Oy is the

subset of consistency constraints (2.7) linking counts for time t and t+1

Proof. We start by the general dynamic programming equation for MDP [117] with

notice 7y = (8¢, ar, di) = r(n$?, dy)

Q?(Sta Ay, dt) = T(niaa dt)

+ Z P(3t+17dt+1|3taatadt)P(St+17at|3t+1adt+1;W)Q?+1(3t+17at+17dt+1)

St+1,at+1,de+1

(2.21)

Using similar arguments as in the proof of theorem we can aggre-

sas

gate similar (s;, a;, s;11) by (nf,n* ny*') and consider induction hypothesis

Q?—i—l (8t+17 aii1, dt+1) = Q?—i—l (niil, dt+1)

QF (st an,dy) = ri(0f* dy) + ) P(diy1 [ 03", dy)

nsas’ N5y EQp1,dit

X P(niaS/ |n§aa dt)P(ni?H | nzsf+1 ~ niasla diy1; W)Q?H(niiu dt+1)

The right hand side of above equation is an expression over counts, which defines

QF (0, dy). [l
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2.4 Related works

2.4.1 Count-based models

In many multi-agent systems (MAS), the transition and reward of each individual
in the population is affected by aggregate values rather than the identity of agents.
Among the most well-studied domains is the class of congestion games [68, [80],
in which the pay-off function of each agent is defined only by the number of other
agents traveling on the same edges. The congestion game has a wide range of
applications in modeling the delay cost of road traffic flow [[112}|136], and latency
in package routing in communication network such as the Internet [95]]. Besides the
aggregate-variable pay-off function, the state transition of each agent also can be
modeled as a function of aggregate values [[131, 97, [113] . For example, in routing
problem, after executing a moving action, high congestion level (or high number of
agents presenting) in the same area could reduce the probability of agent arriving
the next zone [132]. Apart from the congestion game, aggregate-variable transition
functions are also defined in action graph games[47], in which the transition of
an agent depends on the aggregate value of its neighbors. In the disease control
domain, Robbel et al. [97] modelled the vulnerability to of a geological zone by the
number of its disease-infected neighbors . In riot control, Sonu et al. [[113]] studied
the protest intensity depending on the number of protestors and the number of police

troops presenting in a location.

Our application domains in goal-oriented robot navigation and taxi supply-
demand matching were studied previously by Varakantham et al. [[131} [133]. We
consider our domain setting similar to the ones in [[133, 131]. However, our count
variables provide the exact representation of CDec-POMDP while the average flow

is an approximate representation.
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2.4.2 Mean-field game theory and average flow estimations

To deal with planning problems in large population of agents, researchers in the
current literature have been trying to estimate the planning problems with tractable
representation. One amongst these well-studied directions is the mean-field estima-
tion of population [[146}/140] in continuous state-action space. Rooted in mean-field
theory in physics to estimate the distribution of individual particles in systems, the
mean-field methods quantify population behavior by the density function of dis-
tribution of agents over continuous spaces. It assumes each individual in a large
population has a very small impact on the global distribution. As a result, the dy-
namic of the population can be represented in the form of a differential equation
of continuous (flow of agents) variables. Examples of mean-field systems include
fish school, ant colonies or flocks of birds [15]] in nature or swarm robotics in Al
[11} 103]. In domain of discrete state-action space, Varakantham et al. [[133, [131]]
explored a similar idea with mean-field by estimating average flows of agents into
each discrete state-action in a finite Markov Decision Process (MDP). By using
the average flow estimation, multi-agent planning problems are re-formulated as
network flow problems with non-linear flow splitting constraints induced from the
MDP transition function. Based on the average flow variables, Varakantham et al.
[133] proposed a individual value function estimation, which facilitated fictitious
play computation of the policy. In addition, as the average flow MDP has Varakan-
tham et al. [[131] showed that the average flow MDP problem can be modeled and
solved by a mathematics programming. Average flow and mean-field methods are
empirically shown to achieve good results in some domains. However, it is worth
noting that these methods provide only an estimation of the original problem, and
this estimation can incur a high approximation error when the transition function is

highly non-linear.
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2.4.3 Lifted inference

The sufficient statistics of the counts are exploited in probabilistic inference. Poole
[92] and Braz et al. [17] showed that the probabilistic inference problem in the
Markov Logic Network graphical model can be solved by reasoning on the count
variables instead of joint individual variables. This can be done by defining the
count distribution for each factor of the corresponding graphical model and apply-
ing a variable elimination to the count variables under the count distributions. As
the state space of count variables is much smaller than the original joint variables’,
performing exact inference with count variables is more tractable. The idea to “lift”
problems from joint variable representation to count representation is also consid-
ered to improve dynamic programming planning as shown in [97]]. Specifically,
Robbel et al. [97] showed that if the Dynamic Bayesian Network is factorizable and
the state transition is function of the count. The value function can be re-written as
function of the count and the Bellman equation can be also re-written accordingly.
The count transition function is considered in many network diffusion domains [57]]
such as disease outbreak where the probability for a node to be infected is dependent
on the number of its infected neighbors [97]. Although exact inference and plan-
ning operators have lower complexity under the count space, these operators are no
longer tractable in our CDec-POMDP. This is due to the dense connection between
local states and large population size in CDec-POMDP. Therefore, we approach the
collective planning problems in CDec-POMDP by reinforcement learning and use
a sampling based method rather than the exact lifted dynamic programming method

in the current research literature.

A closely related work to our CDec-POMDP model is the collective graphical
model (CGM) introduced by Sheldon and Dietterich [[108]. CGM is used to model
the count distribution when agent behavior is modelled with an undirected tree-
structured graphical model. In the special case of CDec-POMDP where agents

move with open-loop policy and the state transition of each individual is inde-
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pendent of other agents, the dynamics of CDec-POMDP can be modelled by a
chain-structured CGM. In general, a CDec-POMDP with closed-loop policy and
the transition-dependency induced by interaction amongst agents can not be mod-
elled by a CGM. Although the dynamics of CDec-POMDP is more complex than
CGM, the sampling process in CDec-POMDP is simpler than CGM because we
can sample the count by a forward sampling process based on CDec-POMDP’s
Bayesian network. More details of the relation between CDec-POMDP and CGM

are discussed in the next chapter.

2.5 Summary

We introduced CDec-POMDP as a framework to model the large population sys-
tems in which the transition and reward functions are represented by the counts. The
CDec-POMDP model has a wide range of applications in congestion domains and
logistics supply-demand matching domains. We showed one of the most important
properties of the CDec-POMDP model is that count variables are sufficient statistics
for planning. This allows us to lift the original planning model into a new planning
representation with the counts. In particular, we showed that both the global value
function and individual value function are functions of the counts. Moreover, by
showing the Dynamic Bayesian Network over the count, we proposed an efficient

method to directly sample the count from its collective distribution.
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Chapter 3

Collective Graphical Model

In previous chapters, we have shown collective distribution over the counts of agents
in different states as a basis for multi-agent planning in CDec-POMDPs. In this
chapter, we introduce the collective graphical model proposed in [108]] and discuss
the relationship between planning problem in a CDec-POMDP and inference prob-

lem in a collective graphical model.

Collective graphical model (CGM) proposed by Sheldon and Dietterich [108]]
model the count statistics of a homogeneous population whose individual behav-
ior is modeled by a standard graphical model [108]. CGM is developed on the
assumption that agents behave independently from each other. This is more re-
strictive than our CDec-POMDP model where agents influence each other by their
collective behavior. However, CGM is more general than CDec-POMDP because
it can have tree-structureed representation. The CDec-POMDP can only model
chain-structured and directed graphical model. To unify our CDec-POMDP model
with its predecessor CGM, we define a generalized collective graphical model with

count-based potential function.

CGM is mainly used to study collective inference problems [108, 63, [78]. In
particular, given noisy observations of the node counts or edge counts for a CGM,

it is required to infer the underlying count table or estimate parameters of the CGM
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model. Count inference and parameter estimation are co-related problems. Sheldon
et al. [107)] showed that the parameter in a CGM can be estimated by a modified
Expectation Maximization algorithm which repeatedly finds the maximum likeli-
hood counts and uses such counts to update model parameters. As shown in the
literature, probabilistic inference and planning problem are co-related problems
(123} 1101, [138], we discuss the relationship between the parameter estimation in

CGM with CDec-POMDP planning problems.

3.1 Collective Graphical Models

3.1.1 Motivation

Collective graphical models (CGMs) are a recently introduced formalism for in-
ference and learning about a population of independent and identically distributed
individuals when only noisy and aggregate observations are given [108]]. In many
settings, such as in ecology, social sciences and transportation, data about each in-
dividual is rarely available due to privacy concerns or the difficulty of tracking each
individual over time. As an example, the eBird databas contains observations
about the count of birds at different locations and time across the North American
region [106]. The data released by Census Bureau may contain count-based aggre-
gate information for privacy reasons. Similarly, the traffic data typically contains
noisy aggregate count of vehicles at different locations [[71,57]. In such scenarios,
CGMs can be used to model the individual-level behavior by doing inference and

learning based on the available noisy and aggregate data.

http://ebird.org/
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3.1.2 Background

Collective graphical models (CGMs) describe the distribution of the aggregate
statistics of a population of individuals sampled from a discrete graphical model
(also known as the individual model). Let G = (V, E) denote a pairwise Markov
random field describing the individual model. Let X = (X3,..., X|y|) denote the

random variables associated with each node in GG. The joint-probability is:

1
(i,9)eE
where ¢;;(-, -; @) is the potential function for the edge (¢, j) in G defined as per the
parameters 6; Z(6) denotes the partition function. Let the domain of each variable

be denoted using X'.

Consider i.i.d. samples {x!,...,x*} drawn from the model G representing a
population of M individuals. We can define the counts or contingency tables for
this population as follows. Let n; = (n;(z;) : x; € X') represent the node counts, and
n;; = (n;j(z;, x;) : ¥;,x; € X) represent the edge counts for different edges. The

counts n;(z;) and n;j(x;, z;) are defined as:

M-

I(X" =) (3.2)

ni(zi) ;

3
I

WE

(X" =z, X]" =x;) (3.3)

nij (i, ) = i ]

3
I

where I(-) denotes the indicator function.

3.1.3 CGM Distribution

We first describe the structure of the CGM distribution p(n; @). The CGM distribu-
tion is defined over the junction tree 7 corresponding to the graph GG. Each node ¢

of this tree is associated with a clique C; C V. Let C denote the set of all the cliques
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for the tree 7. If C' and C’ denote two adjacent cliques in 7, then S = C N C’
denotes a separator. Let S denote the set of all the separators for this junction tree.
For any subset C' C V, and a particular assignment z¢ € X 1€l we can define the

counts n¢(z¢) analogous to the node and edge counts as:

ne(ze) =y I(XE=xc) (3.4)

Using counts n¢(z¢), we can define the contingency table ng similar to tables n;,
n;; for nodes and edges of G. Let n={n, : A € C U S} denote the combined
vector of clique and separator counts. The vector n is sufficient statistic of the pop-

ulation [|63]]. The distribution over this vector is denoted as the CGM distribution.

As shown in [63]], the CGM distribution is given as p(n; @) = f(n; 8)g(n) where

we have:

1 nii (2.0
f(n;6)= Z(0)M H H ¢y (s, x5 0)" o) (3.5)
(i.4)€E i,T;

IISGSIIisexWI(HS(xSﬂ)WS)

HCGC Hzce;(\m ne(ze)!

g(n)=M! (3.6)

where v(S) denotes the number of times .S appears as a separator or the number of
junction tree edges (¢, t") for which S'=C; N Cy. The distribution p(n; @) is defined

over the following set of constraints:

> nelzg)=MVCeC (3.7)
$CEX|C|
ng(xg) = Z no(rs, zo\s) Vr5; VS ~ C €T 3.8)
To\s

where S ~ C' € T implies that S is adjacent to C' in the junction tree 7. We
also have the constraint that n must be integer valued. Notice that the above two

sets of constraints are similar to the constraints defining the marginal polytope for
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a graphical model [135]. The only difference being that the counts must sum to M

instead of 1, and counts must be integers.

A diagram of CGM of a tree model with 4 nodes is shown in Figure using
plate notation. The undirected sub-graph inside in the plate m represents the relation
between variables X", X3", X35", XJ* of individual m. The separator counts and

clique counts are computed by aggregating individual values.

separator counts |n1 | | D) | Ny N3

( N\

m
Xq

Y NN

clique counts |H1,2 | |n2,4 | |n2.3 |

Figure 3.1: Example of collective graphical model in a tree model with 4 nodes

3.1.4 Relation between CGM and CDec-POMDP

One of common application of CGM is to model animal migration or human move-
ment [108, 63, 78]. In such a domain, a geographical map is divided into sub-
areas and scientists would try to measure the counts of individuals in each sub-areas
over time. As a motivation, we consider the concrete domain of bird migration
[108, 163, [78] where a map is divided into a set Z of grid cells. We can model the
location of a bird m at time period ¢ by node variable X" taking value x; in Z. The
relation between locations of the bird from time period ¢ to ¢ + 1 is usually assumed
to follow the Markov transition as ¢ ;41(%¢, 4+1) = P(z441|2). We can model a

special instance of CDec-POMDP using a CGM as follows:

Proposition 3.1. In a CDec-POMDP with the individual transition function de-

pendent on only the previous local state and action as P(s}'|s]", a}") and agents
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follow open-loop policy w(a}"|s}"), the CDec-POMDP can be modeled by a CGM.

Proof. We construct the CGM for this special case of CDec-POMDP by defining
CGM nodes to be s;* for agent m’s local state at time ¢ and a;* for agent’s lo-
cal action at time ¢, V¢. The separators in this CGM are (s}"); and the cliques are

(s7, a7, si% )¢ The clique potential is defined by

G5y af sih) = mla|si") Pi(siialst"s o).

The plate notation diagram of this CGM is shown in Figure O

separator counts ni n% Np

clique counts n?s n;' S

Figure 3.2: Collective graphical model of a independent-transition and open-loop
policy CDec-POMDP.

Although a special instance of a CDec-POMDP can be modeled with CGM, its
CGM representation has not much benefit besides showing the relation between the
CGM model and the CDec-POMDP model. Advantages of CDec-POMDP over
CGM include: 1) CDec-POMDP can model the count-based transition and closed-
loop policy while CGM assumes independence between agents; 2) Multinomial
sampling process in CDec-POMDP with the directed graph is much easier than the
rejection sampling algorithm with Dobra Markov basis proposed by Sheldon and

Dietterich [[108]].
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3.2 Collective inference in CGM

3.2.1 Noisy observation models

In application domains of CGM, the sufficient-statistics tablen={n, : A € CUS}
are not fully observable but there are only some noisy observations about some sub-
set of the sufficient statistic n are provided. The most common noisy observations
in CGM are the node count observation table y; of the node counts n; and the edge

count observation table y;; or the edge counts n;; [78].

The probability p(y(-)|n(-)) is referred to as the noise model for the CGMs. The
typical noise model used for CGMs include the Poisson and the Gaussian noise.
It is usually assumed that p(y|n) is log-concave in n, which makes the negative

log-likelihood convex in n [78]].

Given the count observations y, the main 2 inference problems in CGM are 1)
aggregate MAP inference to find the maximum likelihood n corresponding to y and

2) estimation of parameters 6 of the potential function ¢.

3.2.2 Aggregate MAP inference

In the aggregate MAP inference, we are given noisy observations y about some
subset of sufficient statistic n. Our goal in this work is to find the best count vector

n that maximizes p(n|y; @) xp(n; 8)p(y|n). That is:
n*=arg max [ log p(n; 0) + log p(y|n)] 3.9

To solve the above optimization problem, we first analyze the structure of
log p(n;0) = log f(n;0) +log g(n), where p(-) is the CGM distribution. Using
definitions (3.5)), (3.6), we have:
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log f(n; 0) Z Z n;;(x;, x;)log ¢;;(x;, ;) (3.10)

(2,5) TirTj

where we have ignored terms that are independent of n such as M log Z(0). We

further have:

log g(n OCZZV log ns(xg)! ZZlog ne(ze)!

SeS zs ceC zc

As addressing integer counts n is challenging within an optimization framework
directly, we make an approximation by making counts n continuous, as also used
previously [107]. For continuous n, we can further use the Stirling’s approximation

as log n! ~ nInn—n. Using these approximations, we can simplify log g(n) further

as:

log g(n Z Z ) [ns(zs)log ns(zs) — ns(zs)]—

SeS xzg
S [ne(ae) logne(ec) — nefee)]
ceC zc
_ZZ Jns(zs)logng(zs) ZZ ns(xs)
SeS xg SeS xg
_ Z Z ne(xe)logne(ze) + Z Z ne(ze)
ceC zc CceC zc

We can simplify the above expression by observing that as per constraints (3.7)
we have > nc(zc) = M, and from constraints (2.8), we have ) s ns(zs) =
Y ec. nc(xc) =M. Thus, we have the final simplified expression for log g(n) after

ignoring terms independent of n as below:
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log g(n OCZZ Jns(xs)logng(zs) — ZZTLC (zc)logne(ze)

SeS zg ceC z¢

Notice that the above expression subject to the constraints (3.7) and (3.8)) is analo-
gous to the entropy of a graphical model, the only difference being that counts sum
up to M, rather than 1. We can now use the Bethe entropy [154] to approximate
this term, which is nicely decomposable along the nodes and edges of the individual

model G. We have the following approximation:

log g(n Z Z — 1 nZ (x;)log ni(x;)—

i€V zeX
Z Znij(xi,xj)lognij(a:i,xj) (3.11)
(i,))EE i,
where (i) denotes the degree of the node 7 in the graph G. The above ap-
proximation represents a significantly more tractable form of log g(n) as all the
terms are defined over the pairwise graph G, rather than the junction tree. Fi-
nally combining and and considering a factorized likelihood func-
tion p(y|n) = [I; IL,, pyi(xi)|ni(x:)) IT;; p(yij (@i, w5)Inij(wi, 25)), we have the

approximate objective function of aggregate MAP inference as

APPROX(0,y) maXZ [(1—v(i an i)log ni(2:) + p(yi(ai) ()]

eV

D0 [nawi w) i (wi, w5) — logna(wi, )] + plysy (w1, 25) Inij (w1, 75))

(’Lj EExl »L 5

(3.12)

The constraint set that each valid n must satisfy is given as:
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Ty

> ni(w) =M, VieV (3.14)

The above set of constraints for CGMs are similar to the constraints that define the

local polytope for graphical models [135]].

3.2.3 Parameter estimation

Given the observations y for a CGM, we can estimate the parameter 6 by maximiz-

ing the likelihood function

maxp(y|0) =) p(y[n,0) =) p(yln)p(n}6), (3.15)

nel) ne

in which the summation at the RHS is over the space of all feasible values of the

counts n satisfying count consistency constraints (3.7)),(3.8).

The count variables have exponential-size space [[107], which makes it infeasible
to compute the exact expectation in equation (3.15). Instead, an useful alternative
method is to use Expectation Maximization (EM) algorithm [24] to repeatedly max-

imize a surrogate objective

max Q(6,60") = maxp(y|6”) log p(y|6) = mgxzp(y\n, 6”) log p(y|n, 0)
ne (3.16)
in which 0 is the parameters to optimized, and 8 is the parameters optimized in the
previous iteration and fixed in this current iteration. EM maximizes a lowerbound
of the likelihood function hence converges to a local optimum [75]]. As noted in
[107], because the joint distribution p(-) of CGM is from an exponential family,

this EM objective function is simplified into maximization of log p(y|n, 8) with
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n = [Eg+[n|y] . In general, this conditional expectation Eq+[n|y]| is difficult to
estimate, Sheldon et al. [107] proposed to estimate it by solution 1% pppox Of the

aggregate MAP inference problem from solving the objective function (3.12).

3.2.4 Relation between CGM inference and CDec-POMDP

planning

Researchers have shown the relation between reinforcement learning problems and
probabilistic inference problems [138, [101]]. In fact, MDP planning problems can
be cast as probabilistic inference problems and solved using probabilistic inference
algorithms such expectation maximization [123, |58]. We have shown in proposi-
tion that CGM and CDec-POMDP in fact overlap in a special case of indepen-
dent transition. In this special case, CDec-POMDP problem can be modeled as
a collective inference problem in CGMs, consequently it can be solved by CGM

inference solvers.

Proposition 3.2. When the individual transition is only dependent on the previous
local state and action as Pi(s},|s]",a}") and agents follow the same open-loop
policy w(a}*|s}"), the CDec-POMDP planning problem can be re-cast as an CGM

parameter inference.

Proof. Using proposition we can represent the dynamic in CDec-POMDP by
a CGM nodes with a set of nodes (s}", a}*),,+ for all agents over planning horizon.
Similar to Toussaint et al. [[123]], Kumar et al. [|58]], we can define a likelihood func-
tion by an auxiliary binary variables y € {0; 1} to represent the reward received at
each time 7" by

r(nf') = Tmin

p(yr =1ng, T) = ——————,

Tmaz — Tmin
in which 7,42, "snin are the maximum and minimum values of the immediate re-

wards respectively.
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Then we can re-interpret the planning objective function E[Zgzo rr| as a maxi-

mization of a mixture of likelihood over time as

H
maxp(y(0) = > p(T) > pFr = 1nr, T)p(nir|6),
T=0 n;.7€N
in which mixture weight p(7') = 1/H. O

3.3 Related works

The count inference was first proposed as the MAP inference for CGMs by Shel-
don et al. [[107] as a sub-step for parameters learning [107] within the EM frame-
work [24]]. Since then, there are a number of approaches proposed for inference
in CGMs [108, [107, 63, [114]. |[Sheldon et al. develop a continuous convex relax-
ation of the MAP inference problem formulated over the junction tree derived from
the individual model, and solve it using a generic optimization solver. Liu et al.
develop a Gaussian approximation for CGMs and use Expectation-Propagation for
inference. |Sun et al. generalize the well known belief propagation algorithm [89] to

nonlinear belief propagation (NLBP) for CGMs.

There is a close relation between MAP inference in CGMs and probabilistic in-
ference in standard graphical model [49, [135]. In particular, the marginal count
constraint and likelihood function of the count variables are equivalent to marginal
probability constraint and posteriori probability function in probability inference
[49]]. This relation between count inference and probability inference was also no-
ticed previously when Liu et al. [63]] and Sun et al. [[114] adopted belief propagation
methods into count inference problem. This motivates us to consider other tech-
niques from standard probabilistic inference, namely Bethe entropy approximation
[154] and the concave-convex procedure (CCCP) [156, [155], to develop approxi-

mate solution for high tree-width MAP inference in CGMs.
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3.4 Summary

In this chapter, we showed the relation between CGM inference problems and

CDec-POMDP planning problems.

The collective inference problem was introduced by Sheldon and Dietterich
[108] to infer the underlying counts from the noisy observation of the counts. To
solve the collective inference problem, Sheldon and Dietterich [108] constructed
a collective graphical model (CGM) of the counts as a /ifted representation of the
population. The CGM model considers agents having transition function indepen-
dent from each other. In our CDec-POMDP model, agents are interacting with each
other and their transition functions are interdependent through the collective behav-
ior (the counts). However, we showed that our planning model and CGM overlap in
the case of independent transition and open-loop policy. Furthermore, in this special
case, the objective function in collective planning and can be re-cast as a likelihood

function in CGM.

Although we can model a special instance of CDec-POMDP planning as CGM
inference problem, this is shown only for demonstrating the relation between CDec-
POMDP and CGM. In general, sampling process for the directed graphical model

in CDec-POMDP is more efficient than rejected sampling procedure in CGM.
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Chapter 4

Collective Multi-agent Reinforcement

Learning Framework

In this chapter, we present general frameworks to optimize agent policies individual
policy in CDec-POMDP model. First, we study the model-based approach by show-
ing the dynamic program for CDec-POMDPs as a special case of DEC-POMDPs.
We show that we can reformulate the dynamic programming in CDec-POMDP
by using the counts which have lower complexity than the dynamic programming
over joint state-action. Unfortunately, the liffed dynamic programming algorithm
in CDec-POMDP still has exponential time complexity with respect to the number
of states and actions. This motivates us to develop sampling-based planning algo-
rithms using reinforcement learning in CDec-POMDPs. To establish the basis for
efficient RL algorithms, we study decomposition of the critic and the decomposition
of policy gradient in CDec-POMDPs. For the critic decomposition, we show that
the compatible value function approximation (or critic) in CDec-POMDP is decom-
posable amongst agents. For the actor decomposition, we show that if the critic is a
linear function of the action counts, the policy gradient is decomposable. We show
that the decomposition of actor and critic functions in CDec-POMDP also addresses

the credit-assignment in MRL problems, therefore it can be used to design effective
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CDec-POMDP algorithms with fast convergence to high quality solutions.

4.1 Multi-agent Planning Model

4.1.1 Multi-agent Dec-POMDP

Similar to [[12} 58], we define a standard multi-agent decentralized partially obser-

vation Markov Decision Process (Dec-POMDP) by

A finite planning horizon H.

S denotes a finite set of states with initial distribution b,,.
* The number of agents M.

* A set of action A™ for each agent m. We denote an individual action as

j™ € A™. The joint action space is A = @M_ A™,
* A finite set of observation Y for each agent m.

* The observation model for each agent m is defined by the probability
o™ (Y11 8¢, as, 8141) agent m observes y;, given the global states s¢, 8y

and joint action a;.

* The transition function ¢; (st+1 |84, at) to be the probability the system tran-
sits to new state s;; from state s;,; and joint action a;, Vs;, 8,11 € S, a; €

A.

* The whole system receives the reward r = r(s;, a;) dependent on global state

s; and joint action a;.
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Reactive policy

The reactive policy of an agent m is defined by a function 7} (5™|y™) € [0, 1] to be
the probability of agent m to take action 7" given its observation y™ at time ¢. The

reactive policy is only dependent on the last observation.

Finite state controller (FSC) policy

As shown for Dec-POMDPs in [[12], the optimal action of an agent m at time ¢
depends on its observation and action history (a}*,of",...,a}",,0{",). However,
this would require agent to exhaustively maintain a large memory space to store
optimal actions for all possible history. To overcome this, we can summarize history
with a finite internal memory state ¢ € Q™. To use the finite state controller, policy
function is extended to consist of 2 components: an action distribution 7" (5™|¢™)
to generate action based on the local memory state, and a memory state transition
function A™ (g}t |y/t+, ¢;") to specify the next memory state given the last memory
state and local observation. Reactive policy could be considered as a special FSC

policy with memory state to be identical with the local observation.

We denote the joint memory state to be ¢ € () = ®Q™, the joint action to be
(77 )m. the joint memory state to be (¢"),,. The value function of FSC policy can

be defined by the dynamic programming equation as in [5§]

W(Qt: St)
- Z (me(jzn\qln)) [r(st,at) —l—ZP(StH’SnUZn)m)Z
(' ymea  m St .

> (TTom ikl ac se) A @y a) V(a7 ms se)|

<q{11>m m

4.1
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4.1.2 CDec-POMDP as Lifted DEC-POMDP

Based on the definition of the CDec-POMDP model in previous Section[2.2] we can
consider CDec-POMDP as a special case of Dec-POMDP with following proper-

ties:

The global state s is the joint state (s™),,.

All agent have the same local state space .S and local action space A.

A single policy function 7 is shared amongst homogeneous agents.

The local observation is a local view of the global state count nj corresponding

to the joint state (s™),,.

In this thesis, we consider the reactive policy function 7(j™[i"™, 0™ (i", n$)) associ-
ating with the local state and local observation of agent. This allows us to efficiently
train policy function using collective variables. Under this policy, the value function

in a CDec-POMDP can be defined by

Vt(St)

= > (TTxGrm o @ m))) r(si. @)

(Ui ymeA  m

+ > Plsualsi (G m)V(sin)] (42)

St41

Using similar manipulation as in theorem we can aggregate agents in the same

local state-action to have the value function defined in term of the state-action count

Proposition 4.1. For CDec-POMDPs, the value function can be represented with

respect to the counts as follows:

Vi (n7)

= Z P™(n§* |nj, ) [r(nia) + Z P (0 | n*)V(ng,,)|,vn, € Qy  (4.3)

sas’
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in which Q is the set of feasible count values and P(n | n3, ), P(nf*' | n5*) are

the collective distributions defined in corollary2.1|as

P | nf, 7) = H( N, (2)! ;H”t (il 00 1, ) ,J>)

icS HZES]EA ( )

P(nias - H (H sas Z ] Z |H¢t |Z ]7nt ))n%as (i7j7i)>
265

1€S,jEA ieS

Proof. The derivation to V;™(n}) is similar to the proof in theorem 2.4] O

When the number of agents is greater than 1, there could be more than one (per-
mutable) joint state-action s;a, corresponding to each value of the state count nj?.
As a consequence, the space of feasible counts is than the space of all possible joint
state-actions. Therefore, the value function defined by the counts as in equation
i1s more compact than the joint value function defined by equation Assume
the number of agents is larger than number of the local states, we can quantify the

complexity of planning space by:

Proposition 4.2. The size of joint state space is |S|™M while the size of state count

space is (|S]‘V£1).

Proof. As each agent can be in one ¢ in S, the total number of combination of states
of M agents is |S|. To form a feasible state count of M agents over | S| states, we
can firstly choose |S| — 1 numbers in range [0; M/] and rank them in the increasing
order {z1,...,xg/-1}. Then together with zy = 0, 2|5y = M, we can specify state
count n(i) at each local state i to be the number of unique integer in range [x;, ;1 1).

The number of ways choose such |S| — 1 number is (o’

| S|—1)’ which is equivalent to

the size of state count space. [

The asymptotic complexity of the state count space is @( = MISI=1, There-

|S|— 1)
fore, when the size |S| of state space is much smaller than number of agents, the

state count space has much lower complexity than the joint state space.
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Although the count-based value function is more tractable than the joint state-

M

| S‘_l) complexity is exponentially large. This motivates

action value function, its O (

us to a develop sampling-based approaches for CDec-POMDP planning problems.

Notice: We can extend our model to FSC based policy by adding additional counts
for the number of agents moving from one memory state to another. However, this
requires a comprehensive study of the trade-off between the increment of the count
dimensions and the richness of FSC policy. This is beyond the scope of this thesis.

We leave it as a future research direction.

4.2 Reinforcement Learning

In this section, we introduce the general reinforcement learning (RL) framework for
the Markov Decision Process with full observation. This is the basis for us to derive

the RL framework for Dec-POMDP and CDec-POMDP problems later.

We consider the general CDec-POMDP model with global state component d;
as introduced in Chapter [2| The value function and policy function are defined as
Q(s¢, a4, dy) and 7(ay|s;, d;) respectively. s;, a; denote the joint state and joint
action in Dec-POMDP or single state and single action in standard MDP. If there is

no global component, we can set d; = null.

To extend MDP results to POMDP, the partial observation o about the environ-

ment state can be included later by directly replacing 7 (a|s;, d;) with 7(a,|o).

Consider state-action value function in a MDP under a policy function 7 and

transition function P

Q?(Sba’hdt) = E[Z rt”St?a’t?dhﬂ-] (44)

v>t
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() value can be computed exactly by a dynamic program as: [[117]

Q?(Stv Qg dt) = T(St, ag, dt)

+ Z P(sii1,diii1|se, ar, di) Vi (Se41,dis1), Vs € S,a, € A (4.5)

Sty1,dey1

‘/tﬂ(st, dt) = Z W(at].st, dt)Q?(St, Ay, dt),VSt c S (46)

at

Theoretically, after computing the value for all states and actions based on this dy-

namic program equations (4.5)), (4.6), we can optimize policy for time ¢ by:

max Z P(s, di)Vi" (81, dy) = mfr%XZ P(sy,d:) Zw(at|3t, di) Q7 (81, @, dy),

s¢,d¢ at

in which P(s;, d;) is the frequency when the global state (s, d;) appears at time ¢.

Dynamic programming approach requires the enumeration of all possible states
and actions, hence is not scalable to problems with large state and action spaces, e.g.
the joint state space in a CDec-POMDP. Instead of computing the exact value func-
tion Q7 (s, as,d;), reinforcement learning (RL) methods estimate an approximate
value function Qw(st, ai, dy) ~ Q7 (s, ay, d;) and update the policy based on this
approximate Q by Monte Carlo sampling. The approximate value function Q. can
be learnt by using regression to fit empirical returns obtained from historical data or
simulation. To update policy, a policy gradient is estimated from Qo tO specify the

direction to adjust policy parameters.

The reinforcement learning with value function approximation is also known as
the actor-critic [117,154] with actor referring to the policy and critic referring to the

approximate value function [117].

57



4.2.1 Reinforcement Learning Outline

In each learning iteration, to estimate Qw(st,at,dt), we generate samples of
(8¢, ap,dy, ) and fit Qw(st, a;,d;) to the corresponding empirical returns form
samples by using regression method. The policy is updated to increase the expected

value of (), at the samples (81, @y, 7).

Following a convention in RL community, we consider the approximate value
function () to be a function parameterized by parameters w and the policy 7 to be a

function parameterized by parameters 6.

4.2.2 Policy Gradient

When the policy 7 is parameterized with @, we can optimize 7 by applying a pol-
icy gradient estimation computed with the critic function Qu. Following similar

derivation with [118]], we now show how to compute policy gradient V,V (7).

We denote the value function of a given policy 7 in an expanded form is given

as:

V;f(ﬂ-) = Z P(St7a’tadtlboabg;ﬂ)@?(staa’tvdt) (47)

st,at,dt

where P(St, a;, dt|bo, bg, 7T) = Z P(Sl;t, aj., dl:t’boa bg, 7T) is the distri-

S81:t—1,01:t—1

bution of the joint state-action (s;, a;, d;) under the policy 7.

Recall the Bellman equation of value function Q7 (s, a;, d;) to be

Q?(Shabdt) :Tt(smat,dt)

+ Z P(St+1>at+1,dt+1|8t,at,dt;W)Qfﬂ(st“,atﬂ,dtﬂ) (4.8)

St4+1,at4+1,dt41

58



The policy gradient is computed as follows:

5%,
0—90: Z VQ(P(So,ao,dowo,bg;ﬂ)Qg(So,ao,do)> 4.9)
s0,a0,do
= Z QS(SO,aoado)vep(so,amdo’bo,bg;ﬂ)
s0,a0,do
+ Z P(sg, aq,dy|b,, b2; m)V Q7 (S0, ao, do) (4.10)

80,a0,do

using the Q function definition for CDec-POMDPs and taking the derivative we get

= Z Qg(soaaoado)vep(so,ao,ddbo,bg;ﬂ)

80,a0,do
+ Z P<807a’07d0|b0abg;7r)v9|: Z P(Slaahdl’sOaa’07d0;7r)Q71r(slaa’lvdl):|
80,a0,do 81,a1

If we continue unrolling out the terms in the above expression, we get

:Z Z Q7 (8t, ar, di) P(81-1, @r1, di1]bo, b5 )

t  S1:,01:

x VoP(8t, a4, di|8t-1, @41, di—1;T) (4.11)
this can be re-written use the log trick

= Z Z Q?(sha’t)dt)P(St—laa’t—17dt—1|boabg;ﬂ-)P(Staatydtwovbg;ﬂ-)

t 81:t,01:

x Vglog P(s;, ai, di|Si—1, a1, di—1;7) (4.12)

= Z Z Est,at,dﬂbo,bg,ﬂ- Qf(st,at,dt)ve IOgP(at|Stadt§7T)] (4.13)

t s1:,a1:¢,d1:
Compatible Value Function Approximation - Unbiased Gradients

One of desirable properties of the critic function Qw(st, ay, d;) is that it should give

the same policy gradient as Q7 (s, at, d;) as
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> Y Eganaipesin [Q;f(st,at,dt)v@ log P(at|st,dt;w>]
t

81:¢,01:¢,d1:¢

=> ) Est,at,ddbo,bg,w[Q:(st,at,dtmlogP(at|st,dt;7r)] (4.14)
t

31:t7a11t1d11t

Sutton et al. [118] showed a class of critic function with this prop-
erty, namely compatible value function approximation with Qf(st, a;,d) =
wVglog P(ay|s;, di; 7). In other words, the compatible critic function to be a lin-
ear function of the derivative vector of policy function is able to provide non-bias

policy gradient.

In practice, @ is considered as a neural network function instead of linear func-
tion. Nevertheless, we will show later, the compatible value function approximation
provides us some hints on designing structure of the neural network based policy in

Dec-POMDP and CDec-POMDP domains.

Actor-critic approaches

Denote «,, and «y to be learning rates of critic and actor respectively. Based on

trajectory sample (1.4, @1.5, d1.17 ), we can update the parameterized critic and the
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actor using standard approaches [117] as in algorithm 2]

Algorithm 2: Actor Critic Framework

1 Initialize network parameter 6 for actor 7 and and w for critic Q,,
2 repeat
3 Sample trajectory (S1., 1.1, d1.17)

4 Computing empirical k-step prediction

Rf(stv g, dt)
t+k—1 ~ .
vy T(sy,ap,dy) + Qu(Sisk, Ak, degr)  ift+k < H

Zf;tl r(8y, ap, dy) + Qu(Sitk, Aok, dirr) otherwise

(4.15)

5 Critic update: Minimize the TD difference

~ 2
>, <Q(st, a;, d;) — RE(sy, ay, dt)) by gradient descent

~ 2
w=w =y Y (Quisiand) - R(si.and))  (416)
t

6 Actor update: Maximize the surrogate objective

S, Q(s1, at, dy) log m(ay|s:, d;) by gradient ascent

0 = 9+Q9V92Qw(3t,at7dt) 10g7r(at|st,dt) (417)
t

7 until convergence

Notice: The surrogate objective >, Qw(st, ay,dy) log m(ayg|s, d;) in actor update

equation (4.17) comes from re-writing the expected value of policy using the log
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derivative trick

Vo> Qu(s.a,dr(als,d;0) =) Qu(s,a,d)Ver(als,d;0)
= Z Qu(s,a,d)r(al|s,d;8)Vglogn(als,d;0)

Sple Z Qw(s, a,d)Vglogm(als,d;8) (4.18)

a~m(als,d;0)
Variants

TD()) : As proposed by Sutton [[116]], in TD critic update, instead of computing the
return value estimation with a fixed k, we can consider a mixture of different values

k as:

H—t-1
R?(St, Ay, dt) = (1 — )\))\kilRf(St, ag, dt> —+ )\HﬁtilRflit(St, ag, dt) (419)

k=1

and update the critic to minimize TD difference with these values as

~ 2
1N, Zt (Q(St, ag, dt) - RZ\(Su ag, dt)) .
From now on, we refer R;(e) to be either k-step prediction or A prediction, unless

specified.

REINFORCE: An earlier method used to train the actor function is the RE-
INFORCE algorithm proposed by Williams [143]. Instead of using the critic

in actor update, we can directly use the empirical returns and maximize

Zt Rt(st, a;, dt) log W(at‘st, dt) as follows:
9 = 9 + Ongg Z Rt(st, ag, dt) lOg 7r(at|st, dt)
t

REINFORCE is still among the most popular RL algorithms in many single agent

domains because of its advantage in providing no-bias estimation of policy gradient.

State value function: Another common method in reinforcement learning literature
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is to use state value function \7w(st, d;) instead of the state-action value function

Qw(3t7 Ay, dt) as follows:

* Critic update:

& E/Jr:ktil T(Sﬂ,ﬂ;t/,dt/) + V(St+k7dt+k) lft+k < H
Gt (St7 Qy, dt) =

Zf:_tl r(8y,ay,dy) + Vw(st+k, dyyr)  otherwise

- 2
W=W— AV Z <Vw(8ta di) — Gi(84, ay, dt))
t
* Actor update:

0=0+0gVy Z Gi(sy, ay) logm(ay|s, dy)
t

Notice: A main problem with REINFORCE and state value functions is that they
are not decomposable in a multi-agent setting. As shown later, the decomposability
of policy gradient is the important and desirable property in multi-agent RL, and it
is achievable with the use of ()-value in policy gradient computation. Therefore, in
this thesis, we focus more on designing an efficient policy update in CDec-POMDP

for Q in equation (4.17).

4.2.3 Baseline subtraction

The policy gradient in the equation is estimated by samples of state-action
values. Theoretically, the sampling based estimation of the policy gradient con-
verges to the true policy gradient when the number of samples is sufficient to
approximate the state-action space. However, in practical problems like CDec-
POMDPs, the state-action space can be exponentially large, and the convergence
of policy gradient is slow. In fact, the sampling-based estimation of the policy gra-

dient is usually a stochastic variable with high variance. To reduce the high variance
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of the stochastic policy gradient estimation, a baseline b(s;, d;) is used as a control

variate in policy gradient estimation [137, 35]]. In particular, () is subtracted by the

baseline as follows:

0=0+0aVe Y [Qst,ar,dy) — b(si, dy)] log m(ay|s;, dy) (4.20)

t

The baseline function is only dependent on state, therefore does not introduce an

bias into the expectation of policy gradient:

Vo > b(s,d)m(als,d;0) =b(s,d)Ve > _7(als,d;0)

Qa

-~

= b(S, d)Vg ( 1 )
=b(s,d) x 0

=0

Bhatnagar et al. [[14] showed that the optimal baseline in actor-critic, which results

into minimum variance of stochastic policy, is:
b*(s,d) = Z Qu(s,a,d)r(als,d; ) (4.21)

Notice: In reinforcement learning, we can unify different ways to compute the

policy gradient by considering a generic update formula:
0 =0+ asVe Z A(s, ar, dy) log m(ay| sy, dy), (4.22)
t

in which the value A(sy, a4, d;) used to update policy is called the advantage func-
tion. A(St, a;, dt) can be set to be [Rt(st, a;, dt) — b(St, dt)], [Gt(st, ag, dt) —

b(sy,dy)] or [Q(s¢, ay, dy) — b(sy, dy)].
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4.3 Multi-agent Reinforcement Learning

The main challenge to extend single agent reinforcement learning to multi-agent
problems like Dec-POMDP or CDec-POMDP is the large joint state and action
space. In CDec-POMDPs, the number of possible joint actions of M agents at each
decision epoch is |A|™. The exponential complexity of joint space requires our
study to find out suitable form of critic functions as well as efficient policy update

formulas in this section.

4.3.1 Factorization of policy in decentralized execution

Recall that by CDec-POMDP definition in Chapter [2| the joint policy function has
the form of P(a|s;, d;) = [[,, 7™ (a}*|o™(si*, nf, dy)).

We consider the same observation function 0™ (i, n$, d;) = o(i,n$, d;), Vm and
same policy 7" = 7, Vm for all the agents. Therefore we would drop the superscript

index m in the policy and observation function 7, 0™, and the joint policy becomes

P(ay|sy, di) = 1, 7(a"[o(s]", 1y, dy)).

Under this factored form of the joint policy, we have:

Proposition 4.3.

Vo log P(ay|s:, d;) = ng log( m(a}"|s}", (s;”,ni,dt))) (4.23)

Proof. We simplify the above gradient as following:

Vo log Pla|s, di) = V910g<H7T Pls, olsi" v, d))

—Zvalog< ap'ls;", ofsi", v, d)) (4.24)
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Replace (4.24)) into (4.20), we have a general policy gradient in CDec-POMDP

as follows:

0 =0+ a9V Z A(sy, aq, dy) Z Vi log (W(aﬂs;", o(sy", nf, dt))> (4.25)
t m

=0+ a9V Y [Q(s1, ar,di) = bse,di)] Y Volog (Y w(af'lsi”, ofsy",mj,dy))

t m

(4.26)

As shown by Peshkin et al. [90], the decomposition form (4.26)) allows the de-
centralized policy to be efficiently updated by an individual action instead of a

joint action. This reduces the exponential complexity |A|* into a linear complexity

M x |Al.

In the formula (4.26)), although the log of the policy function is decomposed un-
der the decentralized execution, the advantage function [Q(s;, a;, d;) — b(ss, dy)]
is not decomposed amongst agents. A single number representing the non-
decomposable value of the value function does not tell much about the effect of
each individual action in the system. Consequently, as shown in experimental sec-
tion in later chapters, when the number of agents is large, the non-decomposed

global value is insufficient to update individual policy and often leads to a poor

reinforcement learning solution.

To see why using a non-decomposed global value is problematic in multi-agent
RL, let us consider a trivial example to optimize routing policy for decentralized
vehicles in a traffic network with 2 main sectors A and B. An agent can choose to
go through either sector A or B. Agents with optimized policy should be able to
avoid moving into congested sector and balance the traffic in the network. Assume
at a time step ¢, sector A has no congestion and sector B has heavily congested. As
a result, the system incurs a high penalty cost, saying a reward value 7, = —1000,
due to the congestion at B. Without decomposing the value, we can not update the

policy to mitigate the right cause of congestion. By feeding this singleton penalty
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Figure 4.1: Credit-assignment in multi-agent RL.

to all agents, the individual policy would be updated to reduce the probability to
neither move into B sector (which is desirable) nor move into A sector (which is
undesirable). Ideally, we should decompose the global value into a high congestion
penalty for agents in sector B and a low (or zero) congestion penalty for agents
in sector A. The process of decomposing the global value to individual signals is

called credit-assignment, which we study in the following section.

4.3.2 Credit-assignment

To effectively optimize individual policy with RL , Wolpert and Tumer [148]
showed that we have to “personalize” the value signal for each individual agent.
Specifically, the multi-agent reinforcement learning (MRL) policy update (4.25)) is

re-written as
0 =0+ ayVe Z Z f™(st, ar,di)Vglog <7r(a§”|s§”, o(s}", nj, dt))) (4.27)
t m

in which ™ (s;, a d;) is the credit value for individual m when it participates with
action a}” into the joint state-action (s;, a;,d;). Credit value f™ is usually com-

puted from the joint value function estimator Qw(st, a;, d;). The credit assignment
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procedure for MRL is demonstrated by the diagram in Figure Given the joint
state action (s, a;, d;), we would use a global critic Qw(st, a;, d;) to estimate the
value. Then we compute the credit value ™ for each individual m using this global
critic. Finally, we use f™ to update each individual policy 7(a}"|e).

Desirable Properties: The credit value is designed to reflect the contribution of an
individual agent into the global value function Qw(st7 a,dy). In expectation, the
policy gradient computed by individual credit values should be the same (or close)
to the one computed by the global value function. In other words, credit assignment
should not introduce any bias (or a low bias) into the policy gradient. At the same
time, credit assignment should be able to distinguish the roles of different agents in

the system, and hence reduce the noise in the gradient estimation of each agent.

Notice: As our objective is to learn a homogeneous policy function 7 instead of

multiple policy functions, we can combine policy update of all agents by a sum

Zt Zm fm(st’ ag, dt>V9 log <7T(a’175n’817$na O(S;n7 H? dt))

Credit assignment methods

We now present the most common credit assignment methods from the literature.

Vanilla: The vanilla policy update in equation (4.23) can be considered as a dummy

credit assignment with f™(s;, a;,d;) = Qw(st, a;, dy).

Expected value of individual: To estimate the value of an individual action a™,
Claus and Boutilier [23] proposed that m can marginalize over all possible actions

a~™ of other agents m' # m

fm(st7 ag, dt)

= Z Q(s,a;, ™ Uay", dy) H m(a;™s™ o(sT, 8y, dy)) (4.28)

a;meA-m m'#m

This type of credit assignment is applicable to multi-agent domains with small ac-
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tion space. A recent application is shown in multi-agent patrolling by Gupta et al.
[41]]. However, as the action space increases, computing exact marginalization in

(4.28)) becomes infeasible.

Counterfactual value function: Wolpert and Tumer [148]] proposed the credit as-

signment function to be the difference reward for each agent

fm(stva’tudt)

= Q(sp.an,d) — Y w(d™|s{" o(s)", 81,dy)Qu(s,a;™ U™, dy)  (4.29)

a/"l eAm

In general, this formula quantifies the contribution of action a;* of agent m by the
difference between the realized value Q(st, a;, d;) and average value when agent
m takes alternative (counterfactual) actions a’™. Foerster et al. [30] showed that

the counterfactual baseline ) 4m (@[5, 0(s]", 8¢, dy))Q(8¢, @y " Ua™, dy) is

zero in expectation, therefore it does not introduce any bias into the policy gradient.

One of main problems with the counterfactual RL is we have to compute the
counterfactual values for all possible counterfactual actions o of all agents m.
In other words, in the system of M agent and the action space to be A, to per-
form credit assignment for each sample (s, a;, d;), we have to compute the value
function |M| x |A| times. We would address this bottleneck in the CDec-POMDP

domain later in Chapter [6]

Local reward: In a domain where the global reward 7, is the sum of local rewards
r, = > 1", we can use the local reward r}" to learn policy for an individual m.
In particular, instead of a single joint value function Q, [[121] proposed independent
learner framework in which each agent m would maintain a separate value function
Q™ (s, a™) to estimate the accumulative reward E[> 4, 77|s™, a}"] it could col-
lect. Bagnell and Ng [8] showed that learning with local rewards can improve the
convergence compared with global reward signals. Claus and Boutilier [23]] showed

that learning with a local reward signal, in fact, follows the fictitious play rule [60],
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hence can achieve a high quality solution.
However, in large populations, the independent learner method would require a
large number of learning processes (one for an agent), which is not scalable. In

Chapter[5] we address this problem by a count-based local reward RL approach.

4.3.3 Factored critic function

In a decentralized execution setting, we consider the following special form of the

approximate value function f,, [115,[37,53]:

M
Qu(sr,ar,di) = Qu(se, a, dy) =Y fur(sy", af, s, dy) (4.30)
m=1

where each f;' is defined for each agent m and takes as input the agent’s local state,
action and the observation. Notice that different components f;" are correlated as
they depend on the global state s;,d;. Such a decomposable form is useful as it
leads to efficient policy gradient computation. Furthermore, an important class of
approximate value function having this form for CDec-POMDPs is the compatible

value function [118] which results in an unbiased policy gradient.

Proposition 4.4. Compatible value function for CDec-POMDPs can be factorized

as.

Q Staa'tadt me st 7at 7nt7 )

Proof. As we showed previously the result from [[118]], the compatible value func-
tion approximates the value function Q(s;, a;, d;) with linear value Quw (84, a4, dy) =
w! ¢(sy, ay, d;), where w denotes function parameter vector and ¢(s;, a;, d;) is com-

patible feature vector computed from the policy 7 as
¢(St,at,dt) = V@ 10g P(at’St,dt) (431)

Applying this for CDec-POMDPs and using the result from proposition we
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have the linear compatible feature in a CDec-POMDP to be:
$(s1,ar,dy) = Vglog Play|s,, d;) = Y Vylogm(a™|s)", o(s}", 5, dy)) (4.32)

We can rearrange Qw(st, ay, d;) as follows:

Quw (St,at,dt) =w ¢(St;at>dt [ZVelOth( m‘St ) (St 7nt7dt>>

= ZUJTVQ log mi(a™|sy", o(sy", 1}, dy)) (4.33)

If we set [ (s, a7, 05, d;) = wT'Vglogm(a™|s™, o(si,nf, d;)), the theorem is

proved. [

We can directly replace Q() in the policy gradient (4.26)), which is equivalent
to a naive credit assignment of local signal to global signal. Empirically, we found
that variance using this estimator was high. We exploit the structure of Q., and show
further factorization of the policy gradient, which suggests us to use directly f;" as

credit function.

Theorem 4.1. For any value function having the decomposition as:

Qu(s1, ar, dy) me st ap 03, dy), (4.34)

the policy gradient can be computed as

H

Vg‘/l(’/T) = Z ]E'Smat,dt [Z Vo log'/r(a;n‘s;n, 0(8?7 n?? dt))fgb (Sgnv a;n’ ni, dt):|

t=1

(4.35)

Proof. Substitute the approximate value function Qw(st, a;, dy) to Q7(s;, ay,dy)

in the policy gradient formula (4.13)), we have the policy gradient computed by
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approximate value function Qw(st, a;,d;) to be

VoVi(m)

= Z Est,at,dt Vylog P(at|st7 dy; H)Qw(sta ag, dt)]
- L

rOlog [ ], 7™ (ai*|s{", o(sy", g, d ' oml ml s
:ZEsuat,dt H ( ta‘et ( t oot t)) (wa (St , Oy ,Ht,dt))}
t - m’

= ZESt,at,dt —Z Vo log " (a;n’52n7 O<33tn7 nia dt))(z flTl(S?ll7 a;n’) nia dt))]
t B m’

:ZESt,amdt ZV@lOgﬂ' (a’t |8t7 0(5y 7nt7dt Z f St 7a’t 7nt7dt))]
t

m/#m

+ 3 Eavanar| Y Vologn™ (af' s, ofsy", 3, ) (£ (57", af" v, ) | (4.36)
t T m

Let us simplify the first term in (4.36) as follows:
ESt,az,dt [V9 log T (a:n|‘9;n> 0(‘9:”7 Ili, dt)) ( Z f;n/(sgbl7 a’;nl7 Ili, dt))]
m/#m

Given the independence of value functions of other agents m’ # m w.r.t. the action

ay® of agent m, we have:

= E,, |:Ea§"st (Vg log 7™ (a;”|s;”, o(sy", nj, dt))

Z I ay’ |St St >at >O<ST/’n§adt))):|

m/#£m

= E,, { m|s, (Vg log @™ (a}"|s*, o(s}", 03, dy) % constant_to_a@”)]

=0

Applying this to (4.36), we can dismiss all the term of m’ # m to simplify (4.36)
into (4.35). []
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Optimal baseline for decentralized execution

The baseline b(s, d) is used to reduce the variance of policy gradient, with the
baseline, the policy gradient would be computed in term of advantage function
A(s,a,d) = Q(s,a,d) — b(s,d) instead of (s, a,d). In decentralized planning

case, this is computed as:

Proposition 4.5. For any value function having the decomposition as:

Q(s1, ap, di) = Qu(8t, @y, dy) = me CHNGAR W ); (4.37)

the optimal baseline can be computed as:

w(ng, dy) = me (s7,ng,dy), (4.38)

in which each

b (sy,ng, dy) = > m(a|s o(sy,ng, dy)) o (s, af, o(sy uj, dy))

m
Ay

Proof. Recall from [14]], optimal baseline of any critic Q(s;, a, d;) to reduce vari-

ance of policy gradient is:
nt,dt ZP at\st,dt (st,at,dt). (439)

Now, substitute (4.37)) into this we have:

b*(ny, dy)
- ZHTFt ™ o(sT s, dy)) me sy a)",ng, dy)]
Z Hﬂ't ™ o(s™ 0, dy)) me (s7, a,o(s}",n}, dy))] (4.40)
0 aM m/

73



For a specific m, denote a~" to be the joint action of all m’ # m, we have:

Z Hﬂ't (@ |o(s7 s, dy)) f (s, ey s, dy)

M
“t’ 5ay m/

:me s; s ai g, d Z H m(ay" ’ o(s;" ,nt,dt))
am

a—™ m'#m

_me sy, ay",ny, ) x 1

Notice the reason the last equation holds is due to the independence of decentralized
individual policy. Apply this simplification for each m, we can simplify (4.40) into
(4.38). []

We summarize theorem {1 and proposition 4.5 by

Corollary 4.1. When the critic function is decomposed as:

Q Staatvdt me St 7a;n7n§7dt)

the policy gradient can be computed by:

VGZZ]Est,at,dt[ fm St 7at 7nta ) _bm<3;nanf7dt))

x Vg log (m(a}|s}", o(s:”,ni,dt)))} (4.41)

in which bm(ST7nf,dt) = Z m 7Tt(at |5t ) (S?’ni’dt))f (st 7at ’nt’dt)

Notice that computing the policy gradient using the above result is not practical
for multiple reasons. The space of join-state action (s;, a;,d;) is combinatorial.
Given that the agent population size can be large, sampling each agent’s trajectory
is not computationally tractable. To remedy this, we later show how to compute
the gradient by directly sampling counts n~ P(n; ) similar to policy evaluation in
equation (2.13). Similarly, one can estimate the action-value function Q7 (s, a;, d;)

using empirical returns as an approximation. This would be the analogue of the
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standard REINFORCE algorithm [[144] for CDec-POMDPs. It is well known that
REINFORCE may learn more slowly than other methods that use a learned action-
value function [118]]. Therefore, we next present a function approximator for )7,

and show the computation of policy gradient by directly sampling counts n.

4.4 Collective Reinforcement Learning

In general, when dealing with homogeneous agents, we can aggregate agents in
the same state by the state-actions count. The log-likelihood of the joint action

probability in proposition can be simplified as follows:

Vo log P(a|s:, di) = Z ;% (i, 7) Vo log m (jlo(é, 1y, dy)) (4.42)

i€S,jEA

Using the above results, the final policy gradient expression for CDec-POMDPs is

readily proved.

Theorem 4.2. For CDec-POMDPs, the policy gradient is given as:

H
VG‘/l(ﬂ-) = Z En‘:,nia,dﬂbo,b‘g;ﬂ |:Q?(n§a7 dt) Z nia(ia j)V@ 1Og Wt(j|0(i7 H;, dt))
t=1

i€S,jEA

(4.43)

Proof. This result is directly implied by substitute (4.42)) into (4.13) and notice that

n;*, d, are sufficient statistics in CDec-POMDP. []

4.4.1 Policy Gradient with Factored Collective Critic

In a population of homogeneous agents, we have the same function f' for each

agent, and deduce the following:
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Qu(si, @, dy) = Zn (i, 5) fu (3, 5,5, di) (4.44)

Theorem 4.3. For any value function having the form: Qw(st,at,dt) =

> i 058 J) fu (¢,4,n$,dy), the policy gradient can be computed as:

H
EnI:HGQLH:dle |:Z Z Z j VG lOgﬂ'(j’Z O(Z nt7dt))fw(Z jvnt7dt)
t=1 i€S,j

(4.45)

Proof. By aggregating agents in similar state-action in theorem [4.1] and (4.44), we

have:

010 i,0(t,n5,d o
VG‘/l Z]Est a: dt[zn 1,] gﬂ-(]’ae( L t)) fw(l7.]7n§>dt):|

(4.46)
We can expand the above expression as:
V@‘G(Tt‘) =
. o Ologm(ilisoling d)
ZP(Sle;aleadle)[ZZnt (,7) ( ‘89( b)) fw(z,j,nt,dt)]
81:H,01:H,d1:H t=1 4,

From Chapter we know that the probability P(s1.y, a1.u, d;.;) depends only on
counts n generated by the joint-state and action trajectory (S1.y, @1.5,dq.i) and is
equal to the corresponding joint probability P(sy.7, a1.7, dy.r) in (2.3). Using this

result, we have:

VoVi(m)
810g7r(J|Z o(i,n§, dy))

— Z fn.y [ZZD i,j 50 fw(i7j;n§7dt)]

81:H,01:H,d1.H t=1 4,

Notice that the entire expression inside the summation above depends only on the
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resulting counts ny.;. We also know from Chapter [2| that the multinomial coeffi-
cient ~(ny.x) in (2.5) counts the total number of ordered M state-action trajectories
with sufficient statistic equal to n;.; as was stated previously. Therefore, we can
replace the summation over (81.y, @1.5,d;.) by summation over all the possible

valid counts ny.y € 1. and multiply the inner expression by A(-) to get VoV (7):

_ Z h(ny.p) f(nyy) [ZZnia(i’j)alogﬂ(jliég(i,nf,dt)) fuli, j, Hf,dt)]

ny.g€Q.m,dig t=1 4,j

— Z P(an)[ZZnia(l’])alogﬂ(]‘lég(l,nfydt)) fw(’%j, nf,dt)}

nl:HEQI:H7d1:H t=1 7’7]

The above equation proves the theorem. ]

The above result shows that the policy gradient can be computed by sampling
count table vectors ny.y from the underlying distribution P(-) analogous to com-
puting the value function of the policy in (2.15)), which is tractable even for large

population sizes. As a result of theorem 4.3| we have

Corollary 4.2. The count-based policy gradient can be estimated by a count n; as

follows:

S L\ Ologm(jli,o(i,n3,dy) L .
EntéQt,dt [Vg 0y (27]) ( 89 ot ) [fw(zajvnta dt) - b(l7nt7 dt)]]
,J

(4.47)

in which b(i,n3, dy) = > m(5'[i, 0(i, 0, dy)) fu (4, J, 03, dy)

We find that the factorization of linear collective critic Q,(nf*,d;) =
> 054, J) fuli, j, 03, dy) implies the credit value f,(i,j,nj, d;) for an agent in
1 taking action 7. We demonstrate the credit-assignment process in collective plan-
ning by the diagram in Figure By comparing the stochastic policy gradient
in collective formulas and (4.41)), we can consider the collective credit-
assignment as obtained by aggregating similar credit values of agents in the same

local state-action.
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One of the main advantages of the count-based update over the individual update
is that the complexity of our RL is not dependent on the population size. This is the

basis for us to derive efficient count-based RL algorithms in next chapters.

nt 7dt

Value estimation *

[ Q(nt 7dt ) J
Credit-assignment *

(f(i, 7| n3* dy))ies,jea

Policy update v
< maxzn (i, j|3*, di) log w(ji, oG nt,dt>>>

Figure 4.2: Credit-assignment in Collective RL.

4.5 Related Works

4.5.1 Model-based planning

The most common technique to solve single agent (PO)MDPs is dynamic program-
ming [13} 43]], which is a backward induction based on the Bellman equation to
compute the optimal accumulated reward Q(s, a) of each state-action pair in the
current time step. However, because the exact dynamic programming requires the
enumeration over all possible state-action pairs, it is not scalable in Dec-(PO)MDPs
with exponential joint space of states and actions [12]. In a special case, when
the closed-form formula for joint value function is available, another way to scale
up the dynamic update is to search for local optimum by letting agents take turn
to perform best response to improve their policy [74]. In general, to tame the ex-

ponential enumeration in Dec-(PO)MDPs dynamic programming, there has been
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substantial research focusing on approximating Dec-(PO)MDPs with point-based
backup approximation. In point-based backup, instead of enumerating over all be-
lief states, the dynamic programming update is only performed over a smaller set
of belief states (points). The points can be generated randomly by an online DEC-
(PO)MDPs policy [119] or using a limited number of most likely observations [105]
or basing on Bellman inequality [151]. All of these approximation approaches are
limited to small number (less than 10) of agents and are difficult to scale up to

realistic domains.

Toussaint et al. [123] proposed a novel method to recast MDP planning prob-
lems into inference problems by re-writing the reward into an auxiliary likelihood
function P(7 = 1|s;,a;) o 7(s;,a;). One advantage of this probabilistic infer-
ence representation is that we can apply an advanced inference technique called
Expectation Maximization [25]] (EM) to solve it. Standard EM algorithm involves a
backward value computation similar to dynamic programming and a forward state
frequency computation. When EM is applied to solve planning problem, Schulman
et al. [101] proved the objective of EM is equivalent to a surrogate policy loss func-
tion in reinforcement learning. Therefore, EM and RL both optimize closely related

objectives.

Kumar et al. [58]] extended the approach of Toussaint et al. [[123] to multi-agent
settings. They proposed an efficient EM algorithm to solve independent transition
Dec-(PO)MDPs problem in MAS, i.e. the transition of an agent is independent
of others but agents are related by some pairwise reward functions. By exploiting
the sparse graphical structure of Dec-(PO)MDPs, the EM algorithm in [58] could
be implemented as a parallelizable message-passing procedure. For general multi-
agent problems with no independent transition, due to high coupling constraints

between agents’ variables, EM updates are computationally expensive.
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4.5.2 Reinforcement Learning

In [143], [Williams derived one of the first policy gradient algorithms to train neural
network based policy called REINFORCE. The REINFORCE algorithm computes
the policy gradient directly by the empirical return values. Training with REIN-
FORCE has low bias but high variance [91]], which implies a slow convergence rate
of the algorithm. One of well-known remedies for this situation is to use an approx-
imate value function in place of empirical returns to estimate value functions. This
is known as the actor-critic method [55], in which “actor” stands for policy function
and “critic” stands for approximate value function. In [118], Sutton et al.| provided
the general formulas for critic-update to train the critic with the empirical returns
and actor-update to train the actor with critic values. These two works [143] and
[118] lay the foundation for development of later advanced policy gradient methods
such as natural policy gradient [[14], trust region policy optimization [[102], etc. The
derivation of our collective policy gradient algorithms for CDec-POMDP is also

based these two seminal works.

The biologically inspired neural network model has been known for a long time
to be able to solve difficult planning problems [10]. Recently, Al systems with
neural network model are shown to achieve human-level in complex video game
[70] or even defeat humans in the challenging game of Go [[109]. This success of
neural network model is due to the progress of reinforcement learning to train neural
network based policy. Two main classes of reinforcement learning algorithms are
Q-learning, in which the system learns a value function and executes the greedy
action according to that model; and policy gradient, in which the system adjusts a
policy function by a policy gradient with regard to system value function [117]. In
congestion related domains like our goal navigation or taxi matching scenarios, we
prefer the policy gradient method to find stochastic policy rather than Q-learning
whose greedy nature could cause high levels of congestion. Hence, in this work, we

focus on developing policy gradient methods for CDec-POMDP.
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4.5.3 Multi-agent reinforcement learning

Directly applying single agent algorithm into multi-agent systems could lead to poor
solutions because the individual could not distinguish its contribution in the entan-
gled policy and value functions [23, (121} [148]. Therefore, much effort has been
spent to derive efficient reinforcement learning algorithms for multi-agent systems

with neural network policy based policies.

Peshkin et al. [90] showed that using decentralized policy in MAS could help to
untangle the policy gradient for each individual policy. More specifically, because
the action probability function 7' of each agent m is independent of the parameters
of other agents, the derivative of the joint action probability could be factorized into
a sum of disjoint derivatives of independent policies. Peshkin et al. [90] exploited
this property to propose a efficient algorithm for MAS using the REINFORCE algo-
rithm [[144]. Later on, Aberdeen [1] showed that learning decentralized policy using
Peshkin et al. [90]’s algorithm could outperform centralized real-time reinforcement
algorithm in job scheduling problems and also worked well in Dec-(PO)MDPs. Our
decentralized planning research inherits the policy factorization property from [90],
however we study actor-critic with a policy gradient decomposed by structural value
function approximation. When studying MAS reinforcement learning with coordi-
nation graphs, Guestrin et al. [39] proposed a factorized policy gradient method to
fine-tune the Q-learning. However, Guestrin et al. [39] used REINFORCE based
method with global reward signal and their policy method was limited mainly to

coordination graph domains where agents can freely communicate.

In large MAS, it becomes difficult for agent to discern the effect of its actions
on the global utility. As pointed out by Wolpert and Tumer [148], the difficulty
of extracting individual contributions from a global reward signal comes from the
“noise” of the activity of other concurrently active agents. In particular, because
policies could be stochastic or all agents could concurrently change their policies

in learning, the empirical global utility values could become high variance random
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variables in the perspective of each agent. The common solution for this problem
is to let each individual agent learn an individual value function and optimize its
policy based on its own individual estimation of reward. This solution can be con-
sidered as a hybrid of fictitious play in game-theory and reinforcement learning
[23]]. One of the earliest methods of this class is the independent learner proposed
for Q-learning in [[121], in which each agent learns a Q-function for its local ob-
servation and action based on local reward signals and acts greedily according to
its individual Q-function. Chang et al. [20] showed that the local value function
learning with local reward signals converge faster to good solutions as opposed to
learning with global reward signal. Decentralized reinforcement learning with local
reward is successfully applied to multiple complex domains such as traffic control
[142] or coordination graph problem [53] etc. The advantage of the local reward
signal is also exploited in one of our proposed actor-critic algorithm called fAfC

showed later.

When multiple agents concurrently update their value function estimations and
are consequently changing their behaviors, the environment could become non-
stationary in the learning process of each agent. Several methods have been pro-
posed to stabilize the individual value function estimation MAS reinforcement
learning by avoiding abrupt change in the agent’s behavior. Bowling and Veloso
[16] introduced a policy hill climbing called WoLF (or Win or Learn Fast) algo-
rithm to adaptively reduce the learning rate when the expected utility is improved
(win case) and vice versa. The intuitive purpose of slowing down the learning rate
is to let agents wait on each other to arrive at a good solution. When studying
stateless MAS, Panait et al. [87] proposed an annealing learning rate scheme called
Lenient Reinforcement learning to allow agent to tolerate each other in the explo-
ration phase. Later, lenient RL is extended to sequential MAS in [139] and deep
MAS in [86]. Similar to this, we can avoid abrupt behavioral change by a setting

sufficiently small learning rate in actor-critic algorithm.
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4.5.4 Credit Assignment And Value Function Decomposition

Although decentralized control system has lower execution complexity than cen-
tralized control, training individual policy is difficult due to the interaction between
agents. The transition of an agent depends not only on its local state and action but
also the others and the global objective involves all agents in the system. Under this
entanglement, Wolpert and Tumer [[148] showed that it is vital for each individual to
determine its role in the system by an individual value function. Claus and Boutilier
[23]] showed that using the noisy global value to adjust policy could mislead agent
into a bad behavior . The process of learning individual value function is also con-
sidered as the “credit assignment” problem in multi-agent reinforcement learning
literature [2]]. The complexity of the credit assignment depends on the structure of

value functions to be learnt.

There is a large body of literature proposing different credit assignment schemes
to improve the global value based multiagent RL training. One of first works ad-
dressed the value function decomposition in multi-agent reinforcement learning is
[100]. When studying distributed control in a power grid problem in [100], the au-
thors showed that training policy of each individual agent with local rewards could
be better than training with global reward in some network topology. Interestingly,
the authors in [100] found out the best choice of the local reward signal to train
an agent’s policy was not just its own immediate reward but the combination of its
immediate reward with the average of its future reward and its related neighbors.
This notion of the average over related agents shares some characteristics with our
method to compute the average individual value by using the counts as in Section
[5.2.2] of this thesis. The benefit of using local value function is experimentally con-
firmed in [20]. Bagnell and Ng [8] proved that the sampling complexity of local
value function learning is substantially slower than global value function learning,
which explains the faster convergence of reinforcement learning algorithm with lo-

cal value functions to RL algorithm with global value function.
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In many MAS domains, the global reward could be represented as a sum of local
rewards, hence it is a common practice to train local value functions using the local
reward signal. One popular method is independent Q-learning [121]] in which each
agent uses its own local state and local reward signal to train a local value function
and treat other agents’ actions as environmental variables. The independent Q-
learning has proved to work well in many multi-agent domains [121, 165, [157]. It
is also used in coordination graph algorithms, which update local value function by
using only a graphically related local reward [53]. Another successful application
of this local reward signal methodology is traffic light control domains, where a
decentralized traffic light controlling agent in each corner can be trained by local

reward signals of crossing-by vehicles[142, |59, [129].

It is shown in [147] that maximization of the global utility of MAS could be
obtained by letting agents optimize some local value functions given that the local
value function could well-reflect the global utility. The local reward function can be
designed to evaluate the contribution of each agent’s local action towards the global
utility. To optimize policy in stateless MAS, Claus and Boutilier [23] proposed a
method called joint action learner (JAL) in which a centralized system learns a joint
value function @(a) and each agent m could access both this joint value function
and policies 7. The local value function " (a™) is computed as the conditional

expectation of value function (a) given the local action of the agent m to be a™.

Another method to derive local value function from global value function is to
use the difference-of-reward. Tumer et al. [128] proposed the individual pay-off
value function of a local action by the difference between global utility of that action
and the expected value of global utility over all possible actions of that individual
agent m. Recently, Foerster et al. exploits this idea into the actor-critic framework

to train MAS with neural-network policies [30].

We notice that in these existing methods, maintaining individual value functions

has the complexity increasing with the number of agents, hence is not efficient with
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for large populations. One of our main contributions in this work is the proposal
of the count-based individual value function framework, which marginalizes indi-
vidual values by the counts. Our count-based approach’s complexity is not affected
by the population size, therefore is effective to solve large scale multi-agent RL

problems.

4.6 Summary

In this chapter, we studied the multi-agent planning framework for CDec-POMDP.
We showed that we could [ift the dynamic programming (DP) for MDP with the
complex joint state-action variables into a more tractable DP with the count vari-
ables. However, we showed that the complexity of exact dynamic programming
with the counts is still exponential, which motivated us to develop a model-free

reinforcement learning approach.

To develop CDec-POMDP reinforcement learning, we considered policy gradient
with value function approximation as in [118]. By exploiting the decentralized ex-
ecution in CDec-POMDPs, we showed that the policy gradient for CDec-POMDPs
can be factored when the value function approximation (the critic) is decompos-
able. We justified this by showing the compatible value function approximation in
CDec-POMDPs also possesses the decomposable form. We pointed out the relation
between the value function decomposition and the credit-assignment problem. Im-
portantly, by marginalizing individual variables by the counts, we proposed a novel
count-based reinforcement learning framework to efficiently solve RL in large pop-
ulation system. The count-based RL uses count variables instead of the joint state-
action variables, therefore it is much more tractable when the number of agents is
large. We also proposed an effective policy gradient update with the linear critic
function of the counts. This establishment of count-based RL framework was the

basis for us to derive collective RL algorithms in next chapters.
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The relationship between our CDec-POMDP framework and normal MDP is
summarized in diagram in Figure

sampling approx
Collective DP for CDec-POMDP » Collective RL for CDec-POMDP
A A

~
~

0 Rl

[

sampling approx
DP for MDP png app » RL for MDP

~
~

Figure 4.3: Relation between collective planning and normal MDP planning. We
lift the original planning problems with joint state into collective planning problems
with collective variables (the count).
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Chapter 5

Reinforcement Learning with Local

Reward Signals

In Chapter 4] we have established the basis for collective reinforcement learning by
showing the sufficient statistics of the counts in planning. We have discussed the
necessity of decomposing the global value functions into individual credit values
to update individual policy. We showed that the credit-assignment can be done
collectively in CDec-POMDPs by using the count and the average credit functions
fw(i, j,n3, d;) for all agents in local states i taking local actions j. In this chapter,
we show that f,, (7, j,nf,d;) can be estimated from the individual value function.
Updating individual policy with individual value function is, in fact, equivalent to a
fictitious play principle in which at every iteration, each agent tries to make a small
change to its policy to maximize its local reward. We show the sum of the local
value functions can be an approximation of the global value function. In addition,
the fictitious play based policy update can induce an evolution of population to an

equilibrium.

We consider the reinforcement learning problem in which the global reward is
a sum of the local rewards of individual agents. Domains with this property in-

clude traffic networks where the social welfare is computed by the sum of the delay
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penalties of all the agents and taxi supply-demand matching where the objective
function is the total revenue of all taxis. In this problem, individual policy can be
learnt by the independent learner approach (IL) [121} 23]: each agent estimates a
local value function based on its local rewards and updates its policy based on a
local value function estimation. The IL is still among the most popular multi-agent
RL approaches and has been applied in many multi-agent decentralized learning do-
mains [[142} 159, 8, 140]]. Claus and Boutilier [23]] showed that IL could be considered
as a fictitious play algorithm. And as shown in the literature [60], a fictitious play
principle can be applied to solve many large scale optimizations. The main problem
with IL is that it scales poorly with the number of agents. In large populations of
thousands of agents, maintaining thousands of individual value functions is a big

challenge.

In this chapter, we show how to continue using the principle of IL in the CDec-
POMDP model. We develop reinforcement learning by estimating the individual
value function with the local reward signal and using it to optimize a decentralized
policy. However, different from conventional IL, we show that individual value
functions can be estimated by the sampled values of the counts instead of joint
agent trajectory. For the policy update, we propose a count-based surrogate ob-
jective function to estimate the policy gradient. We justify the proposed method
by showing that it is, in fact, an instance of the collective reinforcement learning
framework introduced in previous chapter. Furthermore, experimentally we show
that the solutions found by our proposed fictitious play based algorithm is equiva-
lent to equilibriums found by standard evolutionary dynamics in population game

theory.
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5.1 Decomposable reward problems

Throughout this chapter, we assume that given the joint state-action (s;, a;, d;) at
time ¢, agent m receives a local reward signal 7" = r (s}, a}*, n$*, d;) dependent on

its local state-action (s}, a}*) and collective variables nj®.

The local objective for each agent m is to maximize its total expected reward
max Y10 E[r7|b,b¢, 7). The optimum of local objective is equivalent to an equi-

librium for agents.

The global objective for the whole system is to maximize the total expected re-

wards of all agents over the planning horizon as
max Z Z E[r"|b,b7,
t=1 m

Under system with homogeneous agents with the same local reward function, the

global objective can be written in term of the counts

maXZ]EZn (1, 7,05, dy)|b,b2, 7]

In this chapter, we propose algorithms to find optimum of local objective. We
show that the local objective is in fact a lower bound of the global objective, hence
local objective maximization can be used to produce good quality solution for global

objective.

5.2 Count based Individual Value Function

In the following section, we show that the counts could be used to compute the indi-
vidual value function in CDec-POMDP. In particular, our goal is to show the count

representation of the agent m’s total expected reward from time step ¢ conditioning

89



on its observation (s}" =1, a;" = j) and the global values n}®, d;:

H
Qt(imj’ niaa dt) = E{ZT?LST:% a;n:j7 niav dt

T=t

H
_E:E: m ,.m  _sa m__; m__ ; _sa m m _sa
- P(sl:TvalzT’n1:T7d11T|8t =0 =71 7dt)rT(ST’aT7nT7dT>
d
(5.1)

Notice that in equation (5.1), we need to compute the joint probability
P(s??T, al'r, 05 dyr|sit = i, 4" = j, 0%, dt) for each agent m. In the follow-
ing section, we show how to exploit the homogeneity of agents in CDec-POMDPs
to efficiently estimate this probability and the individual value function using only

the counts.

5.2.1 Exchangeability of joint-trajectories

We start by defining full exchangeability [79]. A set of variables X ={ X, ..., X3}
is fully exchangeable iff P(X; = x1,..., Xy = z;) equals P(Xy = x4y, ..., Xi =
Zo()) for all permutations o of {1,...,k}. E.g., a sequence of independent coin
toss is fully exchangeable. Let (s1.7, a1.7) ={(s1.7, @a1.7)™ Vm} denote the T-step
trajectories of all the agents. Clearly, (s1.r, a1.7) is not fully exchangeable as an
agent’s next state depends on its previous state. A tractable generalization of full
exchangeability is partial exchangeability [27], which variables (si.7, a;.77) would

satisfy.

Definition 5.1. Let D; be the domain of X;, and let T be a finite set. A set of
variables X is partially exchangeable w.r.t.the statistic'T : Dy X - -+ X Dy, — T if
and only if:

T(x)=T(x') implies P(x)=P(x’)

We next show the following for the CDec-POMDP model.
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Proposition 5.1. The joint state-action trajectories of agents, (S1.r, a,.r), are par-

tially exchangeable w.r.t. the count statistic ny.p € §q.7.

where (2.7 is the space of allowed counts satisfying constraints (2.7)-(2.8)). This
result follows directly from theorem [2.1]in Section Next we use the exchange-
ability theorem that relates the joint-distribution P(X) over variables X with the

distribution over sufficient statistic.

Proposition 5.2. The distribution P(S1.7, a1.1,dy.7) is defined as:

]InlA S1.7, Q7.
P(syr,a17,dir) = Z Py, dyg;m) <T|(51T | 1.T)
n.t

nl:TEQI:T7d1:T

where 1, ..(S1.7, a1.7) denotes if (S1.1, ay.r) is consistent with statistic ny.r; S,

is the set of all possible joint-trajectories (S1.1, ay.r) having sufficient statistic ny.r.

This result is a direct corollary of the exchangeability theorem in [28, [79]]. No-
tice that | Sy, .| equals to the function h(ny.r) 2.5). Let Iy, .a,... (877, al’y) denote
if agent m’s trajectory (s}';,a}’;) is consistent with the joint-trajectory si.raq.r.

Using this result, the joint probability P(s)"y, aj’r, ny.7) is:

Z P(sir, a1, dir)lny. . (811, @1.7) s, a0 (8T, al'r)

51:T7a1:T7d1:T

In the above expression, we can use proposition to compute P(s1.7,a1.7,d1.7).

Upon further simplification, we get the following result:

Theorem 5.1. The joint probability P(s7', ay'y, 0.7, d1.7) is given by the follow-

ing expression:

= P(HLT, dl:T) (5.2)

nj (s7") {T_l ;™ (57", af", 574 )| n§(s7, af)

M 03 (s7") ni(s7)

Proof. According to proposition we have
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I[nA S : 7a‘ :
P(si.r,a1.7,di.1) = Z P(ny.r,di.7) I'T(;T’ )

ny.7€QT
where S, is the set of all the assignments (1.7, a1.7) which result in the counts

ny.7. The total number of all such assignments (|S,|) is given by theorem

- (20 T s
(5.3)

Let us consider the joint probability P (s, aj’y, ny.7, dy.1). It can be computed as

follows:

= Z [P(svr, a1, dir) X Inyp (S175 01:7) sy ra o (ST, 07)
Sl:T7a1:T7d1:T

Ly . (s1:7,a1.7)
= Z [ Z P(nllzTa dliT) = ‘S | X HnlzT (312T7 alIT)HSLTal:T (871711T7 a?:lT)]
np.r

s1.7,a1.7,d1.T n’l:T

The terms Ly _(s1.7, a1.7) and I,, ;. (817, @1.7) imply that n,.7 = n ;. Hence, we

can further simplify the above expression as:

Iy, ~(s1.7,01.
= Pl dir) xS eSO )

81:T7a1;T7d1:T |Sn1:T|
ZSLT’aLT’dLT HnLT (SI:T, al:T)]ISI:TalzT (S;T}Tv Cl?;lT)
‘Snl:T|

= P(ny.7,di.1) X (5.4)

Notice that the numerator in the above equation counts the total number of state-
action trajectories of M — 1 individuals when combined with the given trajectory
(s, al'y) of the agent m results in sufficient statistic being ny.r. This count is

given as follows:
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Z HDI:T(81:T7 a13T)H51:Tal:T (s1ip, ally)

$1.7,01.7,d1.T

(M —1)! . (03() — Lo (4))!

= [Lesmi(@) —Tgn (i)~ L2 [Tica (0524, 5) — Lamaz (i, 5))!
T-1 . .
(nf(i) — Lepn (4))!
X Irere — (5.5)
g |:1;[ Hi’eS,jeA (nias (%]7 Z/) - Hsl”al”sm_l ('La]a Z/))']
Substitute (5.5) and (5.3) into (5.4), we prove the theorem. ]

One important corollary of theorem [5.1] which will be used to compute individ-

ual value function, is:

Corollary 5.1. The joint conditional probability of the counts and individual tra-

Jjectory can be computed as

P(STT’ aTl??T’ nyr, dliTlsT =1, ain =7, nsla7 dl)
1
Pl o, ) P8 [ T 00 6 ] (5 )
1.7, W 1,1 nia L n§<5§n) n%(s,?})

(5.6)

Proof. Using Bayesian theorem, we have the conditional probability to be:

m m m . m . sa
P (s, alp, iy, dir|sy' =i, a7 = j,n3*, dy)

= P(n1|n§a,d1)P(5TT,a7ffT,nlzT,d1:T|sT:i,a’1”:j, Hl,dl)

m m
P(SI:T7a1:T7n1:T7d1:T)

= P(nq|n$*, d 5.7
( 1|n1 1) P(ST,@T,nhdl) ( )
By applying theorem [5.1|for 7" = 1, the denominator in LHS of (5.7) is:
1,lS Sm nsa sm’ am
P(s?, a1, dy) = P(ny, dy) 1(s7) n (7', ap') (5.8)

M ni(sy")
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Apply (5.8)) and (5.2) into (5.7) and notice

P 1. ,d :
P(nlzTa d1:T|nia, dl) = P(nllniay dl)P(nltTy dl:T|n17 dl) - W7
we have (5.6). -

Another corollary of theorem[5.1] which will be used later in section [5.4] is:

Corollary 5.2. The joint probability of the counts and individual state-action can

be computed as:

nsa Sm,am
P(S?a ajrg,’ n.r, dl:T) = P(n1:T> d:T)% (59)

Proof. We have

P(S?a a?rl» nr, dT)

m m
- Z P (st alip, nir, dir)

sVipalip
S m T-1 sas’ m m m sa( .m m
_ Z P(nyr dl'T)nl(Sl ) { ng (s}, a a8t+1):| ny(s7, afp)
e S M n;(s7") n7(s7)
1:7°71:T
T-1
nj (s7") sas (si", aj >St+1) nF(s7, ar)
= P(ny.r,dir) - { = (5.10)
2 M n nj (") 7(s )

t

m m
S1.7%:7

Given ny.7, we set

T /
Pr(sp o) = 3 nﬁ“’(sm?,s?)[ g (8?17@?,8111)}@9(8?,@?)

06 n5-(s7)

5.11)

m m
817917

We prove by induction that P*(s7, a') = EE af),

ny

With T = 1, P?(s7, a7) = 2ECL0%) ghyiously holds.

1

94



Assume P™ (s, alf') = w holds for 7" > 1, we prove it for 7'+ 1 as follows:
1

Pn(sm a™ )_ Z Pn s™ a m n%(sgl) n%gs (S?,CL?,S?}_‘_I) n?—l—l(‘sggﬁ-laa?—&—l)
T+1>YT+1) — 750

m m %9(89}7 a’T) n?(s?) n%+1<8%l+1)

sas

:Zan nT

ST ,llT

(89}, CL?, S?—&-l) n?—i—l(sg}-&-h a/?]?}_’_l)
n sy, af) n%“+1(31}1+1)

using induction hypothesis, we have

_ Z n%i“(slﬁ, aT) n?s (Sz_l‘na affn, S?Jrl) n?+1(sz.l’n+17 af_p”+1)

M nF(s7, CLITQ) n%“+1(s?+1>

smal
sas (Sm am Sm ) nsa (Sm am )
_ 2 : T Ty ™T » 2T+1 TH+1I\2T+1> *T+1

T T

(5.12)

sas (S"L )

Notice that Z AR SRV 1, we prove the induction hypothesis for

0y ()

T+ 1.

Now, using P (s, al') = w into (5.10)), we have (5.9). O

5.2.2 Individual value function

Based on theorem we now show how to compute the value function
Q:(4, , 05, d;). Substituting the expression for joint probability in theorem [5.1]into

value function in (5.1]) for ¢ = 1, we have:
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Ql(i7j7 niaa dl)

—7"1(51 7a1 7n1 adl)

H
m m sa m__: m__ : _sa m _m _.sa
E § , E , P(51:T7a1:T7n1:T7d11T‘51 =% a; =), 7d1)TT(ST>aT7nT7dT)

p— sa m m
T=2nfip,di.r sTipsailp

=T (31 ,ay’,ny ,dl + Z Z Z P(ny.r, dyr[ni*, dy)

T=2nYp,di.r sTip.aip

TT(ST ’ aT ) nT ) dT)

T—1
sas (51 7a1 ) S92 ) |:H nsas (St ) Oy 7St+1>:| n?(s?v OJTT’L)

nj” ng(s;") nST(S?)

t=2

(5.13)

For ¢ > 1, by scrolling the start-time ¢, = 1 forward we can have the expression

Q (Z j7nt 7dt)

_Tt(st 7at 7nt 7dt)

H
m m sa m__ .+ m__ : _.sa m
§ E : E P(St:Tvat:Tvnt:T7dt:T|St =t a4 =714 vdt>rT<ST7aT’nT7dT)

— sa m m
T=t+1 0y, der siip,aiip

= rt(st ,at ,nt .d Z Z Z nt:Tadt:T|n§a7dt>

T=t+1 0y der siipsaily

7GT(ST ) CLT ) nT ) dT)

e (s, ag”, s { h 3 (s, ap, ’1)} n(sy, a)

ng* n (sp) ni(s7)

t'=t+1

(5.14)

Exactly computing the above expression is intractable due to the combinatorial
space of counts n. Therefore, we consider the Monte-Carlo approximation of the

above expression by a set of samples {n.r, d;.7 ~ P(ny.1,dy.7|nf*, d;)}. For each
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sample n of the counts, we compute the sampled value of (5.14) as

b
P, g, 0, dy) = (s a0, dy) Z Z Z I 5t7at732>

T=t+1 0%, d.r siop.ar

T-1 sas’ (om ,,m -m sa( .m
n Sy, Ay, S N+ (s a
« |: H + ( oy Wy y t+1):| T( T T) T(STaaT7nT’dT> (515)

AL T i ()

In the above result, it appears that computing the function Q™() is intractable due
to the summation over (s}, a}y). Fortunately, we show that it can be computed

efficiently using dynamic programming.

Theorem 5.2. Given a sample n, we can compute Q' ’d(i, J) function by a dynamic

programming as follows:

5, 0) =1, ) (5.16)
O ) B () B e AU L A GO (5.17)
eSS
V) =Y ) < QR 5), Y (5.18)
J'EA
where
n NI sas (Z j? ) nd/ - - nia(imj)
$(i']i, j) = 2D )L nd gy = 2D (5.19)
T I L TO
nd, ~ 1) nd4,. . R,
Pl 7d(2) = }\(4)7 Tt ’d(%]):rrt(%]vnt 7dt) (520)

Proof. Given a fixed time horizon H, we prove this theorem by induction for { =

H — 0.

For t = H: As there is no future reward, Q™%(i, 7) = (i, 7).

Induction hypothesis: assume (5.16)), (5.17), (5.18) hold for ¢ < H. We prove they
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also hold for ¢ — 1. According to equation (5.14)), we have

H
PG = (G de) + YD >

— sa m m
T=t nj2 . pydi—1:7 $72 1,700 1o

ng (i, j, s { 7o sy ar, m)} N2 (s, a)

mey (AL (s 5 (s7)

TT(ST ) a’T ) nT ) dT)

(5.21)

by re-arrage the sum, we have

sas’ (s 5 om\ sal.m m
_ s 0 (4, 7, sg") nf (s, ag™) d
= Tt-1 (Za Jo 1, t—l) + Ty (St ) at ) nt ) t)

2 THRGg) nRe)
t Yt

T-1 sas’ m m m
N s (57" ,at 7sti) H ni (spr, apt, syty)

n,, (s
T=t+1 3, der siip,aiip t'=t+1 t/( ¢ )

N (s7, ar)
sar, 0y, d 5.22
n3(s7) rr(sy,ay,ny, dr) (5.22)
=17 1(@ ] ns2 dt 1) + Z Iliis{(i,j, S?) nia(8?7a;n) n,d(sm am)
DU G mGg) () T
=11 (4, 5,05, dpy) + Z @ s s i, QIS a™).  (5.23)
st"ap”

The last expression (5.23) shows the theorem holds also for ¢ — 1, which concludes

our induction proof. O

To summarize, we have:

Proposition 5.3. The individual value function can be computed as:
Quli .05 dr) = Bn o [ Q7 (0.9) | 15°, i) (5.24)

An example of individual value function estimated from the collective sample
is given by Figure Assume that the rewards are only collected at the planning
horizon H = 2. The red color numbers illustrate samples of the count values. Indi-
vidual values at the ending period are set to be directly the immediate rewards. The

values are recursively updated in a back-propagation manner based on the counts.
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Figure 5.1: Example of individual value function estimation from collective sampling.

5.3 Policy Gradient for CDec-POMDPs

5.3.1 Outline

Policy gradient

Recall from Chapter [ that for the general MDP, under a policy , the value function
Q7 (8¢, ay, dy) is defined as expected accumulative reward from time ¢ forward given

the current joint state-action to be (s, a;, d;).

QF (si, ar,di) = E[> rr|s;, ay, dy; 7] (5.25)

T>t

The objective value is

V(r) =E[>_ rrlbo, b; ] (5.26)

T>0

To find the policy to maximize V' (7), we consider the actor-critic method [[118] to
update the critic (an approximation of value function) and actor (the policy function)

based on trajectory sample (S1.y, @1.5, d1.;y) as follows:
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* Critic update: to refine parameters w of the value function approximation

Q., based on the empirical return R;:

H
Rt(staatadt) = ZT(St,at7dt) (5.27)

- 2
w=w—Vy Z w(St, g, dt) - Rt<3ta ag, dt)) (5.28)
t

* Actor update: to refine parameters ¢ of the policy function 7 based on the

sample of value function:
0= 0+ V@ZQw(St,at7dt) logﬂ'(atfst,dt) (529)
t

Local reward signals

To apply actor-critic method with local reward signals, we consider the factored

critic function
Qu(si, ar,dy) = Zn (i, 5) fu (i, 4, 05, ) (5.30)

As shown in theorem the policy gradient VoV (m) of factored critic function

can be computed as:
H
By neQumdin {Z Z Z ] VG 1Og7T(] |Z O(Z ny, dt))fw(l 7y, dt)
t=1 i€S,j

In this section, we show that the individual value @}’ ’d(z’, j) in theorem [5.2| can be

used to estimate critic component f,, (7, j, 15, d; ).
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5.3.2 Training Action-Value Function

In our approach, after count samples ny.;; are generated to compute the policy gra-
dient, we also need to adjust the parameters w of our critic Q.. Notice that as
per (5.30), our factored critic function Qw(st, a;, d;) depends only on the counts
generated by the joint-state and action (nj*, d;). Training Q., can be done by taking

a gradient step as in (5.28)) to minimize the following loss function:

H
min Z Z (Qw(st, a;, d;) — Ry(sy, ay, dt))2 (5.31)

w
81:H,01:H,d1:5 t=1

where R;(s;,aq,d;) is the total empirical return for time step ¢ computed us-
ing (5.27).

However, we found that the loss in did not work well for training the
critic Q,, for larger problems. Several count samples were required to reliably train
Q., which adversely affects scalability for large problems with many agents. It is
already known in multiagent RL that algorithms that solely rely on the global reward
signal (e.g. R; in our case) may require several more samples than approaches that
take advantage of local reward signals [8]]. Motivated by this observation, we next

develop a local reward signal based strategy to train the critic f,,.

Individual Value Function: Let n;.;; be a count sample and the individual value
Q7 ’d(z’, j) as shown in theorem Based on this value function, we next show an
alternative reparameterization of the global empirical reward R; in (5.27):
Lemma 5.1. The empirical return R, for the time step t given the count sample
ny.p can be re-parameterized as: Ry = ) ;g .4 05 (i, ) QM (i, 7).
Proof. We know from theorem that the individual value function Q' 4 for a
count sample n is given by the following expectation:
H
P ) =B it =i a) = oo (532)

t'=t
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By definition, the total empirical return R, is given by the summation of individual

value function for all the agents m:

Re=Y QM sy ap) = Y n(i,)Q(i, 4) (5.33)

1€S,jEA

For the last equation, we have used the fact that agents which are in the same state ¢
and and take the same action j, they have the same value function (as all the agents

are identical). O

Individual Value Function Based Loss: Given lemma [5.1] we next derive an
upper bound on the on the true loss (5.31)) which effectively utilizes individual value

functions:

Qw (n*, d Rt)

2
(i, 3) i, .5, dy) Zn ) Qi ]))

2
0D

Z ( ) (i i i) ?’d@',j)))z (5.34)
M

IN

2

(Z7]) (fw(ivja nivdt) - Q?yd(17])> (535)
t,,]

where the last relation is derived by Cauchy-Schwarz inequality. We train the critic

using the modified loss function in (5.35)). Empirically, we observed that for larger

problems, this new loss function resulted in much faster convergence than the orig-

inal loss function.

5.4 Evolutionary Game Theory

In this section, we show the relationship of our algorithm to evolutionary game
theory. We consider the class of population game [99], in which policy of homo-

geneous (or symmetric) agents in a population evolve over time until they reach an
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equilibrium or stable states. The evolution of the policy can be defined by a dy-
namic equation to update policy in favor of some individual value functions. We
consider the two well-known dynamics, which are Gradient Ascent (GA) [[111] and
Replicator dynamics [[122]]. These evolutionary dynamics are popular methods to
find equilibriums in game theory. By studying GA and Replicator dynamics for
CDec-POMDP, later we can justify the converged solutions found by our methods

in the perspective of the equilibrium notion in game theory.

5.4.1 Dynamics in Agent Population

Let us start by considering a stateless population game [99]]. A population game is
defined for M individuals with a distribution (7 (7)) c4 over a set of discrete action
A. Each agent in the population chooses an action j with the probability 7(j). As
agents in the population are symmetric and share a homogeneous policy, we can
define a pay-off function Q™ (j) for an anonymous agent choosing action j when the
population policy is 7. Under the policy 7 and individual pay-off function )™, each

agent perceives its total expected pay-off as:

V(m, Q") = Zw(j)@”(j) (5.36)

At each iteration, each agent follows an fictitious play [18] assumption that other
agents follow the stationary policy 7, therefore it presumes that its individual Q)™
would be unchanged. Then, agents replace policy 7 with a policy 7’ to improve the

individual expected pay-off V (7', Q™) as

>_TRG) > Do m ()R (5.37)
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In general, we can write the policy update in such apopulation game as:
7' = project(r + aA(m, Q)), (5.38)

in which « is the learning rate, A(m, () is the change of policy depending on
m, Q) and project is the projection of updated parameters to probability space
(5, 7() = .

We denote A7(j) to be component of A corresponding to element 7(j). The

Gradient Ascent [[111] update can be defined as:

an) = 02 — o) - T Qum) (5.39)
j'eEA

Notice that 3 ., Q(5")7(j’) plays the role as a baseline (as in RL), which does not
introduce any bias in the policy gradient.
On the other hand, the Replicator dynamic, as introduced by [122], is:

W@ _ o) - S QUIx()).  (540)

AW(]) = W(]) 8’/T(])
jieA

As noted by Kaisers et al. [50], Replicator dynamic update can be considered as

a weighted (by the action probability) gradient update.

5.4.2 Stateful dynamics in population

Hennes et al. proposed an extension of Replicator dynamics to stateful environ-
ment. Without loss of generality, we consider a population game in an MDP with
joint state s; over a planning horizon H. The total expected pay-off of an agent is

replaced by the value function:

Vi, Q) = ZZPW(St)Wt(j’St)Qt(ja 8t), (5.41)

t St
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in which P™(s;) is the probability of joint state s, appearing at time ¢ under the pop-
ulation policy 7. The state-action value function Q;(J, s;) specifies the cumulative
expected rewards of an anonymous agent when it takes action j under the joint state

St

Qt(j, 5t> = T(ja 3t77T) + Z P(St+1|3t7j)ﬂt+1<j,|8t+1)v (5.42)

st+1€8,j'€A

in which P(s;,1]s¢,j) is the transition probability when this agent takes action j

and others follow the policy 7.

The stateful Gradient Ascent dynamics for an MDP over planning horizon H are

defined as [45]]:

oV (r, Q)
omy(j|s:)

= P"(5:)[Q:(J, 8¢) — ZQt(j/7 s)mi(j'|8)], V) € A, sy € S,t € [1: HJ,

J

Am(j]se) =

(5.43)

in which the state-action policy m;(j|s;) denotes the probability an individual taking
action j at time period ¢ (in a planning horizon) when the system joint state to be s;.

The whole policy can be represented as 7 = (71, ..., 7xy).

Correspondingly, the stateful Replicator dynamics for an MDP over planning
horizon H are defined as [45]]:
oV (r, Q)

Am(jls) = mjls) 5 -mry

= e(j|8¢) P (84)[Q¢(J, 8¢) — ZQt(j/,St)'ﬂ't(j/"St)],Vj €A s eS8 tell: H|,

J

(5.44)
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Extension to CDec-POMDP

Similar to the state-coupled extension in [45], we can consider the extension of

Replicator dynamics in (5.44) into the partial observation setting of CDec-POMDPs

by:
- 0 oV (rm, Q)
A = I Sah i
7Tt(.7|l7 Ot) 7Tt(]|% Ot)@ﬂt(ﬂi, Ot)
82‘/ Wt(j/‘i7 Ot)Qt<i7j/7 niu dt)
— I — M) d P7(; s d .- j
Z (00 = oli, 05, du)) P (i, 8, di) (i, 0) Sl o0
= > " T(oy = oli, 05, dy)) P (i, 0, dy) e (513, 0)[Qu (i 4, 3, o)
nivdt

=Y Qi j 05, d)m(j']i 0)], Vi € S.j € Ao, € Ot € [1: HJ, (5.45)

7
with Q;(7, j, nj, d;) to be the cumulative reward of an anonymous agent when it is
in local state i, observes o; and takes a local action j. P™(i,n$,d;) is the prob-
ability that an agent is in local state ¢ and the global state is (n}, d;). The base-
line > . Q4(d, 5,13, di)me(j']4, 1) is used correspondingly to the stateless baseline

in (5.39).

Analogously, we can define the Gradient Ascent dynamics in CDec-POMDPs

as:

oV (m,
Aﬁt(j‘i’0t> - %

aZj’ me(5']2, 00) Qe (4, 5,15, dy)
871'15(]"7;,025)

=" 1o = o(i, n, d)) P (i, x5, d)
S dy

=" 1o = oli,n, dy)) P™(i, 15, dy)[Qi(i, j, 15, dy)
s dy

= > Q5 g, d)m ('], 00)] (5.46)
j/
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Parameterized policy

As in CDec-POMDPs, we consider policy function 7 to be parameterized by 6, the

policy parameter gradients follow the chain rule:

oV(r,Q) _ OV(r,Q)or

o0  or 00 (547)

Based on equation (5.47), we propose the corresponding parameter dynamics for
population as follows:

AO = A1 x — (5.48)

Replace the Gradient Ascent dynamics in (5.46) and Replicator dynamics in (5.45)

into (5.48) we have the following parameter updates at each time ¢:

Replicator Dynamics:

A = Zm (7], 01) 8V(7T @) 9

omy( |@ o) (9«9
=D Pl d) Y miljli ofi, g, d))[Qi(i, j, 0, dy)
nf,dt 7 JEA
s e s om(jli, o(i,n5, d
=3 QU dr i ofi, g, )] TR D) s g
j/
Gradient Ascent Dynamics:
Z oV(m, Q) or
37rt ’7/ Ot 89
=Y P(i,n},dy) Y [Qu(i, 4,05, dy)
nf,dt jEA
s e s om(jli, o(i,ns, d
=37 Qula, 7w o)l s ol i, )] 22 8(9 b)) (550

]'/

We notice that the joint individual probability P™(i,n, d;) can be computed us-
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ing corollary [5.2] as

P(i,n5,dy) =Y > P(i,jnl,. dy,)I(n) =n,d, = d,)

y !/ U
J nl:t7d1:t

/ 4 /ba G j /s S /
= Z Z P(ny,, dl:t)%ﬂ(nt =n3,dy = dy)

y / !
J nl:t7d1:t

/ ! nQS(Z) /s S !
= Z P(ny, dyy) M I(n;* = nj,d; = dy) (5.51)
nll:tlelzt
Analogously, we have
T S / ! n:‘,sa<i7j) /s s !
P7(i,j,n3, dy) = Z P(n1:t7d1:t>TH(nt =}, dy = d;) (5.52)
nll:tlelzt

Equations (5.51) and (5.52) give us a way to estimate P™(i,nj,d;) and

P7™(i, j,n}, d;) by sampling the counts instead of the individual trajectory.

To compute Q, (i, j, n%, d;), we apply proposition [5.3|to have

Q { jantudt ZP Salnt7dt Qt(l j7nt 7dt>
- ZP Salnt7dt Ny ydeH [Qz{,l’d(iajﬂniavdt}

- Ent:H,dt:H [Q?d(i? j)' ni? dt] (553)

Equation (5.53) gives us a way to estimate );(4, j,n$, d;) by sampling Q?’d(i,j)
from the conditional collective probability P(n.,d.g| 13, d;). We can approxi-
mate Q:(i, 7, n3, d;) by the individual critic critic f,, (¢, j,nj, d;) trained by the loss

function ((5.33)).
Applylng " and Qt(i7j7 Il?, dt) ~ f’lU(i?j’ Il?, dt) into " and " we

can estimate the parameter updates of Replicator Dynamics and Gradient Ascent

Dynamics as follows:
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Gradient Ascent Dynamics A6:

ns(e s
= EntEQt,dt |:Z 3\2) [fw(lajy ng, dt)
,J

L o 0mli,oli,ng, d
=3l ey o, )| ST 2 2 )

J

(5.54)

Replicator Dynamics A6:

n; (¢ e s
= En,c..d, [Z ;\(4)7r(j|z, o(i, n3, dt)) [fw(l,j,nt, dy)
.

aﬂ-t(j‘i? 0<i7 ni? dt))
00

=" fuli. g 05, d)m(')i, 0(i, 05, dy)) |

J

(5.55)

Equivalence between Gradient Ascent Dynamics and Factored Actor Update

With notice of log-trick

95 m(5'i, 00)Qe(i, ', 1y, dy)
ol

dlogm(j'|i, 04)

- Wt(j’i,ot)Qt(i7j/,ni;dt) o0 )

we can also re-write equation (5.50) of the Gradient Ascent dynamics as:

Af = Z PTF(@ nia dt)ﬂ—t<j|i7 O(iu nlstv dt)) Z[Qt(lmja Hi, dt)

n§7dt JEA

- Z Qt(i7j,v Ili, dt)ﬂ-t(j,|i7 O(i’ Hi, dt))]

J

Ologm(jli, o(i,nf, dy))
06

using the fact P" (i, 1}, d;)m(j|i, 0(i, 03, dy)) = P™(i, j,n}, d;), we have

= Z P”(@j) n:» dt) Z[Qt(%], ni’ dt)
ng,ds jEA
.. s T . s 810 e 'i,oi’ns’d
=T Qulis 7w ) PG i ) L2081 00 0 )
j/

00

(5.56)
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Applying (5.52) by (5.52) and Q;(i,j,n$,d;) ~ f,(i,7,n5,d;) into (5.56), we

can estimate the parameter updates of Gradient Ascent Dynamics as follows:

ns? i, : o
— EnzGQz,dt |:Z t ](\4j) |:fw(l7.]7nt7dt)
1,3

s gl s dlog 7 (jli, 0(i,n%, d
_wa(lvj 7nt7dt>ﬂ-t(] ’Z,O(Z,Ht,dt)) & t<]|89( : t))]

J

(5.57)

This Gradient Ascent Dynamics formula is equivalent to factored actor update in

equation (4.47).

5.5 Algorithms

Algorithm 3: Actor-Critic RL for CDec-POMDPs

1 Initialize network parameter  for actor 7 and and w for critic f,,
2 « < actor learning rate

3 B < critic learning rate

4 repeat

5 Sample count vectors ny.py ~ P(ny.z7;m)

6 Update critic as:

7 C:w=

W AV [ 5, (S ) fuli i) — 0050 D@0 0)) |
s | O w = w— BV TG ) (Fuli g d) — Q24 5))

9 Update actor as:
10 A:0=0+

Vo X2y | Xy i (i) log 7 (jli, ol ) | | 24,0526, ) fuis 3,0 )]

| A 0=0+aV,Y, [ o 150, ) log (i, 0(d, ng, dy)) fu (i, 5. 5, dt)}

2| gAif=0+aVyY, [zm n3(i) (i, (i, 13, di)) fur (i, Jy 1, dt)]

13 rA:0 =

0+ a %, | Xy i (ilis 06,0, ) fulis .3, di)Vor (jli, o(i, 3, do)) |

14 until convergence
15 return 6, w

Algorithm [3|shows the outline of our AC approach for CDec-POMDPs. Lines 7
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and 8 show two different options to train the critic. Line 7 represents critic update
based on local value functions, also referred to as factored critic update (fC). Line 8
shows update based on global reward or global critic update (C). Line 10 shows the

policy gradient computed using theorem (fA). Line 11 shows how the gradient
is computed by directly using f,, from eq. (4.30) in eq.

In addition, we consider the gradient descent dynamics update (gA in line 12) and
Replicator dynamics update (rA in line 13). Both gA and rA policy updates use the

critic estimation fC.

5.6 Experiments

This section compares the performance of different actor critic algorithms with in-
dividual rewards in a taxi fleet management domain and grid navigation domain.
We consider closed loop policy as a policy where action selection depends on the
current local state of the agent as well as the counts and global component values
(the demand counts in taxi domain) at its local state and its adjacent states. In our
domains, the local state is the current location of agent, i.e. in one of a zone in an
urban area or one of the node in a grid network. The adjacency relation between

locations is defined by the domain map.

To make comparisons between average-flow estimation and collective sampling
estimation, we consider open loop policy where action selection only depends the
agent’s local state. We use the Soft-Max based flow update (SMFU) algorithm [[133]]
and an average-flow based policy gradient (“fA+avg-flow”) to optimize open loop
policy. In “fA+avg-flow” algorithm, the individual value is estimated by average
flows and the policy gradient is computed by using this individual value estimation.
To benchmark against average-flow methods, we design an factor-actor-factor-critic
algorithm to optimize the open loop policy, which is called fAfC —0 in our experi-

ment.
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5.6.1 Taxi Supply-Demand Matching

B fA+avg-flow BfAfC-0 HBHfAfC BESMFU
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Figure 5.2: Solution quality with varying Max Var in taxi domain
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Figure 5.3: Convergence of average-flow based policy gradient and fAfC optimizing static

policy on taxi domain.
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Figure 5.4: Convergence of different actor-critic variants on the taxi problem.

We test our approach on this real-world domain described in section (2.1.1)), and intro-
duced in [133]]. In this problem, the goal is to compute taxi policies for optimizing the total
revenue of the fleet. The data contains GPS traces of taxi movement in a large Asian city

over 1 year. We use the observed demand information extracted from this dataset. On an
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average, there are around 8000 taxis per day (data is not exhaustive over all taxi operators).
The city is divided into 81 zones and the plan horizon is 48 half hour intervals over 24 hours.

For details about the environment dynamics, we refer to the appendix |A.1.

Previous work only considers a fixed expected taxi demand in each city zone. To make the
problem more realistic, we address stochastic taxi demand. While sampling demand, we
multiply the given expected demand in a zone z with v, ~ N (1, 0, ), where A is a truncated
normal distribution between [0, 2]. We generate several problem settings by sampling the
variance o, uniformly from [0, MaxVar] and varying MaxVar from 1 to 10. Intuitively,
with higher value of ¢, multiplier v, tends to follow a uniform distribution over [0, 2]; with
lower value of 0, v, is close to constant (=~ 1). Figure shows the solution quality of
different approaches for varying MaxVar. We observe that collective sampling approaches
fAfC and fAfC —0 outperform average-flow approaches (SMFU and fA+avg-flow). No-
tably, when the MaxVar parameter increases, it increases the stochasticity in the problem.
With increasing stochasticity, closed loop policy optimized by fAfC is significantly better
than open loop policy optimized by fAfC —0 and average-flow methods. This highlights
the benefit of using collective sampling to optimize closed loop policy which average-flow

methods can not optimize.

Furthermore, we investigate the convergence of average-flow based method fA +avg-
flow and collective flow methods in figures The “true value” of the objective function is
estimated by collective sampling of the counts and the rewards. Meanwhile, the “avg-flow
value” is the estimation of objective value using the average-flow method. We observe that
when MaxVar = 0, the transition and reward functions are in linear form, therefore, the
‘true value” and “avg-flow value” of fA +-avg-flow are almost identical. When the M axV ar
increases, the increased stochasticity widens the gap between these 2 values. This implies
the average-flow estimation is highly inaccurate and not suitable with stochastic environ-

ment.

Figures show the quality Vs. iterations for different variations of our actor critic
approach—fAfC, AC, AfC, fAC, rA, gA to optimize closed loop policy. These figures
clearly show that using factored actor and the factored critic update in fAfC, rA and gA is

the most reliable strategy over all the other variations and for all the observation models.
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Variations such as AC and fAC were not able to converge at all despite having exactly the
same parameters as fAfC. These results validate different strategies that we have developed
in our work to make vanilla AC converge faster for large problems. The convergences of
fAfC, rA and gA are almost identical, which shows the relation of our fAfC solution to the

equilibrium in population game.

5.6.2 Robot Grid Navigation

We also tested on a synthetic benchmark. The goal is for a population of robots (= 20) to
move from a set of initial locations to a goal state in a 5x5 grid. If there is congestion on
an edge, then each agent attempting to cross the edge has higher chance of action failure.
Similarly, agents also receive a negative reward if there is edge congestion. On successfully
reaching the goal state, agents receive a positive reward and transition back to one of the

initial state. We set the horizon to 100 steps. More details of the domain are provided in the
appendix [A.2]

In the robot grid navigation domain, we compare performance of different algorithms
with varying the number of agents from 1 to 20. Figure shows the solution quality
comparisons among different approaches. Overall, when the congestion increases with the
number of agents, the closed loop policy optimized by fAfC becomes significantly bet-
ter than the open loop policy. Among open loop policy optimizers, we observe collective
sampling method (fAfC —0) is better than average-flow methods. Figures [5.6|compare con-
vergence of average-flow method and collective sampling methods. We observe that when
the population size is small N = 1, average-flow estimation is close to the true value, which
explains the high quality of average-flow methods. When the number of agents increase,
the stochasticity becomes higher, as a result, average-flow estimation is no longer accurate.
As the average-flow objective estimation becomes far from the “true value”, fA +avg-flow

method converges to poor solutions.

We show the convergence of different variations of our actor critic approach—fAfC, AC,
AfC, fAC, rA, gA to optimize closed loop policy in figures Similar to the observation

in taxi domain,fAfC,rA and gA behave similarly and produce the best solution quality.
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Among other variants, fAC has comparable solution with fAfC,rA and gA, however it

becomes worse when the number of agents increases.
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Figure 5.5: Solution quality with varying population size in grid domain
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Figure 5.6: Convergence of average-flow based policy gradient and fAfC on the grid navi-
gation problem.
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Figure 5.7: Convergence of different actor-critic variants on the grid navigation problem.
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5.7 Related Works

It has been shown in both model-based planning and model-free learning that value decom-
position facilitates multi-agent algorithms. One of the earliest works in decomposing value
function in MDPs planning is by Schneider et al. [100] who showed that the decompos-
ing value function can reduce the complexity of computing joint policy. Later, Guestrin
et al. [38]] showed that the optimal joint centralized policy in MDPs with factored transition
and reward functions can be efficiently computed by using the factored value function in
approximate dynamic programs. Using a similar idea for model-based factored value func-
tion in [38]], Kok and Vlassis [53]] proposed a model-free counterpart where value function
components are learnt by local rewards. For Dec-(PO)MDPs with independent-transition,
Kumar et al. [[58]] proposed individual value functions to be computed by a factored dynamic
program based on a sparse interaction structure. The main problem with model-based value
function decomposition is that they assume the sparse interaction between agents, mean-
while in our CDec-POMDP domains an agent can interact with all other agents along its
trajectory. Recently, in parallel to our work, Sunehag et al. [115] proposed to approximate
the global value function by a sum of local value functions one for each agent. Agent de-
composition in [115] requires maintaining value function for every agent and the training
of value function uses global rewards, which is not effective in CDec-POMDPs with large

number of agents.

In large multi-agent systems, computing equilibrium is sometimes easier than global op-
timum, hence there is a large body of literature in multi-agent planning focusing on finding
equilibrium solutions. When studying network distributed POMDPs modeling interaction
of sensor agents in the network, Nair et al. [74] proposed the best response algorithm to
optimize an individual policy while fixing other agent policies. The best response algorithm
in [74] is equivalent to local search and able to converge equilibrium with a high-quality.
However, best response method by Nair et al. [74] is a synchronous algorithm and produce
heterogeneous policies, hence it is difficult to scale-up to large population system in CDec-
POMDP. Fictitious play [60] is an asynchronous version of best response. In fictitious

play, instead of each agent taking turn to update its values and policy, every agent would
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compute value at the same time. Fictitious play in reinforcement learning context is used
in independent learner algorithms [121, 23] in which each agent maintains an independent
value function based on its observed local rewards and updates its policy based on its value
function. Independent learner is shown to be effective in many domains, e.g. traffic light
controls [142,59], and multi-agent pursuit-evader [40]]. Analogously, the main issue with
traditional methods is that maintaining value function for every agent is not tractable in large
populations. Our proposed algorithms address this by estimating a single individual value
function shared by all agents and the shared individual value function is centrally updated

using the counts.

The scalability of our individual value function approach is attributed to marginalizing
agent state-action trajectories into the sufficient-statistics counts. This idea is also explored
in different research problems in the literature. Robbel et al. [97]] extended Guestrin et al.
[38])’s idea to large graphical model planning by considering the count-based value functions
for nodes in the graph. The complexity of the algorithm in [97], however, is exponential
to the tree-width of the problem. Computing individual value function as an expectation
over the counts is also studied in action graph game [48]. In action graph game studied
in [48], all agents have the same mixed strategy to choose their actions and the congestion
based individual reward of an agent only depends on the number of other agents choosing
the same action with it. To exploit the homogeneity, the individual value function can
be computed by the counts. Upon individual value function computation, fictitious play
method or Replicator dynamic can be used to compute an equilibrium [141]. Although the
action graph game shares some similarity with our methods, it can only solve a special class

of single time period problem with open loop policy.

Our work is related to congestion games [[136, 98] where the equilibrium of path choos-
ing agents is computed with the flow (or number) of agents in each link (or road). A con-
ventional congestion game is defined as a one-shot deterministic planning problem where
agents deterministically choose their paths as a sequence of links (or roads) to travel from
origin to destination and there is a flow-based delay penalty in each link imposed on agents
crossing that link. The routing agents in a congestion game is usually assumed to be homo-

geneous [98]]. Equilibrium is obtained when the delay penalty of any path B is not smaller
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than a path A’s if we change a flow unit (corresponding to a change in the path of one agent)
from path A to path B . In other words, any agent in path A is not better off by switching to
a path B. As the equilibrium is determined by the flow balance, the identities of agents can
be ignored. Varakantham et al. [[133] extended the congestion game into sequential setting
with multi time steps by estimating an average-flow of agents in each time step. For sequen-
tial multi-agent domains, Varakantham et al. [133], Ahmed et al. [3] proposed to compute
the individual value function by the approximate average-flow of agents in the system. As
shown in the experiment with SMFU, the average-flow approaches can only find open-loop

policy which is insufficient for agents to well behave in dynamic environment.

5.8 Summary

In this chapter, we have shown that the individual value function in CDec-POMDPs can
be estimated from samples of the counts. An efficient count-based computation of the in-
dividual value function was proposed by exploiting exchangeability properties of agents in
CDec-POMDP. Using the individual value function and applying fictitious play principle
into CDec-POMDPs, we derived a fictitious play based policy gradient method to optimize
individual policy. In addition, we justified our fictitious play based algorithms by showing
that optimizing the individual value function is equivalent to optimizing a lower bound of

global value function, which theoretically explains our high quality solutions in experiment.
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Chapter 6

Reinforcement Learning with Global

Reward Signals

In Chapter |4, we have shown that distinguishing the values of different agents through
credit-assignment is vital to learn and optimize individual policy. The credit-assignment can
be considered as the process of decomposing the joint feedback into individual feedbacks.
In Chapter[5] we show that if the global reward is the sum of local rewards, we can consider
the decomposable value function as a sum of individual value functions trained by local
reward signals. Training individual policy with a decomposable value function can converge
to an equilibrium with high global quality. However, the decomposability of values is not
applicable to many real-world domains where the reward function is non-decomposable.
An example is in a patrolling game, when an incident is attended late, a penalty is given
to the whole team instead of single agent. Even when the reward is decomposable, the
transition of agents’ states are interdependent, consequently the value functions of agents
are not separable. In such cases, a decomposable value function is insufficient to capture
the interdependency between agents. In this chapter, we would address this problem by

studying multi-agent reinforcement learning algorithms using non-decomposable critics.

To develop collective actor-critic RL approaches using non-decomposable critics, we
show in this chapter how to i) address the problem of multiagent credit assignment, and ii)

compute low variance policy gradients that result in faster convergence and better solutions
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than previous methods. In particular, we propose a method to estimate policy gradients by
an expectation of critic value. In addition, we extend the previous technique of counterfac-
tual based credit assignment to the collective setting. Empirically, when comparing with
previous methods, our new approaches provide significantly better solutions in the presence
of global rewards on a real world police re-allocation problem, a taxi fleet optimization
problem and a grid patrolling synthetic benchmark. We also show that our approaches are

competitive even with a centralized online planning approach.

6.1 Collective Decentralized POMDP Model

We recall the CDec-POMDP model with transition as defined in Chapter 2]

o Finite planning horizon H.
o M denotes the total number of agents.

e An agent m can be in one of the states ¢ € S. The joint state space is X%I:lS .

e An agent m can take an action j € A. The joint action space is x%zlA.

o Let (si.i,a1.1)™ = (s{",al",s5" ..., s}, a};) denote the complete state-action trajec-
tory of an agent m. The state and action of agent m at time ¢ are denoted using random
variables s}, aj".

e The environment is partially observable wherein agents can have different observations
based on the collective influence of other agents. An agent observes its local state s}".
In addition, it also observes o} at time ¢ based on its local state s}’ and the count table
n;. E.g., an agent m in state ¢ at time ¢ can observe the count of other agents also in state
i (=nj()) or other agents in some neighborhood of the state i (={nf(j) Vj € Nb(i)}).

e The transition function is ¢, (sﬁl =d'|sf*=1i,a}*=j,nf ) The transition function is the
same for all the agents. Note that it is affected by nj, which depends on the collective
behavior of the agent population.

e Each agent m has a non-stationary policy 7;"* (j|i, 0} (i, n}, d;)) denoting the probability
of agent m to take action j given its observation (4, 0" (i, nf, d;)) at time ¢t. We denote

the policy an agent m to be 7 = (7{", ..., 7).
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e The system receives a global reward r, = r(nj*,d;) dependent on the joint count

actions nj®.

e Initial state distribution, b, = (P(i)Vi € S), is same for all agents.

Global rewards: The key difference from previous
works in Chapter [3]is that in our model we have a global
reward signal 7, that is not decomposable among indi-
vidual agents, which is crucial to model real world ap-

plications. Consider a real world multiagent patrolling

problem in Figure A set of homogeneous police

patrol cars (or agents) are stationed in predefined geo- Figure 6.1: Solid black lines
define 24 patrolling zones of a

graphic regions to respond to incidents that may arise city district

over a shift (say 7AM to 7PM). When an incident comes,

the central command unit dispatches the closet patrol car to the incident location. The dis-
patched car becomes unavailable for some amount of time (including travel and incident
service time). To cover for the engaged car, other available patrol cars from nearby zones
may need to reallocate themselves so that no zones are left vulnerable. The reward in this
system depends on the response time to incidents (e.g., threshold to attend to urgent inci-
dents is 10 min, non-urgent in 20 min). The goal is to compute a reallocation policy for
agents to minimize the number of unsatisfied incidents where the response time was more
than the specified threshold. To model this objective, we award penalty -10 whenever the re-
sponse time requirement of an incident is not met and O otherwise. In this domain, the delay
penalty is non-decomposable among patrol cars. It is not reasonable to attribute a penalty
in an incident to its assigned agent because the delay is due to the intrinsic system-wide
supply-demand mismatch. Furthermore, individual agent penalties may even discourage
agents to go to nearby critical sectors, which is undesirable (we observed it empirically).
Indeed, in this domain, all rewards are global, therefore, previous approaches that require
local rewards for agents are not applicable. This is precisely the gap our work targets, and it
significantly increases the applicability of multiagent decision making to real world appli-
cations. Previous approaches in Chapter [5]specifically exploit the additive decomposition

of the reward signal among agents to perform multiagent credit assignment (that is, to com-
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pute the relative contributions of different agents to the total reward). In the presence of
global rewards, techniques like fAfC for doing credit assignment in Chapter[5]are no longer
theoretically justified and as shown empirically, perform poorly. This is precisely the gap

our work targets as we develop two new techniques to perform effective multiagent RL.

6.2 Mean Collective Actor Critc

We follow an actor-critic approach for optimizing the CDec-POMDP policy 7 [55]. Recall

from Chapter 2] we have the value function for a CDec-POMDP model as follows:

Qf (07", dp) = 7r¢(07", di)
+ > P(niyq, depr|ng®, de) P00y, dirs m) Q7 (031, deg)
N, 03, €Qus,dist
where 2,41 is the subset of consistency constraints linking counts for time ¢ and ¢+
1. Notice that the action-value function is defined over count tables directly and does not
require sampling individual agent trajectories. We define P(nj* |nf, d;; ) as the collective

distribution of the action counts given the action probabilities 7 and state counts:

3 (1)! sa(; ;
— H [¢ H W(j’i, O(i, ni’ dt))nz (,9) 6.1)

)1
ies HJEAn;a(Z’])'jeA

Notice that the above formula is essentially a multinomial distribution—for each state 7, we
perform nf(¢) trials independently. Each trial’s outcome is one of the action j € A with
the probability of falling in category j given by 7(j|é, o(7, 1}, d;)). We can similarly define
another multinomial distribution for P™(nj_ ; [nj®, dy).

We can estimate Q7 (n$?, d;) using empirical returns, but it has high variance. To address
this, in actor-critic approaches, we use a function approximation @, for Q™ and learn its

parameters w during the training process. Next we show how to design the critic ), for

our setting.

122



6.2.1 Critic Design For Collective Policy Gradient With Global

Rewards

The key requirements for designing the critic structure are the following. First, the critic
should be trainable with global rewards which is non-decomposable among agents. Second,
the critic design should address the problem of multiagent credit assignment [30, [115, 26].
One of the key challenges for effective multi-agent reinforcement learning is to assign
“credit” value to each individual agent’s actions so that we can know which action of which
agent is more preferable in the policy update. The credit value should appropriately reflect
the contribution of an agent’s action towards the global reward. Finally, we also require the
policy gradient computed using the critic to have low variance for effective training. We
next detail the design of such a critic for our collective setting that addresses such require-

ments. We start by showing the policy gradient expression for CDec-POMDPs.

Proposition 6.1. For CDec-POMDPs, the policy gradient is given as:

H
VQV(']T) = v9 Z Enl:HEQI:HadI:H |:Q175T (n?a" dt):|
t=1

H
=D Eu; [WEH;%PW(@“ |n5) [Q?(ni’a7 dt)ﬂ (6.2)

t=1

Proof. Recall from theorem[d.2]that the policy gradient in CDec-POMDPs can be computed

as:

H
w«n=ZEdt,n;a.b,,,bg,ﬁ[Qf(nia,da( 3 nim,j)ve1ogm<j|i,o<z',dt,ni>>>]

t=1 ieS,jeA

(6.3)
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We notice that inner summation in (6.3) can rewritten as:

> n(i, §)Volog m(jli, o(i, dy,n))
i€S,jEA

([ i T ™)

€S

=Vplog P™(n}*|n}) (6.4)

where we used the fact that the gradient of the factorial terms is zero. Using this above

result:
VoJ (6 Z E gy n bo b, [Z QT (dy, n°) P™ (0 | nf) Vg log P™ (0% | nf) (6.5)
nbd
=Eg, ns [b,b9, [Z Qf (dy,n**)VP™ (0™ | n3) (6.6)
nsa
Taking gradient Vg outside of the summation proves the proposition. O

In the next section, we address two concerns with the critic design—Ilow variance and
multiagent credit assignment. Recent work has shown that computing the inner expectation
VoEnsa [Qt (n$?, )} in closed form (rather than using sampling) results in lower variance
of the gradient 22,1104, |6]. Furthermore, as shown by |Asadi et al., a baseline is not needed
in the expected case to reduce the variance of the gradient. Therefore, we would also show

computation of expected (or mean) collective policy gradient.

Factorization form

A major challenge in multi-agent RL is to assign “credit” values to each individual agent’s
actions so that we know which action is more preferable in the policy update. One solution
studied in [115,[77]] for this problem is to consider a factored critic function among all the

agents:
_ M
Q St7a’t7dt Z St 7ar7n§7dt)7 (67)

Such a factored critic structure is particularly suited for the credit assignment problem
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as we are explicitly assigning (and learning) f,' as an agent m’s contribution to the global
critic value. Crucially, we show later, the policy gradient computed using such a critic also
gets factored among agents, which is essentially credit assignment at the level of gradients
among agents. In the collective setting, counts are the sufficient statistic for planning, and

we assume a homogenous stochastic policy. Therefore, the above equation simplifies as

Qu(ni di) = > 05*(i,§) fu(i, 4, 0(i,n3, dy)) (6.8)

1€S,jEA

Intuitively, there are nj(4, j) agents which are in state ¢ and taking action j, and the contri-
bution of each of such agents is fy, (z’, J,o(i,ng, dt)). Another property of such a factored
action-value function is that it is consistent with the form of compatible value functions for

CDec-POMDPs [118,(77]].

Mean collective gradient: Once we have set the factored design of the critic in
which helps in the multiagent credit assignment, the next step is to compute the expectation
VoEpse [Qw] . Previous work computed this expectation using Monte-Carlo sampling [[77].
However, as mentioned earlier, computing this expectation in the closed form helps reduce
the variance (22, 16]. Therefore, we next develop techniques to compute this expectation in

the closed form. We start by the following result from [63]:

Proposition 6.2. The collective distribution P™(n$* | n}) has mean ny* which is a vector
of length |S| x |A| with ny**(i, j) = n§(i)x m¢(j]4, 0(i,n}, d;)) and the co-variance matrix
is a square matrix with each element given as %(i, 4,7, j') = 0 Vi # ¢ 5,(i, j,4,j') =

0 (i) (412, 0(i, 13, dy))m (5|, 0(i, 03, dy)) otherwise.

Using the above result, we prove the following theorem. We also use a more general

definition of f,, which can depend on the whole count table nj:

Theorem 6.1. Linear collective critic function Q. (nf?, dy)= i n$?(i,7) fw(i, j,n3, di )+

b(n}) has the expected policy gradient under the collective distribution P™(n3* | nf) and the
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policy 70 as:

VB Qu (0§, di) =V > n5(i)nf (jli, 0(i, 5, dy)) x
1€S,jEA

fw(i7j7 niadt) (69)

Proof. Let f,(ng,) be the vector (fw(7,7,n3,d;))i;. Notice that f and b(n$) are both
independent of action counts n}* and € under the given state counts ng,. The expected

policy gradient has the form:

VoBue [0, - Fu(ms) + ()|

= Vo(fu(ns,) - Ensa[ng,q,]) + VoEns[b(nf)]

using proposition [6.2|and noticing that the last term is zero:
= Vo (fu(ns,) n**)

= Vo ui(i)me(jli, 0(i, 03, di)) fu (i, j, 05, )
2%

O]

The above result shows that computing the inner expectation in the collective policy
gradient using an approximate action-value function f,, can be computed in the closed
form, and hence the variance of the gradient is reduced. Furthermore, the gradient is also
decomposable among agents, which makes its computation fast and efficient using only

count samples.

6.2.2 Mean Collective Policy Update from the Global Critic

To highlight, we have two contrasting objectives to achieve: (i) We would like to have a de-
composable critic (that results in a decomposable policy gradient) among agents that helps
in the multiagent credit assignment, and (ii) learn such a critic with global rewards which
are not decomposable among agents. We next outline how to achieve these objectives. Our
key insight is that instead of learning a decomposable critic, we learn a global critic which

is not factorized among agents. This addresses the problem of learning from global rewards;
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as the critic is defined over the input from all the agents (count tables n in our case), we can
learn from global rewards. However, instead of computing the policy gradient directly from
the global critic, we compute policy gradients from a linear approximation to the global
critic using first-order Taylor approximation. Actor update using linear approximation of
the critic was studied previously in [22, [110]. As noted by researchers in their continuous
action single agent domains, given the small step size, the linear critic approximation is
sufficient to estimate the direction of the policy gradient to move towards a higher value.
The key usefulness of the linear critic in our case is its relationship with that of multiagent

credit assignment which we show next.

Consider the global Q,, (n$?, d;), we consider its first order Taylor expansion at the mean
value of action counts n}** = E[nj* | n}, d;] = (n}(:)7(j|i, 0(i, dy,n}))Vi, j) (Proposition

6.2) with 77* as the current policy:

Qu (3, di) ~ Qu(ni™, di)+

(05 = 1} ) (Vs Qup| =y =) (6.10)

We next show that the above linear approximation fits into the factored critic in theorem|6.]

by re-writing this Taylor expression as:

Zn .anf(:}])( ni* dy) + | Qu (™, de) — (*Sa)T(VnsaQw!m;sa)]

Using the above expression, we can see the relation:

.. g 8@11) * 58
f’u}(Z?]?ntvdt):anT(i?j)(nt 7dt>

b(nf) = Qu(ni™, d) — (07 ™) T(Vasa Quo | =y =»)

Applying theorem|[6.1] we have:

Corollary 6.1. Using the first-order Taylor approximation of the critic at the expected state-

action counts 1} %* =E[n$ | nf, d;; 7], the collective policy gradient is:
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H
S/ .. . s aQw * sa
Vo O Eugain,i] D i0Vomi(ilis ol dind) g s (0% d)| 6.11)
t=1 )

i€S,jEA
Intuitively, credit assignment is done using the term %(nf 2 d). When the ex-
9Quw

pression T (i,7)

(n}®® d;) has a high value, it implies that a higher count of agents in state
i and taking action j would increase the overall critic value Q. This will encourage more
agents to take action j in state ¢. Thus, this term assigns appropriately the gradient for

different actions of agents in different states.

6.3 Difference Rewards Based Credit Assignment

Difference rewards provide a powerful way to perform credit assignment when there are
several agents, and have been explored extensively in the MRL literature [[128, 2126|127,
20]. Difference rewards (DR) are shaped rewards that help individual agents filter out the
noise from the global reward signal (which includes effects from other agents’ actions),
allowing them to assess their individual contribution to the global reward. We will discuss

two popular types of DRs—wonderful life utility (WLU) and aristocratic utility (AU) [128].

Wonderful Life Utility (WLU): Let s, a denote the joint state-action; and (s, a, d) be the
system reward. The WLU based DR for an agent m is v =r(s, a,d) —r(s,a~", d) where
a~ " is the joint-action without the agent m. The WLU DR compares the global reward to
the reward received when agent m is not in the system. Agent m can use this shaped reward
r™ for its individual learning. However extracting such shaped rewards from the simulator
is very challenging and may not be feasible for a large number of agents. Therefore, we
apply this reasoning to the critic (or action-value function approximator) @Q,,(n°®,d). We
assume that @),, is differentiable in all input parameters. Similar to WLU, we define WLQ
(wonderful life Q-function) for an agent m as Q™ = Q(n**,d) — Q(n**~™, d) where

sa.

n®*~™ is the state-action count table without the agent m.

For a given (n**, d), we show how to estimate Q™. Assume that the agent m is in some

state 4 € S and performing action j € A. As agents do not have identities, we use Q%
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to denote the WLQ for any agent in state-action (7,7). Let ¥/ be a vector with the same
dimension as n®®; all entries in e are zero except value 1 at the index corresponding to
state-action (4,7). We have Q¥ = Q. (0%, d) — Qq(n%® —e¥, d). Typically, critic Q,, is
represented using a neural network; we normalize all count inputs to the network (denoted
as n** =n""/ar) using the total agent population M. We now estimate WLQ assuming that

M is large:

QU i [Qu (/a1 d) = Qu (¢ )]

= lim [Qu(8%,d) — Qu(d® - A-€.d)]

A=1/M—0
=—1- i w(D®® — A e, d) — Q (1%, d 6.12
i [Qu( 8- %,a) - Qu (i, d)] 6.12)
=—1x (—A)afg(?u,)(ﬁsa, d) (by definition of total differential)
n%%(i, j
1 0Quw

QY ~ %, d) (6.13)

ML)
Thus, upon experiencing the tuple (nf, dy, nf*, nf*, d;41,7¢), global reward r; is used to
train the global critic Q),,. An agent m in state-action (4, j) accumulates the gradient term
QYVglogm(jli,o(i,ds,n$)) as per the standard policy gradient result [118](notice that
policy 7 is the same for all the agents). Given that there are n}*(7, j) agents performing
action j in state 7, the total accumulated gradient based on WLQ updates (6.13) by all the

agents for all time steps is given as:

H
V;”qu<9>=ZEdt,nga|bo,bg[ > 0, 5)QF (0, dy) Vo log my(jli, o(i, dy, 1))
t=1 i€S,jeA

(6.14)

We can estimate ngqu (0) by sampling counts and the state d; for all the time steps.

Aristrocratic Utility (AU): For a given joint state-action (s, a, d), the AU based DR for an
agent m is defined as ™ = r(s,a,d) — > m 7" (a™[0™(s,d))r(s,a”™ Ua™,d) where
a~™ U a™ is the joint-action where agent m’s action in a is replaced with a™; o™ is the

observation of the agent; 7" is the probability of action a”*. The AU marginalizes over all
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the actions of agent m keeping other agents’ actions fixed.

In the context of deep multi-agent policy gradient with value function approximation, Fo-
erster et al. [30] show that computing the counterfactual value for each agent ¢ can be
computed by subtracting an agent-dependent baseline from the critic. In particular, given
a centralized critic function Q. (s, a,d), where (s, a,d) denote the joint state, action of

agents), the advantage value of sampled action o' of an agent m is computed as:
A™(s,a,d) = Qu(s,a,d) — Zﬂ' (™0™ (s,d))Qu(s,a™™Ua™,d) (6.15)

in which a=™Ua'™ is the joint action obtained by replacing sampled action a™ of the agent
m in the sample a by a”™. Then for each sampled joint trajectory (S, at)i=1.4, the policy

gradient is computed as:
VgZZAm(st,at,dt)logwm(aﬂo}”(st,dt)) (6.16)
t m

The agent-dependent baseline in the right hand side of (6.15) helps to reduce the variance
of policy gradient. We next extend this counterfactual computation to our collective setting.
We first notice that in the collective setting, by aggregating agents taking the same action in

the same state into sampled counts ng, 4,, we have:

Proposition 6.3. The counterfactual (COMA) policy gradient in CDec-POMDPs can be

computed as:

ng Z AP (52 d )03 (i, 7) log 7 (i, 0(i, nj, dy))

t 1€St,jEAL

where we have:

A (05 dy) = Qu(n®,d Z?T 5'lis0(i, 0%, d)) Qu (0™ —e' + €7, d) (6.17)
J/

where vectors €'* are defined as for WLQ.

Notice that computing collective COMA policy gradient is expensive in CDec-POMDPs

because we have to evaluate all possible changes in action counts. Therefore, we use
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a similar technique as for WLQ by normalizing counts, and computing differentials

HmA—1 /50 [Qu (5%, d) —Qu(**+A - (€7 — e¥7), d)] to have:

Lemma 6.1. We can approximate COMA advantage Ai’ (n$?, d;) as

17 0Qw . o e 0Qu
i [aﬁs?(ij)(nia,dt) - ZW(J |270(Z>dtant))aﬁsac(2--,(nt 7dt)}

AT (3 d
(t t) - ij)

(6.18)

Proof. We show how to estimate A% in equation (6.17) in assuming agent population M is

large. Similar to WLQ, we have count inputs normalized for @),,.

A9~ Jim [Qu (™" /M, d) — Z 7(5'li, 0(i,d, 1)) Qu (0 e + ") /M, d)]

v/

J

= Zw(j’]z’, o(i,d,n%)) lim [Qu(5*™ d) — Qu(i™ + A - (e — W), d)]

A=1/M—0
(6.19)
_ / S sa . sa
= Dol olis ) [A - SRS 1) = A G (1, d)
7 sa 1 8QUJ ~Sa N . s a@w
At](nt ydi) ~ M [W(Ht ydi) — %:W(J,Vvo(l»dtant))aﬁsa(m(nt adt)]
where we used total differential similar to WLQ to derive (6.18) from (6.19). ]

Crucially, the above computation is independent of agent population M, and is thus
highly scalable. Using the same reasoning as WLQ, the gradient Vg" is exactly the same
as (6.14) with Qij replaced by advantages Af;j in (6.18). Empirically, we observed that
using advantages A% resulted in better quality because the additional term 5 1n AY acts

as a baseline and reduces variance.

Another way to derive the approximate COMA advantages is by using the first order

Taylor expansion of the critic Qu:

Lemma 6.2. By approximating the critic Qu with its first-order Taylor approximation at

the sampled count nj?, we can approximate COMA advantage Ai’ (n$?, d;) as:

0Quw e 0.
%Sgg(i’j)(nt 7dt) _Z/ﬂ-(] |Z7O(7fant7dt)as,fg()(nt ,dt)

J
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Algorithm 4: Policy Gradient with Global Rewards

1 Initialize network parameter 6 for actor 7 and and w for critic Qu,
2 7y < actor learning rate

3 [ < critic learning rate

4 repeat
5

6

7

Sample count vectors ny. g ~ P(ny.m;7) and empirical reward 71, g
Update critic by ny. ;5 ~ P(nq.p;7) and r1. with learning rate 8
Computing the policy gradient d9 by:
8 MCAC:V, 3, [z. 5037 (3, 0(i, dy, 05)) 5228 (nf =2, dt)}
9 CCAC:V, Zt [z 0224, §) log 7 (jli, o, df,nt))
9Quw
10 aan(l Sy (n 2 dy) — Zj, (5’ |z,o(z,dt,nt)) 87”(1 Y )(nt 7d,g)]
1 Update actor 0 — 0+ vdg.

12 until convergence
3 return 6, w

-

Proof. The first-order Taylor expansion of the critic function Q(n}**,d;) at the sampled

action counts nj® is:

Q (nt ’ ) + (ngsa nia)vnsa()w|:n§a
Using this approximation in the second term of right hand side of (6.17), we have:

Qu (nf? —e 4 eij,)
~ Q (nt 7dt) (_eij + eijl)Vnsaé.?w|:n§aL

- 9Quw
= Quloit ) + (= 5t

8Qw sa
(ng*, d) + W(nt 7dt)> (6.20)

Replace (6.20) into the (6.17), we prove the lemma. O

Empirically, we noticed that in problems with a small number of agents, mean collective
actor critic (MCAC) worked better. Intuitively, the reason is because by using the mean of

action counts, njy %

, and computing the expectation VglE,sa Quw(n$?, dy) in closed form, the
policy gradient variance is lower than the variance in the collective COMA case where we
use sampled action counts nj®. For domains with a large number of agents, sampled action-
counts are much closer to the mean action-counts. Therefore in such domains, collective

COMA performed similar to the MCAC approach. The MCAC and collective counterfac-

tual actor critic (CCAC) are summarized in algorithm
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Figure 6.2: Convergence of different actor-critic variants on the taxi problem. The curves
for MCAC and CCAC almost overlap.
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Figure 6.3: Different metrics on the taxi problem with different penalty weights w.

6.4 Experiments

In this section, we experimentally show the effectiveness of our two proposed approaches,
mean collective actor critic (MCAC) and collective counterfactual actor critic (CCAC), for
a real world inspired taxi supply-demand matching problem [77]], a real-world police pa-
trolling benchmark and a synthetic robot patrolling in a grid domain. We represent policies
using neural networks. Their design and other experiments settings are described in the

appendix.

We compare the performance of MCAC and CCAC against the following ap-

proaches:

e Standard actor critic (‘vanilla AC”) which fits the critic using global rewards and com-
putes policy gradients from the global critic (without the linear Taylor approximation of
critic).

e The factored actor critic (‘fAfC’) approach of [77] which is the previous best RL ap-
proach for CDec-POMDPs with decomposable rewards. In our domains (specifically
the taxi problem), we have both local and global rewards. The local rewards are incor-

porated in ‘fAfC’ as before; for global rewards, we change the training procedure of the
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critic in ‘fAfC’.

The exact actor and critic updates for both ‘vanilla AC’ and ‘fAfC’ are provided in the

appendix.

6.4.1 Taxi Supply-Demand Matching

We test our approach on this real-world motivated problem (described in Section [6.1). In
particular, we consider a fleet of 8000 taxis (or agents) in the city divided in 81 zones. In
addition to individual revenues, we also have global rewards to maintain a quality-of-service
(QoS) above some threshold for selected zones which cover the central business district and
residential areas. We analyzed the demand data and selected the topmost 15 busiest zones
for such global rewards. To enforce QoS level a=95% for each zone i and time ¢, we add
penalty terms w x (d;(i) — ady(i)) where w is the penalty weight, d; (i) is the total served
demand at time ¢, and d; (%) is the total demand at time ¢. We test the effect of QoS penalty by
using different penalty weights w € {0, 1.0,10.0}. Intuitively, w = 1 implies the (average)
penalty for missing a customer is the negative of (average) reward for serving a customer
in zone 7; w = 10 implies missing a customer is 10 times more expensive than the average
reward from serving 1 customer. Notice that even though the total profit is decomposable

among agents, the QoS penalty is not.

In addition to comparisons against ‘Vanilla AC* and ‘fAfC’, we also compare against a
strong online centralized planner (which fully observes all taxi locations, current demand)
based on the online anticipatory approach (‘OAA’) [67]]. Details of this online planner are

in the appendix.

Convergence: Figure|6.2|shows the convergence of different actor-critic approaches on the
taxi problem with different weights w, and QoS («) being 95%. We use QoS penalty for all
the 48 time steps for busiest 15 zones. Figures[6.2(a-c) clearly show that both MCAC and
CCAC have much better convergence rate than the previous best ‘fAfC’ approach which is
slow to converge due to the presence of global rewards. Furthermore, ‘Vanilla AC’ performs
poorly on these instances as it does not explicitly takes into account the issue of multiagent

credit assignment and low variance gradient estimates. Given that the agent population is

134



high (8000), this results in worst performance by ‘Vanilla AC’. These results illustrate that
the linear approximation of the critic is effective in doing multiagent credit assignment and

moves the policy in the right direction in both MCAC and CCAC.

Quality: Figure [6.3[a) shows final quality (that includes both the total fleet profit and
the penalty term) comparisons among different actor-critic approaches and the centralized
‘OAA’ planner (we exclude ‘vanilla AC’ as it does not learn any useful policy). As expected,
‘OAA’ provides best quality. However, MCAC and CCAC are competitive with ‘OAA’ in
the final objective value. For w =0 (i.e., the objective is just profit maximization), the final
quality by CCAC and MCAC is about 89% of the ‘OAA’ quality and for w =1, it is about
81%. The ‘fAfC’ achieves about 85% of the quality by MCAC for both w=1 and w =0,
confirming the superior handling of global rewards by our approaches. For higher penalty
w = 10, we see that all the RL approaches are worst off mainly because the penalty term
w X (th(z) — ady(i)) overshadows the fleet profit term due to high w. We next show that
a higher value of w does not necessarily benefit RL approaches and a lower value of w is

preferable to keep a balance between QoS and overall profit.

Effectiveness with global rewards: Figures [6.3(b,c) together show the tradeoff between
the overall fleet profit (figure[6.3(b) shows the average profit per taxi per day) and the QoS
(figure l@kc) shows unserved demand below the QoS threshold or (- dy (i) — dy(i)) aver-
aged over all 15 zones and all the time steps). From these two figures, we can see that when
the penalty increased from w=0 to 1 in Figure[6.3[b), the average profit remains almost the
same for both MCAC and CCAC. However, Figure c) shows that the unserved demand
decreased significantly (by 32%) for both MCAC and CCAC from w=0 to w=1. Increas-
ing the weight w to 10 did not significantly decrease the unserved demand (in Figure[6.3]c))
but led to the drop in profit (as shown in b)) for both MCAC and CCAC. Interest-
ingly, ‘fAfC’ fails to achieve such a balance between profit and the unserved demand. The
unserved demand by ‘fAfC’ does not decrease much from w = 0 to w = 1. Intuitively
this is because the QoS penalty constitutes global rewards whereas ‘fAfC’ is optimized for

decomposable rewards and cannot learn effectively from global reward signals.
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6.4.2 Police Patrolling
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Figure 6.4: Police patrolling problem.

The problem is introduced in Section There are 24 city zones, and 16 patrol cars
(or agents). We have access to real world data about all incidents for 31 days in 24 zones.
Roughly 50-60 incidents happen per day (7AM-7PM shift). The goal is to compute reallo-
cation policy for agents such that the number of incidents with response time more than the
threshold is minimized (further details in appendix). This domain has only global rewards.
Therefore, we compare MCAC, CCAC and AC (Note: fAfC, AverageFlow are unable to
model this domain). As a baseline, we compare against a static allocation of patrol cars that
is optimized using a stochastic math program [21]], denoted as ‘MIP’. Figure [6.4{(a) shows
the convergence results. MCAC performs much better than CCAC. This is because this
problem is sparse with sparse tables n®*, resulting in higher gradient variance for CCAC;
MCAC marginalizes out n®®, thus has lower variance. Figure[6.4{b) shows overall objective
comparisons (higher is better) among all three approaches. It confirms that MCAC is the
best approach. MCAC has 7.8% incidents where response time was more than the threshold
versus 9.32% for MIP (figure [6.4(c)). Notice that even this improvement is significant as it
allows /25 more incidents to be served within the threshold over 31 days (assuming 55 avg.
incidents/day). In emergency scenarios, improving response time even by a few minutes is

potentially life saving.

6.4.3 Synthetic Robot Patrolling Game

Next, we consider a synthetic grid world problem to test the sensitivity of our proposed
algorithms (MCAC and CCAC) with respect to different population sizes. The goal is for

a population of robots to move from a depot to find a victim in an MxM grid. At each time
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step, there would be a victim at a uniformly distributed location in the grid. Robots have to
cooperate with each other to cover the whole grid to maximize the total number of rescued
victims. A global reward to the whole team is given when the victim is rescued by any agent.
The reward is not decomposable among agents because regardless of the number of agents
reaching the victim’s location, only a fixed team reward is given. In this domain, as only
global reward signal given, ‘fAfC’ is not applicable; we only compare against the ‘vanilla
AC’. Figure|6.5|shows the convergence results among different approaches for varying pop-
ulation size and grid dimensions. In this setting, MCAC is significantly better than CCAC
as the domain is sparse with a small number of agents. Intuitively, MCAC computes pol-
icy gradient directly from mean action counts; where CCAC computes the policy gradient
using sampled actions counts (which are sparse as number of agents is small). Therefore,
the variance of the gradient estimate is high for CCAC, and as also highlighted in section

4, CCAC does not work well in such sparse domains.
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Figure 6.5: Convergence of different actor-critic variants on the grid patrolling with vary-
ing population size N and grid size.

6.5 Related Works

6.5.1 Difference of Reward

To derive our CCAC algorithm for CDec-POMDP domains, we base our model on the
notion of difference reward proposed by Wolpert and Tumer [[149] with Wonderful Life
Utility (WLU) and Aristocrat Utility (AU) algorithms. The difference of reward addresses
the credit assignment problem by estimating the contribution of an agent by the difference
of system utility between with and without that agent cases. Difference rewards (DR) are
shaped rewards that help individual agents filter out the noise from the global reward signal

(which includes effects from other agents’ actions), and assess their individual contribution
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to the global reward [149]. [128] showed WLU andAU can efficiently solve multi-agent
sequential planning problems by considering the difference of value functions. Later on,
Foerster et al. [30] extended AU algorithm into policy gradient algorithm by considering a
counterfactual difference of critic value into individual policy update. In addition, Foerster
et al. [30] proved that their counterfactual difference method introduced no bias into the
policy gradient computation. These methods, however, are not scalable to large populations.
Our main contribution in designing CCAC is to show how to apply difference-of-reward

into CDec-POMDP settings.

6.5.2 Expected Policy Update

One remedy for the high variance of stochastic policy gradient is to compute an analytic ex-
pression of the policy gradient. The idea was first suggested to apply to tabular Q-learning
in the book of Sutton and Barto [[117] as expected Sarsa. Instead of a Q-value update
based on a deterministic action a1, Sutton and Barto [[117] proposed that value could be
computed by an expectation over all possible actions. Seijen et al. [[104] later proved the
benefit of expected Sarsa in reducing the variance of Sarsa algorithm. Recently, Asadi et al.
[6] and Ciosek and Whiteson [22] proposed expected policy gradient methods which have
lower variance than stochastic policy gradient. Instead of updating the policy by sampled
action, expected policy gradient approaches directly compute policy gradient by an expec-
tation over all possible action. Asadi et al. [6] showed this expectation can be easily done
in discrete and finite actions problem. In continuous action domains, the expectation can
be computed under a closed-form formula if the policy and value functions have Gaussian
form [22]]. In case of non-Gaussian value function, Ciosek and Whiteson [22] suggested
that we can use a Taylor approximation of value function instead. In our multi-agent deci-
sion making in CDec-POMDPs, the action space is discrete (hence method in [22] is not
applicable ) and has exponential size due to joint value (it is impossible to use method in [6]

to compute the expectation over all possible joint actions).

Our MCAC algorithm uses the mean of the action count to estimate the policy gradient.

The action mean is also used in some RL algorithm in the literature. Gu et al. [36] and
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Ciosek and Whiteson [22] used the action mean to compute Taylor approximation for value
function of single agent. Tumer and Agogino [126] and Wu et al. [[150] used mean action to
estimate the difference of reward. Our MCAC approach is different from these work in its
use of mean joint action to estimate policy gradient of multi-agent policy in CDec-POMDP
domains. Our policy is decentralized and the value function depends on the joint-count
of agents (in different states and actions) rather than the single-agent setting considered

in [22136].

6.6 Summary

In this work, we addressed the problem of collective multiagent RL with global rewards.
Our main contributions include developing techniques for multiagent credit assignment and
computing low variance gradient estimates in the presence of global rewards. In such set-
tings, we showed that an effective critic which is trainable using global rewards is not de-
composable among agents. To use non-decomposable critic in multi-agent settings, we

addressed the credit assignment problem by proposing MCAC and CCAC algorithms.

To derive MCAC, we highlighted a general structure of the critic in the multiagent RL
setting that is suited for the credit assignment problem, but unfortunately is difficult to train
using global rewards. Therefore, we developed techniques based on approximation of the
critic that can resolve such contrasting requirements. For lower variance of the gradients,
we showed how to compute expected or mean collective policy gradients by exploiting the

special feature of CDec-POMDPs.

To derive CCAC algorithm, we used the notion of difference-of-reward/utility [[126,30]
in multi-agent RL. We showed how difference-of-reward can be used in CDec-POMDP
planning without agent identity. As the number of agents and joint action space are large,
we derived an approximation of difference-of-reward using total differential. In large pop-
ulation, the contribution of one agent to the whole population becomes small, which makes

the differential adequately approximate the difference-of-reward function.

We tested our approaches on a synthetic multirobot grid navigation domain, and a real
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world supply-demand taxi matching problem in a large Asian city with 8000 taxis and a
police re-allocation problem. Thanks to our techniques for multiagent credit assignment
and low variance policy gradients, our multiagent RL algorithms converge to high quality
solutions faster than the standard policy gradient method and the best factored actor-critic
approach from Chapter |5} Our approaches are also competitive even with a strong central-
ized online planner based on anticipatory algorithms [67]] despite decentralized and partially

observable environment in our case.
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Chapter 7

Conclusions and Future Works

7.1 Conclusions

This thesis contributed to the literature of multi-agent systems by a “liffed ” multi-agent
planning framework using the count variables. Our framework allows us to develop multi-
agent reinforcement learning algorithms to optimize decentralized policy of a large popula-
tion (up to 8000 agents). In particular, we addressed the high complexity of joint trajectory
by proposing a novel representation with agent counts. The counts are more compact than
the joint trajectory as their dimensions depend only on the size of the local state spaces
rather than the population size. Based on this count-based representation, we proposed
collective reinforcement learning algorithms to solve large scale multi-agent planning prob-
lems with sampled values of the count variables. In local reward optimization problems,
we proposed collective algorithms combined with fictitious play rule to be able to optimize
individual policy. As inherited from fictitious play, our algorithms were also applicable to
non-cooperative settings. Our fictitious play based algorithms could converge to a symmet-
ric equilibrium in population game. However, similar to other fictitious play algorithms,
convergence to equilibrium cannot be guaranteed in general. In global reward optimization
problems, we addressed the credit-assignment problem in multi-agent system by proposing
collective algorithms based on the notion of “difference of reward” and “approximation by

differentials”. We showed that our algorithms can efficiently optimize decentralized policy
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in multiple cooperative multi-agent domains.

Our planning framework is based on two key ideas: the collective distribution of the
counts in planning and the count-based value functions. These ideas were inspired by the
counting formulas for lifted inference in Markov Logic Network [17], [69] and collective
inference in Collective Graphical Model (CGM) [108]. The lifted inference technique was
first proposed to compute marginal probability of individual state rather to learn individual
behavior as in our case. Recently, there were research works extending the counting formu-
las in lifted inference to compute value functions in MDP planning [97]], [113]. However,
these works focused on finding policies of heterogeneous agents in domains with sparse in-
teraction graph. On the contrary, our count-based planning framework considered domains
where agents fully interact with each other. Second, although the collective distribution
in CGM shares some similarities with ours, it is only applicable to domains where there
are typically no interactions between agents. Our work is the first one that considers agent

interactions and applying collective distribution of counts in multi-agent planning domains.

7.2 Future works

We believe that the contribution of this thesis is an important step to apply Al planning
into real world domains such as traffic network controls with thousands or millions of au-
tonomous vehicles. Nevertheless, there are important questions to be addressed in our future
works, which include: 1) how to extend the CDec-POMDP algorithms to learn heteroge-
neous behaviors of agents; 2) how to handle the large state-action spaces; 3) how to use our
CDec-POMDP solutions to aid centralized decision making. We provide a discussion on

these questions in the next section.

7.2.1 Heterogeneous behaviours

In this thesis, we focus on systems of homogeneous agents. Under the homogeneity as-
sumption, agents in a same local state have the same behaviour, i.e. an identical distribution

over local actions. Because the optimal solution in multi-agent planning is not always ho-
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mogeneous policy, optimality is traded for scalability.

One of common method to resolve this problem of shared policy in multi-agent re-
inforcement learning is to embed identities to agents to break the behavioural symmetry.
When an agent enquires the shared policy to decide which action to take, the shared policy
takes input of not only local state and local observation (which can be similar amongst some
agents) but also the identity of the enquirer (which is unique to that agent). The identity of
an agent can be in the form of a randomly generated feature vector [153, [152] or an inte-
ger index [83] of that agent. Although the identity can break the behavioural symmetry in
shared policy, it makes the population completely heterogeneous. In other words, the num-
ber of agent types is equal to the number of agents. Consequently, the count tables have

sparse values of {0; 1} and the collective planning loses the compactness advantage.

One of our future works is to find a trade-off between optimality and scalability in col-
lective planning. We plan to explore methods to break the behavioural symmetry but at
the same time preserve the compactness of the count representation. We can pre-define a
number of agent types. An agent is assigned to a type at the beginning so that it can behave
differently from agents in other types. The pre-defined number of agent types is smaller
than the number of agents, hence it is more tractable than the agent identity. Main research
questions include how to assign type to agent an how to determine the optimal number of

type. We leave these non-trivial research problems to the future work.

7.2.2 Large state space

Our collective planning framework with count representation assumes the number of local
states is smaller than the number of agents, so the count tables can compactly represent the
joint state of multi-agent systems. However, when the number of local states is large, the
count tables become sparse. In the case when agents are in completely different local states,
all values in the count table are in {0;1}. This can happen, for example, in video game
domains where the local state is the location of agent in a spatial map with high resolution
or continuous space. It can also happen when the recurrent neural network is used and the

memory state is represented by a vector. It is important to handle such scenarios.
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Deep learning is known for the ability to reduce the dimension of the data [46], which
can be used to regain the effectiveness of the counts. In particular, we can use a neural
network to take high-dimensional features of local state as an input and output the abstract
representation of that state. The abstract representation can be designed to be in finite space
which is much smaller than the original space. We can define the count table over the ab-
stract state instead of the original state. One example of a neural network abstraction is the
convolutional neural network (CNN) [61]] which constructs the abstract state representation
by scanning through the 2D spatial feature by filters [34]. A filter in CNN is used to ag-
gregate information of sub-regions in a big spatial map. In a special case when the filter
size is similar to the stride (the jumping step in scanning the feature), applying CNN to the
collective domains can be considered to be similar to divide the big map into a finite number
of regions and count the number of agents in each region. Developing a general framework
to combine neural networks with the count-based representation for collective planning is

one of the future research avenues.

7.2.3 Online Decision Making

Decentralized execution is shown to be more tractable than centralized execution [[19] be-
cause at a decision epoch, each decentralized controller considers a small number of local
actions a € A instead of joint action space AM which is exponential to the number of
agents M. With the advantage of scalability, decentralized control can quickly make deci-
sions on the actions for agents, which is critical to domains such as vehicle driving which
requires requiring real-time decisions. On the other hand, although centralized solvers us-
ing linear programs (LPs), mixed integer programs (MIPs) or centralized MDP approaches
take time (in minutes or sometimes hours) to determine the joint action, the solution qual-
ity is provably optimal or near to the optimum. To preserve optimality, centralized solvers
are preferable in domains allowing planning time. For example, in logistics domains, the
daily delivery routes of trucks can be planned one day in advance. Stochasticity can be con-
sidered in planning by using methods such as Sample Average Approximation [52| [134].
When the environment state changes from the expected state, one can re-solve the planning

problem with the realized state to get dynamic action. However, the significant run-time of
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centralized planning methods hinders the real-time re-solving. It is interesting to see a hy-
brid method combining the benefits of a centralized solver and decentralized reinforcement

learning.

A centralized solver can be combined with decentralized reinforcement learning by value
function approximation. Value function approximation (VFA) is a common technique to
estimate the value of a joint state or joint decision. A centralized solver can resort to a
compact VFA instead of generating and considering all possible future scenarios, which
can reduce the complexity and consequently the run-time. The use of VFA in MIPs was
studied before in 2-stage scheduling for inventory management [93]], fleet management [33],
etc. The method is also known as Approximate Dynamic Program (ADP) in Operations
Research (OR) literature [94]. However, learning VFA for ADP using classical methods in
OR can take a great deal of run-time. On the contrary, learning the critic as VFA using our
CDec-POMDP RL algorithms is shown to be fast and accurate. For future works, we would
like to try to use the critic function learnt by CDec-POMDP RL algorithms as a VFA for

ADRP to solve centralized online decision making problems.
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Appendix A

Domain description

A.1 Taxi fleet management

Taxi dataset: Our dataset contains the taxi trips of 8000 taxis in Singapore for 1 year. Each
taxi call in the dataset is defined by the start time (1 in 48 periods), the origin zone and
the destination zone (1 in 81 zones). Because the spatial and temporal dimensions have
discrete values, the taxi calls are summarized by the taxi demand counts d;(i, j) to be the
number of taxi passengers at time period ¢ to go from a zone ¢ to another zone j. From the
dataset, we have the complete taxi demand tables (d;(i,j),Vt € [1,48],4,j € [1,81]) for
12 months. In simulation, we randomly choose a month data and extract the corresponding
statistic demand table (d;(, j),Vt € [1,48],4,7 € [1,81]).

Autonomous taxi movement: We consider the planning problem of 8000 taxis over 48
half-hour periods. The goal is to learn a moving policy for taxis so that they can re-allocate
themselves in each time period to match to the dynamic demands. The decision making and

action execution of taxis in each time period ¢ are as follows:

* At the beginning of the time period ¢, each taxi driver m in a zone z has the obser-
vation o(z, dy, nj) to be the number of taxis and passengers in that zone and/or in the

surrounding zones.

» Based on the local observation, a taxi in a zone z decides to either stay in z or relocate
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to one of neighboring zones 2’ € N(z).

After deciding the relocating movement, all taxis concurrently execute their actions.
As we consider half-hour period, we assume the taxis reach their destinations 2’ in

the same time period ¢. In its destination zone a}* = 2’ at time ¢, a taxi m will :

— With the probability min{M 1} to pick a passenger and receive a payment,

ns(z")?
which is proportional to the ratio between the number of passengers d;(z') and

the total number 0f(2') = > n§*(z,2’) of taxis moving into zone z’. If a

taxi has passenger in 2’ , it will move to passenger destination zone z”. The

i
distribution of passenger’s destination is dtd(tz(j) ) which is the flow ratio of

passengers from 2’ to z”. A taxi receives a payment payment(2’, 2") from its
passenger in time ¢.

Z/
Z/

di

Hhs

— With the probability 1 — min{ g g, 1} to stay in 2’ until the beginning of the

next time period ¢t 4 1. A taxi without passenger does not receive any payment.

A.1.1 CDec-POMDP for taxi navigation problem

H =48, M = 8000.

A set of action A for taxi m to be moving to either one of neighbouring zones 2’ €

N(z) from its current zone z or staying in the current zone z.

The local state of a taxi m is defined by its current zone z at beginning of each time

period t.

The global state component d; at time ¢ is the passenger demands over the whole city.
It is determined also by a count table whose each component dy(z, z’) is the number
of passengers moving from zone z to 2’ in time period . However, taxi can only
observe the demand counts at zones level d¢(z) = >, di(z, 2’) rather than the exact
flows.
The counts in each time ¢ include:

- ni(z) = M I(s* = 2),Vz € Z to be the number of taxis in each zone z.

m=1
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- nf*(z,2) = Z%zl I(sf* = z,a7* = 2'),Vz, 2’ € Z to be the number of taxis

from zone z deciding to move to zone 2.
sas’ 1oy NM m _ mo_ o om I i
- 0y (2,2, 2") =3 (s = 2,0 = 2, 8]t = 2"),V2,2, 2" € Ztobe
the number of taxis moving from z to 2’ and being in zone z” at the beginning

of next time period.

* At decision state si* = z, we assume a taxi agent m will have the observation
about the demand counts dy(z') = )., di(%/,2") and taxi zone counts nj(z’),

V2" € Nb(z) U {z} of the current zone z and its neighboring zones Nb(z).

After deciding the next zone a}* = 2/, a taxi agent will deterministically transit to z’.
The taxi agent m will stay in 2’ until the next time period ¢ + 1 or move to another
zone depending on whether it has passenger or not. We use the indicator variable
by* = {0;1} to denote whether a taxi m has passenger or not in time period ¢. The

local transition of a taxi m is defined as:

Pi(spialst, af ni® di) = Y PO |ai",ni®, dy) P(si |af", 0 dy) - (AD)
by {01}

where

— The probability of a taxi to have passenger is

dt(Z/) .
S (7))

PO = 1laf = 2/, n}*,d;) = min{

— And taxi has no passenger with the probability

dt(Z/)

1
n$?(z, z’)’ }

P = 0lay* = 2/, nf*,d;) = 1 — min{
22
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— The local state of a taxi in next time period ¢ + 1 depends on its status:

dt (Z’, Z”)
dt(z’)

P(sity =2"|a]" =200 = 1,dy) = (A2)

1 ifz =2"
P(sfiy =2"ja* =2/,0]" = 0,dy) = (A3)

0 otherwise.

(A4)

» Each agent m has a non-stationary policy 7;"(j|7, o(i,n}, d¢)) denoting the proba-
bility of agent m to take action j given its observation (4, 0(4,n$, d;)) at time t. We
denote the policy over planning horizon of an agent m to be 7™ = (7n{",..., 7).

When agents have the same policy, we denote the common policy with 7.

* A taxi agent moving from z to z’ will incur a roaming cost —cost(z,z’). When a
taxi has a passenger to travel from 2’ to z”, it will receive a trip payment p(z’, 2”).
Hence, the local reward r}"(s]* = z,a}* = 2/, nj*, d;) of a taxi moving from z to 2’
is

Clt(zl7 Z//)

= —cost(z,2') + P(b]" = 1|a}" = 2/, nf* d}) d(i/ﬁ(z’, 2"
t\ 2

Z”

A.1.2 Local Reward Structure

When taxi m pick-ups a passenger in zone z at time ¢ and move to the destination 2/, it
receives a reward p(z, 2’) to be the profit of that trip. A taxi with no passenger incurs
a roaming cost c. However, we notice that the roaming cost is similar among all zones,
therefore, we shape the reward by ignoring the cost and consider only the reward p(z, z’)
for taxi agent with passenger. The total local reward of all taxis getting passengers from a

zone z at the time period ¢t is

R{™ (2,05, dy) = 0}(2) min{
z€Z

di(2) di(z,2)
i1 p(z2) (A.5)
SIBHP e
Recall that in the above formula (A.5), iij(z) = >, nj*(¢/, 2) is the incoming taxi flow

z%gz% ; 1} is the probability a taxi picking-up passenger in zone z and

into zone z, min{
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Y oez %ﬁ(z, 2') is the average reward of a taxi with passenger in zone z.

To maximize the total local reward IE | Zfil >, R;ﬁp (z,15*,dy)], the policy should bal-
ance the movement of taxis with the expected demand in each city zone at different time
periods. If more taxis are present in a zone than the aggregate demand in that zone, then
unhired taxis incur loss of revenue. Therefore, a good policy would direct taxis to different

city zones to match demand with supply.

A.1.3 Global Reward Structure

We can extend the reward structure in taxi domain to consider the QoS component for a

zone z as follows:
R?OS(Z, n? dy) = w, min{0,03(z) — a - d¢(2)} (A.6)

in which a € [0; 1] specifies the percentage of demand d;(z) we target to serve. nj(z) =
>, n§*(2, z) is the total number of taxis moving in zone z at time ¢. The min operator
ensures that the penalty function is activated only when the number of available taxi nj(z)
at z below the target. The function is ignorable when w, = 0, and it is emphasized when
w, Increases.
The objective function in taxi domain under this QoS components is
H

E |:Z Z [R;rip(za niaa dt) + RSOS(Zv n;a’ dt)]
t=1

z

=[S (weminf0,5705) o)) + 5 min B0 1) 3 MO )]

~S
t=1 zeZ n ( ) ez

(A7)

A.2 Robot Grid Navigation

For a grid of size L x L with M agent, we consider the probability of an agent to firstly
appear in one of the edge locations ((0,1),Vl € [0; L — 1]) to be 0.1. An agent receives a

penalty —1 when the number of agents crossing the same corridor is greater than the corridor
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capacity (= 2). When the total number of agents simultaneously crossing an edge is less
than its capacity, then each agent has a higher probability of moving to the next location
(=0.8); this probability decreases sharply if total agents crossing the edge are more than the
capacity. When an agent reaches the goal (L — 1, L — 1), it receives the reward 1 and reset
back uniformly to one of edge locations. The CDec-POMDP for Robot Grid Navigation is

defined as follows:

* The local state s}"* of an agent m is defined by its current location ¢ in a grid L x L.

* An agent m can select its action from either staying in the same location ¢ or taking
one of four directional movements (left, right, up, down). Therefore, the local action

space is A = {stay, left, right, up, down}.
¢ The sufficient statistics counts in each time ¢ include:

- nj(i) = Z%Zl I(si* = 1i),Vz € Z to be the number of agents in a location ¢.

- 02(i,5) = M I(sP* = i,a;(m) = j),Vi € S,j € A to be the number of

m=1
agents from 7 deciding to taking action j.
= 030, 5,1") = Yoo W(si = i,ai(m) = j, 875 (m) =1'),Vi,i" € S,j € A
to be the number of agents take from 4 taking action j and arriving 7’ in the next

time step.

* An agent m will have the observation about zone counts nj (i), Vi’ € Nb(i) U {i} of

the current zone ¢ and its neighboring zones Nb(7).

* We denote dest(i, j) to be the heading zone of an agent in location 7 taking movement

J- The transition function P (s}, |s{", af", n§*) is defined as follows:

0.8 if n%2(i,5) <2Ai# (L—1,L—1)
P(dest(i, j)|i, j, 0y (i, 7)) =
0.8 x if 0%(i,§) >2Ai# (L—1,L—1)

(A.8)

;% (i,5)

And the probability that agent fails to arrive its intended location and stay in the

current location is

P(ili, j,n*(i,§)) = 1 — P(dest(i, j)|i, j, 03" (i, 7)) if i # (L — 1, L = 1).
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When an agent reach the goal location 440 = (L — 1, L — 1), it is reset to one of

edge location by

P(l]i,§,n3(i,§)) = — ifi = (L —1,L — 1) AL € ((0,1),¥] € [0; L — 1))

|

¢ The reward function is defined as follows:

0 ifnP(i,j) <2Ai#(L—1,L—1)
(i J,mit (4, 5)) = § =1 if n8*(i,5) > 2Ai# (L—1,L—1) (A.9)

1 otherwise.

A.3 Synthetic Robot Patrolling Game

For a grid of size L x L with N agent, we consider the initial location of all agents to be at
the center of the grid (| L/2], | L/2]). Each time, there is exactly one target available. The
fixed location of each target is generated uniformly in the grid. When the target is reached
by at least 1 robot, the whole team receives a reward value to be 1, the old target disappears
and the new target is generated. Notice that the team would receive reward 1 even though
there is more than 1 robot that reaches the target, hence the reward is nondecomposable
among the agents.

Each agent can observe other agents and target in its current location and its adjacent loca-
tions. In each time step, the agent can choose to deterministically move to one of adjacent
locations or to stay in its current location. The state, action space and observation function
of synthetic patrolling game is similar to robot navigation domain. We define additional

components in CDec-POMDP model for robot patrolling game as follows:

* The global state d; € L x L is the location of the current target.
* The transition is deterministic P(dest(i, j)|i,j) = 1.

* When target is reached by at least one agent ) |, nj*(i, d;) > 0, the target’s location
dy+1 is uniformly reset to one of grid cell as P(dy1 = i'| >, n5*(i,dy) > 0) = 117

Otherwise, P(di41 = d¢| ), n3*(i,d¢) = 0) = 1.
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* The global reward function r(n{*,d;) = 1if ), nf(¢,d;) > 0 and r(nf®) = 0

otherwise.

A.4 Real World Police Patrolling

We consider a police division in an Asian city with 24 sectors and 16 police vehicles. When
an incident happens in a sector, a command center would assign the nearest police to the
incident. Incident features include urgency indicator, service time required, incident loca-
tion and incident time. After a police is assigned to an incident, the remaining police would
autonomously determine whether to stay in the current sector or re-allocate to a neighbor-
ing sector. We do not consider the reallocation at every time step but the reallocation only
happens when an incident happens. This re-allocating decision of police is given by the
neural network policy function 7. An action of police, either attending to an incident or re-
allocating to another sector, could take more than one time step. To model this, we extend
the local state s™ = 1, originally to be the current sector 7 of police agent, into s™ = (i, c)
including the time c for the police agent m returns the base sector 1 if it is still executing an
action. We consider the simplest case where the travel time between sectors is pre-computed

by a map service and used in the simulation as deterministic travel time.

The state counts are also extended into spatial-temporal dimensions accordingly. The
spatial-temporal state counts at time ¢ are (n(%,c));., in which each (n:(7,c)); is the
number of police agents completing their current actions and station in sector ¢ in c time
periods ahead from ¢. We consider the local observation of an agent to be the spatial-
temporal state counts of its current sector and neighboring sectors. An example of the
extended state count for a sector ¢ is given by Table [A.I. Based on this state count table,
there is no police current available to patrol in sector ¢, but there is a police arriving this
sector at the next time period and there is a police arriving this sector at the next 3 period.
Notice that this table only summarizes based on incidents happening by time ¢. It will be

changed when there is a new incident happening in time ¢’ > ¢ + 1.

We discretize the planning horizon into 5-minute periods and consider the response time

threshold for urgent incident to be 10 minutes (within 2 time periods) and for non-urgent to
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c 011234
n(i,c) [0 110[1]0

Table A.1: Example of temporal state count for a sector ¢

be 20 minutes (within 4 time periods). When the real response time exceeds the threshold,

the whole team receives a global reward —10, otherwise it is 0.

The CDec-POMDP model for police patrolling domain is defined as follows:

* The local state s = (I]"*, ¢[") of agent m is determined by its current base sector [}"
and c;" is the time it takes for agent m to be available at [;*. When m is not assigned

any incident, ¢* = 0.

* The global component d; = (df,d¥,d?) is the incident call appearing in time ¢,

which is defined by incident location df, urgency di* € {0;1} and engagement dura-

tion d& € N. If there is no new incident in time time ¢, d; = .

* A set of action A for police m to be moving to either one of neighbouring sectors
i’ € Nb(I}") from its current sector [} or staying in the current sector ;. An agent
only makes relocating action after it is back to its current base sector. When the agent
is busy in an incident, it can not make relocating action, hence we also include the

null action a}* = .
* The counts in police patrolling domain include:
- nf(i,c) =Y, I7"(I7* = i,¢}* = c) to be the number of police becoming free
in sector ¢ in ¢ time periods.
- nf?(i,c=0,7) = >, I"(I" =4,¢* = ¢ = 0,a;"” = j) to be the number of

free police deciding to re-allocate from sector ¢ to a new sector j.

* An agent m will have the observation about temporal-spatial counts n$(i’, ¢), Vi’ €
Nb(1{*) U {i7"} of the current zone [} and its neighboring zones Nb(l;"*). In addi-
tional, all agents are informed about whether there is a new incident d; # () appearing

at time .
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* We consider that an agent only makes decision on relocation when there is a new

incident happening, therefore the individual policy function is

mi(ag"|sy" = (i, ¢), 0(i, 03, di))

m(af* =4|s]* = i,0(i,nf,dy)) ifdi ZDNe=0
= (A.10)

I(ay = 0) otherwise.

in which 7(a}* = '|s]* = i,0(i,n,d;)) is a decision function (soft-max output of
an neural network) called only when there is new incident happening and the agent

is already at the base sector.

* The transition of an agent from time ¢ to ¢ + 1 depends on whether there is a new
incident appear in time ¢ + 1 (then an agent would be assigned to attend that inci-
dent). Denote §(7,i’) to be the travel time between 2 sectors ¢ and . To define the
transition function P (S?}H = (@, )|s" = (i, ¢), a?‘), we distinguish 2 cases (with

new incident and without new incident):

— When there is no new incident at time ¢ + 1:

- For busy policy agent with ¢[* > 0, it can not re-allocate, therefore, its transi-

tion is determined by

P(S?}H = <l?—1|—1 = lz‘nvcm-l = C;n_1>‘82n = <lgn,cgn>’a;n = @,dt+1 = 0) =1
(A.11)
- For free police agent with ¢]* = 0, after deciding to re-allocate to a new sector

7, its transition is determined by

P(Sﬁl = <lﬁ1 = j?cﬁl = 5(7’7]) - 1>‘S;n = <i70>7azn :j7 dt+1 = @) =1
(A.12)

— When there is a new incident dyy1 = (dj, |, dY,ds ) in time ¢ + 1, it
will be assigned to the nearest sector (di41,nf) = argming [6(i/,dj ) +
MDY | (1, (,¢) >0) ] » in which min |, (i ¢/)>0) is the earliest time there is a free

vehicle in sector i'. We denote (i, d;1 1) to be the total time for an agent in a
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sector ¢ to complete incident d;;; and come back to its base. The transition of
earliest available agents si" = (I]" = s(di+1,17), ¢ = ming|(n, 1 )>0)) in

the assigned sector s(dy+1,n}) is defined as:

+ If this agent is an busy agent ¢;* > 0, it could be assigned to the incident

dt+1 with probability ﬁ Therefore its transition is
t\"

P(sity = (I =17 " = 1+ 617 dr))|s7 = (I, ¢, ap, degr)

1
= ——— with [ = 3(dy11,1), " = i A.13
ni(l%’njc;n) w t %( t+1 nt) Ct C/|(nt{lr%rllg/)>0) ( )

and
P(siiy = (I =0 " = DIsi" = (", "), af" diy)

1
=1— ———— with]* = »(d 2),ct = i A.14
H? (l%’n’ an) Wi %( t+1’ nt), “ c’\(ntg,%yllg’)>0) ( )

in which (A.13) is the probability for this agent to be assigned to the inci-
dent and (A.14) is the probability for this agent to be not assigned to the

incident.

+ Similarly, the transition of a free agent ¢[* = 0 in assigned sector is de-

fined as

P({I%y = J.cfiy = 0(1",5) + 0(j, desr) — DI, o), af" = j, dira)

1
= ————— with []" = »(d 3),ct =0 A.15

P(s7py = (It = g,y = 005, 3) = DI, &), ap = 5)

1
=1— ———— with ] = »(dyy1,n3),¢/* =0 A.16
D R A (10

in which (A.15) is the probability for this agent to attend incident d;;
after arriving the new sector j and (A.16) is the probability that this agent

is not assigned to incident dy 1.

For other agents who are not the earliest available ones in the assigned sector,

their transition function is similar to the case of no new incident.

* The global reward function is determined by the waiting time &(s¢(dy, n}), d7) for
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incident d; to be attended as follows:

0 if 8(5(ds, n3), df) < QoS(dy)
re(ny*, dy) = (A.17)

—1  otherwise.

in which QoS(d}) = 10 if the incident is urgent (df' = 1) and QoS(d}’) = 20

otherwise.
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Appendix B

Neural network design

B.1 Hyper-parameters

To optimize the policy and value function network, we use Adam optimizer with the
learning rate chosen from {107° 10~%,1073} for the best performance of algorithms.
As observation of the count can have different magnitude in grid navigation and taxi
domain, we use layer normalization [7] for all the networks. To address the different
magnitude of rewards, i.e. the grid navigation having maximum reward 1 and taxi domain
having maximum reward 100, we normalize the advantage value of f(i,7,d;, nf) by
adaptively rescaling targets method as in [[130] before feeding them into the policy gradient
computation.

For actor-critic update, we consider the batch size to be 100 for synthetic robot navigation
and 48 for taxi navigation. For the police patrolling, we consider the batch to be whole

incidents in one day.

B.2 Network structure

In all of our neural networks, we use relu unit for all hidden layers and softmax unit for

output of policy and linear output for value function.
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Policy networks: are dense neural networks with the hidden size (18 x 18) for the taxi
domain and grid navigation. In patrolling domains, we consider the network of size

(32 x 32).

B.2.1 Factored value function for local rewards

In Chapter |5, we consider the factorization form of the critic in the form Q(nf®,d;) =

;5087 (4,7) f (4, 4,0, d¢) to optimize individual policy with a local reward. Because we
expect the value of each state to be different, we construct a neural network f (i, ®) for each
state i. We consider each neural network f(i,e) to have a similar structure to the policy
network, i.e. dense-net with hidden layers to be (18 x 18) or (32 x 32) depending on the
studied domain. Theoretically f(i, ) can take the input of the complete state counts nf,
however the complete state counts contain redundant information which causes noise in the
local value function estimation. Therefore, we consider the input of f(i, ®) to be the partial
observation (of relevant neighboring locations) similar as input of policy network. f(i,e)

outputs the values of all actions j € A available to take in state 4.

B.2.2 Value function for global rewards

The non-decomposable critic function is designed for MCAC, CCAC and AC algorithms in
Chapter [6] Motivated by recent advances in combining model-based RL and model-free RL
in value network [81,51]], we design global critic function to consist of different components
to predict both immediate reward and accumulative value. The network is also designed
based domain knowledge. In particular, in both grid patrolling and taxi domain, we use
a deterministic transition function f**"$(n$*) to estimate the next state count fij; by the
incoming flow to each location from its neighboring locations. Using 7, ; = f*"%(nj?),

we design the the critic network having the form

Qu(n, dp) = fir™ (55 1) + fu"e(05,1)
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In taxi domain: We refer to the taxi setting described in Section [A.I. The neural

predicted
taxi zone count

(18x18x81)

served demands

taxi
movement
count

A4
ﬁvalue (Z)

predicted ~ sa
passenger flow Qw (nt , dt)
demand
count

ftreward ( 7

Figure B.1: Neural Network Architecture for Taxi Problem

network architecture for critic function in taxi domain is demonstrated by Figure |B.1

Given the state, state-action count nj* and the demand counts at zone level d;, we firstly

compute the incoming state state fj(z) = ), nf*(%,z),Vz. Then we compute the

counts of served demands d;(z) = min{d,(z),5(2)},Vz. The predicted passenger flows

A7 (2, 7)) = dy(2) x wi™™s(z, 2') are obtained by the weight w!"*"* as output of a softmax
trans

function (to ensure ), w;"*"*(z,2’) = 1). The predicted next state counts are computed

as

541 (2) = 05(2) = Y di¥ (2, 2) + ) df (), Va.

Notice that d** provides estimated values for the transition count of taxis with passengers.
ny(z) — > . d#¥ (2, 2') provides estimated value for the transition count of taxis without

passenger.
Given the demand count d;, the immediate reward component in the critic is defined as

Fus (@) = Y [P min(y, (2), de(2) + w. minf0, 83,1 (2) — ade(2)}]

z

in which p, is learnable parameter corresponding to the average trip payment of zone z and

dy(7) is corresponding to the total demands in zone 7 at time ¢.

The value predictor is f204¢(ff, ) = (H —t) Y, foue(z,45,) with (H — t) to be
remaining time and each f2%“(z, 4} ) to be dense neural network with (18 x 18) hidden

units to estimate the average (over remaining periods) reward collected in zone z given the
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predicted state count 117 ;. Each fratue(y ¥ 1) is trained by rewards at zone z as follows:

win D1 OF (i)

_ Z < Z dt & deSt Tt(z,dest)‘i‘c] min(ng4; (2), de(2))

t'=t:H desteZ

+ w, min{0, 05 (2) — o - dy (z)}>||2 (B.1)

In police patrolling domain: The predicted state counts are deterministically computed as
(32x32)

agent
mov sa as
count

next
state count

ftvalue

Figure B.2: Neural Network Architecture for Patrolling Problem

by the incoming flows 117 (2) = >, nf*(¢/, 2), Vz.

We design fr¢@e7d and fUe“ to be dense neural networks with hidden size (32 x 32).
fralue s trained directly by the global empirical returns.

In synthetic robot patrolling domain: We encode location of target at time ¢ by
one-hot v;(7) and define the immediate value function component as freverd(if, ) =
>, min(ff, 1 (4),v(i)). The value predictor fi%“¢ is a neural network with (32 x 32)

hidden units. f2%%¢ is trained directly by the global empirical returns.
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