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Improving central value functions for cooperative multi-agent reinforcement
learning

by Siddarth SINGH (1156261)

Central value functions (CVFs) are methods which use a shared centralised critic
to decompose the global shared reward in the cooperative settings into individual
local rewards. CVFs are an effective method for value decomposition in multi-
agent reinforcement learning problems. However many state-of-the-art methods
are reliant on an easily defined ground truth state to perform credit assignment.
These methods perform poorly in certain environments with high numbers of re-
dundant agents. We propose a method called Relevance Decomposition Network
(RDN) that makes use of layerwise-relevance propagation (LRP) as an alternative
form of credit assignment that can better perform value decomposition with large
numbers of redundant agents when compared to existing methods like Qmix and
Value-Decomposition Network (VDN). Another limitation in the MARL space is that
it has generally favoured Q-learning based algorithms. This can be attributed to the
belief that due to the poor sample efficiency of on-policy learning they are ineffec-
tive in the large action and state spaces in the Multi-Agent setting. We make use of
a small set of improvements that can be generalised to most on-policy actor-critic
algorithms to accommodate a small amount of off-policy data to improve sample
efficiency and increase training stability. We implemented our improved agent vari-
ants and test them in a variety of environments including the Starcraft multi-agent
challenge (SMAC). Our proposed method was able able to greatly improve the per-
formance of a basic naive multi-agent advantage actor-critic algorithm with faster
convergence to high-performing policies and reduced variance in expected perfor-
mance at all stages of training.
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Chapter 1

Introduction

Consider the issue of optimising the overall travel times for multiple trains running
simultaneously in a railway network. In this scenario, we would only be able to
control the directions the trains can move using the switches on the track from a de-
centralised view based on the local observations of each train. In this problem we
need to consider the heterogeneity of the different cooperative agents in the setting
due to different models of trains in operation, scalability across thousands of ac-
tive agents and how to accurately distribute a global reward across multiple agents.
Currently, effective assessment to determine how optimal the schedule used in these
systems is very difficult as they are controlled using handmade heuristics. Creating
long-term planning schemes that must take into account the interactions of a large
number of agents in complicated settings is difficult to perform optimally manually.
Instead, MARL provides a potential avenue to automate these complex large-scale
multi-agent tasks. In 2019 this prompted the Aicrowd Flatland challenge to encour-
age investigation into multi-agent reinforcement learning for the solving of complex
railway simulations .

We consider a multi-agent setting where multiple potentially heterogeneous agents
must work together to complete a cooperative task. A cooperative task is a task
where all agents are awarded a shared reward upon completion and as such share a
common goal. The agents in the environment are only able to view a limited space
surrounding them (partial observability) and must rely on this local information to
determine how to optimally contribute to the task. In the Flatland challenge this
cooperative task is the minimization of the travel time for the last train to reach its
destination.

Approaches prior to value-decomposition network (VDN) (Sunehag et al., 2018)
attempt to learn a joint actions (Claus and Boutilier, 1998). One way to consider such
a problem is by treating the actions of multiple agents together as joint-actions. While
this is a successful approach in problems with small numbers of agents in a limited
action space, this training method suffers from the curse of dimensionality due to the
exponential scaling of the joint space in relation to the number of agents (Foerster,
2018).

A method to deal with the exponential growth of joint-actions is the use of value
function decomposition using centralised value functions (CVFs) (Sunehag et al.,
2018). A CVF is a critic network that learns to predict the joint reward in the en-
vironment at each timestep. After learning the joint reward the CVF is used to as-
sign credit to the local agents to learn based on the local rewards decomposed from
the joint reward. CVFs show a linear rather than exponential scaling of complexity
when compared to learning over joint action spaces. CVFs also allow us to define
a global reward and avoid using local shaped rewards. Local reward refer to the
individual rewards assigned to each agent at each timestep from the environment.

Thttps:/ /www.aicrowd.com/challenges/ flatland-challenge
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Often in single-agent RL to make learning the solution to the environment easier
small rewards are assigned when smaller tasks are completed during each timestep.
This is referred to as reward shaping (Sutton and Barto, 2018). Reward shaping can
improve the speed at which agents learn but also require the use of human priors
to assign and therefore can bias the policies learnt by agents during training (Grzes
and Kudenko, 2009).

Methods using a CVF typically make use of a ground truth state representation
as part of the critic input space ((Foerster et al., 2018; Rashid et al., 2018)). In complex
environments constructing an accurate ground truth representation is a non-trivial
task. An example of this is the Piano Movers problem (Schwartz and Sharir, 1983)
when applied to the robotics setting. We can think of the problem in simple terms as
having 2 robots being tasked to move a piano through a corridor where the corridor
contains a bend requiring them to manoeuvre in coordination to pass. In such a case
either we can determine come series of coordinates for the 2 robots to successfully
carry the piano through the corridor or determine that there are no viable paths. An
illustration of this is provided below in figure 1.1.

[

FIGURE 1.1: Diagram of the Piano Movers Problem. Showing viable
to traverse the corridoe in orange.

If we were to carry out this task in real life we would be limited by the quality of
the data obtained by the sensors and cameras on the robots. Typically these generate
data that is noisy or of limited accuracy. This data is the local observations of the
independent agents and is an egocentric local partial observation of the environment
from the perspective of each agent. A concatenation of these local observations is still
only a partial representation of the full state space as illustrated in figure 1.2 below.

(A) Fully observable (B) Concatenation of lo- (C) Local partially ob- (D) Local partially ob-
ground truth space of cal partially observable servable space of agent 1 servable space of agent 2
environment spaces only only

FIGURE 1.2: Example from left to right of a full observable space,
a concatenation of local partially observable spaces and individual
local partially observable agent spaces
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and using most CVFs this results in sub-optimal performance for most algo-
rithms (Samvelyan et al., 2019). Given the limitation of the observable space gen-
erated with information gathered from machines in real or realistic settings, it is not
reliable to assume that an easily interpreted state approximation can be made from
only these limited local observations. Often in these real-world applications, we are
reliant on human intuition to determine the number of agents to deploy to solve
the problem. Often this means more agents than required are assigned to the task
which in certain cases can be detrimental to performance. In the case of the piano
movers problem, these extra or redundant agents would reduce the navigable space
in the corridor increasing the difficulty of the task. Optimally they would move out
of the way of the essential agents and otherwise contribute nothing to the solving
of the task. Even in this case, the redundant agents are still detrimental to solving
the task. These redundant agents increase the size of the state space interpretation
as the ground truth must not account for the non-essential agents. These larger state
spaces are harder to interpret which makes learning the optimal policy more difficult
during training. Therefore it is important to develop algorithms that can effectively
separate agents that are essential to solving a task and agents that are redundant
to allow MARL algorithms to be deployed into more realistic and eventually real-
world challenges.

Within CVF algorithms there have been very few notable algorithms that make
use of on-policy Policy Gradient (PG) methods, the most notable being COMA (Fo-
erster et al., 2018) and IPPO/MAPPO (Yu et al., 2021). This is unfortunate as PG-
based methods have been shown to have useful properties not utilised by off-policy
Q-learning algorithms (Papoudakis et al., 2021). Most notably PG algorithms greatly
outperform their Q-learning counterparts on sparse environments due to their stochas-
tic policies allowing for a more effective exploration of the environment. When com-
pared to Q-learning methods in more reward dense environments where there are
multiple reward signals across a training episode PG algorithms were shown to have
surprisingly poor performance (Samvelyan et al., 2019). This performance gap was
attributed to the low sample efficiency of the PG methods which are not able to
make use off-policy data so can only be trained on new data gathered using the cur-
rent policy. Although more complex PG methods have been developed for MARL
settings such as LICA (Zhou et al., 2020) they require up to 10x as many samples
to achieve similar performance making them impractical to train until they reach
comparable performance to Q-learning based methods.

In this dissertation, we explore the use of layerwise relevance propagation (LRP)
(Montavon et al., 2019) as an alternative method to standard learned value decom-
position and introduce 2 small modifications to the standard naive centralised actor-
critic to have greatly improved sample efficiency. Standard learned value decom-
position methods like VDN and Qmix have been shown to become unstable during
training in environments with high numbers of redundant agents as they struggle
to accurately decompose the global reward in cases where few agents have a pro-
portionally high relevance to the success of the policy compared to others (Yang
et al., 2020b). Network explainability methods have been used with success in RL
to train agents with delayed rewards (Arjona-Medina et al., 2019). Rather than re-
distribute a delayed reward across time to produce a less sparse reward signal we
instead propose using network explainability to redistribute the joint reward in a
cooperative MARL setting across the independent agents in the environment. We
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propose using LRP to decompose the value function learnt by a joint critic to as-
sign credit to local agents based on the joint global reward in a method called Rel-
evance Decomposition Network (RDN). This method can more effectively accom-
modate the redundant agents in an environment to learn more stable policies than
both Qmix and VDN. For the centralised actor-critic rather than training from purely
on-policy data, we maintain a small replay buffer containing data from the pre-
vious 4 to 8 training epochs under the assumption that between training epochs
the overall policy changes are small enough that we can obtain greater sample effi-
ciency without instability typically associated with using off-policy data in a stan-
dard advantage actor-critic (Wang et al., 2016). To enforce update limitation be-
tween epochs we also introduce a KL divergence mask which measures the differ-
ence between a weighted average of all previous policies and the current policy. Any
timesteps in the mask exceeding the predefined KL divergence hyper-parameter are
not used during training. This method called Extended-Masked Centralised Actor-
Critic (EM-CAC) shows greatly improved sample efficiency and stability over the
standard centralised actor-critic and shows that if properly adapted to the MARL
setting the sample efficiency difficulties of PG algorithms can be minimised.

We evaluated our proposed methods on 2 domains the Starcraft multi-agent com-
petition and a 2 step matrix game. Our results show that Qmix and VDN do expe-
rience reductions in performance as the number of redundant agents is increased
and even in a simple matrix game VDN and Qmix are prone to converging on
sub-optimal strategies due to inaccurate decomposition of the global reward. Our
method RDN is largely unaffected by the redundant agents and can converge to a
perfect policy in the matrix game. The testing environments are the Starcraft multi-
agent competition and a 2 step matrix game. EM-CAC can consistently out perform
the CAC model and not only converge faster and more stably to better policies but
is also able to solve environments that naive CAC cannot.

1.1 Dissertation Outline

In chapter 2 we introduce some of the basic concepts of reinforcement learning (RL),
multi-agent reinforcement learning (MARL) and network explainability methods.

In chapter 3 we explain the research problem and provide the significance and
motivation behind our research, our research aims and objectives and our primary
research questions.

In chapter 4 we introduce our proposed algorithms and explain the methodol-
ogy to be used. This includes software used in the implementation, the data to be
collected, our selection of baseline algorithms and, our algorithms.

In chapter 5 we evaluate the results of our experimentation. This section is split
by our different algorithms with a breakdown of the results and an ablation study
of each method.

In chapter 6 we conclude out findings and summarise the results discovered over
the course of the experimentation process.

1.2 Contributions

The work presented in this dissertation is intended to generally improve CVF al-
gorithms for MARL in the cooperative setting. We have identified two gaps in the
current literature: The issues of current Q-learning based value factorisation meth-
ods in effectively assigning credit to train agents in scenarios with a high number
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of redundant agents and a lack of research into developing more sample efficient
PG algorithms, which are naturally able to solve these problems due to their more
effective exploration methods.

We resolve the first issue with the development of our own algorithm, which
we call Relevance Decomposition Network (RDN) (Singh and Rosman, 2021). RDN
uses Layerwise-Relevance Propagation (LRP) as a more effective method to perform
credit assignment in cases with high number of redundant agents.

The second issue is resolved by introducing two small modifications into the
naive centralised actor-critic to augment sample efficiency and stability during train-
ing called Extended-Masked Centralised Actor-Critic (EM-CAC). EM-CAC can solve
the challenging MMM?2 environment in SMAC which the naive centralised actor-
critic cannot.



Chapter 2

Background

In this chapter we provide the background information and formalisms for the rest
of the dissertation. We introduce Reinforcement Learning (RL) in section 2.1 which
describes the basics of RL including the Markov Decision Process (MDP), Partially
Observable Markov Decision Process (POMDP), tabular RL methods and introduces
the multi-agent setting. Section 2.2 covers Deep Reinforcement Learning (DRL)
methods which expand RL to higher dimensional spaces using artificial neural net-
works. Section 2.3 applies DRL to the multi-agent setting and covers independent
agents, value function decomposition and counterfactual baselines.

2.1 Reinforcement Learning (RL)

Reinforcement learning (RL) is a form of trial and error learning in which an agent
attempts to maximise a numerical reward based on actions performed in an envi-
ronment (Sutton and Barto, 2018). The agent is given some knowledge of its current
state and then using that information takes an action in response to the state s. A
state is an observation given to the agent by the environment, for example, in a video
game, this could take the form of the image of a map. A reward is then given based
on the success of the action. This continues in a loop until a terminal state is reached
and the episode ends. An episode refers to the completion of an action or reaching
some additional termination condition. This learning cycle is shown below in 2.1.

A
>

Agent
state reward i
action
o R,
Ut
i Ry
St1

FIGURE 2.1: Reinforcement learning cycle

A state s; is the input data representing the observations of the agent in the envi-
ronment. For a strategy game where agents need to be aware of the data of multiple
other agents, it could be represented as a vector containing the relative distance,
health and types of enemies in observation range.
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The reward is a signal received from the environment based on an action that
is taken in the current state. We give an agent positive rewards to encourage be-
haviours and negative rewards to discourage behaviours. For example, an agent
may receive +1 points for winning the game and -1 points for losing.

Actions are the how the agent interacts with the environment using some fixed
set of interactions. In a game like chess, an action would be selecting the piece to
move and the position on the board for it to be moved to.

When compared to supervised learning RL differs in that we typically do not
learn a model by training the agent from a predefined dataset. Instead we aim to
maximize the reward signal received by the agent. The reward r; associated with
each state s; is learnt by iterative interaction with the environment. By learning this
we can determine a policy 71(S) that maps states to actions to maximize the reward
signal. An important consideration around this is the issue of delayed reward. De-
layed reward refers to an action’s ability to affect not only the immediate reward but
rewards in future situations. Each action taken by the agent has a long-term effect
on the future cumulative rewards of the policy aside from the immediate short-term
gain.

2.1.1 Markov Decision Process (MDP)

RL problems are modelled as Markov decision processes (MDP). An MDP is a frame-
work used to model decision-making in scenarios where outcomes are partly stochas-
tic and partly under the control of a decision maker.

In an MDP we expect the state to have the Markov Property. This is the expecta-
tion that that state summarises and contains any information from prior states and
only the current state is required to predict future states. Thus in an MDP it can be
said that the future is independent of the past given the present. An example of this
would be a checkers game where the current board state summarised all informa-
tion required to determine the optimal action for the next turn as all prior actions
are summarised in the current position of all pieces on the board (Sutton and Barto,
2018).

The learner which performs decision-making in the environment is called the
agent. The environment compromises all things outside the agent which the learner
interacts with. The agent interacts over a series of timesteps with the environment
which responds to the agent’s actions at each timestep and generates new situations
based on the actions of the agent. Rewards are given by the environment to the
agent over time to determine the agent’s success towards accomplishing a task. A
task is one instance of a reinforcement learning problem (Sutton and Barto, 2018).
We focus on the discrete case of the MDP. In this case the agent and environment
interact sequentially in a linear series of discrete timesteps. At each timestep t, the
agent receives the representation of the environment’s state, s; € S, where S is the
set of possible states in the environment, and based on the information from the
state the agent selects an action, u; € U(s;), where U(s;) is the set of discrete actions
available in state s;. After the action is performed the agent receives a numerical
reward, 7;11 € R and transitions to a new state, ;1.

At each timestep, the agent performs a mapping from states to the probability of
selecting each possible action at that state. This mapping is called the agent’s policy
and is denoted by 71;, where 71;(u|s) is the probability of a specific action u being
selected at state s. RL methods specify how the agent’s policy is updated based on
the results of its experience. The goal of an agent is typically to maximize the total
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cumulative reward it receives from the environment over time (Sutton and Barto,
2018).

Formally the reward to be maximised for the agent is referred to as the expected
return (Sutton and Barto, 2018), G; where G; is some function accumulating the re-
wards over each timestep. In the simplest case, the return is just the sum of the
rewards over time G; = 141 + 14142 + 1143 + ... + r7 where T is the final timestep.
This approach to return calculation is useful in applications with a final timestep
where environment interaction has a finite end. This interaction from beginning to
a finite end is an episode. Each episode ends in a terminal state which is a special
end state that determines the end of interaction. After this terminal state the envi-
ronment is reset with the agent returning to the starting state or to a starting state
selected from some distribution of starting states.

Another important concept for the calculation of returns is discounting (Sutton
and Barto, 2018). For this approach to returns, the agent tries to select actions to
maximise the discounted rewards received in future are maximised. The discounted
returnis Gy = 141 + Y2 + Y113 + . = Yo 'ykrtJrkH where 7 is the discount rate
which is 0 < o < 1. The discount value of future rewards at the present timestep.
If v = 0 then the agent is only concerned with maximising immediate rewards and
learns to choose u; only to maximise r;,1. An agent maximising only immediate
rewards can maximise the discounted return by maximising each immediate reward
however, only maximising immediate rewards reduces the estimated value of earlier
rewards making it difficult to learn policies with long-term planning. As 7y becomes
closer to 1 the discounted return places more importance on future rewards and
allows the agent to learn more farsighted policies.

RL algorithms usually require estimating value functions (Sutton and Barto, 2018).
They are functions of state or state-actions pairs that estimate how good it is for the
agent to be in the given state or how good it is to perform a specific action in a given
state. "How good" a state or state-action pair is is defined by the expected future
returns that can be obtained. The reward an agent would obtain is dependent on
the action they will take. Following this, value functions are defined with respect to
their associated policies. We can therefore define the value of a state s under the pol-
icy 7t as v (s) where v, (s) is the expected return when starting in s and following 7t
for all steps after. Formally v(s) is defined as:

0 (s) = Ex{ri|si = s} = Ex{}_ ¥risxsals: = s} 2.1)
k=0
Where E;; denotes the expected value given that the agent follows policy 7, and
t is at any timestep. The value of the terminal state if one is present is always zero.
The function v, is called the state-value function for policy 7
Similarly, we define the value of taking action a in state s under a policy 7 as
gr(s,a), as the expected return starting from s, taking the action a, and following
policy 7 for all future steps:

q"(s,u) = Ex{Rs|st = s;uy = u} = En{z Vorieslse = s;up = ud (2.2)
k=0

The function g, is called the action-value function for policy 7t (Sutton and Barto,
2018).

In an MDP we consider an optimal policy to be one that maximizes the total
amount of rewards it obtains from the environment and that is redundant from
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maximising rewards, meaning that there is no state from which any other policy
can achieve a better sum of discounted rewards (Sutton and Barto, 2018). Every
MDP has at least one optimal policy and at least one that is stationary and determin-
istic (Sutton and Barto, 2018). Therefore for any MDP there is a policy 7t that maps :
S — U. The policy is referred to as being stationary as it does not change as a func-
tion of time and is deterministic since the same action is always chosen whenever
the agent is in state s for all s € S. There may be more than one optimal policy in an
MDP however, we denote all optimal policies by 77,. All optimal policies share the
same state-value function, called the optimal state-value function which is denoted by
v.. Optimal policies also share the same optimal action-value function denoted by g..

Partially Observable Markov Decision Process (POMDP)

In many real-world applications, the agent only has access to a partially observable
state space where not all state information is visible (Hausknecht and Stone, 2015).
These partially observable domains can be modelled as Partially Observable Markov
Decision Processes (POMDPs). The tuple for the POMDP is shown below (Kaelbling
et al., 1998):

POMDP = (S,U,r,p,Q,0,7) (2.3)

Where S is a discrete set of states, U is a discrete set of actions,and p: S x U — Ais
the transition function, where A is the set of probability distributions over the state
space S, r : S x U — R is the reward function of the agent, () is a set of obser-
vations from the environment, O is a probability distribution over observations for
each state and actions and 7 is the discount factor used to weight future rewards
where ¢ € [0,1). In the POMDP setting due to partial observability states can look
similar based on the incomplete view of the state (Cassandra, 1998). Therefore in the
POMDP setting, we must learn O to perform inference to determine which state the
agent is in based on interactions with the environment.

Temporal Difference (TD) Learning

Temporal-Difference (TD) (Sutton and Barto, 2018) learning is a method of rein-
forcement learning that is capable of learning directly from raw experience with-
out model dynamics (model-free)and is able to update estimates without using full
episode rollouts (Singh, 1995). Its simplest form, TD(0) is an update that is calculated
over only one timestep and is defined below:

V(St) <= V(st) + a[Rea + YV (s141) — V(st)] (24)

Where V is the expected value of the state s at timestep ¢ s; € S is the state at time,
7+ € R the rewards in time t and « € [0,1] and 7y € [0,1] are constant parameters.
The parameter « is the learning rate and determines the extent to which the new
experience is able to override the estimates made by the older policy. The second
parameter 7 is the discount factor discussed above.

Q-Learning
Q-Learning (Sutton and Barto, 2018) is a form of model-free reinforcement learning

meaning it does not require a model of the environment’s transition function in order
to learn. It iteratively learns the optimal Q-value function for the MDP. The update
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rule takes the form of an iterative Bellman update and is shown below:
Qs ue) <= (1= ar)Q(st, ue) + at[R(s141) + v max Q(se41, )] (2.5)

Where Q(sy, u;) is the state-action value at timestep ¢, a; is the learning rate, r(s)

is the reward signal from the current state s, v is a term used to weight the value
of future rewards and max, Q(s¢+1,u) is the expected value of the state-action pair
with the highest value in the next timestep t + 1.
The Q-learning update is done under the assumption of the agent choosing the ac-
tion with the highest expected Q-value at the evaluated state. This update does not
rely on the agent’s actual policy to determine the action chosen. Due to this, we can
perform this update independently of the actual policy of the agent. Algorithms ca-
pable of being updated in this manner are off-policy algorithms (Sutton and Barto,
2018).

2.1.2 Multi-Agent Settings

In this dissertation, we consider Reinforcement Learning (RL) in multi-agent (MA)
settings. Learning an MA policy for an RL agent introduces new complexities to
the problem of training an agent using RL to learn an optimal policy. Agents in this
MA environment must now interact not only with the environment but simultane-
ously with each other (Busoniu et al., 2008). This inter-agent interaction during the
learning process renders the Markov property (the future dynamics, transitions and
rewards depend only on the current state) invalid as the environment is no longer
stationary ((Matignon et al., 2012; Nowé et al., 2012; Tuyls & Weiss, 2012)).

Cooperative, Zero-sum and General-Sum Games

There are three types of multi-agent settings called games (Fudenberg and Tirole,
1991). Depending on the type of multi-agent problem that needs to be solved the
how the reward signal is produced and the difficulties of agent interaction change.

Cooperative refers to a setting in which multiple agents collaborate to receive a
joint cooperative reward, which is called a team-reward. The difficulty in this setting
is from multiple agents having to learn to effectively collaborate with respect to a
reward signal that is uniformly assigned across all agents.

Zero-sum is the opposite, where the rewards summed across all agents are 0
across all states. Essentially the reward won by one agent is lost by another. The
difficulty in this setting is due to stability issues arising from agents maximising
with respect to a constantly changing opponent policy which destabilises training.

Most complex settings require a mixture of cooperative and adversarial behaviours.
These are called general-sum settings. In this setting, the primary difficulty is due to
agents needing to decide when collaborative or adversarial behaviour is advanta-
geous.

Each setting provides a different challenge. An environment with partial ob-
servability under a cooperative setting allows us to learn and test communication
protocols. For a zero-sum setting, learning may be destabilised due to agents op-
timising against each other’s policies. In a general-sum setting agents will need to
learn when collaboration is required over adversarial behaviours (Foerster, 2018).

Dec-POMDPs
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Dec-POMDPs generalise POMDDPs to the multi-agent decentralised setting (Oliehoek,
2012). In this setting multiple agents act under uncertainty based on partial obser-
vations of the world. Agents execute actions under limited local state observations.
At each timestep agents perform actions in parallel with each agent obtaining a new
local observation along with a global reward in the case of cooperative settings. For
general-sum or zeros-sum settings, agents would receive a local reward based on
individual performance. Regardless of the type of game, execution is decentralised
as agent actions are based on local observations not on the global true state.

Formally, a Dec-POMDP can be defined by the tuple (A, S, U;, P,Q;,0,v,by >,
where A is a finite set of agents; S is a finite set of states with a designated initial
distribution by; U; is a finite set of actions for each agent i with U = x;U; the set of
join actions; P is the state transition probability function, P : S x U x S — [0, 1], that
specifies the probability of transitioning from state s € S to s’ € S when the joint
actions # € U are taken by the agents; R is a reward function: R : S x U — R,
the immediate reward for being in state s € S and taking the joint actions @ € A;
(); is a finite set of observations for each agent, i, with (3 = X;(); the set of joint
observations; O is an observation probability function: O : Q x U x S — [0,1],
the probability of seeing joint observations ¢ € Q) given joint actions #/ were taken
which results in the state s’ € S; and v is the discount function which weighs the
value of future and past rewards. To solve Dec-POMDPs we must find a joint policy.
This is a set of policies mapped to individual agents. Additionally, as agents are
not able to directly observe the global state it is a requirement to learn a history of
observations. Using this history an agent can map a local policy to its local POMDP.
Unlike single-agent systems, we cannot usually estimate the hidden state from indi-
vidual agent observation histories as it is no longer static and becomes dependent
on the behaviours of all agents in the joint system (Foerster, 2018).

Centralised Training, Decentralised execution (CTDE)

In fully observable settings it is possible to learn a centralised controller, 7 (/|s;),
that maps from states into a probability distribution over join actions, i (Foerster,
2018):

(i]s;) : U x S —[0,1] (2.6)

This approach has two primary drawbacks. The joint action space, U, is exponential
with the number of agents represented by the joint policy as the joint policy must
be able to represent all combinations of the individual actions spaces of all agents it
represents and, in many real-world settings, agents have to operate using only their
local observations 0* which makes a centralised controller impractical.

Due to these drawbacks, this dissertation will only focus on decentralised control.
In this setting each agent has a local policy, 7t%(u?|s;) which only maps from states
or local observations to the probability distribution over individual actions for each
agent. Rather than taking into consideration an exponential action space the agent
only needs to consider its own action space and in the case of partially observable
settings the agent policies can be conditioned on the local observations of each agent.

Although we learn a decentralised policy, we are still able to make use of infor-
mation that would not normally be available to the agent for centralised training as
long as it if not provided during execution time. This is the Centralised Training, De-
centralised execution (CTDE) paradigm (Lowe et al., 2017). Usually, when training
RL agents we make use of a simulator as the training environment. In these simu-
lated environment,s it is possible to access data that an agent is not able to utilise
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during execution purely for training (Samvelyan et al., 2019).

This can take the form of open communication channels or access to the ground
truth state space. This allows us to make use of additional information that may aid
in finding better policies during training time while reducing computational over-
head during execution time.

CTDE is an effective training paradigm for MARL environments. It has been
found to have good computational scaling with increasing numbers of agents (Sune-
hag et al., 2018). However, it faces issues in more complex cases. In certain cases
where complex agent interactions arise or with greater numbers of heterogeneous
agents it becomes more difficult to accurately assign credit for task completion. As
task complexity increases and agent roles become less obvious, more agent types
must interact with each other and, all the different interaction outcomes between
them need to be accounted for in order to solve the environment. Heterogeneity
refers to the number of different types of agents that must interact with each other
in the environment.

2.2 Deep Reinforcement Learning (DRL)

Standard RL techniques for Q-learning use tables to store the value of all state-action
pairs. This is not suitable for large state spaces as they must be either projected into a
simpler state space creating inaccurate predictions or require unreasonable amounts
of memory for practical applications. We instead make use of artificial neural net-
works (ANNSs) as function approximators which replace the look-up table. The use
of ANNSs allows RL to be expanded to more complex domains that require process-
ing high-dimensional data for state observations. RL has been expanded into spaces
which use the pixel information data displayed on monitors. Convolutional Neural
Networks (CNNs) can be used to perform feature extraction in image data to learn a
more compressed representation of the data (Albawi et al., 2017). This compressed
representation of the state space can be used to train agents for DRL to learn games
from only pixel images more akin to how humans interpret data from video games
(Mnih et al., 2013a). In environments where the agent does not have full visibility of
the state space, it must use the history of its observations to infer the missing infor-
mation. In practice, to maintain a representation of the agent’s observation history
through all timesteps recurrent neural networks are used to maintain an approxima-
tion of the hidden information at each timestep (Hausknecht and Stone, 2015).

Reinforcement learning presents its own challenges in the context of deep learn-
ing. In the standard supervised training methods used in tasks like computer vision
a large amount of hand labelled training data is typically used. RL algorithms must
instead learn from a reward signal that is often noisy or delayed. The delay between
actions and resulting rewards can be thousands of timesteps making the association
between the input and target values difficult to calculate. Additionally in RL the
data being used to train the agent is both drawn from the environment and evalu-
ated based on the agent policy. As the agent learns, the policy changes, which also
changes the distribution the training data is drawn from. This is problematic for
standard supervised learning which assumes the distribution of the training data is
static (Mnih et al., 2013b).

Deep Q-Learning
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A deep Q network (DQN) (Mnih et al., 2015) expands Q-learning into higher
dimensional spaces using ANNSs. It is notable as one of the first methods to use
Deep Reinforcement Learning (DRL) effectively in the Atari Learning Environment
(ALE) suite (Bellemare et al., 2013). The ALE suite is a testing suite that contains an
assortment of different Atari games with an interface making them able to be played
by RL agents and has been commonly used to benchmark DRL agents in different
types of tasks.

For Deep Q-learning we use the same idea of an iterative Bellman update de-
scribed in section 2.2.1 however, we instead make use of a non-linear function ap-
proximator in the form of an ANN to learn an approximate Q-value function Q(s, 1;0) ~
Q*(s, u) where 0 are the parameters of the NN (Bellemare et al., 2013). A diagram of
the data flow of a standard DQN is shown in figure 2.2.

The Q-learning network can be trained by optimising a sequence of parameters
8; using loss function L; that updates the neural network(s) at each iteration i:

Li(6;) = E[(y; — Q(s, u;6;))?] (2.7)

Where y; = Egglr + ymax,yQ(s',u’;0;_1)|s, u] is the target for iteration i and
uses as the expected value for the given state and p(s, ) is a probability distribution
over states s and action a. The parameters from the previous iteration 6;_; are held
fixed when optimising the loss function L;(6;). The targets depend on the weights
of the NN and are not static in contrast to the fixed targets used in supervised learn-
ing. By differentiating the loss function with respect to the weights of the NN the
gradient is shown as :

VoiLi(0:) = Equp()sme [ (r + ymaxy Q(s', u';0; 1) — Q(s,u;0;)) Vi Q(s, u; 6;)] (2.8)

We then optimise this loss function using stochastic gradient descent. If the
weights are updated after each timestep rather than updates in a batch, and the
expectations are replaced by single samples from the behaviour distribution and
the simulation environment & respectively then we have the standard Q-learning
algorithm.

The standard DQN algorithm is model-free. The RL task is solved directly using
samples from environment £ without constructing an internal model of £.

The DQN outputs a vector of Q-values for each action possible and the agent
then performs the one with the highest estimated reward. Typically one-hot encod-
ing is used to map each action possible for the agent to an encoding.

Experience Replay (ER)

An important component of the original DQN is the use of an experience replay
buffer which is used to store data from the agent’s interactions with the environment
(Mnih et al., 2015). Typically this data is a tuple containing the state s; observed
by the agent, the action a; the agent chose when visiting that state, the reward r;
received as a result of the action chosen and the previous state the agent transitioned
from s;_;. These tuples are stored in a replay buffer when the agent is interacting
with the environment. After each episode of interaction with the environment the
agent enters a training phase. During training, these replay tuples are sampled using
uniform random sampling to be used as training data to update the DQN.

If the DQN was trained on consecutive data from the environment then train-
ing would be inefficient as the batches of data would be strongly correlated. By
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randomly sampling we can remove the correlation between samples and reduce
the variance of updates. Additionally, by using data from many different training
episodes we can prevent training from being dominated by samples generated from
newly learnt behaviours. For example, if the maximising action is to go left then
training samples would become dominated by trajectories supporting this action.
This can create feedback loops where an agent is unable to escape local minima. In
practice, we implement ER by storing the last n episodes and uniformly sampling d
data points per update step. The basic version of ER is limited as it gives uniform
importance to all data points and more complex sampling schemes can be used such
as Prioritised Experience Replay (PER) (Schaul et al., 2015) which weights the sam-
pling scheme to prioritize selecting samples that the agent has had high TD error
during its predictions.

Fixed-Q Targets

During training, both the target and evaluation data are generated by the same NN.
This means that the parameters being used to determine the optimally of the policy
are the same parameters that generated the data that is being evaluated. This creates
instability in training as the target values used are non-stationary which created high
variance. Essentially when compared to tabular methods it could be like trying to
learn Q-values if all values on the Q table changed each time a small update was
done. Instead, we can use a target network that is a clone of the main policy network.

The Q target y; is calculated by an ANN which is parameterised by weights w’
which are a set of frozen weights copied from the weights of the DON every i train-
ing iterations. The DQN using the frozen weights is called the target network and is
illustrated in figure 2.2. Taking into account this fixed-Q target the update functions
becomes:

VO = a[(R(s) + ymax,Q(s',u,07)) — Q(s,u,0)]VoeQ(s, 1,0) (2.9)

Where Vw is the change in weights of the neural network, (R + ¢y max, Q (s, u,67))
is the maximum possible Q-value for the next state, Q (s,u,0) is the current predicted
Q-value and V4Q(s, u, 6) is the gradient of the current predicted Q-value. Per spec-
ified number of steps the target network is updated. This prevents the Q-targets
from fluctuating as the DQN trains and improves stability. There are multiple other
enhancements that have been made to the basic DQN architecture to improve ex-
ploration and better estimate Q-values (Hessel et al., 2017) however, these improve-
ments bring additional sets of hyperparameters to tune and are not universally used
as they do not improve performance on all environments (Hessel et al., 2017).

Deep Recurrent Q-Networks (DRQN)

Standard DQNs assume full observability. Essentially it is assumed that the agent
receives a state s; as input where there is no hidden information (Watkins, 1989). In
partially observable environments we consider the full ground truth state s; to be
hidden and the agent instead receives only observation z; according to the obser-
vation function O(s, u) where the observation is correlated with the global state but
is not a complete representation of it (Kaelbling et al., 1998). To accommodate this
instead of calculating Q(s, u) where the Q function is based on the individual state
s¢ we instead approximate Q(7, 1) where 7 is the history of local observations learnt



Chapter 2. Background 15

using a recurrent neural network which is able to maintain an internal state to rep-
resent an aggregation of observations over time (Hausknecht and Stone, 2015). The
hidden states of the RNN are represented as an additional input to the DQN, h;_1
which is used t predict the hidden state /; for the observations at each timestep.

Q Network loss function <
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FIGURE 2.2: Basic DQN Diagram

Policy Gradients (PG)

With Q-learning we are required to learn a Q-value function that records the
values of each action at each state the agent interacts with. Essentially rather than
directly learning a policy we instead learn an optimal policy by learning to select
the highest value action at each state. Instead, we can use Policy Gradient (PG)
methods which directly learn to optimize for an agent’s policy 7r* (Williams, 1992).
The PG method is to instead model a policy parameterised by 6, 7tg(|s). The value
of the reward function of the environment is then dependent on this policy and by
optimising 6 we can determine the optimal policy for the given MDP. The objective
function for PG algorithms is defined as:

J(0) =) d™(s)V7(s) = }_d"(s) }_ mo(uls)Q"(s,a) (2.10)

seS seS uel

Where d”(s) is the stationary distribution of the Markov chain for 7y (on-policy
state distribution under 7). PG methods are more useful in continuous spaces as
they do not need to calculate the value of each possible action at each state which
can become too computationally expensive in large state-action spaces. Gradient
ascent is used to move the parameter 6 in the direction of gradient V] () to find the
value for 6 to produce the highest possible return.

Computing the gradient V] () is difficult as it depends on both the action selec-
tion policy 71y and the stationary distribution of states following the action selection
behaviour. In most cases for RL problems the transition properties of the environ-
ment are unknown and estimating the effect on the state distribution by a policy
update is difficult. We can use the policy gradient theorem (Sutton and Barto, 2018)
to reformulate the derivative of the objective function to not include the derivative
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of the state distribution 47 (s) which allows us to simplify the gradient computation
of V] (0) to:
Vo] (0) = Zd”(s) Z Q™ (s,u)Vorg(u|s) (2.11)
ses uel
The vanilla policy gradient update has no bias but high variance as the magni-
tude of each update or the extent to which the parameter 6 changes during each
update is based on the expected reward of only one state-action pair:

VoJ(8) = Ex[Q" (s, 1) Volnr(uls)] (2.12)

PG algorithms can take many forms aside from the vanilla PG algorithm and the
gradient calculation can be written in the general form ¢ = E[} ;- (|'¥:Vologrg (u¢|st)
where ¥ is the function representing the calculation of the size of the gradient up-
dates and g is the gradient of the PG algorithm (Schulman et al., 2018).

The simplest formation of ¥; takes the form of } ;2 r;. We do this by perform-
ing gradient ascent on an estimate of the total discounted reward against chosen
actions. The simplest form of this is the REINFORCE (Monte-Carlo policy gradient)
(Williams, 1992) algorithm which has the update function below :

Vg](@) = En—[GtVQITlTCQ(a’S)] (213)

where R; is the total discounted rewards over an episode and 7y is the policy
of the agent. REINFORCE uses the full trajectory over the episode to calculate the
gradient and requires completed episodes to learn a policy. A commonly used vari-
ant of REINFORCE subtracts a baseline value from R; to reduce the variance of the
gradient estimation without affecting bias.

Another method to reduce the variance of the gradient is the use of a learnt base-
line. This method is called an Actor-Critic (AC) (Sutton et al., 1999) which is illus-
trated in full in figure 2.3. An Actor-Critic has two models which can share parame-
ters but can also be separate: A critic illustrated in green in figure 2.3 which learns a
state-value function V(s) or action-value function Q(a|s) and an actor illustrated in
red in figure 2.3 which updates the policy parameters 6 for the policy 7g(a|s) in the
direction of the gradient suggested by the critic.

The most common on-policy actor-critic method is the advantage actor-critic
(A2C) which makes use of a learnt advantage function A(s, u) = Q™ (s, ut) — V7™ (sy).
Commonly in place of Q™ (s, u;) we instead use 1 + V7 (s;11) — V7 (s;) where V7 (s441)
is the expected value of the next state and is calculated using a target network which
has its weights frozen and is updated to match the evaluation network after a fixed
number of training iterations. As this form of value function approximation allows
us to bootstrap future values AC methods are able to train using partial back-ups
where an episode has not progressed until the terminal state and do not need full
Monte-Carlo updates like REINFORCE (Schulman et al., 2015). This gives the up-
date function:

T-1
Vol (0) = Y Velogr,A(st, ) (2.14)
i=0

where A = G — V with G being the total discounted rewards from a rollout or
a TD error, V being the expected value of the current state and T is the number of
timesteps of the rollout.
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FIGURE 2.3: Basic Actor-Critic Diagram

2.3 Deep learning for MARL

In a MA environment, the large parameter space and representational captivity of
ANN:Ss is very useful. Primarily in purely cooperative settings agents can used a
single shared parameterised policy to represent all cooperative agents. The single
policy is trained to represent the policy of all individual agents provided that have
the same observation and action space.This greatly improves training times when
compared with multiple separate models (Singh et al., 2018). ANNSs also learn infor-
mation through back-propagation which allows easy computation of gradients. This
has been even shown to be able to learn complex communication protocols (Singh
etal., 2018).

Independent Actor-Critic and Q-Learning

Independent Q-learning (IQL) is an extension of Q-learning to a multi-agent set-
ting (Tampuu et al., 2015). In these setting each agent a learns an independent Q-
function, Q. Q" is only conditioned on the action u® of agent a rather than on the
joint action of the group of coordinating agents u. This can be addressed practically
by treating each agent as a separate DQN. Each agent independently and simulta-
neously learns its own DQN Q“(s, u®; 67). This can lead to convergence issues as the
learning of each agent makes the environment appear non-stationary from the ego-
centric perspectives of each other agent. An additional issue is the non-stationary
environment violates one of the assumptions used for the Experience Replay (ER)
buffer used in standard deep Q-learning. Due to the changing environment dynam-
ics as the agents learn the data in the ER buffer does not accurately reflect the prop-
erties of the agents over time and its utility for training rapidly deteriorates (Foerster
etal., 2017).

In independent actor-critic (IAC) each agent estimates the advantage using their
own local observation history which is also used as the state space input for the pol-
icy. It is commonplace for the policy and critic networks to share parameters which
has been found to improve training speed. During training, agents learn to treat the
other agents in the environment and their policies as static parts of the environment
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effectively learning them as noise. It has been noted that when IAC is applied in MA
domains it exhibits high variance during training and performs poorly (Lowe et al.,
2017). This occurs as all the rewards of all the agents in the environment depend on
every other agent they must interact with, and as the number of agents increases,
the likelihood of taking the correct gradient direction for each update decreases ex-
ponentially (Lowe et al., 2017).

In both IAC and IQL agents learn to only maximise their own returns and do
not model other agents as active actors within the environment to develop policy
models. These methods are referred to as naive learning (NL) methods and are illus-
trated in figure 2.4. Naive learning methods have poor convergence guarantees and
are generally unstable as they can converge to any of the existing Nash Equilibria in
the environment and often struggle to converge to stable high-quality policies. This
is due to each agent’s value function being dependent on both the joint policy and
joint action of all agents in the environment and as such, each agent’s optimal policy
is also dependent on the policy of all other agents. Therefore as agents learn new
individual policies the optimal policies for each other agent also change ((Littman,
2001; Littman, 1994)). They still are commonly used as benchmarks for more novel
methods as they are still able to perform reasonably in many environments (Foerster,
2018).

Actor(1) Actor(n)

n (2
ut Ot ut Ot

FIGURE 2.4: Relationship between independent agents

Value Function Decomposition

Another approach to purely independent training of MARL agents is the use of
value factorisation. In the purely cooperative domain, we use a single global reward
to represent the success of the entire group of cooperative agents. This makes it diffi-
cult for agents to determine their individual contributions to the success of the joint
policy (Rashid et al., 2018). We can use value factorisation methods to decompose
the global reward into local rewards associated with each individual agent which
allows them to assess their contributions more effectively. We illustrate the relation-
ship for this paradigm in figure 2.5. The structure is similar to the independent agent
layout, however, a decomposition layer is given the Q value of each agent at each
timestep and then this decomposition layer is used to determine the relationships
between the local and global rewards. In the context of the piano movers’ problem
in the introduction, a global reward would be the reward given to the agents collec-
tively upon reaching the end of the corridor however, it is reasonable to assume both
agents would not have used the exact same trajectories to reach the end. We would
decompose the global reward at the end of the task into a local reward so that each
agent can evaluate its own actions concerning its own contributions at each step.
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Value decomposition network (VDN) (Sunehag et al., 2018) introduces one of
the first central value decomposition framework for multi-agent cooperative settings
where a centralised decomposition function is used to relate the global to local re-
wards. In this framework, we only receive the global reward and then learn how
to distribute the reward across all agents that participated in the task based on their
individual contributions.It makes use of an additive assumption to relate individual
local rewards to a singular global reward. When this is used it assumes that the
relationship between local and global rewards and linearly additive :

Qtot & Z Qi(oi, Mi) (2.15)
i=1

where Qo is the global reward at the current step and Q; is the individual re-
wards for each of n agents. Essentially the sum of the rewards of each individual
agent is approximately the same as the global reward at any timestep. In most cases,
the relationship between global and local rewards is not exactly linearly additive but
the additive assumption is still accurate enough to ensure effective training. Addition-
ally this assumes that each agent is always acting greedily with respect to its local
Q-value and is therefore not applicable to algorithms that make use of stochastic
policies.

Decomposition Layer
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FIGURE 2.5: Relationship between value factorisation agents

This method is improved upon with Qmix (Rashid et al., 2018) which relaxes the
additive assumption by forcing the evaluation of a monotonic function through the
use of hypernetworks which are functionally neural networks that are used to learn
the weights of another neural network instead of directly training them (Ha et al.,
2016). This monotonic constraint allows a more relaxed formation of the relationship
between Qy; and each individual Q,. To ensure monotonicity we use the constraint
below:

aQtot

9Qu

>0,Vae A (2.16)
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Where 0Q;,: the gradient of the global reward and 90Q, the gradient of each
individual agent’s rewards are both monotonic (always increasing or always de-
creasing). The weights of the decomposition network are produced using hyper-
networks which produce a vector which is then reshaped to the appropriate size.
Hyper-networks are ANNs that are used to learn the weights of another neural net-
work. Each hyper-network uses absolute activation functions so that the weights of
the decomposition network are always non-negative. The full diagram for Qmix is
illustrated in figure 2.6.

Qtot (Ia u) Qtot (Ta 'U;) Qa (Tﬂ? Iu’?)
! Qu(r,)
t t "y
—st G (Tlauzl) Qn(7", uy)
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Qi (', u}) Qn(‘?ﬂau?) (Oztlau}_l) (o?,u?,l) (Otasu?q)

FIGURE 2.6: Full diagram of Qmix with mixing network diagram in

the left and agent networks on the right. Hypernetworkers are in red

and produce the weights and biases for the mixing network layers
shown in blue. (Rashid et al., 2018)

This architecture displays greater performance than the purely additive method
used in VDN for most cases, especially in cases with heterogeneous agents. With
Qmix we can describe the relationship between Q;,; and all individual Q, by saying
that the joint-action set with the maximum value is the same as the group of all local
actions with the maximum value:

argmax,; Qq(tt, ul)
argmax Qyo (T, u) = . (2.17)
argmax,,, Q, (7", u")

Where T is the joint action observation history and u is a joint action. With this for-
mulation we only need that the global argmax on Q. yields the same results as a
set of individual argmax operations performed on the Q-values of each individual
agent. This means that rather than requiring learning to fully decompose the direct
contribution of each agent to the global reward we only need to learn the local best
action to satisfy the optimal joint action space.

Q-value path decomposition

Both VDN and Qmix use an end-to-end training method that relies on back-
propagation from the decomposition later towards the networks of the independent
agents to perform multi-agent credit assignment. In other fields most notably com-
puter vision (CV) there are already methods used to relate the value of individual
inputs towards their relevance to the output of the ANN (Gilpin et al., 2019). They
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have been used with success in the single-agent RL case to solve "delayed MDPs"
where the reward signals are rewarded very sparsely through the environment by
learning to predict the final reward in the episode and redistribute the reward across
each timestep to improve learning (Arjona-Medina et al., 2019). Recently this has
been applied to MARL in a method called Q-value path decomposition (QPD) which
makes use of an explainability method call Integrated Gradients (IGs) (Yang et al.,
2020a). A more thorough explanation for IGs can be found in Appendix A.

Unlike Qmix which uses the global state s for central value decomposition QPD
instead uses 0; which is the joint observation vector of all agents as a representation
of the global state and /; = u as a vector representing the joint action of all agents.
We apply this to central value functions (CVFs) by defining Qs as the sum of all
path integrals (Yang et al., 2020a):

n
Qo (0 =) Pathl ntegmtedGmds;‘T (01, Uy) (2.18)
i=1x;€X;

Where 7/ is the trajectory path from time ¢ to T and X; is the set of agent i’s obser-
vation features and action dimensions.

FIGURE 2.7: Example MARL trajectory path

By decomposing Qy,+ following the real trajectory path, we get each agent’s indi-
vidual contribution to Qy,; based on its own local observation and action, which is
then used to perform credit assignment.

Counterfactual Multi-Agent Policy Gradients (COMA)

The methods described above assume an agent acts greedily with respect to their
own local Q-values and are applied to deterministic Q-learning based algorithms.
For policy gradient (PG) algorithms Counterfactual Multi-Agent Policy Gradients
(COMA) (Foerster et al., 2018) is the first method in MARL to develop multi-agent
credit assignment for the case of a stochastic policy.

COMA (Foerster et al., 2018) illustrated in figure 2.8 uses a centralised critic that
is used to learn a function Q(s,u) which estimates Q-values for joint action u con-
ditioned on central state s which is a representation of the ground truth state of the
entire training environment not just the egocentric representation visible by inde-
pendent the agents. An advantage function is learnt which marginalises out the
current action u” while keeping the actions of the other agents” actions 1~ fixed :

A"(s,u) = - n (1T Q(s, (u™ u'*)) (2.19)
uh
Where A%(s,u) is the counterfactual baseline for agent a2 and Q(s, u) is the esti-
mate Q-value for the joint action u conditioned on central state s. u~* are the actions
of all agents aside from a and u“ is the action of agent a. Essentially we compute the
expected reward under state s given action u? compared to the sum of all expected
rewards given all other actions 1.
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FIGURE 2.8: Relationship between COMA agents

2.4 Conclusion

This chapter provided the formalisms for the rest of the thesis. It describes the basic
models to be used in this research and, testing environments which the agents willl
be trained in.

Reinforcement Learning (RL) is a form of trial and error learning in which an
agent attempts to maximise a numerical reward based on actions performed in an
environment. It differs from supervised learning in that we aim to maximise a re-
ward signal rather than train a model using a predefined dataset. RL algorithms
are modelled as Markov Decision Process (MDP). Various algorithms are then used
to penalise or reinforce decisions made by the agent. In cases where an agent only
has partial observability of the environment, we instead model the environment as
a Partially Observable Markov Decision Process (POMDP) and we attempt to learn the
underlying distribution of a hidden state in order to solve it.

POMDPs are generalised into the multi-agent setting in the form of decentralised
POMDPs (Dec-POMDPs) where multiple agents act under uncertainty based on
partial observations. Dec-POMDPs require us to solve a joint policy. We can also
no longer estimate the hidden state effectively as individual agent observations are
now dependent on the behaviours of other agents. This setting also provides unique
challenges depending on the reward signal for cooperative, zero-sum and general
sum games. A game theoretical approach to determining optimal policy is the use
of Nash Equilibria but as there are usually multiple Nash Equilibria for the same
environment this method suffers from multiple local minima. MARL settings are
usually too complex in terms of state space to be computationally tractable for game
theoretical methods.

The tabular methods used in standard RL are impractical in large state spaces
and therefore we make use of function approximators as a replacement. This has
found great success in the form of Deep Q-learning and Policy Gradient methods
which have expanded RL into continuous and high-dimensional spaces. Recently
the use of regret minimization has also been expanded on with the use of neural
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networks (NNs) and has shown remarkable robustness to partial observability com-
pared to previous methods.

When deep learning is applied to the MA setting naive methods have been found
to have limited success. In the case of cooperative games, it has been found that
decomposing the global reward by calculating agent blame is effective. To do this
we use a centralised value function to perform decomposition under an additive
assumption (Sunehag et al., 2018). This additive assumption was later relaxed using
Qmix (Rashid et al., 2018) which greatly improved performance in heterogeneous
environments.
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Chapter 3

Research Problem

multi-agent systems where agents work towards a common goal can be modelled
as cooperative games where a single global reward is assigned to all agents. When
using standard RL methods with independent learners we face the issue of credit
assignment as determining the contribution of each agent towards the completion of
the task is difficult (Busoniu et al., 2008). This is unfortunate as many practical tasks
like coordination of railway networks and traffic lights for optimal transportation
times can be modelled in this way.

3.1 Significance and Motivation

Central value functions (CVFs) can be used to decompose global rewards to assign
contributions to individual agents under the assumption that agents can be hetero-
geneous and no communication is allowed at runtime to reduce processing over-
head.

They have been found to greatly improve over purely independent reinforce-
ment learning methods by exhibiting greater scaling towards large numbers of agents
and in the solving of more complex environments as observed in the Starcraft multi-
agent Competition (SMAC) (Samvelyan et al., 2019). Both value decomposition net-
work (VDN) and Qmix can be seen to under-perform in the SMAC environment bane
_no _z with a large number of redundant agents (Yang et al., 2020b) when compared
to the other SMAC settings. In the Qatten paper (Yang et al., 2020b) the idea is put
forward that this is because in both the linear and monotonic case it is difficult to as-
sign rewards to agents where the weighting between the agents is so heavily biased
towards a small number of the total set. They come to this conclusion by analysing
the attention weights of their attention-based critic network which showed in order
to solve this environment a high reward needed to be assigned to a small subset of
the agents which are the most relevant to the success of the joint policy.

Additionally, all algorithms mentioned above require access to a global state in
order to determine the value of the local observations of each agent. In complex
environments a global state is not necessarily informative as the relevance of local
observations cannot be easily related to the global view and in high-dimensional
spaces, it becomes difficult to define (Yang et al., 2020a). An example of a com-
plex setting with these issues is the RoboCup environment (Dizet et al., 2021) which
relies on using simulated digital sensory data which emulates data recorded by a
low-resolution video recorder. This recorded data is the local observations of the in-
dependent agents and represents their local partial observation of the environment.
A concatenation of these local observations is still only a partial representation of
the full state space and in the centralised training decentralised execution (CTDE)
paradigm results in sub-optimal performance for most algorithms. Given the limita-
tion of the observable space with real or realistic settings, it is not reliable to assume
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that a reasonable state approximation can be made from only these limited local
observations.

In this redundant case Policy Gradient (PG) algorithms are naturally able to more
effectively solve these settings due to making use of stochastic policies which allow
the agents more effective exploration ((Yu et al., 2021; Papoudakis et al., 2020)). De-
spite this utility, however, MARL research making use of PG-based algorithms has
been significantly less than their Q-learning based counterparts. It was believed that
the lower sample efficiency of PG algorithms is the reason for observing drastically
lower results across most benchmarks compared to Q-learning methods ((Foerster
etal., 2018; Samvelyan et al., 2019)). Even newer PG methods like LICA (Zhou et al.,
2020) are not directly comparable to Q-learning methods as they require over 10x as
many training samples to achieve comparable performance.

As PG methods are only able to use on-policy data which has been gathered from
the current joint policy of the agents they inherently have lower sample efficiency
than off-policy algorithms like Q-learning. In more difficult environments collecting
large numbers of samples is computationally expensive and requires a large amount
of parallel workers collecting data. Achieving this amount of data collection effec-
tively requires the use of large-scale distributed training methods like IMPALA (Es-
peholt et al., 2018a) which require large amounts of compute to effectively leverage.
However, the ability of Q-learning methods to make use of off-policy data is not as
useful as it is in the single-agent setting. It has been noted that the massive replay
buffers used in the single-agent case are not transferable to MARL (Hu et al., 2021)
due to the rapid rate of relevancy decay of old data samples during training (Foer-
ster et al., 2017). In some settings, it has been advantageous to remove the replay
buffer entirely (Foerster et al., 2016) meaning that the sample efficiency advantage
of Q-learning methods is not effective in the multi-agent setting.

3.2 Research Aims and Objectives

There is a need to create models that can more accurately determine the value of local
state-action pairs in multi-agent systems without the need for a global state repre-
sentation that can accommodate for redundancies in real-world settings. This re-
search aims to improve CVFs to better deal with large numbers of redundant agents
by using layerwise relevance propagation (LRP) (Montavon et al., 2019) as an al-
ternate method to perform value function decomposition in order to remove the
requirement of a central global state. There are also environments where Q-value
based factorisation methods prove inadequate like highly sparse reward environ-
ments (Papoudakis et al., 2020) while policy gradient (PG) algorithms are able to
easily solve them. We aim to produce methods to increase the sample efficiency of
naive policy gradient algorithms that can be applied to centralised advantage actor-
critic (A2C) algorithms with minimal additional implementation complexity over
the naive method.

The above aims of this research project will be achieved through the following
objectives:

¢ Create a set of environments of varying levels of redundancy in the SMAC
simulator.

* Incorporate LRP into the central critic used to perform value function decom-
position to train MARL algorithms for better credit assignment in environ-
ments with high numbers of redundant agents.
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* Create a sample efficient centralised A2C algorithm with reduced variance
compared with baseline A2C.

¢ Analyse the performance of our proposed algorithm(s) against the state of the
art (SOTA) to determine the success of implementation.

3.3 Research Questions

Can layer-wise relevance propagation be used to decompose value functions in highly
redundant environments for better credit assignment while using only local agent
information?

Can the naive centralised actor-critic’s performance be brought to near the levels
of the popular Qmix algorithm using only simple off-policy data reuse?

3.4 Outline

The following chapter will provide more insight into the research methodology for
this thesis along with the plan of how to produce the desired outcomes.

The research methodology will deal with the theoretical component in the form
of research design and pseudo-code explaining the implementation of our methods.
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Chapter 4

Research Methodology

4.1 Introduction

This research has the goal of improving methods to use central action-value func-
tions (CVFs) to train agents to solve multi-agent tasks. We present two methods from
our research: relevance decomposition network (RDN) and cycling replay buffer
(CRB).

RDN is a method that makes use of layerwise relevance propagation (LRP) to
decompose the global value function learnt by a critic to it’s local value functions.
These decomposed value functions are calculated by the addition of all relevance
scores associated with the information per agent. These decomposed rewards are
used to train the local independent agents.

CRB uses the addition of a naive cycling replay buffer to improve the sample
efficiency of PG algorithms without the use of off policy update correction like V-
trace (Espeholt et al., 2018b). The buffer removes the oldest entries of data as new
data is added and then the agents are trained on the entire stored dataset. We also
introduce a KL divergence mask to accommodate data that is too far off-policy which
would induce destabilisation.

4.1.1 Research Design
Relevance Decomposition Network (RDN)

We propose RDN to perform credit assignment between ad-hoc agents in the cooper-
ative multi-agent setting under the assumption of a linear relationship between the
individual local rewards and the shared global reward. However unlike most central
training decentralised execution (CTDE) methods which use learned decomposition
as an end-to-end system RDN separates learning of the global reward function from
the local Q values of the agents. We provide an overall diagram of the framework
below in figure 4.1 of RDN. It consists of a central critic which takes the inputs 0
and ; which are vectors containing the observations of all local agents and their
actions taken at each timestep respectively. Agents are represented practically using
Deep Recurrent Q Networks (DRQN) (Hausknecht and Stone, 2015) which take a
local observation from the environment o0 which is the egocentric partial observation
of the independent agent. The critic is used to train the agents by using LRP (Mon-
tavon et al., 2019) to calculate the relevance of the local observations and actions to
perform credit assignment.

Layer-Wise Relevance Propagation (LRP) is a method that has been developed to
interpret neural network based machine learning models (Montavon et al., 2019). It
assigns a relevance or importance value to each neuron of the neural network (NN)
which described how much it contributed o the final network output. This is done
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by propagating the prediction of the NN f(x) backwards through the NN using a
set of propagation rules. These rules are described in more detail in Appendix A.
The propagation of values by LRP is subject to a conservation property where
the value assigned to a neuron must be redistributed to the immediately preceding
layer in an equal amount. Formally let j and k be two consecutive layers of the neural
network. Propagating relevance scores My at a given layer onto neurons of the lower
layer is achieved by applying the rule:
z:
M =Y M. 4.1
: ; V. &
Where zj; models the extent to which neuron j has contributed to making the
neuron k relevant with zy = € + ¥ ;avj - p(wjx) where € is a small constant to aid
numerical stability, p is an arbitrary function applied to the weights of the neurons
like an activation function in the NN layer and v is the output from neuron j in
the earlier layer of the NN to neuron k. If using the rule above for all neurons in a
network we can verify the layer-wise conservation property M; = ) %Mk where
j “jk

M, is a vector of relevance scores with each neuron i’s relevance scores indexed as
Mj;, and by extension the global conservative property }-; M; = f(x).

Qeot (0, U)

Relevance Propagation

Ql(B%ﬁ)

FIGURE 4.1: Diagram of RDN framework

The details of the algorithm are shown in Algorithm 1. Lines 2-9 show how the
decentralised agents interact with the environment to gather data where Qi(ot,i,,) is
the Q value of independent agent i at timestep ¢, ki is the hidden state of agent i at
timestep ¢, 0;; is the local observation of agent i at timestep £,u;, is the action taken
by agent i at timestep t and 77;(Q'(0;; ), €(e)) is the policy 7t of agent i dictated by a
Q value function and an € — greedy exploration strategy.

Lines 11 to 15 calculate the expected total Q value at each timestep using a critic
network parameterised by 6 and a target Q value using a target critic parameterised
by 6¢ whose parameters are copied over from the critic network every 200 updates.
The critic network is updated using loss:

L(6°) = Eg»lglr,?/[(Qf;t(ol,..., O, Upy eeey Uy ) — y)z] 4.2)
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Where y = 7 + y(Q%,(0}, ..., 0, 1}, ..., ;) ) and 6° is the critic’s parameters and 6°
is the target critic parameters, which are reset every C training epochs

Lines 16 to 21 update the independent agents’ parameters 6. The total expected
Q value for each timestep is decomposed into independent target Q values 0! and the
DRQNs (Hausknecht and Stone, 2015) which act as the agent networks are trained
using the loss L(6') = Ez 7,3/ [(Q" (0;,u;) — Q')?] (Sandholm and Crites, 1995)
and Q' = ¥, M;, where Q' is the Q target for agent i and ) ; M;, is the sum of all
relevance values associated with agent i. Comparatively, VDN only trains all agents
using the sum of the total Q value as a joint loss in an end-to-end fashion with no
critic network to learn the joint value function. Qmix directly takes the Q value of
each agent and the ground truth state space as the critic inputs and then relies on
back-propagation to implicitly perform value factorisation to train the local agents.

A characteristic of LRP is it maintains a conservative calculation between layers
of the neural network (Montavon et al., 2019). As such the relevance values from
later layers are included completely in the calculation of the relevance values of the
layers closer to the input. Essentially we can assume that the total sum of the rele-
vance values is approximately the same as the output of the NN when LRP is used.
therefore we can equate Qyy; to the sum of relevance scores as Qor ~ Y. Yi Miy or
alternatively state that Qyy is approximately the same as the sum of all relevance
values across all agents.

Algorithm 1: Relevance Decomposition Network (RDN)

1 Initialize Critic network 6°. target critic ¢, DRQN 6™ = (6!, ...,6")
2 for each training episode e do

3 so = initial state, t =0, hf) = 0 for each agent i

4 while s; # terminal and t < T do

5 t = t +1 for each agent i do

6 Q'(04;,),hi = DRQN oy, h:_;6")

7 L Sample u; ; from 7r;(Q(0s; ), €(e))

Execute the joint actions (141, U2, ..., Ut )
9 Receive the global reward r; and next state s;1

10 | Add new episode to replay buffer and sample a batch of episodes
1 for b in batch do

12 for t =1toT do
13 Calculate targets y; using 6¢
14 Calculate expected values QI using 6°

15 | Update critic parameters 0° with loss L(6°)
16 | for b in batch do

17 for t =1toT do

18 Calculate independent Q values Qi

19 Calculate total Q target from updated critic parameters 6¢
20 Decompose the total Q target into independent Q targets Q'

21 Update DRQN parameters 6™ with loss L(6")
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Extended-Masked Centralised Actor-Critic (EMCAC)

Although there have been large strides in developing better MARL algorithms in
recent years most are focused on off-policy Q-learning based algorithms as policy
gradient (PG) methods to produce surprisingly poor results (Samvelyan et al., 2019).
The poor performance is strange given comparable benchmarks in the single agent
setting (Schulman et al., 2015). Although more complex PG methods have been
developed for MARL settings such as LICA they are not directly comparable to the
Q-learning based methods as they require up to 10x as many samples to achieve
similar performance making them impractical to train until the point where they
achieve comparable performance to Q-learning based methods (Hu et al., 2021).

We assess the effect of 2 small changes made to the standard centralised actor-
critic (CAC) to improve sample efficiency and learning stability. The first is the use
of a small off-policy training data buffer. This replay buffer does not contain a large
number of samples to be drawn from during training time like that is sued in Q-
learning. Instead, it is of the fixed size which we want to use for the batched train-
ing. This allows us to train on a greater number of total samples without requiring
additional parallel workers to collect data. We illustrate how this works in figure
4.2 where the buffer of fixed size is used and when the buffer is full and new data
is entered the oldest batch of data is removed. With this, we can maintain a larger
training set of data without very old data destabilising the training.

The second addition is the use of a KL divergence mask. The KL divergence
mask is used to suppress updates from data that deviates too far from the current
policy. Data that is too far off-policy causes instability during training if used naively
(Wang et al., 2016). During training the, data in the buffer is re-evaluated using the
average policy found during training. If the policy of the data as evaluated by the
average policy deviates from the current policy by a predetermined bound then the
advantage function for the update of that data point is set to 0 and it is suppressed
during training. Finally, we make use of a mixed on and off-policy training regime
similar to the one used to train the phasic policy gradient (PPG) (Cobbe et al., 2021)
where the critic network is given additional training during the training loop using
off-policy data. Critic networks have been shown empirically to be robust to using
off-policy data and with additional training can accelerate the rate at which the agent
networks are able to reach stable policies (Cobbe et al., 2021).

= =

Add new data Remove oldest
Buffer with fixed size episode

FIGURE 4.2: Diagram of Cycling Replay Buffer

The details of the algorithm are shown in Algorithm 2 below. Lines 2-9 show how
the decentralised agents interact with the environment to gather data where 7t (0;; )
is the probability distribution for all actions of independent agent i at timestep ¢, ki
is the hidden state of agent i at timestep ¢, 0;; is the local observation of agent i at
timestep t,u;; is the action taken by agent i at timestep ¢ and 7;(0;; ), €(e)) is the
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policy 7t of agent i produced by the softmax function and an € is the parametrisation
term for the bounded softmax that can be used with policy gradients (Foerster et al.,
2018) .

Lines 14 to 18 calculate the expected total value at each timestep using a critic net-
work parameterised by 6 and a target Q value using a target critic parameterised by
gc whose parameters are copied over from the critic network every 200 updates.The
critic network is updated using loss

L(6°) = Egﬂ/r;/[(Qfgt(ol,..., O, Ul, ooy Uy ) — y)z] 4.3)

Wherey = r+ ’y(Q?:t(oll, ey Oy, Uy, ooy ) ) and 6° is the critic’s parameters and 6'©
is the target critic parameters, which are reset every C training epochs. The policy
network is updated using the loss VyJ(0) = ZtT:_Ol Vologr,At where Ay = Gy — V;
with G; being the total discounted rewards at the current timestep and V; being the
expected value of the current timestep. We also mask out the advantage function
where the KL divergence exceeds some predefined threshold K which makes the ad-
vantage function a bounded function where A; = G; — V; where KL(67||67) < K
where, K is a hyperparameter defining a maximum KL divergence between the cur-
rent and average policy from training represented by a target policy network. Func-
tionally the PG updates is made into a bounded function w.r.t the KL divergence
between the current and average target policy which prevents large updates from
using the off-policy data from destabilising learning.

Lines 21 to 25 are the off-policy update step of the algorithm which is functionally
the same as the on-policy stage but only the critic network is trained and the critic
parameters are updated for a second time with loss L(6°).
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Algorithm 2: Extended-Masked Central Actor-Critic (EM-CAC)

1 Initialize offline replay buffer D, semi-online replay buffer D’ Critic
network, 6°. target critic 6¢, policy 6™ = (6,...,0") ,target policy
g7 = (61, ...,0")

2 for each training episode e do

3 sg = initial state, t =0, hg = 0 for each agent i

4 while s; # terminal and t < T do

5

6

7

t = t +1 for each agent i do
' (04,), hy = policy(os;, hi_;6")
Sample u; ; from 7;(0;; ), €(e))
execute the joint actions(u 1, u¢2, ..., Ut n)
9 | receive the global reward r; and next state s;1

10 | Add new episode to offline replay buffer and sample a batch of episodes
11 Add new episode to semi-online replay buffer

12 | Remove oldest episode in replay buffer

13 | #On-policy stage

14 for e in batch do

15 for t=1to T do

16 Calculate critic targets y; using 6°

17 calculate expected critic values Q! using 6°

18 calculate td(A) returns

19 calculate KL divergence between 6™ and and 67

20 | Update critic parameters 6° with loss L(6°)
21 Update policy network 6 with loss L(67)
22 | #Off-policy stage for e in batch do

23 for t =1to T do

24 Calculate critic targets y; using 6°

25 calculate expected critic values Q! using 6°
26 calculate td(\) returns

27 | Update critic parameters 6 with loss L(6°)

4.2 Conclusion

An objective of this research is to allow CVF methods to be more effective in envi-
ronments with high numbers of redundant agents where state information is limited
to more accurately reflect real-world conditions. Also, we aim to provide simple to
implement augmentations to the basic CAC algorithm to improve both the sample
efficiency and stability of policy gradient algorithms to be more comparable to their
Q-learning counterparts

We have accomplished our first objective with our algorithm RDN which uses
LRP as a way to more effectively assign credit in environments with high numbers
of redundant agents. The second objective is completed with the use of EM-CAC
which extends the online replay buffer to make better use of training data and a KL
divergence mask to stabilise training.

Initial testing is done using a simple 2-step grid world for a simple proof of con-
cept in an environment that is trivial to solve for a human and in SMAC to show the
effectiveness of our methods in more complex domains.
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Chapter 5

Experiments

5.1 Introduction

The previous chapter introduced the research hypothesis and the method by which
we intend to test it. In this section, we will consider the practical execution of this
research and the results obtained from it.

For RDN we are primarily concerned with how increasing numbers of redun-
dant agents make it difficult to converge on good policies for the two primary value
factorisation methods in VDN and Qmix. We first test these algorithms along with
independent Q-learning (IQL) on a simple 2-step matrix game to show that even
in simple cases Qmix and VDN are unable to accurately converge to optimal poli-
cies and misassign credit to agents. We then created a set of maps based on the
bane_vs_bane where VDN and Qmix were found to exhibit high variance in testing.
We create 4 different versions of the scenario where we decrease the number of re-
dundant agents on the RL-based agent.

For extended-masked centralised actor-critic (EM-CAC) we only use a subset
of the total SMAC site to test out enhancements using two maps centralised actor-
critic (CAC) is able to solve to determine that EM-CAC does not cause instability
in cases where CAC is already effective and two more difficult maps where CAC
typically fails to achieve high performance within 5 million time-steps. We perform
an ablation study of EM-CAC showing the value of each enhancement individually
and all together and record the KL diverge of the EM-CAC method to show how KL
divergence is kept to a minimum across the replay buffer. Finally, we record results
with different numbers of off-policy data to show how much can be introduced into
the learning cycle.

5.2 Testing Environments

2 step matrix game

The most simple form of cooperative sum game is a simple 2 step matrix game.
For this game, we can easily guarantee game theoretical convergence to determine
the optimal policy for each state-action pair. Thus we use this to determine the ef-
fectiveness of each algorithm in the most optimal use case (Yu et al., 2019).

In step one agent one chooses a row and agent two a column simultaneously.
These choices determine the matrix game to be played. In step two, agents again
choose a row and column within the chosen matrix game. We illustrate this game in
figure 5.1 below where the agents have chosen to play game three in the bottom right
which is the second column and second row. Then in step two, the agents choose
column and row 1 in the top left of game four. After step two they have been given
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FIGURE 5.1: 2 player matrix game: player 1 chooses a row and player

2 chooses a column per step for 2 time-steps. The location of the play-

ers in the final timestep determines the global reward assigned to the
episode

a reward of 2 as the assigned value of their position in that game. This payoff is a
global reward and is assigned to both agents.

Independent Q-learning methods struggle to solve these simple tasks as agents
do not have communication methods to determine the actions of each other (QMIX).
As a result, they should favour choosing game 1 which has the highest average pay-
off irrespective of the action of the other agent rather than game 3 which presents a
higher potential reward but relies on coordinated decision making.

Starcraft Multi Agent Competition (SMAC)

MARL studies lacked a cohesive testing environment akin to the Atari Learning
Environment (ALE) (Bellemare et al., 2013) suite used in single-agent DRL. The ALE
suite provides an interface to a large number of Atari 2600 games and has become a
common benchmarking tool for DRL.

FIGURE 5.2: Boundaries showing the vision range or visible state in-
formation of the agent (blue) and attack range (red) of a marine unit
in the SMAC training environment

In 2019 SMAC (Samvelyan et al., 2019) was released. It is a platform for the



Chapter 5. Experiments 35

testing and training of agents under the central training and decentralised execu-
tion paradigm. It focuses on smaller-scale micromanagement tasks rather than at-
tempting to solve the entire game of Starcraft2 (SC2). For example, in the most basic
scenario 3m each team controls 3 marine units and wins by defeating all the enemy
units. In this scenario and all others, each member of the team is treated as an indi-
vidual agent. The main task to learn in this scenario is to have all units on a team
attack the same enemy on another team at the same time to reduce the defeat the
enemy agents more quickly. Agents are given a partially observable local state illus-
trated in figure 5.2 and must act off of that during testing. Information is formatted
as a vector for each agent containing the IDs, health, shields and distances or all
agents in observable range. Agents outside of the visible space are replaced with
a vector of zeros. Due to this, we do not need to learn to perform image recogni-
tion to use this environment which simplifies the learning process .Agents are only
able to observe a local field of view within a circle around their position. They can
only observe other agents if they in the line of sight or alive so they have to learn to
distinguish if other agents have died or left the line of sight.

The actions available to all agents are a move in an assigned direction, attack an
enemy unit with a specific enemy ID, stop all actions and perform no action for that
timestep. In the premade scenarios the total action space ranged between 7 and 70
depending on the number of enemy units and the built-in macro actions like attack
and move at the same time are disabled. When agents act at each timestep they are
only able to choose a single action to execute at that moment. Actions are recorded as
a one-hot vector encoding of the chosen action. However the, training environment
does not accommodate illegal actions like units trying to attack enemies in vision
range but outside of attack range. Users must manually mask out illegal actions
during training and execution time from a vector of legal moves that is generated at
each timestep from the environment.

Replays can be viewed using the standard SC2 replay system and new maps
made using the Blizzard map maker tool !. Each new map made must be manually,
added to the training environment and the number of units and total timesteps for
the scenario set. Each scenario runs for a maximum number of timesteps after which
it will terminate without all player or enemy units being destroyed. This means it
is possible for agents to receive a loss for a scenario without all friendly units be-
ing destroyed if they do not complete the task in time. Due to agents trained in
SMAC typically being ad-hoc agents which do not communicate with one another
the player agents can be overall successful in destroying the majority of the enemy
units but if the enemy unit moves out of range of the vision of the majority of units
then the team of agents can fail to relocate it causing them to lose by the timer run-
ning out.

Large-scale performance summaries have been performed on a large array of
maps which provides a standardized benchmarking tool which is not available in
other environments ((Samvelyan et al., 2019; Papoudakis et al., 2020)).

Thttps:/ /www.blizzard.com/en-us/apps/battle.net/desktop
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5.3 Methodology

5.3.1 Baselines

We consider several algorithms for use as baselines in our experiments. Independent
Q-Learning (IQL) represents a naive approach to solving multi-agent tasks but is
still able to show reasonable performance in certain environments (Foerster, 2018).
QMIX is currently the most popular algorithm to our knowledge and many newer
MARL algorithms like ROMA (Wang et al., 2020) and MAVEN (Mahajan et al., 2019)
are auxiliary augmentations to improve learning for specialised settings like sparse
reward settings.

5.3.2 Training environments

SMAC uses Starcraft 2 in order to create a series of micromanagement tasks using
decentralised controllers (Samvelyan et al., 2019). Enemies are controlled by pre-
designed heuristics. Proper micromanagement is required to maximise the damage
dealt to enemy units and achieve the optimal reward. Units are required to learn
a wide array of skills including focusing fire, kiting and efficient pathing. It has
become a common benchmark for many SOTA MARL algorithms in the fully coop-
erative setting.

5.3.3 Network architecture and hyperparameter configurations
RDN

For the SMAC environments and the 2-step matrix game, we use the same hyper-
parameters used in the original SMAC benchmarking paper (Samvelyan et al., 2019).
The architecture of the agents is a standard deep recurrent Q network (DRQN)
(Hausknecht and Stone, 2015) with a gated-recurrent unit (GRU) layer with a 64
cell hidden state followed by 2 fully connected layers with 32 nodes each and a final
fully connected layer with nodes equal to the size of the action space of an individual
agent.

The critic network is a feed forward neural network with 2 dense layers of 64
nodes each and an output layer of size 1.

We use a y value of 0.99 in all environments. An € — greedy exploration strategy
is used with an initial € value of 1 which is annealed to 0.05 over 50k timesteps for
SMAC and 2000 steps for the matrix game.

To increase learning speed we share parameters across all individual Q networks
and use a single network to represent all agents. A one-hot encoding of the agent
type is concatenated into each agent’s observations. By using the agent type as part
of the observation space we can train a single shared neural network to represent all
agents which have been shown to improve learning speed significantly with minor
performance loss (Papoudakis et al., 2020). Both the critic and the agent networks
are trained using Adam with a learning rate of 5x10~*. The replay buffer for SMAC
contains the most recent 1000 trajectories and is sampled with a batch size of 32. For
the 2-step matrix game we only keep 200 trajectories and use a batch size of 4. Target
networks for the critic are updated every 200 training epochs.

We test our method every 100 training episodes for SMAC and 10 for the matrix
game for 20 test episodes with exploration disabled. We evaluate performance based
on the percentage of wins per set of test episodes. We conduct 8 separate training
runs in order to gather the data from the experiments.
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Agent networks are given an input consisting of only the most recent observa-
tion, previous action and their identity as a one-hot encoding. The critic for RDN
is given a concatenation of all agents” previous 4 observations, current actions and
their one hot encoded identities. For QMIX the critic takes in the ground truth state
and the expected Q values of the independent agents as in the original QMIX paper
(Rashid et al., 2018).

53.4 EM-CAC

We use the same hyper-parameters used in the original SMAC benchmarking pa-
per(Samvelyan et al., 2019). The architecture of the agent networks is standard deep
recurrent Q network (DRQN) (Hausknecht and Stone, 2015) with gated-recurrent
unit (GRU) layer with a 64 cell hidden state followed by 2 fully connected layers
with 32 nodes each and a final fully connected layer with nodes equal to the action
space of the individual agent. The final output layer is input into a softmax function
to generate a probability distribution as a representation of the agent policy.

The critic network is a feed forward neural network with 2 dense layers of 64
nodes each and an output size of 1.

We use a -y value of 0.99 in all environments. For Qmix an € — greedy exploration
is used with an initial value of € 1 which is then annealed to 0.05 over 50k timesteps.
We do not use a bounded softmax to encourage greater exploration for the policy
gradient (PG) models as done in the original COMA (Foerster et al., 2018) papers as
we find this to have a negligible effect on overall results while introducing unneeded
additional hyperparameters.

To increase learning speed we share parameters across all agent networks and
use a single network to represent all agents. A one-hot encoding of the agent type
is concatenated into each agent’s observations. By using the agent type as part of
the observation space we can train a single shared neural network to represent all
agents which have been shown to improve learning speed significantly with minor
performance loss (Papoudakis et al., 2020). Both the critic and the agent networks
are trained using Adam with a learning rate of 5x10~*. The EM-CAC contains a total
of 32 trajectories with 4 trajectories being sampled per training step with parallel
workers. The off-policy replay buffer contains the last 5000 trajectories. The target
network for the critic is updated every 200 training epochs with the policy target
network being updated using a weighted average of all past policies using Polyak
averaging (polyak1992acceleration).

We test our method every 1000 timesteps and evaluate the performance by taking
the average winrate of over 8 trial runs.
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5.4 Relevance Decomposition Network

5.4.1 2 step matrix game

All methods are quick to come to convergence in this simple environment. How-
ever our method is the only one able to fully converge on the correct solution with
no variance as seen in figure 5.3. The independent Q-learning method overall con-
verges a better policy than QMIX as training progresses. This could indicate that
the independent method is able to more effectively perform exploration due to the
training of agents not being linked to the central critic. As QMIX agents are reliant
on the factorised signal from the central critic if the critic is performing inaccurate
decomposition then agents are unable to learn an effective policy as they are receiv-
ing a poor representation of the actual reward signal. For independent agents, the
reward signal is based on the joint policy at each timestep therefore even without
value factorisation agents are able to eventually determine a higher reward policy.
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FIGURE 5.3: Median reward from 8 training runs on a 2 step grid
world where shaded region is the 25th to 75th percentile range of re-
wards

54.2 SMAC

We evaluate our algorithm in both scenarios where all agents in the team are of
the same unit type (homogenous) and where different agents of different unit types
(heterogenous) must collaborate to solve the scenario.

TABLE 5.1: Table displaying the number of units on our agent’s team

and if the scenario is symmetric or not. Asymmetric environments

have the same number of enemy agents as bane_vs_bane and our new
environments are marked with a *

Scenario Name Zerglings Banelings Symmetric

bane_no_z* 0 4 False
bane_small* 10 4 False
bane_med* 15 4 False
bane_vs_bane 20 4 True
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We make use of 4 environments from the Starcraft Multi-Agent Challenge (SMAC)
which are listed in table 5.1 along with the number of each unit in our agents” team
and whether each scenario is symmetrical or not. In the asymmetrical scenarios,
the team of enemy agents contains more units. In all cases, the enemy agent team
contains 20 zerglings and 4 banelings whereas we alter the number of units on our
agents’ team to observe the effect on the performance of reducing the number of
redundant agents. The preexisting map from the Starcraft Multi-Agent Challenge
(SMAC) we make use of is the bane_vs_bane map. In this map, both sides have 20
zerglings and 4 banelings. The most optimal policy for this environment has the
zerglings move out of the way so as to not obstruct the banelings” movement. This
is illustrated in a sample rollout for the bane_vs_bane map. The agents with green
bodies are the banelings and can be seen to move forward to destroy the enemy
units. Banelings upon contact with enemy units will explode and deal damage to
all enemy units near them. The other units are the zerglings. In figure 5.4 we can
see that the zerglings move backwards to make room for the banelings to move into
the enemy units. Ultimately the only important action the zerglings undertake is
making way for the banelings to have access to the enemy units.

FIGURE 5.4: Example rollout in the bane vs bane setting

We make use of 3 additional variants of the original map which are illustrated
below in 5.5. bane_med, bane_small and bane_no_z which have respectively decreas-
ing numbers of zerglings which are the redundant agent in this scenario. We use
a diminishing number of redundant agents in order to show how unneeded agents
attempting to form cooperative policies are actually detrimental to the overall policy
of the environment. Only bane_vs_bane is a symmetrical environment meaning the
same number of each type of enemy and ally agent are present. In all other cases, we
use the original parameter settings from banevsbane for the number of enemy units
spawned while only varying the allied unit composition.

FIGURE 5.5: bane _med, _small and no_z maps

From the figure 5.6 we can see that across all maps RDN outperforms all base-
lines although the performance of VDN improves as the number of redundant agents
is reduced. Interestingly Qmix is outperformed by Qmix_NS, a variant of Qmix that
does not use state information, in bane_med and in bane _no _z indicating that in
cases where there are an intermediate number of redundant agents the central state
already begins to become uninformative making accurate multi-agent credit assign-
ment difficult.
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From figure 5.7 Qmix is shown to have a significantly higher average variance
than all other algorithms which only use the local inputs. This is likely due to the
increasing size of the ground truth state with respect to the increasing number of
agents required to cooperate under the environments. Qmix_NS obtains low vari-
ance in bane _no _z however this is due to achieving poor results overall and there-
fore low fluctuations in the rewards achieved. Figures 5.8 and 5.9 confirm this as we
can see for RDN and VDN the difference between the 7th and 25th percentile win-
rates is minor as both algorithms are unaffected by an increasingly complex state
space as the number of redundant agents increases. Comparatively, Qmix displays
large variance on all 4 environments as the high number of redundant agents makes
the central state difficult to interpret and as the Qmix.

In the case where all redundant agents are removed, VDN performs to a similar
level to LRP.
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FIGURE 5.6: Percentage winrates from most number of redundant
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FIGURE 5.8: 75th percentile winrates from most number of redundant
agents (left) to least redundant agents (right) for all tested algorithms

1\/3'51rates of algorithms on each map in decreasing order of redundat
96

92.1 = mEm RDN(ours)

I VDN
EEE Qmix

v 80 .

o N Qmix_NS

(L]

—

©

© 60

—

[

o

2 a0

(L]

—_

£

= 20

0
bane_vs bane bane_med bane_small bane_no_z

FIGURE 5.9: 25th percentile winrates from most number of redundant
agents (left) to least redundant agents (right) for all tested algorithms

5.5 Extended-Masked Centralised Actor-Critic (EM-CACQC)

We evaluate our algorithms in a mixture of heterogeneous environments where
teams of mixed agent types must collaborate using their own traits to successfully
complete the scenario, homogeneous environments where agents are all of the same
type and symmetrical environments where both enemy and allied agent teams are
the same and asymmetrical environments where enemy and allied agent teams are
different. The groupings of these scenarios are outlined in the original SMAC pa-
per (Samvelyan et al., 2019). Below we showcase a summary of our findings in a
tabular format comparing the mean and medians of the naive-CAC method, CAC
with extended replay buffer and EM-CAC with the replay buffer and the KL diver-
gence mask. These algorithms are compared against the well-known COMA algo-
rithm which is the most popular policy gradient based MARL method and Qmix
which forms the basis for most MARL Q-learning based algorithms in the value-
decomposition space.

From table 5.2 we can see that COMA exhibits generally poor performance across
all testing scenarios and is surprisingly outperformed by even the naive-CAC method.
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TABLE 5.2: Median and mean winrates for the last 10 sets of evalua-
tion episodes on 4 SMAC environments

CAC E-CAC EM-CAC COMA OQmix

MMM2 29/35  43/55 62/65 0/0 64/70
2c_vs_64zg 97/100 95/100 97/100 15/20  97/100
3s5z 15/5 48/63 93/93 1/0 85/90
1c3s5z 89/90 95/100 98/100 30 94/95

This is in line with more recent studies that show it is only applicable to a small range
of low agent count environments (Papoudakis et al., 2020). From left to right we can
see that the basic CAC implementation is only able to achieve good performance
on the 1¢3s5z and 2c_vs_64zg Whereas our fully augmented EM-CAC model is able
to match the performance of Qmix on all 4 scenarios. We can see that without the
mask in use variance is high with the results of the E-CAC model where the MMM?2
and 3s5z results for the mean and median vary by over 10% showing that that KL
divergence mask was able to stabilise the algorithm effectively during training. In-
terestingly the 2c_vs_64zg is classified as a hard environment in SMAC despite all
algorithms aside from COMA being able to achieve a near 100% winrate on it.

We further analyse the performance curves of the CAC based algorithms to show
more clearly how the performance between the CAC and the EM-CAC method dif-
fers. From figures 5.11b and 5.10b we can see that our method EM-CAC obtains
greater performance in the given 2 million training steps when compared to the
naive CAC (Foerster et al., 2018) method. As the difficulty of the environment in-
creases the increased sample efficiency of EM-CAC becomes more noticeable. In
the most difficult environment MMM? this performance gap is most noticeable. All
3 tested algorithms show high variance in winrate however, looking at the reward
curves in figures 5.13b and 5.12b instead shows that although winrate variance is
high EM-CAC learns a high reward policy with lower variance much faster than
the naive models. Additionally, we can see that As training continues the KL di-
vergence mask greatly improves the training stability of the algorithm and not only
the sample efficiency. In the 355z we see similar results where the EM-CAC model
is able to converge to a higher reward and a more policy. In the 2 easier environ-
ments in figures 5.10a and 5.11a we find that all versions of the algorithm converge
to approximately equally optimal solutions.

It is important to inspect the reward curves along with winrates when using the
SMAC testing environment as success or failure in its scenarios are treated as bi-
nary. Either agents have a total reward over the threshold and are successful or they
are awarded a fail. By analysing the reward curves we can show that naive-CAC
method does not effectively learn in the harder environments as the reward curves
start to become flat before an effective policy is reached. Additionally, it shows that
some of the variance observed in the winrates is the result of small deviations in
policy that affect the average winrate across evaluations but do not affect the overall
reward as greatly as would be expected.

In these easier environments where observing the reward curve over training,
we can see in figures 5.12a and 5.13a that using a naive mixed buffer does induce
greater variance in training even if it converges to a similar solution. The minor
variance in these simpler tasks is offset by the large improvement in more complex
ones and that when the KL divergence mask is used variance is constrained to low
levels.
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Chapter 6

Conclusion

In single-agent RL we model environments as MDPs which are then extended to
POMDPs in the case of partial observability. We can generalise these into the multi-
agent space using Dec-POMDPs for the case of multiple agents with partial observ-
ability.

In cooperative games we use a joint global reward. To determine individual
contributions to the reward we perform value decomposition. It has been found
that by conditioning on a global state in the context of local observations we can
separate the global reward across agents which leads to better credit assignment.
Typically this is achieved through the use of a centralised critic.

The most popular MARL value factorisation algorithm Qmix requires that the
ground truth central state be available for use during training in order to achieve
high performance and exhibits poor performance in scenarios with a high number
of redundant agents where independent Q-learning is able to solve the environment.
Additionally due to the poor sample efficiency of Policy Gradient (PG) algorithms
they have seen limited development despite being naturally able to solve for these
settings with only a naive centralised actor-critic (CAC).

For better credit assignment with high numbers of redundant agents and without
the use of the global state we propose the method relevance decomposition network
(RDN) which makes use of the Layerwise Relevance Propagation (LRP) method of
network explainability to decompose the global reward without the use of the global
state.

For a more sample efficient and more stable PG method, we present a modified
version of the naive CAC method called extended-masked CAC (EM-CAC). This
method makes use of a small amount of off-policy data to increase sample sizes
during training and a KL divergence mask to suppress divergent data which would
destabilise training.

We make use of 2 environments of varying difficulty in the form of the Starcraft
multi agent challenge (SMAC) and a 2 step matrix game. The SMAC environment
has multiple custom scenarios of differing difficulty to train on. For RDN we made
our own environments with varying numbers of redundant agents to analyse the
relationship between performance and redundancy in the MARL space.

Our method RDN is able to consistently converge on the simple matrix game
and is largely unaffected by changes in the number of redundant agents across the
custom scenarios. Qmix and VDN both exhibited large variance but VDN did show
improved performance as the number of redundant agents was decreased.

EM-CAC shows that even the naive use of off-policy data in the training of PG
algorithms is able to improve performance on hard-to-solve tasks. On easier tasks,
the off-policy data does introduce additional variance in training in earlier stages.
The KL divergence mask had a dual effect of increasing stability during training
by reducing the effect of divergent updates and in combination with the off-policy
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data further improved sample efficiency. This method reduces the costly nature of
gathering on-policy samples and allows CAC similar performance to Qmix without
requiring a larger amount of training data.

We produced the novel algorithm RDN which is able to more effectively solve
highly redundant environments in the MARL setting and show how redundant
agents negatively impact the performance of existing MARL algorithms by mak-
ing the ground truth state increasingly difficult to interpret and train from. We also
have produced a simple method which allows a naive CAC to match the perfor-
mance of Qmix on 4 different SMAC tasks without requiring the additional number
of training steps that would be required for PG methods.
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Appendix A

Network explanation techniques

A.1 Layer-Wise Relevance Propagation (LRP)

LRP (Montavon et al., 2019) is a network explanation method that can be applied to
neural network (NN) models, where inputs can be some arbitrary type of data like
images, videos or text. LRP functions by propagating the prediction f(x) backwards
in the NN using a set of local propagation rules.

The propagation method implemented by LRP is subject to the "conservation
property", where what has been recieved by the neuron of the NN must be redis-
tributed to the immediate lower layer in equal amount.Formally let j and k be two
consecutive layers of the neural network. Propagating relevance scores M at a given
layer onto neurons of the lower layer is achieved by applying the rule:

Zik
M; = M. Al
: Zk: V. (A1

Where zj; models the extent to which neuron j has contributed to make the neu-
ron k relevant with zy = € + Y ; avj - p(wjx) where € is a small constant to aid numer-
ical stability, p is an arbitrary function applied to the weights of the neurons like an
activation function in the NN layer and v is the output from neuron j in the earlier
layer of the NN to neuron k. If using the rule above for all neurons in a network we
can verify the layer-wise conservation property M; = ) %M;< where M; is a vec-

tor of relevance scores with each neuron i’s relevance scores indexed as M;;, and by
extension the global conservative property Y ; M; = f(x). The overall LRP method
is illustrated below in figure A.1.
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FIGURE A.1: Illustration of LRP method. Each neuron redistributes
ton the lower layer the same amount as it received from the higher
layer

LRP has also been applied to discover biases in common ML models and datasets
(Bach et al., 2015) (Samek et al., 2017). This has also been applied to extract new
insights from effective ML models and to find relevant features for audio source
localisation (Perotin et al., 2019).
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A.1.1 LRP Rules for Deep Rectifier Networks

In it’s original publication, LRP was considered specifically for the use of NN with
rectifier (ReLu) nonlinearities as these are the most common form of NN used in
most research. For example in computer vision and reinforcement learning. Deep
rectifier networks are composed of neurons of the type:

a = max(0,)_ ajwi) (A2)
0j

Where a is the activation function used in the NN layers and w is the layer
weights. The sum }, ; runs over all lower-layer actions 4;, along with an extra neu-
ron which represents the bias. Three primary propagation rules are used to calculate
the relevance scores for this type of NN.

The first is the Basic Rule (LRP-0) (Montavon et al., 2019). This is the simplest
LRP rule and redistributes in direct proportion to each input to the neuron activation
function M; = } Z:j Z}]]ZJ] M. As the gradients of NNs are typically noisy, other more
robust propagation rules were designed based on LRP-0. The Epsilon Rule (LRP-¢)
is the first enhancement to LRP-0 and is the rule used in Relevance Decomposition
Network (RDN) (Singh & Rosman, 2021):

M] ; €+ ZO,]' a;jwijk
The term € added to the denominator of the LRP-0 calculation which adds sta-
bility to the relevance calculations by minimizing the effect of smaller scores. This
leads to sparser explanations which contain less noise.
The third version of the LRP propagation rule is Gamma Rule (LRP-y) (Mon-
tavon et al., 2019), which is designed to favor the effect of positive over negative
relevance contributions:

a;w;
had (A.3)

M =Y O T (A4)
LT o0y (wi + ywi

Where 7y is a parameter used to control how much positive relevance contribu-
tions are favored. As gamma increases, negative contributions are minimized. And
the prevalence of positive contributions limits how large positive and negative rele-
vances can grow during propagation. This helps produce more stable explanations.

A.2 Integrated Gradients (IGs)

IGs are another method for network explanation however, unlike LRP they rely
upon the gradients associated with network outputs to determine a relevance score
(Sundararajan et al., 2017). Using gradients instead of hand-crafted rules makes
them implementation invariant and, can therefore be applied to a NN irrespective
of it’s type. This is done by measuring the difference in the network response be-
tween the current output f(x) and some series of linearly interpolated baselines.

For IGs, we are assumed to have a function F : R" — [0, 1] that represents a NN.
Let x be the current input to the NN, and x” € R" be some baseline input. Typically
the baseline is some input that results in a zero response from the NN. In the case of
image detection models, for example, this could be a black image, and for RL models
a terminal state.
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IGs consider the straightline path from the baseline x’ to the input x, and com-
pute gradients at all points along this path. These gradients are accumulated to
calculate integrated gradients. More concretely, IGs are defined as the path integral
of the gradients along the straightline path from baseline x’ to input x (Sundararajan
etal., 2017).

The integrated gradient along the i dimension for an input x and baseline x is
defined as follows:

1 / o
IntegratedGrads;(x) ::= (x; = x';) x / OF(x + aa;z (x=¥)) (A.5)
a=0 i

Where % is the gradient of function F(x) along the i'h dimension of the in-
put. 1Gs also have a useful property in that sum of the IGs is equal to the differ-
ence between the outputs produced by the input and baseline. This is defined as
Y.":_iIntegratedGrads;(x) = F(x) — F(x’). To aggregate these gradients we mono-
tonically interpolate between two points between the baseline and input. IGs make
use of a straightline interpolation, but other paths also exist which is illustrated in
figure A.2.

Oxl,x2

FIGURE A.2: Three paths between baseline (b1, b,) and input (x1, x2).
Each path corresponds to a different attribution method. The straight
line path P, is the path used by integrated gradients

The IGs are aggregated as a path integrated gradient using the method defined
below:

¢ Let x € R" be the input.

* v = (71, Tn) : [0,1] = R" be a smooth function specifying a set of counter-
factuals (CFs) which are alternative inputs from some interpolation between
the baseline and the actual input used to test the ANN’s response to certain
inputs.

e {y(a)|0 <a <1}isasetof CFs

e Fis an artificial neural network

1 v
PathIntegratedGrads;(x) :::/ OF (7()) 97;(®)

o 97(a)  om do (A.6)
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