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ABSTRACT

Reward shaping (RS) is a powerful method in reinforcement learning (RL) for
overcoming the problem of sparse or uninformative rewards. However, RS typically
relies on manually engineered shaping-reward functions whose construction is
time-consuming and error-prone. It also requires domain knowledge which runs
contrary to the goal of autonomous learning. We introduce Reinforcement Learning
Optimising Shaping Algorithm (ROSA), an automated RS framework in which the
shaping-reward function is constructed in a novel Markov game between two agents.
A reward-shaping agent (Shaper) uses switching controls to determine which states
to add shaping rewards and their optimal values while the other agent (Controller)
learns the optimal policy for the task using these shaped rewards. We prove that
ROSA, which easily adopts existing RL algorithms, learns to construct a shaping-
reward function that is tailored to the task thus ensuring efficient convergence
to high performance policies. We demonstrate ROSA’s congenial properties in
three carefully designed experiments and show its superior performance against
state-of-the-art RS algorithms in challenging sparse reward environments.

1 INTRODUCTION

Reinforcement learning (RL) offers the potential for autonomous agents to learn complex behaviours
without the need for human intervention [39]. Despite the notable success of RL in a variety domains
[8, 31, 35, 24], enabling RL algorithms to learn successfully in numerous real-world tasks remains
a challenge [41]. A key obstacle to the success of RL algorithms is the requirement of a rich reward
signal that can guide the agent towards an optimal policy [7]. In many settings of interest such as
physical tasks and video games, rich informative signals of the agent’s performance are not readily
available [14]. For example, in the video game Super Mario [33], the agent must perform sequences
of hundreds of actions while receiving no rewards for it to successfully complete its task. In this
setting, the sparse reward provides infrequent feedback of the agent’s performance. This leads to
RL algorithms requiring large numbers of samples (and high expense) for solving problems [14].
Consequently, there is great need for RL techniques that solve these problems efficiently.

Various biological systems have mechanisms that produce rewards for activities that present little
or no direct biological utility. Such mechanisms, which have been fashioned over millions of years
are designed to provide intrinsic rewards to promote behaviours that improve chances of outcomes
with biological utility [1]. In RL, reward shaping (RS) is a tool to introduce intrinsic rewards known
as shaping rewards that supplement environment reward signals. These rewards can encourage explo-
ration and insert structural knowledge in the absence of informative environment rewards which can
improve learning outcomes [10]. In general however, RS algorithms assume hand-crafted and domain-
specific shaping functions whose construction is typically highly labour intensive. This runs contrary
to the aim of autonomous learning. Moreover, poor choices of shaping rewards can worsen the agent’s
performance [9]. To resolve these issues, a useful shaping reward must be obtained autonomously.

Inspired by naturally occurring systems, we tackle the problem of sparse and uninformative rewards
by developing a framework that autonomously constructs shaping rewards during learning. Our
framework, ROSA, works by introducing an additional RL agent, Shaper, that adaptively learns to
construct shaping rewards by observing Controller (the agent whose goal is to solve the environment
task) while Controller learns to solve its task. This generates tailored shaping rewards without the
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need for domain knowledge or manual engineering. The shaping rewards supplement the environment
reward and promote effective learning, our framework therefore addresses the key challenges in RS.

The resulting framework is a two-player nonzero-sum Markov game (MG) [34] — an extension of
Markov decision process (MDP) that involves two independent learners with distinct objectives. In
our framework, the two agents that have distinct learning agendas, cooperate to achieve Controller’s
objective. This MG formulation confers various advantages:

1) The shaping-reward function is constructed fully autonomously. The game also ensures the shaping
reward improves Controller’s performance unlike RS methods that can lower performance.

2) By learning the shaping-reward function while Controller learns its optimal policy, Shaper learns
to adaptively facilitate Controller’s learning and improve Controller’s performance.

3) Both learning processes converge so Controller learns the optimal value function for its task.

4) ROSA learns subgoals [28] to decompose complex tasks and promote complex exploration patterns.

An integral component of ROSA is a novel combination of RL and switching controls [2, 22]. This
enables Controller to quickly determine useful states to learn to add and calibrate shaping rewards
(i.e. the states in which adding shaping rewards improve Controller’s performance) and disregard
others. This is in contrast with an RL controller (i.e. Controller) which must learn its best actions at
every state. This leads to Shaper quickly finding shaping rewards that guide Controller’s learning
process toward optimal trajectories (and away from suboptimal trajectories, c.f. Experiment 1).

For our two-player framework to succeed we have to overcome several obstacles. Solving MGs
involves finding a stable point in which each player responds optimally to the actions of the other.
In our MG, this stable point describes a pair of policies for which Shaper introduces a shaping
reward that improves performance and, with that, Controller executes an optimal policy for the
task. Tractable methods for solving MGs are rare with convergence of MG methods being seldom
guaranteed except in a few special cases [42]. Nevertheless, using special features in the design of our
game, we prove the existence of a stable point solution of our MG. We then prove the convergence of
our learning method to the solution of the game and show that the solution coincides with the solution
of the Controller’s problem. This ensures Shaper learns a shaping-reward function that improves
Controller’s performance and that Controller learns the optimal value function for the task.

2 RELATED WORK

Reward Shaping (RS) adds a shaping function F to supplement the agent’s reward to boost learning.
RS however has some critical limitations. First, RS does not offer a means of finding F'. Second,
poor choices of F' can worsen the agent’s performance [9]. Last, adding shaping rewards can change
the underlying problem therefore generating policies that are completely irrelevant to the task [20].
In [27] it was established that potential-based reward shaping (PBRS) which adds a shaping function
of the form F'(s;41,8t) = YP(st+1) — &(s¢) preserves the optimal policy of the problem. Recent
variants of PBRS include potential-based advice which defines F' over the state-action space [13]
and approaches that include time-varying shaping functions [11]. Although the last issue can be
addressed using potential-based reward shaping (PBRS) [27], the first two issues remain. To avoid
manual engineering of F', useful shaping rewards must be obtained autonomously. Towards this [45]
introduce an RS method that adds a shaping-reward function prior which fits a distribution from data
obtained over many tasks. Recently, [16] use a bilevel technique to learn a scalar coefficient for an
already-given shaping-reward function. Nevertheless, constructing F' while training can produce
convergence issues since the reward function now changes during training. [17]. Moreover, while F'
is being learned the reward can be corrupted by inappropriate signals that hinder learning.
Curiosity based reward shaping aims to encourage the agent to explore states by rewarding the
agent for novel state visitations using exploration heuristics. One approach is to use state visitation
counts [29]. More elaborate approaches such as [6] introduce a measure of state novelty using the
prediction error of features of the visited states from a random network. [30] use the prediction error
of the next state from a learned dynamics model and [15] maximise the information gain about the
agent’s belief of the system dynamics. In general, these methods provide no performance guarantees
nor do they ensure the optimal policy (of the underlying MDP) is preserved. Moreover, they naively
reward exploration to unvisited states without consideration of the environment reward. This can lead
to spurious objectives being maximised (see Experiment 3 in §6).

Within these two categories, closest to our work are bilevel approaches for learning the shaping
function [16, 36]. Unlike [16] which requires a useful shaping reward to begin with, ROSA constructs
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a shaping reward function from scratch leading to a fully autonomous method. Moreover, in [16,
36], the agent’s policy and shaping rewards are learned with consecutive updates. In contrast, ROSA
performs these operations concurrently leading to a faster, more efficient procedure. Also in contrast
to [16, 36], ROSA learns shaping rewards only at relevant states, this confers high computational
efficiency (see Experiment 2, §6)). As we describe, ROSA, which successfully learns the shaping-
reward function F, uses a similar form as PBRS. However in ROSA, F' is augmented to include
the actions of another RL agent to learn the shaping rewards online. Lastly, unlike curiosity-based
methods e.g., [6, 30], our method preserves the agent’s optimal policy for the task (see Experiment 3,
§6) and introduces intrinsic rewards that promote complex learning behaviour (see Experiment 1, §6) .

3 PRELIMINARIES & NOTATIONS

In RL, an agent sequentially selects actions to maximise its expected returns. The underlying problem
is typically formalised as a MDP (S, A, P, R, v) where S is the set of states, .A is the discrete set of
actions, P : § x A x S — [0, 1] is a transition probability function describing the system’s dynamics,
R: S x A — Ris the reward function measuring the agent’s performance, and the factor y € [0,1)
specifies the degree to which the agent’s rewards are discounted over time [39]. At time ¢ the system
is in state s; € S and the agent must choose an action a; € A which transitions the system to a
new state s;11 ~ P(-|st, a:) and produces a reward R(s¢, at). A policy 7 : S x A — [0,1] is a
probability distribution over state-action pairs where 7 (a|s) represents the probability of selecting
action a € Ain state s € S. The goal of an RL agent is to find a policy 7* € II that maximises its
expected returns given by the value function: v™(s) = E[Y_,;2 v R(s¢, at)|ar ~ m(-|s¢)] where IT is
the agent’s policy set. We denote this MDP by 911.

A two-player Markov game (MG) is an augmented MDP involving two agent that simultaneously
take actions over many rounds [34]. In the classical MG framework, each agent’s rewards and the
system dynamics are now influenced by the actions of both agents. Therefore, each agent i € {1, 2}
has its reward function R; : S x A; x A — R and action set A; and its goal is to maximise its own
expected returns. The system dynamics, now influenced by both agents, are described by a transition
probability P : S x A; x Ay x S — [0,1]. As we discuss in the next section, ROSA induces a
specific MG in which the dynamics are influenced by only Controller.

In RS the question of which ¢ to insert has not been addressed. Moreover it has been shown that
poor choices of ¢ hinder learning [9]. Consequently, in general RS methods rely on hand-crafted
shaping-reward functions that are constructed using domain knowledge (whenever available). In
the absence of a useful shaping-reward function F', the challenge is to learn a shaping-reward
function that leads to more efficient learning while preserving the optimal policy. Naturally, we can
formalise the problem of learning such an F' by constructing F’ as a parametric function of 8 € R™:

F(s441,560) = vh(s141,0) — d(s¢,0). Now the problem is to find 8* € R™ for ¢(s) = ¢(s, 0*)
such that F'(sy11,$¢) = F(sH_l, s¢;0*), i.e., we aim to find 6* that yields a useful shaping-reward
function. Determining this function is a significant challenge; poor choices can hinder the learning
process, moreover attempting to learn the shaping-function while learning the RL agent’s policy
presents convergence issues given the two concurrent learning processes [44]. Another issue is that
using an optimisation procedure to find * directly does not make use of information generated by

intermediate state-action-reward tuples of the RL problem which can help to guide the optimisation.

4 OUR FRAMEWORK

We now describe the problem setting, details of our framework, and how it learns the shaping-reward
function. We then describe Controller’s and Shaper’s objectives. We also describe the switching
control mechanism used by Shaper and the learning process for both agents.

To tackle the challenges described above, we introduce Shaper an adaptive agent with its own
objective that determines the best shaping rewards to give to Controller. Using observations of
the actions taken Controller, Shaper’s goal is to construct shaping rewards (which the RL learner
Controller cannot generate itself) to guide the Controller towards quickly learning its optimal policy.
To do this, Shaper learns how to choose the values of an shaping-reward at each state. Simultaneously,
Controller performs actions to maximise its rewards using its own policy. Crucially, the two agents
tackle distinct but complementary set problems. The problem for Controller is to learn to solve the
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task by finding its optimal policy, the problem for Shaper is to learn how to add shaping rewards to
aid Controller. The objective for Controller is given by:

2 © A
vi" (s)=E [ZVt (R(Staat) + F(Staafastflva?—l)) ‘S = 50] 5
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where a ~ 7 is Controller’s action, F is the shaping-reward function which is given by F() =
B(s¢,a?) — v 1(s4—1,a?_;) for any s¢, 8,1 € S and a7 ~ 72 is chosen by Shaper (and a} =
0,Vt < 0) using the policy 72 : S x Ay — [0, 1] where Ay C R? is the action set for Shaper. The
function ¢ : S x A; — R is a continuous map that satisfies the condition ¢(s,0) = 0 forany s € S
(¢ can be, for example, a neural network with fixed weights with input (s, a?), Az can be for example

a set of integers {1, ..., K'}). Therefore, Shaper determines the output of a (which it does through
its choice of a?). With this, Shaper constructs a shaping-reward function which is tailored for the
specific setting. The transition probability P : S x Ax S — [0, 1] takes the state and only Controller’s
actions as inputs. Formally, the MG is defined by a tuple G = (N, S, A, A3, P, R1, R, ) where
the new elements are N = {1, 2} which is the set of agents, Ry := R+ F is the new Controller
reward function which now contains a shaping reward F, the function Ry : S x A x Ay — Ris
the one-step reward for Shaper (we give the details of this function later) and lastly the transition
probability P : S x A x § — [0, 1] takes the state and only Controller action as inputs.

As Controller’s policy can be learned using any RL method, ROSA easily adopts any existing RL
algorithm for Controller. Note that unlike reward-shaping methods e.g. [27], the function ¢ now
contains an action term a? which is chosen by Shaper which enables the best shaping-reward function
to be learned online. The presence of an action term may spoil the policy invariance result in [27].
We however prove an policy invariance result (Prop. 1) analogous to that in [27] and show RIGA
preserves the optimal policy for 1.

4.1 SWITCHING CONTROLS

So far Shaper’s problem involves learning to construct shaping rewards at every state including
those that are irrelevant for guiding Controller. In order to increase the (computational) efficiency
of Shaper’s learning process, we now replace the policy space for Shaper with a form of policies
known as switching controls. This enables Shaper to decide at which states to learn the value of
shaping rewards it would like to add. Therefore, now Shaper is tasked with learning how to shape
Controller’s rewards only at states that are important for guiding Controller to its optimal policy.
This enables Shaper to quickly determine its policy 72 and how to choose the values of F unlike
Controller whose policy must learned for all states.

Now at each state Shaper first makes a binary decision to decide to switch on its shaping reward
F for Controller affecting a switch I; which takes values in {0, 1}. This leads to an MG in which,
unlike classical MGs, Shaper now uses switching controls to perform its actions.

2
The new Controller objective is: vy (s0,10) =

E[Zfiofyt {R(st,at)+F(st,af;st_1,af_1)ItH, where I, ., = 1 — I, which is the

switch for the shaping rewards which is 0 or 1 (and I; = 0,Vt < 0) and {7} are times that a switch
takes place for example if the switch is first turned on at state s5 then turned off at sy, then 71 =5
and 75 = 7 (we will shortly describe these in detail). The switch I; is managed by Shaper, therefore
by switching I; between 0 or 1, Shaper activates or deactivates the shaping reward.

We now describe how at each state both the decision to activate a shaping reward and their magnitudes
are determined. Recall that a? ~ 72 determines the shaping reward through F. At any s;, the decision
to turn on I; and shape rewards is decided by a (categorical) policy g2 : S — {0, 1}. Therefore, go
determines whether a (or no) Shaper policy 7% should be used to execute an action a? ~ 72, It can
now be seen the sequence of times 7, = inf{t > 7,_1|s; € S, g2(s) = 1} are rules that depend on
the state. Hence, by learning an optimal g, Shaper learns the best states to activate F'.

Summary of events:

Atatimet €0,1...
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Both players make an observation of the state s; € S.
Controller takes an action a; sampled from its policy .
Shaper decides whether or not to activate the shaping reward using g : S — {0, 1}
If gg(st) =0:
o The switch is not activated (I; = 0). Controller receives a reward r ~ R(s, a;) and
the system transitions to the next state sy 1.
o | Ifga(sy) =1:
o Shaper takes an action a? sampled from its policy 7.
o The switch is activated (I; = 1), Controller receives a reward R(s;,a;) +

F(sy,a?;si-1,a?_;) x 1 and the system transitions to the next state ;1.

We set 7, = OVk < O and a2, = 0,Vk € N (a2_,,... 7a3k_+171 remain non-zero) and a3 =
0 Vk < 0 and use the shorthand I(t) = I; .

4.2 THE SHAPER’S OBJECTIVE

The goal of Shaper is to guide Controller to efficiently learn to maximise its own objective (given
in 91). The shaping reward F' is activated by switches controlled by Shaper. As we later describe,
the termination times occur according to some external (probabilistic) rule. To induce Shaper to
selectively choose when to switch on the shaping reward, each switch activation incurs a fixed cost
for Shaper. The cost has two effects: first it reduces the complexity of Shaper problem since its
decision space is to determine which subregions of S it should activate the shaping rewards (and their
magnitudes). Second, it ensures that the information-gain from Shaper encouraging Controller to
explore a given set of states is sufficiently high to merit activating the stream of rewards. Given these
remarks the objective for Shaper is given by

R oo R oo
U;’ﬂ- (80710) = ]E7r,7r2 Z’yt Rl (’St7 Ii: at7a§7 affl) + Z C(Itvlt—l)dizk,l + L(st) . (1)
t=0 E>1

The objective encodes Shaper agenda, namely to maximise the expected return.! Therefore, using
its shaping rewards, Shaper seeks to guide Controller towards optimal trajectories (potentially away
from suboptimal trajectories, c.f. Experiment 1) and enable Controller to learn faster (c.f. Cartpole
experiment in Sec. 6). The function ¢ : {0,1}? — R is a strictly negative cost function which
imposes a cost for each switch and is modulated by the Kronecker-delta function 632 ., Whichis 1
whenever t = 1951 and 0 otherwise (this restricts the costs to only the points at which the shaping
reward is activated). Lastly, the term L : S — R is a Shaper bonus reward for when Controller
visits infrequently visited states and tends to O as the states are revisited. For this there are various
possibilities e.g. model prediction error [37], count-based exploration bonus [38].

With this, Shaper constructs a shaping-reward function that supports Controller’s learning which
is tailored for the specific setting. This avoids inserting hand-designed exploration heuristics into
Controller’s objective as in curiosity-based methods [6, 30] and classical reward shaping [27]. We
later prove that with this objective, Shaper’s optimal policy maximises Controller’s (extrinsic) return
(Prop. 1). Additionally, we show that the framework preserves the optimal policy of 1.

There are various possibilities for the termination times {7} (recall that {7211} are the times
which the shaping reward F' is switched on using gz2). One is for Shaper to determine the sequence.
Another is to build a construction of {7o} that directly incorporates the information gain that a state
visit provides — we defer the details of this arrangement to Sec. 10 of the Appendix.

4.3 THE OVERALL LEARNING PROCEDURE

The game G is solved using our multi-agent RL algorithm (ROSA). In the next section, we show the
convergence properties of ROSA. Here, we first give a description of ROSA (the full code is in Sec. 8
of the Appendix). The ROSA algorithm consists of two independent procedures: Controller learns its
own policy while Shaper learns which states to perform a switch and the shaping reward magnitudes.
In our implementation, we used proximal policy optimization (PPO) [32] as the learning algorithm

t

'Note that we can now see that Ry = R(s;, ar) 4+ F(s¢,a?;s¢_1,a7_1)1; + Yo e, I1)07,, .
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for all policies: Controller’s policy, switching control policy, and the reward magnitude policy. For
Shaper L term we used L(s;) := ||h(s;) — h(s;)||3 as in RND [6] where h is a random initialised,
fixed target network while h is the predictor network that seeks to approximate the target network.
We constructed F using a fixed neural network f : R? — R™ and a one-hot encoding of the action
of Shaper. Specifically, ¢(s¢, a2) := f(s;) - i(a2) where i(a2) is a one-hot encoding of the action a2
picked by Shaper. Thus, F'(s;, a2; 5,1, a2 ;) = f(s¢) - i(a?) —y ' f(s4—1) - i(a2_,). The action
set of Shaper is thus A := {0, 1, ..., m} where each element is an element of N, and 75 is a MLP
7o : R — R™. Precise details are in the Supplementary Materials Section 8.

Algorithm 1: Reinforcement Learning Optimising Shaping Algorithm (ROSA)

Input: Initial Controller policy 7o, Shaper policies ga,, 73, RL learning algorithm A
Output: Optimised Controller policy 7*
fort =1,Tdo
Given environment state s;, sample a; from 7 (s;) and obtain s;11, ;11 by applying a; to
environment
Evaluate g»(s;) according to Prop. 2
if go(s;) = I then
Shaper samples an action a7, ; ~ 72(+|s441)
Shaper computes 7, ; = F(sy, a2, 8141, az ),
Set shaped reward 7 = 7441 + 74
else
L Setr = Tt+1

| Update T, g2, 72 using (sy, at, 7, s¢+1) and A // Learn the individual policies

5 CONVERGENCE AND OPTIMALITY OF OUR METHOD

The ROSA framework enables Shaper to learn a shaping-reward function with which Controller
can learn the optimal policy for the task. The interaction between the two RL agents induces two
concurrent learning processes which can occasion convergence issues [44]. We now show that
our method converges and the solution ensures higher performing Controller policy than would be
achieved by solving 91 directly. To do this, we first study the stable point solutions of G.

Unlike MDPs, the existence of a stable point solution in Markov policies is not guaranteed for MGs
[5] and is rarely computable.> MGs also often have multiple stable points that can be inefficient
[25]; in G the outcome of such stable point profiles would be a poor performing Controller policy. To
ensure the framework is useful, we must verify that the solution of G corresponds to 9t. We solve
these challenges with the following scheme: [A] The method preserves the optimal policy of 91. [B]
A stable point of the game G in Markov policies exists and is the convergence point of ROSA. [C]
The convergence point of ROSA yields a payoff that is (weakly) greater than that from solving 21
directly. [D] ROSA converges to the stable point solution of G.

We now prove [A] which shows the solution to 9t is preserved under the influence of Shaper:

Proposition 1 The following statements hold:

i) max vf’ﬂz (s) = max VT (s), Vs € S,Vr? € 1% where vT(s) = E[>. ;2 v R(s¢, ar)].
(S e

ii) The Shaper’s optimal policy maximises v7 (s) for any s € S.

Result (i) says that the Controller’s problem is preserved under the influence of the Shaper. Moreover
the (expected) total return received by the agents is that from the environment (extrinsic rewards).
Result (ii) establishes that Shaper’s optimal policy induces Shaper to maximise its (Controller’s)
extrinsic total return. The result is established by a careful adaptation of the policy invariance result
in [27] to our multi-agent switching control framework in which the shaping reward is no longer
added at all states. Building on Prop. 1, we deduce the following result:

2Special exceptions are ream MGs where agents share an objective and zero-sum MGs [34].
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Corollary 1 ROSA preserves the MDP 9. In particular, let (7', 72) be a stable point policy profile’
of the MG induced by ROSA G then #1 is a solution to the MDP. M.

Therefore, the introduction of Shaper does not alter the fundamentals of the problem.

We now show that G belongs to a special class of MGs which possess a stable point Markov policies
which can be computed as a limit point of a sequence of Bellman operations. We later exploit this
result to prove the convergence of ROSA.

We begin by defining some objects which are central to the analysis. For any m € 1II

and 72 € TI?, given a function Vo . 8§ x N — R, we define the intervention
2 2 2 ~

operator M™™ by M™™ V™™ (s, I(1)) = Ri(sr,1(Tk),ar,02 ;") + c(Ix, Ix_1) +

Tk
Y o gres P8 ary, $)V™ (' I(74g1)) forany s, € S and V7, where a,, ~ 7(-|s,, ) and where
a2 ~ 72(-|s;,). We define the Bellman operator T of the game G by TV™™ (s,,, I(13)) :=

Th
max {M””T2A(sm,l(7k)), R(sr,,a) + ymax Yoves P(s'5a,5, )A (S, I(Tk))}. Given a value

function {V;};c(1,2}, the quantity MV; measures the expected future stream of rewards for agent
after an immediate switch minus the cost of switching.

We now show that a stable point of G can be computed using dynamic programming:

Theorem 1 Let V : S XN — R then the game G has a stable point which is a given by klim TFV™ =
— 00

supV® = V™ where # is a stable policy profile for the MG, G.

#ell

Theorem 1 proves that the MG G (which is the game that is induced when Shaper influences
Controller) has a stable point which is the limit of a dynamic programming method. In particular,
it proves the that the stable point of G is the limit point of the sequence T'V, T2V, ... ,. Crucially,
(by Corollary 1) the limit point corresponds to the solution of the MDP M. Theorem 1 is proven by
firstly proving that G has a dual representation as an MDP whose solution corresponds to the stable
point of the MG. Theorem 1 enables a distributed Q-learning method [4] to tractably solve the MG.

Having constructed a procedure to find the optimal Controller policy, our next result characterises
Shaper policy g, and the optimal times to activate F'.

Proposition 2 The policy go is given by the following expression: gs(s;) = H(./\/l”’7T2 ymr
V’“’TQ)(st, L), V(st, It) € S x {0, 1}, where V is the solution in Theorem 1 and H is the Heaviside
function, moreover Shaper’s switching times are T, = inf{r > 74_1|M™™ V™" = V”’“Q}.

Hence, Prop. 2 also characterises the (categorical) distribution go. Moreover, given the function V,
the times {74} can be determined by evaluating if MV = V holds. In general, introducing shaping
rewards may undermine learning and worsen overall performance. We now prove that the ROSA
framework introduces an shaping rewards that yield higher total (environment) returns for Controller
as compared to solving 91 directly ([C]).

Proposition 3 Controller’s (extrinsic) expected return vf’”Q whilst playing G is (weakly) higher

2
than vT, the (extrinsic) expected return for M i.e. v1°" (s,+) > v](s), Vs € S.

Prop. 3 shows that the stable point of G improves outcomes for Controller. Unlike reward shaping
methods in general, the stable points generated never lead to a reduction to the total (environment)
return for Controller as compared to its total return without F'. Note that by Prop. 1, Theorem 3
compares the environment (extrinsic) rewards accrued by the agents so that the presence of Shaper
increases the total expected environment rewards.

‘We now prove the convergence to the solution with (linear) function approximators. In what follows,
we define a projection Il on a function A by: ITA := argmin ||A — A||.

Ae{Ur|reRr}
Theorem 2 ROSA converges to the stable point of G, moreover, given a set of linearly independent
basis functions ¥ = {41, ..., 1, } withy, € Lo, Vk, ROSA converges to a limit point v* € RP which

3By stable point profile we mean a configuration in which no agent can increase their expected return by
deviating unilaterally from their policy given the other agents’ policies, i.e. a Markov perfect equilibrium [12].

7



Under review as a conference paper at [CLR 2022

is the unique solution to TIF(Vr*) = Ur* where § is defined by: A := Ry + yP max{MA, A}
where r* satisfies: | Ur* — Q*|| < (1 —~2)~12|TIQ* — Q*|.

Theorem 2 establishes the solution to G can be computed using ROSA. This means that Shaper
converges to a shaping-reward function that necessarily improves Controller’s performance and
Controller learns the optimal value function for the task. Secondly, the theorem establishes the
convergence of ROSA to the solution using (linear) function approximators. Lastly, the approximation
error is bounded by the smallest error that can be achieved given the basis functions.

6 EXPERIMENTS

We performed a series of experiments to test if ROSA (1) learns a beneficial shaping-reward function
(2) decomposes complex tasks into sub-goals, and (3) tailors shaping rewards to encourage Controller
to capture environment rewards (as opposed to merely pursuing novelty). In these tasks, we com-
pared the performance of our method to random network distillation (RND) [6], intrinsic curiosity
module (ICM) [30], learning intrinsic reward policy gradient (LIRPG) [43], bi-level optimization
of parameterized reward shaping (BiPaRS-IMGL) [16]* and vanilla PPO [32]. We then compared
our method against these baselines on performance benchmarks including Sparse Cartpole, Gravitar,
Solaris, and Super Mario. Lastly, we ran a detailed suite of ablation studies (supplementary material).

1. Beneficial shaping reward. Our
method is able to learn a shaping-
reward function that leads to improved
Controller performance. In particu-
lar, it is able to learn to shape rewards
that encourage the RL agent to avoid
suboptimal — but easy to learn — poli-
cies in favour of policies that attain
the maximal return. To demonstrate
this, we designed a Maze environment ~Figure 1: Left. Proportion of optimal and suboptimal goal
with two terminal states: a suboptimal ~arrivals. Our method has a marked inflection (arrow) where
goal state that yields a reward of 0.5 arrivals at the sub-optimal goal decrease and arrivals at the op-
and an optimal goal state which yields ~timal goal increase. Shaper has learned to guide Controller
a reward of 1. In this maze design, to forgo the suboptimal goal in favour of the optimal one.
the sub-optimal goal is more easily Right. Heatmap showing where our method adds rewards.

reached. A good shaping-reward function discourages the agent from visiting the sub-optimal goal.
As shown in Fig. 1° our method achieves this by learning to place high shaping rewards (dark green)
on the path that leads to the optimal goal.

2. Subgoal discovery. We used the Subgoal Maze — .=, . SN
introduced in [21] to test if ROSA can discover sub- s

. — ROSA 5 1.0
i Suboptimal ===sss Count Based Optimal
ioOptimal — — — | CM .

= RND 4 ——— 0.8
3.J_ 06

0.75 1.

0.5

Safe

— s e lﬂ_ — 0.2
0 0.0
o 1 2

25 50 75 100 125 3 4 5
Steps (1e3)

0.25

o

% Arrivals at Suboptimal / Optimal Goal

75

goals. The environment has two rooms separated by
a gateway. To solve this, the agent has to discover the
subgoal of reaching the gateway before it can reach
the goal. Rewards are —0.01 everywhere except at
the goal state where the reward is 1. As shown in Fig. /s, —

2, our method successfully solves this environment 0 50 Greps (1e3) 1% 150
whereas other methods fail. Our method assigns im-
portance to reaching the gateway, depicted by the
heatmap of added shaped rewards.

Episode Return
5

25

Figure 2: Discovering subgoals on Subgoal
Maze. Left. Learning curves. Right. Heatmap
of shaping rewards guiding Controller to gate.
3. Ignoring non-beneficial shaping reward. Switching control gives our method the power to
learn when to attend to shaping rewards and when to ignore them. This allows us to learn to ignore
“red-herrings”, i.e., unexplored parts of the state space where there is no real environment reward, but
where surprise or novelty metrics would place high shaping reward. To verify this claim, we use a
modified Maze environment called Red-Herring Maze which features a large part of the state space
that has no environment reward, but with the goal (and accompanying real reward) in a different part

*BiPaRS-IMGL requires a manually crafted shaping-
reward (only available in Cartpole).
>The sum of curves for each method may be less that 1 if the agent fails to arrive at either goal.
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of the state space. Ideally, we expect that the reward shaping method can learn to quickly ignore the
large part of the state space. Fig. 3 shows that our method outperforms all other baselines. Moreover,
the heatmap shows that while RND is easily dragged to reward exploring novel but non rewarding
states our method learns to ignore them.

= ROSA

i Count Based ROSA
e Start

— RND
n

Goal

0 100
Steps (1e3)

Figure 3: Red-Herring Maze. Ignoring non-beneficial shap-
ing reward. Left. Learning curves. Right. Heatmap of added
shaping rewards. ROSA ignores the RHS of the maze, while
RND incorrectly adds unuseful shaping rewards there.

Learning Performance. We com-
pared our method with the baselines
in four challenging sparse rewards en-
vironments: Cartpole, Gravitar, So-
laris, and Super Mario. These envi-
ronments vary in state representation,
transition dynamics and reward spar-
sity. In Cartpole, a penalty of —1 is o 200 00 600
received only when the pole collapses; Stepstie?)

in Super Mario Brothers the agent can
go for 100s of steps without encoun-
tering a reward. Fig. 4 shows learn-
ing curves. In terms of performance,
ROSA either markedly outperforms
the best competing baseline (Cartpole,

Gravitar

Cartpole

750

100 150 200
|
500

Episode Length
250

Episode Return

o,

10 20
Steps(1e6)

Solaris

Super Mario

2000

1000
Episode Return
500 1000 1500 2000

Episode Return

0 5 10 20 0 10 20
Gravitar) or is on par with them (So- BiP P e Steps(1e6)
. . . .. _— ful shapi q RND - |CM
laris, Super Mario) showing that it is (Harmful shaping reward) — ROSA
. . BiPaRS-IMGL PPO LIRPG
robust to the nature of the environ- (Good shaping reward)
ment and underlying sparse reward. .
Moreover, ROSA does not exhibit the Figure 4: Benchmark performance.

failure modes where after good initial
performance it deteriorates. E.g., in Solaris both ICM and RND have good initial performance but
deteriorate sharply while ROSA’s performance remains satisfactory.

7 CONCLUSION

In this paper, we presented a novel solution method to solve the problem of reward shaping. Our
Markov game framework of a primary Controller and a secondary reward shaping agent is guar-
anteed to preserve the underlying learning task for Controller whilst guiding Controller to higher
performance policies. Moreover, our method is able to decompose complex learning tasks into
subgoals and to adaptively guide Controller by selectively choosing the states to add shaping rewards.
By presenting a theoretically sound and empirically robust approach to solving the reward shaping
problem, our method opens up the applicability of RL to a range of real-world control problems.
The most significant contribution of this paper, however, is the novel construction that marries RL,
multi-agent RL and game theory which leads to new solution method in RL. We believe this powerful
approach can be adopted to solve other open challenges in RL.
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8 ALGORITHM

Algorithm 2: Reinforcement Learning Optimising Shaping Algorithm ROSA

Input: Environment £
Initial Controller policy 7y with parameters 6,
Initial Shaper switch policy ga, with parameters 0,
Initial Shaper action policy 7Z with parameters O
Randomly initialised fixed neural network ¢(-, -)

Neural networks A (fixed) and h for RND with parameter ;.
Buffer B
Number of rollouts /V,., rollout length 7'
Number of mini-batch updates N,
Switch cost ¢(+), Discount factor v, learning rate «
Output: Optimised Controller policy 7*
Un 71—27 g2 < o, 7r(2)7 92,
forn =1, N, do
// Collect rollouts
fort =1,T7 do
Get environment states s; from F
Sample a; from 7(s;)
Apply action a; to environment E, and get reward r; and next state s;4 1
Sample g; from go(s;) // Switching control
if g; = 1 then
Sample a? from 72 (s;)
Sample a7, from 72 (s;11)
i = Y(S141, a7, 1) — ¢(si, af) [ Caleulate F(s, ar, 5¢41,a141)
else
| af,r} =0,0// Dummy values

| Append (s¢, at, g, ai,ry, 7y, S141) o B

foru =1, N, do _
Sample data (s, at, g, a?, 74, i, $441) from B

if g; = 1 then ‘
‘ Set shaped reward to 7} = 7 + 7}
else
| Set shaped reward to r} = r;
// Update RND

Lossgnp = ||h(s¢) — h(se)]|?
0; < 0; — aVLossgnp

// Update Shaper
I, = ||h(s;) — h(s;)||> // Compute L(s;)
et = c(-)gs

Compute Loss> using (s¢, at, g¢, ¢, 7¢, 7%, Iy, S¢11) using PPO loss // Section 4.2
Compute Lossg, using (s¢, at, g¢, ¢, T, 7'%, l¢, s¢+1) using PPO loss // Section 4.2
Or2 < Or2 — aVL0SS 2

04, < 04, — aVLossg,

// Update Controller

Compute Loss, using (s, at, 75, s¢+1) using PPO loss // Section 4

0, < 0, —aVLoss,
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9 FURTHER IMPLEMENTATION DETAILS

Details of Shaper and F' (shaping reward)

Object Description

f Fixed feed forward NN that maps R? — R™
[512, ReLU, 512, ReLU, 512, m]

A, Discrete integer action set which is size of output of f,
i.e., Az is set of integers {1, ..., m}

o Fixed feed forward NN that maps R? s R™
[512, ReLU, 512, ReLU, 512, m]

Potential function ¢ | &(s,a?) = f(s) - a®
F YP(St41, a%—o—l) - P(st, a?)v 7 =0.95

d=Dimensionality of states; m € N - tunable free parameter.

In all experiments we used the above form of I as follows: a state s; is input to the 75 network and

the network outputs logits p;. We softmax and sample from p; to obtain the action a?. This action
is one-hot encoded. Then, the action a? is multiplied with f(s;) to compute the second term of F.
A similar process is used to compute the first term. In this way the policy of Shaper chooses the

shaping reward.

10 SHAPER TERMINATION TIMES

There are various possibilities for the termination times {71} (recall that {7911} are the times
which the shaping reward F' is switched on using gz2). One is for Shaper to determine the sequence.
Another is to build a construction of {75} that directly incorporates the information gain that a state
visit provides: let w : Q — {0, 1} be a random variable with Pr(w = 1) = pand Pr(w = 0) = 1—p
where p €]0,1]. Then forany k£ = 1,2, ..., and denote by AL(s;,) := L(s;,) — L(s7,—1), then we
can set:

I(Srppry), fWAL(Sy 4+5) >0,
I(STzk+1+j) = { ( * ) ( +j) (2)

I(ST2k+2)7 wAL(STk+j) <0.

To explain, since {7ox } x>0 are the times at which F' is switched off then if F’ is deactivated at exactly
after j time steps then I(sr,, ., +1) = 1(Sr,,,,) forany 0 <1 < jand I(s7,,,,+5) = 1(5ry,.) - We
now see that (2) terminates F' when either the random variable w attains a 0 or when AL(s,, ;) < 0
which occurs when the exploration bonus in the current state is lower than that of the previous state.
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11 EXPERIMENTAL DETAILS

11.1

ENVIRONMENTS & PREPROCESSING DETAILS

The table below shows the provenance of environments used in our experiments.

Atari & Cartpole
Maze
Super Mario Brothers

https://github
https://github
https://github

.com/openai/gym
.com/MattChanTK/gym-maze
.com/Kautenja/gym-super—-mario-bros

Furthermore, we used preprocessing settings as indicated in the following table.

Setting

| Value

Max frames per episode

Observation concatenation

Observation preprocessing

Observation scaling

Reward (extrinsic and intrinsic) preprocessing

Atari & Mario — 18000 / Maze & Cartpole — 200
Preceding 4 observations

Standardization followed by clipping to [-5, 5]

Atari & Mario — (84, 84, 1) / Maze & Cartpole — None
Standardization followed by clipping to [-1, 1]

11.2 HYPERPARAMETER SETTINGS

In the table below we report all hyperparameters used in our experiments. Hyperparameter values in
square brackets indicate ranges of values that were used for performance tuning.

Clip Gradient Norm
E
A
Learning rate
Number of minibatches
Number of optimization epochs
Policy architecture
Number of parallel actors

1

0.99

0.95

1x10~*
4
4
CNN (Mario/Atari) or MLP (Cartpole/Maze)
2 (Cartpole/Maze) or 20 (Mario/Atari)

Optimization algorithm Adam
Rollout length 128

Sticky action probability 0.25

Use Generalized Advantage Estimation True
Coefficient of extrinsic reward [1, 5]

Coefficient of intrinsic reward [1, 2,5, 10, 20, 50]
Y1 0.99
Probability of terminating option [0.5,0.75, 0.8, 0.9, 0.95]
RND output size [2, 4,8, 16, 32, 64, 128, 256]
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Figure 5: Ablation Experiments

12  ABLATION STUDIES

Our reward-shaping method features a mechanism to selectively pick states to which intrinsic rewards
are added. It also adapts its shaping rewards according to Controller’s learning process. In this
section, we present the results of experiments in which we ablated each of these components. In
particular, we test the performance of our method in comparison to a version of our method with the
switching mechanism removed. We then present the result of an experiment in which we investigated
the ability of our method to adapt to different behaviour of Controller.

ABLATION STUDY 1: SWITCHING CONTROLS

Switching controls enable our method to be selective of states to which intrinsic rewards are added.
This improves learnability (specifically, by reducing the computational complexity) of the learning
task for Shaper as there are fewer states where it must learn the optimal intrinsic reward to add to
Controller objective.

To test the effect of this feature on the performance of our method, we compared our method to a
modified version in which Shaper must add intrinsic rewards to all states. That is, for this version
of our method we remove the presence of the switching control mechanism for Shaper. Figure 5
(a) shows learning curves on the Maze environment used in the "Optimality of shaping reward"
experiments in Section 6. As expected, the agent with the version of our method with switching
controls learns significantly faster than the agent that uses the version of our method sans the switching
control mechanism. For example, it takes the agent that has no switching control mechanism almost
50,000 more steps to attain an average episode return of 0.5 as compared against the agent that uses
the version of our algorithm with switching controls.

This illustrates a key benefit of switching controls which is to reduce the computational burden on
Shaper (as it does not need to model the effects of adding intrinsic rewards in all states) which in turn
leads to both faster computation of solutions and improved performance by Controller. Moreover,
Maze is a relatively simple environment, expectedly the importance of the switching control is
amplified in more complex environments.

ABLATION STUDY 2: ADAPTION OF OUR METHOD TO DIFFERENT CONTROLLER POLICIES

We claimed Shaper can design a reward-shaping scheme that can adapt its shaping reward guidance
of Controller (to achieve the optimal policy) according to Controller’s (RL) policy.

To test this claim, we tested two versions of our agent in a corridor Maze. The maze features two
goal states that are equidistant from the origin, one is a suboptimal goal with a reward of 0.5 and
the other is an optimal goal which has a reward 1. There is also a fixed cost for each non-terminal
transition. We tested this scenario with two versions of our controller: one with a standard RL
Controller policy and another version in which the actions of Controller are determined by a high
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entropy policy, we call this version of Controller the high entropy controller.® The high entropy
policy induces actions that may randomly push Controller towards the suboptimal goal. Therefore, in
order to guide Controller to the optimal goal state, we expect Shaper to strongly shape the rewards of
Controller to guide Controller away from the suboptimal goal (and towards the optimal goal).

Figure 5 (b) shows heatmaps of the added intrinsic reward (darker colours indicate higher intrinsic
rewards) for the two versions of Controller. With the standard policy controller, the intrinsic reward
is maximal in the state to the right of the origin indicating that Shaper determines that these shaping
rewards are sufficient to guide Controller towards the optimal goal state. For the high entropy
controller, Shaper introduces high intrinsic rewards to the origin state as well as states beneath the
origin. These rewards serve to counteract the random actions taken by the high-entropy policy that
lead Controller towards the suboptimal goal state. It can therefore be seen that Shaper adapts the
shaping rewards according to the type of Controller it seeks to guide.

5To generate this policy, we artificially increased the entropy by adjusting the temperature of a softmax
function on the policy logits.
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13 FLEXIBILITY OF ROSA TO ACCOMMODATE DIFFERENT EXPLORATION
BoONUS TERMS L

To demonstrate the robustness of our method to different choices of exploration bonus terms in
Shaper’s objective, we conducted an Ablation study on the L-term (c.f. Equation 1) where we
replaced the RND L term with a basic count-based exploration bonus. To exemplify the high degree
of flexibility, we replaced the RND with a simple exploration bonus term L(s) = m for any
given state s € S where Count(s) refers to a simple count of the number of times the state s has been
visited. We conducted the Ablation study in the environment in Experiment 1 presented in Sec. 6.
We note that despite the simplicity of the count-based measure, generally the performance of both
versions of ROSA is comparable and in fact the count-based variant is slightly superior to the RND
version.

1.0

- ROSA (L = RND)
ROSA (L = Count-based)
0.84

“\

0.0

4 6
Steps (x 10000)

Figure 6: Performance of ROSA compared with the exploration bonus replaced by count-based
method.
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14 ROBUSTNESS TO CHOICES OF ¢ PARAMETERS

To demonstrate the robustness of ¢ to different choices of weight parameters, we conducted a study
with 3 sets of randomly sampled values of weight parameters for the feed forward NN that constructs

the ¢ function (c.f. Sec. 9).

As is shown in Fig. 7, the performance across all 3 values is very comparable demonstrating the
robustness of ROSA to different values of weight parameters for the ¢ function.

1.0
—— Run 0

Run 1
0.8 —— Run 2

02\

0.0

4 6
Steps (x 10000)

Figure 7: Performance of ROSA compared with different values of ¢ parameters.
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15 NOTATION & ASSUMPTIONS

We assume that S is defined on a probability space (2, 7, P) and any s € S is measurable with
respect to the Borel o-algebra associated with RP. We denote the o-algebra of events generated by
{st}1>0 by F; C F. In what follows, we denote by (V, ||||) any finite normed vector space and by H
the set of all measurable functions.

The results of the paper are built under the following assumptions which are standard within RL and
stochastic approximation methods:

Assumption 1 The stochastic process governing the system dynamics is ergodic, that is the process
is stationary and every invariant random variable of {s,};>¢ is equal to a constant with probability 1.

Assumption 2 The constituent functions of the players’ objectives R, F' and L are in Lo.

Assumption 3 For any positive scalar ¢, there exists a scalar y. such that for all s € S and for any
t € Nwe have: E[1 4+ |[s¢]|%so = 8] < pe(1+ [|8]|°).

Assumption 4 There exists scalars C; and ¢; such that for any function J satisfying |J(s)|
Ca(1 + ||s]|°2) for some scalars ¢ and Co we have that: .- |E[J(s¢)|so = s] — E[J(so)]]
CrCa(1 + [ls[**2).

Assumption 5 There exists scalars ¢ and C' such that for any s € S we have that: |J(z,-)]
C(1+||z|°) for J € {R, F,L}.

We also make the following finiteness assumption on set of switching control policies for Shaper:

ININA

IA

Assumption 6 For any policy g., the total number of interventions is given by K < oo.
We lastly make the following assumption on L which can be made true by construction:

Assumption 7 Let n(s) be the state visitation count for a given state s € S. For any a € A, the
function L(s,a) = 0 for any n(s) > M where 0 < M < 0.

16 PROOF OF TECHNICAL RESULTS

We begin the analysis with some preliminary lemmata and definitions which are useful for proving
the main results.

Definition 1 A.1 An operator T : V — V is said to be a contraction w.r.t a norm || - || if there exists
a constant ¢ € |0, 1] such that for any V1, V2 € V we have that:
[TVL = TVa| < Vi = V2. 3)

Definition 2 A.2 An operator T : V — V is non-expansive if VV1, Vo € V we have:
[TVL = TVa| < [[V1 = Val|. “4)

Lemmal Forany f:V — R,g:V — R, we have that:

wey @ -y

< max || f(a) - g(a)]- (5)

Proof 1 We restate the proof given in [23]:

f(a) <[ f(a) —g(a)|| + g(a) (6)
= glggf(a) < gleag{\lf(a) —g(a)][+g(a)} < max [ f(a) — g(a)|| + max gla). (7)

Deducting max g(a) from both sides of (7) yields:
ac
— < — . 8
maxf(a) — maxg(a) < max||f(a) - g(a)] (8)

After reversing the roles of f and g and redoing steps (6) - (7), we deduce the desired result since the
RHS of (8) is unchanged.
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Lemma 2 A.4 The probability transition kernel P is non-expansive, that is:
[PV — PVa|| < [[Vi — V2. 9)

Proof 2 The result is well-known e.g. [40]. We give a proof using the Tonelli-Fubini theorem and
the iterated law of expectations, we have that:

|PII? = E [(PJ)?[s0]] = E ([E[Tlsullso])?] < E [E [2sillso]] = E [/*[sa]] = T,
where we have used Jensen’s inequality to generate the inequality. This completes the proof.
PROOF OF PROPOSITION 1
Proof 3 (Proof of Prop 1) To prove (i) of the proposition it suffices to prove that the term
Ztho Y F(04,0:-1)I(t) converges to 0 in the limit as T — oo. As in classic potential-based
reward shaping [27], central to this observation is the telescoping sum that emerges by construction
of F.

First recall Uf’”Q(s,IO),for any (s, Iy) € S x {0,1} is given by:

vl (8 IO 7'r7'r2 [Z’Y { St,at +F(Staa?ast 1aat I)It}‘| (10)

=Ern2 | Y YV Ri(se,a0) + Y 7' F(s,afs 501, afl)ftl (11)
t=0 t=0

=E; 2 Z'thi(st7at) +E; r2 lZ’th(sha?;stha?l))It} . (12)
t=0 t=0

Hence it suffices to prove that B - [Zfio NEE(s¢,a2;5 501, affl))lt} =0.

Recall there a number of time steps that elapse between Ty, and Tj1, now

D A F(si,af;s0-1,ai-))I(t)
t=0
T2

= Z 7t¢(5tvat2)_ryt_l(ﬁ(st—laa%—l)+’7T1¢(5T1’a72—1)

t=7m1+1

T4
+ Z ’}/tQS(St, a%) - lyt_1¢(5t711 affl) + '7T3¢(8T37 CL.,2.3)
t=73+1

T2k

t+..t Z YV o(se,a7) =7 7 b(si-1,07 1) F T G(Srppprr 03, ) ot

t=T(2kp—1)+1
To—1
= Z 7t+1¢(8t+17 a‘?Jrl) - 7t¢(8t7 a%) + 7T1¢(8717a72'1)
t=71
T4—1
+ ) AV G(sip1,a70) = B(se af) + G (s1y, a2,)
t=T13
T2K —1
+...+ Z lyt(b(stva’?) _’yt_l(b(st*ha?fl) +’77—2k71¢(87'2k—1>a“2r%_1) +.o+
t=T(2k—1)
T2K—1 [ee]
- Z Z ’VH_ ¢ 5t+1’at+1) 0 ¢ 5t7at ZVTM 1¢ Stok_1s 72—2k 1)
=1t=Tok_1 =

10
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oo
§ T2k § Tok—1 a?
,y ¢ ST2k7 Tzk ’y (b S‘Qk 19 'er 1)

k=1 k=1
o0 o0
= ZFYTW“(ZS(STWN Z'YT% 1¢ STQk 130) = 07
=1 k=1
where we have used the fact that by construction a; = 0 whenevert = 71, Ta, ... and by construction

¢(s,0) =0 for any s.

With this we readily deduce that vf’”g (8) = Enp2 Yoo Ri(se, ar)] which is a measure of
environment rewards only from which statement (i) can be readily deduced.

2
For part (ii) we note first that it is easy to see that vy'" (so, lo) is bounded above, indeed using the
key result in the proof of part (i) and the properties of c we have that

v3"™ (50, I0) = B n2 Z’yt R+Zc(1t,ft_1)5izm+Ln(st) (13)
| t=0 E>1
=Erme [ AR+ el i-1)dk,, |+ La(s) | + > 4'FIL (14)
| t=0 k>1 —
e Y (R+ Ln(st))] (15)
=0
< (Ere | YA (R—i—Ln(st))H (16)
t=0
< Ep e YR+ Ly a7
t=0
< A IR+ 1 Zal) (18)
t=0
1
= (HRII + L) (19)

using the triangle inequality, the definition of R and the (upper-)boundedness of L and R (Assumption
5). We now note that by the dominated convergence theorem we have that ¥(sg, Iy) € S x {0,1}

lim_ v ™ (s0,10) = lim B o ; v+ R+ ;1 e(Iy, I,-1)8%, | + Ln(st) (20)
=E 2 lim th R+Y eIy, I1)dt,, |+ Ln(st) Q1)
E>1
=Epme [ Y A (R4 el Li1)dt,, (22)
| t=0 k>1 |
(o] . K
= ]Eﬂ'7‘“'2 Z Y R Z Ita It 1 7'2k 1 f + ’Ul (SO) (23)
t=0 k>1 ]

again using the key result in the proof of (i) and Assumption 6 in the last step, after which we deduce
(ii).

11
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Note that by (ii) we heron may consider the quantity for the Shaper expected return:

0™ (s0, Io) = B p2 Zv R+ el L)dk, |- (24)

k>1

PROOF OF THEOREM 1

Proof 4 Theorem 1 is proved by firstly showing that when the players jointly maximise the same
objective there exists a fixed point equilibrium of the game when all players use Markov policies and
Shaper uses switching control. The proof then proceeds by showing that the MG G admits a dual
representation as an MG in which jointly maximise the same objective which has a stable point that
can be computed by solving an MDP. Thereafter, we use both results to prove the existence of a fixed
point for the game as a limit point of a sequence generated by successively applying the Bellman
operator to a test function.

Therefore, the scheme of the proof is summarised with the following steps:
I) Prove that the solution to Markov Team games (that is games in which both players maximise

identical objectives) in which one of the players uses switching control is the limit point of a
sequence of Bellman operators (acting on some test function).

II) Prove that for the MG G that is there exists a function B™™ . 8 x {0,1} — R such that’
0™ (2) — o7 ™ (2) = BYT (2) — BT (2), Yz = (s,1p) €S x {0,1},Vi € {1,2}.

3 3

ITI) Prove that the MG G has a dual representation as a Markov Team Game which admits a
representation as an MDP.

PROOF OF PART I
Our first result proves that the operator I' is a contraction operator. First let us recall that the
switching time Ty, is defined recursively 7, = inf{t > 7,_1|s; € A, 7 € F;} where A = {s €
S, m € M|g2(m|s¢) > 0}. To this end, we show that the following bounds holds:
Lemma 3 The Bellman operator T' is a contraction, that is the following bound holds:
1T —TY'|| < vl =2l
Proof 5 Recall we define the Bellman operator T, of G acting on a function A : S x N — R by
TyA(S7,, (7)) := max {M“’“zA(sm,I(Tk)), P(Sry,a) + ymax Z P(s';a, STk)A(S/,I(Tk))] }

s'eS
(25)

In what follows and for the remainder of the script, we employ the following shorthands:

P, =: Z P(s';a,s), PIL, =: Z (a|s)Pl,, R™(z):= Z m(a¢|s)R(zt, ag, 0, 04_1)

s'eS acA at€A

To prove that T is a contraction, we consider the three cases produced by (25), that is to say we prove
the following statements:

l) ’@(Ztaa a’§7a’t 1) —|—’ymax ,Pgstw( 7') - <@(zt7a a‘%va‘t 1) +7ma‘x P?g,ﬂ?( 7))‘ <
Yl =l
ii) HM’T”’Qw — M| < 5 |l — 4|, (and hence M is a contraction,).

"This property is analogous to the condition in Markov potential games [19, 26]

12
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iii) HM’T’”Qw - {@(~,a) +7m€aj< Paw’} ’ < vl = . where z = (s¢,I;) € S x
{0,1}.

We begin by proving i).
Indeed, for any a € AandVz € S x {0,1},V0;,0,_1 € ©,Vs' € S we have that
‘9(2757 a, af, Ay 1) + ’V,Ps SJ/)( 7') - [6(2t7a7 at27 athl) + Vmeaj‘( szstl/il(s/, ):| ’
a
< Iglea_,i( |7,Pg’st¢(5/, ) PYIPS 9,1/) ( 7)|
<Py — Py
again using the fact that P is non-expansive and Lemma 1.

We now prove ii).

Forany T € F, define by 7' = inf{t > 1|s; € A, 7 € F;}. Now using the definition of M we have
that for any s, € S

(M7 — My (s, (7))

< max @(Z.,-,a.,.,a?_, ar_ 1)+C(I‘m[7' 1)+7P 'PGLZJ(S.,.,I(T/))

ar,a2 aT 1EAXO?

- (8(27" Qr, (1.,2_, a72——1) =+ C(I‘Fv I‘F—l) + ’Y’P;r’s,-lpad/(sﬂ I(T/)))

=v|PL., P Y(sr, I(7") = PL, P (s,,1(7"))]
<Py — Py'|
<7ylly-v|,

using the fact that P is non-expansive. The result can then be deduced easily by applying max on
both sides.

We now prove iii). We split the proof of the statement into two cases:

Case 1:
M™T (s, I(7)) — (@(zT,aT7a3, az_q)+ ymax P 1//(5',](7'))) < 0. (26)
We now observe the following:
M”’”zw(sT,I(T)) O(zr,a,,a%,a>_,) + ymax Po W' (', I(T))
S max {e(vaa‘N a“72'7 ‘r 1) + ’YIPS ST’PCL@[J(S 7I(T))7M7r)7r2w(s‘r7 I(T))}

—O(2r,a,,a2,a>_ 1)+’ymax73;l (s, I(7))

< | max {@(zT, ar,aZ,a2_y) +yPL, Py(s', I(1)), MT™ (s, I(T))}

— max {@(zT,aT,ai, a_))+ ymax PS,ST¢/(3/7I(T))7M7r,,72¢(87’ I(T))}
o {@<zﬂaﬁaz, 07 2) e P (7, 1(7)), MPT e I<T>>}

—O(2r,a,,a2,a>_ 1)+’ymax73;l w’(s’,I(T))‘

13
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< [ {0(er.ar, 02,2 1)+ g P, (5, 1(7). M (o1, 107}

o {00z, a2 )+ g P2, V(S 1 >>,Mﬂ’ﬂ2w<sf,f<7>>}|

+ max{@(zT,aT,af, a;_ 1)~&—’ymax77§g (s I(T )),M”’"Qw(sT,I(T))}

—O(2r,a,,a2,a2_,) + ymax Pog V(s I(T))‘
< ymax |PEs, Phb(s', 1(1)) = P, P (s, 1(7))]

i \max {ovw’%(sﬂm)) - <e<zﬂaﬂa3, 2_1) + ymag Pl v <s',1<7>>) }\

<y|Py— Py
<7llv =¥l

where we have used the fact that for any scalars a,b, c we have that |max{a,b} — max{b,c}| <
|a — ¢| and the non-expansiveness of P.

Case 2:

MO (s 1(7)) = (O a2 ) g PR, /6 1(7) ) 0.

For this case, first recall that for any T € F, —c(I;,I,_1) > X for some X > 0.
M s ) = (O, ar,a 2 4) + ma PR, /(5. 1(7) )

< M (o7, 107)) = (O ) 4 g P /(6 1(7) ) = el )
< O(zr,ar,a2,a2_1) + c(Ir, I—1) + YPL, P Y(s', I(1)))

— (@(zr,aﬁai, az_ ) +c(I,, I - 1)+7maX'PM w’(s’,l(r))>
< ymax [PT,, P (0l () — ¥/('. 1()))

<y l(s’ I(r) = 4'(s', I(7))]

<~vllv—-v,
again using the fact that P is non-expansive. Hence we have succeeded in showing that for any
A € Lo we have that

‘M“’”QAmax [W(,a) + P A < v[|A—A]. 27

acA

Gathering the results of the three cases gives the desired result.

PROOF OF PART 11

To prove Part II, we prove the following result:

Proposition 4 For any m € II and for any Shaper policy 72, there exists a function B™™ . 8§ x
{0,1} — R such that

2

VET(2) =TT (2) = BT (2) — BT (2), Ve = (s, 1p) € S x {0,1} (28)

K2 2

14
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where in particular the function B is given by:

B™™ (50, 1p) = By 2 Zv R+ el Ii1)dk, |1 (29)
k>1

Sorany (so,Iy) € S x {0,1}.
Proof 6 Note that by the deduction of (ii) in Prop I, we immediately observe that
2 T 71'2
Vg’ (50710) = B™ (50, Io), V(So,f()) eSS x {0, 1} 30)

We therefore immediately deduce that for any two Shaper policies w2 and 7'? the following expression
holds ¥(sg, Iy) € S x {0,1}:

/\7\'71'

AT 71'/2 ™ w2 ™ 7’2
Vg’ (So,[o) — Uy’ (SQ,IO) = B™ (80,[0) — B™ (So,[o). 3D
Our aim now is to show that the following expression holds ¥(so, Iy) € S x {0,1}:

2 ’ 2 2 ’ 2 .
’Uf’ﬂ- (Io, So) — ’Uf o (Io, 80) = B™7" (Io, So) - BT (Io, 30)7 Vie N

For the finite horizon case, the result is proven by induction on the number of time steps until the end
of the game. Unlike the infinite horizon case, for the finite horizon case the value function and policy
have an explicit time dependence.

We consider the case of the proposition at time T' — 1 that is we evaluate the value functions at the
penultimate time step. In this case, we have that:

2
Esr_i~dy {B;’fl (Ir—1,57-1) —BT 1 (IT 1,8T— 1)}

Z m(ar—1;87-1) R(ST—lvaT—l)—FZ Z

ar_1€EA k>0j=T-1

7T7T2
+7 Z Z m(ar—1;87-1)P(sr;ar—1)BR" (Ir,sT)

sre€Sar_1€A

—( Z 7'(a'7_1;87-1) R(ST_l,a'T_l)—I—Z Z e(I;, I;

a'r_1€EA k>0 j=T-1

=E

sT_1~dg

r 2
+v > > w(ar1;sr1)P(sridr1)BET (IT,ST)>1

speSa'r_1€A

ZESTWdQ[ > mlar—1;sr1)R(sr-1,ar1)

ar—1€A

- Z 7' (a'r—1;87—1)R(sr—1,a'7_1)

a’'r_1€A

2
Z Z m(ar—1;s7—1)P(sr;ar—1)BE™ (Ir, st)

sTESar_1€EA

(32)

’ 2
— Z Z "(a'r—1;s7-1)P(spya’r—1)BL" (Ir, st)

sT€ESa’'r_1€EA

We now observe that for any m € 11 and for any m* we have that B;’Wz (Ir,sT) =
E Yo camlar;sT) [R(ST, ar) + X k>0 ch:T c(Ij,Ij_l)(SikH, moreover we have that for any

15
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7 € Il and for any 7

E| Y wlar;sr) |R(sr.ar) + Y Y e(l;, Ij-1)8
ar€A k>05=T
— Z (aT;sT) R(ST,a'T)JrZZC(Ij,Ij_l)éik ]
a'T€EA k>04=T
= l Z 7T(CLT; ST)R(ST,(LT) — Z W/(a/T; ST)R(ST,GT)]
ar€A a'reA

+E Z ﬂ(aT;sT)ZZC(Ij,Ij_l)zslk - Z W’(a/T;ST)ZZC(I] I;_1)6

ar€A k>0j5=T a’'reA k>0j5=T

Hence we find that

2 ’
Esri~dg [B;fl(ITflaSTfl) - B7 (IT 1,8T— 1)}

=Eapyndy| D, mlar_1isr1)R(s71,a7 1)
ar—1€A (33)
- Z m'(a'r-1;87-1)R(s7—1,0'7-1)
a’r_1E€A

+7<Z Z Z m(ar—1;87—1)P(sr;ar—1)m(ar; st)R(st, ar) (34)

streESar_1€AareA

- Y. > A(@raisr1)P(sria'roa)w (a'r; sr)R(st, ar) (35)

sT€Sa'r_1€EAa'TEA

+ Z Z Z ZZW(GT—l;ST—l)P(ST;aT_l)W(aT;sT)c(Ij,Ij_l)élk (36)

sT€ESar_1€AarcAk>035=T

- > > ZZW’(a/Tl;sTl)P(sT;a/T1)7T/(a/T;ST)c(Ij,Ij1)5%)].

sr€Sa'r_1€Aa'rEAK>0=T
(37)

Now

EST1~d9l S0 30> wlar—assro1)P(srsar—a)w(ar; st)e(I, I;-1)8., (38)

str€ESar_1€AareAk>0;5=T

SIS ZZ”'(a/T—ﬁST—l)P(STW’T—l)W/(a’T;ST)C(Ijvfj—l)fsik] (39)

sre€ESa'r_1€EAdTEAK>0 =T

—EST 1~d9[ Z Z Z aT 1,ST7— 1)P(3T§aT71)7T(aT§3T)ZZC(I] I,

steESar_1€AarcA k>05=T
(40)

— Z Z Z aT 1,8T— 1)P(ST,CLT 1) CLT,ST ZZ 51;| (41)
k>0 35=T

steESa'r_1€EAa'TEA

=Es_ 1~d9[ Z Z Z m(ar—1;s7—1)P(sr;ar—1)m(ar; st ZZ
k>0 j=T

st€Sar_1€AarcA
(42)
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_ Z Z Z (a'7r_1;87_1)P(sp;a'r_1)7'(a' 3 s7) ZZ ] (43)

ste€Sa'r_1€EAa'TEA

= KESledQ[ > Y > wlar—y;sr1)Plsriar1)w(ar; st) (44)

sreSar_1€AarcA

- Z Z Z (a'r_1;87— 1)P(5T;G/T—1)W/(QIT§5T)] (45)

sTeESa'r_1€Aa'TEA

- K ( > wlar)— > 7r’(a’T)> =0. (46)

ar€eA a’'reEA
Hence, we find that

Eor_indy [B;’fl (Ir—1,57-1) — Béi'_’{ (Ir—1, ST—l)}

=Esr_1~ds Z m(ar—1; s7—1)R(sT-1,a7-1)
ar_1€A (47)
- Z 7' (a'r—1;s7-1)R(sr-1,d'7-1)
a’'r_1€A

+7(Z > Y wlar—1;s7-1)P(sriar—1)w(ar; sv)R(st, ar) (48)

sreSar_1€AareA

- Z Z Z (a'p—1; 87— 1)P(5T§QIT—1)7T/(QIT;ST)R(STaaT)>] (49)
sr€Sa'r_1€EAa'TEA
’ 2

2
= ]EST—l""dB [vz’;’rﬁl(sTfl) - UZT’“il(STfl)} : (50

Hence, we have succeeded in proving that the expression (28) holds for T' — k when k = 1.

Our next goal is to prove that the expression holds for any 0 < k < T.

2
Note that for any T > k > 0, we can write B7." as

R(sr—ryar—i)+ Y > oIy, Ii-1)d, (51)

k>0 j=T—j

B (To, s0) = Ex

+ Z P(s'ssr—,ar—i) B} (kﬂ)(IT (k4+1)> ST—(k+1)) | -
sp+1€S
(52)

Now we consider the case when we evaluate the expression (28) for any 0 < k < T'. Our inductive
hypothesis is the the expression holds for some 0 < k < T, that is for any 0 < k < T we have that:

2
Z Z m(ar—(kt1); ST (k1)) P(5T—k5 a7 (ky1))05 1 (I -1, ST—1)
sT_KES aT—(k+1)e-A

7T/.7T2
E § 7' (@' v (kg1 ST (k4 1)) P (5783 @' 1 (kg 1))V} 77 (I =, sT—1)  (53)
sT_LES a'T,(kJrl)EA

2
Z Z T(ar— (k1) 57— (k1)) P(ST—13 @0 — (141)) BY ) (I —k, ST—1) (54)
ST—KES ar_(k41) €A

’ 2
Z Z 7' (0" r— (k1) STkt 1)) P(ST7—13 ' 17— (531)) BTy (Ir—key s7—1). (55)

sT_k€Sa'r_(k41)EA

17
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It remains to show that the expression holds for k + 1 time steps prior to the end of the horizon. The
result can be obtained using the dynamic programming principle and the base case (k = 1) result,
indeed we have that

2 w72
Eisr_ esry~do [BT—(k+1)(IT*(k+1)’ ST—(k+1)) — B Zp 1y U1 - (k1) 8T7<k+1>)}

=E Z (@ (kt1)3 57— (k+1)) P(ST— (k+1)> AT — (k1))

ar_(k4+1)€A

ST (k4+1)~de

— > T ey ST— (k1)) (ST (k1) € T— (k1))
a'7_(k41)€A

s 7\'2
+y ) > m(ar—(kt1); ST— (k1)) P(8T—k3 a7 (k1)) BT (IT— ks ST—)
ST_KES aT—(k+1)e-A

7\', 7T2
- Z Z 7' (@' r— (k1) ST— (k1)) P(ST—13 ' 17— (141)) BT}, (Ir—ky ST—1)

sT—kE€ES a’'r_(kt1) cA

:EST<k+1)Nd9l Z (AT —(kt1); ST—(k+1)) R(ST—(k+1)aaT—(k+1))+Z Z (I, Ij—1)67,
aT—(k+1)e-A k>0j5=T-1

s 7\'2
+ v Z Z T(ar—(k41); ST— (k1)) P (8715 a7~ (8t1)) B (I 1, ST 1)
sT—k€S ar_(x41)€EA

o0
—< > @i sT—hrn) | RGST—(or1) @ r—an) + > Y eIy, Ijo1)d,

alT—(k+1)€A k>05=T-1

71" 71'2
+ Z Z 7' (@' - (k1) ST— (1)) P(ST—13 &' 7 (131)) BT, (Ir—, ST—k)]>

ST_KES a/T—(k+l)€A

= ]EST,<H1)~¢9 [ Z W(GT—(kH); 5T—(k+1))R(5T—(k+1)a aT—(k+1))
ar—(k+1)€A

- Z 7' (@' r— (k1) ST— (k1)) R(ST— (k- 1)5 @' 7— (6 41))
a'p_(ry1)EA

7'(71'2
+yl Y > wlar— ey ST— (k1)) P(ST—k3 ar— (1)) BET, (I ST 1)

sT—k€S ar_(r+1)EA

- > > 7@ e k)i ST—(or1) P57k ' 7 (141)) BT, (IT—k,ST—k)H-

sT_RES a’T_(k_H)E.A

(56)

= ]EST_(k+1)~d9 l Z W(an(k+1)§ STf(k+1))R(3Tf(k+1)7 an(qul))

ar_(k4+1)€A

- Z 7' (@' (k1) ST— (k1)) R(ST— (k1) @' 17— (k41))
a'r_ (k1) €A

+

2
T,
> > mar (k1) ST— (o) P (ST @ (o40) ) 0] (I ks 1)
sT_KES aT_(k+1)E.A

’ 2
- Z Z 7' (a' r—(k41); 8T-(k+1))P(STk;a/T—(kH))vgq’J:k(ITk,STk)H~

sT_LES CL’T,(k+1)E.A

(57)
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=Esp_hpry~do {sz_(k+1)(IT—(k+1), ST—(k+1)) — U;_’Tk+1)(IT—(k+1)7 5i,T—(k+1)):| , (58)

using the inductive hypothesis and where we have used the fact that

Esr_hpry~do [ > > S 3D war— i1y ST— (e 1) P(57ki -y )T (ar ki sT—k)e(Ty, 1) 6,

sT_LES AT (k41) cAar_€AK>0,5=T
(59

- > > > ZZ (k1) ST— (k1)) P (8783 @' 7 (o)) ("1 is 570 ) (I, 151) 8,

sT—k€Sa'r_(xy1)€A A T_LEAK>05=T
(60)

=K Z W(GT,]Q) - Z W/(alT,k) = 0, (61)

ar_L€EA a’'r_rEA
via similar reasoning as before and after which which we deduce the result in the finite case.

For the infinite horizon case, we must prove that there exists a measurable function B : 11 x § — R
such that the following holds for any i € N and Vr win' € I,Vr_;7' € U_; and Vs € S:

Eoup [(v7™ =0 7) (2)] = Bonp [ (B = B77) ()] (62)

The result is proven by contradiction.

To this end, let us firstly assume 3c # 0 such that
2 ’ 2 2 ’ 2
Eswp [( o —l T ) (z)} —Esup [(BZT’Tr - B'" ) (z)} =c

Let us now define the following quantities for any s € S and for each nn’ € Ml and n_;7' € T1_;
and Vi € N:

ZM (so)m(a, so)m—i(ag’,s H > A P(sjin; s, a5)m(al]s;)mi(a; [s;) Ri(z, a5),
j=0s;41€S
and
T/
2 . s
BL™ (2) =Y u(so)m(af, so)m—i(ag H D Plsjrassg,ap) - m(aj]sy)mi(a;"|s;)0(z5, a ),
t=0 j= OSJ+1€$

so that the quantity v} 1, (s) measures the expected cumulative return until the point T' < oco.

Hence, we deduce that

v (2) = V] (2)

T'—1
, . By
=0l (2) + 9" nlso)m(ah, so)m—ilag’ s0) [T D 7'Plsjeasss, aj)m(al]s;)m—i(a;’|s;)v] (s1).
j=0 s;+1€S

Next we observe that:

c=Esup {(vf’”z - vf,’WQ) (z)} —Esop [(B’”r2 - B“,”T2> (z)}
2

’ 2 2 ’ 2
=E,.p [(Uf:ﬁ — UZT”,T ) (z)} —E,wp {(B;ff ~ BL" ) (s)}

T'-1
’ . s 2 2
+7" Eopinp lﬂ(so) (agsso)m—ilag’ys0) [T Do Plsjrrsss,a)mlal|s;)m_i(a;’[s;) (U?’W (z17) = B™" (ZT')>
J=0 s;11€S
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T -1

. . o ﬂ_l 2 r 2
— u(so)mi(af,so)milag',s0) [T Y0 Plsjenssy apmitaflsm-ita; ls;) (o7 (err) = BT w)].

j=0 s;+1€S

Considering the last expectation and its coefficient and denoting the product by k, using the fact
that by the Cauchy-Schwarz inequality we have |AX — BY|| < , moreover
whenever A, B are non-expansive we have that |AX — BY || < || X|| + ||[Y|l, hence we observe
the following r. < ||k|| < 24T (||vi|| + || B|)). Since we can choose T' freely and ~y €]0, 1], we can
choose T' to be sufficiently large so that v (||lv|| + || B|)) < 1|c|. This then implies that

Eswp > —c,

7'("/'\'2 7\' 7T2 7'['7'!'2 ﬂ'/ 71'2
(77 =7 ) ()= (B = BR™) ()

which is a contradiction since we have proven that for any finite T it is the case that

ESNP

w2 ' 7?2 2 w72
(”i,T' = Vi 7 ) (2) = (BT/ — By ) (2)1 =0,
and hence we deduce the result in the infinite horizon case.

PROOF OF PART III

We begin by recalling that a Markov strategy is a policy 7 : S x A; — [0, 1] which requires as input
only the current system state (and not the game history or the other player’s action or strategy [22]).
With this, we give a formal description of the stable points of G in Markov strategies.

Definition 3 A policy profile # = (71,72) € Il is a Markov perfect equilibrium (MPE) if the
following holds Vi # j € {1,2}, v#' € I vgﬁl’ﬂj)(so,lo) > vfﬁ ’ﬁj)(so,lo),V(so,Io) €
S x{0,1}.

The MPE describes a configuration in policies in which no player can increase their payoff by

changing (unilaterally) their policy. Crucially, it defines the stable points to which independent
learners converge (if they converge at all).

PROOF OF PROPOSITION 3

Proof 7 We do the proof by contradiction. Let o = (w,g) € argsup B™ 9 (s) for any s € S. Let us
7' ell,g’
now therefore assume that o ¢ NE{G}, hence there exists some other strategy profile & = (g, T)
r 2 2
for which Controller has a profitable deviation where 7' # 7 i.e. v '™ (s) > v]'" (s) (using the
preservation of signs of integration). Prop. 4 however implies that B’ (s) — BT’ (s) > 0 which
is a contradiction since o = (m, g) is a maximum of B. The proof can be straightforwardly adapted
to cover the case in which the deviating player is Shaper after which we deduce the desired result.

The last result completes the proof of Theorem 1.

PROOF OF PROPOSITION 2

Proof 8 (Proof of Prop. 2) The proof is given by establishing a contradiction. Therefore suppose
that M’T’”21/1(57k (1)) < W(sy,,, (1)) and suppose that the intervention time T > Ty is an opti-
mal intervention time. Construct the Player 2 7'* € T1? and 7? policy switching times by (14,71, ... ,)
and 7% € TI? policy by (14,1,...) respectively. Define by | = inf{t > O;M”’”2w(st,lo) =
¥ (8¢, Io)} and m = sup{t;t < 7{}. By construction we have that

3™ (s, 1)

=E |:R(807 CLQ) +E |: ot ,Yl*l]E |:R(S7'1—17 aTl—l) +...+ ,YmililE [R(ST{—haT{—l) + ’yMﬂl ™
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<E [R(S(J? ap) +E |: -t ’Ylil]E [R(Sﬁ—lv ar—1) + ’YMH’;TQU;FI’WIZ (X I(Tl))}ﬂ
We now use the following observation E [R(sn,l, ar—1) + fyM”l’ﬁzvgl’W/Z (Sry, I(Tl))}
< max {Mwly;rzvglﬁﬂ& (87,5 L(71)), max, [R(sfwam) +7Yges P(s an,sﬂ)v;rlm?(s/’ I(Tl))} }

aTl

Using this we deduce that

2

vgl’”l (s,Ip) <E

R(So, CL()) +E

-1 at#72 wtw’? /. wlw?
+~' 7 E |R(8r —1,07r,—1) + ymax s M vy (870, 1(71)), max, R(8s,,ar,) +7 Z P(s'sar,8m)vg " (' I(T
e s'eS
1 ~2 1 -2
—E [R(s0,00) + E ... +9''E [R(sp, -1,ar, 1) +7 [To] 7| (50 1) ]| =057 (s, 10)),

where the first inequality is true by assumption on M. This is a contradiction since '? is an optimal

policy for Player 2. Using analogous reasoning, we deduce the same result for Tj, < Ty, after which
deduce the result. Moreover, by invoking the same reasoning, we can conclude that it must be the
case that (To, T1y -+, The1, Tk, Tkt1, - - - » ) are the optimal switching times.

PROOF OF THEOREM 2

To prove the theorem, we make use of the following result:

Theorem 3 (Theorem 1, pg 4 in [18]) Let =;(s) be a random process that takes values in R™ and
given by the following:

Eev1(s) = (1 — au(s)) Zels)au(s) Le(s), (63)
then Z4(s) converges to 0 with probability 1 under the following conditions:
) 0<a;<1,),ap =00and ), oy <0

ii) ||E[LF]|| < ]2

, withy < 1;
iii) Var [L|F;] < c(1 + ||Z]|?) for some ¢ > 0.
Proof 9 7o prove the result, we show (i) - (iii) hold. Condition (i) holds by choice of learning rate.

It therefore remains to prove (ii) - (iii). We first prove (ii). For this, we consider our variant of the
Q-learning update rule:

QtJrl(StaIt;at) = Qt(st,Itaat)
+ at(st; It7 at) {max {-/\/lﬂ—’ﬂ—er(ST;C ) ITk ) a)7 ¢(STk ) a) + ’Ynllgﬁ Q(Sla ITk ) a/)} - Qt(sta Ita at):| .
After subtracting Q*(sy, It, a;) from both sides and some manipulation we obtain that:

Et+1(3t7[taat)
= (1 - Olt(StJm at))Et(Sta I, at)

+ Oét(St, Ita at)) [max {Mﬂ-sz(sm ) ITk: ’ Cl), ¢)(S7'k ’ Cl) + ’YH}gﬁ Q(Sla ITk: ’ CL/)} - Q*(St, Ita at):| )

where Zy(s¢, Iy, ar) = Qi (st, It, ar) — Q* (8¢, Iy, ay).
Let us now define by

Li(s7,,Ir,,a) == max {MW)TFZQ(STkaITk7a)7 B(87,,0) + ymax Qs Im,a')} = Q" (81,11, a).
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Then

Et+1(5t71ta at) = (1 - at(5t7]t7at))5t(5t7]t7 at) + at(3t7 Imat)) [Lt(srk.ya)] . (64)

We now observe that

E[Li(sr,, I, a)|Fi] = Z P( S ;a, S, ) max {MT”F Q57 Ir,, a), d(sr,, a) +7£I,12§ Q(Sl?ITkVG“/)} = Q" (s, a)

s’eS
:T¢Qt(sal‘rk7a) —Q*(S,I-,-k,a). (65)
Now, using the fixed point property that implies Q* = Ty, Q*, we find that
E [Lt(s‘rk’ Tk )|]:t] Ttth(S’ ITIN a) - T¢Q*(S7 I‘Fka a)
< I TyQe — TyQ”||
SR = Qoo =7 1%t - (66)
using the contraction property of T" established in Lemma 3. This proves (ii).
We now prove iii), that is
Var [Ly|F) < c(1+ [|Z]%). (67)

Now by (65) we have that
Var [L;|F;] = Var {max {M”7”2Q(3Tk,ITk,a),ng(sTk, a) + ymax Q(s', I,,,a') ¢ — Q" (54, It )}

=K

7Q*(StaIt7 ) (T@Qt( Tk’ ) *( Tk’ ))) ]

(max {M”’WQQ(sTk,ITk,a), d(Sr,,a) + ymax Qs I, ,ad }
Q
_E }

2
(maX{MW7W2Q(STk7ITkaa‘)7¢(87k7 )+’YmaXQ S ITka T@Qt S, ITka )) ‘|

= Var [ { M7 Qo1 1,0 5y 0) 4 1y QU T )| = To@u(s, )
< c(1+ =),
for some ¢ > 0 where the last line follows due to the boundedness of Q) (which follows from

Assumptions 2 and 4). This concludes the proof of the Theorem.

PROOF OF CONVERGENCE WITH LINEAR FUNCTION APPROXIMATION

First let us recall the statement of the theorem:
Theorem 3 ROSA converges to a limit point r* which is the unique solution to the equation:
IIF(er*) = or*, a.e. (68)

where we recall that for any test function A € V, the operator § is defined by §A = © +
~vP max{MA, A}.

Moreover, T satisfies the following:
[@r* — Q|| < c[[IQ" — Q. (69)

The theorem is proven using a set of results that we now establish. To this end, we first wish to prove
the following bound:
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Lemma 4 For any Q € V we have that
I8Q - QI <vlQ -l (70)

so that the operator § is a contraction.

Proof 10 Recall, for any test function 1, a projection operator I acting A is defined by the following

ITA := argmin H/_\—AH.
Ae{®r|reRr}

Now, we first note that in the proof of Lemma 3, we deduced that for any A € Lo we have that

—_ . a /
HMA P( a) + ymax P A]

‘SWAA’II,

(c.f. Lemma 3).

Setting A = Q and ¢ = ©, it can be straightforwardly deduced that for any Q7Q € Ly:
HMQ — QH < v HQ — QH Hence, using the contraction property of M, we readily deduce

the following bound:
max { | M@ - : (1)

)

-l <+l

We now observe that § is a contraction. Indeed, since for any Q,Q’ € Ly we have that:
I3Q — 3Q'l = © + yPmax{MQ, Q} — (6 + yPmax{MQ’, Q"})|
= 7[[Pmax{MQ, Q} — Pmax{MQ",Q'}|
< 7 max{MQ, Q} — max{MQ", Q"}|
<7 max{MQ - MQ',Q - MQ'MQ - Q",Q - Q'}||
< ymax{[|MQ - MQ||,[|Q - MQ'||, IMQ - Q|| |Q - Q"[I}
=71Q - Q'

using (71) and again using the non-expansiveness of P.
We next show that the following two bounds hold:
Lemma 5 Forany Q €V we have that
i) [13Q - 15Q[| <7 [|Q - @
ii) |or* — Q*|| < == 11Q* — Q.

1—~2

’

Proof 11 The first result is straightforward since as 1l is a projection it is non-expansive and hence:
[13Q - 15Q| < [|5Q - 3Q[| <~ [lQ - Q]

using the contraction property of §. This proves i). For ii), we note that by the orthogonality property
of projections we have that (Pr* — IIQ*, &r* — IIQ*), hence we observe that:

[@r — Q|1 = [|&r* — IQ*||* + || &r* — TIQ*|®
= |[I§er* — 0Q*||* + [|&r* — Q|
< |[§er — Q*|° + |@r* — Q™|
= [§er* — 3Q*||° + [|or* — TIQ*|
<A @r — Q*|* + | @r* — 11IQ*|?,

after which we readily deduce the desired result.
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MQ(z), fMQ(z) > or,

Lemma 6 Define the operator H by the following: HQ(z) = {Q(z) otherwise

and § by: 5Q := © + vPHQ.
Forany Q,Q € Lo we have that
5@ -3Q|| <~ le-al (72)
and hence § is a contraction mapping.
Proof 12 Using (71), we now observe that
5@ -30Q| = |+ PHQ - (0++PHQ)|

<7v||HQ - HQ||

<y [Jmax {MQ — MQ, Q — Q, MQ — Q, MQ — Q}||

< ymax {MQ - M@, @ -@],[MeQ-e[.[MQ-e]}

<ymax{y[Q - Q| [l -, [|me -], [|me -}
~lle-al.
again using the non-expansive property of P.
Lemma 7 Define by Q := © + vPv™ where
v™(2) := O(sr,,a) + ymax Z P(s';a,5:,,)®r*(s', I(x)), (73)
“ s'eS
then Q is a fixed point of§Q, that is {~§Q~ = Q
Proof 13 We begin by observing that
HQ(z) = H (6(z) + yPv™)
_ JMQ(z), ifMQ(z) > Prr,
- Q(»), otherwise,
_(MQ(2), if MQ(z) > @r*,
1 O(2) +yPv™,  otherwise,
=07 (2).
Hence,
FQ=0+~+yPHQ =0 +~Pv™ = Q. (74)
which proves the result.
Lemma 8 The following bound holds:
) . -1
E[o* (20)] = E [ ()] <2 [(1 =)/ —7)]  I1Q" - Q"] (75)

Proof 14 By definitions of v™ and v™ (c.f (73)) and using Jensen’s inequality and the stationarity
property we have that,

E [v7(20)] — E [v7(20)] = E [Pv™(20)] — E [Pv™ (20)]
<|E [Pv*(20)] —E [Pvi(zo)] |
< ||[Po* — PoT|. (76)

Now recall that Q := © + vPv™ and Q* := © + vPv™", using these expressions in (76) we find
that

7 7 1 ~ N
]E[v (Zo)] —E[v (ZO)] S;HQ_Q
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Moreover, by the triangle inequality and using the fact that §(®r*) = §(®r*) and that FQ* = Q*
and §Q = Q (c.f. (75)) we have that

|@-e| < |@-st@m|+|je" - 5@
<v[@-er||+y1Q -2
S%HQ*‘PT* +7HQ**Q‘7
which gives the following bound:
|@-e | <2a-n7"|jo-or|.

s

<2 [(1 A 72)} - HQ — r*

from which, using Lemma 5, we deduce that HQ - Q*
after which by (77), we finally obtain

E [v%(20)] B[ ()] <2 [0 -] [[@-ar

)

as required.

Let us rewrite the update in the following way:
re1 =1t + E(we, re),
where the function = : R2¢ x RP — RP is given by:
E(w,r) := ¢(2) (B(2) + ymax {(2r)(z"), M(2r)(z')} — (r)(2)),

for any w = (2,2') € (N x S)* where z = (t,s) € Nx Sand 2’ = (t,5') € N x S and for any
r € RP. Let us also define the function = : RP — RP? by the following:

E(r) := Ewg~(pp) [E(wo, )] 5 wo := (20, 21)-
Lemma 9 The following statements hold for all z € {0,1} x S:

i) (r—r")Er(r) <0, Vr #

i) Ep(r*) =0.

Proof 15 To prove the statement, we first note that each component of By, (r) admits a representation
as an inner product, indeed:

Ex(r) = E[¢r(20)(O(20) + ymax {®@r(z1), MP(21)} — (Pr)(20)]
= E [¢x(20)(O(20) + VE [max {®r(21), MP(21)} [20] — (@7)(20)]
= E [¢r(20)(©(20) + 7P max {(Pr, MP)} (z9) — (Pr)(20)]

= <¢k,8"q)7" - (I)’I“> )
using the iterated law of expectations and the definitions of P and §.

We now are in position to prove i). Indeed, we now observe the following:
(r=r*)Br(r) =Y (r(1) = r* (1)) (b1, §r — @r)
1=1
= (Pr — Or*, For — or)
= (Pr — &r*, (1 — I)FPr + IIFPr — Or)
= (Pr — Or*, 1FDr — Or),
where in the last step we used the orthogonality of (1 — II). We now recall that TIF®r* = or*

since ®r* is a fixed point of 1I§. Additionally, using Lemma 5 we observe that ||IIF®r — &r*|| <
|| ®r — r*||. With this we now find that

(Or — Or* IIFDr — Or)
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= (Pr — Or*, (IFPr — Or*) 4+ Or* — Or)
< ||@r — &r*|| | HFDr — Or*|| — || Pr* — <I>r\|2
< (y -1 [|@r* - or|?,
which is negative since v < 1 which completes the proof of part i).
The proof of part ii) is straightforward since we readily observe that
Ep(r*) = (¢, FOr* — Or) = (¢, IFPr* — Or) =0,

as required and from which we deduce the result.
To prove the theorem, we make use of a special case of the following result:

Theorem 4 (Th. 17, p. 239 in [3]) Consider a stochastic process ry : R x {o0} x Q) — R* which
takes an initial value ro and evolves according to the following:

'I’t+1 =T¢ +C¥E($t,7‘t), (77)
for some function s : R%2¢ x R* — R* and where the following statements hold:

1. {s|t =0,1,...} is a stationary, ergodic Markov process taking values in R??

2. For any positive scalar g, there exists a scalar p, such that E[1 + ||s;]|%]s = so] <
pg (1+[ls][)

3. The step size sequence satisfies the Robbins-Monro conditions, that is . o Q¢ = 00 and
oo 9
Dot <00

4. There exists scalars ¢ and q such that ||Z(w, )| < ¢ (1+ ||w]|9) (1 4 ||7|)

5. There exists scalars ¢ and q such that Y > ||E [E(wq,r)|z0 = 2] — E[E(wo, r)]|| <
(L4 [lwl*) (L + )

6. There exists a scalar ¢ > 0 such that |E[Z(wo, )] — E[E(wo, 7)]|| < ¢|lr — 7|

7. There exists scalars c > 0 and q > 0  such that
> i—o [E [E(we, 7)|wo = w] = E[E(wo, 7)]|| < cflr — 7| (1 + [Jw]|?)

8. There exists some v* € R¥ such that E(r)(r — r*) < 0 for all r # r* and 5(r*) = 0.
Then 1, converges to r* almost surely.
In order to apply the Theorem 4, we show that conditions 1 - 7 are satisfied.

Proof 16 Conditions 1-2 are true by assumption while condition 3 can be made true by choice of the
learning rates. Therefore it remains to verify conditions 4-7 are met.

To prove 4, we observe that
[E(w, )| = ll¢(2) (B(2) + ymax {(®r)(2'), MP(2")} — (2r)(2))]
< llg()10(z) + (¢ Il + M) + ¢ 7]
<@ IO +AIMRDD) + lle() (v ¢ + le()1D) (7]l

Now using the definition of M, we readily observe that | M®(2')|| < |©] +~[PZ,, @[ < ||©] +
|| ®|| using the non-expansiveness of P.

(z
(z

Hence, we lastly deduce that

IE(w, M)l < [l (10(2)] + AIIMDEID + leC) (v 6] + )1 17l
< eI UOG + AN + A1) + eI (v 161 + () ) N7,

we then easily deduce the result using the boundedness of ¢, © and 1.
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Now we observe the following Lipschitz condition on E:
[E(w, ) = E(w, 7|
= ll¢(2) (v max {(®r)(2"), M®(2')} — ymax {(2F)(z"), MO()}) — ((Pr)(2) — 7 (2)) ]|
< 7 ll6(2)[ Imax {¢' (2")r, MP'(2")} — max {(¢' (")), MO (")} + [|6(2) || |¢' (2)r — d(2)7
< 7lle)IHI¢" () = &' ()7l + [l6(2) | 16 (2)r — & (2)7]|
< g (e + v lle) ¢ (") = "IN Ir =7l

<clr—rl,

using Cauchy-Schwarz inequality and that for any scalars a,b,c we have that
|max{a,b} — max{b,c}| < |a — c|.
Using Assumptions 3 and 4, we therefore deduce that

Y IEE(w,r) = E(w, P)|wo = w] = E[E(wo, ) — E(wo, )] < ¢|lr — 7| (1 + [[w]).  (78)
t=0

Part 2 is assured by Lemma 5 while Part 4 is assured by Lemma 8 and lastly Part 8 is assured by
Lemma 9.
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1.0
— ROSA (L = RND)

ROSA (L = Count-based)
0.8 A

0.6 1

Return

0.4 1

o

0.0

4 6 10
Steps (x 10000)

Figure 8: ROSA is robust to the component used to generate exploration bonus L. ROSA works
equally well when we RND or Count-based method forL.

Rebuttal

17 ADDITIONAL EXPERIMENT 1 - REPLACING RND FOR BONUS REWARD

In this experiment we sought to ascertain if ROSA is robust to the component used to generate
exploration bonus L. We ran two versions of ROSA, one where L is computed using RND and
1

one where L is computed using a simple count-based measure Couni(s) where s € S (the function

Count(s) simply tallies the number of times state s has been visited). Figure 8 shows performance of
these two versions of ROSA on the Maze environment shown in Figure 1. ROSA performs equally
well with both components, indicating that it is not dependent on a fine-tuned exploration bonus.
The additional machinery of switching controls and choices of intrinsic rewards to add mean that
ROSA can work with basic exploration bonuses. Note that we generally use RND since it is simple
to implement and works equally well on discrete and continuous state spaces.

18 ADDITIONAL EXPERIMENT 2 - ROBUSTNESS TO INITIALISATION OF ¢

Some reviewers raised important questions about the requirement of a carefully initialised phi
function. Here, we show performance of individual runs of ROSA on the Maze shown in Figure 1. In
each run, ¢ is randomly initialised using Xavier initialisation, and as a consequence ROSA works
with a different ¢ function in each run. As can be seen in Figure 9, despite the randomness in ¢ the
performance of ROSA does not vary significantly over the runs. This suggests that ROSA can adapt
to the ¢ function it is presented with, and still come up with good reward shaping.
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Figure 9: ROSA is robust to the component used to generate exploration bonus L. ROSA works
equally well when we RND or Count-based method forL.
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