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Exploration Strategies for Homeostatic Agents

Continuous and dynamic exploration for homeostatic regulation using deep rein-
forcement learning

Patrick Andersson

Anton Strandman

Department of Computer Science and Engineering

Chalmers University of Technology and University of Gothenburg

Abstract

This paper introduces and evaluates four novel exploration strategies for homeostatic
agents. Homeostatic agents have the objective of keeping some internal variables
as close to a predetermined optimum as possible. Reinforcement learning is used
for decision making, and the agents are given access to the optimal and acceptable
values of the internal variables, giving greater flexibility for exploration and better
survival chances. The new exploration strategies that utilise the internal variables
are evaluated in a range of environments, showing them to outperform common
reinforcement learning exploration techniques where these variables are not taken
into consideration.

Keywords: artificial general intelligence, multi-objective reinforcement learning, ex-
ploration, homeostatic regulation, animat, homeostatic exploration
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1

Introduction

Machine learning (ML) and Artificial Intelligence (AI) applications are becoming
more and more ubiquitous and can be found in everything from cars to phones.
These applications are often powerful and can in some instances even outperform
humans [1]. But there are limitations to these implementations. They are so-called
narrow Al [2], as such that they are purpose-built for a single problem. For example,
solutions that can beat humans at recognising images will fail to recognise songs,
as they are not designed to do so. Artificial General Intelligence (AGI), on the
other hand, is a branch of Al that aims to solve multiple tasks with a single agent.
While AGI has not yet been achieved, one approach is to simulate artificial animals,
so-called animats [3], tasked with maintaining multiple internal variables, such as
energy and hydration levels. By simulating more and more advanced animals, human
level general intelligence could eventually be achieved.

These agents reside in an environment in which they explore and exploit in order to
learn how to survive. However, deciding when to explore and when to exploit is not
trivial. This is called the FExplore-Ezploit dilemma and is crucial for any self-learning
agent to master in order to perform well [4].

In this paper, we introduce four novel exploration strategies capable of dynamically
deciding when to explore and when to exploit based on the current state of the
internal variables of the agent. This is done by modelling an animat as a Homeo-
static Reinforcement Learning (HRL) problem [5], which is different from traditional
Reinforcement learning (RL). In HRL the task is to maintain some optimal values
of some internal variables, instead of maximising a single reward. These internal
variables could be the energy and hydration of an animat, the battery charge of
a robot or even the water level and electricity generation of a hydroelectric power
plant, all of which have some optimal level and are affected by external events. The
internal variables and optimal levels provide additional information related to the
current state of the agent which can be utilised in the exploration strategy to provide
continuous exploration and give the agents a better chance of success.

The typical exploration strategy used in state of the art RL is the annealed e-
greedy strategy [6, 7]. However, this strategy has some drawbacks: it will only
perform any significant exploration at the beginning of a simulation. This requires
human engineering to find the optimal amount of time to explore, and the agent
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may struggle to explore new states once this training session is completed. We show
that in the HRL problem simple heuristics can generate strategies that outperform
traditional RL exploration strategies as such that they facilitate more exploration
throughout the simulation while at the same time improve the agents’ ability to
maintain the internal variables, all with minimal human interaction.

In the following chapter, information is provided related to the implementation
of the agent and the exploration strategies. In chapter 3 we give details of how
the HRL agent is implemented, how the strategies are devised as well as how the
strategies are evaluated. Finally, we present and discuss the results, and show
that the novel exploration strategies, named homeostatic exploration, are able to
outperform traditional RL exploration techniques.



2

Background

In this chapter, we give a brief introduction to animats and why simulating animals
can be considered an HRL problem. We also give some background to reinforce-
ment learning and homeostatic regulation, and how these can be combined into
homeostatic reinforcement learning.

2.1 Animat

The animat model was proposed by Stewart Wilson [3, 8] as a means of achieving
Artificial General Intelligence [2] (AGI). According to Wilson, AGI can eventually
be achieved by simulating progressively more complex animals. As such the animat
model attempts to imitate animals and is an adaptive system with needs, sensors
and motors. The sensors and motors should not be purpose-built for a specific task,
instead, the animat should learn to generalise the input and drive the motors in such
a way as to fulfil its needs and survive, similar to how the internal variables should
be maintained in the HRL problem. In addition, an implementation of the animat
model should be capable of incremental adaptations triggered by, for example, a
change in environment. As such the model has to be adaptive, flexible and be
capable of continuous learning through its lifetime.

2.2 Reinforcement learning

Reinforcement Learning is a sequential decision-making problem in which an agent,
at every time step, decides upon an action based on some observation and reward
received from an environment. It has many similarities to the animat model, where
the sensors generate observations, and actions drive motors. However, in RL the
objective is to find a policy so as to maximise cumulative reward given by the
environment [9]. To find this policy the agent must explore the environment, and
observe which states and actions result in rewards. This is typically done in a trial-
and-error fashion in which the agent will take a random action and observe the
rewards received.
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The RL problem is usually defined as a reward maximisation problem in some en-
vironment £ = (S, A, R, P,7). Here, the S and A are the state and actions spaces
while R : § x A — R is a reward function, P(:|s,a) is a transition function and
v € (0,1) a discount factor. At each time step, an agent observes a tuple (s;, ;) and
produces an action a; whereupon the time increases and a new tuple is generated.
This cycle repeats until some predefined state is reached.

In a given time step, the return is defined as R; = 3°3°,v'r4,; and the general goal of
RL is to maximise the return R; at each state s;. The optimal action-value function
Q*(s,a) is defined as

Q*(s,a) = max E, [Ri|s; = s,a; = a (2.1)

where 7(+|s) is a policy defined as a mapping from a state to a distribution over
actions. Given Q* the optimal policy follows directly as argmax, Q(s,a) and in
general the problem is to find Q* and then act greedily with regards to it.

2.2.1 Q-learning

Q-learning is a method of iterative approximation of the optimal Q-value func-
tion according to Equation 2.2. Given the previous state and action s,a and
the current state s’, the Q-value estimate is updated towards some target Y =
r+ v max), Q(s',a’) with learning rate a.

Q(s.0) (1= )Q(s,a) + @ (r + Y max Q(s',) (2.2)

An agent implementing Q-learning will create an approximation of the Q-value func-
tion by utilising some exploration strategy to acquire observations from the environ-
ment. As can be seen in Algorithm 1, given a state and a Q-value approximation for
each action, the strategy will decide which action to take. The agent then observes
the results of the action in the environment and updates the Q-value function to
improve predictions. In practice, the agent will sometimes encounter a terminal
state, death. When this occurs, no future return can be obtained and the Q-value
update only includes that reward for the current time step. The simulation is then
reset to its initial state.

2.2.2 Deep Q-Networks

While it is possible to apply a tabular approach, storing a value for each state-action
pair, to a problem with a large state space, it is often of no practical interest. Such an
algorithm very quickly runs out of memory. Moreover, the tabular implementation
will not be able to generalise, that is it will not take into consideration that similar
states may have similar returns.

4
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Algorithm 1 Q-learning

Require: Exploration strategy STRATEGY, step size a, function @),
environment &, start state s, discount factor v, number of time steps T’

for T time steps do
a < STRATEGY(Q, s)
s',r <= Observe results of taking action a in £

Q(s.) & Qs,0) +a 7+ max Q') - Qls,a) )
545

end for
output

In order to circumvent these problem we turn to approximating the Q-function with
some parameters 8, Q(s,a;0). While such an approximation can be done in many
ways, we will focus on Deep Q-Networks (DQN) [10] for one primary reason. The
capability of neural networks to approximate a wide range of functions. There is,
therefore, no need to switch algorithm between environments and the number of
layers of the agents can be changed instead. In general, the update rule for the
parametric approach with parameters 0 is

9t+1 == Ot + « D/t - Q(S7 a; et)] v9t Q(Sa a; Ot) (23)
where the default Q-learning target V; = Y, is

Y = r+ymaxQ(s',a’; 0,). (2.4)

For DQN, however, there are two additions. First, the Q-function used in the target
calculation is estimated using an old version of the current network. The target thus
becomes

VPN = 4 ymax Q(s',a’; 0, ). (2.5)

The parameters, or weights, of the old version, 8, are updated after a number of
steps to the current network. This has the effect of decorrelating the predictions
and the targets as the targets are fixed for some time. This is important to improve
the stability of the Q-values.

Second, all (s,a,r,s',t) experiences are saved in order to form a stored dataset.
Here, t is a boolean variable indicating if the step resulted in a terminal state.
The network is then trained on this dataset, using randomly sampled minibatches,
instead of training on the most recent experience. This has the effect of temporally
decoupling experiences, making the data less correlated and decreasing the effect
of changes to the data distribution. It also allows the agent to train on the data
multiple times allowing for increased data utilisation.
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2.3 Homeostasis

In order to simulate animats, some model of living organisms needs to be employed.
Homeostasis is a popular framework with a long history rooted in physiology [11,
12] that provides a natural starting point. A set of internal variables, together with
points, or intervals, corresponding to optimal values are given to an agent who is
tasked with maintaining each variable in its optimal state. As an example, consider
a simple animat that needs both food and water. Eating or drinking too little would
lead to starvation and dehydration, while too much may lead to overconsumption
and overhydration. As such the animat must balance these needs within some
bounds.

There exists various alternatives to the ideas of homeostasis such as allostasis [13]
and adaptive homeostasis [12]. As these ideas can be ambiguous and overlap to a
significant extent [11], when the term homeostasis is used in this paper it is taken
to mean the steady state of an animats internal variables. This is in turn achieved
through:

¢ Central control - The actions taken in order to counteract deviation in the in-
ternal needs are issued from a central actor. While there are animal behaviours
that contradict this—simultaneous shivering and sweating [11]—we are here
concerned with modelling a simple brain. With a single centre for control, we
can also better prevent multiple courses of actions which lie at odds with each
other.

o Learnable regulation - The agent should be able to learn which actions that
minimize internal deviations. It should thus learn to connect action outcomes
to the resulting change in the internal state. It may also learn to initiate
behaviour before an internal variable has deviated from its set point in antic-
ipation of such a deviation.

In order to maintain homeostasis, the RL framework may be applied. However, in
order to do so, we need to translate the homeostatic regulation problem into the
notion of reward for the RL setting. A natural approach to doing this is to turn to
the subfield of Multi-Objective Reinforcement Learning.

2.3.1 Multi-Objective Reinforcement Learning

Multi-Objective Reinforcement Learning (MORL) is a subfield of RL where the
agent receives multiple rewards in the form of a vector instead of as a scalar. For
example, the agent may receive rewards for picking up boxes, as well as receive
negative rewards for energy consumed. As such the agent is supposed to minimise
the energy consumed at the same time as trying to pick up as many boxes as possible.
However most existing RL algorithms use scalar rewards, that is a single number,

6
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and do not extend naturally to multiple rewards.

In general, there are two approaches to solving MORL problems [14]. As the multiple
objectives are not necessarily comparable, the first approach extends the notion of
an optimal solution to include all policies which are not provably worse than any
other, the Pareto frontier. The other approach is to provide a preference for each
reward, allowing them to be compared and subsequently to be transformed into a
scalar reward. In this case, the problem can be simplified to the regular RL problem.

Connected to the second approach is the reward hypothesis:

That all of what we mean by goals and purposes can be well thought of
as the maximisation of the expected value of the cumulative sum of a
received scalar signal (called reward). [9, p.53]

In effect, this would mean that all MORL problems can be simplified into regular
RL problems. There is one catch though, the hypothesis gives no hint on how to
find a scalarisation function, and it is at this point that MORL finds its use [15].

In this paper, homeostatic drive reduction [5] is used as a scalarisation function,
described in the next section, and the viewpoint that a scalar reward is sufficient is
adopted.

2.3.2 Homeostatic reinforcement learning

There are multiple ways to integrate Reinforcement learning and homeostatic reg-
ulation [16, 17, 18, 19, 20]. Of interest is a method that accomplishes two things:
it exposes the internal variables to the agent and it computes a scalar reward from
the internal variables. One such approach is given by Keramati and Gutkin [5, 21].
They present a framework that unifies the act of reward maximisation with internal
regulation and exhibits a number of relevant properties.

The framework builds on the application of drive reduction theory, motivation as a
response to internal variables [22], and makes two changes to the initial RL problem.
First, the observed state is now comprised of internal variables in addition to the
external observation. The state space of the internal variables is defined as H =
{h|h € R"} where N is the number of internal variables. The new state space
becomes the Cartesian product of the old state space and the internal state space
S’ =8 x H. An observation is then the external observation concatenated with the
internal state vector of length V.

Second, the reward is changed as there are no extrinsic rewards from the environ-
ment. A scalar reward is generated within the animat itself in each time step based
on the changes in the internal variables. The drive, d and reward, r; at time step ¢

7
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are defined as

d(ht) =1 Z |h;ﬁ - hi,t|n (2~6)
re =d(hy) — d(hy) = d(h,) — d(h, + k) (2.7)

where A is the optimal level of the homeostatic need h;, and h;; is the value of the
internal need h; at time step £. In this paper we will assume h* = 0 and constrain
hi € [—1,1] by scaling to some acceptable bounds and the optimal value, neither of
which will have any impact in the theoretical sense. Intuitively, the reward between
t and t+1 is the difference in distance from h; to h* and h;,; to h*. k; is the change
in internal variables for time step ¢ and is given by the environment.

The hyperparameters n and m control how the drive scales based on the distance
from the optimum. For example when n = m the drive magnitude does not scale
with the distance; a step towards the optimum when nearly at the optimum will
give as much reward as a step of the same length and direction when further away
from the optimum. In contrast when n > m the reward for two steps of identical
length will be larger if the internal variables are further from the optimum, while
the opposite is true for m > n. In effect, having n > m in the case of an animal will
make eating when hungry more rewarding than when almost full. This also holds
for negative rewards. Not eating when hungry will give a larger negative reward
than not eating when full.

The effect of the variables n and m can be observed in figure 2.1. When m > n the
drive increase more rapidly near the optimum (near h, = 0), while for n > m the
drive increase more rapidly further away from the optimum. This in turn affects the
rewards received, as a larger change in drive between ¢ and ¢ + 1 generates larger
rewards.

As explained in [5], for n > m > 1 this framework accounts for four important
behaviours observed in animals. First, better outcomes are rewarded accordingly. If
the change is larger, in the direction of the optimum, then the reward will in turn
increase. Secondly, a change in the internal variables has a larger magnitude in drive
the further from optima the current state of the agent is. Thirdly, smaller drives
have an even further decreased impact on the reward when there exists a drive with
a large deviation. One deprived variable has an inhibiting effect on the rewarding
effects of less relevant variables. Lastly, the reward function is concave with respect
to the change in internal variables which results in risk-aversion, uncertain outcomes
are selected against.

With these changes to the RL problem, the agent is now aware of its internal vari-
ables. This enables it to learn that it receives rewards differently based on the
current state of the internal variables.

An interesting property of the reward function, as here described, is the indepen-
dence of return from trajectory when v = 1. Any two paths taken in the space of
h that have the same start and end point will also necessarily have the same return

8
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Figure 2.1: Comparison of the drive and reward function for 3 configurations of
m and n. The upper row shows the resulting numerical drive as a function of two
internal needs. The bottom row shows the reward obtained from a transition from
one need level to another.

if the agent considers infinite horizons. Likewise, all paths that end in the same
internal state as they started will have a return of zero. It is thus crucial that v < 1
for the agent. If it does not matter when it receives a reward, it may choose to
postpone this event indefinitely.

It is also interesting to note the similarity of the reward function to the form neces-
sary of reward shaping functions [23]. These functions, when added to the reward
of a normal RL problem have the effect of not changing the optimal policy. While
there is not a one-to-one correspondence between the formulations, this might in-
dicate how a regular RL problem can be combined with a homeostatic regulation
problem.

2.3.3 Evaluation

Agents reach terminal states whenever an internal variable exceeds some predeter-
mined allowed range i.e. the death of the animat. However, in the simulations,
the agents will be allowed to continue learning in the same environment even after
death. This is due to the general instability of current RL approaches and their
inability to learn quickly. In general, agents that die as few times as possible are
the primary objective, but as the agents are optimising for cumulative reward, this
metric might be unfair.

When evaluating RL algorithms, contemporary approaches [24, 7] measure total,
undiscounted, accumulated reward. As the homeostatic return after some given
amount of time only depends on the start and end point, such a measure will not
capture the quality of an agents life. Take for example an agent that spent its life

9
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at the optimal point and an agent that spent its life on the brink of death, just to
reach the optimal point before the simulation ended. They would both be assigned
the same score, even though the former behaviour is preferred.

A better metric would be to measure how much time the agent spends in its different
internal states, with closer to optimal being better. This is, however, not a good
metric either. Consider two agents, one which spends its simulation close to death
but never dying, and one agent which is at the optimal point for all but a short
period of time in which it manages to die. The former agent, while it would have a
lower score, is the one to prefer here.

The remedy to these concerns is to punish death in the latter evaluation scheme. It is
not clear, though, how death is to be compared to the deviation in internal variables
than an agent sustains over time. At one extreme, death is not considered bad, but
this was already declared as not being a good solution. At the other extreme, death
is considered infinitely worse than any life that an agent can live. For reasons given
by nature, this is not necessarily the correct valuation either. An animal with low
fitness but a long life is not necessarily preferable to an animal with high fitness who
lives a shorter life. The true comparison between these two metrics most likely fall
somewhere in between these extremes.

Here, death will be considered infinitely worse than any life an agent can live. This
results in a scheme in which two agents performance will first be compared on their
number of deaths, with ties being broken by their performance within each life.
In practice, the agent will die many times over the course of the simulation and
the extra information of how well the agent performed within a life is superfluous.
Thus the final metric on which the agent will be compared is the total amount of
accumulated deaths.

As a final note, the number of deaths can be linked back to the total reward as it is
an approximation of it. Each death will contribute some amount to the total reward
that can not be lost. As the agent is reset, it can no longer make up for this loss.
In this case, counting the total number of deaths is almost the same measure of
performance as counting the total returns. The only differing value is the last life of
the agent which will contribute a vanishingly small amount if the number of deaths is
large. Another slight difference is contributed by the fact that it is possible to reach
different terminal states at different distances from the optimal internal state as the
constraints form a hypercube, —1 > h; > 1, and not a hypersphere, ||h|| < 1. This,
however, speaks in favour of counting the number of deaths as dying is generally
thought of as being equally bad, no matter how it is brought about.

2.4 Exploration

Exploration is necessary for RL in order to find an optimal policy as an agent does
not know the optimal policy initially [9]. If the agent explores too much, it will
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never have time to exploit the policy that it has found. This balancing problem
is the Ezplore-Exploit dilemma. In this context, an explorative action is defined
as taking any non-optimal action while the action with the highest Q-value is the
greedy action [9].

As mentioned in section 2.2.1, Q-learning employs an exploration strategy that
decides which action to take in each state. In the HRL problem the agent also
has access to the underlying h variables. As such, there is additional information
which can be utilised when attempting to balance the explore/exploit dilemma.
A successful HRL agent should, therefore, be able to utilise the knowledge of its
internal variables to balance its exploitation and exploration, in order to find an
even better policy.

Two of the most frequently used exploration strategies are e-greedy strategy [9] and
the Softmax exploration strategy [25].

2.4.1 e-greedy exploration

The e-greedy strategy chooses a random action with probability e

argmax, Q(s,a) ifr>e
random action otherwise

where 7 is a random number in the interval [0, 1].

The annealed e-greedy strategy is an extension to the e-greedy strategy with the
addition of an ex which decreased the value of € at each time step. This addresses
the explore/exploit problem by initially taking random actions, exploring, and then
acting more and more greedily over time.

2.4.2 Softmax exploration

The Softmax exploration strategy, sometimes known as Boltzmann exploration, in-
volves sampling from a probability distribution defined from the Q-values. The
probability of action a; is defined as

Q(s,a;)
[ T

Q(s,aj)
i€

m(a;]s) = (2.9)

when in some state s and with some temperature 7. The hyperparameter 7 has
a similar effect to e. As 7 — 0 the policy becomes greedy and when 7 — oo the
policy becomes random. Note two things in particular. First, the range of values
for 7 is (0, 00) while for € it is [0, 1]. Secondly, the relative numerical values of the
Q-function plays a role in the policy.
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In the same way that annealed e-greedy is an extension to the e-greedy strategy,
annealed Softmax decreases T over time with 7A.

2.5 Related work

The use of homeostatic variables in RL exploration appears to be a fairly unexplored
area of work. That said, there are still two areas that are touched upon in this work
that are worth highlighting: exploration strategies and homeostatic agent models.

2.5.1 Exploration strategies

Much research in RL is focused on efficient exploration, exploration that minimises
costs accrued during learning, or maximising information gain.

Exploration strategies can be split into two broad main categories: undirected explo-
ration and directed exploration. Undirected exploration acts locally, often based on
randomness, while directed exploration strategies are identified as acting on global
information [26].

Two prominent examples from the undirected category are the strategies presented in
section 2.4, e-greedy and softmax exploration. In the directed exploration category,
a wide range of heuristics may be found. An illustrative example is that of count-
based methods. A count of how many times each state has been visited [27] or how
many times each state-action combination has been tested [28] is kept and higher
importance is assigned to those with fewer counts.

While the undirected strategies are commonly used in research [10, 24, 7, 25] they
are recognised as being suboptimal as compared to directed strategies [26]. However,
in this thesis, only undirected strategies are evaluated as these are more commonly
used and does not require additional overhead such as counting states.

2.5.2 Homeostatic agent models

Attempting to use RL to maintain homeostasis is not a new idea. Bersini [20] show
how an agent can maintain endogenous (cf. homeostatic/internal) variables within
predetermined bounds using Q-learning. Likewise, in connection to drives and needs,
multiple models have been suggested [16, 17, 18, 19, 29] that balance their multiple
objectives using RL.

We stress here that, in this thesis, the specific underlying model, while it may affect
the results, are not of too much importance. It is the difference in performance
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amongst the exploration strategies that use the same underlying model that is im-
portant.
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Methods

The homeostatic reinforcement learning problem consists of two main parts, the
agent and the environment. The agent gets input from the environment, selects an
action which is then performed in the environment, which in turn generates a new
input. While this is similar to a typical RL problem, there is a significant difference:
there is no reward from the environment for the agent to maximise. Instead, the
agent is tasked with maintaining several internal variables, which may be affected
by the environment, within some bounds of optimal values.

In this chapter, we describe the properties of the agent, and the different explo-
ration strategies employed. We then describe a number of evaluation environments
designed to highlight different aspects of the explore/exploit dilemma. Finally, we
describe the measurements used for evaluation, as well as how the evaluation is
conducted.

3.1 Agent

An RL agent typically consists of two components: a Q-value estimator and an
exploration strategy, to provide an action a; for a given state s;. When converted
into an HRL agent, these are extended with two additional components: the internal
variables and the drive reduction framework, which can be seen in Figure 3.1. In
addition, the HRL agent no longer receives any reward r;, but instead, observe some
change k; in the internal variables.

As the internal variables have a direct effect on the reward, these are used as input
to the Q-value estimator in addition to the external state s;, in order to provide
accurate estimations. As the internal variables are real values, the state space of the
Q-value function becomes infinite. Because of this a deep Q-network (DQN) [10]
was used to approximate the Q-value function.

Once the Q-values for each action have been approximated in a given state, an action
is selected by the agent based on the exploration strategy. I.e. an e-greedy policy
will select a random action with probability €, else it will select the action with the
highest Q-value. However, in our HRL agent the strategy has access to the internal
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Figure 3.1: Diagrams visualising the difference between a RL agent (left), and a
HRL agent (right).

variables, and as such can use more sophisticated exploration strategies.

As the purpose of the evaluations is to evaluate the performance of different strate-
gies, the hyperparameters for the DQN were kept identical for all evaluations. How-
ever, due to the complexity difference between environments the number of hidden
layers and the number of units in each layer where changed between environments.
The hyperparameters and size of hidden layers were found through a grid search
using the baseline strategies. See Appendix C for a full specification of hyperparam-
eters.

The agents were randomly initialised in each simulation and shared no memory be-
tween simulations. Upon death the environment would reset, the state was recorded
as a terminal state, and the simulation would continue.

3.2 Exploration strategies

Two sets of exploration strategies were used in the evaluation: baseline strategies
and homeostatic exploration strategies. The baseline strategies are commonly used
strategies found in the literature.

Using the internal variables of the agent, we introduce the homeostatic exploration
heuristics. These heuristics generate a scalar value, which combined with either
e-greedy exploration strategy, or the Softmax exploration strategy, create a total of
four new homeostatic exploration strategies.
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3.2.1 Baselines

As the homeostatic exploration strategies can be combined with either e-greedy
or Softmax, traditional implementations of the same strategies were used as base-
line strategies. In total four types of baseline strategies were evaluated: Constant
e-greedy, Annealed e-greedy as well as Constant Softmax and Annealed Softmax
exploration. In addition, fully random and a fully greedy strategy were included to
give some indication of the properties of the environments.

As all the aforementioned exploration strategies have hyperparameters which can
greatly affect how well an agent perform, each strategy was evaluated for multiple
different settings. The Constant strategies, as the name suggest, had constant € and
7, while the annealed strategies decay with ex and 7o to a minimum of e,;, and
Tmin, €very time step. A complete list of all baseline strategy hyperparameters can
be found in Table 3.1.

3.2.2 Homeostatic exploration

When considering the internal variables of the agent, a great many different explo-
ration strategies can be devised. In this paper, we present two simple heuristics
based on the assumptions that one can either explore when you are doing good, or
when you are not.

The hypothesis for these strategies is simple. If the agent is doing well it will have
the capacity to explore and can manage potential negative effects. However one
could also argue that if the agent is not doing good, then the current policy is not
good enough and the agent needs to explore in order to find a better one.

Based on these hypotheses we present the Explore When Good (EWG) and Explore
When Bad (EWB) exploration heuristics for the HRL problem. The basic imple-
mentation of these heuristics can be found in Equation 3.1 and 3.2 respectively.
Intuitively EWG will return a higher value when the internal variables are near
the optimum level, near 0, while EWB will return a higher value when the internal
variables are near the bound of acceptable levels, near -1 or 1.

EWG: 1 — max |h; (3.1)
EWB: max |h;| (3.2)

As h; € (—1,1) these heuristics will always return a value in the range [0, 1]. This
is beneficial as it makes integration into existing strategies easy, the values can be
used either as a probability, or a scale.

In the following sections, the implementations of these heuristics in the e-greedy and
Softmax strategies are explained.
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Table 3.1: A list of the hyperparameter settings of the baseline strategies.

strategy Constant e-greedy with ¢ = 1.0 is also called the Random strategy.

Hyperparameters
Constant e-greedy €
0
0.01
0.1
0.2
0.3
0.4
“Random” 1.0
Annealed e-greedy ¢ €min €A
1.0 0.1 0.001
1.0 0.1 0.0001
1.0 0.1 0.00001
1.0 0.01 0.001
1.0 0.01 0.0001
1.0 0.01 0.00001
Constant Softmax 7
0.001
0.01
0.1
1.0
10
100
Annealed Softmax 7 Tiin TA
0.001 0.0001 0.001
0.01  0.0001 0.001
0.1 0.0001 0.001
1.0 0.0001 0.001
10 0.0001 0.001
100 0.0001 0.001

3.2.2.1 Homeostatic e-greedy

The

As € is a probability, and the heuristics return a value in the same interval, these
heuristics can easily be adapted to be used with the e-greedy strategy. This was
done by setting the value of € in accordance to Equation 3.3 and 3.4

EWG €
EWG e

€ =1 —max |h]
2

.
3

This creates two e-greedy strategies which are not affected by time, but instead the
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current internal state of the agents. This can be seen in Figure 3.2, which shows
how e change based on the internal variables, h; and hs, of the agent. There is
an issue with these strategies however; both strategies will always explore to some
extent and will, in practice, never act optimally.

Epsilon as a function of the needs for EWG Epsilon as a function of the needs for EWB

0.5
0.0

2

-0.5
1.0 -1.0

hy 0.5

Figure 3.2: The value of € based on Equation 3.3, left, and 3.4, right. EWG acts
optimally only at the edge of the acceptable levels, while EWB acts optimally only
at the optimal value of the internal variables.

To counter this behaviour the strategies are extended with a simple hyperparameter.
The threshold 6 € [0,1) parameter change at which level of the internal variables
the EWG agent will act optimally, or begin to explore in the case of an EWB agent.

The final equations for the EWG/EWB e-greedy strategies can be seen in Equa-
tion 3.5 and 3.6. The threshold parameter in these equations is visualised in Fig-
ure 3.3 using two internal variables. Here it is revealed that the threshold indeed
makes the agents greedy in the aforementioned intervals.

max ||

EWGe e=max|0,1+ (;_71 (3.5)
0 — max |h|

EWB e e =max |0, ﬁ (3.6)

The homeostatic e-greedy strategies were evaluated with multiple settings of the
hyperparameter settings. A full list of all evaluated hyperparameter settings can be
found in Table 3.2.

3.2.2.2 Homeostatic Softmax

Applying EWG and EWB on the Softmax exploration strategy is slightly more com-
plicated. Looking back to Equation 2.9, increasing the temperature 7 will affect the
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Epsilon as a function of needs for EWG with 6=0.4 Epsilon as a function of needs for EWB with 6=0.4

1.0 1.0
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Nead 1 0.5 10 10 Need 1 0.5
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Figure 3.3: The threshold # makes the EWG strategy act optimally at the edge of
optimal values. EWB, however, only starts exploring when the threshold is exceeded,
and else it will act optimally.

Table 3.2: A list of the hyperparameter settings of the EWG e-greedy and EWB
e-greedy strategies.

Hyperparameters
EWG e-greedy 6
0
0.2
0.4
0.6
0.8
EWB e-greedy 6
0
0.2
0.4
0.6
0.8

probability distribution generated by the algorithm towards a uniform distribution
while decreasing 7 will increase the probability for actions with higher Q-values. In
the Homeostatic Softmax exploration strategy, the temperature 7 is set by the EWG
and EWB heuristics. The naive implementation can be seen in 3.7 and 3.8.

Naive EWG Softmax: 7 =1 — max | h;]| (3.7)
Naive EWB Softmax: T =max |h (3.8)

However, in Softmax exploration, the size of 7 is not necessarily limited to (0,1).
Due to this, the EWG and EWB heuristics are not naturally on the correct scale.
In order to find the correct scale the hyperparameter 75, as is shown in Equation 3.9
and 3.10 is introduced.
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Table 3.3: A list of the hyperparameter settings of the EWG and EWB Softmax
exploration strategies.

Hyperparameters
EWG Softmax 7,
0.001
0.01
0.1
1.0
10
100
EWB Softmax 7,
0.001
0.01
0.1
1.0
10
100

EWG Softmax: T =7(1 — max |h;|) (3.9)
EWB Softmax: T =75, max |h;] (3.10)

To find a scale of the temperature suitable for the environments in which the strate-
gies were evaluated in, the homeostatic Softmax exploration strategy was evaluated

for multiple values of 7,. A full list of these hyperparameter settings can be found
in Table 3.3.

3.3 Environments

In order to properly evaluate the strategies, a number of evaluation environments
were required. While the Atari games have become the de facto benchmark en-
vironments for evaluating the performance of RL algorithms [10, 30, 31], they are
limited to scalar rewards and do not contain a notion of internal variables. To re-
solve the issue of scalar reward, one could look to Multi-Objective Reinforcement
Learning (MORL) problems for which there are environments sets for evaluation
[32]. However, neither of these environments support homeostatic regulation and
cannot be used to evaluate HRL problems. Instead, a number of custom environ-
ments specifically designed for the HRL problems were created using the Open Al
Gym framework [33].

A total of three different types of environments: Simple, Gridworld, and Expand-
ing Color Gridworld, were created for evaluation of the strategies. The types were
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differentiated by the size of the external input, from no external input to a large ex-
ternal input. Each environment type contained a number of different configurations,
resulting in a total of 13 unique environments.

While all environments were different in some aspect they all had some properties in
common. All environments were based on the concept of an animat, i.e. the agent
had some motors (actions), external sensors, as well as some internal variables, in
this case, two: food and water.

The environments did not produce any explicit reward. Instead, each action taken by
the agent would reduce the internal needs slightly, simulating energy consumption.
In addition performing specific actions in specific states would increase or decrease
some internal variables by a larger amount, simulating eating, drinking or performing
some detrimental action.

The properties and expectations of each environment are described below. For a
full specification of how the environments were balanced, see Appendix A.

3.3.1 Simple environment

The Simple environments were designed to evaluate the ability of the policy to
adhere to its explore and exploit behaviour as well as dynamically switch between
them. In these environments, the agent is a very simple organism with no external
input. The only information the agent has to take decisions upon are the internal
needs. From this information, the agent should in each time step decide on one of
four different actions. Each action can either give an increase in food or water, a
decrease in water or do nothing (which reduce both needs slightly).

A graphical visualisation of the environment can be seen in Figure 3.4. The top
left box displays the current levels of the internal needs (food - red, water - blue)
of the agent, the levels of which is the only input to the agent. The arrow points
at the action last taken by the agent, and the small red and blue bars indicates the
outcome of each action 1-4. The goal of the agent is to balance the internal variables
as close to 0 as possible, at the current state the agent has eaten a bit too much and
is slightly thirsty.

There were three different Simple environments called Greedy, Random and Dual.
The Greedy environment was designed to test the ability of strategies to exploit. In
this environment, the result of each action is constant and predetermined. That is
action 1 always give food, action 2 does nothing, action 3 gives water and action 4
reduces water. The environment is balanced as such that an agent utilising a fully
random strategy would either thirst to death by selecting the water reducing action
too often or eat itself to death by eating too often. A successful agent has to balance
eating and drinking by doing nothing in between, but no noteworthy exploration is
needed in order to find the optimal policy.
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f

Figure 3.4: A visualisation of the simple environments. The top left bars indicate
the current internal variables, smaller is better, the values of which is the only input
to the agent. The bars in the middle indicate what payout each action will have, in
this state a; will give food, and as, ag will decrease and increase water respectively.
The arrow shows the last action of the agent. The agent has 4 different available
actions in all states. The agent can only observe the current internal variables and
selects among the 4 actions.

The Random environment is slightly different. This environment is specifically de-
signed to test the ability of the strategies to explore. Each time the agent selects
an action that increases or reduces any of the needs, that action result is set to a
random action. L.e. if the agent selected action 1 and it gave some food, the food
resource would move to any action uniformly at random. As such all resources could
eventually end up on the same action, or be arranged over the different actions. This
world was balanced such that taking random actions would be sustainable, but it
was still possible to die if some action was never chosen. In this environment, it
would typically not be beneficial to be greedy as the Q-value estimator would not
manage to keep up with the constant changes in the environment, and may suggest
the same action multiple times in a row. As the same action is not probable to
give reward multiple times in a row, this type of behaviour is detrimental. In this
environment, an agent must take exploratory actions frequently to survive.

The third Simple environment, Dual, mixed the properties of both the Greedy and
the Random environment. The Dual environment switches back and forth between
acting like Greedy and Random every few steps. As such, for a strategy to be
successful in the Dual environment, it would have to be capable of switching focus
between exploring and exploiting dynamically in order to survive. As such this
environment tests if the strategy is capable of both exploration and exploitation
based only on the internal needs of the agent.

23



3. Methods

Figure 3.5: Depicted is the short corridor, left, and Gridworld Static Hostile, right.
The agent is the brown dot, the red tiles are food, the blue tiles are water, while
the yellow tile reduces the water variable.

3.3.2 Gridworld

The Gridworld environments were designed to give very basic external input. The
concept of these environments was to evaluate the strategies in slightly more com-
plex environments where multiple actions in a specific order are required in order
to survive. The external input to the agent in these environments where the coor-
dinates in the world, as such the agent always knows exactly where it is. In these
environments, the agent has to learn which tiles are beneficial at different internal
states and how to get to them. A total of six variants of the Gridworld environments
were used.

Two of these six environments were corridors, where food and water tiles are located
in the opposite ends of the corridor, as can be seen in the leftmost image in Figure 3.5.
These environments are designed to punish undirected exploration and test the
ability of the strategy to exploit for many steps in succession. The corridors were
balanced in such a way that the agent would be required to take many actions of
the same type to reach one end of the corridor, and then quickly return to the other
end else it would starve or thirst to death along the way. If the agent decides to
explore (stand still or move in the wrong direction) more than a few times it would
not manage the return trip. The two different corridor environments differ in that
one is longer than the other and thus requires more consistent behaviour.

The remaining four environments are 3 x 3 tile grids, where the food and water
tiles are located in opposite corners. An example of these environments can be seen
in the rightmost image of Figure 3.5. The different versions of this environment
were called Static Safe, Static Hostile, Dynamic Safe and Dynamic Hostile. The
safe environments contain only food and water tiles, while the hostile environments
have an additional tile which reduces the water variable once entered. These hostile
tiles make random exploration more dangerous. In the static environments, the
position of all tiles remains fixed throughout the simulation, while in the dynamic
environments the food could only be consumed a limited number of times upon
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Figure 3.6: The expanding colour gridworlds, from left to right, Static Safe (SS),
Static Hostile (SH), Dynamic Safe (DS), Dynamic Hostile (DH). All ECG environ-
ments are initialised as the static environments. However, the dynamic environments
add additional content over time as the environment expands. In this figure both of
the dynamic environments have expanded several times.

which it would disappear and respawn in another tile uniformly at random. In
addition to respawning, after each consumption, the amount gained by the agent is
lowered. This would force the agent to explore in order to find the new position of
the food once fully consumed. As the input to the agent is only the position, and
the respawn position is random, each tile would have to be revisited in order to find
the new food location, thus promoting random exploration.

3.3.3 Expanding Colour Gridworld

The third type of environments was the Expanding Colour Gridworld (ECG) type.
While similar to the Gridworlds, these environments had more complex external
input and the size of the environments was much larger.

A total of four different ECG environments were created. Similar to the 3 x 3
gridworld environments, the ECG environments had four settings: Static Safe, Static
Hostile, Dynamic Safe, Dynamic Hostile all of which can be seen in Figure 3.6.
However, the implementation was different. All ECG environments were initialised
as a b x 5 grid, with a single dark blue water source in one corner, and a single red
food source next to a brown tree in the other corner. The hostile environments also
contained an additional yellow tile, a desert tile, that reduces the water variable.
The remaining tiles were “empty” and would either be a random hue of green or
light blue if next to a water source.

Every 10,000 steps the environments would expand, increasing the grid size with one
tile in each cardinal direction. This, over time, created a larger and larger area which
could be explored. The area was limited in that if the agent selected an action which
would make it leave the allowed area, the agent would not move but instead remain
in place. The available area is visualised as a black box in Figure 3.7. However, this
“border” was not visible to the agent.

In addition, as the environments expanded, the dynamic environments would spawn
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Figure 3.7: The external input of the agent is highlighted as a grey box, and
the area available for movement is highlighted as a black box. The available area
expanded, in all environments, every 10,000 steps. Notice that the available area is
larger than what is visualised in the rightmost figure. Only a part of the environment
can be visualised at a time as it is in fact infinite.

Figure 3.8: The dynamic environments added additional trees and water tiles as
the available area expanded, and in ECG DH additional desert tiles were also added.
In this figure the first 4 stages, from left to right, of ECG DH is depicted.

additional trees and water sources, and the Dynamic Hostile environment would also
spawn additional desert tiles. However, only a single food source would ever exist
at any given time. Once consumed this food source would respawn at a random
location near one of the trees. The expansion of the dynamic hostile environment
can be observed in Figure 3.8. Here, additional trees, water sources and desert tiles
are added over time.

The external input of the agent was limited to the RGB colour of the nine tiles
surrounding the agent. This was done in order to make the environments more
complex than the Simple and Gridworld environments, while also fulfilling what
Wilson calls a class 2 environment, i.e. “reliable prediction can no longer be based
on the current sensory stimulus and action” [8]. The observation available to the
agent is highlighted with a grey box in Figure 3.7.

While reliable predictions can no longer be made on the input, there were still visual
cues which the agent could learn. The food tiles always spawned next to a tree tile,
and light blue tiles only exist next water tiles. As such the environment contained
indicators for the agent which could be used to guide it towards resources once close
enough. This type of information was intended to promote guided exploration as
well as providing richer input to the agent without expanding the external input
size.
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The static environments were designed to promote exploitation as the new tiles which
were made available over time would contain nothing useful, and it would be hard
for the agent to find its way back to the food and water sources if it moved away
from them. The dynamic environments, on the other hand, required exploration
near the trees to find the food sources, but not elsewhere. As such, it required a
balance between exploitation and exploration. The hostile environments were once
again used to verify that the agent could balance the different internal variables.

3.4 Evaluation

The baseline and homeostatic exploration strategies, when counting all hyperpa-
rameter settings, form a total of 47 unique agents. For each agent, 10 simulations
were run in each of the 13 different environments, each simulation lasting a total
of 1,000,000 steps. The objective was to find agents which maintained homeostasis
throughout the simulations and were capable of balancing exploration and exploita-
tion without human intervention.

While more and longer simulations will increase the significance of the results, the
number of simulations and their length is at the upper end of what is achievable by
the hardware available for the experiment. Two Intel Xeon Gold 6126 CPUs were
utilised and all the simulations took roughly 4 days to run.

To measure these properties two different metrics were used: the number of deaths,
and the rate of exploration during a simulation. The number of deaths was the
primary metric as one can not set an optimal value for the rate of exploration; as
long as homeostasis is maintained, any rate of exploration is acceptable. However,
some environments may require more or less exploration and as such the agent must
be capable of adapting to this fact.

The average number of deaths for each agent in each environment was normalised
according to Equation 3.11 to generate a score. This method is a modification of the
normalisation method used in Deep Reinforcement Learning with Double Q-Learning
[24], where the human level performance is set to 0 deaths. The result is a score
for each agent and environment where 0 is the average performance of the random
agent, and 1 is the optimal possible performance. A negative score indicates worse
than random performance.

deaths,gent — deaths,andom

SCOI'€pormalised — (3 1 1)

0 — deathS;andom

The ideal agent should be able to perform well in many different environments
with the same hyperparameters, as this would indicate that the agent is capable
of adapting to different environments. To evaluate this property, a total score was

27



3. Methods

calculated for each agent according to Equation 3.12, where a score of 0 is equal
to the average performance of the random agent, and 1 is equal to not dying a
single time in any of the simulations. This is also why the normalised scores serve
a purpose, it allows for comparison between environments. A high value indicates
that an agent performed well in many environments, or exceptionally well in some
and poorly in others.

i score i
Z A% t normalised
SCOT€40tal environmen (3 12)

#environments

The average rate of exploration was used to verify that the agents adapt their
behaviour depending on the environment. This was found by dividing the total
number of exploratory actions with the total number of steps in a simulation. An
exploratory action is defined as taking a non-optimal action [9], i.e. an action which
does not have the highest Q-value.
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Results

The full results of the evaluations can be found in Appendix B. The results presented
in this chapter are summaries.

The results chapter is divided into three major parts. First, each environment cat-
egory is analysed in order to verify its correctness. Five well-performing strategies
are selected in each category and are compared to the random baseline. The differ-
ence between the strategies and the random baseline is then analysed, giving insight
into whether the agent is capable of learning in the environments. Furthermore, it
is possible to discern whether the strategies contribute to the performance of the
agent.

Secondly, the strategies are compared between themselves in order to arrive at a
ranking. Calculating the normalised score for each environment produces a ranking
for each environment. By averaging the normalised score over environments, a final
rank is reached, which allows the strategies to be compared.

Lastly, the rates of exploration between the strategies are compared. This is done in
order to gain an insight into the dynamic behaviour of the homeostatic exploration
strategies.

4.1 Environments

Each environment was created with some properties in mind. Here, we tie back to
this and verify that the environments produce sensible results that are of use.

4.1.1 Simple environments

Observe in Figure 4.1 that, for all the simple environments, the strategies outperform
the Random strategy. In the Random and Dual environments there does not seem
to be any but linear rates of death. The agents perform equally good early in the
simulation, as compared to late. It does not seem possible for the strategies to learn
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a sustainable policy for these environments.

In the Random environment, if we look at all the strategies, we find that many of
them performed worse than the Random strategy. However, there are strategies
which do find policies that work better. In particular, the best performing EWG
Softmax strategy manages the near-perfect score of 0.8, closely followed by the lowest
threshold settings of EWG € and EWB € at a score of 0.72-0.78.

In the Greedy environment, some strategies perform worse over time. There are
also those, EWB Softmax and EWG Softmax for example, that manage to survive
for the whole simulation. Despite the static nature of the environment, survival is
not guaranteed.

Greed Random Dual
1400 Strategy
1200 = EWB € (6=0.2) 7
EWBSoftmax (T,=0.01) //
1000 _
----- EWG € (6=0) //
2 800 == EWGSoftmax (1,=0.01) s
© —= EWB ¢ (§=0) 7/
v /7
o 600 === Random /7
400 2 P
200 // et
7/ f“'-‘“‘-
0
0 500000 1000000 0 500000 1000000 0 500000 1000000
Step Step Step

Figure 4.1: The average number of deaths achieved by five well performing strate-
gies and the random strategy in the Simple environments.

4.1.2 Gridworld environments

In both static instantiations of the Gridworld environments, it is clear from Fig-
ure 4.2 that there is a large difference between the Random baseline and agents.
For both the static safe and the static hostile version, strategies which survive near
indefinitely can be found. Note that the hostile version doubles the number of
deaths for the random strategy, showcasing its inability to learn the adverse effects
of stepping on detrimental tiles.

The dynamic safe and dynamic hostile environments show less of a difference when
comparing against the random baseline. The dynamic nature of the environment
requires unlearning of old knowledge, which is not directly facilitated by the used
RL architectures. Despite this fact, there does exist a noticeable gap in the perfor-
mances. The best strategy from Figure 4.2 performs twice as good as the random
baseline, indicating that it is possible to learn something in the environment.

By viewing the normalised scores, it becomes clear that the Gridworlds manage
to test different things. Static hostile and static safe share results to some extent,
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something which is less true for dynamic safe and dynamic hostile, but in general,
the results vary significantly.

Gridworld SS Gridworld SH
400 //
7/
/7
300 //
n /7
£ 7/
© 200 - —
[a) // /7
-~ //
100 Prad // ___________ Sty
-~ s simme==S=2  AnnealedSoftmax
0 == AT ey (t=0.001,75p=1e-05,Tnir=0.0001)
ConstantEpsilon (€=0.2)
Gridworld DS Gridworld DH ... ConstantEpsilon (€=0.3)

AnnealedEpsilon
7" (€=1.0,6min=0.1,6,=0.001)

=== ConstantEpsilon (¢=0.1)
=== Random

400

0 500000 1000000 O 500000 1000000
Step Step

Figure 4.2: The average number of deaths achieved by five well performing strate-
gies and the random strategy in the Gridworld environments.

The Corridor gridworlds are very harsh in comparison to other environments. In
Figure 4.3 the random baseline performs worse than the selected strategies to such
a degree that any variation in strategy performance is lost. Looking closer at the
final score for these two worlds we can see that the baseline strategies perform well
here. All three baseline strategies, ConstantEpsilon, AnnealedEpsilon, Softmax and
AnnealedSoftmax have multiple scores above 0.9. In contrast, the EWB ¢ strategy
struggles here, and EWG e falls in between. This ties back into the property that
the corridor environments should test. Too much exploration should be punished.

4.1.3 Expanding Color Gridworld environments

From Figure 4.4 the same result as for the corridor environments is observed in
the Expanding Color Gridworlds. The selected strategies convincingly outperform
the Random baseline. Interestingly, the static versions are more difficult to survive
according to the Random baseline. Most likely owing to the increased amount of
water in the dynamic worlds.
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Corridor short Corridor long
15000
//
12500 // Strategy
V4 = Softmax (t=0.01)
10000 /7
@ / = = EWGSoftmax (t,=0.01)
‘® 7500 7/ o e EWG € (6=0.2)
2 Yl g - = EWBSoftmax (1,=0.01)
5000 // // == EWG € (6=0)
7/ // === Random
2500 / -~
/ -~ e
0 y4 - e
0 500000 1000000 0 500000 1000000
Step Step

Figure 4.3: The average number of deaths achieved by five well performing strate-
gies and the random strategy in the Corridor environments.
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Figure 4.4: The average number of deaths achieved by five well performing strate-
gies and the random strategy in the Expanding Color Gridworld environments.

4.2 Combined results

The final combined score across all environments can be seen in Figure 4.5. The
strategies that take into account the internal variables outperform those that do
not. At rank 10 we find the first non-homeostatic strategy, Constant ¢ = 0.4. The
first Annealed € is found at rank 22.

The top strategy, EWG € (6 = 0.2), has a score of 0.77. The only environments
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Figure 4.5: Averaged normalised scores for each 47 strategies tested. The first base-
line strategy, ConstantEpsilon (e = 0.3), ranks number 10. The first AnnealedEp-
silon is found at rank 22.

where it is not a top contender are the Dual and Random environments, but even
there, it is only beaten by other homeostatic strategies. This is also in line with what
is to be expected. The Random and Dual environment punishes greedy actions, and
EWG will be primarily greedy in a world it performs poorly in.
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Interestingly, we see a multitude of § values in the top ranks. For EWG ¢, the lower
values of € seem to be favoured, while for EWB ¢, the mid-range values appear to
be favourable. In general, the performance of these strategies seems to not depend
too much on the value of 6.

If EWG and EWB are compared, we find no conclusive evidence towards either
heuristic being better or worse than the other. The top two spots are claimed by
both strategies respectively, and in the top 10, there are 4 EWG strategies and 3
EWB strategies.

Looking at the per environment score of the top performing hyperparameter settings
of each strategy type, Figure 4.6, it is clear to see that all strategies struggle with
the dynamic Gridworlds. For the static Gridworlds, the results are almost equal
among all strategies, apart from the EWG Softmax, EWB Softmax and Softmax
baseline, which all appear to fail. This appears to be due to the 7 value being too
high for this specific environment. In contrast, Softmax (7 = 0.001) receives a score
more similar to the Annealed Softmax and e strategies.
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Figure 4.6: Normalised scores for the top performing strategy of each type in each
environment, using the Random agent as baseline. The top row contains e-based
exploration strategies, and the bottom row contains Softmax exploration strategies.

For the Random and Dual environments, the baseline strategies all struggle and
sometimes fail miserably, while the EWG and EWB strategies perform fairly well.
This, however, does not appear to be related to the hyperparameters as almost all
baseline strategies have a zero or negative score in these environments.

In the Expanding Color Gridworld environments, all strategies perform well. How-
ever, the EWG and EWB strategies do perform better than their baseline alterna-
tives.

If we compare the results of the e-greedy strategies with those of the Softmax strate-
gies we see that, in general, the e-greedy strategies seem to perform better. Do note
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that the homeostatic Softmax strategies outperform the non-homeostatic baseline
strategies, in general.

4.3 Exploration comparison

One of the anticipated effects of the homeostatic strategies is their dynamic explo-
ration rates. In Figure 4.7 we observe the fraction of non-optimal actions taken in
each environment. Only the top-performing hyperparameter configuration of each
strategy type is illustrated. In addition, the 95% confidence interval is displayed as
a black line.

4.3.1 e-based strategies

What we observe from Figure 4.7 is a constant rate of exploration from the Constant
e and Annealed € strategies. While there is a small deviation in the averages between
environment types, this is explained by the differing number of actions available.

The homeostatic strategies, in contrast, have wildly varying exploration rates. Ex-
ploration rates between environments differ with up to 40 percentage points for
EWB and 38 for EWG. Moreover, exploration rates within an environment differ.
For example, in the static Gridworld environments EWG has a very high variance
indicating that each simulation had a different exploration percentage, and the rate
of exploration is much higher than for the dynamic Gridworld environments.

Overall, EWG € (§ = 0.2) explores much more than EWB € (6 = 0.4), even though
they are both ranked number one and two respectively. For example, in the static
Gridworld environments, both EWG € (§ = 0.2) and EWB ¢ (6 = 0.4) have roughly
the same scores: 0.87, 0.93 and 0.88, 0.96. Their exploration rates are however very

different: 43%, 49% and 4%, 1%.

We also find that the rate of exploration of the top performing homeostatic strate-
gies in the Random environment, an environment in which only the homeostatic
strategies were successful, is increased (as compared to other environments), with
rates between 30-75%. However, it appears that the rate of exploration by itself is
not the key to success, as the baseline Softmax strategies have similar rates in this
environment but still fail to find a policy that works and perform on par with the
Random baseline strategy.

4.3.2 Softmax strategies

When compared to the e-based strategies, the Softmax strategies exhibit the opposite
exploratory behaviour. In Figure 4.7 we see that the Annealed Softmax strategy
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has the most difference in exploration, both across environment types and within.
Following the Annealed Softmax strategy is EWB Softmax, which also displays some
variance in behaviour. Both Softmax and EWG Softmax, on the other hand, have
similar rates of exploration across environments.

Despite the dissimilarities, both EWG Softmax and EWB Softmax are placed high
in the ranking with spot 5 and 9. The Softmax and Annealed Softmax, dynamic
behaviour aside, have rank 13 and 20 respectively.

One thing worth pointing out for the Softmax strategies is the Corridor environ-
ments. For all four strategies, the rate of exploration as compared to the other
environments is systematically lower.
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Figure 4.7: The percentage of exploratory actions taken in each environment for
the best performing hyperparameter configuration of each strategy type. The top
row contains e-based exploration strategies, and the bottom row contains Softmax
exploration strategies. Note the near constant amount of exploration done by con-
stant € and annealed € across environments as compared to EWG and EWB. The
slight variation in exploration is caused by the differing number of actions in the
environments. The black lines indicate the 95% confidence interval, indicating the
variability of the exploration rates within an environment.
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Discussion

The animat path to AGI naturally involves simulating animats. A general objective
for the animat is to regulate its internal state, to maintain homeostasis. This objec-
tive can, in turn, be computationally solved through the application of reinforcement
learning. When such a solution is attempted, the RL problem finds itself with extra
information not normally included in RL problems. This raises the question: By
utilising this extra information, can one construct RL solutions that include this
information, and will it perform better than traditional solutions?

We have answered these questions for the RL component of exploration strategies.
Through 8 unique exploration strategies and 47 total hyperparameter configurations
in 13 environments, the results indicate that homeostatic exploration strategies per-
form better than traditional RL strategies. The internal variables made available
through the problem formulation encode relevant information to the solution of the
HRL problem.

While the agents are unable to find sustainable policies for all environments, we
see that they are capable of finding policies which provide significant improvement
compared to the Random agent. The dynamic environments, in particular, are hard
for the DQN algorithm to find policies for. However, as real-world environments can
be dynamic, this type of environment is still relevant for evaluations. In addition,
we find results that indicate that, while a DQN may struggle with this type of
environments, the choice of strategy may affect how well the agent can perform in
highly dynamic and stochastic environments.

In this chapter, we highlight certain properties of the homeostatic exploration strate-
gies, insights that can be found, drawbacks to the homeostatic strategies proposed
as well as future avenues of research.

5.1 Dynamic exploration

There are multiple instances of strategies that have an equal score but a vastly
different fraction of exploratory actions. There are also cases of which the opposite
is true, equal rate of exploratory actions but different scores.
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In general, the fraction of exploratory actions does not seem to be a good indicator
of the score. We are thus rather led to believe that it matters more when a strategy
chooses to explore rather than how much.

This becomes apparent in the simple environment Random where continuous ex-
ploration is necessary. In this environment the baseline strategies are outperformed
even by the random strategy, while several EWG and EWB strategies perform fairly
well, finding a good policy in an environment which it was not assumed to be pos-
sible if one were only looking to traditional strategies. This appears to be achieved
by increasing the rate of exploration at the right time, which these strategies do
dynamically without modifying the hyperparameters.

5.2 Homeostatic ¢ hyperparameter robustness

Hyperparameter sensitivity is an important practical property of any algorithm.
Only a finite amount of resources and time can be spent in finding good values for
the hyperparameters.

From the results, we find the homeostatic € strategies high in the ranking for a large
range of 6 values. This would seem to indicate their robustness and practical use.
Even if the Random and Dual environments, which contribute a large negative factor
to the baseline’s performance, were to be removed, this still holds true. There are
still some hyperparameter choices that seem to work less well for the Homeostatic
€ strategies. The outer edges of the intervals, for example EWB 6 = 0,6 = 0.8
and EWG 6 = 0.8 have less convincing performances. In general, the inner parts,
0.2 <6 <0.6, seem to be the safer values in regards to overall performance.

5.3 Softmax strategy performance

The Softmax exploration strategies have a fundamental difference in comparison
to the e exploration strategies. They are able to consider how good each action
is, at least according to the learned Q-function. We might thus expect to see them
perform better than the e exploration strategies. However, this is not the result that
we observe. On the contrary, the Softmax strategies seem to consistently perform
worse than their € counterparts.

How come that, despite their extra potential, the Softmax strategies find themselves
with lower scores? While it is hard to point to a specific reason, we can highlight
some potential ones.

First of all, Softmax exploration is known to be hard to tune [34]. From the results,
we find that 7 = 0.01 works better for the Softmax strategies, with both the lower
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step 7 = 0.001 and the higher step 7 = 0.1 having less score. In the experiments
that have been performed, only a crude gridsearch has been used, and it is fully
possible that we might have found better scoring policies in the interval (0.1,0.001).
This can be seen as a flaw in the experiments, or it can be seen as a flaw in the
Softmax hyperparameter sensitivity.

We also have to tune the Softmax strategies to a multitude of environments. If the
hyperparameters are very sensitive to one environment, finding a good parameter
value for many environments might be impossible. This becomes especially clear
when each environment has different relative values for the Q-function. Attempt-
ing to find a single 7 that generalises across all of them might then be a fruitless
endeavour.

5.4 EWG vs. EWB

It is interesting to ask the question of whether it is better to explore when in good
health or when in poor. When one is in good health, one has the resources to
explore, but not an immediate benefit. On the opposite, when in poor health one
may not have the resources to do so, but one does have an immediate need for it.

From our results, we see that there is no obvious answer to such a question. The
top two strategies are from each type. Such a result can by no means be seen as
conclusive, but if taken at face value it leads to the next logical question; If both
EWG and EWB work, can we combine their positive properties somehow? We
postpone such a discussion to section 5.6.

5.5 Caveats

Assuming there is an optimal policy that will keep the agent at the optimal state,
the EWG strategy will be able to find, but not follow, this optimal policy. This is
because the closer the agent is to the optimal state, the more exploratory actions
the agent will take. To counter this behaviour, in theory, many extensions could
be made, e.g. annealing a maximum € value or the threshold 6 could be increased.
These changes should make the agent more greedy in general, as well as allowing
the agent to follow the optimal policy to a larger extent, but they come at a price.
Increasing the number of hyperparameters, or letting them decay over time, comes
with additional hyperparameter tuning.

Another issue is the initialisation of the simulations. If the EWG agent is initialised
with an internal variable far from the optimum, the agent will have a very low rate
of exploratory actions and will act greedily. If the underlying Q-value estimator
has not yet found a good enough policy the agent will simply act greedily towards a
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poor policy and the agent may fail to improve it. This issue was sometimes observed
in the Corridor environments, where the internal variables would drop too quickly
for the agent to ever take enough random actions to encounter a food or water
source, resulting in the agent simply standing still. To counter this we can use the
same idea as before, the 6 could be decreased initially. For example, an annealed €
approach could be applied to the 6 value to increase the rate of exploration early
in the training phase, if this issue is encountered. But again, this requires human
intervention, something we wish to minimise.

A concern with the EWB strategy is that it can potentially make the agent unstable
when it reaches the threshold . When an EWB agent is performing badly it will
start performing more exploratory actions, in which case it may perform even worse,
resulting in even lower internal variables and a higher €. As such, once the agent
reaches the threshold, it may be unable to return to a better state and instead
follows a downward spiral, resulting in its demise.

This drawback of EWB might also give us a hint on the question of whether the
EWB or EWG heuristic is better overall. We are ultimately interested in agents that
manage to not die at all in their environments. If the concern of EWB spiralling to
its own death holds true, we might expect to see the EWG heuristic perform better
in a more realistic setting.

5.6 Future work

During the development of this paper, a number of possible improvements and
alternative approaches were found, but not fully investigated. In this section, we
introduce some of these ideas as potential future work.

5.6.1 Exploration heuristics and extensions

We have tested two exploration heuristics, EWG and EWB. They both map from
the space of internal variables onto the interval [0,1] with a hyperparameter 6 to
control the shape of the function. It is possible that the space of such functions
contains exploration heuristics that have an even greater performance. We noted
previously that both EWG and EWB seem to be reasonable heuristics when it comes
to performance. Perhaps it would be reasonable to consider an exploration heuristics
that explore when good or bad, which is greedy in between these internal states.

Another idea is to extend the current heuristics with additional hyperparameters.
An example of this is €,;, and €,.c. These parameters can be used to counter some
of the caveats alluded to in section 5.5. For example, €., could be used to mitigate,
to some extent, the potential death spiral of EWB, and €., could be used in EWG
to force the agent to explore early.
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The equations including e, and €. can be found in Equation 5.1 and 5.2.

€min — 0 - € €min — 0 - €
EWG : — min7 (1 _ hz ) . max — min max min max
€ € =max | € mzax| | € ¢ ¢
(5.1)
€min — ‘9 * €max €min — 0 * €max
EWB €: € = max | €y, <m?x|hi|> | €max — T g T 7
(5.2)

The minimum and maximum values 0 < €, < €nax < 1 provide the ability to set
hard limits on the level of exploratory actions. The effects of these hyperparameters
are visualised in Figure 5.1 using two internal variables. Here € is a linear function
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Figure 5.1: € scales linearly between the €p,;, and €y, bounds.

These parameters can also be used in tandem with the threshold 6 for more fine-
grained control, i.e. Figure 5.2 show a risk-averse setting, where both a threshold
and a maximum e€ is used to have the agent explore only a little when it is doing
well. The original implementation can be recreated by setting the hyperparameters
t0 0 =0, €nin = 0 and €.« = 1.
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Epsilon as a function of needs for risk averse EWG with 6=0.4 ¢_max=0.5

0.0 3%
S
-05 &e'

0.0
Need7 0.5 10 10

Figure 5.2: An example of a risk averse strategy which explores at a reduced rate
and only when internal variables are near optimal.

5.6.2 Sustainability-based exploration

In the Homeostatic Reinforcement Learning problem we can reason about what
the optimal Q-values should be. An agent with an optimal Q-function, with all its
internal variables at optimal levels, should not predict any positive return, no matter
the action. The best achievable return in such a state is in fact zero. This can be
observed in the second row of images in Figure 2.1. Here, when the internal variables
at time step t are 0, the reward for all possible values of the internal variables in
t 4+ 1 are negative or zero.

While larger than zero Q-values may still be found during learning and may persist
indefinitely due to approximation and other errors, the Q-function should eventually
be bounded from above by zero in the optimal case.

Likewise, we can interpret the Q-function in our Homeostatic setting. If the return
in a given state is above or equal to zero it indicates that it is a step that will
eventually come closer to the optimum, and the agent believes that it is sustainable.
On the other hand, if a Q-value is less than zero it indicates that this action will
eventually end up further away from the optimum. This indicates that the Q-values
can be seen as a measure of the agent’s beliefs of its own sustainability.

With this in mind, we can form a class of strategies with the same hypothesis as
for EWB, which only explores when the agent believes itself to have no sustainable
action. In other words, exploration only occurs when all expected returns, (J-values,
are strictly less than zero.

We can define multiple policies which build on this idea by simply not exploring if
there exists a Q-value larger than or equal to zero, indicating that the given policy is
sustainable, and using one of the previous exploration strategies when all Q-values
are less than zero.

The pseudocode for the sustainability-based exploration strategy is given in Algo-
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rithm 2. Note that a separate exploration strategy is needed.

Algorithm 2 Sustainability-based strategies

Require: Exploration strategy STRATEGY
input function @, internal variables h, current state s,
if Ja: Q(s,a) > 0 then
a + argmax Q(s,a)
else ’
a < STRATEGY(Q, h, s)
end if
output a

A small number of trials were performed with this strategy, however, the results
were negative. This may be due to the tendency of the DQN to overestimate the
Q-values [24]. As such, improvements to the DQN algorithm [7] may improve the
results of the sustainability-based strategy. However, trials with DDQN [24] did not
show promising results either.

Rather than use the Q-function as a measure of sustainability, it is also possible
to use the agent’s history. A downward trend in the internal variables signifies
unsustainable behaviour and an upward trend signifies sustainable behaviour. There
are a few considerations to take into account here though. First, it is not clear how
to define sustainability. How far back into history one looks and how to compare
different needs need to be answered. Does an upward trend in one variable cancel
a downward trend in another? Secondly, there may well exist environments that
require the agent to temporarily deviate from its internal state. For example, a bear
in hibernation. To then assign significance to such an event may be incorrect, as
the bear most likely has a belief in its ability to find food once spring arrives.
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Conclusion

We find that replacing the typical e-greedy strategies with either EWG € or EWB ¢
can improve performance of the HRL agent. Agents implementing these strategies
appear to be able to find better policies. In addition, agents using the new strategies
appear better equipped to handle dynamic and stochastic environments without
human intervention or hyperparameter tuning.

While the Softmax strategies did perform fairly well for some settings in some envi-
ronments, we did not see any significant improvement in the performance with the
EWG and EWB heuristics, when compared to baseline Softmax implementations.
As such implementing the EWG and EWB heuristics as a Softmax exploration strat-
egy does not seem worthwhile as it does not significantly improve performance.
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A

Environments

A total of 13 distinct environments were constructed, built on the Open Al Gym
framework!, for the tests described in the main text. These environments are divided
into three different complexity categories depending on the dimensionality of the
observable state spaces.

First, the simple environments have no external state observable by the agent, al-
though the environments themselves are not limited to a single state. Second, the
Gridworld environments present the agents with their coordinates in the world.
Last, the Expanding Color Gridworlds allow the agents to observe their immediate
vicinity in the form of colour values.

In all worlds, a terminal state is considered reached when any of the internal states
are outside the interval (—1,1).

A.1 Simple environments

The simple environments share the fact that there is no observable external state,
only the internal variables are observed by the agent. For these environments, the
internal needs of the agent are decreased by 0.004 each time step.

A.1.1 Greedy

The Greedy environment has 4 actions as described in Table A.1 and is fully deter-
ministic and static.

"https://gym.openai.com/



A. Environments

Table A.1: The change in internal needs for the different actions in the greedy
environment.

Action Ahy  Ahy

ap 0.04 0
ap 0 0.02
as -0.02 0
as 0 0

A.1.2 Random

The Random environment has 4 actions. Initially a hq, hs increase and a hy decrease
are each randomly associated with one action. The change in internal variables for
each of these outcomes are 0.02, 0.04 and —0.02 respectively, similarly to the greed
environment. Once an action with a non-zero outcome is selected, that outcome is
randomly associated with a new action. Outcomes may randomly be associated with
the same action. Likewise, two outcomes can be associated with the same actions.

A.1.3 Dual

The dual environment has 4 actions. The environment switches between acting
like the Greed and Random environment on a fixed time basis. Starting out as a
Greed environment, each 100 time steps the environment switches its type. When
the environment switches to being greedy, outcome associations from the Random
period are kept fixed rather than reset to that of the greedy world.

A.2 Gridworlds

The environments that fall into the Griworld category consist of two main types, the
small cube shaped Gridworld and the Corridor Gridworld, each of which is described
in their respective section.

A.2.1 Gridworld

The Gridworld environments are 3 x 3 worlds where the observation given to the
agents consist of the agents (x,y) coordinate. Each time step, the internal variables
of the agent are decreased by 0.0005. The agent has five actions, to move in the
cardinal directions and to stand still. Standing still lowers the need decrease by a
factor of 5. Unless stated otherwise, the top left corner tile gives Ah; = 0.002 and
the lower right corner Ahy = 0.002. Note that traversing from one corner to the

IT



A. Environments

other is exactly sustainable, however if any suboptimal action is selected the agent
would have to stand still at a resource to remain sustainable.

The agent may try to move off the grid. Doing so will result in the position not
changing, but the full decrease of needs being applied.

A.2.1.1 Static Safe

The static safe variant of the Gridworld is the most basic and easy version of the
Gridworld as described above. No additional changes are made.

A.2.1.2 Static Hostile

The hostile modifier in the Gridworld makes it contain an extra tile in the top right
corner with Ahy = —0.02.

A.2.1.3 Dynamic Safe

The dynamic modifier in the Gridworld makes it non-stationary. Now, each time the
agent enters the hy tile, its abundance decreases by 1%. This abundance parameter
is applied to calculate the total Ah; gained such that consequent visits will give less.
When the abundance reaches zero, the tile is randomly placed in any of the 9 tiles,
possibly overlapping with the hy tile. The initial h; value is increased by a factor of
1.5 in order to keep the total amount of h; gained over time constant as compared
to the non-dynamic versions.

A.2.1.4 Dynamic Hostile

The dynamic and hostile Gridworld is a combination of the dynamic and hostile
modifier. The dynamic tile is not constrained and may overlap the hostile tile.

A.2.2 Corridor

The Corridor environments are similar to the previously mentioned Gridworlds in
its underlying structure. There are two instances of this environment type, the
difference being the length, either 10 or 20 tiles which are laid out lengthwise. In
each end of the resulting corridor one of the resources are found, both resulting in
a resource gain of 0.1. The resource decay for the short corridor is 0.02 and for the
long corridor 0.01. The up and down action is not included.
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A.3 Expanding Color Gridworld

The final category of environments are the Expanding Color Gridworlds. In these
environments the external observable space is the RGB colour of the 9 tiles surround-
ing the agent, a total of 27 floats values in the range of (0,1). All ECG environments
start out with a single hs resource in the top right and a hy source in the lower left
corner of a 5 x 5 grid. The size of the grid increase every 10,000 steps with one tile
in each cardinal direction.

The resource decay in all of the environments is 0.0005, and the gain from collecting
any resource is 0.2.

A total of 4 different ECG environments were used, with the settings Static/Dynamic
and Safe/Hostile.

A.3.1 Static Safe

The static safe environment only expanded in size, but did not provide any additional
resources or dangers.

A.3.2 Static Hostile

The static hostile environment had an additional danger tile which reduced hy with
0.05.

A.3.2.1 Dynamic Safe

The dynamic safe environment created additional hy sources and trees as the en-
vironment expanded. In this environment the h; source would disappear upon
consumption and respawn near one of the trees.

A.3.2.2 Dynamic Hostile

The dynamic hostile environment was similar to the dynamic safe environment,
however this environment also spawned additional danger tiles with Ahy = 0.05.
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Results

This appendix contains the full results of the evaluations.
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C

Agents

Depending on the environment, two different sizes of the hidden layers were used.
The small environments include the Simple environments and the 3 x 3 gridworlds.
The large environments include the corridor environments and the Expanding Color
Gridworlds. All other hyperparameters were kept constant between simulations, in
order to compare the effects of the strategies alone. A full list of the hyperparameters
of the agent can be found in C.1.

Table C.1: A large and a small DQN were used for different environments, the
hyperparameters of which were kept identical the same in all evaluations.

Small Large

Hidden layers [4,4] [64,64,64]
Optimizer Adam Adam
Learning rate le-3 le-3

07 0.9 0.9
Batch size 32 32

Switch after steps 200 200
Train after steps 500 500
Drive n 4 4
Drive m 3 3
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