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Reinforcement learning for ecosystems
Using explainable dynamic neural networks to train reinforcement learning agents
in a simulated virtual animal ecosystem
Felix Hulthén
Department of Computer Science and Engineering
Chalmers University of Technology

Abstract
This report covers the development of an inherently explainable and dynamic neural
network for reinforcement learning in virtual animal ecosystems, based on the life-
long learning from zero (LL0) neural network used in supervised learning. The
developed network (RLL0) is a fuzzy neural network with specialised growing and
pruning rules for an ever changing environment. Results from benchmarking against
a reference network show that RLL0 has a comparable performance while using
far fewer trainable parameters. This, combined with its adapted architecture for
visualising a learnt behaviour, shows promising future extensions to and use of the
explored algorithms for animal behavioural based biological simulations.

Keywords: Life-long learning, reinforcement learning, fuzzy neural networks, artifi-
cial intelligence, animals
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1
Introduction

Problems such as autonomous driving, object recognition and large scale agent based
simulations have long presented challenging optimisation tasks for many reasons,
with one being performance. In the past years solutions to these problems have
become more attainable with the increase of computational power and function op-
timisation techniques. This has let computers perform complex tasks with methods
that do not require explicit programming, such as learning and winning against a
professional opponent in the game of Go [1] using machine learning. Incredible feats
like this; however, come at the price of network modelling, energy consumption and
memory, which themselves are challenging problems.

Networks with dynamic architectures partially combat these issues by adapting its
structure during training [2], [3] and by managing their own learning capacity [4].
However, they do not avoid being initially slow to train and neither is their learned
behaviour trivial to explain during or even after training. These issues were some
of the the problems addressed by the Life-long learning form zero (LL0) dynamic
networks used in supervised learning [5], [6] It was designed to use far less resources
and learn very quickly in classification tasks. With the increasing benefits seen in
adapting reinforcement learning for biology simulations [7], having a network like
LL0 could make otherwise computationally expensive simulations more efficient.

To use these properties in biology simulations this report proposes the reinforce-
ment life-long learning from zero (RLL0) neural network, an adaptation of LL0 for
reinforcement learning. It is designed to work seamlessly with existing training algo-
rithms and inherits most of the explainability and resource efficiency of the original.
Its performance was tested by benchmarking it against a reference network in a
selection of common and new environments, including a custom made environment
based on a virtual animal ecosystem. Based on the results it can learn agent policies
rivalling the reference network using only a fraction of trainable parameters.
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1. Introduction

1.1 Aim and limitations
The aim of this report is to explore the possibility of adapting and using LL0 in re-
inforcement learning problems related to animal behaviour in biological simulations.
As such the underlying research question for this work was, "Can the dynamic net-
work LL0 be adapted and used for reinforcement learning of virtual animal ecosystem
problems"? The purpose behind this report was to test LL0’s adaptability and suit-
ability in reinforcement learning, more specifically how its unique properties could
be transferred to and used in this more general domain of problems, and whether bi-
ological simulations could benefit from it. The actual practical difficulties associated
with using the network, such as problem specific parameter tuning and hardware
optimisation, were not focused on and therefore not covered by this report.
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2
Theory

The following chapter presents reinforcement learning, its most prominent training
algorithms and techniques for those unfamiliar with the topic. This is followed by
an introduction to fuzzy neural networks and finally the original LL0 neural network
as used in supervised learning in section 2.11.

2.1 Reinforcement learning
The benefits of artificial intelligence and therein machine learning is its ability for
computer programs to learn a difficult function optimisation without human inter-
vention. To do this an algorithm is trained on data samples to (ideally) learn the
global minimum or maximum. However, what data is available and which assump-
tions can be made depend on what type of training is used, with two common being
supervised learning and its more general form reinforcement learning [8].

The goal of supervised learning is to minimise the prediction error of a mapping
function between input and desired output. This function is learnt by training on
mapping samples in a labelled dataset. However, in practice these labelled datasets
are most often not available or simply not an option in terms of time and cost. This
is what makes reinforcement learning so appealing. It does not need labels to learn.
Instead, it learns form the response of an external reward signal after performing
a mapping, much like how an animal learns to perform a task by observing the
response of its environment.

A problem in reinforcement learning is represented as a Markov Decision Problem.
This combines a set of states S and a set of actions A that can be performed by an
agent at a state. During each step an action is selected by the agent based only on
its current state s ∈ S, causing it to transition to a new state according the matrix
P. This process repeats until the agent reaches a terminal state.

3



2. Theory

In reinforcement learning this interaction is represented by two entities, an agent
subject to learning and its environment, as seen in figure 2.1. At each time step t ≥ 0
the agent is given an observation vector st by the environment and selects an action
at according to its policy function π : S→ A. After each interaction the environment
transitions to a new state and produces a reward rt based on its reward function
R. From continued interaction the agent is tasked with learning how to maximise
the cumulative reward ,called return, that is the sum of the agent’s received reward
throughout its environment trajectory. To control how an agent perceives long and
short term rewards, an additional discount factor γ ∈ [0, 1] is used to form the
discounted return. Acting optimally based on this means learning an optimal policy
π∗. Such a policy can be formed based on the optimal expected discounted return
of each state, called the value function V (s;R,P) and always pick the action that
maximises the expected return of the next step.

Figure 2.1: The general representation of the reinforcement learning process. At
each time step the agent receives an observation vector from the environment and
is task with maximising its return by selecting an appropriate action.

By learning from experience, a successful agent finds what actions are optimal given
an observation. In the case that all environment parameters are known, an optimal
policy can be found through a model-based method such as value iteration. However,
in a practical setting it is almost never the case that R and P are known, forcing
the agent to instead learn a model-free policy.

As it is not possible to directly infer V (s;R,P) in model-free learning, an alternative
is to learn the Q-value function Q(a, s|At = a, St = s), which does not depend on
the environment’s inner dynamics. Here the agent only needs to map action and
state pairs to a discounted return estimate. Acting optimally then means fulfilling
the Bellman optimality equation in equation 2.1 and always picks the action with
the highest quality estimate.

4



2. Theory

Q∗(a, s) = E[r + γmax
a′
Q∗(s′, a′)] (2.1)

Equation 2.1: The goal of the agent is to arrive at a solution to
the Bellman optimally equation. With it an optimal policy can be
formed by acting greedy based on the action quality values.

However, in most cases the observations given to an agent do not reflect the entire
environment state. As such it is not generally possible to find a truly optimal policy.
Instead, reinforcement learning agents are more realistically able to find sub-optimal
policies. The issue then becomes how fast the agent is able to achieve this during
training.

2.2 Monte Carlo training
The Monte Carlo (MC) training algorithm is based on stochastic interaction with
the environment. At the end of an episode the agent’s experienced trajectory is
used to form return estimates of states ĝt along the path. The Q-value estimates for
actions of these states on the trajectory are then slightly updated towards the new
return estimates on a fist-visit or every-visit basis.

Because this training algorithm uses all states along an agent trajectory it requires
the learnt problems to be episodic. In practice these MC update targets have a large
variance due to the experienced trajectories generally only reflecting a fraction of the
possible environment trajectories. However, if the estimated returns are accurate it
leads to fast learning.

2.3 Q-learning and neural networks
A more stable algorithm is the temporal difference (TD) algorithm. In this report
we consider only the TD(1), a Q-learning algorithm that looks one step ahead. This
training algorithm updates estimates for Q(at, st) based on the reward rt received
after performing an action at in state st and transitioning to the next state st+1, see
equation 2.2 which scales the update with α as a learning rate.

Q(at, st)← α[rt + γmax
a′

(Q(a′, st+1))−Q(at, st)] (2.2)

Equation 2.2: Q-learning updates the estimate slightly towards
the experienced reward rt at time step t and the maximum estimate
of the next state st+1.

5



2. Theory

To efficiently work with the often massive input and output dimensions of practical
problems, neural networks are commonly used as a Q-value estimation function. In
an neural network a single update generally affects the estimates of many states,
making it possible to generalise to never before seen states after training. A pop-
ular implementation is the Deep Q-learning Network (DQN) [9]. It uses Stochastic
Gradient Decent (SGD) to update network parameters, a method that alters their
values by small aggregated steps in the reverse gradient direction of a loss function.

The presented DQN uses off-policy training that records transition experiences in a
buffer collected during training according to a behavioural policy. This policy uses
a set of network parameters θ that are updated towards a target produced by a
target policy with parameters θ′. The two policies are synced every so often, which
gives the network more stable targets than if it had used the same policy for both
behaviour and target, called on-policy training.

The network targets can; however, be further improved with Double DQN (DDQN)
[10], which turns the DQN target in equation 2.3 into the DDQN target in equa-
tion 2.4. This change avoids the agent learning too optimistic estimates. The be-
havioural and target policies periodically switched their roles and therefore alternate
between being the target and being trained.

Q(at, st; θ)← α[rt + γQ(maxaQ(at, st+1; θ′), st+1; θ′)−Q(at, st; θ)]
(2.3)

Equation 2.3: The original update function used by DQN that
learnt too optimistic Q-values.

Q(at, st; θ)← α[rt + γQ(maxaQ(at, st+1; θ), st+1; θ′)−Q(at, st; θ)]
(2.4)

Equation 2.4: In the DDQN the target is changed to be based on
the next state action of the behavioural network, rather than the
target network as used in the DQN update.
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2.4 Proximal Policy Optimisation
Instead of learning Q-values as in MC and TD to later use them in an agent policy,
another approach is to directly learn and update a policy. This is what is done
in a policy-gradient algorithm such as Proximal Policy Optimisation (PPO) [11].
This algorithm combines policy-gradient networks with trust regions to limit the
destructive impact of network updates. It also uses an actor-critic to estimate the
value of being in a state, which is used to update the action distribution produced
by the network.

The PPO algorithm learns these estimates and distributions by recording the agent’s
environment trajectory in an experience buffer, which is later used for updating in an
on-policy fashion. Once the buffer is full the critic value estimates form advantage
values, the difference between the predicted and the buffered return estimate. The
advantages are used to update the policy to favour the actions that were associated
with a positive advantage and discourage those that were negative. The updates
are; however, limited by a change ratio τ to prevent an update from devastating the
network performance.

2.5 Adaptive moment estimation
When training neural networks the rate at which parameters are updated is impor-
tant for efficient training. A single learning rate for all parameters could benefit
some, yet be devastating for other parameters. If too small the agent will learn very
slowly or even get stuck in a local optima and if instead a too large it could pre-
vent the agent from making any fine tuned adjustments. Adaptive moment estimate
(ADAM) assigns an individual adaptive learning rate to each network parameter
based on the first and second moment estimates mi and vi [12]. These estimates
speed up or slow down changes made to a parameter depending on the observed
magnitude and direction of change, see equation 2.5. The rate also regard the pass-
ing of time using the decay factors β1 and β2 ∈ [0, 1) to make smaller fine tuned
changes at later time steps.

mt,i ← β1 ·mt−1,i + (1− β1) · ∇θ(θt−1) (2.5)

vt,i ← β2 · vt−1,i + (1− β2) · ∇θ(θt−1)2

α̂t,i = mt,i

(1− βt1)(
√

vt,i
(1−βt2) + ε)

Equation 2.5: ADAM introduces an effective learning rate α̂t,i
per parameter pi at time step t with respect to the gradients from
the estimation function fθ based on the first and second moment
estimates.
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2.6 Prioritised experience replay
Data points collected during training are assumed to be independent and identically
distributed; however, in practice this is not the case. When training an agent on
sequentially collected data points it is beneficial to break the temporal bond between
consecutive samples to avoid correlations. A technique for this is experience replay,
which records an agent’s environment trajectory as a vector of the state transition,
action and received reward (st, at, rt, st+1) in a buffer. This buffer is later sampled
according to some distribution and a selected number of recorded experiences are
replayed for the network to train on.

In its most basic form of experience replay data points are sampled using an uniform
distribution. However, this undermines the importance of learning from experiences
that deviate from the network’s expectations and produce large estimation errors.
By using prioritised experience replay (PER) a higher sampling probability is given
to records with large prediction errors [13], see equation 2.6. This is combined
with the importance sampling weighting scheme in equation 2.7 to scale parameter
changes and avoid introducing a bias due to this sampling distribution.

I(i) = eαi∑
j e

α
j

(2.6)

Equation 2.6: The importance I(e)
for some experience sample i is based
on the prediction error ei. The sam-
pling probability can be adjusted with
the α ≥ 0 parameter.

wi = ( 1
N

1
I(i))β (2.7)

Equation 2.7: The importance sam-
pling introduces a bias to the N sam-
ples and therefore a correction weight
wi is used for sample i, adjusted with
the β ≥ 0 parameter.

2.7 Reward shaping
In many environments the number of time steps between a non-neutral reward can
be long and make the agent training process slow. Reward shaping takes inspiration
from animal training and addresses this issue by giving small supplemental rewards
to encourage the agent when getting closer to the desired behaviour [14]. This sup-
plemental reward ft is therefore problem specific and is a complement to the original
reward rt, as seen in equation 2.8. However, care must be taken to avoid the agent
shifting focus from the ultimate goal, instead learning a behaviour optimised on the
supplemental reward. This can be done by gradually decreasing the supplemental
reward and eventually make it obsolete.
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R(at, st) = rt + ft (2.8)

Equation 2.8: Reward shaping adds a supplemental term to the
reward function to assist the agent in learning when the time be-
tween a non-neutral reward is long.

A generally suitable supplemental reward function is f(st, st+1), that takes the dif-
ference of a potential function Θ(s) between two time steps. Using this the agent is
less likely to optimise on the supplemental reward, as it is directly derived from the
potential of success of its main objective.

2.8 Dynamic networks
When constructing a static neural network its architecture has to be properly mod-
elled to fit the problem it should solve. This is done prior to training and thereafter
is a fixed structure. As such the network’s capacity could turn out to be under or
overdimensioned and require a new iteration of modelling and training. These issues
are addressed by networks with a dynamic architecture that can adapt to the task
it is learning, without the need for more manual modelling [15].

The way in which the network expands its capacity or makes other structural changes
varies between implementations. Some networks trigger a network change when the
performance goes below a certain threshold [2], [6], [16]. Other approaches include
use a manual network expansion when used across multiple different tasks [3]. In
either case the network architecture is not fixed after the modelling stage and can
adapt to what is experienced during its training.

2.9 One-shot learning
During network training small parameter changes are used to gradually improve
the produced estimates. Because of these small changes the overall training speed
is slow even in the most basic tasks. An alternative is to have the agent improve
directly from its mistakes by immediately compensating for it. This can be achieved
with a memory to compare later observations and avoid making the same mistake
twice. In supervised learning this error and compensation can be based directly on
the data point labels to greatly reduce the time spent training.
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2.10 Fuzzy neural networks
The fuzzy neural network (FNN) is a type of network based on fuzzy sets and mem-
bership functions to determine the degree of node activation [17]. These networks
are inherently non-linear and often designed with few layers and a single trainable
output parameter. This is unlike networks such as the fully connected multi layer
perceptron, that is inherently linear unless non-linear activation functions are used.

In a fuzzy network the membership functions are formed either before or during
training. In supervised learning these can be create beforehand by fitting the func-
tions according to the training dataset [18]. If a dataset is not available the member-
ship functions can instead be dynamically created with growing and pruning rules
[19]. This helps strike a balance between the number of nodes and performance of
the network.

The membership function are often based on coarse coding or some of its derivatives.
Input coarse coding forms overlapping receptive regions to mark sets of points in
the input space are associated with a neuron, as seen in figure 2.2 [8]. However, the
hard edges of these regions do not allow for a point to be a partial member. To make
the membership functions fuzzy it is common to instead use a radial base function
(RBF) to map an input to the range [0, 1]. If this function is made differentiable
it can be integrated in the gradient calculations for parameter updates. A common
choice for a RBF is to use Normal-distributions [19]–[23], see figure 2.3.

Figure 2.2: The 2-dimensional ellipses
form a discrete coarse coded approxima-
tion of the continuous input space and
maps it to a single trainable parameter
(w0 to w8). This lets it approximate any
function with an adjustable resolution.

Figure 2.3: A radial base function
maps the input space membership in the
range [0, 1], represented by the gradient
to assign levels to the points in the 2d
input space. Points closest to the fea-
ture centre have the highest level.

Due to fuzzy networks directly filtering the their input into fuzzy sets and mapping
these to an output, they have a level of inherent explainable behaviour. This can
be used both to visualise the network and manually alter nodes after training.
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2.11 Life-long Learning from Zero
The Life-long Learning from Zero (LL0) is an implementation of a fuzzy neural net-
work with one-shot learning and a dynamic architecture. It has previously been used
for classification tasks and shown to have a high performance and resource efficiency
[6]. When compared to other networks of the same complexity, LL0 produces results
that quickly converged on a dataset and with a higher accuracy. LL0 achieves this
by using a set of specialised rules for expanding the network, and in the process
extract abstract concepts from the dataset. This extraction method is the core idea
behind the network, which it uses to form concept nodes.

Like other fuzzy networks LL0 estimate functions by discretising its input space
with concept nodes and trainable Normal-distribution membership functions, see
figure 2.4 for a simple diagram of how they operate. Each concept node uses its
attached value nodes, containing the membership functions, to calculate its own
activation level. These activation levels are used by the network to identify and
classify inputs in terms of concepts. By forming multiple concepts node layers the
network can gradually learn more abstract patterns from the input, an example
would be to form a concept node for berries after seeing the similarity between
blueberries and raspberries.

Figure 2.4: A rough illustration of the LL0 network using value
nodes as membership functions and concept nodes to learn abstract
patterns from the input, here exemplified by the addition of the
labels ’blueberry’ and ’raspberry’.
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To allow for sharing membership information between concepts the membership
functions are stored in the preceding value nodes, containing a single Normal-
distribution probability density function (pdf) with the trainable parametersNk(µk, σk).
Each of the input elements pass through a separate value node and are passed to a
concept node for evaluating its activation according to equation 2.9.

a(x) = 1
n
·

n∑
k=1

pdfk(xk)
pdfk(µk)

(2.9)

Equation 2.9: An example of a concept node activation function
based on its i inputs from connected value nodes with x as input.

To limit the noise from concept nodes with too low activation, LL0 uses a threshold
between (0, 1) as a minimum level. This limits the network to output only estimates
from confident concept nodes. The estimates are learnt through normal network
training, including the trainable parameters for the membership functions in the
value nodes.

Even if the premise of LL0 is well suited for supervised learning problems, it was
not designed for reinforcement learning. Among several other problems, the rein-
forcement learning training algorithms do not have access to labelled data points,
meaning several of the core techniques in LL0 are not applicable. For LL0 to perform
well in the larger set of reinforcement learning problems, it is necessary to generalise
it to not depend on labelled data points.
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Of currently widely used methods for solving biological simulations, stochastic dy-
namic programming is very commonly used and involve searching over a large
stochastic state space. However, this quickly becomes impractical in larger dimen-
sions and requires better suited optimisation techniques. Frankenhuis et al’s suggest
reinforcement learning as an alternative [7]. However, even if reinforcement learn-
ing can work with large dimensions, it is not ideal if then instead it depends on a
black box estimation function. The related field of medicine has had a lot of work
in this domain due to the need of explainable artificial intelligence [24], in biologi-
cal simulations this could also be used to avoid unintentional and unrealistic agent
behaviour.

This does not necessary mean the networks themselves have to be explainable. There
has been work on extracting explainable behaviour directly from existing network ar-
chitectures with methods such as sensitivity analysis and layer-wise relevance prop-
agation [25]. However, these methods are not inherently explainable and work from
the output side of the network and back to the input, unlike what is possible with
networks like LL0 that were designed for explainability.

Given the LL0 network’s resource efficiency [6], it could be a promising candidate for
biological simulations in more ways than just explainability. There has already been
a previous attempt to adapt LL0 for reinforcement learning [16], which had issues
when used in more complicated environments. They converted many of the rules
used to manage the growth and concept generalisation, keeping the trigger to build
new concept nodes and immediately compensate for prediction errors. This was
also used by early dynamic networks like the Cascade-correlation neural network
[2], one of the pioneering networks with this property. Both of these networks
used threshold hyper parameters to control their growth and overall approximation
quality. Another approach was instead used by the progressive neural networks to
dynamically extend the network when transferd between similar tasks [3]. It keeps
a full copy of its past experience and connects it to an extension network, meaning
it does not lose any performance after learning more tasks.
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These dynamic properties are also seen in work with fuzzy neural networks for su-
pervised learning of classification and regression tasks [20], [21]. Several of these
implementations extract their membership function parameters by optimising di-
rectly on datasets, such as what was done by Chen et al in their orthogonal least
squares [18] to minimise the number of network nodes and balance its approximation
resolution. Other placement strategies involve ranking multiple complete solutions
in genetic algorithms [17].

While these methods work for classification tasks with labelled datasets, they as-
sume a static environment that does not change over time and therefore are not
suited for reinforcement learning. However, fuzzy networks can be constructed to
regard temporal differences in time series, making them viable for life-long learning
tasks like the ever changing conditions of a water treatment facility [22]. Adapting
fuzzy networks for reinforcement learning can also be seen in implementations for
controlling telecommunication antennas [23].

Most of these fuzzy networks manage their nodes with similar growing and pruning
rules. Examples from static environments include a sensitivity function to grade
nodes according to their activity over a dataset, favouring stable nodes with less
noisy activation [20]. An alternative time dependent version is seen in the work
by Han et al based on Fourier-series to achieve a similar effect [19]. In either case,
these methods make trade-offs between network size, stability and approximation
resolution.
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In the following chapter the developed dynamic network adaption of LL0 for rein-
forcement learning, called RLL0, is presented along with its network growing and
pruning rules. Following this is an overview of the environments, including an in-
depth description of the virtual animal ecosystem, used for benchmarking RLL0’s
performance against a reference network.

4.1 Reinforcement life-long learning from zero
To use LL0 as an estimation network in a reinforcement learning problem it was
necessary to change the behaviour based on assumptions only true in supervised
learning. This adapted network was given the name Reinforcement life-long learn-
ing from zero (RLL0) and made significant changes to the dynamic property and
removed the one-shot learning. This removal was due to the stochastic nature of
reward functions and lack of labels for the one-shot learning.

The RLL0 neural network is in a sense a simplified version of LL0 that operates with
a single hidden layer. It uses the same RBF Normal-distributions for its membership
functions to form receptive regions in the input space; however, the method used to
generate and maintain nodes has changed to the generalisation rules in section 4.1.4.

4.1.1 Trainable parameters
The concept nodes in RLL0 are similar to those found in LL0, see figure 4.1 for
a decomposition of the node and its parameters. Each concept node passes its
input vector x ∈ Rk through a k × 1 membership function matrix to determine
how well it matches its receptive region. Just as in LL0 the membership functions
use a probability density function from a N (µk, σk) Normal distribution per input
element, as seen in equation 4.1. The resulting levels are aggregated to an activation
level according the activation function, with the two tested functions in equation 4.2
and with importance weights wk in equation 4.3. After calculating the activation
level of all network concept nodes, the node with the highest activation level is said
to be the top active concept and is considered the most reliable concept.
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Figure 4.1: Each concept node uses a
Normal distribution PDF to match an in-
put vector against its receptive region.

pdfk(x) = 1
σk
e
− 1

2 (µk−xk
σk

)2
(4.1)

Equation 4.1: The PDF used to cal-
culate the concept node activation level
given some input vector x. Note that each
concept nodes holds a set of k separate
distributions, one per input element.

a(x) =
∏
k

pdfk(xk)
pdfk(µk) = e

−
∑

k
(µk−xk√

2σk
)2

(4.2)

Equation 4.2: The function used to calculate
how active a concept node given an input vector
x. The function operates in the (0, 1) range, with a
higher value meaning the input is considered more
familiar.

a′(x) =
∑
k

pdfk(xk)
pdfk(µk)∑
k w

i
k

(4.3)

Equation 4.3: An alternative
to a(x) that uses the importance
weights wi to adjust the contri-
bution of individual inputs.

The way in which the concept nodes are constructed makes changes made to one
node independent from changes to some other node. This can be seen in figure 4.2,
which depicts a RLL0 network with 3 concept nodes in the hidden layer. The number
of trainable parameters in a concept node depends on the dimensions of the input
and output layers, as seen in table 4.1.

Each network input element is fully connected to the concept node layer, through
their respective PDF membership functions. In addition to the two trainable distri-
bution parameters, mean µk and standard deviation σk > 0, there is an importance
weight wik ∈ [0, 1] for weighting inputs differently in the activation function. This
activation is scaled by a single trainable parameters woj per output element. How-
ever, the concept node only produces any output if it is the top active, the remaining
concept nodes are silenced and do not contribute.
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Figure 4.2: The RLL0 neural network has a single hidden layer
with concept nodes. Each node learns to estimate the output for
its receptive region by adjusting its trainable parameters.

Table 4.1: The trainable concept node parameters in the RLL0 neural network
receiving input vectors of size n and produces an output vector of size m.

Name Parameter type

µ ∈ Rn Input distribution mean vector.
σ ∈ Rn, Input distribution standard deviation vector.
wi ∈ (0, 1)n The input importance weight vector. A higher value gives more

weight to that input element, relative to the other inputs.
wo ∈ Rm The output weights for scaling the concept node activation signal.

Effectively this is the output estimate for the concept node’s recep-
tive region.

4.1.2 Backpropagation
The trainable parameters in the RLL0 neural network are updated by stochastic
gradient decent (SGD) and backpropagation. Stochastic gradient decent is an update
method which moves the parameter values in the opposite direction of their gradient
with respect to a loss function, the error between the predicted value ŷ and the
desired target value y. In equation 4.4 is an example of a parameter p update with
SGD at time step t with input x and the loss function L(x, y). To control the
magnitude of the change, the update is scaled by a scalar α > 0, called the learning
rate.

To calculate the gradients between layers RLL0 uses backpropagation to split the
gradients according to the chain rule, as seen in equation 4.5. Thus the gradients
can be calculated across layers and propagated backwards down the network.
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pi+1 ← pi − α ·
∂L(x, y)
∂pi

(4.4)

Equation 4.4: A parameter p at time step t is
gradually moved in the opposite direction of its
loss function L(x, t) based on the input x and
target y. The change is scaled by a learning rate
α to control avoid making too large changes.

∂a(c)
∂b

= ∂a(c)
∂c
· ∂c
∂b

(4.5)

Equation 4.5: Using the chain
rule the gradients in SGD can
be split to simpler gradients and
combined with those calculated in
the next network layer.

The loss function chosen for RLL0 was the mean square error, see equation 4.6. It
is based on the network predictions ŷt ∈ Ŷ and the target values yt ∈ Y. The two
sets Ŷ and Ŷ are collected by the agent during environment interaction and used by
the training algorithms to generate the update gradients.

1
n

∑
(yt − ŷt)2 (4.6)

Equation 4.6: The MSE loss function used by RLL0 to generate
network update gradients from the input y and target ŷt.

4.1.3 Network gradients
The following section describes RLL0’s parameter gradient equations when using
the a′ concept node activation function. This activation function utilise more of the
network’s trainable parameters than a; however, the overall difference between the
two is small and the a function’s gradient calculations are therefore left out.

Calculation of the network gradients is done for each train on data point and follows
the backpropagation presented in the earlier section. The loss function is denoted as
L(ŷt, yt) for the RLL0 network’s predicted value ŷt and target yt at time step t when
using action at ∈ 1, ...,m. The only parameters in the network that are affected
by the gradients is the concept node that was top active at t, the remaining node
parameters are frozen. In equation 4.7 are the gradients for the network output
weights wo and in equation 4.8 the gradients for the importance weights wi.

∂L(ŷt, yt)
∂woj

=

L(ŷt, yt) · a′(xi), if at = j

0, otherwise
(4.7)

Equation 4.7: The output weight gradient for the jth output
element, for j ∈ {1, ..., ,m}, is simply the entire loss value when
the action ai was taken at time step t.
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∂L(ŷt, yt)
∂wij

= L(ŷt, yt) ·
(pdf(xi,j ,µj ,σj)
pdf(µj ,µj ,σj) )∑n

k=1
wik

(4.8)

Equation 4.8: The importance weight loss for the jth input ele-
ment, for j ∈ {1, ..., n}, given the input vector xi is calculated based
on the activation in the concept node’s membership function.

The remaining gradients used for calculating the parameters in the membership
functions can be seen in equation 4.9 for the distribution mean and in equation 4.10
for the standard deviation.

∂L(ŷt, yt)
∂µj

= ∂L(ŷt, yt)
∂aj(xi,j)

· ∂aj(xi,j)
∂µj

= ∂L(ŷt, yt)
∂aj

· wij · (−e
−0.5·(

µj−xi,j
σj

)2
· (µj − xi,j)

σ3
j

)
(4.9)

Equation 4.9: The gradient used to update the Normal distribu-
tion mean µj using backpropagation.

∂L(ŷt, yt)
∂µj

= ∂L(ŷt, yt)
∂aj(xi,j)

· ∂aj(xi,j)
∂µj

= ∂L(ŷt, yt)
∂aj

· wij ·
(1− (µj−xi,j

σj
)2) · e−0.5·

µj−xi,j
σj

)2

σj

(4.10)

Equation 4.10: The gradient for the Normal distribution standard
deviation σj when updated using backpropagation.

4.1.4 Handling concept nodes
Unlike the generalisation rules in LL0 for classification problems, RLL0 does not
have access to the ground truth labels. This means it is not possible to calculate
any reliable prediction errors during training. Using a prediction error to form a new
concept node to compensate is therefore unlikely to accurately resolve the estimation
error, which has to be learnt over the course of several interactions to account for its
variability. The chosen growth rule in RLL0 was to instead triggered at any point
the input observation did not produce a sufficiently active existing concept node,
and train the existing nodes when one is.
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A concept node is considered sufficiently activated if its activation goes above a
set threshold Ω ∈ (0, 1) and is the top active node. The growth rule can thus be
formulated as the boolean function G(st) in equation 4.11. If it returns a value of
1 a new concept node is added, with its mean vector set to the current observation
vector and its both standard deviation and importance weight vectors initialised to
a vector of ones. Otherwise the existing top active node is trained.

G(st) =

0, max
c∈C

a′c(st) ≥ Ω
1, otherwise

(4.11)

Equation 4.11: If no concept c ∈ C has its activation a′c(st) above
the threshold Ω a new concept node is added.

As RLL0 does not have a one-shot property like LL0, it instead tries to speed up
training by bootstrapping on nearby nodes. The growth rule assumes that concept
nodes with a short Euclidean distance between their mean value vectors have similar
estimations. Newly created concepts therefore copy their nearest neighbour’s output
vector weights. If there are no neighbours these instead assume the value 0. This
method favours environments where the expected return from one state is similar
to other states near by in the input space.

4.2 Generalisation rules
To improve learning RLL0 uses a set of growing and pruning rules to reducing the
number of network nodes and avoid bad placement of receptive regions in the input
space. These rules are adaptations of those used by Chan et al in supervised learning
[20] to favour frequently used concept nodes.

4.2.1 Growing rule
Due to the design of the concept nodes used by RLL0 it is necessary to have nodes
cover the input space with their receptive regions to make any estimations. In terms
of the number of concept nodes used, it is wasteful to form concept nodes that cause
large overlaps with existing nodes. While their placement is already guaranteed
a minimum distance by the activation threshold and activation function, this still
leads to significant overlap and unnecessary nodes. By adding an additional growing
condition to enforce a minimum distance to the existing trigger, fewer nodes are used.
This enforces a Euclidean distance δ between the mean vectors of concept nodes as
in equation 4.12, moving them in the opposite direction their closest neighbour if
too close.
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µc,k ←

µc,k − (δ − |∆c,c′|) ·
∆c,c′

|∆c,c′ |
, if|∆c,c′| < δ

µc,k , otherwise
(4.12)

Equation 4.12: The minimum distance rule updates the mean
value µc of some newly created concept node c and its closest neigh-
bour c′, based on Euclidean distance |∆c,c′| between the two centres
µc and µc′ .

4.2.2 Pruning rule
The pruning rule is used to rid the network of unnecessary concept nodes. They may
have been created at some point and are no longer of use. This can happen when
the agent learns a better strategy or that the observable input space has changed.
To maintain performance and the ability to learn anew,if needed, the network uses
a pruning rule that prioritising nodes that are currently useful for the network,
measured by their average activation level over some span of time.

In RLL0 this pruning rule is run across all concept nodes in the network at an
interval Γ, the number of performed network updates before pruning again. The
pruning process consists of forming a neighbourhood set NT from the network’s
experience buffer. Each neighbourhood is a set of points from the experienced input
vectors during the buffered time span T , formed by clustering them to their nearest
neighbour. Pseudo code for this clustering can be seen in figure 4.3.

The neighbourhoods calculate their centre points and are used in the concept node
sensitivity function S(c,NT ) ∈ [0, 1] in equation 4.13 measures how active each
node c was throughout this time span. A value near 0 means infrequent use and 1
constant use. By setting a threshold ω ∈ [0, 1) and adjusting it to be ω << 1, the
less sensitive nodes can be pruned from the network if below this threshold.

S(c,NT ) =
∑
p∈NT c(p)2

|NT |
(4.13)

Equation 4.13: The sensitivity function calculates how sensitive
the concept c given the neighbourhood centres NT . A value close
to 0 shows constant insignificant activation and a value close to 1
means frequent high activation over the time span T .
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function FindNeighbourhoodCentres (P_T)
Queue = MinPriorityQueue ()
foreach p0 in PT :

foreach p1 in PT :
Queue.push( distance (p0 ,p1),p0 ,p1)

Seen = EmptySet ()
Neighbourhoods = NewNeighbourhoodList ()
while Queue not empty:

(distance , p0 , p1) = Queue.pop ()
Seen.add(p0 and p1)
if p0 and p1 not in Seen:

n = NewNeighbourhood ()
n.add(p0)
n.add(p1)
Neighbourhoods .add(n)

elseif p0 not in Seen:
Add p0 to p1 ’s neighbourhood

elseif p1 not in Seen:
Add p1 to p0 ’s neighbourhood

N_T = EmptySet ()
for each Neighbourhood in Neighbourhoods :

N_T.add( Neighbourhood .centre ())
return N_T

Figure 4.3: Pseudo code for finding the NT neighbourhood centre
from the set of observations vectors PT in the experience buffer
during the time span T .

4.3 Full network summary
On the next page figure 4.4 the full RLL0 network training algorithm is given as
pseudo code. Since the training algorithms and growing and pruning rules are
separate it is possible to enable and disable these in case the rules are not suitable
for a specific learning environment.
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function LearnRLL0 (
n: num inputs ,
m: num outputs ,
G: training algorithm ,
E: environment ,
V: training interval ,
T: activation threshold ,
I: spacing threshold ,
J: pruning threshold ,
K: pruning frequency ):

N = EmptyRLL0Net (n, m)
B = EmptyExperienceBuffer ()
k = 0
while t < maxTimeSteps :

E.reset ()
s = E. observation ()
while not end of episode :

t = t + 1
if k > 0 and k mod K = 0:

N.prune(J)
k = 0

if N. activation (s) < T:
N.grow(s, I)

action = N. sampleAction (s, G)
reward = E.step(action)
newS = E. observation ()
B.record(s, a, r, newS)
s = newS
if G = PPO and t mod V = 0:

N. trainPPO (B)
B.empty ()
k = k + 1

if G = DDQN and t mod V = 0:
N. trainDDQN (B)
B.empty ()
k = k + 1

if G = MC:
N. trainMC (B)
B.empty ()
k = k + 1

return N

Figure 4.4: Pseudo code of RLL0’s learning process.
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4.4 Evaluation method and environments
To measure how well the developed RLL0 network performed in comparison to a
well-known neural network, it was evaluated through a benchmark against a two
layer fully connected reference neural network with tanh activation. This bench-
marking test consisted of training the two networks in several different setups of the
developed virtual animal ecosystem environment, in addition to common control sys-
tems from OpenAI Gym [26] and several of the environments previously developed
by Eriksson et al.

For each environment the networks were trained over a fixed number of time steps
and with several training algorithms. These runs had their results averaged over 10
separate training sessions for a more reliable performance estimate. The table 4.2
contains a summary of all the benchmarking setups. Due to the lack of multi agent
and Monte Carlo training support for the reference network neither MC training
nor the animat #2 environment could be used with the reference network.

The remainder of this chapter presents the animat environment in detail and the
others very briefly, as they are already well documented in their original papers.

Table 4.2: A summary of the benchmarking setups used for the different
networks and algorithms.

Environment Steps RLL0 alg. Refnet alg. # Agents
Animat #0 106 MC, PPO, DDQN PPO, DDQN 1
Animat #1 106 MC, PPO, DDQN PPO, DDQN 1
Animat #2 106 MC, PPO, DDQN — 2
Cartpole 106 MC, PPO, DDQN PPO, DDQN 1
Lunar lander 106 MC, PPO, DDQN PPO, DDQN 1
Berry 105 MC, PPO, DDQN PPO, DDQN 1
Noisy berry 105 MC, PPO, DDQN PPO, DDQN 1
Discrete catch 105 MC, PPO, DDQN PPO, DDQN 1
Grid 105 MC, PPO, DDQN PPO, DDQN 1

4.4.1 The animat environment
The animat environment refers to a simulation environment containing animats,
which are virtual animals tasked with surviving in a virtual ecosystem. To test
RLL0’s suitability in a biological simulation the benchmark included an animat en-
vironment, similar to the one presented by Strannegård et al used for combining
reinforcement learning and genetic programming in virtual animals [27]. However,
this new environment is more capable and uses both continuous space and a differ-
ent method of animal representation. An image taken of one of the environment
setups can be seen in figure 4.5. This image has several of the environment’s op-
tional visualisation capabilities enabled to demonstrate some of its most prominent
features.
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Figure 4.5: The animat environment simulates a virtual ani-
mal ecosystem, where agents learn to survive by foraging, avoiding
predators or finding prey.

Each animat in the environment is controlled by a reinforcement learning agent. The
agent is assigned a species to define what set of actions and a reward function that
reflects its unique needs. For instance, the antelope animat has to feed on foliage and
drink water whereas the tigers must prey on other animals. The antelope therefore
has to avoid predators to survive, yet still expose itself when approaching a waterhole
to drink. In this sense the environment is attempting to simulate the rise of animal
behaviour and natural equilibrium with artificial intelligence.

For an animat to survive in this environment it has to maintain its own hunger, thirst
and health. These are represented as a vector of real numbers (saturation, hydration,
health) ∈ [0, 1]3. At each time step the animat receives these values as part of its
state observation input, in addition to a fixed size vector containing smell intensities
as seen in equation 4.14. These smells are the only available means for to the animat
to localise itself, as they have no taste, sight, feeling or hearing.

st = (saturationt, hydrationt, hungert, d1,t, d2,t, ..., dns,t) (4.14)

Equation 4.14: At each time step t the animat agent receives an
observation vector st with its state vector and a collection smell
intensities di,t, 1 ≤ i ≤ ns for localising itself.
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The values for the smell intensities in the observation vector are used by the agent
for foraging and to avoid dangers such as predators. Each sample di ∈ [0, 1] is taken
from receptor points around the animat that register how intensive a particular type
of smell is at that location, see figure 4.6 for this placement. The actual number of
receptors used is controlled by an environment parameter and can be adjusted as
seen fit. All receptors are relative to the animat location and rotation, which means
they act as an animal’s nose. Using several receptors then representing turning its
head to detect smells in different directions.

Figure 4.6: An illustration of three antelopes from above with a
different number of smell receptors, the filled circles. With just one
receptor the agent can only learn the intensity. However, if more
samples are made it can theoretically learn the direction as well.

The types of smells available to the animat, and therein how many entries of different
smells in their observation vectors, depends on the number of different type of entities
in the simulated world. An entity is a either a type of natural resource, grass
or water, an animal species or a type of (as far as this simulation is concerned)
inanimate object such as a bush or tree.

Each type of entity in the environment emits an unique smell simulated by a sim-
plified pressure propagation algorithm in an independent vector grid layer. The
magnitude and direction of each vector in a grid controls the propagation of smell.
When running the environment the smell intensities and directions are visualised in
the by rendering the vector grids in different colours, as seen in figure 4.7.

Because the animats move in continuous space, their receptor points interpolate
between the vectors in the vector grids. The same interpolation method is also
used at each time step when an entity produces a small amount of smell in its
type’s corresponding entity layer. This way prey animals can detect nearby food
and predators, whom in turn can hunt by tracking the smell of its prey.

26



4. Method

Figure 4.7: The coloured lines represent the spread of smell. Each
colour represents a different entity smell layer and the intensity and
direction by the magnitude of the vector.

Based on these observations the agent has to select an action from the its species’
action set. These actions consists of two subsets, one set for following a particular
smell and another with type specific actions. If the agent picks an action corre-
sponding to a smell it will move in the opposite direction detected by its receptor,
as seen in figure 4.8. In the other set there are type specific actions, such as some
eating and attacking interaction. The type specific actions are described in detail
in section 4.4.1.1.

Figure 4.8: The agent (diamond) follows the smell vectors in the
opposite direction along the dashed curve. It will eventually arrive
at the source (circle) if followed.
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Just like the action sets, the reward function for each animat is unique to its species.
For all animats the reward received at a time steps is based on the change of its
current homeostasis value zt at time step t, the lowest of its three status values. At
each step the reward function returns an amplified version of this change, as seen in
equation 4.15, to help the agent prioritise addressing the lowest value. In the reward
function several additional functions are used, including D(t) which returns 1 if the
animat is considered dead at time step t or 0 otherwise. Another is the agent specific
reward shaping function Rtype

s to help the agent detect favourable situations early in
training, such as approaching food when hungry. However, this supplemental reward
quickly becomes redundant once the agent learns a more favourable strategy.

rt = (1.0−D(t)) · (zt − zt−1)
max(zt−1, 0.1) − 10 ·D(t) + Rtype

s (t)
100 (4.15)

Equation 4.15: An animat’s reward function at time t. It returns
an amplified difference in its homeostasis to make the reward lower
the longer the animat waits with addressing the lowest status value.

The used homeostasis representation means a saturation ≈ 1, a hydration level ≈ 1,
and a health level ≈ 1, represents a good state agent condition. However, the reward
function encourages an agent to let these values drop before eating or drinking. This
is to avoid the hard local learning minima of agents just maximising the fastest
falling status value. With the used reward function good agent performance is
instead achieved after letting these values lower and then perform an action to raise
them. With this approach it becomes easier for the agent to learn to address the
other status values as well.

The end of a training episode is marked by the animat’s death. If any of its status
values reach 0 or it lives for more than 104 time steps, the animal is considered dead
and a terminal state is returned to the training algorithm.

As a short summary, for an agent in one of the animat environments to perform well
it must learn a sustainable behaviour according its type specific reward function.
Whereas prey eat vegetation, the predators have to eat other animats. Due to
their conflicting objectives and their codependency, the animals have to learn a
collective behaviour. In the following section the two different animat types used in
the developed environment are presented, as well as the 3 versions of the environment
used for benchmarking, called Animat #0, Animat #1 and Animat #2.

4.4.1.1 Animat types

In the three animat environments used for benchmarking RLL0 there were two types
of animats, antelopes and tigers as prey and predator respectively.
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The antelopes can be configured to eat either grass or other specific entities, such as
bushes or trees, to force it on a desired diet. This configuration affects the reward
shaping function Rantelope

s for antelopes, which can be seen in equation 4.16. This
function uses the level of nearby foliage ga,t ∈ [0, 1] and water wa,t ∈ [0, 1] to give a
small reward when near greenery and hungry or water when thirsty.

For interacting with the environment other than through movement, the antelope has
two additional actions. The eating action makes the antelope drink when standing
in water and eat when either on top of grass or near vegetation, whichever belongs
to its diet. The final antelope action is an idle action, which does nothing and can
be used by the antelope to wait.

Rantelope
s (t) =

gt , if saturationt < hydrationt
wt , otherwise

(4.16)

Equation 4.16: The reward shaping function for the antelopes
endorse getting closer to vegetation when hungry and water when
thirsty.

Unlike the foraging behaviour by the antelopes, the tigers need to prey on other
animats to eat. For this reason they have a slightly different reward shaping function,
as seen in equation 4.17. It uses the positive integer na,t ∈ N to represent how many
animats are nearby. While a tiger can eat other animats for saturation, it still has
to drink water when thirsty. As the antelopes and tigres share the same waterholes,
it becomes an ideal hunting ground.

Just like the antelopes the tigers have two additional actions. When a tiger selects
their attack action they will feed on nearby animats and inflicting damage to the
other animat’s by lowering its health status variable. An animat naturally regain
their health when left alone over time, but the tiger will have to kill the prey in
order to maximise its food. The final eating action is used by the predator to drink
when standing in water. Just like the antelope the tiger has to alternate between
finding water and hunting.

Rtiger
s (t) =

nt , if saturationt < hydrationt
wt , otherwise

(4.17)

Equation 4.17: The reward function for the tigers rewards the
animat for getting closer to water when thirsty and to prey when
hungry.

29



4. Method

4.4.1.2 Animat scenarios

The animat environment is fully configurable to setup different scenarios, such as
a particular layout of the simulated virtual environment and what entities are its
inhabitants. For the three scenarios used for the RLL0 benchmarking, two used only
the antelope type and the third both the antelope and tiger types.

The Animal #0 scenario uses one antelope that has access to both water and food
in the form of grass. The animat has to learn how to survive by going between the
two sources, as staying in one place will eventually cause either starvation or dehy-
dration. The abundance of predators and plenty of grass means it is just a matter
of alternating between eating or drinking and moving between the two sources.

A slightly more complex environment is the Animat #1 scenario. This environment
exchanges the antelope’s diet from grass to bushes. This is slightly harder, as there
are fewer food locations and they are further from the water banks. To get to the
bushes the agent must follow the smell of grass and then switch to finding the bushes.

The final Animat #2 scenario introduces a predator into the scenario used in Animat
#1, making it a multi-agent environment. In this environment the tiger will hunt
the antelope, and the antelope has to learn to avoid it and manage its own needs
just as in the previous scenarios.

4.4.2 Cartpole environment
The cartpole environment is a part of the OpenAI gym and is a typical example
environment for testing a network’s learning capabilities in a control system. The
agent’s goal is to learn to balance an inverted pendulum, see figure 4.9. At each
time step the agent receives a four element wide state vector, with the cart base’s
position, velocity, pole tip velocity and pole angle. Based on this the agent has to
pick one of the two discrete action, corresponding to applying a pushing force on
the cart form either the left or right side. In whichever case, the agent is rewarded
with a constant of 1 at each step until the end of the episode. This termination is
triggered once the agent has balanced the pole for more than 500 time steps, goes
off the edge or the pole angle strays more than a set threshold from the vertical axis.

4.4.3 Lunar lander environment
The lunar lander environment, like cartpole, is a control system environment from
the OpenAI gym in which the agent is tasked with controlling a lunar lander onto
a landing platform, see figure 4.10. In each time step the agent receives an eight
element wide observation vector and can choose one of four actions, to activate one
of the three thusters or do nothing. If a side thruster is activated the agent receives
a −0.03 reward or a −0.3 reward if the main thruster below the lander is active.
Upon landing the agent can receive a reward up to 140, depending on how well
it lands on top of the landing pad. The episode ends once the lander touches the
ground or goes beyond the environment edges.
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Figure 4.9: The goal of the cartpole en-
vironment is to learn a control system for
balancing an inverted pendulum.

Figure 4.10: In the lunar lander prob-
lem the agent has to learn how to control
the three thrusters and gently land the
lander onto the marked platform.

4.4.4 Additional environments
For comparison with the previous work by Eriksson et al in their adaptation of LL0
to reinforcement learning some of their custom environments were also included
in the benchmark. This includes the berry classification environments(Berry and
Noisy berry), discrete ball and paddle game (Discrete catch) and the corridor maze
(Grid). These environments are only briefly described. For more details on these
environments, see the original paper [16].

Berry and Noisy berry are two classification problems encapsulated as reinforce-
ment learning environments. The agent is tasked with classifying what berries are
safe to eat based on observing the sweetness, sourness and bitterness. The agent
can either choose to eat or not eat the berry.

Discrete catch is a ball and paddle game where the agent controls a paddle left
and right in discrete steps to catch a falling ball. It does this based on observing the
balls two-dimensional coordinate and the paddles horizontal position. If the agent
catches the ball it receives a positive reward.

Corridor maze is a grid based maze game where the agent has to find its way
through a small maze with corridors as quickly as possible. The agent occupies a
square in this grid and uses the colour of its current floor tile to decide on an action.
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Results

In this chapter the benchmarking results from the RLL0 neural network and refer-
ence network are presented. To show the effect of the growing and pruning rules in
RLL0 the results are shown as two versions, one with the rules enabled and the other
with them disabled. In most environments the RLL0 hyper parameters that gave
good performance were very similar, they are therefore presented in table table 5.1
and any environment specific deviations are listed in their respective section.

Table 5.1: The base configuration for the RLL0 neural network in the bench-
marking tests. These parameters worked well across most environments, with some
needing small changes.

RLL0 Parameter Value
Threshold (Ω) 0.9
Trainable mean (tm) no
Trainable std (ts) no
Trainable weight (tw) no
Max patterns (pmax) 1000
Initial learning rate (lrinit) 0.01
Learning rate lrinit

12·t
tmax

+10−6

Initial epsilon (εinit) 0.5
Epsilon (ε) εinit

12·t
tmax

+10−6

Gamma (γ) 0.99
Batch size 32
Uses ADAM not MC
Activation function a

RLL0 Parameter Value
Prune interval (Γ) 64
Forced distance (df ) 0.15
Neighbour threshold (Ωn) 0.5
Sensitivity threshold (Ωg) 0.01
ADAM β1 0.9
ADAM β2 0.99
PER α 0.4
PER β 0.7
DDQN Replay period 500
DDQN Policy update 4 · 103

DDQN Replay budget 104

PPO buffer size 103

PPO num mini batches 4
PPO clip 0.2
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The used reference network consisted of two fully connected hidden layers with 64
nodes each, no bias term and a tanh activation function. In all training sessions the
reference network used SGD with an ADAM optimiser, with the same parameter
values as RLL0. This same network structure was used for the actor-critic network
when run with the PPO training algorithm. As the training library used to run this
network did not support the MC training algorithm, only its PPO and DDQN were
used in the comparison.

Due to the high data density in the graphs presented in this chapter they have been
aggregated to make the graphs more readable, a change that does not affect the
conclusions that can be drawn from these diagrams.

5.1 Cartpole environment
The result from running this setup both with the generalisation rules enabled and
disabled, and the reference network is summarised in figure 5.1. For this figure it
can can be seen that the reference network outperformed both the RLL0 networks
in terms of performance. However, looking at the concept node development in
figure 5.2, RLL0 used only a fraction of the trainable parameters in the reference
network, with 4480 parameters compared to the around 100 in RLL0.

34



5. Results

Figure 5.1: From top to bottom: The cartpole agent performance when run with
the MC, PPO and DDQN network setups. As can be seen, in terms of sheer perfor-
mance the reference network performed better than RLL0 in this environment.
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Figure 5.2: The number of patterns used by the RLL0 network when not using the
generalisation rules, when using them and with the MC, PPO and DDQN training
algorithms in the cartpole environment. The flickering seen in the DDQN patterns
is because of policy swapping.

Looking at the concept node space of the RLL0 networks it is possible to see the
explainable structure of fuzzy neural networks. In figure 5.3 and figure 5.4 the
nodes from one network have been projected from the input space onto two selected
axes, forming a 2-dimensional plain in the 4-dimensional space. The projection is
repeated in subplots for each of the two actions in the action set. These subplots
contain a cloud of circles with a number, each representing a projected concept
node’s normal distribution µ projected onto the plain. The circle radius of these
points represent their Q-value estimation relative the other nodes. A larger radius
translates to a larger relative Q-value estimation. Around each point is also a
transparent ellipse which represents the concept node’s activation space given the
used activation threshold Ω. The more opaque ellipses represent the greedy actions
with respect to the other subplots for inputs in that concept node’s receptive region.

Looking at the two projections of a network from the RLL0 without generalisation
rules in figure 5.3 for the (position, velocity space) projection, it can be see that the
selected action quite well corresponds to what one would expect from this environ-
ment. In the top projections the greedy action is alternating between pushing the
cart from the left to right as it moves across its rail. Here it is also possible to see
why the agent did not perform too well. In to bottom left of the two subplots the
dominating action is the ’Push right’, which it really should not be as it would be
better to move the cart back towards the right side to avoid going off the edge.
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Instead looking at the two graphs in figure 5.4 of the (angle, rotation rate) projection
one can see that the agent has learnt to balance the pole. By moving the cart base
left when the pole angle is to large and going clockwise, and to the right when
instead going counter clockwise. In the top right corner of the left subplot and
bottom left corner in the right subplot are outliers, which the agent did not value
as good, indicated by their small circle radii. As these concept nodes come from
the non-pruning network they were kept by the network even though they do more
harm than good.

Figure 5.3: The projection of network concept nodes from a RLL0 trained on the
cartpole environment without the generalisation rules.
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Figure 5.4: Another projection plain of network concept nodes from a RLL0 trained
on the cartpole environment without the generalisation rules.

5.2 Lunar lander environment
The lunar lander environment used the base RLL0 configuration for its agent net-
work, with the exception of setting the activation threshold Ω to 0.5. This threshold
was set considerably lower value in this environment due to the number of gener-
ated patterns. This low threshold means that the network’s estimation resolution
is greatly reduced and in turn is reflected in its poor performance compared to the
reference network in figure 5.5. As the results for the DDQN algorithm made no
progress regardless of the used network, it has been omitted from the results. In this
environment the reference network outperformed both RLL0 configurations, which
were unable to learn any useful policy.
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Figure 5.5: From top to bottom: The lunar lander agent performance when run
with the MC and PPO network setups. In this environment the reference network
performed far better than RLL0.

The concept node growth for these networks can be seen in figure 5.6, which shows
the number of patterns rapidly rising as the agent explores the large input space. In
this environment both with and without the generalisation rules performed about the
same; however, here the pruning rule becomes very obvious. Every 64th completed
episode the network runs its generalisation rules and prunes a significant portion of
the concept nodes that were not used.
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Figure 5.6: The number of patterns used by the RLL0 network when not using the
generalisation rules, when using them and with the MC and PPO training algorithms
in the lunar lander environment. As seen, significantly fewer concept nodes are used
when the generalisation rules are enabled.

5.3 Animat environments
All of the animat environments were run with the base RLL0 parameters and their
result in the Animat #0 environment compared to the reference network can be seen
in figure 5.7. And again, the DDQN results are omitted since none of the networks
managed to learn the environment in the designated training time.
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Figure 5.7: From top to bottom: The animat #0 agent performance when run
with the MC and PPO network setups.

As seen in the diagrams for Animat #0, the RLL0 neural network had poor perfor-
mance with the PPO algorithm, yet performed on the same level as the reference
network when running the MC training algorithm. The same result can be seen
in the diagrams for Animat #1 in figure 5.8; however, in this case the reference
network could not learn any working agent policy.
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Figure 5.8: From top to bottom: The animat #1 agent performance when run
with the MC and PPO network setups.

Just as in the previous environments the number of concept nodes used by the
RLL0 networks is far fewer than the number of trainable parameters in the reference
network, as seen in figure 5.9. Here the pattern development over the all training
sessions show that an animat early finds the few most essential concepts and learns a
policy for this environment. In this figure one can also note that the generalisation
rules contribute to adding more concept nodes than when disabled, which is due
to the forced node spacing threshold. The same development can be seen for the
patterns in second animat environment in figure 5.10.
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Figure 5.9: The number of patterns used by the RLL0 network
when not using the generalisation rules, when using them and with
the MC and PPO training algorithms in the animat #0 environ-
ment.

Figure 5.10: The number of patterns used by the RLL0 network
when not using the generalisation rules, when using them and with
the MC and PPO training algorithms in the animat #1 environ-
ment.
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Since only RLL0 had a training setup that allowed for multiple agents, there is
no performance data for the reference network in the Animat #2 environment.
However, the results for the tiger animat using RLL0 can be seen in figure 5.11
and the antelope in figure 5.12. Just as in the other animat environments the MC
algorithm gave better results compared to its performance with the PPO algorithm.
The patterns for these two agents can be found in figure 5.13 for the tiger networks
and figure 5.14 for the antelope.

Figure 5.11: From top to bottom: The animat #2 agent performance when run
with the MC and PPO network setups as the tiger animat.
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Figure 5.12: From top to bottom: The animat #2 agent performance when run
with the MC and PPO network setups as the antelope animat.
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Figure 5.13: The number of patterns used by the tiger RLL0
agent network when not using the generalisation rules, when using
them and with the MC and PPO training algorithms in the animat
#2 environment.

Figure 5.14: The number of patterns used by the antelope RLL0
agent network when not using the generalisation rules, when using
them and with the MC and PPO training algorithms in the animat
#2 environment.
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By projecting the RLL0 concept nodes a RLL0 network trained on the Animat
#0 environment into figure 5.15, it is possible to see how the agent reasons when
balancing eating and drinking. The agent has learned to eat once it is about half
way between being hungry and thirsty, which is a compromise between not dying
and maximising the return. Looking at the actions for following the smell of water
and grass, the agent has learned to stop eating when full and start looking for water
instead The same happens when it has filled up on water and it will start with
looking for grass again. In the Idle action we can even see that the agent waits a
bit before eating, so as to maximise the reward from eating and drinking, which
happens when the homeostasis value is low.

Figure 5.15: The projected concept nodes from an agent trained on the animat
#0 environment. The agent has learned to alternate between eating and drinking
to stay alive and maximise the objective function.

5.4 Additional environments
In the additional environment by Eriksson et al the the RLL0 network used the base
configuration, with the change of setting the activation threshold Ω to 0.95. The
results from training RLL0 compared to the reference network can be seen in the
figures for berry 5.16, noisy berry 5.17, grid 5.18 and discrete catch 5.19. Apart
from in the discrete catch environment, the RLL0 networks managed to be on par
with the reference network on all of these environment and use significantly fewer
parameters, as seen in figure berry 5.20, noisy berry 5.21, grid 5.22 and discrete
catch 5.23.
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Figure 5.16: From top to bottom: The berry agent performance when run with
the MC, PPO and DDQN network setups.
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Figure 5.17: From top to bottom: The noisy berry agent performance when run
with the MC, PPO and DDQN network setups.
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Figure 5.18: From top to bottom: The grid agent performance when run with the
MC, PPO and DDQN network setups.
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Figure 5.19: From top to bottom: The discrete catch agent performance when run
with the MC, PPO and DDQN network setups.
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Figure 5.20: The number of patterns used by the RLL0 network when not using the
generalisation rules, when using them and with the MC, PPO and DDQN training
algorithms in the berry environment.

Figure 5.21: The number of patterns used by the RLL0 network when not using the
generalisation rules, when using them and with the MC, PPO and DDQN training
algorithms in the noisy berry environment.
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Figure 5.22: The number of patterns used by the RLL0 network when not using the
generalisation rules, when using them and with the MC, PPO and DDQN training
algorithms in the grid environment.

Figure 5.23: The number of patterns used by the RLL0 network when not using the
generalisation rules, when using them and with the MC, PPO and DDQN training
algorithms in the discrete catch environment.

While these results are not as good as those presented by Eriksson et al with their
reinforcement learning LL0 implementation, as seen in the previous results, RLL0
gave better performance in other general reinforcement learning environments that
the implementation by Eriksson et al could not learn.
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6
Discussion

As seen in the results chapter, the RLL0 performance compared to the reference
network varied between the tested environments and chosen training algorithm. In
the following chapter the RLL0 performance and some additional network rules that
were omitted from the results chapter are discussed and related to possible future
work.

6.1 Overall performance
The benchmarking results indicated that RLL0 was able to learn to some degree
in all the tested environments. In most of them its performance was comparable
with that of the reference network, though lower and using far fewer trainable pa-
rameters. This performance dip differed significantly between the tested training
algorithms, to the extent that some environments could not be learnt with a specific
algorithm. In general MC and PPO gave the best training performance for RLL0
performance across the control and animat environments, whereas DDQN without
the generalisation rules did better in the other environments by Eriksson et al.

From the results in the control system environments, lunar lander and cart pole
environments, we see that RLL0 did not perform as well as the reference network.
This performance can be slightly increased by raising the activation threshold; how-
ever, at the cost of more concept nodes. The results presented here are therefore a
trade off between concept nodes and performance. Instead looking at the animation
environments, the RLL0 network performance was at least as good or better and
using as few as 20 concept nodes in the Animat #0 environemnt. In the animat #1
environment the RLL0 based agents were even the only to learn a working policy.
Though, in this environment more concept nodes were needed due to the larger
network input and output dimensions and environment complexity.
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6.2 Concept nodes
A major issue with RLL0 in its current form is its generalisation to handling new
inputs, other than those seen during training. In its current form the network can
report any unknown inputs, which could be beneficial, and continues with the top
active concept node. However, it is unlikely that this gives a good estimate, as the
purpose of the concept nodes is to estimate based on the inputs in its receptive re-
gion. This tight dependence between a concept node’s receptive region and estimate
accuracy is not ideal for a network that is trained once and then used to generalise
over unseen input. Instead, the RLL0 neural network is more suited for a life-long
learning setting. This would allow for continuously generating and pruning based
on the its current environment. RLL0 can even enhance this further by setting a
node budget to limit its size. While the RLL0 implementation in this report did not
alter its internal behaviour when reaching the node limit, it would be of interest as
future work to introduce some automatic network compression or new concept node
handling rules for a similar purpose.

As seen in the results chapter, this fine grained node control also gives additional
benefits in terms of inherent network explainability. While the concept node projec-
tion method shown in the results chapter can extract this information in an intuitive
way, it becomes less useful for visualising abstract data such as image pixels or other
less comprehensible input values. In the tested environments this was not an issue.
The high level planning problems in the animat environments and their easy to
understand input parameters makes these biological simulations a far more ideal
setting for this method.

In the animat environments it is also easier to define a subset of the input space
of interest. This subset of concept nodes can be directly extracted from the RLL0
network and visualised through projection to limit the shown information. Nodes
can even be select based on their performance or greedy action to find a subset in
the input space leading to a specific behaviour. If extended to live plotting during
training it can show changes in an agent’s behaviour as it learns. A feature like
this could be of particular interest for life-long learning, as the agent is constantly
adapting and improving its policy based changes in its environment.
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6.3 Network design and trainable parameters
The choice to design RLL0 with a single hidden layer was due to the issues en-
countered by Eriksson et al when training their multi-layer reinforcement learning
adaptation of LL0. That network formed new nodes when the prediction errors went
above a fixed threshold. Using that as network growth trigger may have worked in
their developed environments; however, are not very practical in most other environ-
ments. With a single hidden layer effort was instead spent on getting the network to
learn these more complex environments using a concept node based network. Gen-
eralising into additional layers is, after all, an optimisation technique to reduce the
number of concept nodes, increase network explainability and training efficiency. As
the gathered results indicate that RLL0 is able to learn with this single layer, the
next step would be to reintroduce both multiple levels of concept abstraction.

However, even though RLL0 is able to learn reinforcement learning problems, there
are still issues regarding the trainable parameters in the matching distributions. For
the same reason as estimation errors are unreliable growth triggers in reinforcement
learning, so is updating the membership distribution parameters base on the same
error. This causes both the output estimation and the concept node’s receptive
region to change. Because of the receptive region’s local relevance in the input space
this placement change cause further estimation errors in later time steps. This leads
to a sort of wandering effect on the concept nodes, see figure 6.1, that quickly moves
the nodes outside the practical input space and a surge of created concept nodes to
fill their absence.

Figure 6.1: An example of a concept
node wandering in a 2-dimensional input
space. The matching distribution is rep-
resented by the circle, based on its mean
and standard deviation. In each update
the estimation error moves the trainable
parameters in the direction of the arrow.

Figure 6.2: By anchoring the node
within a radius from its original place-
ment in the input space its wandering can
be restricted. It does not; however, bring
any performance improvements.
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Throughout RLL0’s development several attempts were made to suppress this is-
sue. One of the attempts imposed a restriction on the parameter change relative
to its initial value. This limitation functions as an anchor point for the matching
distributions as shown in figure 6.2. While it does mitigate the node centres from
wandering, it does not increase the network performance compared to just freezing
the parameters. Even if the update are limited to only be used when the estima-
tion errors are small, these changes add up and greatly reduce the performance.
Compared to updating the membership functions with SGD, using more structured
growing and pruning rules from fuzzy networks to control parameter gave far better
results.

6.4 Growing and pruning rules
From the concept node growth diagrams in the results chapter we see that RLL0 is
able to dynamically adapt the number of nodes in the network. In some small input
spaces it can be covered with a single digit number of nodes whereas in the larger
lunar lander environment it used hundreds. This difference in node count shows both
the benefit and issue that arise from using a fixed threshold for concept creation.
A single threshold value uniformly across the entire input space eventually leads to
the estimation resolution becoming either to low or high in certain regions. Ideally
this could be improved with adapting the resolution according to node performance,
lowering it to compress poor performing parts and raising in high performing parts to
learn an even better behaviour. This adaptive growing rule would likely be problem
specific and could possibly use a heuristic function to deduce the needed resolution,
as it otherwise would be hard to apply a general rule across all reinforcement learning
problems with varying requirements.

To control the network resolution both Eriksson et al and Carlström et al used,
among others, an intersection rule used to find more generalised concepts from
several overlapping nodes. This same rule was tested with RLL0 and its inclusion
does not necessarily negatively affect the network performance; however, it leads
to far more concept nodes due to the smaller receptive regions of intersections.
A similar rule with better performance in the cartpole environment was to take
the union of two neighbouring concept nodes once their estimations differed more
than some high percentage. By merging the better performing node over the less
performing concept does not negatively affect the performance in cartpole and thus
works as an efficient compression rule. Because this is a problem specific compression
rule and does not work in the other environments it was not included in the results
chapter; however, compression rules like this could be adapted to problem specific
implementations.
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Another explored rule for the sum based activation function a′ was to update the
concept node importance weights by estimating what inputs correlated with high
return predictions. This was done by clustering the concept nodes into neighbour-
hoods and measuring the internal overlap of the membership functions. By com-
paring the overlap of the top performing nodes with the worst performing nodes
in a neighbourhood, the goal was to find what inputs were associated with a high
predicted output. From this comparison the nodes had their importance weights
adjusted to be less sensitive to least contributing inputs. In turn this meant concept
nodes got a larger receptive region and thus fewer nodes were needed in the net-
work. While this method was successful in identifying the important inputs in some
environments, translating it to adjustments within that neighbourhood to improve
the performance proved more challenging. Changing the already learned concepts
meant the previously learnt estimations got less accurate. This in turn cascaded
into new neighbourhoods and effectively forced the network to relearn from scratch.

The eventually selected rules were adapted from fuzzy classification and regression
tasks. These rules could be better generalised across the environments compared
to the other problem specific rules; however, they add additional non-trivial and
problem specific training hyper parameters. Especially the pruning rule can cause
problems in certain environments if essential concept nodes are not frequently used
throughout all episodes. While the pruning could be limited to nodes used during
that time span, it would still eventually lead to stray concepts nodes that need
to be pruned. More work with these generalisation rules over a broader set of
environments is needed and is also the currently considered the most important for
improving RLL0 as a whole.

6.5 Introducing one-shot learning
The one-shot property in LL0 was absent in RLL0 as in reinforcement learning it
is not possible to learn a definitive estimation from a single experience. Hence,
what is experienced in one time step does not necessarily accurately reflect what
can be expected from the same state later on. A method more suited for this type
of learning is few-shot learning, which learns quickly from very few experiences. In
published work there are multiple approaches to achieving few-shot learning, with
one being meta-learning that makes changes directly to an agent’s training process
using a supervising agent. An example of such a network is the meta stochastic
gradient decent. It learns how to control training parameters for SGD by training
how to train networks in a domain of tasks [28]. As this technique can be added
in a stand alone fashion to some existing network, it could potentially be used with
RLL0 for speeding up animat training. However, it or some alternative would have
to be adapted for RLL0’s dynamic architecture.
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6.6 Handling larger dimensions
The current implementation of RLL0 does not scale well once the dimensions in-
crease. The number of needed concept nodes in a problem is directly connected to
the size of the input space. To combat this issue in domains such as text it could
be of interest to look into using techniques such as embedded vectors to lower the
dimensional input and generate a more suitable input representation. Using embed-
ded vector functions to map input space to an abstract vector space and the squared
euclidean distance as a form of membership function to classify points was used in
the prototypical networks with success [29], and could be of interest for RLL0 to
adapt to larger state spaces in similar environments.

6.7 Virtual animal simulation
The animat agent representation presented in this report proved to be a working
prototype model for mimicking the most fundamental animal behaviour. Represent-
ing the agent state by its status values, relative sensory input and an action set to
follow smell gradient introduced more realistic and observable agent movement than
what can be achieved by simple grid based actions. As all these observation ele-
ments are relative to the agent, the simulated world and its animal population can
be expanded without any retraining, as long as the original conditions for foraging
and population diversity remain the same. This makes the environment suited for
exploring learning across generations with methods such as genetic programming, as
was done by Strannegård et al [5].

While the scope of the tested animat environments in the benchmark was limited to
basic needs and animal species, the simulation could be expanded to a more realistic
representations and diverse ecosystem. The presented approach showed that the
agents could learn to mimic the behaviour of different species through a multi agent
environment and give a higher resolution to the simulations by representing each
animal as its own trainable agent. The action set based on following smells also
gave promising results, as focus is still kept on learning a policy for abstract planing
rather than motor based skills. In future work this could be futher expanded on to
include other senses to make the simulations even more realistic.
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6.8 Simulation ethics
While far from being applicable to the developed simulation environment in its cur-
rent state, if this type of animal environment is adapted to a more general purpose it
could also be used to model human behaviour. This includes simulating behaviour
in economics, infrastructure, traffic and human/animal gathering in cities and build-
ings. Such simulations could test and collect data from the behaviour of an agent
within some set objective when exposed to a scenario of interest. As such it is not
without risk of it being used for unwanted purposes and simulate an ill-intended
scenario. Still, the same simulations could also be used for building evacuations
based on learned behaviour on an individual level.
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7
Conclusion

Based on the results from the benchmark the performance of the developed RLL0
neural network, compared to the reference network, did not meet the same perfor-
mance level in all environments. RLL0 was; however, able to learn in all environ-
ments using only a fraction of the trainable parameters in the reference network. It
was also flexible and generic enough to be trained with state of the art reinforcement
learning network training algorithms and using fuzzy network growing and pruning
rules that can be fine tuned to exploit problem specific information.

RLL0’s performance in the developed virtual animal ecosystem environment showed
that it could learn a working agent policy to simulate fundamental animal behaviour,
performing far better than the reference network in one of the tested settings. Using
RLL0 in these environments also allowed for visualising the formed concept nodes
and learnt agent policy, providing a form of explainable agent behaviour.

Based on these points the report concludes that the RLL0 dynamic network is a
suitable agent estimation function for animal simulations for a compact, fast learning
and well performing neural network with an explainable behaviour.
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