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Introduction

Reinforcement learning has been getting a lot of publicity in recent years, in-
cluding competing with the best players in DotA 2 [1], playing Texas hold’em
poker [2] or mastering Go, chess, shogi and other games [3]. Other than that
reinforcement learning has been applied to many domains such as robot control
[4], energy consupmtion optimisation [5], healthcare [6] or autonomous driv-
ing [7]. However most of the current research is focused on deep reinforcement
learning while other potentially promising approaches are mostly ignored. This
thesis focuses on exploring one of such approaches, evolutionary strategies, a
subclass of evolutionary algorithms.

Evolutionary algorithms are an optimisation metaheuristic inspired by bio-
logical evolution. They utilise set of candidate solutions which is being periodi-
cally evaluated amd modified using genetic operators in order to improve results
in the subsequent generation. They are applied to problems that are hard to solve
using conventional methods, such as the traveling salesman problem. [8]

The method explored in this thesis is OpenAI-ES [9]. Contrary to classic re-
inforcement learning approaches it is easy to paralellise, scales very well and
does not require differentiable policy. Other method explored is NS-ES and its
variations NSR-ES and NSRA-ES [10] which utilise information about the agent’s
behaviour to direct the search to explore agents which behave in a different man-
ner even at the cost of them potentially performing worse temporarily.

In the first part the task of reinforcement learning is formally introduced us-
ing Markov decision processes along with several methods for solving the task.
After that, evolutionary algorithms are described and are subsequently extended
with evolutionary strategies which are the basis of the methods explored in this
thesis. Finally evolutionary strategies applied on reinforcement learning prob-
lems are explored along with novelty search. In the following chapter experi-
ments are described along with descriptions of the test environments and their
results are shown and discussed. In the penultimate chapter some details regard-
ing technical implementation are shared and explained.
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Chapter 1

Theoretical background

1.1 Reinforcement learning

The key problem that reinforcement learning is trying to solve is controlling an
agent in an environment. The agent interacts with the environment by selecting
some action and the environment responds by presenting the agent with a new
situation. The environment also provides a numerical reward to the agent whose
task is to maximise it over time. [11]

More formally, the agent interacts with the environment in discrete (if the
problem has continuous time, it is discretised) time steps t = 1, 2, 3, . . . . At each
time step the agent recieves St from state-space S , a representation of internal
state of the environment. Based on that it selects an action At from action-space
mathcalA. This results in the agent receiving a reward Rt+1 from reward-space
R ⊂ R in addition to a new state St+1 in the next step generating a sequence or
trajectory beginning like this:

S0, A0, R1, S1, A1, R2, S2, A2, R3, . . . (1.1)

The random variables St and Rt depend only on the preceding state and action
based on function p : S × R × S × A → [0, 1] characterising dynamics of the
problem with following definition:

p(s′, r♣s, a) = Pr¶St = s′, Rt = r♣St−1 = s, At−1 = a♢. (1.2)

This can, however, be viewed as an restriction on information contained in state
rather than restriction on the environment. If the state does contain all informa-
tion that influence the future then it has theMarkovian property and the problem
at hand is a Markov decision process.

To formally describe what is the goal of reinforcement learning expected re-

turn Gt needs to be defined first. It is a function of the reward sequence, in the
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simplest case an ordinary sum of rewards

Gt =
T

∑︂

i=t+1

Ri, (1.3)

where T is the final time step.
This approach works only if the there is a final step in the interaction which

would divide the interaction into subsequences called episodes. Each episodes
ends when the environment reaches a terminal state and is reset into its initial
state afterwards. Such tasks are called episodic tasks.

Contrary to that there are tasks which do not break into episodes, they con-
tinue indefinitely. They are called continuing tasks For these the definition 1.3
doesn’t work as the sum could possibly be infinite. To calculate expected re-
ward for such tasks a modified approach is needed. A discount rate γ ∈ [0, 1] is
introduced to define discounted return

Gt =
∞

∑︂

i=0

γiRt+i+1. (1.4)

The discount rate makes future reward worth less at the moment of decision. If
γ < 1 and the rewards are bounded, then the infinite sum 1.4 is finite. For γ = 0
the agent is said to be "myopic" taking into account only the immediate reward
and ignoring the future. Otherwise as γ approaches 1 the future rewards have
bigger weight and influence the agent’s decision more.

A common occurence in reinforcement learning is an estimating value func-
tion which estimates how beneficial it is for the agent to be in that state. This is
defined by the expected return which is dependent on the actions that the agent
will perform. Therefore a value function must be defined with respect to such
way of acting called policy.

Policy is a function π : S ×A → [0, 1] returning probability of selecting each
action in given state meaning that agent following policy π at time twould select
action At = a if in state St = s with probability π(a♣s). The policy function is
changed by reinforcement learning based on the agent’s experience.

For state s and policy π the state-value function vπ(s) gives the expected re-
turn when starting in state s and following policy π, formally (for MDPs)

vπ(s) = Eπ[Gt♣St = s], (1.5)

where Eπ[.] is expected value when following policy π in every timestep.
Action-value function qπ(s, a) for policy π is defined similarly. It gives the

expeted return of taking action a in state s while following policy π, formally

qπ(s, a) = Eπ[Gt♣St = s, At = a]. (1.6)
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1.1.1 Methods

Methods of reinforcement learning can be divided into 3 categories[12]:

• classical (tabular),

• policy gradient-based and

• evolutionary.

Classical methods rely on updating Q-values for each state-action pair there-
fore they require having discrete sets of actions and states. Based on the Q-values
a policy is derived, such as an ε-greedy policy which (in training) chooses a ran-
dom actionwith probability ε and the currently best action in all other cases. One
of the most well known algorithms is Q-learning. In it the Q-values are updated
each step via following formula:

q(st, at) = q(st, at) + α
⎤

rt + γmax
a

q(st−1, a) − q(st, at)
⎣

, (1.7)

where α is the learning rate.

Algorithm 1 Q-Learning

1: parameters: learning rate α ∈ (0, 1]
2: initialise: q(s, a) for all s ∈ S and a ∈ A arbitrarily, except for
q(terminal, ·) = 0

3: for each episode do
4: initialise s ∈ S
5: repeat

6: choose a from s using policy derived from q
7: take action a, observe s′, r
8: q(s, a) = q(s, a) + α (r + γmaxa q(s

′, a) − q(s, a))
9: s = s′

10: until s is terminal state
11: end for

Policy-gradient based methods are methods that utilise the gradient in pol-
icy space. They are one of the few optimisation strategies able to handle rein-
forcement learning tasks that are high-dimensional and have continuous state
and action space. One of the most known algorithms from this group is REIN-
FORCE.[11]

Another, not as known, class of policy-gradient based algorithms are PEPG
(Parameter exploring policy gradient).[12] They use samples from parameter
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Algorithm 2 REINFORCE

1: parameters: step size α > 0
2: input: differentiable policy parametrisation π(a♣s, θ)
3: initialise: policy parameters θ atrbitrarily
4: for each episode do
5: generate S0, A0, R1, . . . , ST −1, AT −1, RT by following π(·♣·, θ)
6: for each timestep t ∈ ¶0, 1, . . . , T − 1♢ do

7: G =
∑︁T

k=t+1 γ
k−t−1Rk

8: θ = θ + αγtG∇ ln π(At, St, θ)
9: end for

10: end for

space to estimate the log-likelihood on parameter level. In traditional policy
gradient methods the policy is probabilistic, it returns a distribution from which
the next action is selected and final gradient is calculated by differentiating the
policy with respect to parameters. This however causes high variance in samples
over more episodes thus a noisy gradient estimate. PEPG circumvent this issue
by having a probability distribution over policy parameters with a deterministic
policy.

Evolutionary methods utilise only fitness describing the overall performance
of the agent. Exploration is done via changing parameters that influence the
agent’s behaviour. However the basis of this class of algorithms is not derived
from the mathematical principles of reinfocement learning. They are further
described in following chapters.

1.2 Evolutionary algorithms

Evolutionary algorithms (EA) are a type of optimisation metaheuristics inspired
by the process of bilogical evolution. [13] At first a number of possible solutions
to the problem at hand is generated (population) and each solution (individual)
is encoded (via a domain-specific encoding) and evaluated giving us the value of
its fitness. Fitness is a function describing how good that particular individual is
and it is then utilised in the process of selection. Then a new population is cre-
ated using a crossover (combination) of 1 or more individuals which are selected
using the operator of parental selection. Each of the newly created individuals
has a chance to be mutated via the mutation operator. Finally a new population
is selected from offsprings and possibly the parents based of fitness and enters
the next iteration of the EA and the following generation is chosen using envi-

ronmental selection operator. The algorithm repeats until the stop condition is
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Algorithm 3 PGPE (Policy Gradients with Parameter-based Exploration) with sym-

metric sampling

1: parameters: step size α > 0, number of histories n
2: initialise: µ, σ (both n dimensional) to preselected initial values,m = 0
3: repeat

4: for i ∈ 1, . . . , n do

5: sample ϵi ∼ N (0, Iσ2)
6: θ+ = µ+ ϵi

7: θ− = µ− ϵi

8: evaluate policies π(·♣·, θ+) and π(·♣·, θ−) and get rewards r+i, r−i

9: end for

10: Set matrix T as Tij = ϵj
i

11: Set matrix S as Sij =
(ϵj
i
)2−σ2

i

σi

12: rT = [(r+1 − r−1), . . . , (r+n − r−n)]T

13: rS = [ (r+1+r−1)
2

, . . . , (r+n+r−n)
2

]T

14: Update µ = µ+ αTrT

15: Update σ = σ + αSrS

16: until stop criterion is fullfilled

met, usually a set number of iterations or small improvement of fitness between
2 generations.

There are many variands of EAs such as genetic algorithms (most common),
genetic programming, evolutionary programming, neuroevolution or evolution-
ary strategies that are further described in following chapter.

1.3 Evolutionary strategies

Evolutionary strategies (ES) are a type of optimisation metaheuristic which
further specialises EA and restricts their level of freedom. The selection for
crossover is unbiased, mutation is parametrised and thus controllable, indi-
viduals which should be put to next generation are chosen ordinally based on
fitness and individuals contain not only the problem solution but also control
parameters.[14][15]

More formally ES (µ/ρ, κ, λ) has µ individuals in each generation, which
produces λ offsprings, each created by crossover of ρ individuals and each indi-
vidual is able to survive for up to κ generations as described in algorithm 5. This
notation further generalizes the old (µ, λ) and (µ + λ) notations, where the ","
notation means κ = 1 and "+" notation κ = ∞.
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Algorithm 4 Evolutionary algorithm

1: initialize population P 0 with n individuals
2: set t = 0
3: repeat

4: Qt = ¶♢
5: for i ∈ ¶1 . . .m♢ do

6: p1, . . . , pρ = ParentalSelection(P t)
7: q = Crossover(p1, . . . , pρ)
8: q = Mutation(q) with chance p
9: Qt = q ∪Qt

10: end for

11: P t+1 = EnvironmentalSelection(Qt ∪ P t)
12: increment t
13: until stop criterion fullfilled

To design an ES one must first select an appropriate representation for an
individual and themost natural one is prefered inmost cases, if all parameters are
of one type (e.g. a real number) a simple vector will suffice, if the types are mixed,
a tuple of vectors is required. This however causes an increased complexity of
the variation operator.

As for design of the variation operator there are some guidelines that should
be followed when designing it.

Reachability every solution should be reachable from any other solution in
a finite number of applications of the variation operator with probability
p > 0

Unbiasedness the operator should not favour any particular subset of solution
unless provided with information about problem at hand

Control the operator should be parametrised in such way that the size of the
distribution can be controlled (practice had shown that decreasing it as the
optimal solution is being approached is necessary)

A big part of designing efficient evolutionary strategy algorithms is adapt-
ing the covariance matrix of the used multivariate normal distribution that is
commonly used as variation operator. It is assumed that setting the covariance
matrix Σ of the distribution proportional to the inverse Hessian matrix of Taylor
expansion of the fitness function. This would align the hyperellipsoid of equal
probabilities of the mutation distribution with the hyperellipsoid of equal fitness
values.
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Algorithm 5 (µ/ρ, κ, λ)-ES

1: initialize population P 0 with µ individuals
2: set age for each p ∈ P 0 to 1
3: set t = 0
4: repeat

5: Qt = ¶♢
6: for i ∈ ¶1 . . . λ♢ do

7: select ρ parents p1, . . . , pρ ∈ P t uniformly at random
8: q = variation(p1, . . . , pρ) with age 0
9: Qt = q ∪Qt

10: end for

11: P t+1 = select µ best (wrt. fitness) individuals from Qt ∪ ¶p ∈ P t :
age(p) < κ♢

12: increment age by 1 for each p ∈ P t+1

13: increment t
14: until stop criterion fullfilled

1.3.1 CMA-ES

The aforementioned idea is used in Covariance Matrix Adaptation Evolutionary
Strategy algorithm.[16] In it the population of new individuals is generated by
sampling a multivariate normal distribution. The individuals are sampled via
following equation for generation t ∈ N0:

xt+1
k ∼ mt + σtN (0, Ct), k ∈ ¶1, 2, . . . , λ♢, (1.8)

where

xt+1
k is k-th individual from generation t+ 1,

mt is mean value of the search distribution at generation t,

σt is the step size at generation t,

Ct is the covariance matrix at generation t and

λ is the population size.

At each step the mean is moved to the weighted average of µ selected individ-
uals (parents) from the current generation. The individuals are selected based on
their fitness and the weights are parameters of the algorithm. Then the covari-
ance matrixCt is updated using the covariance matrix from previous generation,
the evolution steps and the new individuals. To control the step size σt only in-
formation from evolution steps is used.
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Algorithm 6 CMA-ES

1: parameters: λ,wi=1...λ, cσ, dσ, cc, cµ (set according to Table 1 in [16])
2: initialise: pσ = 0, pc = 0, covariance matrixC = I , g = 0, distribution mean
m and σ > 0 step-size depending on the problem

3: set t = 0
4: repeat

5: increment t
6: calculate matrices B,D such that C = BDDBT (spectral decomposi-

tion)
7: for k = 1, . . . , λ do ▷ sample new individuals
8: zk ∼ N (0, I)
9: yk = BDzk

10: xk = m+ σyk

11: evaluate xk

12: end for

13: ⟨yt⟩w =
∑︁µ

i=1 wiyy:λ ▷ yi:λ is i-th best performing individual
14: m = m+ cmσ⟨y⟩w

15: pσ = (1 − cσ)pσ +
√︂

cσ(2 − cc)µeffC
− 1

2 ⟨y⟩w ▷ µeff = (
∑︁λ

i=1 w
2
i )−1

16: σ = σ exp( cσ
dσ

( ∥pσ∥
E∥N (0,I)∥

− 1))

17: w′
i = wi(1 if wi > 0 else n/∥C− 1

2yi:λ∥2)
18: C = (1 + c1δ(hσ) − c1 − cµ

∑︁λ
i=1 wi)C + c1pcp

T
c + cµ

∑︁λ
i=1 w

′
iyi:λy

T
i:λ

19: until stop criterion fullfilled
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Chapter 2

Evolutionary strategies in

reinforcement learning

Black-box optimisation is an alternative approach to solving RL tasks also known
as Direct policy search or neurevolution when applied to neural networks. It has
several attractive properties such as indifferenco to distribution of rewards, no
need for backpropagation and tolerance of arbitrarily long episodes. [9]

Compared to reinfocement learning using evolutionary strategies has the
advantage of not needing a gradient of the policy performance. Also as the
state transition function is not known the gradient can’t be computed using
backpropagation-like algorithm. Thus some noise needs to be added to make
the problem smooth and the gradient to be estimable. Here is where reinfo-
cement learning and evolutionary strategies differ, reinfocement learning adds
noise in the action space (actions are chosen from a distribution) while evolu-
tionary strategies add noise in the parameter space (parameters perturbed while
actions are deterministic).

Not requiring backpropagation has several advantages over other RL meth-
ods. First the amount of computation necessary for one episode of ES is much
lower (about one third, potentially even less for memory usage). Not calculating
gradient using analytic methods also protects these methods from suffering from
exploding gradient which is a common issuewith recurrent neural networks. And
last, the network can contain elements that are not differentiable such as hard
attention.

Also ES are easily paralellisable. First, contrary to RL, where value function
is inherently linear procedure and has to be performed more times to improve a
given policy. Furthermore it operates on whole whole episodes, therefore it does
not require frequent commuincation between workers. And finally, as the only
information received by each worker is the reward, it is possible to communi-
cate only the reward inbetween workers. That, however, requires synchronising
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seeds known to other workers beforehand and recreating perturbations based
on that information. Thus the required bandwidth is extremely low comapred to
communication of whole gradients which would be required for paralellisation
of a policy gradient based algorithm.

2.1 OpenAI Evolutionary Strategy

These ideas are explored in OpenAI-ES algorithm. The agent acting in the en-
vironment is represented be a policy πθ with parameter vector θ and f(·) is the
reward returned by the environment. As we need to introduce some noise, the
population is distribution pθ is instantiated as an an isotropic multivariate Gaus-
sian with mean ψ and covariance σ2I . Then Eθ∼pψf(θ) = Eϵ∼N(0,I)f(θ + σϵ).
Thus the gradient approximation is calculated as follows:

∇θEθ∼pψf(θ) = ∇θEϵ∼N(0,I)f(θ + σϵ) ≈
1

nσ

n
∑︂

i=1

f(θi)ϵi, (2.1)

where θi = θ + σϵi, ϵi ∼ N(0, I) and n is the population size.

The resulting algorithm uses SGD (or Stochastic Gradient Ascent - SGA in
this case) or other gradient based optimisation technique for parameter vector θ
update.

As the ES could be seen as method for computing a derivative estimate using
finite differences in randomly chosen direction it would suggest that it would
scale poorly with dimensions of parameters θ same as the finite differences
method. In theory the number of necessary optimisation steps should scale
linearly with the dimension. That however doesn’t mean that larger networks
optimised using ES will perform worse than smaller ones, that depends on the
difficulty (intrinsic dimension) of the problem. The network will perform the
same however it will take more optimisation steps to do so.

In practice ES performs slightly better on larger networks and it is hypothe-
sised that it is for the same reason as why it is easier to optimise large networks
using standard gradient based methods: larger networks have fewer local min-
ima.

Due to perturbing the parameters and not the actions ES are invariant to the
frequency at which the agent acts in the environment. Tradtional MDP-based
reinforcement learning methods rely on frameskip as one their parameters that
is crucial to get right for the optimisation to be successful. While this is solv-
able for problems that do not require long term planning and actions, long term
strategic behaviour poses a challenge and reinfocement learning needs hiearchy
to be succesful unlike evolutionary strategy.
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Algorithm 7 OpenAI-ES

1: Input: Learning rate α, noise standard deviation σ, initial policy parameters
θ0, n number of workers

2: initialize n workers with known random seeds, and initial parameters θ0

3: set t = 0
4: repeat

5: for i ∈ ¶1 . . . n♢ do

6: sample ϵi ∼ N (0, I)
7: compute returns fi = f(θt + σϵi)
8: end for

9: Send all scalar returns fi from each worker to every other worker
10: for i ∈ ¶1 . . . n♢ do

11: reconstruct all perturbations ϵj for j ∈ ¶1, . . . , n♢ using known ran-
dom seeds

12: set θt+1 = θt + α 1
nσ

∑︁n
j=1 fiϵi

13: end for

14: increment t
15: until stop criterion fullfilled

2.2 Novelty search

While the main drive in of improvement in ES is the value of fitness (how "good"
the result is), novelty search takes a different approach. Novelty search is focused
on finding different solutions, as it is inspired by nature’s drive towards diversity.
Each policy has its novelty calculatedwith respect to previous policies and search
is directed to parts of search space with high novelty. This approach makes it
less succeptible to local optima created by deceptive rewards than reward-based
method. [10]

Each policy π gets assigned its domain-dependent behavorial characteristics
b(π) (e.g. final position of the agent) and it is added to an archive set A of char-
acteristics of previous policies. Then the novelty N(b(πθ), A) is calculated as
average distance from k nearest neighbours from the archive set A.

N(θ, A) = N(b(πθ), A) =
1

♣S♣

∑︂

j∈S

∥(πθ) − b(πj)∥2

S = kNN(b(πθ), A)

(2.2)
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2.2.1 Combination with evolution strategies

To find and follow the gradient of expected novelty with respected to θt we use
the framework outlined in 2.1.

With archive A and sampled parameters θi
t = θt + σϵi, the gradient estimate

can be calculated via following formula:

∇θtEϵ∼N (0,I)[N(θt + σϵ)♣A] ≈
1

nσ

n
∑︂

i=1

N(θi
t, A)ϵi (2.3)

It is possible because archive A is fixed during one iteration and is updated
only at the end. Only characteristics corresponding to each θt are added to A, as
adding each sampled would cause the archive A to inflate too much increasing
the complexity of calculation of nearest-neighbours.

To encourage additional diversity an initial meta-population ofM , selection
of M is domain dependent, agents is created. While it is possible to optimise
the behaviour of a single agent and reward it for behaving differently than its
ancestors, this way we get the benefits of population-based exploration (each
agent can become expert at some particular subtask the environment presents
amd can be further combined, more approaches can be explored and only the
promising ones can be explored further). Each agent has parameters θm and
is being rewarded for behaviour different from all prior agents, thus we get M
differently behaving policies.

M random parameter vectors are initialised and in each iteration one is se-
lected to be updated. The selection probability is proportional to its novelty.

P (θm) =
N(θm, A)

∑︁M
i=1 N(θi, A)

(2.4)

To perform the update step, we need to calculate the gradient estimate of
expected novelty with respect to θm

t using equation 2.3 where n is the number
of perturbations. When we get the gradient estimate we use SGD (or in this case
Stochastic Gradient Ascent) with learning rate α to update the parameters θm

θm
t+1 := θm + α

1

nσ

n
∑︂

i=1

N(θi,m
t , A)ϵi. (2.5)

After updating the individual, a new behavorial characteristics b(πθm
t+1

) is calcu-
lated and added to the archive A.

This process is repeated for a predetermined number of times as novelty
search is not supposed to converge to a "best" solution and returns the best per-
forming policy which is being preserved during the run of the algorithm.
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Algorithm 8 NS-ES

1: Input: Learning rate α, noise standard deviation σ, initial policy parameters
θ0, n number of workers, T number of iterations

2: initialize n workers with known random seeds, empty archive A, and initial
parameters ¶θ1

0, . . . , θ
M
0 ♢

3: set t = 0
4: for i ∈ ¶1 . . .M♢ do

5: calculate b(πθi
0
)

6: add b(πθi
0
) to A

7: end for

8: for t ∈ ¶0 . . . T − 1♢ do

9: sample θm
t from ¶θ1

t , . . . , θ
M
t ♢ based on equation 2.4

10: for i ∈ ¶1 . . . n♢ do

11: sample ϵi ∼ N (0, I)
12: compute characteristics b(θm

t + σϵi)
13: compute ni = N(b(θm

t + σϵi), A)
14: end for

15: Send all novelties ni from each worker to every other worker
16: for i ∈ ¶1 . . . n♢ do

17: reconstruct all perturbations ϵj for j ∈ ¶1, . . . , n♢ using known ran-
dom seeds

18: set θm
t+1 = θm

t + α 1
nσ

∑︁n
j=1 niϵi

19: add b(θm
t+1) to A

20: end for

21: end for

2.2.2 Combination with reward based exploration

While NS-ES helps agents avoid local optima and deceptive reward signals, it
also completly discards reward which might cause the performance to suffer.
Therefore NSR-ES, an improved version of NS-ES, uses both reward (fitness) and
novelty for computation of the update step. NSR-ES is in many ways similar to
NS-ES, it calculates both novelty and reward at once and it operates on entire
episodes. The only difference is, that the calculation of the gradient estimate is
based on the average of reward and novelty.

Specifically, for parameter vector θm,i
t = θm

t + σϵi we calculate the reward
f(θm,i

t ) and novelty N(θm,i
t , A), rank-normalise both values independently (as

both values usually have completely different scales), calculate the average and
set it as weight for corresponding ϵi for gradient estimation. Then the estimated
gradient is used to update the parameter vector via SGD (or other gradient based
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optimisation method) simirally as in equation 2.5:

θm
t+1 := θm + α

1

nσ

n
∑︂

i=1

N(θi,m
t , A) + f(θi,m

t )

2
ϵi. (2.6)

Intuitively, following the approximated gradient based on both novelty and
reward directs the search areas of the parameter-space with both high novelty
and reward. This can, however, be improved further.

Algorithm 9 NSR-ES

1: Input: Learning rate α, noise standard deviation σ, initial policy parameters
θ0, n number of workers, T number of iterations

2: initialize n workers with known random seeds, empty archive A, and initial
parameters ¶θ1

0, . . . , θ
M
0 ♢

3: set t = 0
4: for i ∈ ¶1 . . .M♢ do

5: calculate b(πθi
0
)

6: add b(πθi
0
) to A

7: end for

8: for t ∈ ¶0 . . . T − 1♢ do

9: sample θm
t from ¶θ1

t , . . . , θ
M
t ♢ based on equation 2.4

10: for i ∈ ¶1 . . . n♢ do

11: sample ϵi ∼ N (0, I)
12: compute characteristics b(θm

t + σϵi)
13: compute ni = N(b(θm

t + σϵi), A)
14: compute fi = f(θm

t + σϵi)
15: end for

16: Send all novelties and rewards ni, fi from each worker to every other
worker

17: for i ∈ ¶1 . . . n♢ do

18: reconstruct all perturbations ϵj for j ∈ ¶1, . . . , n♢ using known ran-
dom seeds

19: set θm
t+1 = θm

t + α 1
nσ

∑︁n
j=1

ni+fi
2
ϵi

20: add b(θm
t+1) to A

21: end for

22: end for

While NSR-ES uses a linear combination of reward and novelty to approx-
imate that is static for the whole duration of the training. Contrary to that
NSRAdapt-ES (NSRA-ES) dynamically changes the ratio of reward gradient
f(θi,m

t ) and novelty gradient N(θi,m
t , A) based on how the training is currently
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progressing. This way, it will give more weight to the reward (thus following the
performance gradient) when making progress and more weight to the novelty
(following novelty gradient) when stuck in a local optima to give more incentive
to find different approaches.

Formally, a parameter w is used to control the ratio of reward and novelty
used for calculation of gradient estimate. For a specific w at a given generation
parameter vector θm

t is updated (SGD used) via following expression:

θm
t+1 := θm

t + α
1

nσ

n
∑︂

i=1

(1 − w)N(θi,m
t , A)ϵi + wf(θi,m

t )ϵi. (2.7)
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Algorithm 10 NSRA-ES

1: Input: Learning rate α, noise standard deviation σ, initial policy parameters
θ0, n number of workers, T number of iterations

2: initialize n workers with known random seeds, empty archive A, and initial
parameters ¶θ1

0, . . . , θ
M
0 ♢

3: set t = 0, tbest = 0, fbest = −∞
4: for i ∈ ¶1 . . .M♢ do

5: calculate b(πθi
0
)

6: add b(πθi
0
) to A

7: end for

8: for t ∈ ¶0 . . . T − 1♢ do

9: sample θm
t from ¶θ1

t , . . . , θ
M
t ♢ based on equation 2.4

10: for i ∈ ¶1 . . . n♢ do

11: sample ϵi ∼ N (0, I)
12: compute characteristics b(θm

t + σϵi)
13: compute ni = N(b(θm

t + σϵi), A)
14: compute fi = f(θm

t + σϵi)
15: end for

16: Send all novelties and rewards ni, fi from each worker to every other
worker

17: for i ∈ ¶1 . . . n♢ do

18: reconstruct all perturbations ϵj for j ∈ ¶1, . . . , n♢ using known ran-
dom seeds

19: set θm
t+1 = θm

t + α 1
nσ

∑︁n
j=1

ni+fi
2
ϵi

20: add b(θm
t+1) to A

21: end for

22: if f(θm
t+1) > fbest then

23: w = max(1, w + δw)
24: fbest = f(θm

t+1)
25: tbest = 0
26: else

27: tbest+ = 1
28: end if

29: if tbest ≥ tw then

30: w = min(0, w − δw)
31: tbest = 0
32: else

33: end if

34: end for
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Chapter 3

Experiments and discussion

3.1 Environments

First environment used for evaluation is the Slimevolley environment. The
Slimevolley environment [17] is based on a game called "Slime Volleyball" cre-
ated by an unknown author. The agent’s task in this environment is to get the
ball to hit ground on the opponent’s side to make the oponent lose a life. The
opponent is controlled by a small, 120-parameter, pre-trained neural network.
[18]

Each agent has 5 lives in the beginning and the episode ends after 3000 steps
or when either agent loses or their lives, whichever comes first. The agent re-
ceives a reward of +1 point when the opponent loses a life and −1 if it loses
the life. In addition to this, for each survived timestep, the agent receives +0.01
reward. State is represented as a vector with 12 entries, x and y positions and re-
spective velocities of the agent, opponent and the ball. Actions are represented
as a vector with 3 entries, one for each action that the agent can do, jump, go
forward or go backward. The agent will perform an action when the appropriate
value is higher than 0.

Second environment is a Cartpole-swingup environment. It is inspired by
classic reinforcement learning benchmark task, pole-balancing. In this task one
end of a pole is attached to a card which moves left and right and the goal is to
keep the pole upright. In the original the episode ends when the pole is tilted too
much off its neutral position. However in this version the pole is able to rotate
360◦ and the episode ends only if the cart goes out of bounds or 1000 timesteps
goes past.

The physics of the pole is controlled by equations specified for "Pendullum
Swing-up" in PILCO software package. [19] Reward is given based on how far
is the cart from centre (closer is better) and what is the angle of the pole (more
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that state a 0 is filled in. This slightly differs from the implementation outlined
in [20]. Then simple Euclidean norm is used to calculcate distance between two
such characteristics.

Controlled agents’s policies are represented with small feed-forward neural
networks, for Cartpole 1-layer neural network with 5 inputs, 10 neurons in mid-
dle layer and one output neuron and tanh activation function applied to output
of all neurons. Slimevolley has a bigger network, 12 input neurons, two layers
with 20 neurons and 3 output neurons with tanh activation function.

3.2 Experiments

There were several experiments run in each environment. All experiments were
run 10 times with different starting seeds for 1000 or 900 (in case of novelty based
algorithms due to memory contraint on system where experiments were run)
generations with population of 90 and 3 episodes per evaluation. The 5 methods
that were tried are:

• CMA-ES,

• OpenAI ES,

• NS-ES,

• NSR-ES and

• NSRA-ES.

For CMA-ES, the only parameter was σinit which controls the initial standard
deviation and it was set to 0.1. OpenAI-ES started with σ 0.1, rate of decay 0.999
and limit 0.01. Novelty search based algorithm had fixed σ (because it doesn’t
make sense to change it since there are more individuals) of 0.1 and used 5 as
k in k-nearest neighbours and metapopulation with size 5. In addition to that
NSRA-ES waited 10 steps before increasing the ratio of novelty in the gradient
by 0.05. All algorithms, except for CMA-ES, used the Adam [21] optimiser, with
learning rate 0.1. In all presented graphs a median is shown along with the first
and third quartile and the presented value is the current "mean" individual (or
the best from metapopulation) evaluated on 270 runs. This evaluation was done
every 25 generations.

3.2.1 Cartpole-swingup

This environment has proven to be significantly less challenging than Slimovol-
ley. Both CMA-ES and OpenAI-ES have managed to solve (figures 3.3 and 3.4)
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Chapter 4

Technical implementation

All source code used in this thesis along with sample configuration files and
instructions can be found at https://github.com/MichalPospech/bc-proj

ect.

The experiments were run using modified the estool tool, written in the
Python programming language, which was originally used for an article about
evolutionary strategies. [22] Another option was to use implementation by Uber
available at https://github.com/uber-research/deep-neuroevolution

however it is much more complex (uses redis for inter-worker communication)
and thus would be harder to extend.

estool makes use of the master-slave paradigm with one thread controlling
the evolution and slaves only evaluating the candidate solutions. Communica-
tion between workers is done using MPI framework. The slave workers accept 3
types of commands from the master worker:

• eval - tells the slave to evaluate the solutions that will be sent next and
send the results back to the master,

• archive - tells the slave to add the behavioral characteristic that will be
sent next to the archive used for novelty calculation,

• kill - tells the slave to stop.

All the implemented algorithms share interface with two methods crucial for
their functionality which are being called alternatly. The ask method provides a
new generation based on current state of the algorithm used. The tell method
does the exact opposite. It takes results of evaluations and updates the internal
state of the algorithm.

estool was extended to support novelty search by making a new class
NSAbstract which encapsulates logic that all novelty search based algorithms
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(NS-ES, NSR-ES and NSRA-ES) have in common and classes for specific algo-
rithms inherit from it and implement the algorithm-specific behaviour. Another
modification necessary to enable usage of novelty was modification of the com-
munication protocol between master and slaves, before it could handle only
sending solutions from master to slaves and sending rewards back. Thus the
aforementioned commands were introduced.

During training solution is evaluated more times (configured with parame-
ter num_episode) to get a better estimate of particular solution’s performance
because it varies based on selected seed. Similar approach is used for han-
dling behavioural characteristics of solutions. One characteristic consists of
num_episode vectors and to calculate distance between two characteristics
mean of all pairwise distances is used to account for strong dependence on seed.
During evaluation of current solution, not used in training, an equivalent of
whole population with each individiual being the solution to evaluate is created
and gets evaluated to receive a more robust estimate of current performance.

However there is a slight deviation from the algorithms outlined in chapter
2. There only the results of solution evalution (and characteristics of new solu-
tions in case of an algorithm that utilises novelty) are communicated between
workers and all parameter perturbations are done locally based on shared seeds
while estool does all perturbations in the master worker and solutions are sent,
along with seeds for the task, to slave workers only for evaluation. This impacts
the algorithm performance as the communication overhead increases with larger
population and larger solutions (parameter vectors for policies) while the qual-
ity of generated solutions is not affected at all because the way new parameter
vectors θ are calculated doesn’t change.

As the project uses MPI for multiprocessing, running it is slightly more com-
plex than running an ordinary Python project. It needs to be run using mpiexec

as follows.

mpiexec -n NUM_CPU python -m mpi4py train.py -f CONFIG

Parameter NUM_CPU must be at least 2 (due to the the master-slave paradigm)
and at most the physical number of cores/nodes and CONFIG is a path to JSON
configuration file for the experiment. Further details and instructions can be
found in the Readme.md file in the project repository at https://github.com

/MichalPospech/bc-project.
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Conclusion

In this thesis reinforcement learning was formally introduced along with sev-
eral methods such as Q-learning or REINFORCE. Then evolutionary algorithms
were described and further expanded by evolutionary strategies including the in-
troduction of CMA-ES. Following that OpenAI-ES was outlined, a evolutionary
strategy that was designed for solving reinforcement learning tasks, high level of
paralellisation and doesn’t require differentiable policy as there is no differenti-
ation needed unlike in traditional methods such as REINFORCE. This algorithm
is further extended with novelty search which uses behavioral characteristics of
evolved agents to evolve agents to behave in a different manner than their an-
cestors which should enable the agents to deal with falling into a local optima.
Then the 2 test environment were outlined and data from experiments discussed.
Finally some technical details about the implementation were explained.

Based on conducted experiments Slimevolley is a task that is hard to solve
since only one method (CMA-ES) managed to do so and OpenAI-ES did so only
few times and the performance varied heavily with seed. Cartpole has proven to
be slightly easier with more methods being successful or would succeed given
more time. Furthermore novelty search-based algorithm were found to be sen-
sitive to quality of novelty calculation.

This work has shown that designing novelty search-based algorithms is
mostly designing a good behavioral characteristic of an agent. Therefore this
would be, along with more hyperparameter tuning, a possible direction to follow
in research. Furthermore exploring performance of these methods on more en-
vironments would be beneficial as well. To get more accurate results on the two
environments presented, spending more time with hyperparameter tuning and
trying running longer experiments with a bigger population would help. Run-
ning more runs for each experiment would also be beneficial as it would reduce
variance and give better estimate of real performance of studied methods.
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