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1. Introduction

The Foreign Exchange Market (Forex) is a
global decentralized or over-the-counter (OTC)
market for the trading of currencies. In terms of
trading volume—the amount of security traded in
a period of time—it is the largest market in the
world. It implies that it offers lower transac-
tions costs and higher volumes than other mar-
kets. This, in turn, explains why the Forex
market draws the attention of researches to de-
velop effective algorithms for automated trading.
However, due to its dynamical nature, it rep-
resents a major challenge. Shifts in the mar-
ket trends are abundant, due to unexpected ex-
ogenous events like Covid-19 pandemic or lower
scale phenomenon dictated by social and eco-
nomical reasons. In other words, Forex market
is a highly non-stationary environment.

The main goal of this thesis is to deal with the
non-stationarity which characterises the Forex
market. More specifically, the idea is to find pe-
riods of time with common rates patterns and
exploit them to develop more profitable strate-
gies.

To this end, a novel approach is proposed, which
should be capable of identifying and predicting
financial regimes by exploiting trading strate-

gies executed by reinforcement learning based
algorithms in the past, and using this model to
achieve higher return in the future.

The innovative idea introduced by this thesis is
to achieve the proposed objectives by leverag-
ing past strategies rather than the history of ex-
change rate evolution. To the best of authors’
knowledge, this represent the first kind of ap-
proach which tries to deal with non-stationarity
through reinforcement learning in this way.

2. Background

2.1. Reinforcement Learning

The basic model used to represent reinforce-
ment (RL) learning problems is the discrete-time
Markov Decision Process (MDP). An MDP is a
tuple < S, P, A, R,~, i, >, where S is the space
of the possible state. A is the space of the possi-
ble actions that an agent may execute. P(-|s,a)
is a Markovian transition model which describes
the probability of the next state s’ given the
transition pair (s,a). R describes the distribu-
tion which characterises the reward R(s,a) that
an agent receives as a consequence of execut-
ing action a in state s. Here, R is considered
bounded. v € [0,1) is called the discount fac-



tor, whose role is to quantify the advantage of
acquiring immediate reward with respect to the
future rewards. In this thesis case, v = 1. Fi-
nally, p is the distribution of the initial state of
the environment.

A policy 7 defines a distribution over the action
space A given some state. It defines how the
agent selects its actions and the main objective
of RL is to learn a policy in the space of all
policies IT which maximizes the expected value
of the return. The return is defined as G, =
SV R (st ar).

We also define, for some s € S and a € A, the
action-value function—or Q-function:

s,a) = E
Qn(s,a) st41~P(-|s,a)
apypy~m(clsgpt)

[Gr[s0 = s,a0 = a], (1)

and its optimal value Q*(s,a) = supQr(s,a).
ell

K
This value can be found by iteratively applying
the Bellman optimality operator T*,

(T7Q)(s,a)

whose fixed point is limg__,o 7Q = Q™.

2.2. Fitted-Q Iteration

Fitted-Q Iteration (FQI) (|5]) is a model-free,
off-policy, offline algorithm which employs the
Bellman operator and supervised learning tech-
niques to learn an approximation of Q*. From
a dataset of past transitions (sf,af,rfﬂ,sfﬂ),
FQI learns the Q-function @, as an approx-
imation to Equation (2) where the maximum
is made over the previous iterate of the action
value function maxge 4 Qn—1(sF ' 1,a"). This ap-
proximation introduces an error which may in-
crease as the number of iteration grows; thus,
it is important to properly tune and select the
number of iterations V.

2.3. XGBoost

XGBoost ([4]) is a supervised algorithm which
may be employed as a regressor for @), in FQI.
It is based on Gradient boosting trees (GBT):
namely, it leverages various decision trees whose
role is to iteratively enhance the approxima-
tion of a target y. From the current predic-
tion § = >, Ui, a new weak learner hp, 41 is

added to by minimizing the error y — ¢ + ¥mt1.
GBT performs the minimization step with gra-
dient descent. XGBoost adds a regularisation
term to solve overfitting by coping with exces-
sive confidence of the regressor.

2.4. Clustering

Clustering is an unsupervised learning approach
whose aim is to partition a set of instances based
on their similarity. The output of a clustering al-
gorithm is a partition of the training set X'. The
two following steps may be crucial for clustering.
Selecting the number of clusters D. The
elbow method, which consists in identifying the
lowest number from which the intra-cluster vari-
ance start decreasing slowly; dedrogram visual-
isation by applying a threshold based on the
graph; maximisation of the silhouette score, a
measure used to assess how similar an element is
to its own cluster (cohesion) compared to other
clusters (separation).

Selection of the algorithm. It can be done
by measuring the silhouette score and visually
inspecting the clusters to assess their goodness
with respect to the problem considered. In case
a ground truth is available, exstrinsic measure
like the adjusted rand index (ARI) and the V-
Measure can be used. The first assesses the
agreement of two clusters results, while the sec-
onds estimates the correctness of the clustering
algorithm by combining a measure of how many
times an unique label is contained in an unique
cluster and viceversa.

These two processes are extremely delicate and
are mostly based on domain knowledge. How-
ever, the described methodologies may support
the decision in case this type of knowledge is not
accessible.

2.5. Non-Stationarity

The concept of non-stationarity (NS) is mostly
linked to time-series and processes. Intuitively,
stationarity means that the distribution generat-
ing the series is not changing. If such condition
does not hold, it is said to be non-stationary.
A NS may follow two pattern: smooth, if the
changes to the underlying distribution are grad-
ual; abrupt, if the properties of the underlying
distribution changes suddenly and considerable
effect may be perceived.

In RL, NS is mostly related to changes occur-



ring in the transition probability P or the re-
ward distribution R, and in rare cases to the
action space A and observations (in this case,
non-stationarity is induced by an adversary). In
any case, this means that these elements now
depend on time.

To model these changes, mainly three frame-
works exist.

Switching modelling. It supposes the envi-
ronment modeled as a finite or infinite number
of MPDs M = {M;, Mg, ...} whose elements
are considered stationary. The NS trait is in-
stead expressed by the way in which the envi-
ronment switches from an MDP to the other.
These MDPs are called tasks.

Drifting modelling. It assumes the existence
of an unique MDP which model the environ-
ment, whose elements are subject to NS smooth
bounded variations.

Adversary modelling. It supposes that an
adversary is influencing the environment, thus
causing NS behaviours.

Approaches to solve this problem are mainly
divided in two classes: passives or robust ap-
proaches, which try to act in the best way possi-
ble ignoring the existence of the NS behaviour;
active approaches, which acknowledge the exis-
tence of the NS behaviour and try to model it in
order to predict or cope with its possible effects.

3. Problem Formulation

In this thesis, the Forex is modelled as a multi-
task problem composed of an unknown number
of regimes { M, };>1, where each M; may be de-
scribed as MDPs following [2] formalisation.
Horizon. The Forex is modelled as a finite-
horizon problem, i.e. it is divided in K episodes
of H time-steps, each time-step being a minute.
Each episode coincides with a market day, start-
ing at 8:00 CET and ending at 18:00 CET. In
this thesis, it is assumed that each episode k be-
longs to a single regime M;. D will be used to
indicate the set of all the possible day indexes
(i.e., the episodes).

State. The state is divided in two parts slfl =
(qﬁﬁ, xﬁ) The first, ¢Z, contains: the last 60 nor-
malised variations between consecutive minutes
of the exchange rate; the current time of the day;
the spread; the encoding of the day (Monday =
1, ..., Friday = 5). The second, ac’,j, contains the
previous allocation. At the start and the end of

the day, the allocation is set to 0 so as to avoid
overnight fees. The wealth of the agent is not
present in the state as he may only trade a fixed
quantity of 100K°$.

Action Space. The agent may perform 3 ac-
tions: long, short and flat. They are represented
with the number 1, —1 and 0. Assuming infinite
liquidity, the action is always executed. Possible
order delay is not taken into account.
Transition Probability. The transition prob-
ability P is simplified by assuming that only a:’fL
is affected by the agent’s actions. Instead, ¢§
evolves according to historic market data.
Reward. The reward is modelled as:

k. kik  k ok k
Th = ap(Pp — Ph_1) — cplap — xp (3)

where theH is the series of prices and cZ is a
value dependent on the transaction fee f and
the spread.

4. Related Works

4.1. Reinforcement Learning for Fi-
nance

In recent years, there have been many success-
ful examples of RL applied to financial trading.
Particularly relevant works for this thesis are
[2, 12]. In [2], Multi-Objective FQI (MOFQI)-a
modification of FQI-is used for learning to bal-
ance profitable and risk-averse trading strate-
gies; its effectiveness is proven against ba-
sic trading strategies, such as buyéshold and
sellédhold. In [12], the concept of action per-
sistence [9] is used inside the FQI framework in
order to tune the control frequency and mod-
ify the signal-to-noise ratio. Interestingly, [12]
leverage this modified FQI to solve the Forex
trading problem in a multi-asset environment,
showing its ability to outperform the classic FQI
on various currency pairs.

4.2. Non-Stationary Reinforcement
Learning

Literature counts many examples that try to
deal with NS in several contexts. Regarding the
switching modelling literature, the one adopted
in this thesis, [3] is particularly relevant. In
this work, the authors propose the Prognostica-
tor, a model-free RL approach which addresses
smooth NS in rewards and transition distribu-
tions by forecasting future performances of a



policy leveraging historical data through impor-
tance sampling. The approach has been applied
in this thesis to prove that accounting for these
NS behaviours is not sufficient in Forex. Other
approaches instead deal with NS by employing
other methods, such as meta-learning ([11]) or
factorisation methods ([6]).

Yet, only few works try to deal with NS in
Finance with an active approach. On the
portfolio optimisation problem, [7] model NS
with the switching framework and leverage both
meta-learning and evolutionary algorithms. For
EUR/GBP and AUD/NZD currency pairs, [10]
propose to automatically learn how to pre-
process financial price series to remove NS traits
and cast the problem back to classic RL. Fi-
nally, for EUR/USD, [8] employ a hyper-policy
to deals with the NS by selecting which policy
is best for each time-step, using past experience
through importance sampling.

These last works are particularly important as
they underline the necessity of new representa-
tions for financial series and new methods to ad-

dress NS.

5. Proposed Approach

The proposed approach, called Regime-
Forecaster, aims at identifying NS changes in
the market by tracking the performance of
different traders. In this case, the traders are
RL agents trained via FQI based on the choice
of a different set of hyper-parameters. If these
performances are then compared, it is possible
to assess if the market has changed with respect
to previous days.

The Regime-Forecaster builds a non-stationary
tracking framework which works at a high-level.
By training a high number of policies, this ap-
proach gathers and simulates many different be-
haviours of traders on past data. These policies
are used to describe days and measure the sim-
ilarity between them. The similarity measure
then drives a clustering algorithm which groups
days supposed to belong to the same market
regime. This new information is then leveraged
both at train time to learn policies specialised on
each regime, and at test time to build a predic-
tion model of the next probable cluster regime.
The proposed approach may be roughly divided
in five steps:

1. train and select a diverse set of policies;

2. from the previous policies’ trading patterns,
cluster days in market regimes;

3. train and test regime-specialised policies;

build a predictor of the next cluster;

5. predict next cluster and use proper regime-
specialised policy.

e~

5.1. Obtaining Representative Poli-
cies

The first step is to train and select policies for
clustering. By training FQI with various hyper-
parameters, one obtains an ensemble II of differ-
ent trading strategies. The idea of using many
policies is to provide the clustering algorithm
with a complete representation of the day’s trad-
ing patterns. In order to reduce the dimension-
ality of the features of a day, a feature selection
step is applied to eliminate both similar policies—
which would therefore add no information—and
redundant features. To find similar policies, a
clustering on Pi is performed. Concretely, for
two policies m; and 7, the following similarity is
computed,
e Kullback-Divergence (KD):

Dgr(mil|my)
K H
_;;; o) g( i (h) >

Where  m;(hg) returns the  array
{mi(alhx),a € A}. Since it is not a
symmetrical measure, the Jensen—Shannon
divergence is instead used:

L Dgyp(mi|lm;) + Dir (]| mi)

dgr(mi,mj) = 7 5

e Total Variation Distance (TV):

dry (75, 7j)

K H
1
~KH Z Zglgff |mi(alhi) — mj(alhe)]
k=1h=1

similarities are compared using various cluster-
ing algorithm, choosing the best one based on
silhouette score metric and accordance to opti-
mal cluster number chosen for each algorithm.
The output of this step is a set II containing the
representative policies.

5.2. Clustering Days

Each policy m, € II is used to obtain the pol-
icy feature A. A policy feature is a multi-



dimensional feature describing a specific day.
Three possible representations may be chosen:

e the return GG, which has lower dimensional-
ity with respect to the other representations
but may assume very different scale in the
values of each days;

e the reward time series {rf}ncn, which re-
tains the sequentiality trait of a day, is con-
tinuous and expressive of a trader profit
evolution;

e the action time series {alfi}heN, which is able
to fully represent the behaviour of a trader
in terms of portfolio allocation, but is cate-
gorical and therefore hard to manage.

In the following, for policies in a set I1 C II and
indices G = {k € N}, A(I, G) will indicate the
set of features which represents the days with
index in G obtained by policies in I1.

Policies features A(II, D*%™) will be used to
train a clustering model Y. The latter is then
applied to Dtrain) plual) gnd pltest) o obtain,
through policy features A, the clusters on each
set. The product of this step are three sets of
form C = {Cy|d € [0, D]}, one for each set of D.

5.3. Training Specialised Policies

In this phase, a set of specialised policies I1p =
{ma}o<d<p is obtained by training each policy

mg on days in cluster C’C(ltmm) and validated on
(val

cluster C;). Additionally, a general policy T,
is trained on D) and validated on D).
The idea of the specialised policies is to exploit
the identified regime to develop ad hoc strategies
that should, in theory, outperform the general
policy m, when used on days supposed to be-
long to such regime (though not being explicitly
trained on it).

To test this assumption, each policy in 7z and
policy m, are tested on the cluster C’C(lt%t). The

result of the test is the return G(g()test) for the
f
(*)

specialised policies and GC(““

, for the general

policies, i.e. the total returnfobtained using pol-
icy my () on cluster Cj(cteSt). If the return of the
specialised policy is greater than the one of the
general, it means that the clustering algorithm
has identified truthful market regimes and the
policy my was able to exploit such knowledge,

enhancing the return.

5.4. Building the predictor

If the previous step has been successful, it is
mandatory to obtain a prediction model ¥ able
to predict the cluster of the next day k+1 given
the history k£ + 1.

To accomplish this objective, the clusters in C
are used as a sequence of labels, building a set of
form (k,d), where k is the day index and d is the
cluster. Then, a classifier is trained to predict
them. One of the most challenging problem is
choosing a proper feature set xx1 which can be
used to represent each day k + 1.

The choice of the features is a critical step since
they must contain enough information in order
to give accurate prediction on future clusters
while being restricted enough to avoid noisy in-
puts and over-fitting. Obviously, it is not possi-
ble to use A(II, k+1), as this cannot be accessed
at the start of the day. For this reason, a set with
feature available before trading in day k41 and
features of n days before k 4 1 were considered.
In particular, the predictors considers

e the day features, encoding of the type of the
day, the month value and the day value;

e the price features, containing: the open price
for £k + 1 and its difference with the previous
days; the open, high, low, mean and close price
for n days before k + 1 and their difference with
previous days;

e four special policy features obtained by exe-
cuting the policies in IT and IIp on the 120 min-
utes before the start of trading day &£+ 1 and 60
minutes after the start of the same day;

e the two policy feature obtained from II and
IIp policies execution on the previous day k;

e the Choe Volatility Index (VIX), which is a
real-time index that measures the volatility in
the Forex market;

e a window of n previous clusters. Combina-
tions of these features have been considered, as
to properly tune the predictor.

An important aspect is that an optimal predic-
tor is not needed: in trading the final objec-
tive is to obtain an high return. Since policy
mg may perform well also on clusters d % d,
a cost-sensitive classifier is built, i.e. a classi-
fier penalising each misclassification with a cost
ci, j equal to the loss in performance of employ-
ing policy 7; on cluster j, which can be approx-

imated with the quantity G?(mm) - ngmm).

i J
The cost-sensitive loss selected for the task is
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the one proposed in [1], which is expressed as:

D
L(M7 Z) S(.’B)) — log (1 —|— Zmz7iesi(m)—sz(m)>

i=1

(4)

where z is the true cluster, m.; = c.; and
S(x) = {So(x),...,Sp(x)} corresponds to the
score given by the classifier to each class for
the data point @. This loss ensures the guess-
aversion property, i.e. it encourages correct clas-
sification over random guess in multi-class clas-
sification.

5.5. Predicting Next Cluster

Once a suitable and reliable classifier W is avail-
able, it can be used to infer the next day cluster
d. When this is done, it is then possible to use
mg to obtain a theoretically higher return. To
assess the goodness of the results, it is possible
to measure the expected return gain, defined as
the sum of the difference of the expected return
from the specialised policies under the predictor
¥ and the return obtained via the general policy,
ie.:

K D
AGE — Z Z (Ade](Cdk)> . G](:) (5)

k=1d=1

where Ag, is the weight assigned by W to the
cluster d in day k. Alternatively, also the ef-
fective return gain can be calculated, defined in
the same way but replacing A4, = 0 if d is the
predicted cluster of k and A4, = 1 if it is not.

6. Experiments

The proposed approach was experimented on
two datasets: the EUR/USD dataset, contain-
ing the exchange rate history from 2017 to 2021,
which is characterised by a yearly non-stationary
behaviour and intra-day unit roots, but whose
mean and variance may be considered almost
stationary during a single market day; a syn-
thetic dataset, generated using a Vasicek model
whose mean can change every day based on a
Markov chain model with a transition matrix as
the one shown in Figure 1, where the letters in-
dicate different values of the mean. The matrix
was created giving high probability to remain in
the same cluster, as a way to consider the empir-

Transition Matrix
P(a) P(b) P(c) P(d)

Given a 0.26 0.02

Given b

Given ¢

Given d

Figure 1: Transition matrix used for generating
the synthetic dataset.

ical observation that regimes usually last more
than one day.

6.1. Results of the EUR-USD dataset

For the EUR/USD dataset, the set IT was formed
with FQI by fixing the parameters of XGBoost
to default values but the minimum child weight
Moymin, Whose values were chosen in the inter-
val {k - 5000};<j<s, and the persistence values,
whose possible values were {5,10}. The policy
were trained on 3 different sets, i.e. the one
formed by taking two exchange rates year his-
tory from 2017, 2018 and 2019 and using the
other one as a validation set, in order to ensure
variability of the policy features A.

The feature selection step left 5 policies, selected
by applying the TV distance with a hierarchical
clustering, as the KL was not able to differen-
tiate between different policies. The number of
policies was selected using the dedrogram pro-
vided by hierarchical clustering.

The clustering of the day was executed by trying
many different combinations of clustering meth-
ods on the action and reward representation, ex-
cluding the return one for the scale problem.
Based on the silhouette score and on visualisa-
tion, the chosen algorithm was K-Means with
the reward representation.

The specialised policies and the general policies
were both trained on the clusters formed apply-
ing the clustering model Y on the policy features
of the training and the validation set. To hyper-
tune the policies, persistence values in the set
{2,3,5,6,8,9,10} were tested, alongside mn
values in the set {k-2500}1<,<11. Once the poli-
cies have been trained, they were tested against
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cluster’0 cluster’'l cluster2 cluster'3

0.774

0.428

0.082

-0.154

-0.264

-0.610

Figure 2: Test return matrix for EUR/USD.

the general policy by calculating the return ob-
tained on the cluster of the test set, thus cal-

(d)

(test O each pair of clusters index
f

culating G

d, f), and additionally G)._ for the general
O(test)

f
policy. Then this results where normalised by
applying the formula:

(@ G¢,
G\ = 9501 (6)
“r 10°(Cy|

to consider both the imbalance of the clusters
and to turn this value in a percentage of gain
over the initial invested sum. The result of this
process is the test return matriz, which is por-
trayed in Figure 2.

As it is possible to see, the diagonal presents
higher values compared to the last row, which
means that the specialised policies obtained an
higher return compared to the general policy m,
confirming that the clustering methods found
meaningful market regimes within the dataset.
At this point, the predictor was built. In a first
attempt, a Markov chain model with various or-
der was used, trained on the sequence of clusters.
This was done in order to discover a pattern in
the succession of clusters. However, experiments
turned out to give unsatisfying results, with an
accuracy of ~ 31%, thus it was discarded.
Similar results were obtained by using the XG-
Boost classifier, fixing all hyperparameters but
Mmin and the max depth of the tree. In par-

ticular, it was tested both using the multi-
categorical crossentropy (CCE) loss, maximising
the accuracy of the classifier, and with the cost-
sensitive loss shown in Equation (4).

6.2. Results of the Synthetic dataset

After the failure on the EUR/USD dataset,
experiments continued by considering the syn-
thetic dataset. Since the task was easier, it was
decided to consider a different formalisation of
the problem, reducing the state to the pair of
the current price pﬁ and the current portfolio
allocation xﬁ This kind of representation was
the optimal one, as the day were inherently sta-
tionary. This allowed to retain process memory.
In this case, the set II was formed with FQI
choosing persistence values {5,10} and myyiy in
the set {k - 2500}4<x<9. On this dataset, KL
gave a more meaningful clustering of the poli-
cies, obtaining a silhouette score of ~ 0.313 ver-
sus the =~ 0.11 of TV. Therefore, it was chosen
as the distance measure with hierarchical clus-
tering, leaving 5 policies

For the clustering of the days, the action rep-
resentation proved to gave more meaningful re-
sults. By using the Gower distance and hierar-
chical clustering, a silhouette score of &~ 0.46 was
reached, which outperformed any other combi-
nation of distance measure and clustering al-
gorithm. In this case, extrinsic measures were
available: Gower turned out to be the best in
terms of ARI and V-Measure, confirming the
correctness of the approach. However, compared
to other clustering algorithms, Gower did not
identify 4 regimes but 3, although with a better
correspondence with the real clusters.
Specialised policies and general policy were
trained choosing values of persistence in the set
{2,5,10} and minimum child weight in the set
{k-2500};<k<15. Testing the policies against the
general policy created the test return matrix in
Figure 3.

Once again, it is possible to assess the effec-
tiveness of the method in identifying meaning-
ful regimes, though it is unknown whether these
regimes can fully refer to the generated regimes
or are related to properties of the Vasicek model.
Building the predictor turned out to provide bet-
ter results than EUR/USD dataset. The most
useful feature turned out to be the day open-
ing price. Using a Markov chain model, an ex-
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TEST

cluster’0 cluster'l

7.182

5.363

3.544

1.724

10.095

Figure 3: Test return matrix for synthetic
dataset.

tremely good result of ~ 74.5% accuracy was
reached with an order 3. Since the problem was
easier, for the XGBoost model simpler features
were used. Namely, a window of past labels
and a window of open, close, high, low and mid
price were used. XGBoost scored = 80.2% accu-
racy with CCE loss and 5.36 mean penalty with
guess-averse loss. The positive results convinced
to try out the last phase of the approach.

The Markov Chain and the XGBoost models
were used as the predictor on the test set, and
both the effective and expected return gain were
calculated over 312 days. The normalised ver-
sion of the return are reported in Table 1.

v AGe® (%) | AGH (%)
Markov (1) 28.6 83.7
Markov (2) 31.6 83.7
Markov (3) 23.3 77.1

XGBoost (CCE) 50.8 118.4
XGBoost (Guess) 110.0 122.8
Real (Inf) 183.87 | 183.87
Real 434.62 434.62
Random -14.74 -28.31

Table 1: Performance of Regime-Forecaster for
the synthetic dataset.

XGBoost classifier outperformed any other pre-
dictor, obtaining 110.0% expected profit with
respect to the general policy with guess-averse
loss. The classifier weren’t able to reach a score
near the one obtainable from perfect, real clus-
ter knowledge (the Real attribute in the table),
but it is quite close to the result obtained from
the availability of a perfect predictor of the next
inferred cluster (the Real (Inf) attribute in the
table). Nevertheless, the high scores mean that
the experiment was successful, proving that on a
simple task Regime-Forecaster is able to identify
and exploit market regimes.

7. Conclusions

Based on the results, it is clear that Regime-
Forecaster wasn’t able to recognise the dynamics
of regime switching in the EUR/USD dataset.
This kind of result may be the consequence
of various factors, related to the various steps
of the approach: clustering methods may have
failed to catch temporal patterns due to inex-
pressive policies or inadequate clustering algo-
rithms for the task; important information for
the regime clustering task were removed from
FQI pre-processing on the financial series, and
this process may have deprived them of their
memory; the features chosen for the XGBoost
predictor could be not informative enough.
However, the results on the synthetic dataset
clearly show that the methodology of Regime-
Forecaster has some relevance and effectiveness.
Although it was a simpler task, the fact that
it was possible to enhance the return with this
technique shows that clustering methods are
able to catch regimes within a financial time se-
ries, given the proper settings.

Therefore, there are various possibilities for fu-
ture researches. Different RL algorithms may
be tested, in order to assess if they are able to
provide more informative policies feature; dif-
ferent clustering methods may be tried, which
are able to take into account the temporal di-
mension when clustering is performed, thus en-
hancing predictability of the resulting clusters;
more sophisticated features or classifier may be
tested, able to exploit the sequential structure
of the regimes, as recurrent neural networks.

In any case, Regime-Forecaster firmly stands as
a milestone, being the first active NS approaches
to tackle regime identification via high-level rep-
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resentation, and may be used as a first step to-
wards research in this promising direction.
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