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Abstract— Reinforcement learning (RL) algorithms have
shown to be a useful method to carry out many marketing
applications such as the mailing problem [8], [1], [6]. However,
some problems related to high-dimensional data spaces make
RL algorithms difficult to implement without using function
regressors [9]. In this context, the use of clustering algorithms
becomes a great help in the task of aggregating states [7].
In this work, we will show how the combination of RL and
Self-Organizing Maps (SOM) enables to avoid the curse of
dimensionality and also provides a better explanation of results.
Our proposal has been tested with real data from a marketing
campaign, achieving results much better than those obtained by
the policy followed by the company so far.

I. I NTRODUCTION

The field in marketing science which studies the connections
between marketing actions and client’s response is called
targeted marketing. This kind of applications can be viewed
as a Markov chain problems, in which a company decides
what action to take once known customer properties in time
t, which is the current state of the customer. In [8] the
problem of mailing is analysed by studying how an action
in time t influences following times. In [1] and [6], several
reinforcement learning (RL) algorithms are benchmarked in
mailing problems. In [2], RL is used to optimise the cross
channel marketing.

Therefore, despite RL has already been used in targeted
marketing, only the mailing problem has been exhaustively
studied. In this work, RL is applied to design optimal policies
for bonus assignment in order to maximise company sales,
using all the information available to define the state of the
customer.

In addition, marketing problems tend to have a very complex
characterisation of the transactions involved in them. This
highly dimensional attribute make RL algorithms difficult to
implement because the use function regressors is needed,
and this may lead to convergence problems [3], [10]. This
drawback will be resolved by using a vectorial quantization
carried out by Self-Organizing Maps (SOM) algorithms.

The rest of the paper is outlined as follows. A description
of RL and SOM is shown in Section II and III, respectively.
Problem modelling by using a combination of RL and SOM
is presented in Section IV. Section V shows results achieved,
ending up the paper with some conclusions and proposals for
further work in Section VI.

II. REINFORCEMENTLEARNING

The two main components in an RL algorithm are the agent
and the environment, as shown in Fig. 1. The agent is the
learner that makes decisions according to the state of the
environment, while the environment is every external condition
which cannot be modified by the agent.

Fig. 1. Characterisation of the RL model.rt denotes the inmediate reward
while st is the state of the environment.

The task of the learning agent is to optimise a certain
objective function; this optimisation is carried out using only
information from the state of the environment, i.e. without any
external advisor. In particular, the task of the learning agent
can be accomplished by modelling the system as aMarkov
finite decisional process(MDP). The following terms should
be define as they will be used through the paper:
• State of the environment (st): Available information to

define the behaviour of the environment which the agent
is in.

• Action (at): Action taken by the agent.



• Policy (π(s, a)): Mapping from the state space to the
action space which assigns an actionat given some state
st.

• Immediate reward (rt): Signal returned by the environ-
ment to the agent depending on the taken action.

• Long-term reward (Rt): Sum of all the immediate
rewards through a complete decisional process. It is
the objective function which the agent is interested in
maximising by taking optimal actions. Its mathematical
expression is:

Rt =
∞∑

k=0

γkrt+k+1 (1)

where parameterγ is called thediscount rate, and it
ranges between 0 and 1. This factor stands for the
relative weight between present and future rewards. Small
values ofγ indicate that only next rewards are taken into
account, i.e., the agent maximisesrt. However, asγ is
getting close to 1, further future rewards become more
relevant, thus making the agent be further-sighted.

The goal is maximisingRt by means of an optimal be-
haviour policy. Hence, an estimation of the expectedRt as
the result of an actionat from a statest, is needed. This
estimation is called theaction-value function:

Q(s, a) = Eπ[Rt|st = s, at = a] (2)

where Q(s, a) is the expectedRt starting at states and
taking actiona and thereafter following policyπ(s, a). Q(s, a)
is a sort of register in which the expected cumulative rewards
for all state-action pairs are stored. Therefore, a first approxi-
mation to the optimal policy is given by [9]:

π(s) = arg max Q(s, a) (3)

Eq. (3) shows a deterministic policy, that is, given a fixed
state only one action can be taken. Another approach is that of
stochastical policiesπ(s, a) where more than one action can
be taken according to their probabilities, given byπ(s, a) [9].
This work is focused on deterministic policies.

The key issue on RL algorithms is computing the action-
value functionQ(s, a) for a given arbitrary policy in order
to obtain the optimal policy by Eq. (3). Many methods to
computeQ(s, a) are proposed in the bibliography, but the
most widely used ones areTemporal Difference methods (TD)
[9]. This kind of techniques does not require a model of the
environment like Dynamic Programming, because the updates
of the values inQt+1(s, a) are made up by information from
the interaction with the environment (rt andst+1) and previous
estimationsQt(s, a):

Qt+1(s, a) ⇐ Qt + α[rt + Qt(s′, a′)−Qt(s, a)] (4)

beingα the step-size of the update, ands′ anda′ state and
action in timet + 1, respectively.

Sarsa and Q-learning are the most known TD methods.
Sarsa is an on-line algorithm which modifies the starting
policy towards the optimal one, being its update rule given
by (4). Q-learning computes the optimal policy while the
agent is interacting with the environment by another arbitrary
policy. Since Q-learning is easy to implement and enables
early convergence, this algorithm is the one used in this work.
Its update rule is:

Qt+1(s, a) ⇐ Qt + α[rt + max(Qt(s′, a′))−Qt(s, a)] (5)

III. SELF-ORGANIZING MAPS

Neural models based on SOM represent the input space
into a lower dimensional space, usually one-dimensional or
two-dimensional [5]. The main advantage of these models
stems from the fact that this dimensionality reduction does
not involve any change in the topological relation of input
data.

The operation of SOM can be summarized in two steps:
1) For a given input vectorx = [x1, x2, ..., xn], the Eu-

clidean distance between this vector and all the set of
weightsw = [w1, w2, ..., wn] is computed as stated in
Eq. 6. The weightwi which is closer to the input pattern
is the so-calledbest matching unit, (BMU).

d(x,wi) = ‖x−wi‖ (6)

2) The weight vector valueswi are updated so that the
match of the new set of weights in the active area
(defined in the neighbourhood of the BMU) and the
input patternsx, is improved, Eq. 7.

wi = wi + αN(i, BMU)(x−wi) (7)

whereN0 stands for the center of the area,N(i, BMU)
stands for the active area inside which weight vectors are
modified. Several neighbourhood functions have been
proposed in previous works, [4], but the one used in this
work is the Gaussian neighbourhood function, defined as
follows:

N(i, BMU) = N0 exp
−‖ri − rBMU‖2

σ2
(8)

where ‖ri − rBMU‖ is the distance between an input
pattern and its BMU, andσ is the standard deviation.

Thus, the weights of the network form a new data space
where close weights have similar properties according to the
original distribution of data. This can be viewed as a vector
quantisation, where the number of features required to identify
an input pattern, is reduced by choosing some representative
models which are tuned by the SOM.

This ability of SOM algorithms to cluster data preserving
topological relations by unsupervised learning permits to re-
duce the dimensionality of the input space without any prior
information about that space. For this reason, SOM has been
used to quantise input spaces in RL frameworks [7].

In this work, the whole transaction set is used as input pat-
terns to train an SOM network. This way, similar behaviours



of customers are located in close areas in the map, turning out
to be in the same BMU or in a neighbouring one.

IV. PROBLEM MODELLING

A. Data collection and setup

Data were collected from a company which is interested in
designing a campaign focused on encouraging their clients
to buy more articles. Although a confidentiality agreement
prevents a number of details of the campaign to be released,
the main characteristics of the campaign can be made known:

1) The company assigns some virtual credits to clients
according to the articles bought by them. When clients
have enough credits they can exchange credits by gifts.

2) Clients can get virtual credits by buying specific articles
which are indicated as “encouraged”. The company
selects these promoted articles monthly (according to
internal criteria).

3) Since the assignment of this bonus involves a cost for
the company, immediate profits decrease as a direct
consequence of the campaign.

The credit assignment takes place at the end of every month.
The amount of bonus is computed taking into account how
many “encouraged” articles were bought by the client during
last month. The final reward for each client is obtained as
follows:

LTVt =
∑

i

Pi · Ci −KcVC (9)

where Ci is the purchased amount of articles typei, Pi

means the price of articles typei, VC stands for the amount
of virtual credits assigned andKc is a coefficient which reports
about the cost involved by credits to the company. In this work,
we use theLife Time Value (LTV)as a representation of the
total profits expected for each client in a month1. The aim of
this work is to increase LTV for each client by using RL as
the strategy to achieve an optimal policy.

B. Action and state spaces

As it was stated in Section II the first task to tackle in an RL
algorithm is the design of state and action spaces. This task
requires an exhaustive study about characterisation of clients
and actions.

The company which is developing the marketing campaign
has a lot of stored information about its business transactions.
There are many features which define the behaviour of a cer-
tain client. In particular, collected data register the following
features:

1) Shop which carries out the sale.
2) Region which the client belongs to.
3) Amount of articles bought by the client.
4) Whether or not the articles are encouraged.
5) Price of the article.
6) Date.

1In marketing literature LTV stands for the expected profits in long-term.

S = S(Ne-PA, E-PA, Ne-P,E-P)

BMU=9

Q(s,a)

8.2 9.21.37.1 11 6.1 4.3

Fig. 2. Procedure of state computation andQ(s, a) updates by means of
SOM.

7) Type of article sold.

First of all a classical data mining study is carried out.
By means of frecuency analysis and cross-correlations com-
putations it is concluded that the geographical and temporal
information are not relevant. Thereby these two features are
not considered in following discussions.

However, a high number of features is still present in the
data set. If state vectors are produced taking into account all
this information, the dimensionality of the problem becomes
considerably large, and then the use of function approximation
is required [9]. However, it is also possible to use tabular RL
algorithms by means of reducing the number of features used.

In this work, as it was stated in Section III, the modelling
of state space is made by SOM, which allows to take into
account all features present in the input data without tackling
a high dimensional problem. An SOM is trained with all the
input patterns from the data collection. After that, the BMU
for a particular input vector can be computed. This BMU is
the state of the client. This approach locates similar customers
in the same state, i.e., an aggregation of states is held.

Thus, we arrange variables for each customer in each
temporal step in four features:

1) Non-encouraged amount of purchases: NE-Pa.
2) Encouraged amount of purchases: E-Pa.
3) Non-encouraged averaged prices: NE-P.
4) Encouraged averaged prices: E-P.

This four artificially produced features are the ones which form
the input data set. However, the values that take these variables
are in a wide range which makes a quantisation process useful
for avoiding an extra computational cost. This task is carried
out using a discretisation based on percentiles to ensure a
uniform population of each space.

The process explained above can be viewed in Fig. 3. Given
an input vectorst = st(Ne− PA,E − PA, Ne− P, E − P )
its BMU is computed. This value is used as an entry for the
Q-table.

The main advantage of our approach is that there is no
need to use function regressors avoiding the danger of non-
convergent policies [3], [10]. The use of SOM as a discrete



Model
1) State.st = BMUi, for a customer transaction.
2) Action. at = at(VC) whereVC stands for the virtual credits assigned.
3) Immediate reward.rt = LTV (for a month)

Training of the algorithm

1) Training an SOM.
2) The state of a customer is computed by looking for his/her BMU at timet.
3) Action carried out by the company.
4) Once reward is observed, the following state is obtained.
5) Computation ofQ(s, a).
6) Estimation of the optimal policyπ∗(s).

Fig. 3. Procedure of problem modelling and RL algorithm.

state representation is very helpful in the implementation of the
RL algorithm and later, in the interpretation of the solutions
achieved.

The action to take is the assignment of a certain amount of
virtual credits to clients depending on their purchases. Since
there is a wide range of credits, a quantisation is required
to avoid the curse of dimensionality again. But now, this
quantisation process is carried out taking into account the gift
value for a certain amount of credits. The company establishes
10 categories of gifts according to their price so that the action
space is divided into 10 categories.

The whole process explained in this section is summarized
in Fig. 2.

V. RESULTS

The company splits customers into two main groups: VIP2

or non-VIP; VIP customers bought almost all articles of the
company whereas non-VIP customers only bought a small
set of articles. Transactions involving each kind of customers
have very different features, whereby the algorithm is used
separately in the two data sets.

The results achieved are analysed from three points of view.
First, the use of SOM for aggregating states is studied. Second,
an exhaustive study of optimal policies and comparisons with
real policies are carried out. Finally, profits involved by the
use of optimal policies are calculated.

A. Aggregating states by SOM

The use of SOM in this problem is dedicated to the task
of aggregating states. Thus, a great dimension reduction is
reached. Given the four features used, a four-dimension space
is made, and supposing only ten levels in each dimension the
number of states would be104, which is much bigger than that
recommended for tabular methods in RL [9]. However, the
quatisation process achieved by SOM has reduced the number
of states to152 for non-VIP customers and to253 for VIP
ones.

2A customer is considered to be VIP when it belongs to a private group,
which is supported by the company itself. VIP customers have a number of
advantages and privileges in their interaction with the company.

Furthermore, from Fig. 4 and Fig. 5 it can be derived the
defining features of each state, i.e., the amount of purchased
products and their average prices. In both figures dark colours
mean high amount of purchases and high prices whereas light
areas mean the opposite. This is very useful for the further
study of the policies.
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Fig. 4. Results achieved when training an SOM with non VIP customers.

B. Optimal policies

The data set used in this work was obtained from real
transactions carried out by the company. This involves a
handicap because the data set is biased by the real policy which
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Fig. 5. Results achieved when training an SOM with VIP customers.

is very deterministic. However, some exploratory actions can
be extracted from the data in order to obtain a better policy.

Results obtained in this section show the real policy fol-
lowed by the company and the modifications suggested by
the Q-learning algorithm. These results are presented in a
hexagonal topology map to be able to infer relationships
between the improvements in policies and the features of the
states. The performance of the algorithm is shown for both
VIP and non-VIP customers.

Fig. 6 (a) and Fig. 7 (a) show the policy followed by
the company; the darker the colour, the lower the credit
assignment. Fig. 6 (b) and Fig. 7 (b) show the difference
in credit assignment between the optimal policy and the one
followed by the company; in particular, dark colours mean that
the optimal policy give less credits than the real one, whereas
light colours stand for a larger credit assignment by the optimal
policy than the real one.

A brief study of the real policies confirms that the guidelines
of the campaign stated at the beginning of Section IV are
right. VIP customers are rewarded with more credits since
they buy more articles than non-VIP customers (see the values
in the colorbars in Fig. 4 and Fig. 5). Nevertheless, it is
more interesting to study the differences between both policies,
thus finding a relationship between these differences and the
features of each state.
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Fig. 6. Policy followed by the company for non VIP customers (a) and
modifications suggested by the optimal policy (b). It can be viewed in (a)
that a poorer credit assignment is achieved in almost all states.
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Fig. 7. Policy followed by the company for VIP customers (a) and
modifications suggested by the optimal policy (b). Here, the policy followed
by the company gives more credits than in the case of Fig. 6

Some conclusions could be extracted from Figs. 6 and 7:

1) Non-VIP Clients: Two dark areas can be distinguished
in Fig. 6 (b). These zones are located in the upper left
corner and lower left corner of the map. The former is
related to sporadic customers that buy few articles and
just the cheaper ones. While the real policy gives them
a small amount of credits, the optimal policy advices
the company to give them no credit because it will not
produce any effect to the customer. The lower-left corner
stands for customers that purchase many products with
many different prices. Now the optimal policy advices
to give less credits because these customers are already
loyal and there is no need to give great rewards to
them. On the right side of the map, it is observed a
zone with light colours, i.e., more credit assignment is
suggested. This area is related with the SOM feature of
the encouraged price (E-P) feature and belongs to states



with high averaged prices. The optimal policy suggests
to assign more credits to customers in these states.

2) VIP Clients: In this case, optimal policy and company
policy are more similar than for non-VIP clients. This
happens because the company policy has a strongly
deterministic behaviour with these costumers which in-
volves only a few explorative actions. The differences
between both policies are very smooth in the whole map
with the exception of the upper-right corner, where a
small dark area is shown. The reason of these slight
difference stems from the E-P feature, that has very low
values in that zone, thus making the optimal policy give
no credit to customers in those states.

To sum up, it seems that an optimal policy has to take into
account not only the amount of purchases but also the prices of
the purchases carried out by the customers. This last property
is not taken into consideration by the company policy, as can
be verified by comparison of Figs. 4 and 5 with Figs. 6 and
7.

C. Profits increase

Finally, it must be checked that the suggested modifications
in the policy lead to an improvement in profits for the
company. This can be made by comparing theQ(s, a) function
computed for both real and optimal policies (Fig. 8).

Results achieved show how the increase in profits is more
relevant for non-VIP customers. This is related with the
improvements suggested by the optimal policies. For non-
VIP customers more changes were carried out in the policy,
which implied a greater improvement in the Q function. On
the contrary, both policies were similar for VIP customers,
which makes the Q values very similar, as well.

The histograms in Fig. 9 show how the most usual improve-
ment in profits is about 30 % for non-VIP customers and about
20 % for VIP ones. Once again, it is shown how improvement
in profits gets higher values for non-VIP customers than for
VIP ones. Moreover, some states reach even to double its
profits. The table I shows a segmentation of all the customers
of the company depending on the profit improvements.

VI. CONCLUSIONS AND FURTHER WORK

A new model that combines SOM with RL has been devel-
oped to improve a marketing campaign. The use of SOM has
allowed to avoid the drawback of dimensionality and moreover
has shown to be very useful in order to explain the results
achieved. This way, several improvements to the company
policy have been suggested in order to increase overall profits.
The differences between the company policy and the optimal
one have been related to the specific features of the modified
states given by SOM. As a result of this approach, policies
which consider more features were developed.

These changes in the policies would lead to an increase in
profits, because they get customers to purchase more articles,
which is the main goal of the company. However, it has not
been possible to carry out a validation of the model by the
company, which is needed as a final test.
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Fig. 8. Q values for real policies, (a) for VIP customers and (c) for non-VIP
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Fig. 9. Histograms showing relative profit increase in non-VIP customers
(a) and VIP customers(b).

Further work will be dedicated to validate this model and
use new features in the training of SOM. This task will require
new marketing concepts which will allow the algorithm to
learn more about the behaviour of several kinds of customers.

In addition, other RL algorithms can be used to solve
problems like the one shown in this work. This way, it would
be useful to test the performance of RL with classical function
approximation for aggregating states [9], or other algorithms
based on explorations in the policy space [10], [3].



TABLE I

DISTRIBUTION OF PROFIT IMPROVEMENT.

CLIENT <20% 20-40 % 40-60 % 60-80 % 80-100 % >100 %
NON-VIP 10.88 % 19.6 % 15.68 % 21.56 % 14.7 % 13.01 %
VIP 34.54 % 44.53 % 11.32 % 5 % 4.09 % 0.45 %
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