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In this work, RL is used to find an optimal policy for a marketing campaign. Data show a complex char-
acterization of state and action spaces. Two approaches are proposed to circumvent this problem. The
first approach is based on the self-organizing map (SOM), which is used to aggregate states. The second
approach uses a multilayer perceptron (MLP) to carry out a regression of the action-value function. The
results indicate that both approaches can improve a targeted marketing campaign. Moreover, the SOM
approach allows an intuitive interpretation of the results, and the MLP approach yields robust results

with generalization capabilities.
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1. Introduction

The latest marketing trends are more concerned about main-
taining current customers and optimizing their behaviour than
getting new ones. For this reason, relational marketing focuses
on what a company must do to achieve this objective (Reichheld,
2001). The relationships between a company and its costumers fol-
low a sequence of action-response cycles, where the customers can
modify their behaviour in accordance with the marketing actions
developed by the company.

One way to increase the loyalty of customers is by offering them
the opportunity to obtain some gifts as the result of their purchases
from the company. The company can give virtual credits to anyone
who buys certain articles, typically those that the company is
interested in promoting. After a certain number of purchases, the
customers can exchange their virtual credits for the gifts offered
by the company.

The problem is to establish the appropriate number of virtual
credits for each promoted item. In accordance with the company
policy, it is expected that the higher the credit assignment, the
higher the amount of purchases. However, the company’s profits
are lower since the marketing campaign adds an extra cost to the
company. The goal is to achieve an optimal trade-off by establish-
ing a policy. The development of such a policy is not easy because
there are many variables to take into account.
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Applications of this kind can be viewed as a Markov decision
problem, in which a company decides what action to take once
the customer properties in the current state (time t), are known.
We propose the use of reinforcement learning (RL) to solve this
task since previous applications have demonstrated its suitability
in this area. In Sun (2003), RL has been applied to analyses of mail-
ing by studying how an action in time t influences actions in
following times. In Abe et al. (2002) and Pednault et al. (2002),
several RL algorithms have been benchmarked in mailing prob-
lems. In Abe, Verma, Schroko, and Apte (2004), RL has been used
to optimize cross channel marketing.

The main difference between the mailing problem and the cred-
it assignment problem is that the action space becomes multi-val-
ued instead of binary. In the mailing problem only two actions can
be considered: to send a catalogue or not to send a catalogue. In a
credit assignment application, the optimal policy should recom-
mend how many credits should be assigned to each transaction.
This is the main novelty of this work, since there has been no other
attempt, to authors’ knowledge, to tackle a problem of this kind
using RL. However, it seems to be a suitable application of RL, as
this is a problem with clearly identifiable states and actions, and
there is also an obvious reward function to be maximized.

Marketing problems tend to have a very complex characteriza-
tion of the transactions that are involved. This high-dimensionality
requires the implementation of RL algorithms by means of state
aggregators or function regressors, which under certain conditions
may lead to convergence problems (Baird & Moore, 1999; Sutton &
Barto, 1998; Sutton, McAllester, Singh, & Mansour, 2000). In this
work, we propose two different approaches:
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(1) The state space is clustered using a vectorial quantization
carried out by algorithms based on the self-organizing map
(SOM); this approach enables us to work with RL tabular
methods (Smith, 2002).

(2) A Multilayer perceptron (MLP) is used to predict the
response of customers when different actions are carried
out by the company. This prediction is then used to obtain
an optimal policy.

The remainder of the paper is outlined as follows. RL, SOM and
the MLP are described in Sections 2-4, respectively. Problem mod-
elling is presented in Section 5. Section 6 shows the results
achieved. Section 7 discusses the relevance, implications, and lim-
itations of this work, ending up the paper with some conclusions
and proposals for further work in Section 8.

2. Reinforcement learning

RL algorithms are based on the interaction between an agent
and its environment as shown in Fig. 1. The agent is the learner
which interacts with the environment, making decisions according
to observations made from it. The environment is every external
condition that cannot be modified by the agent (Sutton & Barto,
1998).

The task of the learning agent is to optimize a certain objective
function; this optimization is carried out using only information
from the state of the environment, i.e. without any external advi-
sor. Specifically, the task of the learning agent can be accomplished
by modelling the system as a Markov decision process (MDP). Due to
their wide use throughout the paper and in order to facilitate com-
prehension, the following terms are defined as follows:

« State of the environment (s;): Available information to define

the environment at time t.

Action (a;): Action taken by the agent at time t.

Policy (7(s,a)): Probability distribution over the actions in the

state s.

o Immediate reward (r,,,): Value returned by the environment to
the agent depending on the action at time t + 1.

e Long-term reward (R;): Sum of all the immediate rewards
throughout a complete decision process. It is the objective func-
tion that the agent is interested in maximizing by taking the
right actions (Sutton & Barto, 1998). Its mathematical expres-
sion is:

R = Z "/krt+k+17 (1)
k=0

where 7 is called the discount-rate parameter, which ranges be-
tween 0 and 1. This factor determines the present value of future
rewards: a reward received k time steps in the future is worth
only y*-! times what it would be worth if it were received imme-

st (before action a)

-

AGENT

lt+1
at

ENVIRONMENT

sw+1 (after action at)

Fig. 1. Characterization of the reinforcement learning model. a; is the action taken
by the agent at time ¢, s; is the state of the environment at time ¢, and r¢,; denotes
the reward at time ¢ + 1.

diately. Small values of y indicate that only next rewards are ta-
ken into account, i.e., the agent maximizes r.,; (myopic agent).
However, as y approaches 1, further future rewards become more
and more relevant, thus making the agent be more farsighted.

The goal is to maximize R; by means of an optimal policy, which
tells the agent the best action to take for an optimal performance.
Therefore, an estimation of the expected R; as the result of an ac-
tion a, from a state s, is required. This estimation is usually called
action-value function:

Q" (s,a) = Ex[R|s; = s, a, = a], (2)

where Q" (s, a) is the expected R; starting at state s and taking action
a, following policy 7 (s, a). Therefore, the optimal policy is given by
the following expression (Sutton & Barto, 1998):

T (s,a) = arg max Q" (s,a), (3)

where A stands for the set of possible actions. Optimal policies thus
share the same optimal action-value function denoted Q' (s, a):

Q'(s,@) = maxQ*(s,a). )

Eq. (4) shows a deterministic policy; that is, given a fixed state
only one action can be taken. Another approach is to have stochas-
tical policies where actions are taken according to their probabili-
ties, which are given by 7(s,a) (Sutton & Barto, 1998). In any case,
the optimal policy is always deterministic in single-agent MDPs,
and in particular, it is also stationary in infinite horizon problems.
Therefore, this work is focused on deterministic policies.

RL algorithms are devoted to the computation of the action-va-
lue function Q" (s, a) for a given arbitrary policy in order to obtain
the optimal policy using (4). Numerous methods for carrying out
this task are proposed in the bibliography, but they can be grouped
into three main methodologies (Sutton & Barto, 1998):

e Dynamic programming (DP): When a complete model of the
environment is available, it is possible to obtain the value func-
tions by means of the Bellman equation (see (Bertsekas, 2001)
for a detailed description).

e MonteCarlo (MC) methods: These methods do not require any
kind of environment modelling since they only require experi-
ence (sample sequences of states, actions and rewards from
on-line or simulated action with an environment). When MC
methods are used, R, is computed when an episode finishes
(off-line algorithms); then, Q(s, a) is updated. For every episode:

Q(s.a) — Average(Ri(s, a)). (5)

« Temporal difference methods (TD): Techniques of this kind do
not require a model of the environment like DP because the val-
ues of Q,;(s,a) are updated using information from the envi-
ronment (1.4 and s;,1) as well as estimations of Q,(s, a).

Sarsa and Q-learning are the best known TD methods. Sarsa is an
on-line algorithm that modifies the starting policy towards the
optimal one. Q-learning computes the optimal policy while the
agent is interacting with the environment by means of another
arbitrary policy as shown in (6). Since Q-learning is easy to imple-
ment and enables early convergence, this algorithm is used in this
work:

Qi1 (St,ar) = Qq(Se, ar) +Olfresr + T&X(Qt(sm ;@) — Qe (Se, ar)],
(6)

where o is the step-size of the update. Q, stands for the action-value
function for a particular state before being visited at time t. Q.. is
the updated value of that state once it has been visited.
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Methods that explicitly save the values obtained from the inter-
action are called tabular methods. In this case, Q(s, a) becomes a ta-
ble with the state and the action as entries. This table is filled in
with the observations from the real interaction between the agent
and the environment. As the number of states and/or actions in-
creases, it becomes more and more difficult to accurately fill in
the Q-table due to the curse of dimensionality (Sutton & Barto,
1998). In addition, generalization capabilities are required to han-
dle new data. This problem is usually solved by using function
approximation techniques to predict Q(s,a) (Bertsekas & Tsitsiklis,
1996; Bertsekas, Borkar, & Nedi, 2003). In particular, artificial neu-
ral networks (ANNs) are the methods that are most commonly
used to solve RL problems that involve large state spaces. The prob-
lem arises from the lack of data from those states that have never
been experienced before, since the optimal policy requires data
corresponding to different actions for every state. The desired sig-
nal for training, R;, can be computed by any of the three methods
mentioned above. However, the use of MC methods is recom-
mended for convergence reasons. TD methods not for replacing eli-
gibility traces provide a biased estimation because the targets are
computed based on a previous estimation, whereas Monte Carlo
methods are unbiased since they work with the real value of R;.
The use of tabular methods is also possible by mapping many sim-
ilar states into only a few. This task can be carried out by algo-
rithms based on the SOM, as shown in Section 3.

3. Self-organizing map

Neural models based on the SOM map an n-dimensional input
space into a lower-dimensional space, which is usually one-dimen-
sional or two-dimensional (Kohonen, 2001). Each neuron has a
vector of weights w = [wy,ws,...,w,], where w; represents the
ith variable in the neuron; each input pattern is related to some
neuron in the output map. Thus, similar input patterns (in the n-
dimensional space) are mapped into the same neuron in the low-
er-dimensionality space. The main advantage of these models
stems from the fact that this dimensionality reduction preserves
the topological relationships among data. The operation of SOM
can be summarized in two steps:

(1) For a given input vector X = [X1,X2,...,Xn], the distances
between this vector and all neurons are computed. The clos-
est neuron to the input pattern is the so-called best matching
unit, (BMU).

(2) The weight vector values w; are then updated so that the
match of the new set of weights in the active area or neigh-
bourhood around BMU and the input pattern x is improved:

w; = w; + aN(i, BMU) (x — w;), (7)

where « is the learning rate and N(i,BMU) represents the ac-
tive area inside which weight vectors are updated. Several
neighbourhood functions are proposed (Kohonen, 2001).
We use the Gaussian neighbourhood function:

—|Iri = remul®

N(i,BMU) = No exp——— ==, 8)

where rpyy represents the centre of the active area;
lri — remu|| is the distance between the ith input pattern
and its BMU, ¢ is the standard deviation of the neighbour-
hood region, and No may be regarded as the height of the
neighbourhood kernel. Note that not only are the weights
of the BMU updated, but also the weights of the units in
the neighbourhood.

Thus, the weights of the network form a new data space where
close neurons have similar properties according to the original dis-

tribution of data. This can be viewed as a vector quantization,
where the number of features required to identify an input pattern
is reduced by choosing some representative models which are
tuned by the SOM. For this reason, SOM has been used to quantize
input spaces in RL frameworks (Smith, 2002). In this work, the
transaction data set is used as the input patterns to train a SOM
network. This way, the dimensionality of the state space is re-
duced, and similar customer behaviours are located in areas of
the map that are close to each other.

4. Multilayer perceptron

An MLP is built by combining neurons that are arranged in dif-
ferent layers: an input layer, an output layer, and one or more hid-
den layers. The input layer receives the samples of the data set,
whereas the output layer computes the output of the network.
Hidden layers allow the network to carry out non-linear mappings
(Haykin, 1999).

An artificial neuron implements a non-linear transformation of
its inputs:

yw(mwixf+b>, 9)
i=1

1

where m is the number of inputs to the neuron, w; is the ith synaptic
weight, b is the so-called bias, and ¢ is a non-linear function, the so-
called activation function. This activation function is usually the sig-
moid function. Practical implementation usually considers bias b as
a synaptic weight that is connected to an additional input whose
value is one. The structure is completely defined by taking x; to
be the external inputs, and y to be the output of the neuron.

As we are dealing with a modelling problem whose output
shows a continuous range, non-linearity in the output neurons is
not necessary. Therefore, the function ¢ is removed in the output
neurons, and only the linear combination of the inputs defines
the processing of these neurons.

Among the different algorithms that can be used to train the
network, to find optimal values for the synaptic weights, we used
the widely used Levenberg-Marquardt algorithm (Bishop, 1995)
in this work.

5. Problem modelling
5.1. Data collection and setup

The data were collected from a company' that was interested in
designing a campaign to encourage their clients to buy more of their
products. Table 1 shows the details of the data used in the study.
This marketing campaign was based on assigning virtual credits to
customers. The information used for this study corresponds to the
first five months of the campaign.

Although a confidentiality agreement prevents a number of de-
tails of the campaign from being released, the main characteristics
of the campaign can be made public:

(1) The company assigned virtual credits to customers accord-
ing to the items they bought. When customers had enough
credits, they could exchange their credits for gifts.

(2) Customers could obtain virtual credits by buying specific
items which were indicated as “encouraged”. The company
selected these promoted items monthly according to inter-
nal criteria.

! The name of the company cannot be made public due to a confidentiality
agreeement.

Please cite this article in press as: Gomez-Pérez, G, et al. Assigning discounts in a marketing campaign by using reinforcement learning ...
Expert Systems with Applications (2008), doi:10.1016/j.eswa.2008.10.064




4 G. Gomez-Pérez et al./Expert Systems with Applications xxx (2008) xxx-xxx

Table 1

Marketing campaign: main characteristics of the data used in the study.

Number of transactions 1,264,862
Number of different articles involved in the transactions 1004
Number of customers 3573
Number of (monthly) episodes 5

(3) Since the assignment of these virtual credits involved a cost
to the company, immediate profits decreased as a direct con-
sequence of the campaign.

The credit assignment took place at the end of every month and
was computed by taking into account how many “encouraged”
articles were bought by customers during that month. The so-
called life-time value (LTV) at time t (reward) for a certain cus-
tomer was obtained as follows:

LTV(t) = 3" Pi(t) - Ai(t) — KeVe(t), (10)

where A; is the amount of type i articles purchased by the customer,
P; is the price of type i articles, V¢ is the number of virtual credits
assigned to the customer, and K¢ is a coefficient that reports the
costs incurred by the company for the credits. The aim of this work
is to increase LTV for every customer by using RL as the strategy to
achieve an optimal policy.

Since it was not possible to carry out the improvement of the
policy on-line, a batch method was used. Episodes were repeatedly
shown to the RL algorithm until the policy convergence.

5.2. Action and state spaces

The first task to tackle in an RL algorithm is the design of state
and action spaces. This requires an exhaustive analysis of both the
clients and their actions. Since an MDP approach was used, the
state and action vectors had to contain all the information required
to model the past evolution of the system.

The vast amount of information stored by the company showed
that there were many features that defined the customer behav-
iour. Specifically, the following features were included in the
study:

(1) The identification of the shop that sold the products.

(2) The geographical area where the client made the purchase.

(3) The date of the purchase.

(4) The number of items purchased by the client.

(5) Family?.

(6) The item identification number.

(7) Whether the items were regular items or “encouraged”
items.

(8) The price of the item purchased.

An initial classical data mining study was carried out to analyse
the data. The following tasks were carried out: frequency analysis,
distribution of values for the different variables, correlation analy-
sis, cross-tables to analyse possible relationships among variables,
periodical analysis, discretization of continuous variables based on
percentile analysis, and clustering analysis (using K-means and the
adaptive resonance theory). These analyses were used for data fil-
tering, thus removing outliers and irrelevant data. In particular, it
should be pointed out that this study showed that neither geo-
graphical nor temporal information were relevant; therefore, this
information was removed from further analyses.

2 Articles were grouped into families. A family was a label which gathered similar
products.

Moreover, marketing studies consider that an optimal set of fea-
tures to profile the future behaviour of a customer is given by the
so-called RFM variables (Pfeifer & Carraway, 2000):

e Recency (R): The most recent date that the customer made a
transaction (usually a purchase, but it can also be a refund
request, for instance).

e Frequency (F): The number of times the customer made a
purchase.

e Monetary (M): The monetary amount of products purchased by
the customer.

It has been confirmed experimentally that the most valuable
customers have high frequency and monetary values, and low re-
cency values (Pfeifer & Carraway, 2000). Although this set of fea-
tures is the most suitable one to define the state space, in the
case of RL algorithms, it is not advisable to use the same informa-
tion in the definition of the state space and in the computation of
the long-term reward (Sutton & Barto, 1998). Therefore, the mon-
etary feature was split into two different variables:

o Amount (A): The number of items purchased in an episode by
each customer.

o Average price (A-P): The average price of all the purchases in an
episode.

These two features provide the same customer information as
the monetary feature, but it is avoided the use of the same data
in the state vector and the reward computation. In addition, an-
other feature was considered in the state space. Since customers
obtained virtual credits by purchasing some items marked as
“encouraged”, it made sense to add a feature that showed how
many “encouraged” items were bought by the customers (variable
Encouraged (E)).

The action to be taken was the assignment of a certain number
of virtual credits to customers depending on their purchases. Since
there was a wide range of credits, their quantization was required
to have a manageable number of possible actions. This quantiza-
tion procedure was carried out taking into account the different
gift values for a certain number of credits. The company estab-
lished 10 categories of gifts according to their price, so the action
space was also divided into 10 categories.

Based on the data set and the action and state spaces described
above, the use of two algorithms is proposed. First, a SOM was used
to carry out a state aggregation in order to avoid the problem of
high dimensionality. Second, an MLP was used to predict the val-
ues of Q”(s,a) that were not present in the data, thus allowing us
to compute a good policy.

5.3. The SOM approach

In this work, a SOM was used to model the state space. This
way, all the features present in the input data could be taken into
account without having to deal with a high-dimensional problem.
A SOM was trained with all the input patterns from the data collec-
tion, and then, the BMU for a particular input vector was com-
puted. This BMU represented the state of the customer. This
approach located similar customers in the same state; i.e., an
aggregation of states was obtained as shown in Fig. 2 (left-side). Gi-
ven an input vector s; = [R,F,A,A — P,E], its BMU was computed.
This value was used as an entry for the Q-table. Therefore, the in-
put patterns actually contained information about the marketing-
oriented features.

An additional advantage of this proposal is that the interpreta-
tion of results was quite straightforward due to the intuitive maps
provided by the SOM. Moreover, there was no need to use function
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S =S(R, F, A, A-P, E)

Q(s,a)

.3(9.2(6.1(4.3

RL Model
1) State. st = BMU,, for the i-th customer transaction.
2) Action. ar = at(V) where Vo stands for the virtual
credits assigned.
3) Immediate reward. v = LTV,
Algorithm procedure
1) Training a SOM.
2) The state of customers is computed through their BMU at fime t.
3) Action carried out by the company.

4) Once reward is ob.

of QT (s, a).

d, the following state is ob d.

5) Com

6) Estimation of the optimal pelicy 7™ ().

Fig. 2. Left: procedure of state aggregation using the self-organizing map (SOM). The Q-table is filled in with the values of the best matching units (BMUs). Right: estimation
of the optimal policy by using a SOM approach for state aggregation, followed by reinforcement learning (RL) tabular methods to obtain the optimal policy.

RL Model

(1) State. s; = (R,F,A,A — P, E), for a customer
transaction.

(2) Action. a; = (Ac, R, F', A, A— P, E") where Ac
is the action taken, and (R’, F’, A’, A-P’, E’) is
the response vector to that action.

(3) Target of the training: Ry (MC target)

Training of the algorithm
(1) Training the MLP.

(2) For every state, all features related to every action are
extracted.

(3) Q(s,a) value is predicted using the extracted informa-
tion.

(4) Estimation of the optimal policy 7*(s) by means of the
predicted values.

Fig. 3. Procedure of estimation of the optimal policy by using an MLP approach for
Q" (s,a) prediction, followed by an RL estimation of the optimal policy using the
predicted values.

Table 2
Characteristics of the best MLP model obtained in the regression of Q(s,a).

Input space 11 features

Training algorithm Levenberg-Marquardt
Hidden layers 2

Neurons in each hidden layer 8

Activation function Hyperbolic tangent (only in hidden layers)

regressors, thereby avoiding the danger of non-convergent policies
(Baird & Moore, 1999). The entire process is summarized in Fig. 2
(right-side).

5.4. The MLP approach

ANNs were used in this study to predict the values of Q(s,a).
Specifically, the MLP was the neural network used. The input space
was made up of the set of transaction features, and the output
space consisted of the long-term rewards. Moreover, in the predic-

tion problem, it was necessary to include not only the state fea-
tures, but also the features of the actions taken by the company.
It was then feasible to predict the Q-values when taking different
actions in the same state. Therefore, new features were included
in the MLP model: the action, i.e., the number of credits given if
certain products were purchased, and the response of customers
to actions.

The MLP was trained using the data provided by the company.
The targets of the training were computed using MC methods be-
cause they ensured convergence of the regression algorithm.
Fig. 3 shows the procedure carried out. The main characteristics
of the best MLP regressor are shown in Table 2.

6. Results

Since the algorithms used in this work were off-policy, the data
had to be arranged in episodes. Each episode was made up of the
transactions of each customer in each one of the temporal steps
that appeared in the data set (five episodes).

6.1. SOM results

Fig. 4 shows the maps yielded by SOM in terms of the character-
istics being considered. These maps led to the following
conclusions:

e There was a high correlation among the variables amount,
encouraged, frequency, and action. All these maps were very
similar; i.e., both high and low values appeared in the same
states for each variable. Therefore, customers who had high val-
ues for the amount and frequency features were those who
received more virtual credits in accordance with their pur-
chases. In addition, these customers were interested in the
“encouraged” items.

e Customers who had not recently purchased any product (i.e.
those with high values of recency) were not profitable for the
company because they bought the cheapest articles and in small
quantities.

e Products with high prices showed low values of frequency and
amount. This might be due to the fact that these articles were
long-duration products with a very specific use; hence, custom-
ers needed to buy only one product over a long time period.

The policy followed by the company and the comparison
between the company policy and that proposed by the SOM-RL
approach are shown in Fig. 5, in which a SOM visualization is used
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Amount Price Encouraged

Frequency Recency Action

Fig. 4. SOMs achieved with the data set provided by the company. The six maps stand for the six features used in the modelling. The darker the colour, the higher the value of
the feature.

Fig. 5. SOM visualizations to show the policy followed by the company (a) and improvements suggested by the SOM-RL algorithm (b). In the company policy map, (a), the
gray-shaded bar shows the number of credits given to customers; therefore, the darkest area depicts a high number of credits given to customers; the medium gray area
shows intermediate numbers, and the white area indicates that no credits were given to customers. In the comparison map, (b), the gray-shaded bar shows the difference
between the number of credits given by the SOM-RL policy and that given by the company policy; therefore, the darkest areas mean that an increase in the credit assignment

is recommended by the optimal policy; medium gray areas mean no modification in the company policy is suggested and the light gray areas (very small) indicate that a
decrease in the credit assignment should be made.
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for the sake of clarity. In particular, Fig. 5a shows that the policy
followed by the company was very inflexible. Three zones are
well-defined in this map. The darkest area depicts high number
of credits given to customers; the gray area depicts intermediate
amounts, and the white area indicates that no credits were given
to customers. This guideline of the company policy is a disadvan-
tage for the RL algorithms since they need all actions to be taken
in all states. This is known as the lack of exploration (Kakade, 2003).

In spite of this lack of exploration, the RL algorithm was able to
find a good enough solution to this problem. In fact, when comput-
ing the Q(s,a) function by means of the SOM approach, several
modifications of the actual policy were suggested as shown in
Fig. 5b. There are two main areas in this comparison map: the
upper-right and the lower-right areas where no modifications
were suggested, and the central area where the optimal policy sug-
gested an increase in the number of credits given to customers. The
former represents well-defined customers (“loyal” customers in
the case of the lower-right area and “lost” customers for the com-
pany in the case of the upper-right area). The central area repre-
sents “average” customers. There are two reasons why the
optimal policy did not recommend any changes for the well-de-
fined customers:

(1) The company policy was absolutely strict for these custom-
ers, and therefore, there was no way to improve the policy
by means of RL algorithms.

(2) Since the behaviour of these customers was well known by
the company, the company policy was probably optimal.

The area where several improvements were suggested was re-
lated to the average values of all features. Customers in these states
were the most likely to strengthen their relationship with the com-
pany according to the recommendations of the optimal policy. The
company should focus its attention on customers of this kind.
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5¢
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6.2. MLP results

The data was split into three data sets: a training data set made
up of 9460 patterns to train the network; a validation data set that
consisted of 2360 patterns to carry out a cross-validation; and fi-
nally, a test data set that consisted of another 2360 patterns which
had not yet been seen by the network. Unbiased models with good
generalization capabilities were obtained in this way.

Very similar values of the mean-square error (MSE) between
the targets and the network outputs were obtained in these three
data sets. In particular, errors showed low values, which corre-
sponded to an accurate regression, as shown in Fig. 6. However,
the use of MLPs to solve RL problems does not require a perfect
regression of the values of Q(s,a). Since the goal is to achieve an
optimal policy, the regressor must learn the difference between
several states and actions, but an accurate estimation of the
Q(s,a) function is not required. Fig. 6 shows how the network
did correctly model the tendency of the desired signal.

Once the MLP was trained, it was used to estimate the optimal
policy using the scheme shown in Fig. 3. The results achieved with
this algorithm were difficult to visualize because the input space
had 11 dimensions. Fig. 7 shows several plots comparing the
MLP-RL policy and the company policy with the features that char-
acterize states. Note that in Fig. 7c (which shows both policies vs.
the characteristics “frequency” and “encouraged”), the company
policy assigned virtual credits to those customers who were prone
to buying “encouraged” articles. The MLP-RL policy suggested that
credits should be assigned to customers who purchased products
more frequently even when these products were not “encouraged”.

The overall behaviour of the MLP-RL policy was more “aggres-
sive” than the company policy. For instance, in the company policy,
actions were spread over the entire action space, whereas the two
main groups in the MLP-RL policy were located at the top and at
the bottom of the action space. Similar states seemed to lead to
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Fig. 6. Regression results in the test (a and b) and validation data sets (c and d). Each plot includes three customers (15 episodes). The solid lines show the desired signal and
the dashed lines show the output of the network. This figure shows extreme cases: accurate regressions are shown in (a) and (c), whereas the worst regressions obtained by

the model are shown in (b) and (d).
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Fig. 7. Several plots showing the comparison of the MLP-RL policy and the company policy with the features of the state space. The gray dots represent the company policy,
while the black dots represent the MLP-RL policy. The vertical axis represents the number of credits assigned to customers vs. a horizontal plane defined by two
characteristics of the state space in each plot, namely, “price” and “amount of items purchased” in (a); “encouraged” and “price” in (b); “frequency” and “encouraged” in (c);
“frequency” and “amount” in (d); “price” and “frequency” in (e); “encouraged” and “amount” in (f).

opposite actions. The explanation of this behaviour might be re-
lated to the features used to define the state space. The fact that
opposing actions were recommended in similar states suggests
that these features might not be a complete state representation.

Once an optimal policy was developed, its performance had to
be tested. However, in this application, this proved to be quite dif-
ficult, as will be explained in the next section.

7. Discussion

As stated in Section 2, Q™ (s, a) is the value of the long-term re-
ward starting in state s, and taking action a, following a policy 7.
The off-line algorithms used in this work yielded an optimal policy
which led us to the Q" (s, a) functions shown in Figs. 8 and 9.

Fig. 8 shows how the SOM-RL policy helps the company to in-
crease its profits considerably. In those areas in which improve-
ments were suggested, the Q-values for the SOM-RL policy were
four or even five times larger than the Q-values of the company
policy.

The results yielded by the MLP approach are shown in Fig. 9.
The black dots are more uniformly distributed than the gray dots,
which might be due to the fact that the MLP-RL policy tried to
make customers loyal to the company by ensuring a certain mini-
mum number of sales. The behaviour of the company policy was
either excellent or very poor. The Q-values obtained by the MLP-
RL policy were not as high as some of the results obtained by the
company policy in some cases. Nonetheless, the MLP-RL policy
was less likely to obtain poor results than the company policy.
Moreover, the fact that the MLP-RL policy could not achieve very

high Q-values might be due to the use of MLPs, since the modelling
of extreme patterns is rather difficult when using these models.

It is important to point out that the comparison of the Q-func-
tions presented in this work was not completely fair. This is be-
cause the reward given to a customer in a certain state might be
very different from that given to another customer in the same
state taking the same action. In order to circumvent this problem,
it might be possible to develop an off-line validation by analysing
the actions suggested by the RL policies in the data set. However, in
our study, it was not possible to find an episode in the data set pro-
vided by the company which fully agreed with the RL policies.
Therefore, a fair validation of the optimal policy would require
its use by the company for several months. By doing this, the data
obtained during that period would be an unbiased estimation of
the actual performance of the proposed approaches.

8. Conclusions and further work

In this work, two different approaches to RL applications in tar-
geted marketing have been developed and benchmarked. The
application of both algorithms has proven to be appropriate for
problems of this kind because promising results have been
achieved.

The SOM approach is more straightforward to understand than
the MLP approach due to the properties of the SOM algorithm,
which allows an intuitive representation of the results. The results
suggest that the use of SOM could be recommended to improve a
marketing campaign.
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0

Fig. 8. Q-function in a SOM topology for the SOM-RL policy (a) and for the company policy (b). The darker the colour, the higher the value of the action-value function
Q" (s,a). The SOM-RL policy provides much larger profits than the company policy.
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Fig. 9. Q-function for the MLP approach. Gray dots stand for the profits expected if the company policy is followed, whereas black dots correspond to the MLP-RL policy
values. The vertical axis represents the value of the Q-function vs. a horizontal plane defined by two characteristics of the state space in each plot, namely, “price” and
“amount of items purchased” in (a); “encouraged” and “price” in (b); “frequency” and “encouraged” in (c); “frequency” and “amount” in (d); “price” and “frequency” in (e);
“encouraged” and “amount” in (f).
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The MLP regressor is more powerful because the generalization
process is more robust than in the SOM algorithm. This could help
to obtain a more accurate policy in states which are not very fre-
quent but are especially relevant to the company. In our study,
since the input space had many dimensions, the presentation of
the results was quite a bit more difficult than the SOM approach.

Future work will be devoted to the improvement of the state
space characterization and to the use of other regression algo-
rithms. The first would be supported by marketing studies to ana-
lyse how to better understand the customer behaviour; the second
could involve the use of other artificial intelligence methods for
function approximation, such as support vector regressors or fuzzy
systems.
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