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Abstract

Agent-based models establish a suitable simulation technique to recreate real complex

systems, such as those approached in marketing. Reinforcement learning is about learning

a behavior policy in order to maximize a long-term reward signal. In this work, we develop

a deep reinforcement learning agent that represents a brand in an agent-based model of a

market. The goal of the learning agent is to obtain a marketing investment strategy that

improves the awareness of its corresponding brand in the marketing scenario. In opposition

to conventional marketing investment strategies, the learned strategy is dynamic, so the

agent makes its investment decision on-line based on the current state of the market. We

choose the Double Deep Q-Network algorithm to train this agent on diverse instances of the

model, each of them with different knowledge levels of the brand. First we adjust a subset

of the hyperparameters of Double Deep Q-Network on two of the model instances, and then

we use the best configuration found to train the agent on all the available instances. The

brand agent learns a dynamic policy that optimizes brand’s awareness levels. We perform an

expert analysis of the policy obtained, where we observe that the learning brand agent tends

to increase investment in media channels with greater awareness impact, but it also invests

in other channels according to the situation and the characteristics of the model instance.

These results show the benefits of having an on-line dynamic learning environment in a

decision support system for media planning in marketing.
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planning, Marketing

1. Introduction

Agent-based models (ABMs) form a powerful technique which is useful to understand,

predict and control the behavior of complex systems [1]. ABMs allow us to represent complex

systems through their most basic elements, using a population of individuals or agents with

a predefined set of simple micro-rules. The interaction between these agents along with

different simulations of the model will give rise to the emergent behavior or macro-effects of

the system.

Media planning in marketing gives rise to a complex problem in which it is difficult

to determine all the factors that affect the decision of each consumer, specially when the

market involves the action of different competing brands and the situation of the environment

changes at short intervals of time. Traditionally, marketers define the distribution of the

investment budget over long periods of time such as one or two years. We call this a static

media planning strategy. However, the rapid evolution of the market makes it desirable to

define the distribution of the investment budget dynamically, i.e., in short time intervals.

The complexity of marketing scenarios makes agent-based modeling a suitable technique

for building decision support systems for firms. An ABM can recreate a real market in-

volving different consumers, business and media [2]. If the ABM is properly calibrated and

validated with real data, it can be used to test the effect of different media planning policies

on consumer behavior. This work considers and extends ABMs to design adaptive media

planning policies that indicate the best action to apply according to the market situation

at any time. Given the dynamic nature of the problem, we propose to combine agent-based

modeling with reinforcement learning (RL) [3], a machine learning subfield that involves

a set of methods to obtain action policies that maximize a long-term reward signal in a

particular environment [4].
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More precisely, our proposal is to use RL to train a learning agent that represents a

brand in an agent-based marketing scenario. The aim of the brand agent is to learn a policy

or media planning strategy that increases the awareness level of the corresponding brand as

much as possible. The ABM used (extended from that introduced in [5]) has been calibrated

using data extracted from real marketing scenarios, and involves a series of brands that try

to maximize their awareness within a consumer network by making advertising investments

in different media or touchpoints throughout the simulation time.

The contribution of this work is to integrate a well-known algorithm of deep RL such

as Double Deep Q-Network (DDQN, [6]) to the context of a marketing and media planning

ABM for some agents to react and learn from the changing conditions of the environment.

Hence, a learning agent is trained to make decisions about the investment to be made in

different advertising media based on the current state of the market. We believe that the

use of deep RL is appropriate for this problem because it allows us to consider any state

of the environment (the market) and to evaluate each possible action considering its long-

term effect, which does not necessarily coincide with its immediate effect and is difficult to

determine in a complex system.

In order to test the effectiveness and robustness of the proposed method, we will conduct

an extensive experimentation in which a learning brand agent will be trained on a total

of seven instances of the model. These instances show different dynamics of awareness

evolution, defined by applying changes over two base instances obtained by calibrating the

model with data from real marketing problems. This experimentation will involve an initial

tuning of some of the hyperparameters of the learning algorithm. We will evaluate the

dynamic media planning strategy learned by comparing its awareness results with those

given by a static investment strategy previously followed by the real brand. Finally, we will

analyze the distribution of the budget made by the learning agent in each situation.

The rest of the paper is structured as follows. In Section 2 we present the background of

this work related to agent-based modeling, RL, and the combination of both techniques. We

describe in Section 3 the ABM for the marketing problem. Next, in Section 4 we formalize

the RL problem addressed in this work, defining aspects such as the action space, the state
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space, and the reward signal. In Section 5 we develop the experimentation and compare

the results obtained by the agent with those given by the static baseline policy. Finally, we

show the conclusions of our work in Section 6.

2. Background

We detail in this section the background of the paper. Concretely, we show a brief

overview of agent-based modeling in Section 2.1, explain theoretical aspects of RL neces-

sary to understand the DDQN algorithm in Section 2.2, and explore previous works which

combine both techniques in Section 2.3

2.1. Agent-based modeling

Agent-based modeling [1] is a simulation technique that allows us to take advantage

of large amount of data to represent real complex systems properly, i.e, systems which

are constantly evolving due to both external and internal factors, the latter as a result of

the interaction of the individual elements of the system [7]. ABMs recreate these systems

through the definition of a set of individuals or agents who are usually connected through

an artificial social network [8]. In this way, the modeler must only define the characteristics

and micro-rules that guide the behavior of the agents at individual level, without the need

of making assumptions of the system behavior at the global level. Stochastic and discrete

simulations of the model give rise to the macro-effects present in the real system.

This modeling technique offers better results than top-down simulation models when the

system to recreate is complex and dynamic, as well as when the measure of interest is an

emergent result of agent interactions [9]. This technique is also suitable for dealing with

environments where the agents have heterogeneous properties and the decision processes

of each agent are influenced by their individual properties, social interactions and seasonal

components.

We find applications of this modeling technique in fields as diverse as ecology [10], so-

ciology [11], epidemiology [12], political communication and terrorism [13], tourism [14],

and marketing [2], among many others. In marketing, ABMs are useful to understand how
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consumers, brands and media in a market relate to each other. The simulation of these

models also allow us to test the effect of micro-campaigns and marketing strategies (what-if

scenarios) without the risk of testing them directly in the real world [2].

2.2. Reinforcement Learning

RL [4] is a machine learning research field addressing problems where the goal is to learn

what actions to take given a state of a specific environment in order to maximize a reward

signal. Normally, the taken action affects not only the immediate reward, but also the next

state of the environment and consequently the future rewards.

These problems are commonly formalized as a Markov Decision Process (MDP), a 5-

tuple (S, A, R, p, γ) where S is the set of possible states of the environment, A is the set of

actions that the agent can perform, R is the set of possible immediate rewards that the agent

can receive after applying an action, p : S×R×S×A→ [0, 1] is a function which represents

the dynamics of the environment, and γ ∈ [0, 1] is a discount factor which represents the

preference of present rewards over future rewards. In this context, the agent interacts with

the environment through a sequence of steps t = 0, 1, 2, ..., T (being an episode a sequence

of steps from an initial to a terminal state). On the other hand, a policy π is a function

that assigns a probability distribution over the action space to each possible state of the

environment. The objective of the agent is to learn a policy that maximizes the expected

return Gt = Rt+1 +
∑T

k=1 γ
kRt+k+1 = Rt+1 + γGt+1, where Rt ∈ R.

There are different RL approaches in the specialized literature. Value-based solution

methods [15] address these problems by learning value functions, i.e., the expected return

for each state following a given policy. The value for a state can be estimated as the average

of the return obtained over many episodes passing through that state. Temporal difference

methods [16] such as SARSA and Q-learning [17] calculate this average incrementally and

without waiting until the end of an episode: since the state value is defined recursively, they

update one of their estimates at each time step from the immediate reward and the current

estimate of the next estate. This generic update rule is defined as V (St)← V (St)+α[Rt+1+

γV (St+1)−V (St))], where V (St) is the current estimate of the value of the state St ∈ S and
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α is a step size parameter.

When the state space is large or continuous it is not possible to estimate the value for all

states. In these cases it is necessary to use approximate methods that try to generalize the

learned values by function approximation. Deep RL [18, 19] involves approximate solution

methods in which artificial neural networks (ANNs) are used as function approximators.

In particular, a Deep Q-Network [20] is an approximate variant of Q-learning that uses an

ANN to estimate the action-value function qπ. It modifies the update rule as a semi-gradient

method. This algorithm incorporates two key aspects to solve the limitations associated to

approximate methods:

• The algorithm uses a replay memory with past experiences, from which it extracts a

random batch of training samples at each step. This reduces the correlation between

consecutive samples and it smooths out abrupt changes in the data distribution.

• Second, it reduces the correlation between the estimates and the target values by using

two difference ANNs: a behavior ANN which represents the current estimation of the

action-value function and determines the action to be taken at each time step, and a

target ANN which represents the target values (i.e., the value estimation of the next

state in the update rule). These ANNs have the same architecture, but while the

weights of the behavior ANN are updated continuously at each time step, the target

ANN is only updated every few time steps as a copy of the behavior ANN.

With a tuple e = (s, a, r, s′) being a training sample, θ being the weights of the behavior

ANN, θ− being the weights of the target ANN, and q̂(s, a;θ) being the estimate of the value

of the pair (s, a) under the current policy from an ANN with the weights θ, the update rule

for a sample is defined as in Equation 1:

θ ← θ + α [y − q̂(s, a,θ)]∇q̂(s, a,θ), (1)

y = r + γmax
a′

q̂(s′, a′,θ−)
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Deep Q-Network inherits a problem from the original Q-learning algorithm: it contains

a positive bias in the value estimation of the action with the highest expected return. This

bias is introduced by using the same estimates both to choose the action with the highest

value and to determine its factual value. Double Q-learning [21] addresses this problem by

using two separates estimators, one to determine the best action and the other to estimate its

value. In this original version, the role of each estimator in each update is chosen randomly.

The DDQN algorithm [6] incorporates the idea of Double Q-learning into Deep Q-

Network in a more direct way. As Deep Q-Network already uses two different estimators

(the behavior and the target ANNs), it only needs a minimal change to decouple the best

action from the estimation of its value: it only modifies the definition of the target value as

in Equation 2:

y = r + γq̂

(
s′, argmax

a′
q̂(s′, a′;θ);θ−

)
(2)

In this version, the best action is still evaluated with the target ANN, but the change is

to use the behavior ANN to choose the action to be evaluated as the best one. Despite being

a minor modification, the results in [6] show that DDQN effectively reduces the positive bias

in the estimates and achieves better policies than the standard Deep Q-Network.

There are diverse applications of deep RL in recent literature. Peng et al. [22] use RL

techniques to learn the tone associated with each Chinese character. In this way, they can

add the phonetic information of a character sequence to its visual and textual features,

leading to better results in the Chinese sentiment analysis problem. On the other hand,

Birman et al. [23] develop a method to use ensemble models more efficiently. Their proposal

is to learn a policy through deep RL that dynamically determines which subset of the

ensemble models offers the best trade-off between accuracy and computational costs for

each sample of a binary classification problem.

2.3. Learning in ABMs

We can find previous works with different applications of machine learning in ABMs.

van der Hoog [3] points out the possibility of using ANNs to create surrogate models that
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reduce the computational cost of the simulations, approximating the behavior of the ABM.

The author proposes to reduce complexity at two levels: at local level, using different ANNs

to emulate the behavior of each agent; or at global level, training a single ANN that directly

estimates the ABM output from the initial values of the simulation.

The study also makes an additional proposal similar to what is done in this work, al-

though without making a specific application: design agents that, instead of using predefined

action rules, learn to make decisions through a battery of training simulations with the aim

of maximizing a long-term reward. Thus, agents would have a dynamic behavior depending

on the current state of the model. In addition, these agents would allow the ABM to be

used to know the best possible action given a specific state of the environment, either in

decision support systems or in game-theoretic models of social dilemmas and game theory

[24].

Jäger [25] also addresses the idea of designing agents without predefined rules, but with

a different approach. Instead of learning an optimal behavior, the idea is to create realistic

agents, assuming that a real agent will follow a greedy strategy with immediate benefits. In

this way, there is no need to use RL, considering instead a standard ANN to addresses the

decision-making as a classification problem.

Previous works show specific applications of the idea of training agents in ABMs with RL

in order to learn how to maximize a long-term reward. Collins et al. [26] model a insurgency

scenario with three types of agents (soldiers, civilians, and rebels). They aim to train soldiers

together to learn a behavior policy reducing the number of rebels and keeping as many oil

assets as possible. In this ABM, the world is represented by a grid. The observation of

a soldier are the squares around him, which may be free, occupied by another agent, or

contain an oil asset. Therefore, the environment is discrete. Furthermore, the soldiers can

only see three squares away, which makes the state space relatively small, so a tabular

solution method such as SARSA can be used.

Hou et al. [27] use an ABM to simulate the process of collective cell migration, in which

a leader cell moves towards a goal and guides a set of follower cells. Cells are trained with

RL in order to learn to move in a similar way to reality, incorporating in the reward signal
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the constraints present in the real process. For instance, cells should not move too close to

each other and proximity to target is favoured. In this case the state space of the agents is

their relative position and it is continuous, which makes necessary to use an approximate

technique such as Deep Q-Network.

On the other hand, Sert et al. [28] use an ABM that simulates a social scenario with

segregation dynamics in which two types of agents move around a grid world. Each agent

observes at each moment their age and the 121 squares around them, which can have three

possible values. This results in a state space too large to use tabular solution methods, so

they also use Deep Q-Network. In this environment, each agent is trained with the aim to

maximize a reward function that depends on factors such as aversion to agents of different

type, interest in occupying the box of agents of different type to increase life time, and

the fear of death. Authors perform experiments giving different weights to the different

components of the reward function in order to analyze the resulting segregation dynamics

in each scenario.

Other publications do not name ABMs explicitly but present multi-agent learning scenar-

ios with some similarity to the studies mentioned above. For instance, Leibo et al. [29] and

Schmid et al. [30] perform experiments on social dilemmas where different agents learn with

independent Deep Q-Networks seeking individual rewards, but agents achieve the greatest

benefits when they cooperate with each other.

In the literature we can also find applications of RL in marketing without the use of

ABMs. Zhu et al. [31] explore the construction of MDPs in a marketing setting aiming

to apply RL techniques to solve sequential targeting problems. On the other hand, Tian

et al. [32] address the topic-aware influence maximization problem of viral marketing by

defining a framework which combines graph embedding and RL. In more detail, it uses the

DDQN algorithm to estimate the influence of each node in a social network under different

situations.

As an alternative to all the latter works, we propose to train an agent that represents

a brand in a marketing ABM to learn the best media planning strategy to maximize the

brand awareness over time. Thus, the agent could be used as a decision support system if
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the ABM properly represents a real marketing scenario. To the best of our knowledge, this

paper is the first attempt to use deep RL within an ABM calibrated with real data with the

aim of assisting decision making in a real marketing scenario.

3. Description of the agent-based model

3.1. General structure

We use an ABM for replicating a market based on the works [33, 5]. The model is run

for a fixed number of wmax weeks of a marketing scenario involving three different types or

levels of agents, each of them represented by a set:

• The set B represents the brands. They are high-level agents seeking to maximize its

awareness ab ∈ [0, 1] through advertising investments. The awareness value indicates

the percentage of consumers who know the given brand in each week.

• The set M represents the touchpoints or media, intermediate agents that advertise

brands according to the investments received.

• The set C represents a population of consumers. These agents can gain awareness of

each brand in each week through social interactions and the impact of advertisements.

Brands and consumers influence each other: while the media planning decisions made

by brands influence the topics of conversation of the consumers, the macro-level behavior

of consumers will condition the awareness results obtained by brands and therefore their

future decisions. Figure 1 shows a summary of the dynamics of the presented ABM.

3.2. Population of consumers

Each consumer c ∈ C has a binary variable abc ∈ {0, 1} for each brand b ∈ B that is

updated in each week of the simulation. Specifically, abc(w) = 1 indicates that consumer c

knows brand b in week w, taking zero value otherwise. We initialize these values with a

parameter ab(0) ∈ [0, 1] which represents the fraction of consumers who are aware of brand

b before the start of the simulation, satisfying that ab(0) = 1
|C|

∑|C|
c=1 a

b
c(0).
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Figure 1: Summary of the ABM operation. Each week, brands invest in different touchpoints and consumers

can be influenced by advertising, gain awareness of the brand announced, and spread it to their neighbors.

Brands evaluate their decisions depending on the resulting awareness level within the consumer population.

Awareness has a dynamic behavior, so that each week any consumer can gain or lose

its awareness of any brand. Thus, a consumer may discover a brand due to advertising

or conversations with neighbors, but it may also lose its awareness values if these are not

reinforced. This forgetting process is controlled by an awareness decay parameter d ∈ [0, 1]

which indicates the probability that a consumer deactivates its awareness value for a brand

in each week.

Consumers can activate its awareness values through two processes: the interaction with

its neighbors and the impact of advertising. The first case is modeled as a diffusion process
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using an artificial social network that represents the conversations among the population of

consumers, thus establishing the neighborhood of each consumer. We consider two alterna-

tives to build this artificial social network. The first one is a random network, in which each

new node is linked to the rest with an uniform probability [34]. The second alternative is

to model a scale-free network with the Barabasi-Albert preferential attachment algorithm

[35]. The degree distribution of this type of network follows a power law, where a majority

of nodes have few connections and a few nodes (hubs) with a high degree serve as a bridge

to traverse the network quickly. This second topology is present in many real networks,

including social networks [8].

Once the network is defined, the diffusion process works as follows: in each week w every

consumer c can start a conversation with its neighborhood with probability pbc(w) ∈ [0, 1] and

talks about a brand b of which it is aware. This interaction is performed with all its neighbors

simultaneously, each of them obtaining awareness of the brand involved according to a

probability αWOM ∈ [0, 1] which represents the word-of-mouth (WOM) awareness impact.

3.3. Media investment through touchpoints

The second way to active awareness values of the consumers is through advertising,

which depends on the decisions of the brands and the properties of the touchpoints. Each

touchpoint is defined from a set of parameters that indicate aspects such as its reach and

impact. In this way, we can model touchpoints with different nature, emulating that, for

instance, a TV advertisement can only reach the portion of consumers who watch TV. On the

one hand, the parameter that defines the reach of a touchpoint m ∈M is rm ∈ [0, 1], which

corresponds to the maximum percentage of the consumer population that the touchpoint

m can impact in a week. On the other hand, the influence or impact is modeled with the

parameter αm ∈ [0, 1], which indicates the probability that a consumer impacted by the

touchpoint m at a given time gains awareness of the advertised brand.

In turn, advertising impacts can cause a viral buzz effect that increases the talking

probability of the reached consumers. This effects depends on the buzz increment parameter

τm associated with the touchpoint m who performed the advertisement. From the initial
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talking probability pbc(0) and τm, we calculate the increase in the talking probability caused

by m ∈M for c ∈ C and b ∈ B in week w as in Equation 3:

σb
cm(w) =

w∑
s=1

(
pbc(s)− pbc(0) · τm

)
(3)

However, this buzz effect can be reduced over time through a buzz decay parameter dτm.

Bringing together all the above, the complete process that regulates the talking probability

in each week of the simulation is defined in Equation 4.

pbc(w + 1) = pbc(w)− σb
cm(w) · dτm + pbc(0) · τm (4)

Finally, the number of impacts that each touchpoint makes in a week for a given brand

depends on the investment made by that brand. Specifically, the investment is measured in

Gross Rating Points (GRPs), with one unit of this measure representing the reach of 1% of

the target consumer population. Each brand has a fixed budget ϕb(w) for each week w, and

must decide how to distribute it among the different touchpoints. The variable that indicates

the investment made by a brand b in week w in the touchpoint m is χb
m(w), satisfying that

ϕb(w) =
∑|M |

m=1 χ
b
m(w).

4. Learning of investment policies by brand agents

From the ABM previously described and considering a brand of interest b̃ ∈ B and

a limited and predefined budget for a specific number of weeks ϕb̃, we define the tackled

problem as finding the best advertising investment strategy to be followed by brand b̃ to

maximize its awareness ab̃ ∈ [0, 1] over time. The best policy is not only the one that

increases the awareness as soon as possible, but also that keeping high values until the end

of the simulation.

Traditional marketers usually define static investment policies, i.e, long-term marketing

investment plans for one or two years. In fact, as we will detail in Section 5.1, we have data

of an actual static strategy followed by brand b̃ which was defined in advance for the entire

simulation time. This strategy will serve as a baseline to evaluate the alternative policy
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developed in this work. Our proposal is to define a dynamic investment policy that is able

to adapt to the market evolution every few weeks (i.e., a time window). In this way, it would

be possible to act in response to market changes that are difficult to anticipate in the long

term.

However, even using shorter time lags between decisions, it is difficult to determine the

optimal investment distribution to make at each time window, since this will condition the

resulting market state when making the next decision. For this reason, we propose to address

this problem with RL, which is suitable for problems where the effect of an action affects

not only to the immediate reward, but also to the next situation and hence future rewards.

Consequently, our idea is to train a RL agent representing brand b̃ through a battery of

ABM simulations with the objective of learning a dynamic policy that maximizes its long-

term awareness. The brand agent interacts with the environment every time window, and in

each interaction it must decide the media planning for the next time window given a fixed

budget.

It is worth noting that in reality some advertising media require long-term investment

allocations. Therefore, we define two types of touchpoints: off-line touchpoints Moff, in

which the investment is decided yearly; and on-line touchpoints Mon, which admit short-

term investments. The brand agent only considers on-line touchpoints when defining the

dynamic advertising investment strategy.

The first step to address this problem with RL is defining the underlying MDP, in partic-

ular the state space, the action space, and the reward function. Figure 2 shows a summary

of the interaction process between the learning brand agent and the model by including all

the elements of the MDP. It is important to distinguish between the sequence of steps of the

MDP (t = 0, 1, 2, ..., T ) and the simulation steps of the ABM (w = 1, 2, 3, ..., wmax). While

the steps of the MDP indicate the moments of the interaction of the brand agent, the steps

of the ABM denote the current week of the simulation. We define W as the size of the time

window (the number of weeks it comprises), and Zt as the time window over which action

At is applied. The corresponding simulation week to Zt(i) is calculated as w = t ·W + i,

where t ∈ {0, ..., T − 1} and i ∈ {1, ...,W}.
14



Figure 2: Summary of the RL brand agent operation. At each time step t, the brand agent receives the

reward Rt of its previous action At−1 and the new state of the environment St. In this particular example,

we consider a time window of W = 2 simulation weeks. Grey color is associated with the simulation weeks

prior to time window Zt−1. Blue color is associated with the application of the previous action At−1 over

the weeks corresponding to time window Zt−1, whose first simulation week is w. Orange color is associated

with action At, which will be applied over time window Zt which starts in the week w + 2.

The state space S defines all the ABM variables that can change through the simulation.

However, to look for an appropriate trade-off between completeness and convergence, we
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eliminate variables that do not provide information of interest for the problem to be solved.

The chosen state space is formed by the following 3 + |Mon| real values, where |Mon| is the

number of on-line touchpoints in the market considered:

• βt: Total budget available during the current time window Zt.

βt =
∑Zt(W )

w=Zt(1)
ϕb̃(w) ∀t ∈ {0, ..., T − 1}

• Nt: Difference between the current awareness and the initial awareness of the simula-

tion.

Nt = ab̃Zt−1(W )− ab̃(0); ∀t ∈ {1, ..., T − 1}; N0 = 0

• Dt: Difference between the current awareness and the initial awareness of the previous

time window.

Dt = ab̃Zt−1(W )− ab̃Zt−2(W ); ∀t ∈ {2, ..., T − 1}; D0 = 0; D1 = N1

• Imt : Total amount of investment made until the step t in each on-line touchpoint m.

Imt =
∑Zt−1(W )

w=1 χb̃
m(w); ∀m ∈Mon ∀t ∈ {1, ..., T − 1}; Im0 = 0

The difference between the current awareness and the initial awareness value of the brand

is a way of normalizing its value, making it independent of the initial simulation conditions.

The difference from the value in the previous time window is a way to see the trend of

the awareness, whether it is currently increasing or decreasing. Furthermore, the investment

values are normalized with respect to the total of the whole simulation period (
∑wmax

w=1 ϕb̃(w)),

thus taking values in range [0, 1].

The action space A could be the proportion of the available budget to be assigned to

each touchpoint. However, this would result in a continuous action space, difficult to be

handled by the RL algorithm. Instead, we look for a balance between the size of the action

space and the accuracy of the designed strategy by considering the following action space:

at each time window, the agent has to choose in which touchpoints to invest (a binary

coding), distributing the available budget equally among the chosen ones during the weeks
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corresponding to the current time window. Thus, the number of possible actions is 2|Mon|−1.

The latter value is the result of all possible combinations of activating or deactivating the

investment for each on-line touchpoint, except the combination that does not perform any

inversion.

The most straightforward reward function is the awareness obtained over the last time

window. However, we can take advantage of the knowledge given by the previously men-

tioned static policy based on the actual advertising investment applied by the brand, so that

the objective of the agent is to outperform that static baseline policy as much as possible.

In this way, the reward will measure the difference between the awareness obtained and

that corresponding to the actual investment policy made by the brand. Thus, rewards take

negative values when the awareness results obtained are lower than those of the reference

policy. With Zt(1) being the first week of the current time window, Zt(W ) being its last

week, ãb̃(w) being the awareness value obtained by the static baseline policy in week w,

and ab̃(w) being the awareness obtained by the agent, the immediate reward is performed

according to Equation 5.

Rt+1 =
1

W

Zt(W )∑
w=Zt(1)

(
ab̃(w)− ãb̃(w)

)
(5)

An episode ends when the last week of the simulation is reached, and the return of the

episode is the discounted sum of the rewards obtained in each time window.

The defined problem has a continuous state space and the agent does not have a model of

the environment, i.e., the agent does not know the dynamics of the environment. Therefore,

we have to use an approximated and model-free solution method. As detailed in Section

2.2, Deep Q-Network [20] is a deep RL algorithm that solves the stability problems of

approximated methods by means of a replay memory with past experiences and using two

different estimators. Moreover, in Section 2.3 we showed the popularity of this method,

which is the most used in recent literature for problems with continuous spaces such as ours.

For all these reasons we decide to use this learning algorithm. Concretely, we make use of

the DDQN [6] variant explained in Section 2.2. The DDQN variant achieves better results
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than the original version through a small adjustment in the value estimation of the best

action.

5. Experimentation

The experimentation comprises different runs with the DDQN algorithm on a set of

seven instances of the ABM system. In addition, each of these instances has two different

simulation periods: one for training and one for testing. In this way, we only train the

learning agent over the training weeks, and we evaluate the results of its learned dynamic

policy through separate simulations in the test weeks. Furthermore, we compare the results

obtained by the agent in each instance with those given by a real static strategy previously

used by the brand of interest.

The rest of the section is structured as follows. First, in Section 5.1, we show the

experimental setup and describe the seven instances of the model. Second, in Section 5.2 we

detail the values chosen for the DDQN hyperparameters, performing a tuning process for

some of them. Then, we use the specified configuration to train a brand agent for each of

the seven instances of the model. We show the awareness results of the trained agents and

the comparison with those given by the static baseline strategy in Section 5.3. Finally in

Section 5.4 we analyze the investment policies made by these agents. We show the flowchart

diagram of this experimentation in Figure 3.

5.1. Experimental setup and instances of the model

We have used a cluster with 4 Intel(R) Core(TM) i7-4930K CPU @ 3.40GHz (6 cores)

and 64GB RAM to perform every experiment. Such resources are necessary due to the

high computational cost required for each training activity, where each episode involves

a complete simulation of the ABM in the specified period. The hyperparameter tuning

described in Section 5.2 is the most computationally costly part, where 162 training processes

are performed with between 7,692 and 14,286 episodes each of them.

In order to test the robustness of the method, we train the brand agent in two differ-

ent variants of the marketing ABM. Both variants are built on data from real marketing
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Figure 3: Flowchart diagram of the experimentation. First, we perform the hyperparameter tuning process

illustrated on the left considering a set of hyperparameter settings and some of the ABM instances. Then,

as illustrated on the right, we use the best hyperparameter setting found to train a DDQN brand agent in

each ABM instance and we evaluate the learned dynamic policy by comparing its results with those given

by the static baseline policy.

scenarios, although they are anonymized. The most relevant features of each variant are as

follows:

• The Bank scenario (referred as B in the tables and instances employed) simulates a

bank marketing environment for credit card sales. In this scenario, there are 40,000

consumers connected by a random network and a set of 9 brands which perform ad-
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vertising investments on 9 different touchpoints, five of them on-line (touchpoints 0,

2, 6, 7, and 8). This model considers 104 weeks of simulation.

• The Service scenario (referred as S in the tables and instances employed) corresponds

to a service company case. There are 1,000 consumers connected through a scale-free

network, 8 brands, 7 touchpoints, and 52 weeks of simulation. Five of the touchpoints

are on-line, specifically numbers 0, 2, 4, 5, and 6.

The simulation period of each of these scenarios has been splited into two subsets to

validate the learning process. All the learning process described in the following sections is

performed on the training weeks, which correspond to the first half of the simulation period:

52 weeks for the Bank scenario and 26 weeks for the Service scenario. We use the second

half of the simulation period to evaluate the trained agent, testing whether it is able to

generalize the learned policy to unknown states.

The available budget for the brand of interest to allocate in on-line touchpoints accounts

more than 90% of its total marketing budget in both scenarios. Therefore, although there

is a small amount of fixed investment dedicated to off-line touchpoints, the distribution of

the on-line budget is the most decisive decision in the final awareness result. Figures 4 and

5 show the on-line budget per week in the Bank and Service scenarios, respectively.

As we will detail in the following section, the chosen version of the learning agent uses

time windows of 8 weeks (W). For this reason, we show the available budget for both

scenarios considering time windows of this size in Table 1. This table contains both the

available amount at each time window and the percentage that this amount represents with

respect to the total budget, either in training or test weeks.

We have a static baseline policy for both scenarios previously used by the real brand.

Unlike the learning agent, the investments of this static policy are not defined by time

windows, but for the entire simulation period. In addition, the distribution at each week

does not have to be uniform across all the chosen touchpoints. However, in order to make

easier to compare these baseline policies with the dynamic policies learned by the brand

agent in the following sections, we show in Figure 6 and 7 the investment distribution of
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Figure 4: Available budget per week to allocate among on-line touchpoints in the Bank scenario. The

vertical black line separates the training and test weeks.

Figure 5: Available budget per week to allocate among on-line touchpoints in the Service scenario. The

vertical black line separates the training and test weeks.
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Table 1: Available budget in both scenarios for each time window and its percentage with respect to the

total training and test budget. The total available budget in the Bank scenario is 5,107.82 GRPs in the

training period, while in test it is 1,844.34 GRPs. The total available budget in the Service scenario is

1,846.63 GRPs in the training period, while in test it is 374.58 GRPs.

Period
Bank scenario Service scenario

Window Budget (GRPs) Percentage (%) Window Budget (GRPs) Percentage (%)

Training

0 440.13 8.62 0 475.98 25.78

1 192.63 3.77 1 896.34 48.54

2 1.059.88 20.75 2 472.73 25.6

3 1.009.11 19.76 3 1.58 0.09

4 424.54 8.31

5 1.285.41 25.17

6 696.13 13.63

Test

7 282.88 15.34 4 4.77 1.27

8 189.22 10.26 5 60.4 16.12

9 155.9 8.45 6 308.58 82.38

10 536.46 29.09 7 0.84 0.22

11 242.02 13.12

12 319.04 17.3

13 118.81 6.44

the baseline policies in time windows of 8 weeks. The same plots show the investment for

both training and test weeks, which are divided by the vertical black line in the centre.

In more detail, these plots show the percentage of the available budget assigned to each

touchpoint for each time window. Thus, for example, in Figure 6 we can see that the whole

available budget for windows 0 and 1 is assigned to touchpoint 8, while in window 2 most

of the budget is assigned to touchpoint 0, and the remaining amount is divided between

touchpoints 2 and 8.

So far we have described the details of these two real marketing scenarios and the adver-

tising investment policies originally applied in them by the brand of interest. However, to

test the robustness of the learning method on problems with awareness dynamics of different

complexity, we have generated a total of seven instances of the model. These instances are
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Figure 6: Investment distribution among the touchpoints (TP) for each time window of the original media

planning (static baseline policy) in the Bank scenario. The vertical black line separates the training and

test windows.

defined as variants of the above real scenarios with modifications in the parameters of aware-

ness deactivation d and each on-line touchpoint impact αm. We show the specific parameter

setting of each of these instances in Table 2.

There are 5 instances of the Bank scenario. The first one has the original calibrated

parameters that correspond to the real marketing scenario, where agents do not forget

their brand awareness values. The other four instances make the problem more difficult by

increasing the deactivation value to 0.02 and 0.1 (a low and a high value, respectively) and

considering two configurations for the touchpoint impact values: one unbalanced (un) in

favour of touchpoints 6, 7, and 8; and another more balanced (bal) where the impact of all

touchpoints is relatively similar. It will be of interest to test whether the brand agent tends

to spread the investment more widely or to concentrate it in a few touchpoints according to

these configurations.

With respect to the Service scenario, the original calibrated configuration is omitted
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Figure 7: Investment distribution among the touchpoints (TP) for each time window of the original media

planning (static baseline policy) in the Service scenario. The vertical black line separates the training and

test windows.

because all touchpoints have excessively low impact values, so that the relevance of the

investment distribution decreases. Instead, we use two synthetic variants with deactivation

values 0.01 and 0.08 (low and high, respectively), and with unbalanced touchpoint impact

values.

The original investment (i.e., the static baseline policy) is the same for instances of the

same scenario, since it is the one performed in the corresponding real scenario (Figures 6 and

7). However, the reference baseline awareness is different for each instance, as it corresponds

to the simulation output of that instance using the associated static baseline policy. The

aim of the brand agent is to learn how to redistribute the available investment budget in

order to obtain results that improve those of the static baseline policy as much as possible.

5.2. Hyperparameter tuning

The DDQN algorithm has a large number of hyperparameters, which makes it difficult

to determine the best configuration. An exhaustive search would involve a large number of
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Table 2: Awareness deactivation and touchpoint impact parameters in each instance.

Instance d α0 α2 α6 α7 α8

B-original 0 0.0045 0.0045 0.7 0.6 0.0095

B-002bal 0.02 0.4 0.35 0.5 0.45 0.4

B-002un 0.02 0.0045 0.0045 0.9 0.85 0.75

B-01bal 0.1 0.4 0.35 0.5 0.45 0.4

B-01un 0.1 0.0045 0.0045 0.9 0.85 0.75

Instance d α0 α2 α4 α5 α6

S-001a 0.01 0.01 0.4 0.25 0.65 0.01

S-008b 0.08 0.01 0.02 0.7 0.25 0.54

learning processes on each instance, which is unfeasible due to the high computational cost

of training with a sufficient number of episodes to achieve effective learning.

For this reason, we set many of the hyperparameters to reasonable values. First, we

define those related to the ANN design. Since the state space does not incorporate matrix

information, we use a multi-layer perceptron in which the number of input and output units

is determined by the dimension of the state space 3 + |Ton| and the number of possible

actions 2|Ton|− 1. On the other hand, the ANN has 3 hidden layers (hierarchy in knowledge

extraction) with 64 units each and the activation function ReLU. In this way, the number of

neurons in the hidden layers is higher than in the output layer, which in our case contains

25 − 1 = 31 neurons because we have 5 on-line touchpoints in all instances. We choose the

Adam optimization algorithm, whose good results are shown in [36].

We set the number of steps to 100,000, since we found in a preliminary training set that

this value provides a good trade-off between the quality of learning (convergence) and the

time required. We fix most of the specific hyperparameters of Deep Q-Network using as a

reference the values indicated by [20], but taking into the account that our training involves

125 times less steps. Considering all the latter, we set the update frequency of the target
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network to 800 steps and use a ε-greedy behavior policy whose exploration probability ε is

uniformly reduced from 1 to 0.1 during the first 20, 000 training steps.

The remaining hyperparameters are the replay memory size, the batch size, and the

discount factor γ. We perform a tuning of these hyperparameters together with the time

window size W with the same approach as in [20], where it is performed a search for the best

hyperparameter setting on a reduced number of variants of the environment, which is used

then to train a brand agent on the rest of variants. In our case, we use two instances for the

tuning process: B-002un and B-01bal. Although they belong to the same scenario, they have

different touchpoint impact and deactivation parameters, and therefore different awareness

dynamics. Table 3 shows the description of each of these hyperparameters together with the

candidate values considered.

Table 3: Subset of hyperparameters to estimate together with its description and the candidate values

considered.

Hyperparameter Description Candidate values

Time window size W
Frequency in weeks in which the agent

makes a decision.
4, 6, and 8 weeks

Batch size
Number of past samples used on each

SGD update.
16, 32, and 64 samples

Replay memory size

Maximum memory size of recent past

samples. The batch of each iteration is

sampled from this memory.

10,000, 20,000, and

30,000 samples

Discount factor γ
Parameter of Q-learning updates that

indicates the importance of future rewards.
0.9, 0.95, and 0.99

The tentative values for the time window size were chosen considering that in a real

marketing scenario it is unusual to make advertising investments for time periods shorter

than one month, even with on-line touchpoints. This way, we consider a time window

between one or two months. The values of the remaining hyperparameters were chosen

taking typical values from the RL literature and using [20] as main reference, as it was done
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for the fixed hyperparameters.

This search comprises 34 = 81 settings. Since we use two instances of the ABM, we

perform a total of 162 training runs, each of them requiring between 20 and 40 hours of

computation. This variation depends on the size of the time window, since the larger the

window, the fewer the number of steps per episode, and hence the greater the total number

of episodes (full model simulations) needed to achieve the 100,000 training steps.

Once a brand agent finishes its learning process, we evaluate its performance by calcu-

lating the expected gain as the average gain of 30 different simulations in test weeks (i.e., a

Montecarlo approach, usually followed with ABMs). With wmax being the number of weeks

of an ABM instance simulation (either training or test weeks), ab̃(w) being the awareness

obtained by the RL agent in week w, and ãb̃(w) being the awareness corresponding to the

static baseline policy, we define the gain of the trained brand agent as in Equation 6.

gain =
1

wmax

wmax∑
w=1

(
ab̃(w)− ãb̃(w)

)
(6)

Although they have a similar definition, this gain should not be confused with the return

Gt of the RL theory, which in our problem is defined from the immediate reward function

(Equation 5) described in Section 4. The return (i.e., the discounted sum of the rewards

obtained in each time window) is used to guide the RL agent during its training process.

However, we evaluate the quality of the learned policy with the gain because it offers greater

interpretability when comparing its awareness results with the static baseline policy.

It should be noted that it is not possible to directly compare the results between different

instances, as the scale of their gains varies. For this reason, we apply a standard normal-

ization to zero mean and unit variance to the 81 test results for each instance. We use this

normalized result as the score of each hyperparameter setting in the corresponding instance

and we calculate the final score of each setting as the mean for both instances. Table A.5

in Appendix A shows the average test gain in each instance and the final score for each

hyperparameter setting, with entries ordered from best to worst according to the final score.

The best setting differs for each instance. In the instance B-002un there is a draw
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between three settings which achieve the highest average test gain (0.1504) and score (0.912).

However, all these three settings have poor results in the B-01bal instance, with even the

highest score of them being negative in this instance (-0.6373).

On the other hand, the best setting in B-01bal instance achieves an average test gain

of 0.066 and a score of 1.3012, being also the setting with the highest final score (0.9576).

It might be thought that the choice of this setting tips the balance too much in favour of

instance B-01bal. However, the average test gain of this setting in B-002un is 0.1486, which

is not much lower than the higher value found (0.1504) considering than the lowest average

gain in this instance is 0.1059. Therefore, we consider the setting with the highest final score

to be good enough in both scenarios, and hence we set the time window size to 8 weeks, the

batch size to 64 samples, the replay memory size to 20,000 samples, and the discount factor

γ to 0.95 for the training runs in the remaining experiments.

5.3. Awareness results of the brand agent

The second part of the experimentation involves training a brand agent in each of the

seven instances of the model with the previously indicated hyperparameter setting and

evaluating its results against the static baseline policy. The training time in each Bank

instance is around the longest time of the previous experimentation (40 hours), as we use the

larger time window size (8 weeks). Training in Service instances are much faster, requiring 1

hour each of them. There are two reasons for this dramatic difference: first, the simulation

period for training in these instances is shorter, 26 weeks instead of 52. Second, the cost

of each full simulation is much lower, since the Service scenario contains 40 times fewer

consumers than the Bank scenario.

Figures B.12, B.13, B.14, B.15, B.16, B.17, and B.18 in Appendix B show the return

evolution throughout the training process for each instance. Each full simulation of the ABM

uses a different pseudo-random seed from a set of 30, so we perform the return mean of each

30 consecutive episodes for the visualization. In all cases the learning reaches convergence

around step 20,000, i.e., the time when the ε-greedy behavior policy reaches the minimum

ε of 0.1.
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Table 4 shows a comparison between the results obtained by each trained agent and those

obtained by the static baseline policy. Specifically, we show the mean awareness obtained by

each policy over 30 simulations in the training and test weeks separately. We also show in

this table the corresponding gain of the learning agent (Equation 6), a measure that directly

indicates the amount of improvement over the baseline policy. In all instances the gain is

greater in training weeks, although the gain in the test period is still positive: the brand

agent has learned a policy in all scenarios that, to a higher or lower extent, outperforms the

original baseline policy even in previously unseen situations.

Table 4: Mean awareness obtained by the trained DDQN agent and the static baseline policy in training

and test weeks in all instances. The best training and test values for each instance are highlighted in bold.

The last two columns contain the resulting gain obtained by the brand agent with respect to the baseline

policy.

Instance
Training Mean Awareness

Baseline Policy

Training Mean Awareness

DDQN

Test Mean Awareness

Baseline Policy

Test Mean Awareness

DDQN
Training Gain Test Gain

B-original 0.420 0.718 0.447 0.645 0.2982 0.1978

B-002bal 0.442 0.610 0.427 0.506 0.1674 0.0798

B-002un 0.472 0.675 0.434 0.583 0.2027 0.1486

B-01bal 0.202 0.359 0.119 0.185 0.1576 0.066

B-01un 0.223 0.431 0.132 0.257 0.208 0.1253

S-001a 0.124 0.231 0.168 0.182 0.214 0.0289

S-008b 0.127 0.184 0.068 0.073 0.1125 0.0102

Next we show a graphical comparison between the awareness results obtained by both

policies, showing the awareness evolution throughout the simulation time. Figures 8 and 9

show the evolution for instances B-original and B-002bal, both in training and test weeks.

The results in the remaining instances can be found in figures C.19 to C.23 in Appendix

C. In all cases the awareness obtained by the trained agent outperforms that of the static

baseline policy. This is particularly relevant in the B-original instance, where the parameters

of the model correspond to a real scenario. In fact, the highest improvement is found in this

instance, achieving awareness values above 80% in the training weeks and above 70% in the

test.

The results are not as good in the synthetic instances despite the improvement with
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(a) Training weeks (b) Test weeks

Figure 8: Awareness output of simulation in B-original instance.

(a) Training weeks (b) Test weeks

Figure 9: Awareness output of simulation in B-002bal instance.

respect to the original investment policy values. This may be due to the increase in the

complexity of the scenario because of the incorporation of the awareness deactivation pa-

rameter. In fact, in the Bank instances, the worst results are found in the cases with the

highest deactivation, 0.1. Still, in terms of gain, the touchpoint impact setting seems to

be the most determining factor: the gain in the balanced instances (bal) is lower than in

the unbalanced ones (un). This may be due to the fact that the margin for improvement

redistributing the budget is smaller when all touchpoints have a similar impact.

If we compare the results in both scenarios, the Service scenario clearly shows the worst
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performance, specially in instance S-008b. The reason could be that this is a more complex

environment where it is more difficult to improve the results by simply redistributing the

given budget. Nevertheless, we recall that the policy learned by the agent still improves the

results obtained by the baseline advertising investment policy even in this case.

Finally, it is worth noting that, as seen in Table 1 (as well as Figures 4 and 5), the

available budget in the training weeks is substantially higher than in the test weeks, which

is determined by the policy that the brand of interest applied in the real scenario. This

difference in the budget is particularly relevant in the Service scenario, where the budget

in test is seven times lower than in training. This could explain the worse performance

of the brand agent in test: the problem would not be so much the learned policy as the

available budget, which prevents a significant improvement in awareness regardless of the

budget distribution.

5.4. Analysis of the media planning distribution

In this section we analyze the specific investment decisions made by the trained agents

(i.e., the redistribution of the budget they make in each time window). Specifically and

to make the comparison as simple as possible, we visualize the redistribution in each time

window. We show the plots for the B-01un and B-002bal instances in Figures 10 and

11, whereas the plot for the remaining instances can be found in Figures D.24 to D.28 in

Appendix D. These figures show the percentage of the budget which is reduced from some

touchpoints and the additional budget assigned to other touchpoints. Therefore, the sum of

the values for each time window must be equal to zero.

We can see in Figure 10 that in the first window the brand agent decides to withdraw

a large part of the investment in touchpoint 8, which originally received all the budget; in

order to distribute it between touchpoints 6 and 7, which were originally ignored during

the whole simulation. In fact, this is a change that the brand agent maintains in all time

windows, both in the training and test periods, reducing the investment in touchpoints 0

and 8 to spread it across touchpoints 6 and 7. Recall that in the unbalanced instances (un)

the touchpoints with the greatest impact are 6 and 7, followed by 8 (see Table 2 in previous
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Section 5.1). On the other hand, Figures 11 and D.26 show that in balanced instances

(bal), where all touchpoints have a similar impact, the learning agent tends to spread the

investment more evenly. It always keeps a portion for touchpoints 6 and 7 (which are still

the most impactful, although narrowly) but also investing in the rest depending on the

situation.

The decisions made by the agent within the Service instances (Figures D.27 and D.28)

show more differences depending on the instance parameters than those previously seen in

the Bank instances. In the original media planning (Figure 7), an increasing part of the

budget was invested in touchpoint 4, with a significant part also being invested in touch-

point 0 in the first weeks and in touchpoint 5 in the middle weeks. In S-001a instance, the

brand agent tends to invest more in touchpoints 2 and 5 (those with the greatest impact) but

without ignoring the rest. On the other hand, in S-008b instance, the agent withdraws less

investment from touchpoint 4 (which is the one with the greatest impact in this case), al-

though the percentage is still reduced to incorporate part of the budget in other touchpoints,

especially touchpoint 6, which has the second highest impact value.
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Figure 10: Alteration of the investment distribution among the touchpoints (TP) by the brand agent in the

B-01un instance. The vertical black line separates the training and test windows.

Figure 11: Alteration of the investment distribution among the touchpoints (TP) by the brand agent in the

B-002bal instance. The vertical black line separates the training and test windows.
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6. Conclusions and future works

The main goal of this work was to design and train a learning agent using RL techniques

to obtain a dynamic media planning strategy able to maximize the brand awareness of a

business within an ABM built using real market data. For this purpose we chose the value-

based method DDQN, trained a brand agent in seven instances of the ABM, and analyzed its

results by comparing them with those given by a static media planning strategy previously

used by the real brand.

The DDQN brand agent has outperformed the results obtained with the original invest-

ment policy, which is based on a static media investment strategy. This improvement is

greater in the scenario variants with a larger imbalance in the touchpoint impact values,

environments where the correct distribution of the available budget is crucial. In all cases

the brand agent was evaluated in a set of test weeks not known during training, where it

also outperformed the static baseline investment strategy. Although the improvement in

test is tight, it should be noted that in these weeks the available budget is considerably

lower than in the training period, which makes more difficult the performance improvement

by the brand agent.

The agent does not know the impact of each touchpoint in advance, but it manages

to determine which ones are the most interesting in each case. While in unbalanced envi-

ronments it tends to invest only in the touchpoints with the highest impact, in balanced

environments it tends to distribute the investment among several of them, varying its choice

according to the specific situation. It is worth noting that the brand agent has achieved the

best results in the scenario variant with the parameter setting closer to a real market. This

supports the use of the method to build a decision support system to query the best media

planning distribution based on the current state of the market.

As future works, we propose to explore other RL techniques such as policy-based methods

[37]. We also propose to use the rest of the brands as reactive agents and to consider other

KPIs whose values are affected by the action of the competing brands. This competitive

scenario would make even more relevant the dynamic behavior of the agent, requiring greater
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changes in the investment strategy between different time windows than those observed in

the current study.
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Appendix A. Hyperparameter tuning results

Table A.5: Tuning results with different hyperparameter settings in B-002un and B-01bal instances. The

score indicates the normalized average test gain with respect to the rest of the average gains of the same

instance. The final score is the average score on both instances. The results are ordered with respect to the

final score. The best average gain and score values are highlighted in bold.

W Batch size
Replay memory

size
γ

B-002un avg.

test gain

B-002un

score

B-01bal avg.

test gain

B-01bal

score

Final

score

8 64 20K 0.95 0.1486 0.614 0.066 1.3012 0.9576

8 16 20K 0.99 0.1483 0.5644 0.0658 1.1904 0.8774

8 16 10K 0.99 0.148 0.5147 0.0657 1.135 0.8249

8 64 20K 0.99 0.148 0.5147 0.0657 1.135 0.8249

8 64 10K 0.9 0.1483 0.5644 0.0655 1.0243 0.7943

6 32 30K 0.9 0.1481 0.5313 0.0655 1.0243 0.7778

8 32 20K 0.9 0.148 0.5147 0.0655 1.0243 0.7695

8 16 10K 0.95 0.1482 0.5478 0.0654 0.9689 0.7584

8 16 30K 0.95 0.1482 0.5478 0.0654 0.9689 0.7584

8 16 20K 0.95 0.1481 0.5313 0.0654 0.9689 0.7501

8 16 30K 0.99 0.148 0.5147 0.0654 0.9689 0.7418

8 32 10K 0.9 0.1476 0.4485 0.0654 0.9689 0.7087

8 64 30K 0.95 0.1459 0.1671 0.0659 1.2458 0.7065

6 16 30K 0.99 0.1489 0.6637 0.065 0.7474 0.7055

4 16 10K 0.95 0.1496 0.7795 0.0646 0.5258 0.6527

8 64 30K 0.9 0.1459 0.1671 0.0657 1.135 0.6511

8 32 20K 0.99 0.1453 0.0678 0.0657 1.135 0.6014

8 64 30K 0.99 0.1452 0.0513 0.0657 1.135 0.5932

6 32 10K 0.95 0.1487 0.6306 0.0646 0.5258 0.5782

8 32 10K 0.99 0.148 0.5147 0.0648 0.6366 0.5757

8 32 30K 0.95 0.1443 -0.0977 0.0658 1.1904 0.5464

8 64 20K 0.9 0.145 0.0182 0.0654 0.9689 0.4935

8 16 20K 0.9 0.143 -0.3128 0.0659 1.2458 0.4665

6 16 10K 0.99 0.1493 0.7299 0.0639 0.1381 0.434

8 64 10K 0.99 0.1428 -0.3459 0.0658 1.1904 0.4222
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Table A.5: Tuning results with different hyperparameter settings in B-002un and B-01bal instances. The

score indicates the normalized average test gain with respect to the rest of the average gains of the same

instance. The final score is the average score on both instances. The results are ordered with respect to the

final score. The best average gain and score values are highlighted in bold.

W Batch size
Replay memory

size
γ

B-002un avg.

test gain

B-002un

score

B-01bal avg.

test gain

B-01bal

score

Final

score

6 64 10K 0.99 0.1493 0.7299 0.0638 0.0827 0.4063

6 16 20K 0.99 0.1488 0.6471 0.0639 0.1381 0.3926

6 64 20K 0.99 0.1492 0.7133 0.0637 0.0274 0.3703

6 32 20K 0.9 0.1484 0.5809 0.0638 0.0827 0.3318

8 32 30K 0.99 0.1487 0.6306 0.0637 0.0274 0.329

6 64 30K 0.99 0.1483 0.5644 0.0638 0.0827 0.3236

4 16 20K 0.9 0.1445 -0.0646 0.0649 0.692 0.3137

6 32 10K 0.99 0.1467 0.2996 0.0641 0.2489 0.2742

8 64 10K 0.95 0.1412 -0.6108 0.0657 1.135 0.2621

6 32 30K 0.95 0.1411 -0.6273 0.0657 1.135 0.2539

6 64 20K 0.95 0.1453 0.0678 0.0642 0.3043 0.1861

4 64 10K 0.95 0.1448 -0.0149 0.0643 0.3597 0.1724

4 16 20K 0.95 0.1504 0.912 0.0625 -0.6373 0.1373

8 16 30K 0.9 0.1393 -0.9252 0.0658 1.1904 0.1326

8 32 20K 0.95 0.1431 -0.2963 0.0646 0.5258 0.1148

6 32 20K 0.95 0.1438 -0.1804 0.0643 0.3597 0.0896

4 32 10K 0.9 0.1445 -0.0646 0.064 0.1935 0.0645

4 16 30K 0.95 0.1504 0.912 0.0622 -0.8034 0.0543

4 16 30K 0.99 0.1504 0.912 0.0622 -0.8034 0.0543

6 64 10K 0.95 0.1488 0.6471 0.0626 -0.5819 0.0326

8 32 10K 0.95 0.1391 -0.9583 0.0654 0.9689 0.0053

4 16 30K 0.9 0.144 -0.1473 0.0639 0.1381 -0.0046

8 16 10K 0.9 0.1483 0.5644 0.0625 -0.6373 -0.0364

8 32 30K 0.9 0.1481 0.5313 0.0625 -0.6373 -0.053

4 16 10K 0.99 0.1421 -0.4618 0.0642 0.3043 -0.0788

6 32 20K 0.99 0.1487 0.6306 0.0622 -0.8034 -0.0864

6 16 10K 0.95 0.1489 0.6637 0.0621 -0.8588 -0.0976
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Table A.5: Tuning results with different hyperparameter settings in B-002un and B-01bal instances. The

score indicates the normalized average test gain with respect to the rest of the average gains of the same

instance. The final score is the average score on both instances. The results are ordered with respect to the

final score. The best average gain and score values are highlighted in bold.

W Batch size
Replay memory

size
γ

B-002un avg.

test gain

B-002un

score

B-01bal avg.

test gain

B-01bal

score

Final

score

4 32 20K 0.9 0.1444 -0.0811 0.0634 -0.1388 -0.11

6 16 20K 0.95 0.1484 0.5809 0.0622 -0.8034 -0.1112

6 64 30K 0.9 0.1493 0.7299 0.0618 -1.025 -0.1475

4 32 10K 0.95 0.1417 -0.528 0.064 0.1935 -0.1673

4 64 20K 0.95 0.143 -0.3128 0.0636 -0.028 -0.1704

4 64 20K 0.99 0.1419 -0.4949 0.0637 0.0274 -0.2338

4 64 30K 0.9 0.1402 -0.7763 0.0642 0.3043 -0.236

6 16 30K 0.9 0.1489 0.6637 0.0613 -1.3019 -0.3191

6 32 10K 0.9 0.1411 -0.6273 0.0636 -0.028 -0.3277

4 32 10K 0.99 0.1427 -0.3625 0.063 -0.3603 -0.3614

4 32 30K 0.9 0.1449 0.0016 0.0622 -0.8034 -0.4009

6 32 30K 0.99 0.1467 0.2996 0.0616 -1.1357 -0.4181

4 32 30K 0.99 0.1449 0.0016 0.0621 -0.8588 -0.4286

4 16 20K 0.99 0.1408 -0.677 0.0633 -0.1942 -0.4356

6 16 10K 0.9 0.1488 0.6471 0.0609 -1.5234 -0.4381

4 64 20K 0.9 0.1394 -0.9087 0.0632 -0.2496 -0.5791

6 16 20K 0.9 0.1489 0.6637 0.0603 -1.8557 -0.596

6 16 30K 0.95 0.1489 0.6637 0.0603 -1.8557 -0.596

4 64 10K 0.9 0.1427 -0.3625 0.062 -0.9142 -0.6383

4 64 30K 0.95 0.1391 -0.9583 0.0629 -0.4157 -0.687

4 64 30K 0.99 0.1497 0.7961 0.059 -2.5757 -0.8898

4 64 10K 0.99 0.1462 0.2168 0.06 -2.0219 -0.9025

6 64 10K 0.9 0.1392 -0.9418 0.0609 -1.5234 -1.2326

4 32 20K 0.95 0.1378 -1.1735 0.0613 -1.3019 -1.2377

6 64 20K 0.9 0.1467 0.2996 0.0586 -2.7973 -1.2489

4 16 10K 0.9 0.1365 -1.3887 0.0614 -1.2465 -1.3176

4 32 30K 0.95 0.1295 -2.5473 0.0631 -0.305 -1.4261
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Table A.5: Tuning results with different hyperparameter settings in B-002un and B-01bal instances. The

score indicates the normalized average test gain with respect to the rest of the average gains of the same

instance. The final score is the average score on both instances. The results are ordered with respect to the

final score. The best average gain and score values are highlighted in bold.

W Batch size
Replay memory

size
γ

B-002un avg.

test gain

B-002un

score

B-01bal avg.

test gain

B-01bal

score

Final

score

4 32 20K 0.99 0.1324 -2.0673 0.0607 -1.6342 -1.8507

6 64 30K 0.95 0.1059 -6.4533 0.063 -0.3603 -3.4068
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Appendix B. Return evolution over training

Figure B.12: Return evolution over training episodes in B-original instance. Each value is the average return

of 30 consecutive episodes.
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Figure B.13: Return evolution over training episodes in B-002bal instance. Each value is the average return

of 30 consecutive episodes.

Figure B.14: Return evolution over training episodes in B-002un instance. Each value is the average return

of 30 consecutive episodes.
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Figure B.15: Return evolution over training episodes in B-01bal instance. Each value is the average return

of 30 consecutive episodes.

Figure B.16: Return evolution over training episodes in B-01un instance. Each value is the average return

of 30 consecutive episodes.
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Figure B.17: Return evolution over training episodes in S-001a instance. Each value is the average return

of 30 consecutive episodes.

Figure B.18: Return evolution over training episodes in S-008b instance. Each value is the average return

of 30 consecutive episodes.
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Appendix C. Awareness evolution of trained agent

(a) Training weeks (b) Test weeks

Figure C.19: Awareness output of simulation in B-002un instance.

(a) Training weeks (b) Test weeks

Figure C.20: Awareness output of simulation in B-01bal instance.
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(a) Training weeks (b) Test weeks

Figure C.21: Awareness output of simulation in B-01un instance.

(a) Training weeks (b) Test weeks

Figure C.22: Awareness output of simulation in S-001a instance.
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(a) Training weeks (b) Test weeks

Figure C.23: Awareness output of simulation in S-008b instance.
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Appendix D. Alteration of the investment distribution

Figure D.24: Alteration of the investment distribution among the touchpoints (TP) by the brand agent in

the B-original instance. The vertical black line separates the training and test windows.
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Figure D.25: Alteration of the investment distribution among the touchpoints (TP) by the brand agent in

the B-002un instance. The vertical black line separates the training and test windows.

Figure D.26: Alteration of the investment distribution among the touchpoints (TP) by the brand agent in

the B-01bal instance. The vertical black line separates the training and test windows.
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Figure D.27: Alteration of the investment distribution among the touchpoints (TP) by the brand agent in

the S-001a instance. The vertical black line separates the training and test windows.

Figure D.28: Alteration of the investment distribution among the touchpoints (TP) by the brand agent in

the S-008b instance. The vertical black line separates the training and test windows.
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