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Abstract Since COVID-19 upended the world, marketers can no longer rely on historical 
data to inform their decisions. Channel splits have changed and online conversations 
have exploded. Marketing budgets have decreased as a percentage of revenue, meaning 
marketing funds must be used more effectively and efficiently than ever. Fortunately, the 
relatively new application of reinforcement learning — a data science approach — in 
marketing offers additional opportunities to gain competitive advantage using artificial 
intelligence. Unlike other types of machine learning, reinforcement learning uses algorithms 
that do not typically rely only on historical data sets, to learn to make predictions. 
Rather, these algorithms learn as humans often do, through trial and error, adjusting their 
‘behaviour’ based on the outcomes of their actions. While the algorithms and computations 
behind reinforcement learning can be complex and sophisticated, its ability to deal with 
real-time decision making makes it an attractive option for marketers. This paper shows 
that with the right ‘business translator’ — that is, a person or team operating as the ‘glue’ 
between data science and business performance — sophisticated data science becomes 
accessible to commercial teams looking to drive performance improvements.

KEYWORDS: reinforcement learning, data science, marketing analytics, change 
management, artificial intelligence, digital marketing

INTRODUCTION
The last two years have turned the world 
upside down and marketing has not 
been spared. This is most obviously seen 
in consumer markets, where the global 
COVID-19 pandemic acted as an accelerator 
of consumer engagement with digital media. 
Customer conversations have moved towards 
the online world, and e-commerce has 
grown between two and five times faster 
than before the pandemic.1 Channel splits 
have changed dramatically, and brand loyalty 
has been dented. Unsurprisingly, given this 
trend, digital channels strengthened their 
position in 2021 as the most invested-in 
advertising medium worldwide. Nearly 59 
per cent of all global advertising investments 

were devoted to digital promotion last year, 
while television received less than 25 per 
cent of total advertising expenditure.2

Add to this that marketing budgets are at 
their lowest as a percentage of revenue since 
Gartner began its annual CMO survey,3 and 
the result is the perfect storm. This challenge 
means that using data science for ‘better’ 
decision making becomes a necessity, rather 
than just an opportunity. As this paper will 
discuss, existing data science techniques from 
the field of reinforcement learning, such as 
contextual multi-armed bandits (CMABs) 
and K-armed bandits, applied in new 
ways to marketing challenges, have proven 
effective at tackling common problems 
in digital marketing, such as investing the 
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right amount in paid search to show the 
right advertisements to the right audience 
at the right time, or allocating advertising 
inventories based on performance in digital 
advertising.

CONTEXTUAL MULTI-ARMED 
BANDITS APPLIED TO GOOGLE PAID 
SEARCH
One organisation that understands the 
challenges of paid search very well is JOT 
Internet Media, a Spanish company that 
helps its partners to reach new audiences 
relevant to their business, increasing and 
monetising their web traffic.

As an innovative organisation, JOT was 
looking for data-driven ways to improve the 
service it provides to its clients, and to save 
data-crunching time for its digital marketing 
experts, freeing up more of their time for the 
creative part of the job.

JOT has a long history of experimenting 
with data science to help achieve its goals, 
and in 2021 it teamed up with Amplify 
Analytix, a business data science company. 
The main goal of this partnership was to 
improve JOT’s detection of non-trivial 
temporal search patterns, with a view to 
identifying the most relevant keywords 
(interests) of the day, month or season, as 
well as by location, to help JOT’s digital 
marketing accounts make more effective use 
of their marketing budget.

The partnership was enabled by the 
European Data Incubator, an Innovation 
Action project co-funded by the European 
Union to facilitate sustainable business 
incubation around Big Data. Using JOT 
data to conduct the trial, Amplify Analytix 
explored whether applying the bandit 
technique could help to improve both 
clicks and click-through rate (CTR), 
thereby better serving JOT’s clients — and 
succeeded in developing an award-winning 
implementation of an algorithm using 
the CMAB technique from the field of 

reinforcement learning, to optimise Google 
Ads spend.

To get the maximum benefit from the 
application of data science to business 
problems, it is crucial to spend time upfront 
to understand why the organisation wants 
to improve its current performance and 
how its teams will use the improved 
solution as part of their daily operational 
processes. This ensures that solutions are 
focused not just on maximum performance 
but also on maximum usability. Amplify 
Analytix business analysts invested time in 
understanding the various steps taken by 
JOT’s digital marketing experts to determine 
the best course of action for spending 
Google Ads budget. Based on business 
context, the market trend of drastically 
changing consumer behaviour, data size and 
data patterns, CMAB was deemed the best fit 
for purpose.

INVESTING IN REINFORCEMENT 
LEARNING PAYS OFF
With the solution implemented in a live 
environment, the CMAB application to 
Google Search bid optimisation resulted 
in 15 per cent higher CTR, 7 per cent 
estimated increase in return on investment 
(ROI) and 38 per cent of digital expert time 
saved. Further, the time taken to onboard 
new digital specialists joining the team was 
reduced by an estimated 12 months.

In the words of Fernando Perales, Head of 
the Research Lab and Strategic Partnerships 
at JOT:

‘After analysing the results, it is clear that 
the model helps to improve marketing 
campaign performance. In particular, 
its ability to digitise and replicate the 
optimisation processes carried out by 
accounts, resulting in a significant reduction 
in time consumed by analyses and delivering 
a data-driven decision support system. This 
was made possible because the team sought 
to understand end-user roles and pain points 
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and built a model that added value to daily 
work. We are very interested in continuing 
collaboration to develop these predictions 
one or even two steps further. The gains are 
definitely worth it.’

REINFORCEMENT LEARNING IN THE 
ALLOCATION OF ADVERTISEMENT 
INVENTORY
Much like JOT, Voiro, a data technology 
company bringing automation and 
intelligence to leading media organisations 
across the world, has also embraced the 
benefits that reinforcement learning 
can bring to digital advertising. Voiro’s 
advertising operations suite orchestrates 
orders, placements, billing and integrations 
for leading advertisement publishers, 
over-the-top (OTT) businesses and 
e-commerce companies. Amplify Analytix 
and Voiro teamed up to enable Voiro 
to optimise the allocation of available 
advertising inventories for its clients by using 
the reinforcement learning technique — 
‘K-armed bandit’.

To deliver ads to viewers, ad requests 
are routed to supply-side partners (or 
also, Indirect partners). Indirect partners 
are the bridge between the Publisher’s 
platform and the Ad exchanges. A Publisher 
is most often connected with multiple 
indirect partners. Based on priorities set 
on the Publisher’s platform, ad requests get 
allocated to different indirect partners. Prior 
to the data science implementation, the 
percentage of advertising requests sent to a 
particular advertisement delivery path was 
assigned manually among indirect partners 
to advertisement publishers, a process that 
could not capture variations in advertisement 
performance. Some indirect partners provide 
better performing advertisement placements 
and help generate more revenue for 
advertisers than others. Without intelligent 
allocation of advertising inventory among a 
range of indirect partners, an optimal price 

offer for advertising could not be achieved 
for the advertisement publishers, thus losing 
them revenue without them being able to 
know how and why.

Thanks to Voiro’s innovative approach, 
Amplify Analytix was able to create and 
deploy cutting-edge reinforcement learning 
models to enable the intelligent allocation 
of advertising inventory among its indirect 
partners based on specific context, such as 
their historic performance, inventory type, 
time of year and price.

K-ARMED BANDITS AND 
ADVERTISEMENT ALLOCATION
A K-armed bandit from the field of 
reinforcement learning was used to assign 
priority to indirect partners. Once priority 
levels have been identified, advertisements 
are delivered proportionally according to 
that priority. The performance of indirect 
partners is assessed daily by the model and 
priority is adjusted accordingly.

Voiro chose to work with reinforcement 
learning because it is an online training 
approach that removes model retraining 
overheads and becomes more flexible and 
scalable, thereby minimising the company’s 
dependency on Amplify Analytix or any 
other data science partner in the long 
run, without the need to build up a new 
competency in-house. Amplify deployed 
these models on cloud technology to 
enable API calls from Voiro’s ‘Panthera’ 
product to obtain recommendations on 
inventory split. The model is developed and 
deployed on Amazon SageMaker, which 
makes it instantaneous and highly scalable. 
This method helped reshape the allocation 
of advertising inventory from manual to 
automatic.

The data solution resulted in a 5 per cent 
monthly revenue increase for one of its most 
important clients — a well-known OTT 
platform that streams television shows and 
movies.
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In the words of Anand Gopal of Voiro:

‘This AI-driven recommendation system 
for publisher advertising inventory 
allocation has a dual benefit: in addition to 
driving revenue impact, it helps publishers 
reduce the time, effort and operational 
costs involved in the management of 
programmatic advertisements.

As the model factors in holidays and 
special events, it can robustly handle any 
sudden aberrations in available advertising 
inventory. Reinforcement learning-based 
inventory allocation allows for plug-and-
play optimisation across programmatic 
partners and reduces human dependency, to 
a great extent.’

TODDLERS, BANDITS AND 
MARKETING . . . REALLY?
The principles of reinforcement learning, 
and bandits in particular, are guided in no 
small part by learnings from the field of 
psychology.  The way that these models work 
is somewhat similar to how a child learns 
from its actions.  When a toddler is making 
its way around the house and discovering fun 
things to do, it seeks to repeat those activities 
to gain the ‘reward’ of enjoyment.  Of course, 
some actions have unpleasant outcomes, 
such as accidentally burning their hand 
on the heater or bumping their head on a 
table.  Over time, the child learns these are 
activities that it does not enjoy, and seeks 
to avoid the ‘punishment’ that such actions 
entail. In these circumstances, one can liken 
the concept of rewards to feedback for a 
given action; so, in circumstances that lead to 
a negative outcome, one obtains a negative 
return, while desired outcomes result in a 
positive reward.  The model learns, as the 
toddler does, from the feedback that it 
continuously gets from its environment.

In more technical terms, the bandit 
seeks to maximise returns by selecting one 
of K-options in each round. Each option 
has unknown reward  distribution,  and 

the algorithm tries to learn the reward 
distribution of each option to then use this 
information and optimise its actions for the 
purpose of maximising returns. In other 
words, there is a context in which the model 
operates, actions (options) from which it 
can choose, and rewards after every choice 
that will define how well the action was 
predicted. The reward feedback ‘teaches’ the 
algorithm to learn and improve its outcome 
with every decision taken.

Applying this logic to digital advertising, 
as seen in these two examples, is a fitting 
application of the bandit as the context 
and actions are not only clearly defined 
but there are also frequent rewards from 
which the model can learn. The context for 
the algorithm is a complex combination 
of parameters, such as target audience, 
search category, platform, device, browser, 
advertising space,  match type, price, date and 
time-related features, user demographics if 
available, advertisement type, advertisement 
content, campaign properties, etc.

The reward component requires careful 
consideration and must have a clear link to 
the business goal the organisation seeks to 
achieve. It could be a single objective, such 
as the number of clicks the advertisement 
receives, especially if the revenue of the 
demand platform depends on the number 
of clicks. One could also consider, for 
example, the total revenue obtained from 
all advertisement placements. The high 
frequency of the rewards comes from the 
hundreds and thousands of auctions available 
every day, and this is why, through frequent 
learning from every reward, the bandit can 
further improve the outcome in a short 
period of time.

From a process, speed and volume 
perspective, the algorithm mimics human 
learning by utilising over 1,000 daily 
iterations to produce the best bid options per 
advertising group and campaign. This process 
is equivalent to the collective learning 
of 100 digital marketing or advertising 
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managers working as a team, but it happens 
on a daily basis in a matter of seconds. The 
algorithm considers all past events, trends 
and interdependencies in the data without 
requiring marketer time for analysis.

REINFORCEMENT LEARNING 
COMPARED WITH OTHER FIELDS  
OF MACHINE LEARNING
In traditional machine-learning paradigms, 
algorithms are trained to learn patterns on 
a batch of historical training data. These 
batches come with labels or numerically 
valued outcomes. Once the desired outcome 
has been modelled reasonably well, the 
models are deployed into business processes. 
With the passage of time, new business 
patterns can evolve and a previously 
trained model may no longer be relevant. 
Data science practitioners refer to this as 
model drift. Reinforcement learning as 
a machine-learning paradigm offers an 
alternative. Reinforcement learning involves 
training an artificial intelligence (AI) agent 
that learns to take optimal decisions based 
on its interactions with its environment 
and the reward signals it obtains. At the 
beginning, this training does use historical 
data. But the design of the agent allows 
it to be explorative even after it has been 
deployed. Every now and then, the agent 
takes an action that cannot be considered 
‘optimal’ based on its prior experience. This 
allows the agent to explore alternative action 
choices, even as the business patterns change. 
This continues, keeping the AI agent relevant 
with time.

UNDERSTANDING BANDITS  
AND CONTEXTUAL BANDITS
To understand multi-armed bandits, it is 
helpful to think of a practical scenario. 
Imagine that a casino has 20 slot machines 
and the cost of interacting with (spinning) 
any of them is US$1. Suppose then that one 
of these 20 machines is malfunctioning, and 
the probability of hitting the jackpot with 

it is disproportionately large compared with 
the other machines.

The gambler in this hypothetical scenario 
knows that one of the slot machines is 
malfunctioning, but has a budget of only 
US$50. He must therefore choose which 
machines to play based not only on payoff 
but also on how long he is able to interact 
with them. For the gambler then, the 
problem is thus which machines to try, and 
in what order, to find the machine with the 
highest payoff, within a limited budget.

This represents a typical statement for 
the 20-armed bandit problem (as there are 
20 different machines). A solution to this 
problem involves an algorithm for deciding 
the sequence of slot machines to interact 
with.

Suppose now that other people also 
know that one of the machines yields bigger 
payoffs. In this case, imagine that the gambler 
consults these people every time he is about 
to spin a machine. As he is considering other 
information when choosing a machine —  
the opinions, beliefs and guesses of the 
others — it becomes a contextual 20-armed 
bandit problem. The problem formulation 
is the same as above, except that now more 
information — or context — is available 
to the decision-maker at any point in time. 
Again here, various algorithms exist for 
utilising this additional information when 
selecting the next slot machine to spin.

DATA SCIENCE DEPENDS  
ON EXPERIMENTATION
As this paper has demonstrated, 
reinforcement learning can bring great 
benefits to improving performance, 
helping marketing teams to identify 
the right actions to take across a value 
chain as events unfold. Thinking beyond 
optimising advertising choices, when 
integrated within personalisation and 
recommendation systems, reinforcement 
learning can help organisations personalise 
messaging, promotions and offers in 
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near real time, improving relevance 
for customers, thereby improving the 
customer experience, as well as the 
likelihood of sale. Getting started, however, 
can seem daunting, not least because 
expectations from the boardroom tend to 
be sky high, and so many companies are 
now promising to unlock the power of 
data using AI.

Here, it is worth bearing in mind 
that the ROI is likely to be higher with 
contextual bandits than with traditional 
machine-learning models. There are multiple 
reasons for this. First, reinforcement learning 
models are typically trained offline using 
historical data. This is expected to make 
them at least as good as a human expert 
at making decisions. Thereafter, the model 
is deployed online, in the field, where it 
continues to improve on its decision-making 
as it interacts with its environment. Its 
performance, as a result, stays relevant even 
as environmental patterns change. More 
relevant decisions then translate into better 
performance and improved ROI, as seen in 
the previously discussed JOT case. This stands 
in contrast to traditional machine-learning 
models, which require periodic retraining to 
maintain performance. Secondly, contextual 
bandits are ‘lightweight’ reinforcement 
learning applications that can be trained 
with a powerful but otherwise standard 
personal computer. Training standard 
machine-learning models on the other hand, 
can be CPU/GPU heavy. In conclusion, it 
can be said that that both cost of deployment 
and performance, are likely to be higher with 
reinforcement learning models.

Laura Murphy, CEO of Amplify Analytix, 
says:

‘Over the years, we keep improving the 
recipe for success: a business problem or 
opportunity that is clearly articulated 
and understood by all stakeholders, a 
“translation” of the business problem 
into terms that can be handled by data 
science, a top-notch data science model 

built by the best data scientists, and a 
deep understanding of how the output 
or insights will be used by the business 
users in question are all crucial ingredients. 
Our best work happens when we create a 
multi-disciplinary, cross-organisation team, 
as we did with JOT and Voiro, made up of 
those who need and those who build the 
insights, to enable us to change established 
ways of working and deliver improved 
performance. We encourage every team 
to get on the journey, experiment, learn 
fast and embrace occasional failure as part 
of the learning. We are convinced that the 
possible benefits, for now and in the future, 
far outweigh any teething problems on the 
way to unlocking the value of your data.’

CHOOSING THE RIGHT DATA SCIENCE 
PARTNER
So, how does one choose the right data 
science partner to get started? Sasha 
Dzhuras-Dotta, Growth Strategist and 
former Marketing Director at Wella 
and iRobot UK, provides the following 
viewpoint:

‘If you are at the beginning of your AI 
journey, you need a reliable partner who 
will seek to understand your business 
challenge before bringing a data-science 
based solution to the table. Some 
considerations:
• Curiosity, skills and persistence to 

ask the right questions in order to 
articulate clearly the business problem or 
opportunity you are trying to tackle and 
why.

• Ability to keep it simple — a data 
science partner should be able to make 
themselves understood by people who 
have no experience in data science, using 
common sense and business terms, and a 
willingness to offer the simplest solution 
possible to “get the job done”.

• Patience and persistence working with 
your data — no matter how challenging 
or “unclean” it may be, and a can-do 
attitude to discover what is possible, 
rather than what is not.

04_ED Perales et al_JDSMM_10-2.indd   14104_ED Perales et al_JDSMM_10-2.indd   141 28-10-2022   18:04:2728-10-2022   18:04:27



Time for marketing to embrace reinforcement learning

142 Journal of Digital & Social Media Marketing Vol. 10, 2 135–142 © Henry Stewart Publications 2050-0076 (2022)

• Broad coverage of different data science 
fields, and top-notch data scientists who 
can offer the most appropriate solution.

• Willingness to explain the process (not a 
black box) and invest in development of 
your team, preparing them for the next 
stage of your AI journey.

• Courage to share unexpected or difficult 
discoveries.’

BRINGING IT ALL TOGETHER
Potential customers are spending more of 
their time shopping online than ever before, 
and customer journeys are increasingly 
complex, generating mountains of data for 
analysis; yet marketing budget allocation is 
experiencing a low as companies around 
the world try to recover from the impact of 
drastic COVID-19 regulations.

This gives marketers and data scientists a 
unique challenge — extracting meaningful 
information from vast amounts of data as 
efficiently and cost-effectively as possible 
in order to inform decision-making and 
plan a way forward for the company. The 
solution lies in the application of intelligent 
data-driven methods such as the K-armed 

bandit technique to inform decision-makers, 
improve customer service, and save 
data-crunching time for digital marketing 
experts.

Getting the best out of complex 
data requires advanced science, and an 
enthusiastic, clever, transparent team to 
develop the best algorithms to handle 
different problems. Getting the expertise and 
the experts right gives every company the 
best chance to handle whatever curveball is 
coming next.
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