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Remember, men need laughter sometimes more than food.
~Anna Fellows Johnston

2

Abstract
In this thesis we are interested in maintaining a humorous interaction between a human user and an
artificial agent. This interaction is such that the artificial agent must adapt himself to the human's
sensibility. This problem will be analyzed as a joke recommendation scenario, where the interactions
between the user and the agent are incidental, and are not part of a long-term interaction. This
adaptation requires the agent to have an online adaptation to the user's immediate feedback provided
when is proposed jokes by the system.
On this work we show that, with casual interactions as considered on this thesis, the sequence of
recommendations used by typical collaborative filtering algorithms can have significant impact on the
enjoyment of the user on the early stages of interaction. This is illustrated with a well-known online joke
recommender system which uses collaborative filtering. Our results show that, rather using regretbased algorithms, we may improve the user's general experience significantly.
Additionally, we present results that illustrate several interesting phenomena observed in the joke
recommendation scenario that opens doors for future research: (i) in the presence of clustered data,
recommender systems which are based on clustered data may perform worse than a simple global
recommender; (ii) in the presence of differentiated user populations, adversarial online adaptation
algorithms (i.e. such algorithms that do not assume statistical properties behind the user preferences)
shown to be more robust than other methods.
Keywords: Prediction Problem, Experts, Recommender Systems, Online Learning, Collaborative Filtering
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1. Introduction
One of the main objectives of artificial intelligence is to create computational agents which can maintain
an interaction with the user without him being able to differentiate whether he is interacting with a
human or a computer. More in deep, one of the main attributes of a human interaction is the sense of
understanding humor. Accordingly, if a person, or an agent, does interact with another person with
humor, that interaction will be perceived as more friendly and natural by the human being. We are
particularly interested in those agents that interact casually with humans, that is, they have a limited
number of interactions with the user. In this way, the feedback given by the human user must be used
very efficiently. As this casual interactions often involve humor, it is relevant that we can learn as much
from the user as possible, and use this information in the most efficient way.
Also, the humor is proven to have a very positive impact on the human being. As an example, it helps
when the person is feeling depressed, strengthening its immune system [1] and it aids on the relief of
high-tension situations [9].
In this thesis, we work on the problem of developing an artificial agent that is capable of interacting
humorously with the human user, adapting its recommendations to the perceived user sensibility. In
particular, we address this broad problem in a simplified scenario of joke recommendation, where the
agent, having no prior information on the user he is interacting with, has to recommend jokes in such a
way that he may learn much from the user in few interactions, adapting itself to the user in an online
manner, using the feedback given by the user to guide the selection of jokes presented to him.

1.1. Our Approach
More specifically on the joke recommendation scenario, we will evaluate several existing methods for
recommending a joke to the user. Each of these methods makes different assumptions on the feedback
given by the users.
For us to accomplish this goal, we need to first develop and implement prototypes of each of the
different methods and apply them to the data we want to test with. This testing will be made with
already gathered data of user feedback to jokes. After the comparison and discussion of the obtained
results, we will develop another system that recommends jokes to a real user using the same methods.
In this way, we can validate the results we have previously concluded. Finally, after evaluating the
characteristics of the data we have initially used, some research and results will be exposed on how
these results could be improved.
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2. Related work
In this section we survey and discuss research that has been made on the context of our work, mainly
focusing on recommender systems adapted to music and jokes.

2.1. Types of RS
Recommender systems are used in a variety of scenarios (media recommendation, ad selection,
targeted marketing, etc.), and the recommender approach will greatly depend on the scenario. For
instance, these recommendation might be done according to the item's content (e.g. movie genre, car's
top speed), or it might be done by analyzing how an item is enjoyed on a social context, comparing the
similarity between users. In this section, we will present the principal types of recommender systems.

i. Content-based filtering
This type of recommending technique takes advantage of the similarity of the items that were
successfully recommended in the past to the user. It groups similar items together and recommends the
items based on group ranking.
For instance, in a joke recommendation context, if a certain user rated highly the black-humor jokes,
jokes of that type will with high probability be recommended in the future.

ii. Collaborative filtering
Unlike the previous filtering technique, the collaborative filtering focuses on predicting the user rating
for an item considering other users’ that are somehow similar to him. This is the most suited
recommending technique for such complex items as music or movies, since this technique doesn't
depend on any classification that should be pre-thought of, i.e. the black-humor genre for the jokes.
Similar users are grouped together, and then it recommends the items based on group preferences.
Considering our example, when we are recommending a joke, we don't need to know a priori if a person
takes more into account the type of a joke than the length of the joke. If there are many users who do
take into account the length of the joke, the user will, by definition, naturally fall on that group.
Considering our main goal, when we want to recommend a joke based on the collaborative filtering, we
will consider the most likely items to be highly rated by users that made a similar rating to past jokes the
user was told. The Jester application, which we will study further on, falls in this category.

iii. Demographic
Demographic RS, similarly to collaborative filtering in that similar users are grouped together and jokes
are recommended based on joke preferences. The main difference from collaborative filtering is that, in
the later, similarity is measured in terms of item rating, while in demographic RS it is based on other
attributes (geography, age, etc.). As an example, a system recommended books to the user based on
11

personal information gathered through an interactive dialogue [12]. This has as a clear advantage of not
needing to know the history of the user's ratings, such as needed by the collaborative or content-based
techniques. [10]

iv. Utility-based
The utility-based technique doesn't have the aim of creating a long-term generalization of the user, but
rather to match the recommendation to his needs, based on a utility function and on the set of items
available to the user. In these cases, the user's profile may function as the utility function of the user,
since it will contain what's useful and what's not to him. [10]
As, on our particular case, due to the casual interactions with the user, this approach will be followed.

v.

Knowledge-based

The knowledge-based technique attempts to recommend items based on the inferences made from the
user and his needs. These types of systems work if they have the knowledge capable of linking a
particular recommended item with the need of the user, and can easily come up with this relationship.
As a simple example, when a user types a search query on the Google search bar, the results can be
found in this category.

vi. Hybrid
Some hybrid techniques also exist, which take advantage of both content-based and collaborative
techniques, so the limitations of both can be overcome.
This technique can be achieved, as an example, by combining the predictions of both techniques and
choosing the highest rated item.

Conclusion
The most suitable approach for humor are collaborative filtering and utility based filtering, since as we
don’t have any demographic information of the users and a content-based filtering approach is too
limiting, since there is no trivial way of to define the principal features.
In particular, Jester has a more collaborative filtering approach, while our will be more utility-based,
although we’ll also leverage some of the strengths of CF.

2.2. Music Recommendation
In the previous section we reviewed general families of recommender systems. We now move to a
description of existing recommender systems, focusing on two areas that are closer to the scenario
considered in this work: music and joke recommendations.
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In music recommendation, the recommender has the objective of choosing a song from a set of songs
and recommends the most suited one to the user, so it can perceive a higher feedback from him.
Whenever a song is recommended to the user, the user gives its feedback, whether by pressing the next
song button or by hearing the song until the end, repeating the cycle of recommendation.
On this type of recommender systems, content-based and collaborative filtering are the most applied
types, since whenever a person enjoys one genre of music, he usually enjoys other artists from that
genre.
One important problem arising in recommender systems is concerned with the tradeoff between
exploiting knowledge already obtained about user’s preferences and exploring new recommendations
to acquire more knowledge about him and improve recommendations.
When the system knows a type of music that gives the greatest feedback from the user and it chooses
songs from that type, it is called a greedy action, meaning that the system is exploiting the information it
has. When the system doesn't know which type of music rewards the most value, it recommends a song
for which it has little/no information, and it is said to be taking non-greedy action and the system is said
to be exploring. The best action to do is to balance the exploiting phase to maximize the reward and the
exploration phase, to find out the greatest reward music type. [2]

2.2.1. Ringo Music Recommender
Ringo is a collaborative filtering music recommender system. It relies on the fact that the user's tastes
are correlated, i.e. are not randomly distributed.
The system functions by keeping a profile of each user with the information of the artists he likes and
what he doesn't like. This information is gathered and kept on a discrete scale.
When a new user first interacts with the system, he is given a list of 125 artists, and has to rate them
from the range of 1 to 7. The rating might include a small review of the artist/album as well. This list is
divided in two, being the first list the most commonly rated artists, which ensures that the major part of
the users rate the same items, so there can be a comparison basis between them, and the second part
of the list is generated randomly from the database with all the artists, so no artist is left outside during
this procedure.
After this initial step to create the profile of the user, some specific commands that Ringo accepts are
shown to the user: list artists/albums that the user will enjoy, list artist/albums that the user will hate
and make a prediction on a specific artist/album.
After a command is sent to Ringo, it answers with list of artists/albums, the respective confidence on the
suggestion and may include a small review given by other users with similar tastes to the interacting
user. This confidence depends on the number of similar users that were used to make this prediction,
the consistency among them. [13]
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2.3. Joke Recommendation
In this section we discuss two works that share the goal of telling the most suited jokes to their users,
similarly to our own objective. The two methods are significantly different and both have limitations,
which we address in our work.

2.3.1. Robot Theater
In [12], a framework is built for NAO robot which permits him to be used as a joke teller that adapts its
selection of jokes to his audience. This is a utility-based approach, with the utility provided by the user
rating and sound. This adaptation is achieved after the robot tells a joke, and receives feedback from the
audience, a red or a green card to the robot. The robot can then use its camera to assess the amount of
red/green cards and adjust its next joke accordingly. It also makes use of the sound made by the
audience to complement the visual feedback.
The overall architecture of this work is presented on Figure 2. In this architecture the robot initially has
the base information on the audience preferences, which will influence the next told joke by the robot.
After the audience model is evaluated, the robot then chooses a joke from the filtered joke set and,
based on the most likely enjoyable item, tells the joke to the audience. When the joke is told, the robot
proceeds to assess the feedback from its audience, whether by audio or visual input, and the audience's
model is updated with this new information.

Figure 1. System developed for the robot theater [adapted from 12]

For this system to understand what the audience enjoys most, it first needs to classify humor items
accordingly. This classification was made using the following dimensions: an item's topic, length,
interactivity, movement-level of the robot while telling the joke, appropriateness and hilarity.
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This attributes are tested in each interaction the robot makes with the audience. When a certain
interaction is made with the public, the feedback of the audience is gathered, and according to their
enjoyment, the weights of the attributes are recalculated, based on the attributes that were present on
the previous interaction.
The audience's model is updated by summing up the previous weight vector with the increasing or
decreasing of the corresponding attributes' values, by multiplying with the feedback valence 𝑦 and with
a learning-rate constant 𝑎 with the characteristics of the previous joke, which we will denote as the
𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝐹𝑎𝑐𝑡𝑜𝑟. In this way, we will consider the previous knowledge we had from the audience plus
the new information we got from the audience. Thus, the mechanism for incorporating this new
knowledge is roughly the following
𝑘𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒 𝑡 + 1 = 𝑘𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒 𝑡 + 𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝐹𝑎𝑐𝑡𝑜𝑟 ∗ 𝑛𝑒𝑤𝐾𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒(𝑡)

(1)

Regarding the exploration and exploitation balancing, whether we should choose between exploring
and gathering information of the user or exploiting it, after having this audience's model updated, the
next joke is selected by inspecting the most weighted attributes, thus selecting that type of attributes
that have enjoyed the audience the most. When a particular selection of few attributes is the most
weighted, since it has enjoyed the crowd the most, some other attributes that might also be enjoyed by
them also are victims of starvation. To solve this problem, at each time-step the robot selects what it
thinks it’s the best joke with a probability of 1 − 𝜀 and a random joke with a probability 𝜀. The constant
𝜀 determines the exploration probability and is decreased with time. The use of a residual exploration
probability to make sure that no option is completely ruled out is an approach commonly used in the
literature, and will also be used by one of the online learning methods adopted in this thesis.
Another improvement possible to the single joke selecting technique is to generate a joke sequence,
where a coherent sequence is presented to the user, being divided in e.g. three phases: "Grab
attention", "Interstitial" and the "Climax".

2.3.2. Jester
Jester [3] is an online joke recommender system, like the Ringo recommender surveyed in Section 2.2.1,
uses collaborative filtering to determine the preferences of the user in terms of jokes. To this purpose, it
initially asks the user to rate a set of eight pre-determined jokes (the gauge set) and based on other
users and based on other users that similarly rated those eight jokes, recommends the subsequent
jokes.

15

Figure 2. Jester web-application interface for joke telling.

It uses the Eigentaste algorithm (which will be thoroughly explained later), in which the user is
presented an initial set of jokes, called the gauge set, for the user to rate and afterwards attribute them
the best suited cluster of users whose ratings match the rating given by the user. The eight jokes in the
gauge set were selected so as to provide maximum information about the user preferences. Whenever a
user is assigned a cluster, he/she will be recommended the best jokes by the other users that are part of
that same cluster, to which it is believed that the user will give a higher feedback.
As soon as a user is assigned a cluster, the algorithm doesn’t change the cluster the user was attributed
to. This behavior might be limiting for the algorithm, since despite analyzing the gauge set rating and
pointing the user to one cluster, the algorithm should be capable to use the additional feedback the user
provides as he/she interacts with the system to improve the joke recommendation capabilities.
Although the continuous rating scale bar allows the algorithm to get more information on the feedback,
it demands from the user the task of rating the jokes relatively to the previously rated ones. As an
example, if the users enjoys a lot the first joke, he may mark give it the highest rating, but if he enjoys
the second one even more, he can only mark it as a maximum of 10, thus not permitting the algorithm
to understand this differentiation.
After the gauge set is rated, the remaining jokes are presented to the user in the order of preference
they are ranked by the cluster the user belongs to. The feedback gathered from the remaining jokes is
used as a correction to the mean feedback of a certain cluster, i.e. this new feedback information is used
to recalculate the average joke rating of a particular cluster.
Our proposal is fundamentally different from Eigentaste, since we don't want to assume that a person's
taste in jokes can be classified by the eight more relevant jokes. Moreover we want our
recommendations to accommodate a dynamic behavior throughout each session of joke
recommending, and depending on the feedback given by the user at all times, adapt the joke telling
sequence.
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As the Jester will be used as a benchmark for comparison, more details on its algorithm are provided in
the continuation.
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3. Prediction with Collaborative Filtering and Regret Minimization
We will now formalize the general prediction problem and how it is tackled by two classes of methods,
namely the collaborative filtering and the regret-based prediction algorithms. We will also present the
assumptions and properties each of the methods has.

3.1. Prediction Problem
The problem of joke recommendation can be cast as a general prediction problem, formalized as
follows.
An agent/decision-maker is faced with the task to predict/select a sequence of items 𝑦1 , … , 𝑦𝑇 , each
taking values in some set A = {1, … , 𝐾}. For each item 𝑦𝑡 selected, the agent receives a payoff 𝑈𝑡 (𝑦𝑡 )
and the goal of the agent is to maximize the total payoff received. The payoff functions 𝑈𝑡 assign a real
value to each element in A and are unknown to the agent.
At each step 𝑡, the 𝑟𝑒𝑔𝑟𝑒𝑡 of the agent in hindsight (or just regret) is given by
𝑇

𝑅 𝑡 = max

𝑖=1,…,𝐾

𝑈𝑡 𝑖 − 𝑈𝑡 (𝑦𝑡 )
𝑡=1

And describes how much the agent regrets not having selected the best item 𝑖 in every time-step.
In the following sections we describe the Eigentaste algorithm and how it can be used to implicitly tackle
the above prediction problem and we then describe two regret-based algorithms that rely on different
assumptions about how much information is disclosed to the agent about 𝑈(𝑡) at each time-step 𝑡. Both
regret-based algorithms have solid performance guarantees in terms of regret.

3.2. Eigentaste
Eigentaste guarantees a constant online time recommending, although having some limitations
attached to it.
This algorithm is divided in two phases: first, there is an offline computation phase, where the clusters
are created and the mean ratings for each cluster calculated. In the second phase, having all the clusters
created, we discover in which cluster a new user belongs, thus recommending him jokes more likely to
be enjoyed by the users that belonging in that class.
To build the clusters, Eigentaste applies Principal Components Analysis [7] to the raw user ratings for the
eight jokes present on the gauge set. PCA is a broadly used technique used to extract the principal
features from the data. Its main goal is to identify the principal eigenvectors which explain the most
variation in the data.
Feature extraction is the process of extracting the principle features that explain the data, so that its
dimensionality is reduced. This feature extraction has the objective to maximize the decorrelation of the
data by projecting it onto the most important vectors.
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There are other similar techniques for the same purpose, such as Independent Component Analysis,
which will try to separate a signal into statistically independent variables. [6]
For more information on the details of PCA, see [6] [14].
After obtaining the two most relevant eigenvectors, these will be the base vectors used to map the
users to a point in a 2-dimensional plane. This plane is then used for the clustering of the users.

Eigentaste's Offline Phase
1.

Given the data-set containing user’s ratings of the jokes in the gauge set, apply PCA to reduce
dimensionality of the dataset 2

2.

From the reduced 2-dimensional data, perform geometric clustering based on recursive
rectangular clustering

3.

Given the rating vector of a new user to the pictures in the gauge set, determine his/her
cluster by projecting the rating vector into the two principal components computed in 1.

Since the grand majority of the points mapped are centered on the origin of the plane, a recursive
rectangular clustering is done, so we may have a more homogeneous distribution, using the following
algorithm:

Recursive Rectangular Clustering
1.

Start with a rectangular that encloses all the points on the eigenplane

2.

Perform 3 bisections on both x and y axes, which will yield a total of 16 sub-cells

3.

Repeat the step 2. on the sub-cells that have the origin as a vertice

4.

End when desired depth is achieved

This clustering technique yields the divisions that can be visualized on Figure 3.
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Figure 3. Example of clustering using the described algorithm [adapted from 6].

This clustering has the purpose to join the neighbor users, and each of these clusters will yield on a set
of ratings, each item having the rating as the average rating the users from that cluster gave to it.

Eigentaste's Online Phase
1.

The user is given the gauge set to vote.

2.

The user is projected on the eigenplane using the PCA's extracted features and the gauge set
classification.

3.

Find his representative cluster.

4.

Recommend items based on his representative cluster.

This algorithm suffers from the cold start problem, as well as the most existing collaborative filtering
methods: it may need hundreds or even thousands of initial ratings for the clustering to converge to
some value.
After the offline phase of updating the expert's values, when a new user interacts with the system for
the first time, he is attributed a cluster, using the previously generated and used eigenvectors.
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Figure 4. Sketch of the Eigentaste's algorithm.

As a disadvantage, after the attribution to the cluster is done, the user cannot be changed on the cluster
it belongs.

3.3. Weighted Majority Algorithm
The WMA considers an initial set of experts, where each individual expert will independently predict the
next item to show to the user. The algorithm then takes into account each of the predictions all the
experts would make, and selects the item that has the most votes, being that the item chosen by the
algorithm to present the user.
The algorithm, which can be seen on Table 1, considers a set of 𝑁 experts, represented by 𝐽, and these
experts are attributed a weight. This weight expresses the weight of the vote of that particular expert on
the final total votes, polled by the algorithm. These weights are attributed to the cluster in the initial
step of the algorithm, and they are all initially equal. In the next step, the algorithm polls each expert for
their prediction, and collects the vote with the corresponding voting weight for each of them. Finally,
the votes are all counted, and the item with most votes is presented to the user. After a reward from
the user is received, and if the user didn't like the joke, all the experts that agreed with the joke are
reduced the weight, i.e. are multiplied by a fixed factor 0 ≤ 𝛽 < 1. When 𝛽 > 0, the experts that make
mistakes often will tend to have a lower weight. [4]
Being 𝑟𝑖,𝑗 (𝑡) the advice the expert 𝑗 gives for the item 𝑖 at time 𝑡, we have:
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Weighted Majority Algorithm
Initialization: Define 𝟎 ≤ 𝜷 < 1, ∀𝒋∈𝑱 𝒘𝒋 𝟏 = 𝟏
For 𝒕 = 𝟏, … , 𝑻 do
1. Get advice of each expert 𝒋 for a joke 𝒊 as 𝒓𝒊,𝒋 (𝒕)

𝒓𝒊,𝒋 𝒕 , 𝐢𝐟 𝒊 = 𝐛𝐞𝐬𝐭 𝒋′ 𝐬 𝐚𝐝𝐯𝐢𝐜𝐞 𝐚𝐭 𝐭𝐢𝐦𝐞 𝒕
𝟎
, 𝒐𝒕𝒉𝒆𝒓𝒘𝒊𝒔𝒆

2. For each recommended item 𝒊

|𝑱|

𝒑𝒊 =

𝒓𝒊,𝒋 (𝒕) ∗ 𝒘𝒋 𝒕
𝒋=𝟏

3. Choose 𝒊 as 𝒎𝒂𝒙𝒊 𝒑𝒊as the item to recommend to the user
4. Receive reward 𝒙𝒊 (𝒕)
5. For each defined 𝒓𝒊,𝒋 (𝒕) where 𝒊 ≠ 𝒙𝒊 (𝒕) do

𝒘𝒋 𝒕 + 𝟏 = 𝒘𝒋 𝒕 ∗ 𝜷
Table 1. The Weighted Majority Algorithm.

The WMA has known and proven top bounds for the mistakes it can make, as it is shown in [4]. We must
take into account that the WMA requires the full payoff function 𝑈𝑡 to be disclosed at each step 𝑡.

3.4. Prediction in the multi-armed bandit setting
Consider a gambler who bets on 𝑁 different slot machines, each of those machines giving a prize
according to a certain unknown distribution. The gambler playing with those 𝑁 slot machines has the
objective of maximizing its bets' income, that is, it has to choose which of the levers to pull at each time
𝑡 to get the maximum reward sum overall.
The performance of the algorithm may be measured by the difference between the actual rating that
the user gave to an item (or reward) and the expected rating that the algorithm has predicted for that
item, or, by other words, the regret.
One of the first times a MAB problem was encountered was in the medical trials, where ill patients had
to be cured with the right treatment, since choosing the wrong treatment would yield in a very
expensive cost, i.e. a negative reward. [11] [8]
On our case, the multi-armed bandit problem is a prediction problem where, at each time step 𝑡, the
agent is only able to observe the payoff of the item it chose, 𝑈𝑡 (𝑦𝑡 ), unlike the prediction scenario
considered in the previous section, where the agent has access to the complete payoff function 𝑈(𝑡).
We discuss two algorithms, which bring a deterministic and non-deterministic solution to our problem,
UCB1 and Exp4 algorithms respectively.
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3.4.1. Stochastic Bandits and UCB1
The UCB1 is a deterministic algorithm that selects an expert considering the average feedback it has
provided and the confidence he has on that expert being the best rewarding for that user. In other
words, it assumes a statistical distribution behind the payoff given by the user.
Initially the algorithm polls each expert once, tests the corresponding reward and attributes the average
feedback of the expert to its weight. After all the experts are polled, the empirically best expert is
chosen, following a policy that has proven upper bounds, which can be further read on [5]. A sketch of
the algorithm is made on Figure 5.

Figure 5. Sketch of the UCB1 algorithm.

The UCB1 algorithm may be implemented using the following algorithm:
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UCB1 Algorithm
Initialization: Test each expert once.
Loop:
- Play the expert 𝒋 which maximizes 𝒙𝒋 +

𝟐 𝐥𝐧 𝒏
𝒏𝒋

, where 𝒙𝒋 is the average reward obtained from expert

𝒋, 𝒏𝒋 is the number of times expert 𝒋 has been played so far, and 𝒏 is the overall number of plays
done so far.
Table 2. The UCB1 Algorithm. [adapted from 5]

3.4.2. Adversarial Bandits and Exp4
Contrary to the UCB1 algorithm, Exp4 is a non-deterministic algorithm, which chooses the experts
randomly according to a given probability that depends on the weight of the experts. This setting
doesn't assume a distribution behind the payoffs given to the user.
The Exp4 algorithm starts by giving the same weight to all the experts. Afterwards, each expert is asked
for their advice vector, i.e. the list of items and respective rating the experts give to them. After all the
experts are probed, the probability for each joke is calculated depending on the expert's prediction
probability and respective voting weight. In this point, we have the probability for the selection of each
joke, and so, using a random function, a joke is selected and presented to the user.
When the user gives his feedback, the weights of the experts are changed according to the confidence
the expert recommended that item, and then the process is restarted.
To resume this explanation, we present a sketch of the algorithm on Figure 2.

Figure 6. Sketch of the Exp4 algorithm.
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Given a brief explanation of the algorithm, the algorithm used for the implementation and testing is
presented on Table 3.

Exp4 Algorithm
Initialization: Every experts starts with weight one.
Loop:
1. Get advice vectors 𝛏𝟏 𝐭 , … , 𝛏𝐍 (𝐭).
2. Set 𝑾𝒕 = 𝐍𝐢=𝟏 𝐰𝐢 (𝐭) and for 𝒋 = 𝟏, … , 𝑲 set
𝑵

𝒑𝒋 𝒕 = (𝟏 − 𝜸)
𝒊=𝟏

𝒘𝒊 𝒕 𝛏𝒊𝒋 (𝒕)
𝑾𝒕

+

𝜸
𝑲

3. Draw action 𝐢𝐭 randomly according to the probabilities𝒑𝟏 𝒕 , … , 𝒑𝒌 𝒕 .
4. Receive reward 𝒙𝒊𝒕 𝒕 ∈ 𝟎, 𝟏 .
5. For 𝒋 = 𝟏, … , 𝑲 set

𝒙𝒋 𝒕

𝒙𝒋 𝒕
𝒊𝒇 𝒋 = 𝒊𝒕 ,
𝒑𝒋
𝟎
𝒐𝒕𝒉𝒆𝒓𝒘𝒊𝒔𝒆.

6. For 𝒊 = 𝟏, … , 𝑵 set
𝒚𝒊 𝒕 = 𝛏𝐍 𝐭 . 𝒙 𝒕 ,
𝒘𝒊 𝒕 + 𝟏 = 𝒘𝒊 𝒕 𝐞𝐱𝐩

𝜸𝒚𝒊 𝒕
𝑲

Table 3. The Exp4 Algorithm.

On the first step of the algorithm, we get the advice vectors of each expert, containing the ratings they
give to possible jokes. For each joke, we calculate its probability of being chosen. This probability will
enclose all the experts and respective rating prediction for the joke. It will also take into account the
weight of the experts, their rating prediction, and a non-zero component, so we don't have jokes
suffering from starvation. According to the probabilities, one of the jokes is randomly selected and
presented to the user. When the reward is received, the weight of the experts should be changed
accordingly.
This algorithm is interesting to our case, because as it does not assume any kind of distribution on the
rewards given by the user, meaning that it doesn't consider the user as a statistical model, contrary to
the UCB1. Also the exploration phase is present throughout the whole recommending session, meaning
that the user is not cropped the opportunity of discovering new items that may not be theoretically
suited for him.
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4. Approach
As we've seen, the Eigentaste doesn't use the full potential of the online learning algorithms we've
presented, nor is the Robot Theater prepared to use all the potential capabilities of the collaborative
filtering recommender systems. As an improvement to the techniques each of these systems use, we
will now explore the behavior of several collaborative filtering techniques with online learning methods
being used, and their results will be compared against existing techniques.
To study the various algorithms, we need to have a base from where we can start. As the Jester has
done a considerable amount of work on gathering and classifying the user raw data, we will use it as a
base for the testing of the algorithms. This classification of the data permits a great simplification on its
handling, since the PCA projects the data using its most relevant feature vectors, having little
information loss, hence we can focus more on the algorithm behind each prediction rather than on the
treatment of the data.
As the basis of our work, we use the same technique used by Jester, which has a set of clusters
𝐶 = 𝑐1 , … , 𝑐𝐾 that are a result of applying a recursive rectangular clustering to the points that were
projected into a plane after applying the PCA on the raw data.
Each of the clusters 𝑐𝑖 has a sequence of jokes given by 𝑆𝑖 = 𝑠𝑖 (1), … , 𝑠𝑖 (𝑁), sequence which is
decreasingly ordered by the average ratings the users present on that cluster gave to the joke.
We have the utility function that maps each given predicted item at time 1 ≤ 𝑡 ≤ 𝑇, 𝑦𝑡 with the payoff
given by the value 𝑢𝑡 𝑦𝑡 +1
Our particular problem lays on analyzing and choosing the best algorithm to be used to select the
highest rated sequence such that for each 1 ≤ 𝑡 ≤ 𝑇 and ∀𝑖, 𝑠𝑖 𝑡 = max 𝑢𝑡 (𝑠𝑖 (𝑡)).
Regarding the principal algorithms we will be testing, they will be the Exp4, UCB1 and the Eigentaste,
which have a different approach when considering the recommendation of an algorithm, and with these
results we will be able to analyze the performance of the online learning techniques, Exp4 and UCB1,
comparing to a more hybrid approach, Eigentaste.
As we do our experiments, we will use different setups for us to get more information on the best base
to be used by the algorithms. These different setups will include the testing of the algorithms with
various clustering types, such as with 5, 10, 16 and 28 clusters.
When applying the PCA to user ratings, the algorithm projects the users onto an eigenplane based on
the most relevant extracted features. This eigenplane projection presents us more information on the
distribution of the users on the plane. For instance, if we consider a two cluster plane, where the grand
majority of the users belong to cluster 1 and few users belong to cluster 2. Whenever a new user is
present to the algorithm, we know with a certain probability that the he belongs to the cluster 1. On this
thesis, we will present a way of using this additional information in the algorithms we are testing.
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We will also present the differences we got on the results when considering a pre-transformation of the
raw ratings.
On the previous sections we presented the main types of methods that exist for the recommendation of
items to the users. For their comparison, several experiments were built to achieve this goal. Initially we
compare the presented methods: Eigentaste, UCB1 and Exp4. We choose to evaluate these methods, as
each of them makes different assumptions regarding the output that will be given by the user and also
because the UCB1 and Exp4 are known to solve the multi-armed bandit problem. Finally we will present
the methodology and results obtained from the user experiment.

4.1. Experimental Setup
In this thesis we presented some online learning algorithms that address the MAB problem. For their
comparison, we need to define the data on which they are going to be compared.
Our experiment will be composed of two different types of tests. One of the experiments will be testing
the different techniques that we described earlier using the previously gathered data by the Jester
application. The advantage of using these datasets is that there are already thousands of users that have
tested the application, having more data to experiment on.
On the other hand, we will test the same algorithms with real users, having designed and developed a
web-application that will randomly choose one of the algorithms and present a sequence of jokes
dictated by that particular algorithm to the user.

4.1.1. Dataset
The dataset we'll use for every experiment is the same dataset gathered by the Jester application, and it
1

is available on is webpage . It was gathered within a period of approximately 10 years, from April 1999
to May 2009, and it contains nearly 50.000 users that have rated more than a million items.
As there are 100 jokes to be rated, it is almost impossible that every person rates all the jokes. On these
datasets, there are only users that have rated at least 36 of those jokes, being this rating on the interval
[-10 ; 10].
To have a better understanding of the available data on this dataset, we will make a thorough analysis of
its contents. This dataset is divided in two files, each containing roughly half of the users. We will
consider the first dataset file as the data to train our model. The second file will be used to test the
performance of the algorithms.
As for the dataset 1, it contains approximately 25,000 users which on average have rated 72 jokes. This
dataset will be used to train the models to be used as the basis for our different algorithms, meaning

1

http://eigentaste.berkeley.edu/jester-data/
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this that the expert's mean ratings for jokes will be computed with these values. The dataset has also
the following distribution of users that rated the corresponding number of jokes:

Figure 7. Number of users that rated different number of jokes.

Regarding the dataset 2, which contains 23,500 users that have rated on average 73 jokes, will be used
as testing data to our model, and will also be used to and compare the different algorithms we will
analyze. It follows an approximate distribution as the previous dataset:

Figure 8. Number of users that rated different number of jokes.

Also, for a complete analysis of the data, we computed the principal component analysis and respective
projection on the eigenplane. In this way, we are able to see that both datasets have similar users,
which are projected similarly. The PCA's projection of the grand majority of the users goes near the
origin as we can see on Figure 9, thus we'll assume that the two users that are very near are also very
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related, i.e. have a similar taste on the jokes, based on the jokes of the gauge set that have been studied
to bring the most information on the user. As the two datasets overlap, we have two valid datasets that
are similarly distributed and that they can be tested against each other, i.e. there are not too many
discrepancies.

Figure 9. Distribution of the users of the two datasets classified with PCA.

With this dataset, there doesn't seem to exist an obvious way of clustering the users, it seems to be
telling us that these users may belong together.
Also, as we have millions of ratings to validate, because of time constraints we won't be able to test the
algorithms with every user on the database, thus another solution was adopted. Every run of an
algorithm-cluster pair will be done 10 times with 1000 randomly chosen users each. This will permit us
to have randomly varied users to test our system and consequently random enough to represent
different types of users.

4.1.2. Clustering
To build and set up the test environment, MySQL was used to hold the data gathered on the feedback
from the users while testing the algorithms, and PHP was used to implement the algorithms and gather
2

the corresponding information. The MySQL and PHP server is present on the XAMPP application .
Using the publicly available datasets made gathered by the Jester [3], we decided to use the dataset
3

one , which has approximately 25,000 users that have rated 36 or more jokes out of 100 total, for the

2
3

http://www.apachefriends.org/en/xampp.html
http://eigentaste.berkeley.edu/jester-data/jester_dataset_1_1.zip
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4

training of all the algorithms we tested, and the dataset two , which has 23,500 users that have as well
rated 36 or more jokes, for the testing phase of this practical test.
5

The computation of the PCA for the dataset was made using the Wolfram's Mathematica 7 , which
contains a mathematical package that enables us to obtain these results.
After applying the PCA [14] to the first dataset, so the most relevant features could be extracted, we
proceeded on visualizing the features' positioning on the plane and how the recursive rectangular
clustering would cluster the data.
As we see the corresponding visualization of the most relevant features on the eigenplane (Figure 10),
since we haven't made any pre-treatment of the data, and because de recursive rectangular clustering
covers all the points, we can see an ineffective clustering of the data, existing many peripheral clusters
with few or no users, and existing few clusters with thousands of users, giving a not so homogeneously
distributed clustering.
When considering the clustering, we also want to analyze how the number of clusters influences the
performance of the algorithms. For this, we considered different number of clustering divisions, such
varying from 1, 5, 10, 19 and 40 clusters. These clusters (except 1 division clustering) are represented in
Figure 10, 11, 12 and 13 respectively. Also the number of users present on each division for each
clustering is represented in Table 4, 5, 6 and 7.

Figure 10. Approximate illustration of the clustering yielding 5 divisions.

4
5

http://eigentaste.berkeley.edu/jester-data/jester_dataset_1_2.zip
http://www.wolfram.com/
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Cluster ID

# users

1

7

2

2

3

427

4

20798

5

3749

Table 4. Distribution of the users in the clustering that yields 5 clusters.

Figure 11. Approximate illustration of the clustering yielding 10 divisions.

Cluster ID
1
2
3
4
5

# users
4
2
3
358
26

Cluster Id
6
7
8
9
10

Table 5. Distribution of the users in the clustering that yields 10 clusters.
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# users
5
15909
4858
69
3749

Figure 12. Approximate illustration of the clustering yielding 19 divisions.

Cluster ID
1
2
3
4
5
6
7
8
9
10

# users
4
2
3
1
3
26
5
0
354
15909

Cluster ID
11
12
13
14
15
16
17
18
19
-

Table 6. Distribution of the users in the clustering that yields 19 clusters.
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# users
4858
2
62
2951
798
2
3
0
0
-

Figure 13. Approximate illustration of the clustering yielding 40 divisions.

Cluster ID
1
2
3
4
5
6
7
8
9
10

# users
3
0
0
0
0
1
2
0
0
0

Cluster ID
11
12
13
14
15
16
17
18
19
20

# users
1
3
26
5
0
0
28
606
1454
4858

Cluster ID
21
22
23
24
25
26
27
28
29
30

# users
21
305
4354
9495
0
3
2
2
56
812

Cluster ID
31
32
33
34
35
36
37
38
39
40

# users
2100
798
4
0
14
25
2
3
0
0

Table 7. Distribution of the users in the clustering that yields 40 clusters.

The clustering of the type has given us many clusters without users, due to the existence of some
outlaying users. When we test the different algorithms to recommend jokes, we will only consider those
clusters that have at least one user. For that reason, the clustering with 19 divisions will be referred as
having 16 clusters and the clustering with 40 divisions will be referred to as having 28 clusters. The other
clusters will continue to be called as 5 and 10 clusters, since none of them has empty divisions.

4.1.3. Implemented algorithms
For the comparison of the different algorithms, we have implemented algorithms that recommend
items in different ways, such as using online and hybrid learning techniques. Besides the algorithms we
have previously presented, such as the Exp4, UCB1 and Eigentaste algorithms, we have also tested the
following algorithms, which may be considered secondary, since they will be used for comparison
purposes.
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4.1.3.1. Mean item rating
Another way to recommend an item is by considering all the ratings that have been made to a particular
item, and predict its rating by being the mean of the previous ratings. It has the advantage of being a
simple technique to implement and it may be successful when the items to be rated can be viewed by
the majority in one perspective only.
This type of prediction is formulated as follows:
Being rc,j the predicted rating for item 𝑗 and user c, rc,j the actual rating and R c the total number of
users who rated the joke 𝑗, we have

Mean Item Rating
1.

For 𝒋 = 𝟏, … , 𝑲 do
𝒓𝒄,𝒋 =

2.

Order 𝒓 by descendent value

3.

Recommend jokes in that order

𝒎≠𝒄 𝒓𝒎,𝒋

𝑹𝒋

At each time 𝑡, the best untold joke with the highest ratings is recommended.
Although this algorithm is easy to implement and exposes the general rating of the population over an
item, it may not be the best suited to all cases, where we may want to differentiate certain niches of
people.

4.1.3.2. Random joke
To have a baseline of comparison with all the algorithms, we will consider the random joke teller as the
minimum threshold for the results of this testing. The algorithm simply recommends random jokes to
the user, not considering the feedback of the user at any time.
This algorithm is formulated as follows:

Random Joke
For 𝒊 = 𝟏, … , 𝑲 do
1.

Randomly select untold joke

2.

Present joke to user
Table 8. Implemented random joke recommender's algorithm pseudo-code.
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The algorithm is easy to be implemented and runs in constant time, but it provides no guarantees on its
performance.

4.1.3.3. Random expert
As we are working on studying algorithms that choose the best sequence of experts, we will also use as
a base guideline of comparison an algorithm that randomly selects an expert.
The algorithm is formulated as follows:

Random Expert
Define 𝑬 as the list of experts.
For 𝒋 = 𝟏, … , 𝑲 do
1.

Randomly select expert from 𝑬 as 𝒆

2.

Tell the highest rated and untold joke from 𝒆
Table 9. Implemented random expert recommender's algorithm pseudo-code.

Although the algorithm is simple to implement, it also doesn't provide any guarantees, but it is expected
to perform better than the random joke algorithm, since we'll always consider telling the best rated joke
from a set of users, almost working as a filter.

4.1.3.4. Independent experts
For us to analyze and compare the different created clusters, we should test each expert independently,
so we can verify each one's performance. So, on each run we'll test each expert independently, being
that expert the only recommender for the user. The algorithm is as follows:

Independent Expert
For each expert 𝒆 ∈ 𝑬 do
For each user 𝒖 ∈ 𝑼 do
For 𝒋 = 𝟏, … , 𝑲 do
1.

Recommend 𝒔𝒆 (𝒋) to user 𝒖

2.

Gather feedback

Table 10. Implemented independent expert recommender's algorithm pseudo-code.

4.1.4. Evaluation metric
For the evaluation of the results of the execution for each of the methods, we must properly define the
most suited metric for our goal. As previously said, we will use an already gathered database of user
ratings to 100 items, which will be used to build the Jester's eigenplane and perform experiments with
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that plane's clustering as the base information. Each of the clusters will have a portion of the users that
are projected on the eigenplane by applying the PCA to the eight selected jokes as gauge set by the
Jester algorithm. This clustering will yield as many experts as there are clusters, having each of the
clusters the information on the average joke rating for the users on the cluster. This expert will
recommend the jokes in rating's descending order, so he would suggest the highest average joke first
and the lowest average joke last.
To measure the results of the Jester, the Normalized Mean Absolute Error (NMAE), was used by
Goldberg on his work [3].
The MAE measures the mean of the difference between the raw and predicted rating of the joke by that
user.
Being 𝑟𝑖,𝑗 the raw rating of the user 𝑖 for the item𝑗, 𝑝𝑖,𝑗 the predicted rating and 𝑐 the total number of
rated items by the user

𝑀𝐴𝐸 =

1

𝑐
𝑗 =1

𝑐

𝑟𝑖,𝑗 − 𝑝𝑖,𝑗

(12)

As many users don't use the complete rating scale, for instance, they only classify the jokes on the scale
[0 ; 10], we need normalize this data, such that we can compare these users with those that use a
different scale. The Normalized Mean Absolute Error solves this problem, by adjusting the MAE to take
into account the scale:

𝑁𝑀𝐴𝐸 =

𝑀𝐴𝐸

(13)

𝑟𝑚𝑎𝑥 −𝑟 𝑚𝑖𝑛

Although this is a widely used metric, it isn't very interesting on our particular case, since we are not
interested in knowing how much the algorithm failed to predict, but rather if the algorithm has selected
a joke which was enjoyed by the user.
So, to accomplish this measuring technique, we are only interested in knowing what is the average
rating the user gives to the sequence of jokes he is told. In this way, we will measure what truly counts
from the user perspective.

𝐴𝑈𝐹 =

|𝐶|
𝑖=1

𝜎
𝑡=1 𝑢 (𝑠𝑖 (𝑡))

𝐶 ∗𝜎
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(14)

Regarding this metric, what it says to us is, if we consider the first 𝜎 jokes told by the algorithm, it shows
us the average user feedback for that sequence of jokes, and as higher this value is, the better
performing the algorithm has.
For our experiment, as we’ll have a pre-determined number of jokes to be told, 100 on our case, we are
interested in recommending the best jokes, i.e. probably the most highly rated jokes by the user, on the
beginning of the session and the worst ones on the end. In this way, using this metric, we’ll have the
information on what the approximate number of jokes is that we’ll let the algorithm tell, in order to
maximize the average user rating, based on the total ratings given.

4.1.5. Summary
For a briefing of the principal advantages and disadvantages of each of the algorithms, we show a
summary of them:

Technique
Mean Item
Rating

Advantages

Disadvantages

 Easy to implement;
 Successful when item's rating is
objective;
 Cold start is not a great issue;

WMA

 Fairly easy to implement;

Exp4

 Non-deterministic
 Doesn't assume any distribution of
user
 Balanced exploration and
exploitation

UCB1

 Fairly easy to implement
 Greedy

Eigentaste

 Constant online phase complexity;
 Performs well if experts

 Only successful on limited cases;
 Not suited for complex items.
 Complexity is 𝑂(𝑛)
 Only usable when at least one
expert performs well correct;
 Slightly complex implementation
 High recommendation time (as it is
an online learning)
 Exploration phase always present
 Gray sheep problem
 Exploration phase dependent on the
number of experts
 Grows the complexity with number
of experts
 More complex implementation;
 Needs the classification for the
initial gauge set;
 Static online phase;
 Cold start problem;
 Gray sheep.

Table 11. Comparison of all algorithm's advantages and disadvantages.

As the different algorithms have different testing basis, there are some restrictions on their
experimental setup. For instance, we cannot test the MIR algorithm with 5 clusters, since the MIR is
based on the global user ratings. We will also call the Independent Expert using 1 cluster as MIR, since
both are equivalent. These restrictions can be seen on the Table 12.
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Random E

Indep. E

UCB1

Exp4

Eigentaste

5C

Tested

Tested

Tested

Tested

Tested

10 C

Tested

Tested

Tested

Tested

Tested

16 C

Tested

Tested

Tested

Tested

Tested

28 C

Tested

Tested

Tested

Tested

Tested

Context
Aware
Random

Tested

1C

MIR

Random J

Tested

Tested

Tested

Table 12. Algorithm's that can be tested for each variation.
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4.2. Results
This presentation of the results will be divided in three main sections. We will first compare the runs of
the different algorithms, so that we can understand which one gives the best results when
recommending items using one clustering, and as we faced the problem on choosing which would be
the best number of clusters, we will as well present the results of running the different algorithms using
the same dataset but with different number of clusters, or experts, and verify which is the most robust,
that is, which varies less on the performance when having different number of clusters. Finally, we will
demonstrate a developed technique that permitted us to improve our results when testing nondeterministic techniques.

4.2.1. Algorithms
While we have the Eigentaste algorithm, which is a hybrid learning technique that bases its
recommendations on how the user classified eight jokes, we will have the Exp4 algorithm, which is an
online learning technique that doesn’t assume any distribution on the feedback received, in fact, it
expects that the user will always give the worst possible feedback sequence in order to complicate the
process of finding him a cluster, and we will also have the UCB1 algorithm, which also uses online
learning techniques, but is expecting a certain distribution on the feedback received by the user.
As we can see on the Figure 13, this metric tells us the average user feedback when considering the first
𝜎 jokes, having this parameter varying from 1 to 100. As the user dataset used for the test of the
different algorithms is the same, we notice that this metric has the tendency to converge to the same
point when𝜎 = 100. This behavior is as expected, since as we consider random users from the dataset,
the average feedback of 1000 users for 100 jokes is naturally similar. As the users are chosen randomly,
we may find some discrepancies on the end point of some lines.

Figure 14. Algorithm comparison for 28 clusters.

The results of running the different techniques with 28 clusters (Figure 14) show us that the Eigentaste
is the lowest performing technique, mainly due to the eight initial jokes the user has to mandatorily rate
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and the average feedback to these jokes being low. Comparing the results of this technique with the
Exp4 and UCB1, we can clearly see the advantages of an online learning technique applied to the
recommender system. It is also interesting to notice how the MIR has the best performance over all,
suggesting us that the jokes are possible to be universally classified, and this classifier having the most
accurate recommendations.

Figure 15. Algorithm comparison for 16 clusters.

When considering variations on the number of clusters (Figure 15, 16 and 17), we obtain similar results
for the different runs to what we have previously gathered, but we find some increase on the
performance when we have a low number of clusters (Figure 17).

Figure 16. Algorithm comparison for 10 clusters.

When analyzing the overall performance of each algorithm on the different clustering, we note that the
least varying technique is the Random Expert, thus more robust on its performance, followed by the
Best Independent Expert. Considering the algorithms which use the online or hybrid learning
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techniques, we have the Exp4 as the least varying algorithm, although having a lower average than
UCB1, which follows the Exp4 on the variance of the average.

Figure 17. Algorithm comparison for 5 clusters.

Regarding the most variant algorithms, the Eigentaste is clearly the one which is more critically
dependent on the number of clusters, since it experiences a loss on the performance of nearly 43%,
when comparing its AUF using 5 and 28 clusters.
As we’ve seen, the online learning algorithms, Exp4 and UCB1, are the learning techniques that perform
better, but we don’t know if the clustering has had great influence on these results.
To fill this lacuna, we will continue on analyzing more thoroughly the importance of the clusters on the
outcomes of the algorithms.
For this experiment, we have created and developed several clustering, each clustering with a different
number of clusters. Each of this clusters yield an expert, and these experts are used as the base for the
different algorithms.
As a primary analysis of this problem, we will analyze each expert independently as the only
recommender on a run, meaning that that expert will do all the recommendations on the sequence the
users he represents gave the higher average rating. This experiment yields on the results shown on
Figures 18 to 21.
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Figure 18. Performance of each individual expert when divided in 5 clusters.

Figure 19. Performance of each individual expert when divided in 10 clusters.

When the number of users on a cluster is big, we note the higher performance of the algorithm. Also,
from these results, we see that the performance of each expert doesn’t degrade significantly when the
clustering increases, therefore reducing their individual size. It seems that there exists a compromise
between the number of users present on a cluster and the performance of the corresponding expert.
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Figure 20. Performance of each individual expert when divided in 19 clusters.

Figure 21. Performance of each individual expert when divided in 40 clusters.

Having the information on this tradeoff may help us on knowing how small clusters we can define so we
have the optimal AUF/density tradeoff. To compute this information, we defined a parameter that will
be used to represent the relevant information of a cluster we need, being this the density of users on
the cluster that is

𝑑𝑒𝑛𝑠𝑖𝑡𝑦𝑖 =

# 𝑜𝑓 𝑢𝑠𝑒𝑟𝑠 𝑖𝑛 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 𝑖
𝑐𝑙𝑢𝑠𝑡𝑒𝑟 𝑖 𝑎𝑟𝑒𝑎

(15)

When crossing the AUF we obtained from the independent expert run with the density of each of the
corresponding cluster, we obtain the results on present on Figure 22 to 25.
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Figure 22. 5 cluster performance.

Figure 23. 10 cluster performance.

Figure 24. 19 cluster performance.

Figure 25. 40 cluster performance.

With this result, we notice that having a density between 16 and 200 will yield the best tradeoff
between density and AUF.
When considering the question of the outcome of the algorithms being criticality dependent on the
clusters, we conclude that after running the algorithms based on the different clustering, the Random
Expert algorithm (Figure 26) is the one that shows the lowest variance through the variation of the
clusters. This result may be a consequence of having several experts with similar sequence of jokes to be
recommended, and as the process of selecting an expert is random, approximates itself to the case of
having a lower number of clusters.

Figure 26. Random expert's performance with different clustering.
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Regarding the UCB1 algorithm (Figure 27), we notice that when the algorithm starts its run, it polls all
the experts to recommend an item, so the necessary information of the expert may be gathered, and
the algorithm can decide which expert to choose. This initial polling can be clearly seen on the graphic
result as the instable phase, which directly depends on the number of clusters we consider. For
instance, when we have 5 clusters, the instable phase is shorter than when we have 28 clusters.

Figure 27. UCB1's performance with different clustering.

These results suggest that the increasing on the number of clusters is degrading the performance of the
algorithm, thus the initial learning period of the UCB1 algorithm doesn’t seem to be giving us much
more information of the user, to recommend him better items. In fact, the UCB1 algorithm with one
cluster (equivalent to the MIR) is the best performing algorithm, thus the clusters don't seem to be
helping us on performing better.
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When considering the Exp4 algorithm (Figure 28), we notice that the difference on the performance
when using different types of clustering is more noticeable on the initial phase, when the experts have
similar weight, but as the user gives the feedback, the algorithm starts to stabilize. The results suggest
that we have a set of experts that have the similar initial jokes, and by giving them a higher weight,
these are the most probable experts to have their items’ chosen and possibly being a set of sub-optimal
experts.

Figure 28. Exp4's performance with the different clustering.

The Eigentaste algorithm is used by the Jester web-application, having as a primary objective to
recommend jokes to users based on their rating to the initial set of predetermined jokes.

Figure 29. Eigentaste's performance with different clustering.

By analyzing its results (Figure 29), we can clearly see this initial phase that ranges from 1 to 8 jokes,
where the AUF is decreasing, meaning that, on average, these jokes are not highly rated by the users,
thus yielding an initial bad performance of the algorithm. As the algorithm attributes a cluster to the
user, we can see an improvement on its performance, meaning that the user rates the jokes, on
average, higher than the initial step. Since the AUF metric we are using as an indicator for these tests
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displays the average feedback of the previous 𝜎 jokes, and as the initial jokes are normally rated with
low values, its consequent results are highly limited, thus the low performance for the algorithm.
When analyzing the global results of our experiment (Table 13), we have experienced a loss of nearly 7%
on the performance of all algorithms when comparing the outcome for 5 and 28 clustering.

5 clusters

10 clusters

16 clusters

28 clusters

Algorithm
Average

Best AUF

3.302376465

3.302376465

MIR

1.725640842

1.725640842

Best Expert

1.724088

1.651494176

1.651494176

1.651354645

1.66960775

Random
Expert

1.538257645

1.557016866

1.470551547

1.487809792

1.51340896

UCB1

1.54654186

1.495127

1.451633652

1.4439958

1.48432458

Exp4

1.34601629

1.253766

1.136859912

1.266861511

1.25087593

Worst IE

1.196780895

1.137534482

0.854987978

0.854987978

1.01107283

Eigentaste

0.843980608

0.873582173

0.838446816

0.479359334

0.75884223

Random
Joke
Cluster
Average

0.777277073
1.555662

1.530424

1.467696

0.777277073
1.443296

-

Table 13. Continuous AUF for the different algorithms and respective clustering.

So, using the results from the Table 13, we obtain the visualization of the performance of each algorithm
on each cluster, as shown on Figure 30, we may conclude that when using the Best Expert as the
recommender, we have the best average results, but not the least variant algorithm, having the Random
Expert the least variance overall. Considering the other hand, the Eigentaste has the least performance
and the most variance on the results overall.
We can see that the deterministic algorithm (UCB1) has better results than the non-deterministic
algorithm (Exp4), meaning that it seems more likely that people follow a more statistical behavior than a
random one. We can also see that, in general, the higher the number of divisions used to cluster the
data, the higher the general degradation of the performance of the algorithms, but in comparison to
Exp4 and Eigentaste, UCB1 has the most stable results amongst.
Thus, we can conclude that the online learning techniques are not only the best performing techniques
present on our poll of algorithms, but it are also the least variant, comparing to the hybrid learning ones.
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Figure 30. Comparison of the average performance of the algorithms using continuous rating and non-normalized
data.

Analyzing the overall results, we can conclude that:


As the number of clusters, grows, we note a general degradation of the all techniques we’ve
tested, hence no information is gained to balance the additional computation;



Online learning algorithms, such as Exp4 or UCB1, have better results on recommending jokes
when comparing to hybrid learning techniques.

4.3. Content Aware Random
As we have some relevant information of the users when analyzing how they’re distributed through the
eigenplane, this information may be used on the non-deterministic functions, more precisely on the
Exp4 and Random Expert technique. The parameter we will introduce now, takes into account the
contextual information of the clusters.
The Content Aware Random (CAR) is a technique we are proposing that can be used on various contexts,
when dealing with non-deterministic algorithms. As the PCA algorithm provides the coordinates of the
users on the eigenplane, indicating that there exists similarity in users that are closer, we should
consider using this information to help on reweighting the random functions.
To achieve this, we will consider several attributes from our context, such as the average point of all
users, the geometrical center of mass of every cluster and the density of each cluster (the density of
each cluster is presented on the attachment section, in the end of this document). This weight is
calculated as follows:
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Content Aware Random weight computing
Define 𝒈 as 𝟎 < 𝑔 < 1
Define 𝑴𝑷 as the average position of the users on the eigenplane
Define 𝑴𝑨𝑿𝑫𝑰𝑺𝑻 as the maximum distance between any cluster and the 𝑴𝑷
Define 𝒅𝒆𝒏𝒔𝒊𝒕𝒚 as the density of each cluster
For each expert 𝒆𝒊 ∈ 𝑬
1.
𝒅𝒊𝒔𝒕𝒂𝒏𝒄𝒆𝑾𝒆𝒊𝒈𝒉𝒕𝒊 = 𝑴𝑨𝑿𝑫𝑰𝑺𝑻 − 𝒅𝒊𝒔𝒕𝒂𝒏𝒄𝒆 𝒄𝒆𝒏𝒕𝒆𝒓𝑶𝒇𝑴𝒂𝒔𝒔 𝒆𝒊 , 𝑴𝑷 + 𝒈
2.
3.

Normalize 𝒅𝒊𝒔𝒕𝒂𝒏𝒄𝒆𝑾𝒆𝒊𝒈𝒉𝒕𝒊

𝒘𝒆𝒊𝒈𝒉𝒕𝒊 =

4.

𝒅𝒆𝒏𝒔𝒊𝒕𝒚𝒊 ∗ 𝒅𝒊𝒔𝒕𝒂𝒏𝒄𝒆𝑾𝒆𝒊𝒈𝒉𝒕𝒊
𝒕𝒐𝒕𝒂𝒍𝑫𝒆𝒏𝒔𝒊𝒕𝒚

Normalize 𝒘𝒆𝒊𝒈𝒉𝒕𝒊
Table 14. Algorithm for the Content Aware Random.

And now we can use this value to help on weighting the experts with this extra information we have,
that is, the probability of choosing an expert now depends on its the original weight plus the weight we
just calculated.

4.3.1. Results
Using this technique on the Exp4 and Random Expert algorithm, the performance is generally improved,
as we can see in the Figure 30 and 31.

Figure 31. Random Expert with different clustering and content aware random.
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Figure 32. Exp4 with different clustering and content aware random.

The content aware random should always be considered to be used depending on the context of the
application. On our case, we have access to information a priori which tells us the tendency of the user
projection on the eigenplane, therefore we are able to use it on our advantage. Also, by selecting the
right number of clusters and using this technique, we may have significant improvements on the overall
outcome of our application, as we can see on the summary of the results (Table 15), being able to reach
an improvement of nearly 5.5%.

5 clusters

10 clusters

16 clusters

28 clusters

Algorithm
Average

Exp4

1.34601629

1.253765503

1.136859912

1.266861511

1.250875804

Exp4 CAR

1.390463746

1.251098176

1.172415199

1.251385792

1.26634072825

Random E.

1.538257645

1.557016866

1.470551547

1.487809792

1.5134089625

𝚫

+1.24%

+0.98%

Random E.
CAR

1.6565575

1.634135

1.522743494

1.299525712

1.5282404265

Cluster
Average

1.4828238

1.424004

1.325643

1.326396

-

-

𝚫

+5.5%

+2.37%

+3.37%

-0.12%

-

-

Table 15. Results on the application of the Content Aware Random modification.

Although this approach has provided good results for this dataset, this optimization was only possible
due to having a high density and number of users on a particular cluster. If we want to use this
additional information, the data set should be analyzed and the clusters as well.
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4.4. PCA with linearly transformed data
When we analyze the raw data provided to us by the Jester (dataset 1 and 2), we have several ranges of
ratings. As our primary goal is to tell the best items on the beginning of each session, it may be
interesting to cluster the users based on the relative rating they gave to their data, rather than on the
absolute rating.
As the provided dataset contains raw data of the users, we may have some users that rate jokes on a
scale different than others. For this reason, we will consider the transformation of the raw data into
discrete, and then apply the PCA, to verify the difference of the recommendations.
For the experiment, we will do a linear transformation to the data, so it is transformed on the range 0
and 1. This transformation will transform the ratings to be based in this new scale, being the best rated
joke by the user as 1 and the worst rated joke as 0.
When applying the PCA to this dataset, we will cluster the users regarding the similarity on how they
rate the items.
In this case, we will normalize the dataset 1 we used previously, i.e., for each rating of each user, we'll
apply the following function:

𝐿𝑇 𝑅𝑎𝑡𝑖𝑛𝑔 =

𝑟𝑎𝑡𝑖𝑛𝑔 −𝑀𝑖𝑛𝑖𝑚𝑢𝑚𝑈𝑠𝑒𝑟𝑅𝑎𝑡𝑖𝑛𝑔
𝑀𝑎𝑥𝑖𝑚𝑢𝑚𝑈𝑠𝑒𝑟𝑅𝑎𝑡𝑖𝑛𝑔 −𝑀𝑖𝑛𝑖𝑚𝑢𝑚𝑈𝑠𝑒𝑟𝑅𝑎𝑡𝑖𝑛𝑔

(16)

This transformation gives us values on the ratings ranging from 0 to 1, being 0 the worst rated joke and
1 the best. Finally, we'll apply the PCA to the resulting data, and the new values of the eigenvectors will
be used to distribute the users through the eigenplane. After this step, similar actions for testing the
algorithms were made. The eigenplane was divided into three different clustering, having 4, 5 and 10
divisions each. More information on these can be found on the attachment section, in the end of this
document. After the clustering, we will only consider those clusters that enclose at least one user,
similarly to what we did on the previous experience.
Similarly to the non-transformed dataset, the yielded projection of the users does overlap, as it can be
seen on the Figure 32.
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Figure 33. Distribution of the users of the two normalized datasets classified with PCA.

4.4.1. Results
The results of these experiments will contain the corresponding AUF of the run of the algorithms,
accompanied by the equivalent run with not transformed data.
When analyzing the Exp4 algorithm run (Figure 34-36), we notice, as expected, an improvement on the
first recommended items (blue line) but its performance quickly reduces, above the previous algorithm
(red line).

Figure 34.Exp4 with 4 clusters using experts with and
without normalization.

Figure 35.Exp4 with 5 clusters using experts with and
without normalization.

Figure 36. Exp4 with 10 clusters using experts with and
without normalization.
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We also tested this approach with the Random Expert algorithm (Figure 37-39), but the results were not
as thrilling as of what we’ve got with the Exp4. Accordingly to the Exp4, a sudden jump of the AUF is
noticed on the beginning of the recommendation, but it quickly drops after it.

Figure 37. Random Experts with 4 clusters using
experts with and without normalization.

Figure 38.Random Experts with 5 clusters using
experts with and without normalization.

Figure 39.Random Experts with 10 clusters using
experts with and without normalization.

On a general note, this transformation of the data may only be effective when we need a short number
of recommendations to be good, performing having a good performance, but if we consider the whole
process of recommendation, we will have an average AUF lower than when not transforming the data.
On Table 16, we present the resulting AUF for each testing we made.

4c

5c

10 c

Algorithm
Average

Exp4

1.207388958

1.210968

1.046314

1.15489

Random E

0.958008

1.195953

1.0473

1.067087

UCB

1.231661

1.200748

1.166121

1.19951

Best IE

1.242868

1.197583

1.259311

1.233254

Random J
Cluster
Average

0.777277073
1.083441

1.116506

1.059265

Table 16. Average user feedback with using normalized data.
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-

4.5. Minimum user threshold
Before further reading, this identified opportunity of improvement was not tested, due to limitations on
our time for this thesis. We will describe it, since the results we got with the previous experiments
corroborate this technique.
As we've seen, the higher the number of users considered for the clustering, the better the performance
of it. Following this thought, if we have all clusters sufficiently populated, we may yield better overall
results when testing the application with the user, since we have more valid experts that can be used to
significantly recommend items, and less clusters with few users, that could yield results too far from the
reality.
An example of application of this technique can be seen on Figure 39 and 40.

Figure 40. Clustering without minimum user threshold.

Figure 41. Clustering with minimum user threshold.

4.6. User testing
The dataset we used on the previous result demonstration, although useful, had some drawbacks
attached to it. As not all users have rated all the 100 jokes, we have found the problem of
recommending an item that wasn't rated by the user on the database. As this case was treated
differently depending on the algorithm, it is necessary to understand the performance of such
algorithms when the user actually rates all the recommended items, thus their real performance data is
gathered. In this section, we present the followed methodology to use our recommender system with
real users, and finally present the results we got when the methods were tested.

4.6.1. Setup
The web-application was developed and implemented using PHP and MySQL as a basis, each algorithm
functioning as a black box that receives the input from the user, such as the feedback of the joke it
previously recommended, and outputs the next recommended joke.
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The joke recommender will function as following: the user will be presented a joke and he will be
presented three feedback buttons: Like, Don't Like and Undecided (Figure 42). After the feedback is
collected, the sensor will forward this information to the Predictor, which expects the feedback, and will
accordingly select the next joke to present to the user (Figure 43).

Figure 42. Developed interface the application for user testing.

Figure 43. Our joke recommender system's information flow diagram

When a new user interacts with the system, the Algorithm Chooser module (Figure 44) is responsible for
choosing an algorithm to be used throughout that particular session with the new user, being this
selection completely random and transparent to the user.
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It must be stressed out that all the algorithms will be using the same set of experts as base, so in this
way we can compare the outcome of each of the algorithms. These experts will be chosen differently,
according to the rules of each of the algorithms selected by the Algorithm Chooser module.

Figure 44. Predictor's internal organization

4.6.2. Implementation details
This application was made using PHP and MySQL as the basis for its functioning. The interface displays
the joke to be tested, and three buttons that will be the feedback given by the user. As we will be
evaluating a discrete type of feedback from the user, since the user only has the option to "Like" or
"Dislike" a jokes, additionally with the option of "Undecided" button. This limitation on the feedback is
interesting to be studied, since there are many other interfaces that can only produce information of
this granularity. This will happen when we consider system that recognize faces and detect smiles, for
instance.
The Eigentaste algorithm is based on the two eigenvectors that are calculated using the PCA on the
gauge set ratings, which are distributed on a continuous scale. This gauge set rating is gathered on the
initial step, where the user uses the continuous bar of the Jester application to return the rating, and so,
after the whole gauge set is tested, the user is identified a corresponding cluster.
In our case, as the user will only have 3 possible feedback options, we need to adapt the Eigentaste, so
that we can get the discrete data (i.e. values as -1, 0 and 1), and use it to project the user on the
eigenplane.
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Figure 45. Application of Eigentaste with discrete gauge set feedback.

To find a solution to overcome this problem, as we had the continuous gauge set and respective
mapping to the eigenplane coordinates, we could transform the ratings into a discrete scale, using a
discretization method.
We want to test this, as many interfaces existing nowadays only permit limited feedback ranges, such as
"Like"/"Dislike" or some face recognition software, which may only have the capacity of recognizing if a
subject is smiling or not. To do the conversion from continuous to discrete scale, we will divide the user
rating scale in 3 divisions. These divisions are calculated based on the length of the range of rating the
user has used. This range is divided in 3, being the size of each division noted as 𝜟. Considering 𝐫𝐦𝐢𝐧 as
the minimum rating a user gave to a joke, every rating that is in the interval [𝐫𝐦𝐢𝐧 ; 𝐫𝐦𝐢𝐧 + 𝜟[ will be
transformed into -1. If the rating falls in the interval [𝐫𝐦𝐢𝐧 + 𝜟; 𝐫𝐦𝐢𝐧 + 𝟐𝜟], it will be attributed the
value 0 and, finally, if it falls on the third division, it will hold the value 1. We now present the algorithm
for this discretization:
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Algorithm for discretization of the data

Loop for each user 𝒊:
1. Having 𝐫𝐦𝐚𝐱 as the maximum rating and 𝐫𝐦𝐢𝐧 as the minimum rating by the user, calculate the range
that we'll consider as the changing points on the discrete classification

𝜟=

𝐫𝐦𝐚𝐱 − 𝐫𝐦𝐢𝐧
𝟑

2. Transform all continuous ratings to discrete ratings using the following rules.
Having

𝒇𝒊𝒓𝒔𝒕 𝒅𝒊𝒗𝒊𝒔𝒊𝒐𝒏 𝒇𝒅 = 𝐫𝐦𝐢𝐧 + 𝜟
𝒔𝒆𝒄𝒐𝒏𝒅 𝒅𝒊𝒗𝒊𝒔𝒊𝒐𝒏 (𝒔𝒅) = 𝒇𝒊𝒓𝒔𝒕 𝒅𝒊𝒗𝒊𝒔𝒊𝒐𝒏 + 𝜟

Being 𝒓𝒂𝒕𝒆𝒄 the raw continuous rating, the corresponding discrete rating (𝐫𝐚𝐭𝐞𝐝 ) will be set as stated
bellow:

−𝟏, 𝐫𝐦𝐢𝐧 ≤ 𝐫𝐚𝐭𝐞𝐜 < 𝒇𝒅
𝐂𝐨𝐧𝐭𝐢𝐧𝐮𝐨𝐮𝐬𝐓𝐨𝐃𝐢𝐬𝐜𝐫𝐞𝐭𝐞(𝐫𝐚𝐭𝐞𝐜 ) = 𝟎, 𝑓𝑑 ≤ 𝐫𝐚𝐭𝐞𝐜 < 𝒔𝒅
𝟏, 𝑠𝑑 ≤ 𝐫𝐚𝐭𝐞𝐜 ≤ 𝐫𝐦𝐚𝐱

(20)

After the data is discretized, we could create a function that would map each set of discrete gauge set
ratings to the respective destination coordinates (Figure 45).
In this way, we have a solution for our problem, since now we only need to gather the feedback with the
application from the user and use the function to find its best suited coordinates. When recommending
items, as this solutions are non-optimal, we used the 𝑘-nearest neighbor algorithm to incorporate the
feedback from the 𝑘 -nearest neighbors, as this may help on the smoothing the error of the
discretization process. This solution might work well, since after the mapping gives us an approximate
location of the person on the eigenplane, the nearest neighbor algorithm will verify the surrounding
users' cluster, and whichever cluster is the most recurring, being that the cluster the user will be
attached to.

4.6.2.1. 𝒌-Nearest Neighbor
Nearest neighbor is a technique for pattern classification on spatially arranged data. It has the purpose
of giving attributes to certain members of the population based on their distance to their 𝑘 most near
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neighbors. Normally, this technique is used to classify an item as the most occurring within the 𝑘nearest neighbors.
For instance, imagining the Figure 46, we want to know if the green circle is a quadrangular or a
triangular. If we compute its 3 nearest neighbors and classify it by the highest recurring shape, it would
be a triangular. Now if we consider its 5 nearest neighbors, we would classify it as a quadrangular, since
a total of 3 squares are found within that range.

Figure 46. k Nearest Neighbor algorithm example. [adapted from 15]

The algorithm was adapted to our problem, here is its description:

𝒌-Nearest Neighbor algorithm adapted to our problem
Being 𝒑 the point (𝒙, 𝒚) given by the previous procedure, corresponding to the probable point
a new user belongs to,
1. Get the 𝒌 nearest neighbors from the list of the points calculated using the first
dataset and the distance from each users to 𝒑
2. Find out to which clusters they belong to
3. Attribute the most occurring cluster to the new user
Table 17. k-Nearest Neighbor algorithm adapted to our problem.

Although this helps us on solving this problem, it must be considered with a margin of error, since there
are many approximations that may degrade the final result. For instance, when we discretize the data,
many possible continuous scales may be used to yield the same final result. Also, our mapping function
doesn't have all the possible combinations for the 8 different gauge set ratings. To solve this issue, we
attribute a random cluster to the users which can't have their feedback mapped.

4.6.3. Results
As we had a total of 29 participating users, we are not able to extract big conclusions from the results,
but we are able to trace some trends that are interesting.
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A total of 29 users participated on our testing, and they rated on average 64 jokes out of 100. Each user
is attributed an algorithm as soon as he starts the interaction with the system, and the AUF obtained is
listed on the Table 18.

Algorithm
Exp4
UCB1
Eigentaste
Random E
Total

# users
6
8
7
8
29

AUF

0.424347
0.209663
0.361494
0.34174
-

Table 18. Information on the users that used the web-application and respective AUF.

The results presented on the Figure 47, shows us the performance of the tested algorithms. As we can
see, we can identify the low rating given to the eight initial jokes of the Jester, but the consequent
improvement can also be identified.
It’s interesting to notice how these results differ from those we gathered previously, as the Exp4 and
Eigentaste now are the best performing algorithms, and the UCB1 becomes the least.

Figure 47. Performance of the algorithms used for the user testing.

As we naturally notice, these algorithms don’t converge to a point, as the previous tests we’ve made.
This is due to these results only showing the AUF of the users that have been assigned to a certain
algorithm, that is, contrary to the previous tests, we don’t share the user information among algorithms,
and therefore, as the data is different, there is no convergence.
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Although we have greatly less user information than on the testing with the Jester's data, we can
conclude some things. With this results, we can see that the initial jokes of the Eigentaste are indeed a
bottleneck on the overall algorithm performance, but after the user is attributed an expert, the
performance becomes better. This difference on the performance from our previous testing might have
various variables attached to it. First, as we are gathering discrete information, we are reducing the
quantity of information given to us by the user, and this seems information more suited to the
algorithms we are testing.
Also, as we use the 𝑘-Nearest Neighbor, in this case 250 NN, altogether with the Eigentaste, it may
be resulting on the approximation of the users into where the most users are, yielding the
attribution of clusters which are more populated.

4.6.4. Summary & Conclusions
In this case, we must stress out that this data was gathered with only three buttons, and we see that the
Exp4 algorithm is the best performing algorithm among them. On the other hand, the UCB1 algorithm
has a poor performance. Although the results may seem to give us some information, there are still
many variables that should be taken into account. As the number of tested users is low, they were all
from a certain circle of friends and from the university, which I may unconsciously have chosen as
having a certain level of humor, thus these results need to be treated carefully.
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5. Conclusion & Future Work
On this paper we have discussed the general recommender system, where they are present, and the
potential of their usage on humor, which is an area that has a lot of room and potential of growth in the
computational area. More specifically, we were interested in testing the hypothesis of online learning
algorithm performing better than the other learning techniques. To achieve the answer, we used several
techniques, which model users in different ways, for the recommendation of an item to the user and we
had the results gathered and analyzed.
With the results this paper, we can conclude that:


Mean Item Rating has the best results overall with this dataset, meaning that the best
recommendation of jokes are done when the users are considered of enjoying the jokes
globally in the same way.



The jokes present on the gauge set, even if they are the ones that bring more information
about the user, which are used by the Eigentaste, contribute to the general poor performance
of the algorithm, having almost the same performance as a random joke teller.



The increase on the number of clusters doesn't seem to be helping us on providing better
recommendations to the user, but instead we note degradation on the performance of the
tested algorithms.



The clusters have an optimal number of users versus the cluster's performance such that
tradeoff is optimal, meaning that if we have that number of users in our cluster, we can expect
a good performance from it.



The right choosing of the number of clusters and the usage of the proposed Content Aware
Random technique may increase the overall performance of the algorithm, regardless of the
non-deterministic algorithm chosen.



Exp4 algorithm has given results on being the most stable and adaptable algorithm to the
situation where the feedback is continuous or discrete and the number of clusters is high or
low.



The results presented here indicate us that we should only tell an initial sub-set of the jokes,
meaning that the algorithms are, on average, telling the most suited jokes first, leaving the
worst ones for the end. To analyze the improvement of this procedure, we need the user to tell
us what his enjoyment level was after using our system.

When we use recommendation systems expert based, we may hardly achieve the best performance,
since each expert has a predefined sequence of jokes, meaning that the recommendation process is
limited from the start.
A natural step for this thesis seems to be the integration of this system with an automatic information
gathering system, such as the facial recognition system, and then verify the performance of the
algorithms. In this way, it may increase the user enjoyment of the system, since no unnatural interaction
has to be made.
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Although recommending a joke to someone is very far from being a trivial problem, we believe that with
this paper we have walked one step ahead towards a reality that is more suited and enjoyable by the
human being.
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Attachments
Cluster ID

Density

1

0.054688

2

0.03125

3

13.34375

4

1299.875

5

234.3125

Table 19. Density of the 5 clustering with PCA on the original data.

Cluster ID

Density

Cluster ID

Density

1

0.0625

6

1.25

2

0.03125

7

3977.25

3

0.046875

8

1214.5

4

22.375

9

4.3125

5

6.5

10

234.3125

Table 20. Density of the 10 clustering with PCA on the original data.

Cluster ID

Density

Cluster ID

Density

1

0.0625

11

1214.5

2

0.03125

12

0.5

3

0.046875

13

15.5

4

0.25

14

737.75

5

0.75

15

199.5

6

6.5

16

0.5

7

1.25

17

0.75

8

0

18

0

9

88.5

19

0

10

3977.25
Table 21. Density of the 19 clustering with PCA on the original data.
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Cluster ID

Density

Cluster ID

Density

Cluster ID

Density

Cluster ID

Density

1

0.1875

11

0.25

21

21

31

2100

2

0

12

0.75

22

305

32

199.5

3

0

13

6.5

23

4354

33

4

4

0

14

1.25

24

9495

34

0

5

0

15

0

25

0

35

14

6

0.0625

16

0

26

0.1875

36

25

7

0.125

17

28

27

0.5

37

0.5

8

0

18

606

28

2

38

0.75

9

0

19

1454

29

56

39

0

10

0

20

1214.5

30

812

40

0

Table 22. Density of the 40 clustering with PCA on the original data.

Cluster ID
1
2
3
4
5

# users
1
12531
0
11963
463

Table 23. Number of users per division on 5 clustering using normalized data.

Cluster ID
1
2
3
4
5

# users
0
12531
1
0
0

Cluster ID
6
7
8
9
10

# users
8707
0
3256
0
463

Table 24. Number of users per division on 10 clustering using normalized data.
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Cluster ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17

# users
0
0
1
0
0
0
0
0
0
5
0
0
0
0
0
0
0

Cluster ID
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34

# users
0
0
0
0
0
0
0
0
0
451
7622
11682
2142
40
1121
1727
163

Table 25. Number of users per division on 40 clustering using normalized data.
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