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Abstract— We propose a method of learning personal preference
using Reinforcement Learning (RL). Existing research on
personal preference is a method using machine learning, and the
learning results are simply related to input data. In order to
better learn personal preference, evaluation of learning result is
also important. Therefore, we use RL to calculate reward for
learners' choice. For this, we design a model that calculates and
evaluates reward. The results show learned policy and reward
using proposed method in environment.
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I. INTRODUCTION

There have been many studies on learning personal
preferences for personal users. Learning personal preference is
widely used in marketing and advertising [1]. Actually, the
possibility has been suggested that consumer preferences can
affect marketing [2], [3]. Recently, methods of providing
recommended routes using personal preferences to tourism are
being studied [4]-[6].

Learning methods for user preferences are mainly divided
into two paradigms. First, there is a method of recommending
items that the user liked in the past as a content-based
recommendation system. In addition, the system of
collaborative recommendation identifies users similar to those
preferred by the user. Recently, demographic, knowledge-
based, and hybrid systems are being studied. Most systems for
learning personal preferences use the methods of probabilistic
models, Bayesian or natural networks, decision trees, and
association rules in machine learning [1], [7], [8].

Reinforcement Learning (RL) is a method of learning by
interacting with agents and environments. This has been
demonstrated as an effective robot learning method and has
been successfully applied in many areas. RL's agent is a
sequential decision task. It learns a policy that determines an
action in a specific state. This can be model with 5 tuples of
MDP. Q-learning is used as an RL method without a model
using reward [9].

Most user preference learning selects machine learning
methods of supervised learning and unsupervised learning.
Our purpose is to propose a learning method that compares
learned data with data by user and evaluates it. Therefore,
there is a difference from the existing learning methods. For
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This, we propose a new method of reinforcement learning-
based preference learning using user decision data. The
proposed method can learn decisions for each state and create
policy for user patterns. To this end, we select a g-learning
method. We also create probabilistic virtual data. And check
the learned results by created a python-based agent.

Section 2 describes studies on existing personal preference
learning and Q-learning. Section 3 describes the learning
algorithm and its contents as a method for personal preference
learning using RL. Section 4 describes creating virtual data,
simulation setting, and simulation results. Section 5 describes
the results.

II. RELATED WORKS

A. Learning Personal Preference

Several methods have been proposed to learn personal
preferences. In particular, methods of learning using machine
learning are being studied a lot. Learning user preferences
using Support Vector Machine (SVM) is a well-known
method [14]. User preference learning using deep learning is
also being studied. In one study, an algorithm was proposed to
learn and recommend user preferences using Restricted
Boltzmann machine [15]. A method of learning a user's
preference by extracting keywords from an image is also
being studied. One study proposed an algorithm that analysis
of relationship of preference within an image [16]. Personal
preference learning of existing studies derives results that
classify results or calculate weights. These results are
dependent on the input data. Our goal is to compare and
evaluate input data and learned data like a real person, which
is different from existing studies. Therefore, we propose a
method of continuously evaluating and compensating learned
results.

B. Reinforcement Learning

Markov decision process (MDP) is process of making
decisions sequentially and receiving rewards in a specific state
[10]. It includes a 5-tuple consisting of {S, A, T, R, v } [11].
S means state. State literally means a state in the environment.
When Go is taken as an example, the state can be expressed in
a two-dimensional coordinate space and a state in which a
stone is placed. A policy is a rule that determines an action in
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a characteristic state. A is Action and it means the work to be
performed in a particular state. T is the probability of state
transition and it means to the probability of performing a
specific action in a specific state. R is Reward and it means to
a compensation value when a specific action is performed in a
specific state. v is a discount factor. This means the discount
rate of the next state when calculating the sum of the rewards.
Environment is the object of learning. The agent selects an
action using policy and performs learning. Episode is a
sequence that means the beginning and end of learning. Since
the initial policy has not been learned, the agent randomly
selects an action [12]. As number of episodes increases, policy
updates and it selects action that receives best reward. There is
a problem of exploring only the initially learned policy. To
solve this problem, there is a method of randomly selecting an
action by a specific probability, such as e-greedy.

Q-learning is one of the RL techniques for learning without
a model [13]. It can be used to find the optimal policy in a
given MDP. Q-value is a function that helps predict and
calculate the expected reward for a certain action in a specific
state. Q-learning learns this g-value to derive the optimal
policy. Q-value consists of a pair of state and action, and the
update formula is shown in Formula 1 below.

Q(St,(lt) — (1 - a)Q(Sta at)

+o(r, + ymax(Q(s,..,a) - 0(s,a,))

III. METHOD OF LEARNING PERSONAL PREFERENCE

We propose an RL-based learning method for personal
preferences. The algorithm used g-learning.
The overall learning structure is as follows.

Environment

| Day | | Time |

Agent

Reward

‘Weather

Rainfall

Q-Value Update |

Action | €-Greedy |

(Recommendation)

| User Decision |

Figure 1. Arcitecture of Learning personal Preference

The state includes day, time, decision, weather information
in the current time zone. Weather information includes data
such as temperature and humidity. The end of the episode is
the end of the day. Action was defined as an item that user
could select. The e-greedy method was selected as a random
policy to select Action. Reward is set to increase when
selected action from policy matches the actual decision.

Initialize day,hour =0
Initialize environment from data
Initialize s,a from environment

Initialize O(s,a) from agent
Initialize episode count,day count
for all ne episode _count
while done!=true
Update a from € —greedy

e A A S e

Update s',r,done
from Environment Step Algorithm
Update Q(s,a) from Q-value Update

end while
end for

N

10:
11:
12:

First, the algorithm initializes day, hour to zero.
Environment is a workspace for operating algorithms and it is
initialized using collected data. s and « mean state and
action, and they are initialized using environment based on
imported data. Q(s,a) is the Q-value value and initializes the
matrix in the agent. episode count is the number of times an
episode is performed. day count is the number of times to
learn for each day. Each episode confirms termination using
the done parameter. Action follows the e-greedy policy. s' is
the next state and it includes next day, hour, decision, and
weather information. » means reward. Parameters s',r,done
can be updated using the Environment Step Algorithm. Q-
value value can be updated through the Agent Update
Algorithm. The update for the Q-value uses Formula 1. By
performing the algorithm as many time as given, the learned
g-value can be obtained.

The Environment Step is an algorithm that updates the
environment every time a step is performed, and the process is
shown in algorithm 2.

Algorithm 2 Environment Step

The algorithm for personal preference learning is as follows.

Algorithm 1 Learning Personal Preference with RL
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1 Initialize » =0

2 Initialize done = false

3 If a="0" then

4 If a==s, then

5: Update r <7,

6 end if

7 else then

8 If a==s, then

9: Update 7 <,

10: end if

11:  endif

12:  Update hour < hour +1

13:  If hour >23 then

14: Update done < true

15: Update hour <0

16: Update day number < day _number +1

17:  endif

18: If day number >day count then

19: Update day < day +1

20: Update s' from environment,day,hour
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21:  return s',reward,done

First, reward is initialized to 0, and done to false. In
addition, action selected by policy and selected decision at
current time zone are compared, and if this is correct, the
agent increases reward. In this case, the agent checks whether
a user has made a decision and gives a difference in reward. 1
step means 1 hour. At 24 steps a day, episode ends and the
done is updated to true. 1 day is learned by the set number of
day count . Environment returns the next state using day, step
in the collected data.

IV. SIMULATION

This section is divided into three categories: creating virtual
data, simulation setting, and simulation result.

A. Creating Virtual Data

Data on the user's selection includes information on day,
hour, decision, and weather. Day is 365 days from the 1st, and
hour is from 0:00 to 23:00 on the day. The Decision is the
user's choice for each time. The Decision consists of nine
types of selection, including 'A' to 'H' and 'X". 'X' means non-
decision. In the simulation of this algorithm, weather includes
temperature. Temperature information uses the
Meteorological Administration's ground time data inquiry
service API in a public data portal in Korea [18]. We need
decision data to learn the user's preferences. Therefore, we
created data probabilistically. The created data is content that
the user selects a specific option and it means menu selection
for breakfast, lunch, dinner, and night food. The following
table 1 is the time range for each meal time.

TABLE 1. RANGE OF MEAL TIME
Meal time Range
Breakfast 5~7
Lunch 11~13
Dinner 18 ~22
Night food 23~24

There are four meal times: breakfast, lunch, dinner, and
night food. personal preferences not only select menus, but
also have meal times. Therefore, we set the range for each
time zone of meal times. For example, some people have
breakfast just before work hours, and that time is most likely
at 6 o'clock. In addition, meal times can change depending on
the temperature.

The time probability of menu determination can be seen in
Table 2 below. 'ta' is the temperature in centigrade units.

TABLE 2. PROBABLITY OF MEAL TIME

t 8 9 10 11 12 13 14 15
ta<20 04 | 05 0.1
ta>20 04 | 05 0.1

t 16 17 18 19 20 21 22 23
ta<20 02 | 03 0.3 0.1 0.1 0.3
ta>20 0 02 | 03 0.5 0 0.3

There is also a preference for individual meals. Therefore,
we express how often individual person eats at a specific time
zone by giving probability for each meal time zone.

The probability of menu selection can be seen in Table 3
below.

TABLE 3. PROBABLITY OF MENU DECISION

Meal time Menu Decision
ta<20 A=0.1, B=0.6, C=0.3
Breakfast =30 A=0.1,B=0.6,C=023
Lunch ta<20 C=0.1, D=0.5, E=0.4
ta>20 C=0.6, D=0, E=0.4
Dinner ta<20 A=0.2, E=0.4, F=0.4
ta>20 A=0.2, E=0.4, F=0.4
Night ta<20 F=0.5, G=0.5
food ta>20 F=0.5, G=0.5

Each individual has a preferred menu for each meal time.
For example, someone can often go to a restaurant near their
workplace during lunchtime. Weather can also influence
individual menu choices.

B. Simulation Setting
The setting for the observable state is as shown in Table 4.

TABLE 4. OBSERVATION STATE

Observation Range Description
Day 1 ~365 a year range, per day
Step 0~23 a day range, per hour
. Index of [X, A, B, C, D, E, F, G]
Decision 0~7 (X = Non-decision)
Temperature -40 ~ 40 Per 1 centigrade

t 0 1 2 3 4 5 6 7
ta<20 0.7 0.2 0.5 0.3
ta>20 0.7 0.6 0.1 0.3
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The date to learn was set to a total of one year. Because
individual meal choices can also be affected by the season.
Since the step has a unit of 1 hour, the range is from 0 to 23.
There are a total of seven menus, from "A" to "G." There are
eight menu choices, including 'X', which means not to make a
choice. The temperature ranges from -40 to 40, and the unit is
1 celsius.

Action selection is made using index, which is shown in
Table 5.

TABLE 5. ACTION VECTOR
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Action X|A|B C D E F G

Index 0 1 2 3 4 5 6 7

In the simulation, action selection is performed using a
vector consisting of indexes from 0 to 7.

The parameter of the environment is set as shown in the
following table 6.

TABLE 6. PARAMETER OF ENVIRONMENT
Parameter Value
episode _count 1,825,000 (365 * 5,000)
day _count 5000

day_count 18 set as 5,000 times. In prior learning, the results
were stable when about 5000 learning was conducted. Since
the learning date is 365 days in total, episode _count 15 1,825,000.

The parameter of the agent is set as shown in Table 7 below.

TABLE 7. PARAMETER OF AGENT

Parameter Value
Epsilon () 0.1
Learning rate (o) 0.01
Gamma (y) 0.1
Reward 1 (#) 5
Reward 2(r,) 100

The proposed learning model does not learn well if it
follows only the action selected in the policy. Therefore, A
has a slightly higher value of 0.1. In this simulation, the
number of episodes is about 1.8 million, which is slightly
higher. Therefore, in the case of policy update, A is set to 0.01
to apply a lot of previously learned results. Since menu
selection in the current time zone has little effect on menu
selection in the next time zone, A is set to a small value of 0.1.
Reward 1 is the reward when X' is matched. Reward 2 is a
reward when matching menu choices. We make a difference
in this value because matching menu choices is more
important.

C. Simulation Result
Reward for each episode is shown in Figure 2 below.

500

400

300

200

reward (r)

100

0

0.00 025 050 075 100 125 150 175

episode (1)
Figure 2. Reward for each Episode
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As shown in Figure 2, each menu 1is created
probabilistically, so it does not always fit the policy. The goal
of the agent is to learn the policy of maximizing the reward
for each episode. The maximum value of created policy is
shown in Figure 3 below.

Figure 3. Maximum value of Learned Policy

When j=0, the temperature is less than 20 degrees, and
when j=1, the temperature is more than 20 degrees. Since the
policy aims to maximize rewards, it follows the probability of
virtually created data. In Figure 3, it can be seen that the
policy has been learned approximately to the probability of
menu selection. For example, if j=0, menu D is recommended
at lunch, and if j=1, C and E are recommended. This is similar
to the probability of created virtual data. However, it can be
seen that breakfast recommends 6 o'clock when j=0 and 7
o'clock when j=1. For this part, there is an error because the
probability of virtual data is the highest at 5 o'clock when j=I.
In addition, in the case of dinner, the algorithm recommends
in three time zones when j=0 because the probabilities of the
time zones are similar in virtual data.

V. CONCLUSIONS AND FURTHER STUDY

We propose a method of learning personal preference using
RL. To this end, a learning model was designed and the results
were confirmed in simulation. From the simulation results, it
can be seen that the selection by policy is similar to
probability of virtual data. However, some results include
errors. Because input data is based on probabilistic data, and
the learning model is heuristic method. It can be seen that
errors are also based on the probability of virtual data. In this
paper, only the basic process for learning personal preference
was proposed. Therefore, further research is needed such as
optimal learning methods and accuracy improvement. A
method of learning areas that are difficult to express with
probability by utilizing the characteristics of RL (Heuristic
learning methods) is also a subject of study.
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