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In recent years, there has been much interest in recommender
systems that provide users with personalized suggestions for products or
services. In this paper we presents a reinforcement learning approach
for collaborative filtering. First, we formalize the collaborative filtering
problem as a Markov Decision Process. Then, we learn the connection
between the time sequence of user ratings using Q-learning.
Experiments demonstrate the feasibility of our approach and a tight
relationship between the past and current ratings.
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1 Introduction
Recommender systems provide users with personalized suggestions for products
or services. Recommender systems can be combined with various technologies
including autonomous driving and make appropriate suggestions in different spatiotemporal situations. Collaborative Filtering (CF) is one of the most active
domain in recommender systems since it avoids using information about the
content, but rather it uses historical data (e.g. user ratings). The data of CF can be
represented as a large sparse matrix with (user, item, rating) entries, and the goal is
to predict the missing entries of users's ratings for items they have not yet
considered. Many researchers have developed CF algorithms including Restricted
Boltzmann Machine (RBM) [8], K-Nearest Neighbor(KNN) [1] and Singular
Value Decomposition (SVD) [5].
This paper presents a new CF algorithm based on reinforcement learning,
RLCF. Reinforcement learning has been successful in many applications [3].
However, to the best of our knowledge, there has been no attempt to apply reinforcement learning to CF. The motivation for applying reinforcement learning to
CF comes from the contrast effect, which is the enhancement or diminishment of a
perception and related performance as a result of immediate previous or
simultaneous exposure to the stimulus in the same dimension, with a smaller or
greater value [10]. The contrast effect can take place in CF. For instance, a user
can evaluate the same movie differently depending on what he watched
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previously. Thus, the prediction of a user's ratings for
be optimized by taking into account the sequence of
Against this background, we attempt to formulate the
as a Markov Decision Process (MDP) and apply
reinforcement learning algorithms, Q-learning [9, 11] to

an unseen movie can
movies he has seen.
contrast effect on CF
one of the popular
it.

2 Preliminaries
2 . 1 P r o b l e m D e f i n it io n
Suppose the user-movie dataset consist of ratings (of 1,-5 stars) for N users
and M movies. Let X E 11:1\rxm be the matrix of the ratings. Let A E
be a matrix including entry (user, movie, rating) cl X as real (correct) ratings.
The performance of a CF algorithm can be measured by the error between the
prediction values of the algorithm and A. Let I E {0,1}NxM is an indicator
function such that:
/i3 -

1 if movie j is rated by user i in A
(1)
0 if the ratings is missing in A

Let P E 11/Nxitl be the matrix of predictions made by the CF algorithm. The
goal is to estimate the missing entry of X such that the root mean squared
error (RMSE) is minimal. RMSE is defined as follows:

RMSE(P, A) =

Eli Er=i

- Pi7)

2

E 7= 1 E r= 1 Iii

(2)

2.2 Problem Fomulation as MDP
MDP provides a mathematical framework for a sequential decision problem
[2, 6], and has been used for a wide range of optimization problems. MDP
consists of a tuple of 5 elements (8, A, {/38,}, 7, R) where
 State S: The state S is defined as the ratings of movies. If the range of
ratings is integer 1 to K, the size of state 181 is K. st(i) E S refers to the
rating of the t-th movie that user i watched.
 Action A: As defined above, 42), and 421 refer to the ratings of t-th movie
and (t + 1)-th that user i watched, respectively. State 4i) transitions to 41
by taking action ctli) E A. We represent this process as follows:
(0 c'') (0
st
st+1

(3)

Note that 1A1 = 181.
Transition Probability Psa: We assume that the MDP for CF is deterministic.
That is, if a user takes action at(i) at state st(%) , transition to the
(0
next state st±i is not random. Since 1A1 = 181 and the MDP is deterministic,
we can see that ate) = 421 in our problem.
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Tab e 1: Example of (user, movie, rating, order) data

user 1
user 2
user 3
user 4
user 5

movie 1
(2,1st)
(1,1st)
(5,1st)
(1,1st)
(2,1st)

movie 2
missing
(1,2nd)
missing
missing
(4,2nd)

movie 3
(5,2nd)
missing
missing
missing
(5,3th)

movie 4
missing
(3,3th)
(3,2nd)
missing
(5,4th)

movie 5
(2,3th)
missing
(5,3th)
(4,2nd)
missing

Discount factor 7: 0 < < 1 is called the discount factor.
— Reward r: When user i takes action ate) at state slz), user i receives a reward
or penalty signals defined as follows:
r (4i) , az)) =

— pr edict or (i,t)

2

(4)

predictor(i, t) is the prediction that a CF algorithm estimates and st(±i)2 is the
next, next state. The rationale behind (4) will be described in Section 3. 2.3
Generating Episodes
As mentioned earlier, X E RNx M consists of (user, movie, rating) paired entries.
If we use the CF data with (user, movie, rating, order) paired entries, we can
generate the episodes as follows:

(1)

a (1)

a("

S1

a(1) a(1)

Ti -11)
S3 ___________________ > 8(

82
(2)

(2)

(2) al
Si -)• 52

(2)

a2

a(2)
a3

T i - 12)
53 S(

(N)

(N) a
S2 X83>

a(N)

a(N)

S1 1>

a(N)

(N)
)S

sCi) is the rating that user i scores for j-th watched movie. For instance, if
3

the (user, movie, rating, order) entries of user-movie data are like Table 1 (The
entry (1, 1, 2, 1st) means that user 1 watched movie 1 first and gave 2 stars),
the episodes are generated as follows:
2

5

2

1—>1—>3
5

3

5

1—>4
2 4 5 —> 5
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3 RLCF
RLCF consists of two phases: training and prediction. The former is to compute the
Q-table of the MDP, and the latter is to predict the rate for a user-movie pair
using both the output of a CF algorithm and the value of the Q-table.
3.1 Training
Based on the MDP formulation and preliminaries, we learn the Q function using
Q-learning which can be summarized as (see [9, 11] for detailed derivation):
Q(s, a) = Q(s, a) + a[r(s, a) + max Q (6 (s, a), a') — Q(s, a)1

(5)

where Q(s, a) is the old estimated sum of reward, r(s, a) + maxa, Q (6 (s, a), a') is
new estimated sum of reward after a step forward, and a is the learning rate. Since
the number of possible actions in state s is ISI, Q(s, a) is a 1ST x 181 table. The
episodes generated as described in Section 2.3 are used as training data for Qlearning. Here is the training algorithm:
Algorithm 1 Training Algorithm in RLCF
1: Input:
a : learning rate
-y : discount factor
Ti : the number of movies user i has rated
2: Output:
Q(s, a) : the estimated sum of reward
3: Initialize Vs E S, Va E A Q(s, a) = 0;
4: Convert X E ilex m to training episode set as in Section 2.3;
5: for each user i = 1 : N do
6: for each movie j = 1 : Tz do.
7:
Calculate the reward: r(s ( ; ) , d ( i i) ) = 2 — predictor(i, j);
8:
Update the Q-function Q(s, a) using eq (5);
9: end for
10: end for

3.2 Prediction

The prediction p(;) of the entry xii E X that user i gives for movie can be
calculated by as follows:
pi(j) = predictor(i, j) +

(6)

In eq (4), thez reason why we used the next next state st(±i)2, not the next state
s(i)1,
t at )) the reward function r(s() a(i)) is related to eq (6). If we used the next
t
+
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Algorithm
MM
SVD
SVD++
state

Table 2: The RMSE of RLCF
Base RLCF improvement -y
0.9381 0.9109 0.0272
0.8014 0.7970 0.0044
0.8000 0.7954 0.0046

a
0.5 0.000003
0.5 0.000006
0.65 0.000006

prediction p.(ii) must be defined as
3

pCi) = predictor(i, j) + Q(s 1, _1)
_

(7)

However, it is impossible to know Q(s _1, a _1) =
1,sii) when we try to
predict p(ii). This is because the parameter3 is exactly the rating we want to predict.

4 Experiment
4.1 Data set
We adopted MovieLens data set which contains 10,000,054 ratings applied to
10,681 movies by 71,567 users of the online movie recommender service [7].
Users who rated at least 20 movies were chosen and their ratings were sorted
chronologically. 20% the most recent movie rating of the entire data is used for
testing, and the remaining 80% is used for training.
4.2 Base Predictor
As a base predictor for CF, we adopted SVD and SVD++ which is an improvement over standard SVD by incorporating implicit feedback, implemented by
stochastic gradient descent. (See [4] for detailed descriptions on the algorithm.) In
addition, we added a simple movie means (MM) algorithm that outputs the mean
of movie ratings.
4.3 Results
The state S is defined with ratings in [0.5, 5.0] with 0.5 intervals, making 151 = 10
and Q(s, a) is a 10 x 10 table. We compared the RMSE of RLCF combined with
base predictors with that of pure base predictors. We trained SVD, SVD++
predictors with 10 latent features. There are two parameters in RLCF to be tuned:
the learning rate a and the discount factor -y of Q-learning. Tables 2 shows
experimental results for each predictor with various parameter settings. As
expected, SVD++ produced the best performance while MM produced the
worst. RLCF improved the performance regardless of the base predictor. That is,
MM, SVD, and SVD++ with RLCF predictor reduced RMSE by 0.0246, 0.0044,
0.0046 respectively than its pure predictor. This verifies our idea of incorporating
the contrast effect via reinforcement learning.

198 Computers, Networks, Systems, and Industrial Appications

5 Conclusion
We presented a new reinforcement learning based algorithm, RLCF, for CF. We
first formalize the CF as MDP to model the effect that the sequences of a users'
previous ratings influence current ratings. Then, the effect is learned and
recorded in a Q-table via Q-learning. The experimental results show that the
order of past ratings affect the current ratings significantly, and is thus useful to
elicit more accurate predictions.
There are some interesting directions for future work. When we formalize
the CF as MDP, states can be defined by other factors as well as ratings. For
example, the genre, season, and diverse tags can be defined as states in MDP. If
the movie genre is used, RLCF can discover the effect that influences ratings for
action movies when a user watches an action movie after having watched a
comedy.
In addition, RLCF can be combined with other emerging technologies to
provide relevant information to the user. For instance, it can be implemented in
autonomous vehicles to make suggestions based on the driver's spatiotemporal
context.
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