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Abstract. Recommendation systems based on collaborative filtering are
widely used in many fields. Alternating Least Squares (ALS) in the Mlib
Library is a distributed and parallel algorithm in Spark framework, which
can solve the problems of scalability and speedup in a limited hard-
ware resources of stand-alone systems. However, it does not consider the
influence of the factor of time on the recommendation accuracy. Tak-
ing restaurant ratings as an example, this month ratings are more reli-
able than those from last year. Thus, the motivation in our proposal
re-scores ratings with different time weights. We improve ALS in its pro-
cess of data preparation according to requirements on the structure of
data input. Consequently, our improvement does not need to modify the
main body of ALS. Experimental results validate effectiveness that our
proposal outperforms the original ALS in recommendation accuracy.
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1 Introduction

With the development of the Internet, the problem of information overload has
become increasingly serious. The emergence of the recommendation system can
help people to obtain the interested information [1]. The collaborative filtering
algorithm has been widely applied in various recommendation systems.

In recent years, parallel and distributed computing models have been used
in recommendation systems [2], which not only speeds up the recommendation
process, but also has a good scalability. For example, many researches exploit
Hadoop and Spark to improve the parallelism of recommendation system oper-
ations [3-6]. These efforts are based on new computing models and platforms,
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which parallels many classic machine learning algorithms such as apriori, k-
means, and so forth. However, the existing research mainly studied the process of
matrix decomposition and the iterative phase to improve the algorithm of Alter-
nating Least Square (ALS), from perspective of feature vectors in post-evaluation
results. However, the consideration of parallel execution of data pre-processing
in the early stage is not enough. Algorithm accuracy, as well as efficiency, can
be improved by means of pre-processing data, such as normalization. Thus, this
work has the following considerations: We improve the original ALS algorithm
within the Spark platform by exploiting influence of the time factor to adjust
dataset scores. This process is in the data preparation according to requirements
on the structure of data input. Experimental results validate effectiveness of our
proposal in terms of the accuracy of Root Mean Square Error (RMSE).

2 Related Work

By exploiting the PySpark framework and Resilient Distributed Datasets (RDD)
in Spark, Bhowmick improved existing association rules Apriori algorithm [5].
The datasets with different structures are used to obtain the data analysis
experiment results, and the improved method is verified to get a better level
of performance. In [6], a parallel computing ALS acceleration algorithm (ALS-
NCQG) is proposed, in which the performance of running and convergence times
is improved. In [7,8], the authors compared advantages and disadvantages in
various performance indicators (RMSE, MAE, etc.) during the execution of
the collaborative filtering algorithm implemented in Hadoop platform and the
Spark platform. It discuss the impact of multiple parameter on recommendation
results. And it also emphasized the advantages of memory-based computing
frameworks. In [9], users and items are related by the concept of incorporat-
ing labels. Then, through the continuous increase of processing nodes, the cold
start problem of collaborative filtering is alleviated, and cold start, scalability,
throughput and data sparseness in different scenarios are discussed. The liter-
ature [10] designed a new loss function by calculating the similarity between
users and items, thus improving the accuracy of the evaluation index RMSE.
The literatures [9,10] mainly focused on the inherent correlation between users
and items, which improves the performance of the entire execution process. Lit-
erature [11] propose a hybrid collaborative filtering distributed execution model
specifically, it uses the recommended results as input to KMeans clustering algo-
rithm, and verifies scalability, execution time and robustness to demonstrate its
effectiveness. Literatures [10,11] considered the optimization of one-step process
of parallel execution. Its main point to improve the response time of the recom-
mendation system, and the proposed new model and algorithm also had effects
on improving cold start and scalability. In the recommendation system, a very
important step is matrix decomposition. A basic version of matrix decomposition
has been completed in the Spark framework. Literature [12] designed multiple
regular term formulas to derive five different models, considering the prediction of
data values in a specific scenario. It analysed missing data under the Spark plat-
form and verified the rationality and effectiveness of the proposed model through
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analysis of execution time of different sizes of data set and RMSE. Literature
[13] describes a new collaborative filtering recommendation algorithm based on
probability matrix factorization. Finally, time windiows weighting is integrated
into the rating matrix to construct the 3D user-item-time model. The proposed
algorithm achieves better overall performance than other algorithms.However,
the experimental results in spark parallel framework are not considered in this
paper. The above studies [3,4,7,8] mainly focused on the evaluation of perfor-
mance improvement by using the new framework platform. Both the literature
[6] and this paper study ALS algorithms, but we underscore the acceleration and
optimization of matrix decomposition. The literature [9-12] mainly focused on
step optimization in the matrix decomposition stage, and [10,11] accelerated the
system execution by proposing new models and algorithms, such as considering
the correlation between users and items. The existing researches mainly focused
on the optimization of the matrix decomposition phase of the ALS algorithm.
This paper starts from the perspective of the initial stage of data preprocessing.
It improves the performance by designing a distributed ALS algorithm based on
time factor.

3 Problem Description

3.1 Matrix Factorization

The most common matrix factorization technique is evolved from SVD. Suppose
there are m users and n items in total, then the user-item-rating matrix is P €
P(mxn) where the rating represents the user’s preference for items. This matrix
is usually very sparse, most of the scoring elements are missing, and our task is
to predict the missing values in it. For each user u set a user vector z, € P/,
and each item i set an item vector y; € Pf, then the predicted value is expressed
as the inner product of the two 7,; = xLy;. Then the objective function is:

L=;71@Z%Z(Tui—xfyi)2+/\(z e P+ 1w 11P) (1)

SGD is an iterative method (iterative method), while the other method, the
protagonist of this article ALS, is a direct method. Since both z, and y; in
Eq. (1) are unknown, the function is non-convex and it is difficult to optimize
directly. However, if all yis are fixed and regarded as constants, then Eq. (1)
becomes a least squares problem about x,, and the analytical solution can be
obtained directly. So you can fix y; to find z,, and then fix z, to find y;. The
two alternate continuously, and this process repeats until it converges. Therefore,
ALS is called alternate least squares (alternating least squares), which is actually
a bit similar to the alternate solution of E step and M step in the EM algorithm.

The following is a detailed derivation of the ALS algorithm flow. The user
vector , € P/ and the item vector y; € P/ have been defined above, then all
users can be combined into a matrix X € P("*f) and all items are combined
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into a matrix Y € P(™*f) The entire scoring matrix is P = XY7T ¢ P(mxn),
Then find the partial derivative of Eq. (1) fixed Y with respect to x:

87% *21; Tui — uyv Yi + 2Xx, =0 (2)
= (Y vyl +ADT D rus
€T ux €T yx (3)

=Yy, + )"ty lp,

Among them, r,, represents all items rated by user u, Y, € PI"==*f repre-
sents a matrix of all items rated by user u, and P, € PI"»+| represents a vector of
all items rated by user u. In the same way, fix X to obtain the partial derivative

of y;:
Z :Cux + M)~ Z Twilu

UET 4 UET (4)
= (XIX;+A)'XTP,

According to Eq. (1), the partial derivatives of x, and y; are obtained, and
Eq. (3) and Eq. (4) are obtained. It can be noted that the calculation of each
2, and y; of Eq. (3) and Eq. (4) are independent, witch can be calculated in
parallel to increase the speed.

3.2 System Model

User’s scoring behavior on an item in recommendation systems can be expressed
as a matrix P, xn), indicating scores of n items by m users. F(;;,xn) is a sparse
matrix with “missing values”. One reason in that the labelling process is complex
and costly. Model-based collaborative filtering algorithms predict the “missing
value” from existing ratings, in a matrix completion process. The ALS algorithm
is used to complete F(,,xy) by dimension reduction in training models. P, xn)
is composed of two low-dimensional matrices U, xx) and Vi, k). The minimum
squared error loss function L(U, V) is used to compute U and V while avoiding
the overfitting problem.

The original ALS algorithm aims to decompose FP(;;,xr). Traditional matrix
decompositions are difficult to handle huge data given a large size of P, xy)- It
computes Uy, xk) and Vi, xx) in Eq. (5),

P(mxn) ~ U(mxk)‘/(z;xk) (5)

where k is the minimum of m and n, which refers to the correlation dimension.
It is also known as “implicit semantic factor”.
The objective is to minimize the squared error loss function in Eq. (6),

LUV) = (rui —zLy:)? (6)



Time-Based Distributed Collaborative Filtering Recommendation Algorithm 249

where 7, ; represents the rating of item ¢ by user u, and xTy; the approximate
rating of item i by user u. A regularization term is applied to avoid overfitting
in Eq. (7),

LU V)= (rui —2yy:)> + A 2 [P + | 4 ) (7)

where A is a regularization coefficient. The specific solution for ALS is similar
with the gradient descent method. The calculation process is as follows.

1. Set initial values V and U
2. Find the partial derivative of function L(U,V) for z,, and let the partial
derivative equal to 0 to get:

z, = VIV +A)'VTP, (8)

3. Similarly, it is expected to get Eq. (9), where P, is the p-th row, P; the it
column of P, and I k x k-dimensional matrix.

yi = (UTU+ M) "'UT P, (9)

4. Continue steps 2 and 3 until convergence.

3.3 Time Factor

Our work considers time factor in the training model. In addition, we consider
the fact that the latest users have a bigger weight in the evaluation. A weight
coefficient in Eq. (10) adjusts user ratings from viewpoint of time drift.

tui = i
= ;“" (10)
max min

where t,,; refers to the current time for user u to rate item i, t%, . the last time
when all users rate item 4, and ¢}, .. the earliest time. The weight increases with
the rating timestamp, implying the rating importance. Then we rearrange the

rating in Eq. (10) by Eq. (11),
Ryi=ry;x(1+6) (11)

where 7, ; the original user rating. Different periods of user ratings are applied
in traditional methods. Notice that it ignores influence of weights of different
periods on ratings that fluctuate over time. It happens frequently that movies
with low ratings at initial releasing periods become classicical along with time.
Thus, the time factor should be one of criteria on ratings.
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4 Algorithm Implementation

4.1 Algorithm Design

START | Read the updated file

Read each line of record Y

of item rating data Cut the string and create
a data stream DataFrame

Are line records>~_NO Y
not empty?

Divide data sets: training
sets, test sets

Save the minimum and
maximum timestamps
for each itemld

Is it within
the specified
parameters?

Read each line of the
source data in turn

Construct the ALS
recommendation model
and train the model by

formula (3)(4)(5)

Are line records
not empty ?

Calculate the weight 0 \ 4
corresponding to the line Evaluate the model and
record itemld according calculate RMSE using

to formula (6) equation (8)
Update the rating item of Y
—the row data according to END
formula (7)

Fig. 1. Algorithm implementation flow chart

Figure 1 shows the process of our algorithm. It includes four components: to pre-
process data, to find the minimum and maximum timestamps of all user scores
corresponding to each item, to traverse each line of records, and to update scores
in the original data by means of Eq. (10) and Eq. (11). These operations can be
addressed in the Spark framework. The model is optimized multi-dimensionally
with different parameters, and finally the prediction and model evaluation
are performed. The specific process and implementation will be described in
Algorithm 1.



Time-Based Distributed Collaborative Filtering Recommendation Algorithm 251

4.2 Data Processing

The score dataset is processed according to Eq. (10) and Eq. (11). The timestamp
in the original dataset is associated with the user’s rating. Algorithm 1 shows
the data processing.

Algorithm 1: Data Processing

Input: Dataset D

Output: Dataset S considering time weight

1: D = {UserID, Itemld, Rating, TimeStamp}

2: for each line in D:

i « itemld

if TimeStamp < min_TimeStamp(i):
min_TimeStamp (i) « TimeStamp;

if TimeStamp > max_TimeStamp (i):
max_TimeStamp (i) «+ TimeStamp;

: end for

9: Obtain max_TimeStamp and mix_TimeStamp according to itemlId.

10: for each line in D:

11:  Obtain the TimeStamp field in the raw data

12:  set t(u,i) =TimeStamp.

13:  Set the time weight: § = %

14:  Update the original TimeST%gmpmg(L:cording to the time weight.
15:  Updating TimeStamp: R, ; = 7y, X (1 +6).

16: end for

17: Save R, ;.

The input is dataset D to be processed, and the output is the dataset S after
the correction of score items according to time weight. Lines from 5-8 obtain the
minimum timestamp and the maximum timestamp of each itemlId score through
circulating each row in dataset D. Lines from 13-16 are to calculate the time
weight according to Eq. (10). Line 17 updates scores based on the time weight.

4.3 Recommendation Algorithm

We design a recommendation algorithm to train a model with the goal of the
minimum prediction error. We improve the traditional ALS algorithm in Spark
in its process of data preparation according to requirements on the structure of
data input. Evaluation is performed on the accuracy of RMSE.

In Algorithm 2, the parameter maxIter is the number of iterations at runtime.
Each iteration can improve the accuracy of the algorithm. Rank is the number of
implicit semantic factors in the model, that is, the number of features. RegParam
is a regularization parameter of ALS, indicating the magnitude of A in Eq. (7).

The algorithm input is the dataset S from Algorithm 1. The output is the
prediction error. Lines 1-6 create the data reading specification and the dataset
is divided into a training set and a test set. Lines 7 to 11 optimize the ALS
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model by iterating. Lines 12 to 15 test the training model with the test set and
evaluate the model to obtain the error.

Algorithm 2: Recommendation Algorithm

Input: Dataset S obtained in Algorithm 1

Output: Prediction error

1: Get the sc object:spark = SparkSession.builder.

: Read file = S [userld, itemld, newRating, timestamp]

: Create a Rating type [Int, Int, Float, Long] and convert each line to Rating.

: Divide fields according to the Separator

: Create DataFrame by ratings RDD.

: Split the DataFrame into training and test.

: for rank or lambda € [m,n]

for maxIter € [m,n]

0: Set ALS parameters(rank=rank, maxIter=maxIter,
regParam=lambda, userCol="userld”, itemCol="movield”,
ratingCol="rating”, coldStartStrategy="drop”).

= O DU WD

11: Train model by training data.

12: Predictive model.

13: Evaluate model and Get the error.
14: Write the error to text.

15:  end for

16: end for

17: Stop Spark.

5 Performance Evaluation

5.1 Datasets and Evaluation Metrics

This experiment is to predict user ratings for each movie. In actual application
scenarios, the movie with the highest predicted ratings will be recommended to
the user. The experiment uses dataset Movielens with 100,000 and 1 million film
records. Each row of dataset records contains four attributes: User ID, Movie
ID, User Rating, and Timestamp. We apply the metirc RMSE in Eq. (12) to
evaluate our model. It is arithmetic square root of mean square error to measure
how much the data changes. Note that prediction accuracy increases inversely

with RMSE.
i\Tu,i — Pu,i 2
RMSE = \/Z’“( N Pui) (12)

where N represents the number of experiment samples, p,, ; and r,, ; the predicted
and observed scores of user u for movie i, respectively.

5.2 Experiment Settings

The purpose of this experiment is to verify the advantages and disadvantages
of an improved algorithm considering time factor. The experiment is performed
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in the PySpark cloud environment which consists of five Alibaba Cloud Server
ECSs. One is a master node and the other four are slave nodes.

In collaborative filtering algorithms, the key is to train model parameters
accurately. The algorithm has the following parameters: Rank, maxIter, and A.
Rank, the number of implicit semantic factors, has an influence on the fitness
of the training model in the test model. MaxlIter is the number of iterations.
A is the regularization parameter of ALS. Three parameters are independent
variables to observe RMSE.

5.3 Evaluation

Figures 2(a) and (b) are three-dimensional maps of RMSE. X-axis in the figure
is the number of the implicit semantic factor Rank from 1 to 10. Y-axis is the
number of iterations maxIter from 1 to 10. The Z-axis is RMSE.

The results demonstrate that the improved algorithm has a significant
improvement in RMSE. It can be seen that RMSE decreases sharply with Rank.
It indicates that the increase of the Rank value results in improvement of perfor-
mance. RMSE in two algorithms first decreases rapidly, and then becomes stable.
Specifically, RMSE fluctuates slightly while Rank changes from 3 to 10, which
indicates that Rank should not be too large. In addition, RMSE in Fig.2(a) is
much larger than RMSE in Fig. 2(b) when maxIter is from 1 to 3. This shows
that the model is more stable given millions of data.

7 w0t
traditional “

traditional |

proposal
proposal

(a) (b)

Fig. 2. (a) RMSE in 3D map. (b) RMSE given a million-level datase

With 100,000 and a million levels of data, RMSE in the proposed algorithm
is smaller than that in the traditional algorithm. It is observed that RMSE tends
to converge to a Rank of 10. Therefore, we fix Rank = 10 to observe RMSE by
alternating A and maxIter in Figs. 3(a) and (b).

The X-axis in Figs. 3(a) and (b) are A in [0.0001, 0.0003, 0.001, 0.003, 0.01,
0.03, 0.1, 0.3, 1, 3]. The Y-axis is the number of iterations maxIter from 1 to 10,
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and the Z-axis is RMSE. We have the same result that the proposed algorithm
is better than the traditional algorithm. In Fig. 3(a), RMSE gradually decreases
with A from 0 to 0.5. When the X is close to 0.5, the RMSE reaches its lowest
value. Afterwards, RMSE increases with A. In summary, the proposed algorithm
considering time factor is more effective than the traditional algorithm from the
respect of RMSE.

tradicional |

proposal

(b)

Fig. 3. (a) RMSE given a 100000-level datase. (b) RMSE given a million-level dataset

6 Conclusion

This paper proposes a time-based distributed parallel recommendation algorithm
in the PySpark platform. The results show that our proposal outperforms the
collaborative filtering algorithm and it reaches stable fast. We have verified its
effectiveness on RMSE with multiple parameters including the number of implicit
semantic factors, the number of iterations, and the regularization term.
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