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Abstract Predicting Student Performance is the process that predicts the successful
completion of a task by a student. Such systems may be modeled using a
three-mode tensor where the three entities are user, skill, and task.
Recommendation systems have been implemented using Dimensionality reduction
techniques like Higher Order Singular Value Decomposition (HOSVD) combined
with Kernel smoothing techniques to bring out good results. Higher Order
Orthogonal Iteration (HOOI) algorithms have also been used in recommendation
systems to bring out the relationship between the three entities, but the prediction
results would be largely affected by the sparseness in the tensor model. In this
paper, we propose a generic enhancement to HOOI algorithm by combining it with
Kernel smoothing techniques. We perform an experimental comparison of the three
techniques using an ITS dataset and show that our proposed method improves the
prediction for larger datasets.
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1 Introduction
Task recommendation is the process by which new tasks are recommended to users
by predicting student performance. There are three main entities in modeling a task
recommendation system namely user, skill, and task. Traditional recommender
systems do not consider these three features together [1]. They use techniques like
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Collaborative Filtering (CF) applied to only two-dimensional data, users, and items.
In systems modeled using all the three features, they were split into pair relations.
Thus, the total interactions between the three features were missing. Later, recommendation systems were developed modeling the three entities using multi-way
arrays called tensors [2]. Decomposition techniques like Higher Order Singular
Value Decomposition (HOSVD) were applied on the tensors. Truncation of the
factor matrices obtained as a result of HOSVD to ﬁnd the low-rank approximation
tensor proved sub-optimal in terms of the Frobenius norm [3]. HOSVD was combined with Kernel Smoothing Techniques, and these were shown to give more
accurate results. Also, Higher Order Orthogonal Iteration (HOOI) algorithms were
proposed to improvise on low-rank approximation [4] but sparseness affected their
performance. Thus, Kernel smoothing was used which resulted in the mapping of the
data into higher dimensions, and thereby, the data could be better separated and
structured. In this paper, we aim to recommend tasks to users combining both the
Higher Order Orthogonal Iterative procedure with the Kernel Smoothing Technique.
The combination has proved to give out more accurate recommendations to users
than the separate models. Experimental evaluation was performed using real-time
datasets, and the proposed approach outperformed the previous models.

2 Recommendation Systems
2.1

Motivation

Students need to look for guidance from teachers and others when it comes to
choosing tasks they are likely to solve. In order to cater to this need, many information and recommendation strategies have been developed. Task
Recommendation systems are one among these that recommend tasks with high
chances of successful completion to each student. There are three main entities in
developing such systems: user, skill, and task. Recommendation system aims to
derive a quadruplet (u, s, t, p) that provides a likeliness measure of interaction
between the three features. ‘p’ measures the likeliness of the user ‘u’ with skill ‘s’
solving task ‘t.’ Thus, such a system needs to be modeled considering the interaction among the three dimensions together. Also, modeling such systems will
result in sparseness. So we need to develop algorithms to alleviate the effect of
sparseness on the approximations.

2.2

Related Work

Breese et al. proposed a model based on collaborative ﬁltering (CF) but the model
failed to capture the relationship between the entities [1]. Later many matrix factorization model was proposed that overcame the limitations of the previous model,
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but it did not address user personalization [5]. The interrelationship between entities
and user personalization was together addressed using CubeSVD algorithm and
division algorithm [6]. Also, multi-task learning [7] methods for collaborative ﬁltering was proposed, which built a multi-task regression model for rating prediction. Systems were proposed to include a third attribute for user personalization to
standard CF algorithms reducing three-dimensional relations to two-dimensional
relations and then later applying fusion algorithms to associate correlations [8]. But
this model lacked accuracy. A comparison of three classes of algorithms namely CF
adaptations based on projections, page rank algorithm, and some simpler methods
showed that FolkRank algorithm performs better [9]. However, we needed a model
that preserves the three-dimensional relation as such and generates recommendation. Later, data was modeled using tensors—multi-way arrays. Various tensor
decomposition algorithms were developed for analyzing the high-dimensional
structures, and the approximations drawn from these decompositions were analyzed
to reach conclusions.
There are a lot of models addressing the various tensor decomposition algorithms [10, 11]. Analysis proved that only HOSVD provided a unique solution [12].
Later, a research on the user web interest was performed by analyzing the click data
and modeling it as a third-order tensor [13]. This used the concept of HOSVD to
perform tensor decomposition. The data modeled for the above-mentioned researches were highly sparse due to the presence of huge number of user, item, and
contexts, but the mapping between each of these combinations was very few.
HOSVD with kernel functions was combined to address sparse data and the
combination proved to improvise the traditional HOSVD approach especially on
sparse data [14]. Truncation was done on each of the factor matrices that were
obtained as a result of performing SVD to ﬁnd the low-rank approximations [3].
This provided a solution that was sub-optimal in terms of the Frobenius norm. So
we need a method to improvise on the rank approximations. An empirical analysis
of four tensor decomposition algorithms was performed, and Higher Order
Orthogonal Iteration algorithm was recommended. The Tensor Toolbox was
introduced for efﬁcient MATLAB computations [15]. This explained various
functions for computations with both sparse and dense tensors. A uniﬁed model for
social tagging was introduced giving out all three types of recommendation [2].
This used HOSVD with kernel functions and this approach was better than the
state-of-the art methods. HOSVD is limited in terms of Frobenius norm. HOOI also
provides a good orthogonal decomposition but the solution is affected by data
sparseness. So we go for a combined model that alleviates the sparseness and is
optimized in terms of Frobenius norm.

2.3

General Block Diagram with Different Approaches

Figure 1 represents a general block diagram of all the approaches discussed. The
initial construction of the tensor and the unfolding are common for the three
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Fig. 1 General block diagram with different approaches

approaches. To these unfolding, algorithms are applied. The output of the algorithm
is an approximation tensor from which recommendations can be drawn.

2.3.1

HOSVD with Kernel Smoothing Base Model 1

The Higher Order Singular Value Decomposition is a generalization of SVD
computations to multidimensional data. Matrix unfolding is done to each of the
modes of three-way tensor A  RI1 I2 I3 , and SVD is applied to each of these modes
to get the factor matrices U 1 ; U 2 ; U 3 . HOSVD is performed by n-mode product of
tensor A with the factor matrices.
^ ¼ S 1 U ð1Þ 2 U ð2Þ 2 U ð3Þ :
AA

ð1Þ

where U 1 ; U 2 ; U 3 are the orthogonal vectors spanning the column space of the
respective matrix unfoldings. S is called the core tensor and has the property of all
orthogonality. The tensors modeled are sparse tensors, and this could affect the
approximations performed. Hence, SVD is applied on Kernel-deﬁned feature space.
In order to avoid the explicit mapping of the data points of each tensor unfolding
into higher dimensional space and thereafter applying Kernel functions, we follow
the known process called the ‘Kernel trick’ and ﬁnd the factor matrices of each
unfolding using Eigen value decomposition.
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Higher Order Orthogonal Iteration—Base Model 2

Higher Order Orthogonal Iteration is an iterative algorithm to compute better
low-rank approximation to tensors than HOSVD. It successively solves the
restricted optimization problem:
minU P k A  B 1 U ð1Þ 2 U ð2Þ . . .:: N U ðNÞ k2F :

ð2Þ

Optimization is done over the matrix U p with the latest available values of other U i .

3 Proposed Approach
3.1

Outline

Modeling the data using HOSVD suffers from a sub-optimal solution in terms of the
Frobenius norm due to truncation of matrices to ﬁnd the low-rank approximations.
Frobenius norm is deﬁned for a three-way tensor as jjAjj2F ¼ RjAijk j2 . This can be
improved by a Higher Order Orthogonal Iterative procedure by repeatedly optimizing the approximations. In the traditional HOOI procedure, the ﬁrst step is to
ﬁnd the initial factor matrices by applying simple SVD over the different modes of
the tensor followed by iteratively updating factor matrices. A sparse data can largely affect the accuracy of the iterative procedure. In the proposed approach, we
combine the two models. Kernel functions are applied to ﬁnd the initial factor
matrices, and these are then updated iteratively using the usual known procedure.
Combining the two models takes care of both the sparseness problem and the
Frobenius norm. Figure 2 briefs the steps followed in the proposed approach. Step 3
is the modiﬁcation step done to traditional HOOI Algorithm to alleviate the
sparseness and improve accuracy.

3.2

Example

Figure 3a gives the information on tasks performed successfully by each user.
Figure 3b details out information on the skillset needed to perform each task. The
algorithm initially constructs the three-mode tensor from the available dataset considering the three entities: user, skill, and task. A ‘1’ in a cell Aijk represents that user
i with skill j can do task k. Figure 3 represents the tensor constructed for the example
scenario represented by the table. Matrix unfolding is done as shown in Fig. 4.
We then move on to performing Higher Order Orthogonal Iteration Algorithm.
The ﬁrst step is to ﬁnd the initial factor matrices by applying kernel functions that
can nonlinearly map the data to higher dimension and thus lead to a better
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Fig. 2 Block diagram of proposed approach

Fig. 3 Tensor construction of the running example. a User-skill table. b Skill-task table

Fig. 4 Matrix unfolding of
tensor

Enhanced Higher Order Orthogonal Iteration Algorithm …

645

structuring of data. Thus, we alleviate the sparseness problem in the ﬁrst step. With
this as the input, we proceed to the iterative procedure to ﬁnd the factor matrix of
each mode using the latest available values of the other factor matrices while
preserving the orthogonality as well. Gaussian Kernel functions were used taking
the standard deviation of each matrix unfolding as the Gaussian parameter. A brief
algorithm has been given in the Sect. 3.3.
The generation of approximation tensor marks the end of the training phase. The
~ measures the interaction among the three features. In the
approximation tensor A
testing phase, the ﬁnal approximation tensor can be interpreted as a quadruplet (u, s,
t, p) where p is the likeliness measure of user u with skill s performing task t. Thus,
from the existing data, for a random user, skill and task checking the value of p in
the approximation tensor will give the likeliness of the successful completion of the
task by user.

3.3

Proposed Approach: Algorithm

Initialize a 3 - mode tensor t with value 0.
for each activity a , in the dataset
(u ,s , t ) = Indices in tensor corresponding to a .
t [ u ][ s ][ t ] = 1
for n = 1 to N do
Compute matrix unfolding A(n) for n = 1 ,2 ,3
for each matrix unfolding of tensor A
Apply Gaussian Kernel Function
Bi = exp(−  x − y 2 / 2σ 2 )
U i = EigenV ectorOf (Bi )
for k = 0 to kMax do :
for n = 1..3 do :
Ũ = A ×−n {UkT }
Let W of size In × Rn solve :
max ||Ũ ×n W T || subject to W W T = 1
(n)

Uk+1 = W
Let {U } = {UK } where K is the final value of previous step .
Set S̃ = A × {U T }
Set Ã = S̃ × {U }
end .
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4 Testing and Analysis
The proposed approach has been implemented in the MATLAB, and the tensor
toolbox version 2.5 [15, 17] has been used for efﬁcient computation of algorithms.
To test the proposed approach, we used three sets of data from the [16] Knowledge
Discovery and Data Mining Challenge 2010. In all the three sets of dataset, only
records with CFA = 1 have been considered as CFA = 0 can either indicate that the
student has failed in the task or indicate a not attempted task.

4.1

Effectiveness of Kernel Smoothing Technique

To measure the effectiveness of using Kernel smoothing as the starting step of the
HOOI algorithm, a small sample data was extracted from the dataset, and both the
traditional HOOI algorithm with SVD as the starting step and our proposed
approach were applied on it. Recommendation generations were drawn from this
approximation tensor, and using different samples from the dataset, we have veriﬁed and proved that the accuracy of prediction of the proposed approach outperforms the other models. A comparison of the accuracy of the base models and the
proposed approach has been detailed out in the Sect. 4.2. Although the dimensions
of the factor matrices obtained as a result of applying SVD and kernel functions
differ, the ﬁnal structure of the approximation tensor obtained using both the
approaches is the same. Also, the computational complexity of using kernel
functions on one unfolded tensor is Oðn3 Þ where n is the number of training vectors
and that of performing SVD is m2 n þ n3 for a m  n unfolded tensor. The time
complexity of various approaches discussed in this paper has been analyzed in the
following sections.

4.2

Results

The dataset considered was partitioned into 80 % as training data and 20 % as test
data. The Root-Mean Square Error (RMSE) and accuracy were calculated for the
proposed approach as well as the base models. The proposed approach proved
better in terms of accuracy (Fig. 6). Also, the accuracy of the proposed approach
was found to increase with increase in dataset size. The proposed approach proved
optimal in terms of the RMSE (Fig. 5). Although there was an increase in training
time for the proposed approach, the recommendation generation can be done in real
time as is the case with other approaches.
Figures 7 and 8 give a comparison of the time taken for training and recommendation generation for both the base models and the proposed approach.
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Fig. 5 RMSE

Fig. 6 Accuracy

Fig. 7 Time taken for
training
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Fig. 8 Time taken for testing

5 Conclusion
The three main entities of a task recommendation system are user, skill, and task.
The main idea was to consider the three entities together without splitting them.
HOSVD proves sub-optimal in terms of the Frobenius norm due to the truncation of
the factor matrices to ﬁnd low-rank approximations. HOSVD also suffers from
sparse data. Hence, it is difﬁcult to separate the data and ﬁnd a structuring of data.
Thus, kernel smoothing was done to alleviate this sparseness. Higher Order
Orthogonal Iterative procedure improved the accuracy of HOSVD by improvising
on the low-rank approximations iteratively. But HOOI does not perform well in
case of sparse tensors. Thus, we modiﬁed the starting step of the HOOI procedure
in ﬁnding the ﬁrst factor matrices by ﬁrst projecting the data points into higher
dimensional space and then iteratively ﬁnding the factor matrices. This gave an
optimal solution in terms of the Frobenius norm as well as alleviated the sparseness
in the original tensor constructed. Our test with over 50,000 log data records has
proved that the proposed modiﬁcation to HOOI algorithm is efﬁcient than the
traditional approaches.
Higher Order Orthogonal Iteration algorithm is an iterative SVD process where
the resulting approximation tensors comprise negative values too. It is very difﬁcult
to interpret these negative values. Adopting a non-negative tensor factorization may
lead to a better prediction.
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