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ABSTRACT
In this study, we investigate diversified recommendation prob-
lem by supervised learning, seeking significant improvement
in diversity while maintaining accuracy. In particular, we
regard each user as a training instance, and heuristically
choose a subset of accurate and diverse items as ground-
truth for each user. We then represent each user or item
as a vector resulted from the factorization of the user-item
rating matrix. In our paper, we try to discover a factor-
ization for matching the following supervised learning task.
In doing this, we define two coupled optimization problems,
parameterized matrix factorization and structural learning,
to formulate our task. And we propose a diversified collab-
orative filtering algorithm (DCF) to solve the coupled prob-
lems. We also introduce a new pairwise accuracy metric and
a normalized topic coverage diversity metric to measure the
performance of accuracy and diversity respectively. Exten-
sive experiments on benchmark datasets show the perfor-
mance gains of DCF in comparison with the state-of-the-art
algorithms.

Keywords
Diversity; Collaborative filtering; Recommender systems;
Structural SVM

1. INTRODUCTION
In recent years, recommender systems have become a de

facto standard and a must-own tool for e-commerce to pro-
mote business and help customers find products. As an effec-
tive technique addressing the information overload problem,
recommender systems generate item recommendations from
a large collection in favor of user preferences.

With accuracy being the primary concern in recommen-
dation tasks, diversity has been increasingly recognized as a
crucial issue [26, 32]. The recommender systems with poor
diversity might narrow down the users’ horizons and make
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them frustrated. Actually, broadening users’ horizons has
become one of the important qualities for recommender sys-
tems [20]. A system with broad horizons may provide a
win-win situation: users can find more interesting items and
e-commerce enterprises can increase their sales and improve
users’ satisfaction [22].

Recently, the diversity issue in recommender systems has
received increasing attention [2, 4, 35]. Generally, these ap-
proaches use the heuristic strategy to re-rank the items for
recommendation based on certain diversity metric, which
mainly involves two steps: (1) generating a candidate set
of favorable items based on the accuracy metric, and then
(2) selecting k items from the candidates by maximizing
the recommendation diversity metric. However, these algo-
rithms either use a limited feature space or require extensive
tuning for different parameter settings [33, 34].

In this study, we investigate diversified recommendation
problem by supervised learning, targeting significant im-
provement in recommendation diversity meanwhile main-
taining accuracy. In particular, we regard each user asso-
ciated with a set of rated items as a training instance. The
users and items are represented based on the results of the
matrix factorization with a given user-item rating matrix.

Theoretically, a matrix factorization process is a projec-
tion from a high-dimension space into a smaller one. Given
a user-item rating matrix, there could be numerous possible
results of the projections, each leading to a representation
of the users and items. In our work, we attempt to discover
a factorization for matching the structural learning task.

In doing this, we formulate two coupled optimization prob-
lems to guarantee that the factorization results can match
the learning task: (1) With a set of parameters generat-
ed by structural support vector machine (SVM), we present
parameterized matrix factorization, which can generate the
representations of the users and items for structural SVM;
(2) With the representations of the users and items generat-
ed by parameterized matrix factorization, we utilize struc-
tural SVM to output the recommendation model as well as
the parameters for parameterized matrix factorization.

We propose a diversified collaborative filtering algorith-
m (DCF) to solve the coupled problems. In DCF, struc-
tural support vector machine (SVM) learns a recommenda-
tion model that can predict a set of items for each user, and
a parameterized matrix factorization process is integrated
in each iteration of the structural SVM for generating rep-
resentations of users and items. We then adopt the cutting
plane method to achieve the optimization results for recom-
mendations. Extensive experiments on benchmark datasets

183



demonstrate the significant performance gains of DCF in
comparison with the state-of-the-art algorithms.

Contribution. Our main contributions are summarized as
follows.

(1) We investigate learning-based diversified recommen-
dation problem, targeting significant improvement in recom-
mendation diversity meanwhile maintaining accuracy. Then
we formulate two coupled optimization problems to discover
a factorization for matching the learning task.

(2) We propose DCF, a diversified collaborative filtering
algorithm to solve the coupled problems, where a param-
eterized matrix factorization process is integrated in each
iteration of structural SVM for learning.

(3) We introduce a new pairwise accuracy metric and a
normalized topic coverage diversity metric to measure the
performance of accuracy and diversity respectively, and show
the consistency with traditional measures.

Organization. The rest of the paper is organized as fol-
lows. Section 2 provides a brief survey of recent related
work. Section 3 formulates the diversified recommendation
problem. Section 4 proposes the DCF algorithm for simul-
taneous improvement in accuracy and diversity. Section 5
reports the experimental results. Section 6 concludes the
paper.

2. RELATED WORK

2.1 Collaborative Filtering
Existing collaborative filtering (CF) algorithms mainly

fall into two categories: memory-based CF and the model-
based CF [3]. In memory-based rating-oriented CF, user-
based CF [13, 30] and item-based CF [19, 24] are two rep-
resentatives, which make predictions by utilizing historical
ratings associated with similar users or similar items.

In contrast to memory-based methods, model-based meth-
ods try to explain the ratings by characterizing both items
and users with vectors of factors inferred from item rating
pattern. Some of the most successful realization of latent
factor models are based on matrix factorization [18]. Weimer
et al. [31] propose CofiRank, which uses maximum margin
matrix factorization to optimize ranking of items for collab-
orative filtering. Shi et al. [25] provide ListRank-MF, which
generates features with matrix factorization, and then uti-
lize a listwise learning to rank method to rank the items for
recommendations.

2.2 Recommendation Diversity
The recommendation diversity can be viewed at either an

aggregate level or an individual level.

Aggregate Diversity. The aggregate diversity of recom-
mendations across all users can be evaluated by absolute
long-tail metrics, relative long-tail metrics, and slope of the
log-linear relationship between item popularity rank and rec-
ommendations [6, 21]. Adomavicius et al. [1, 2] utilize the
total number of distinct items among the top-N items rec-
ommended across all users as the absolute long-tail metric
to measure aggregate diversity. They firstly use a standard
ranking approach to maximize the accuracy of recommenda-
tions. After the rating estimation is performed, they formu-
late the problem of diversity maximization as a well-known

max-flow or maximum bipartite matching problem in graph
theory for optimization.

Individual Diversity. The individual diversity is oriented
to each individual user, which attempts to achieve a diverse
recommendation result for each target user. A popular in-
dividual diversity measure is topic coverage [4, 28], which
measures the proportion of unique subtopics covered by a
given rank or set. For example, Ashkan et al. [4] assume
that topic coverage is equivalent to genre coverage for movies
and maximize a modular function subject to a submodular
constraint. In addition, Parambath et al. [23] define the
genre coverage as the average ratio of relevant genres rec-
ommended to each user, which is used as the performance
metrics for diversity.

2.3 Structural SVM
Structural support vector machine (SVM) generalizes the

SVM classifier, which allows training a classifier for general
structured output labels such as trees, sequences, or sets
[27].

For example, Cui et al. [9, 10] utilize the structure SVM to
predict the annotations of the images, where the annotations
of the target images are regarded as a set structure, differing
from traditional methods that treat each annotation inde-
pendently. Yue et al. [33] formulate the task of diversified
retrieval as the problem of predicting diverse subsets, and
adopt Structual SVM to train a diversified model for search
engines.

Generally speaking, most conventional structural SVM-
based algorithms use n cutting-plane models for optimiza-
tion, which results in expensive or intractable computation-
al costs in learning a function with complex outputs. To
overcome this challenge, Joachims et al. [15] propose the
“1-slack” formulations of the structural SVM, which use a
single cutting plane model for the sum of the hinge-losses,
demonstrating fast training for structural SVM.

3. PROBLEM FORMULATION
Existing diversified algorithms generally utilize diversi-

ty metrics for heuristically reranking of the items to make
predictions. However, we address a learning-based diversi-
fied recommendation problem by treating the recommended
items as a set structure, and utilize machine learning tech-
niques to train a recommendation model for predictions.

Matrix factorization (MF) is a very common technique to
represent users and items in recommendation tasks. Let U
and I be the sets of users and items respectively, where the
cardinalities |U | = m and |I| = n. Rm×n is the user-item
rating matrix, where each element ru,i ∈ N indicates that
the item i has been rated by the user u and the rating score
is ru,i, otherwise indicating that item i has not been rated by
the user u yet. Resulting from the MF technique, two low-
rank matrices Uk×m and Ik×n can be generated to approx-
imate the rating matrix R, i.e., Rm×n ≈ U>k×mIk×n. Thus
both users and items can be represented as k–dimensional
vectors, which are the columns of U and I respectively.

Theoretically, a matrix factorization process is a projec-
tion from a n-dimension space into a k-dimension one. Given
a user-item rating matrix, there could be numerous possible
results of the projections, each leading to a representation
of the users and items. In this paper, we introduce a vector
of parameters σ into matrix factorization to represent these
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multiple possible factorization results, which is referred to as
parameterized matrix factorization. Given a user-item ma-
trix R and a set of parameters σ = {σ1, σ2, . . . , σk}, parame-
terized matrix factorization generates two low-rank matrices
Uk×m and Ik×n to represent the users and items.

Definition 1. (Parameterized Matrix Factorization).
Given a user-item rating matrix R and a set of parameter-
s σ = {σ1, σ2, . . . , σk}, parameterized matrix factorization
generates two low-rank matrices Uk×m and Ik×n:

arg min
U, I

S(U, I; Σ,R), (1)

so that

Rm×n ≈ U>k×mΣk×kIk×n,

where Σ is a k–dimensional diagonal matrix, and the diag-
onal elements are σ1, σ2, . . . , σk.

With the representations of the users and items, we for-
mulate diversified recommendation as a learning task and
regard each user as an instance. The diversified recommen-
dation problem tries to discover a set of accurate and diverse
items to recommend each user. Let Y be the set of label-
s for the training instances. In particular, each yu ∈ Y
for user u is a set of vectors yu = {y1,y2, . . . ,yl}, where
yi ∈ I is the vector of the ith item that should be recom-
mended to u. Given a user matrix U and the set of labels
Y, learning-based diversified recommendation attempts to
discover a factorization for matching the structural learning
task.

Definition 2. (Learning-based Diversified Recom-
mendation). Given a user matrix U where each colum-
n u ∈ U is the vector of user u, an item matrix I where
each column i ∈ I is the vector of item i, a set of labels Y
for users, and a set of possible recommendation functions
H, where each h : U × In → Il recommending l items to
each user based on users’ historically rated items, learning-
based diversified recommendation attempts to discover a rec-
ommendation function h as well as a set of parameters σ
for optimizing parameterized matrix factorization:

arg min
h∈H, σ∈Rk

L
(
h(U, In),Σ;Y,U, I

)
(2)

where L
(
h(U, In),Σ;Y,U, I

)
is the loss function with full

consideration of the recommendation accuracy and diversity
issues for each user u.

As shown in Definitions 1 and 2, we have two coupled
optimization problems:

• With a set of parameters σ generated by Equation (2)
in the learning task, parameterized matrix factoriza-
tion generates the representations of the users U and
items I for learning.

• With the representations of the users U and items
I generated by Equation (1) in parameterized matrix
factorization, the learning algorithm outputs the rec-
ommendation model as well as the parameters σ for
parameterized matrix factorization.

4. THE DCF ALGORITHM
In this study, we propose DCF, a learning-based diversi-

fied collaborative filtering (CF) algorithm, targeting signifi-
cant improvement in recommendation diversity while main-
taining accuracy.

4.1 Ground-Truth For Training
Since our algorithm performs a supervised learning pro-

cess, we should generate a label set Y, where each user u is
labeled by a set of accurate and diverse items represented
as a set of vectors yu ∈ Y as the ground-truth. However,
it is too heavy to label the tremendous training instances
manually. In this section, we present an automatic heuris-
tic labeling method, which tries to maximize the trade-off
between accuracy and diversity.

Our labeling method involves two steps: (I) Filter a set
of high-rated items C for each user as a set of candidates,
and (II) select a set of items from C by maximizing the
diversity measure as the ground-truth of the target user.
In Step (I), an item i is high-rated for user u if the rating
score ru,i ≥ γ × ru holds, where ru is the average rating
of u, and γ ≥ 0 controls the balance between accuracy and
diversity. In particular, a large γ leads to a very small set
of candidates, resulting in high accuracy but low diversity,
whereas a small γ leads to a very large set of candidates,
resulting in high diversity but low accuracy. For each target
user u ∈ U with a set of candidate items C = {i1, i2, . . . , ic},
Step (II) greedily chooses l (l ≤ c) items from C as the
ground-truth yu by maximizing the F-measure [5] between
accuracy f(yu) and diversity g(yu):

arg max
yu∈Ck

2× f(yu)× g(yu)

f(yu) + g(yu)
.

We use measures that are defined and described in ex-
perimental section to obtain ground truth because the label
process should be consistent with the evaluation process. It
is reasonable to validate our model with consistent ground
truth. In doing this, we can get a training set where each
user is labeled by l items. Obviously, the complexity of the
selection process is O(nck). The complexity is reduced to
O(nck), and the approximation ratio is (1 − 1/e) [12]. I-
napproximability results show that the greedy algorithm is
essentially the best-possible polynomial time approximation
algorithm for maximum coverage [11].

4.2 Loss Functions
According to Definitions 1 and 2, there are two loss func-

tions: S(U, I; Σ,R) in the parameterized matrix factoriza-
tion (MF) task, and L

(
h(U, In),Σ;Y,U, I

)
in the learning

task.

Parameterized MF loss. As Definitions 1 mentioned, the
Parameterized MF loss function can be defined as follows:

arg min
U,I

∑
∀ru,i∈R0

(ru,i − u>Σi)2 + λ(‖U‖2F + ‖I‖2F ), (3)

|| · ||2F is the Frobenius 2-norm for avoiding overfitting, and
the parameter λ balances the accuracy and the regulariza-
tion terms.

Note that Equation (3) is very similar to the forms of the
singular value decomposition (SVD). However, they are dif-
ferent: (1) The diagonal elements of Σ are not the singulars
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of R. Their values are given as the inputs of the algorithm.
(2) U and I are not comprised of the left and right singu-
lar vectors, either. They are the outputs of the algorithm,
which is similar to the optimization of the original MF loss
function:

arg min
U,I

∑
∀ru,i∈R0

(ru,i − u>i)2 + λ(‖U‖2F + ‖I‖2F ). (4)

Learning loss. In the learning process, we treat recom-
mended items as a set structure, and utilize structural sup-
port vector machine (SVM) [15] to train a recommendation
model. Let U be a user matrix, where each column u ∈ U
represents the vector of user u. Let Iu be the vectors of the
items rated by u, and yu ∈ Y be the ground-truth of the
user u. Structured SVM trains a classifier to predict a set of
items for each user by optimizing the following loss function:

arg min
w,σ

1

2

(
‖w‖2 + ‖σ‖2

)
+ Cξ

s.t. ∀u ∈ U, ∀y ∈ Y \ yu : (5)

w>
∑
u∈U

[Ψ(u, Iu,σ, yu)−Ψ(u, Iu,σ, y)] ≥
∑
u∈U

∆(yu, y)−mξ

where w is the parameters for learning, C is a trade-off pa-
rameter, Ψ is the vector of the joint features representing
the structure of instances, and ∆ is the error function quan-
tifying the distance between a prediction y and the ground-
truth yu for each user u. To apply the algorithm to a specific
problem, we have to specify the joint features Ψ(x, y) and
the loss function ∆(yu, y) in Equation (5).

4.3 Joint Features Ψ
Since the accuracy and diversity metrics have been unified

into the same set level, the joint features can be represented
straightforwardly with latent features generated by matrix
factorization. Given a k–dimensional user vector u, a set
of k–dimensional vectors Iu of the items rated by u, a set
of parameters σ = {σ1, σ2, . . . , σk}, and a prediction y, the
vector of the joint features Ψ(u, Iu,σ, y) are shown as fol-
lows:

Ψ(u, Iu,σ, y) =



z1
∑

∀i∈y, j∈Iu\y

(
u>Σi− u>Σj

)
z2

∑
∀i,j∈y, i6=j

i>j
‖i‖‖j‖

‖u‖2

z3
∑
∀i∈y
‖i‖2

u

z4
∑
∀i∈y

i


,

where z1, z2, z3 and z4 are normalization coefficients. Σ is a
diagonal matrix, where the diagonal elements are σ1, σ2, . . . , σk

respectively.
There are totally 2k + 4 dimensions in the formulation

of Ψ(u, Iu,σ, y). The first dimension involves the informa-
tion of the recommendation accuracy. The second dimension
presents the recommendation diversity based on the average
similarity between item pairs. The following two dimensions
focus on the norms of the target user and the recommended
items, and the rest 2k dimensions provide the general in-
formation of the target user and the recommended items,

where k dimensions are represented as the target user vec-
tor and the other k dimensions are the summation of item
vectors in prediction y.

4.4 Error Function ∆
In Equation (5), the error function ∆(yu, y) measures the

distance between the ground-truth label yu and a prediction
y, which is based on the definitions of the recommendation
accuracy and the diversity metrics.

The accuracy metric. Since the recommender system is
to recommend a list of accurate items to each user, each of
the recommended items should be more preferred by users
than those not recommended [29]. Thus, we choose a pair-
wise ranking-oriented metric to construct this objective. Let
Iu be the vectors of the items rated by user u, and the car-
dinality of the set |Iu| = nu. Given a prediction y ⊆ Iu, the
accuracy metric is defined as follows:

f(y; u, Iu) =

∑
i∈y,j∈Iu\y

[
P (i � j;u)− P (j � i;u)

]
l(nu − l)

, (6)

where l is the number of the recommended items, and P (i �
j;u) is the preference function indicating that whether u
prefers the item i to j or not:

P (i � j;u) =

{
1, if ru,i > ru,j

0, otherwise
(7)

Obviously, the range of f(y; u, Iu) is [−1, 1].

The diversity metric. In our study, we utilize the average
dissimilarity metric to measure the diversity of a given pre-
diction y for user u, where the items are represented with
the results of the parameterized matrix factorization. Let y
be a set of item vectors for predictions. The diversity g(y)
is defined as the average dissimilarity of all pairs of items in
y:

g(y) =

∑
i,j∈y,i6=j d(i, j)
1
2
l(l − 1)

, (8)

where d(i, j) is the dissimilarity between item vectors i and j,
and the dissimilarity between item vectors i and j is defined
based on the cosine similarity:

d(i, j) = −cos(i, j) = − i>j

‖i‖ × ‖j‖ .

Easy to know that the range of g(y) is also [−1, 1].

The error function. The error function includes two part-
s: the accuracy error erracc(yu, y) and the diversity error
errdiv(yu, y).

erracc(yu, y) = f(yu; u, Iu)− f(y; u, Iu)

errdiv(yu, y) = g(yu)− g(y).

Given a user vector u, the vectors of the items Iu rated by
u, and a prediction y, the error function ∆(yu, y) can be de-
fined as the trade-off between erracc(yu, y) and errdiv(yu, y)
with the formulation of the F-measure:

∆(yu, y) =
2× erracc(yu, y)× errdiv(yu, y)

erracc(yu, y) + errdiv(yu, y)
. (9)
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4.5 The DCF Algorithm
Given a user-item rating matrix R, we firstly label the

ground-truth for each user with the heuristic labeling method,
which has been presented in Section 4.1. We then utilize
structural SVM to train a recommendation model, where
the parameterized matrix factorization process is integrat-
ed in each optimization iteration of the structural SVM to
discover a factorization for matching the learning task.

In the rest of this section, we will provide the main pro-
cesses of DCF respectively, including the optimization of
the parameterized matrix factorization, the cutting plane
method for optimizing structural SVM, and the update of
the parameters for parameterized matrix factorization.

Parameterized matrix factorization. We use the gradi-
ent descent method to optimize Equation (3). The gradients
of the user and item vectors are calculated as follows:

∀u ∈ U : ∇uS =
∑
∀i∈I

(
u>Σi− ru,i

)
Σi + λu

∀i ∈ I : ∇iS =
∑
∀u∈U

(
u>Σi− ru,i

)
Σu + λi

(10)

Given a learning rate η, the parameterized matrix factor-
ization algorithm can be optimized iteratively based on the
gradient descent method.

Note that the loss function of the parameterized matrix
factorization (see Equation 3) can be considered as a weight-
ed version of that of the original matrix factorization (see
Equation 4). The constant weighting coefficient to each di-
mension of u>i is generated from the given diagonal matrix
Σ. Therefore, the existence of convergence of the parameter-
ized matrix factorization is the same as those of the original
matrix factorization algorithm.

Algorithm 1: Parameterized matrix factorization

Input : A user-item rating matrix R, a set of
parameter σ, the trade-off parameter λ, and
the learning rate η.

Output: The low-rank user and item matrices U and I.

1 U, I← Initialize();
2 repeat
3 forall the ru,i ∈ R0 do
4 u← u− η∇uS
5 i← i− η∇iS

6 end

7 until converge;
8 return: U, I

The pseudocodes of the parameterized matrix factoriza-
tion algorithm are shown in Algorithm 1. After initializa-
tion (line 1), the user and item matrices U and I are updated
iteratively until convergence based on the gradients of the
user and item vectors (lines 2–7), which are calculated with
Equation (10).

Structural SVM. In structural SVM, since each possible
prediction yields a constraint for optimization, one of the
most challenging issues for optimization is that the cardinal-
ity of the possible predictions Y for each training instance is
exponential with respect to the dimension of instances. Let
n be the total number of items, and l be the number of rec-

Algorithm 2: One optimization iteration of the cutting
plane algorithm

Input : A user matrix Uk×m where each column u is
the vector of user u; A set of vectors Iu, each
representing the item rated by u; The
recommendation ground-truth yu for u; The
set of the working constraints W ; The
trade-off parameter C, and the threshold ε.

Output: A vector of weights w and the working
constraints W

1 foreach column u of U do
2 H(y; w) ≡

∆(yu, y) + w>
[
Ψ(u, Iu,σ, y)−Ψ(u, Iu,σ, yu)

]
;

3 ŷu ← arg maxy∈Y H(y; w); // Find cutting plane

4 end

5 ξ ← max{0, 1
m

∑
u∈U

maxy∈W H(y; w)};

6 if 1
m

∑
u∈U

H(ŷu; w) > ξ + ε then

7 W ←W ∪ {ŷ1, ŷ2, · · · , ŷm};
8 w← optimize Eq.(5) with C over

⋃
W ;

9 end
10 return: w, W

ommended items. For each user, there are
(
n
l

)
constraints

in Equation (5). Let m be the number of users. There are
totally m ×

(
n
l

)
= m×n!

l!(n−l)!
constraints, which are too many

to consider all of them in the optimization process.
In our study, we utilize the cutting plane algorithm [15,

16] to optimize the learning problem iteratively. Algorithm 2
shows one iteration of the cutting plane algorithm, which
maintains a set of working constraints W to keep track of
the selected constraints, each defining a current relaxation.
w is optimized iteratively through all of the users (lines 1–9)
for return (line 10). In particular, with each W generated
in the previous iteration, the algorithm attempts to discover
the cutting plane {ŷu}u∈U (lines 1–4), based on which the
most violated constraint for the target user is found (line
5). Then {ŷu}u∈U is added into the working set W if the
corresponding constraint exceeds the current value of ξ by
more than ε. Once a constraint has been added, the solution
is re-computed by optimizing Equation (5) with the new set
of working constrains W (lines 6–9).

Algorithm 3: Finding cutting plane

Input : A vector of weights w, a user vector u for
representing the user u, a set of vectors of
items rated by u, the label yu for u

Output: The most violated constraints ŷu for u

1 ŷu ← ∅;
2 for l = 1 to k do
3 j← arg max

i∈Iu,i6∈ŷ
∆(yu, ŷu∪{i})+w>Ψ(u, Iu,σ, ŷu∪{i});

4 ŷu ← ŷu ∪ {j};
5 end
6 return: ŷu

As we discussed above, the number of the constraints is
too huge to exhaustively search the cutting plane ŷu in each
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iteration of the Algorithm 2, even for a very small value of k.
As Algorithm 3 shows, we present a greedy algorithm for ap-
proximation, which can iteratively select a constraint y with
the highest marginal gain. In the beginning, ŷu is initialized
as empty (line 1), indicating that none of the items is chosen.
Then the algorithm iteratively selects the item with highest
marginal gain for k times (lines 2–5). This procedure is a
special case of the Budgeted Max Coverage problem [17],
which is known to have a (1− 1/e) approximation bound.

Update of the diagonal matrix Σ. With the weights
of the classifier w and the working constraints W generat-
ed by the cutting plane algorithm (Algorithm 2), we can
reformulate Equation (5) as follows:

arg min
σ

1

2

(
‖w‖2 + ‖σ‖2

)
+
C

m
max

{
0, H(σ, y)

}
where

∀y ∈W : H(σ, y) =
∑
u∈U

∆(yu, y)+

∑
u∈U

[
w>Ψ(u, Iu,σ, y)−w>Ψ(u, Iu,σ, yu)

]
Let

L(σ) =
1

2

(
‖w‖2 + ‖σ‖2

)
+
C

m
max

{
0, H(σ, y)

}
When maxH(σ, y) > 0, L is a non-differentiable objective
function. Our method utilizes the subgradient method in
place of the gradient method for convex optimization prob-
lems.

L(σ) =
1

2

(
‖w‖2 + ‖σ‖2

)
+
C

m

{∑
u∈U

∆(yu, ym)+

∑
u∈U

[
w>Ψ(u, Iu,σ, ym)−w>Ψ(u, Iu,σ, yu)

]}
where

ym = arg max
y∈W

H(σ, y).

Thus L becomes differentiable, and the gradient of L with
respect to σ can be calculated.

The pseudocodes of the DCF algorithm. As we have
already introduced the main processes of the DCF, we sum-
marize the pseudocodes of the DCF in Algorithm 4, where
the outer loop is guaranteed to halt within a polynomial
number of iterations [33] (See [15] for the detailed proof).

In Algorithm 4, line 1 generates the recommendation ground-
truth for each user. After initialization of the vector of the
classifier parameters w and the diagonal matrix Σ (line 2),
parameterized matrix factorization generates the low-rank
user and item matrices U and I for learning (line 3). After
initializing the set of the working constraints as ∅ (line 4),
the structural SVM iteratively learns the recommendation
model (lines 5–9) for return (line 10), where line 6 updates w
by performing an optimization iteration of the cutting plane
method, based on which line 7 updates the diagonal matrix
Σ with gradient descent. Then line 8 generates the user and

Algorithm 4: The DCF Algorithm

Input : A user-item rating matrix R
Output: A vector of weights w for Structural SVM

classifier, a user matrix Uk×m, a item matrix
Ik×n and a diagonal matrix Σ

1 Y ← GenerateLabels(R);
2 w,Σ← Initialize();
3 U, I← OptimizeParaMF(R,Σ);
4 W ← ∅;
5 repeat

6 w,W, Ŷ ← CutPlane(U, I,w,Σ,Y,W );

7 Σ← Update(U, I,w,Σ,W, Ŷ );
8 U, I← OptimizeParaMF(R,Σ);

9 until converge;
10 return: w, U, I, Σ

item matrices by parameterized matrix factorization for the
next iteration of the learning process to guarantee that the
factorization results can match the learning task.

4.6 Generating Recommendations
Given the vector of the joint features Ψ(u, Iu,σ, y), the ul-

timate goal of the structural SVM is to predict a hypothesis
function h(w,u, Iu,σ, y) to minimize Equation (5), where
w is the vector of the weights in the structural model. Let
w>Ψ(u, Iu,σ, y) be the discriminant function, which can be
used to evaluate the prediction y, and the hypothesis func-
tion h(w,u, Iu,σ, y) can be used to predict y by maximizing
the discriminant function:

h(w,u, Iu,σ, y) = arg max
y

w>Ψ(u, Iu,σ, y) (11)

We may notice that the generation process of the recom-
mendation results is very similar to the problem of finding
the most violated constraint. It is too time-consuming for
us to discover the best sets of the recommendations with(
m×n

l

)
constraints. In this study, we still utilize the greedy

selection algorithm to generate recommendation lists:

j← arg max
i∈Iu,i6∈y

w>Ψ(u, Iu,σ, y ∪ {i}) (12)

Items in our recommendation list are ranked according to
their selected orders in algorithm 3. The recommendation
generation process is also a case of the Budgeted Max Cover-
age Problem [17] with the approximation bound of (1−1/e).

5. EXPERIMENTS

5.1 Datasets
Since we utilize topic coverage as the diversity metric, the

chosen benchmark datasets have to satisfy a fundamental
requirement: each item should be associated with topic in-
formation (e.g., genres of movies in movie recommendation
tasks) for labelling training instances and evaluating our pre-
dictions.

In this study, we use two movie recommendation datasets
in our experiments: MovieLens 100K (ML-100K) and Movie-
Lens 1M (ML-1M) 1. ML-100K consists of 100,000 ratings on
1,700 movies from 1,000 users, and ML-1M contains 1,000,000

1http://www.grouplens.org/node/73
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ratings on 4,000 movies from 6,000 users. The rating scales
are from 1 to 5, where 5 means the most favorite and 1
means the least favorite. Table 1 lists the statistics of the
two datasets.

Table 1: MovieLens 100K and 1M Dataset

ML-100K ML-1M

Number of users 943 6,040
Number of movies 1,682 3,952
Number of ratings 100,000 1,000,209
Number of all genres 19 18
Average number of genres 1.7 1.6
Rating scales 1–5 1–5

5.2 Baselines
First of all, we choose MF-pop [2] as our main baseline,

which is a diversified matrix factorization (MF) algorithm
based on the heuristically re-ranking strategy. Besides, since
DCF is a MF-based collaborative filtering algorithm, we also
choose the basic MF algorithm (MF-basic) [18] and other
MF-based algorithms as our comparison partners, including
CofiRank [31] and ListRank-MF [25].

5.3 Evaluation Measures
As our algorithm DCF aims to recommend accurate and

diverse items to users, we evaluate DCF from the perspec-
tives of accuracy and diversity to demonstrate its promising
performance in our experiments. Furthermore, we also uti-
lize the F–measure [5] to assess the trade-off performance
with consideration of both accuracy and diversity.

5.3.1 Accuracy
In this study, we use the normalized discounted cumu-

lative gain (NDCG) [14], a listwise accuracy metric for e-
valuation. Besides, we also propose a normalized pairwise
accuracy metric PA to measure the performance of our al-
gorithm based on the accuracy function used in our learning
process, as defined in Equation (6).

Listwise Accuracy Metric NDCG. NDCG is a standard
metric for the document ranking problem in information re-
trieval, where documents are assigned graded values rather
than binary relevance judgments. In recommender systems,
item ratings assigned by users can naturally serve as graded
relevance judgments. The NDCG at the k-th position with
respect to the given user u is defined as follows:

NDCGu@k = zu

k∑
i=1

2ru,i − 1

log(1 + i)
. (13)

For the set of users U with m users, the average NDCG
at the k-th position is:

NDCGavg@k =
1

m

∑
∀u∈U

NDCGu@k.

Pairwise Accuracy Metric PA. DCF is a set-oriented
algorithm, and the order is just generated by the greedy
selection algorithm. However, NDCG is very sensitive to
the ranking, so we introduce a normalized pairwise accuracy

metric PA which measures how accurate the recommended
items are in comparison with the other items. Let Iu be the
vectors of the test items for user u, and the cardinality of
the set |Iu| = nu. Given a prediction y ⊆ Iu, the pairwise
accuracy metric is defined as follows:

PAu(y) =

∑
i∈y,j∈Iu\y P (i � j;u)

l(nu − l)
, (14)

where l is the number of the recommended items, and P (i �
j;u) is the preference function indicating that whether u
prefers the item i to j or not, which is defined in Equa-
tion (7).

Let U be the set of users in the test dataset, and the
cardinality is |U | = m. The average pairwise accuracy for
all of the users can be evaluated as follows:

PA =
1

m

∑
∀u∈U

PAu(y).

Obviously, the range of PA is [0, 1].

5.3.2 Diversity
We utilize α-NDCG to evaluate our algorithms, and intro-

duce the normalized topic coverage NTC as a new diversity
Metric.

α-NDCG. α-NDCG is an effective diversity evaluation mea-
sure for rewarding newly found topics meanwhile penalizing
redundant ones [7, 8], which is very similar to the definition
of NDCG in Equation (13):

α-NDCGu@k = zn

k∑
i=1

Gu@i

log(1 + i)
, (15)

where Gu@k is the gain at the k-th position with respect to
the given user u. In particular, Gu@k is defined as follows:

G@k =
∑
∀t∈T

(1− α)ct,i−1,

where ct,i is the number of times that topic t has appeared in
the ranking of the recommendation list up to (and including)
the ith position.

Normalized Topic Coverage Diversity Metric NTC.
α-NDCG represents the improvement of diversity when a
new item is added into recommendation, but we also need a
set-oriented diversity metric NTC to show the topic cover-
age in the whole recommendation list. As discussed previ-
ously, topic coverage cov is defined as the ratio of the top-
ics (categories) covered by the set of the predictions to the
number of all possible topics. However, the maximum value
of the topic coverage is generally far less than 1, especial-
ly when the number of recommendations k is far less than
the number of the possible topics. Meanwhile, it is unrea-
sonable for the recommendation list to cover none of the
topics, because each item (movie) is associated with at least
one topic(genre). Thus, we present a novel normalized top-
ic coverage diversity metric NTC, which uses the Min-Max
Normalization method to linearly map the values of topic
coverages into [0, 1]. Formally, the normalized topic cov-
erage for a target user u and a prediction y is defined as
follows:

NTCu(y) =
covu(y)−mincovu
maxcovu −mincovu

, (16)
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where covu(y) is the ratio of topics(genres) covered by the
recommendation list y for user u. maxcovu and mincovu are
the possibly maximal and minimal topic coverages for user
u in the test set. For the set of users U with m users, the
normalized topic coverage for all users is defined as follows:

NTC =
1

m

∑
∀u∈U

NTCu(y).

Obviously, the range of NTC is [0, 1].

5.3.3 F–Measure
In our study, we present two F-measures for validation:

the first one FAC evaluates the trade-off between the mean
pairwise accuracy PA and the normalized topic coverage
diversity metric NTC, and the second one FNDCG evaluates
the trade-off between NDCG and α-NDCG.

F-measure [5] for document retrieval problem is defined
as the harmonic mean of precision and recall. Similarly,
the accuracy and diversity have a similar correlation in our
problem. Since the ranges of PA and NTC are both [0,1],
and NDCG and α-NDCG are also in the same range, the
F-measure can also be used to evaluate the trade-off perfor-
mance of the recommendation algorithms:

F -measure =
2 ∗ accuracy ∗ diversity
accuracy + diversity

, (17)

where accuracy can be PA or NDCG and diversity can be
NTC or α-NDCG.

5.4 Experimental Results
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Figure 1: Performance on ML-100K
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Figure 2: Performance on ML-1M

We consider the top-3 recommendation problem, where a
list of 3 items is recommended for each user. It is because
that each movie has almost 2 genres, but the total number
of genres is less than 20 (See Table 1). If the recommenda-
tion list contains a large number of items, it is very easy for
the recommendation list to cover a large number of topics

for most users, which will make the diversity metric lose its
significance. Figure 1 and 2 demonstrate the performance of
DCF in accuracy, diversity and F-measures on the ML-100K
and ML-1M datasets, and the significant difference with re-
spect to DCF is shown in Table 2 and Table 3. Statistical
significance of observed differences between two comparisons
is tested using a two-tailed paired t-test, and it is denoted
using N (or H) for strong significant differences for α = 0.01;
or M (or O) for weak significance for α = 0.05. From the
table we can see that most of our performance gains on di-
versity and F-measures are strongly significant. From the
figures and the tables we can see that:

(1) The diversified recommendation algorithms can sig-
nificantly improve recommendation diversity, but DCF and
MF-pop cannot avoid loss of accuracy resulting from con-
sideration of the diversity issue. In our experiments, DCF
demonstrates significantly greater improvement with less ac-
curacy loss. For example, DCF obtains 22.4% and 12.8% im-
provement on NTC for the two datasets respectively, with
1.9% and 0.9% loss on PA correspondingly, compared with
the best performing traditional algorithm. Similarly, DCF
achieves 14.4% and 5.3% improvement in α-NDCG while
1.7% and 0.7% reduction in NDCG with the same compar-
ison as above.

(2) Our learning-based diversified algorithm beats the heuris-
tically re-ranking based algorithm in both accuracy and di-
versity. For ML-100K, DCF outperforms MF-pop by 5.4%
in terms of NTC and 2.4% in terms of α-NDCG, and the
improvement of our method in PA and NDCG is 2.2% and
3.1% respectively. For ML-1M, our method obtains 7.6%
(NTC), 1.9% (α-NDCG), 3.1% (PA) and 4.3% (NDCG)
improvement, compared with MF-pop.

Table 4: Pearson correlation coefficienton between
metrics on ML-100K

PA&NDCG NTC&α-NDCG

DCF 0.8275 0.7893
MF-basic 0.8183 0.7906
Cofirank 0.829 0.8042
Listrank-MF 0.8357 0.8073
MF-pop 0.8176 0.8116

Table 5: Pearson correlation coefficienton between
metrics on ML-1M

PA&NDCG NTC&α-NDCG

DCF 0.8304 0.795
MF-basic 0.8446 0.792
Cofirank 0.8303 0.7736
Listrank-MF 0.8558 0.796
MF-pop 0.8506 0.7915

(3) DCF makes the best trade-off between accuracy and
diversity, compared with MF-basic,CofiRank, ListRank-MF
and MF-pop. For example, for ML-100K, DCF obtain-
s 9.8%, 11.6%, 7% and 4.1% improvement respectively on
FAC , and 6.7%, 6.1%, 3.5% and 2.8% improvement on FNDCG;
For ML-1M, DCF gains 8.8%, 8.9%, 7.1% and 5.8% improve-
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ML− 100K PA NTC FAC NDCG α−NDCG FNDCG

DCF 0.7823 0.6184 0.6908 0.707 0.7414 0.7238
MF − basic 0.7723 0.5307H 0.6291H 0.6903 0.6663H 0.6781H

CofiRank 0.7978 0.5052H 0.6186H 0.7193 0.6483H 0.682H

ListRank −MF 0.7852 0.548H 0.6455H 0.7117 0.6879H 0.6996H

MF − pop 0.7649O 0.5863H 0.6638H 0.6855O 0.7238O 0.7041H

Table 2: Significant Differences with respect to DCF on ML-100K(row with shaded background)

ML− 1M PA NTC FAC NDCG α−NDCG FNDCG

DCF 0.7994 0.5632 0.6609 0.7415 0.6735 0.7059
MF − basic 0.7812H 0.4971H 0.6076H 0.7171H 0.6293H 0.6703H

CofiRank 0.7999 0.4887H 0.6067H 0.7359 0.6296H 0.6786H

ListRank −MF 0.80694 0.4994H 0.617H 0.7464 0.6399H 0.6891H

MF − pop 0.775H 0.5234H 0.6248H 0.7111H 0.6612H 0.6852H

Table 3: Significant Differences with respect to DCF on ML-1M(row with shaded background)

ment on FAC , and 5.3%, 4%, 2.4% and 3% improvement on
FNDCG.

(4) The new metrics PA and NTC introduced in Sec-
tion 5.3 are highly consistent with the traditional measures
NDCG and α-NDCG respectively on both datasets. Ta-
ble 4 and Table 5 show the Pearson correlation coefficienton
between accuracy metrics and diversity metrics introduced
in Section 5.3 with each method. The more gains a method
gets in PA and NTC, the better it performs in NDCG
and α-NDCG. For example, DCF outperforms other four
baselines in both NTC and α-NDCG. On the other hand,
MF-pop is the worst method in PA and NDCG.

6. CONCLUSION AND FUTURE WORK
In this study, we investigate the diversified recommenda-

tion problem, targeting significant improvement in recom-
mendation diversity while maintaining accuracy. Different
from existing algorithms which generally adopt a heuristic
re-ranking strategy with certain diversity metric, we regard
diversified recommendation as a supervised learning task,
and define two coupled optimization problems to formulate
the learning-based diversified recommendation task. We
then propose a diversified collaborative filtering algorithm
(DCF) to solve the problems, where the items recommend-
ed to each user are recognized as a set structure. Compre-
hensive experiments have validated the effectiveness of our
algorithm.

There are several interesting directions for the future work.
Firstly, more discriminants, loss functions and joint features
can be used for further improvement in recommendation ac-
curacy and diversity. Secondly, we plan to consider other
important evaluation issues such as recommendation nov-
elty in DCF to predict high quality results. Last but not
least, it is essential to apply DCF to other application do-
mains beyond recommendation for validation purposes.
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