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ABSTRACT

�e sparsity of users’ preferences can signi�cantly degrade the

quality of recommendations in the collaborative �ltering strategy.

To account for the fact that the selections of social friends and

foes may improve the recommendation accuracy, we propose a

learning to rank model that exploits users’ trust and distrust re-

lationships. Our learning to rank model focusses on the perfor-

mance at the top of the list, with the recommended items that end-

users will actually see. In our model, we try to push the relevant

items of users and their friends at the top of the list, while rank-

ing low those of their foes. Furthermore, we propose a weight-

ing strategy to capture the correlations of users’ preferences with

friends’ trust and foes’ distrust degrees in two intermediate trust-

and distrust-preference user latent spaces, respectively. Our exper-

iments on the Epinions dataset show that the proposed learning to

rank model signi�cantly outperforms other state-of-the-art meth-

ods in the presence of sparsity in users’ preferences and when a

part of trust and distrust relationships is not available. Further-

more, we demonstrate the crucial role of our weighting strategy

in our model, to balance well the in�uences of friends and foes on

users’ preferences.

CCS CONCEPTS

•Information systems→Collaborative and social computing

systems and tools;
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1 INTRODUCTION

�e collaborative �ltering strategy has been proved as an e�ective

means for recommender systems, providing similar-minded users

with similar recommendations [13]. However, in a real-world sce-

nario the sparsity of users’ preferences signi�cantly limits the rec-

ommendation accuracy. To overcome the sparsity problemof users’

preferences, several models exploit the selections of trust friends

to generate trust-based recommendations [8, 18]. In trust-based
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recommendations, models consider that people tend to rely more

on recommendations from friends they trust than on recommenda-

tions of anonymous people similar to them [12, 16]. �e challenge

in trust-based recommender systems is that we have to learn both

about users’ preferences and trust degrees, as friends do not have

necessarily the same preferences [3, 8]. In addition, in online net-

works usersmay establish both trust and distrust relationships. For

example Epinions1, an e-commerce site for reviewing and rating

products, allows users to evaluate other users based on the quality

of their reviews, and form trust and distrust relations with them. In

Slashdot2 users post news and comments, and they can tag other

users as friends or foes. �e analyses in relevant studies point out

that users might accept recommendations from their trusted users,

but will certainly not rely on their distrusted foes [27, 29]. �us,

more recently a few a�empts have been made to exploit both trust

and distrust relationships in recommender systems, in studies such

as those reported in [5, 6, 19, 26]. Following the collaborative �lter-

ing strategy, thesemodels design di�erent objective functions with

trust and distrust relationships to handle the sparsity in users’ pref-

erences, assuming that the latent features of users and their friends

should be as close as possible, while those of foes as far as possi-

ble. However, these methods do not capture well the correlations

of users’ preferences with friends’ trust and foes’ distrust degrees,

as we will experimentally show in Section 5.

In addition, existing methods that exploit both trust and distrust

relationships are mainly focused on the rating prediction prob-

lem, aiming to predict the missing ratings of users based on dif-

ferent loss functions. However, several studies point out that fo-

cussing on the top-N recommendation problem, that is predicting

the products-items that users will see in a ranked recommendation

list, re�ects more on real-world scenarios [1, 33]. In this respect,

several learning to rank models have been introduced to improve

the personalized ranking performance directly in the top-N rec-

ommendation problem, such as the studies reported in [24, 25, 30].

Moreover, in [4], authors introduce di�erent optimization algo-

rithms to perform push at the top of the list, assuming that what

it ma�ers is the performance of the learning to rank models at

the top of the list, the recommended items that users will actu-

ally see. While there are various a�empts to incorporate trust rela-

tionships in learning to rank models, such as the studies reported

in [3, 15, 20, 21, 33], these models ignore the selections of foes,

which play an important role in boosting the recommendation ac-

curacy [7, 28, 29].

1h�p://www.epinions.com/
2h�ps://slashdot.org/
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To overcome the limitations of existing methods we propose a

learning to rank model with trust and distrust relationships, by

balancing the in�uences of friends’ and foes’ selections on users’

preferences. �is paper’s contributions are summarized as follows:

• We design a learning to rank model, trying to push the

relevant items of users and their friends at the top of the

recommendation list, while at the same time ranking low

the foes’ relevant items.

• Wepropose aweighting strategy tomeasure the in�uences

of friends and foes. To be�er capture their trust and dis-

trust degrees with users’ preferences, we build an interme-

diate trust-preference user latent space with friends and

their selections, and an intermediate distrust-preference

space with foes and their selections.

Our experiments on the Epinions dataset show that the proposed

approach outperforms competitive approaches in the presence of

preferences’ sparsity and when a part of trust and distrust rela-

tionships is missing. Also, we demonstrate the importance of our

weighting strategy in our learning to rank model to compute the

correlations of users’ preferences with friends’ trust and foes’ dis-

trust degrees.

�e remainder of the paper is organized as follows. Section 2 re-

views the relatedwork, Section 3 de�nes our ranking problemwith

trust and distrust relationships and Section 4 details the proposed

learning to rank model. Section 5 evaluates the performance of

the proposed model against several state-of-the-art methods and,

�nally, Section 6 concludes the study.

2 RELATED WORK

2.1 Trust-based Recommendations

As trust relationships can leverage the recommendation accuracy,

many di�erent strategies have been introduced to exploit the selec-

tions of trust friends when producing recommendations. In [12],

authors extend the probabilisticmatrix factorization of [18] byweight-

ing the user latent factors based on their trust relationships. In [16],

a trust-based ensemble method is presented to combine matrix fac-

torization with a trust-based neighbourhood model. In [11], Ja-

mali and Ester combine TrustWalker [10] with a neighbourhood

collaborative �ltering strategy. In this study, authors run random

walks on the trust network, formed by the trust relationships, and

then they perform a probabilistic item selection strategy to gener-

ate recommendations. Guo et al. [8] extend SVD++ [13], to learn

both the user preferences and the in�uence of her friends. �is

study considers both friends’ ratings and trust degrees to produce

recommendations. However, these methods treat the recommen-

dation problem as a rating prediction problem in which di�erent

squared loss functions are used to minimize the prediction error.

Nonetheless, methods that achieve low rating errors do not nec-

essarily have high ranking performance in the recommendation

lists [32]. �is occurs because optimizing the predicted values of

the ratings may not provide the best recommendation lists inmany

cases. For instance, if all the low-ranked ratings are predicted very

accurately, but signi�cant errors are made on the higher-ranked

ratings, then these methods will not provide a high-quality per-

sonalized recommendation list to the end-user [1].

2.2 Learning to Rank

Learning to rankmethods have beenwidely studied in recommender

systems. �e goal is to de�ne a personalized ranking function, and

then learn loss functions to improve the ranking performance in

the top-N recommendation problem [1]. Representative learning

to rank models in recommender systems are Co�Rank [30] and

CLiMF [25], which use loss functions based on Normalized Dis-

counted Cumulative Gain and Reciprocal Rank, respectively. �e

Bayesian personalized ranking framework of [24] makes a predic-

tion for every pair of items concerning their relative ordering in

the recommendation list. In [4], authors introduce various learn-

ing to rank models, which follow di�erent strategies when learn-

ing the personalized ranking functions, to account for the fact that

users focus on recommendations at the top of the list. However, all

the aforementioned learning to rank models do not exploit trust

nor distrust relationships in their learning process. Instead, var-

ious learning to rank models focus on the ranking performance

when generating recommendations with trust relationships. Grim-

berghe et al. [15] combine Multi-Relational matrix factorization

with the Bayesian personalized ranking framework of [24] tomodel

users’ feedback both on items and on trust relationships. Zhao et

al. [33] present a trust-based Bayesian personalized ranking model

that incorporates trust relationships into a pair-wise ranking model,

assuming that users tend to assign higher ranks to items that their

friends prefer. In [20], a learning to rank model is presented, con-

sidering howwell the relevant items of users and their friends have

been ranked at the top of the list. In [21], authors extend the model

of [20] by combing di�erent learning to rank strategies into a joint

model to leverage the recommendation accuracy with trust rela-

tionships. Chaney et al. [3] infer each user’s preferences and the

in�uence of her friends by introducing a Bayesian model that per-

forms Social Poisson factorization. However, all the above learning

to rank models ignore users’ distrust relationships when generat-

ing recommendations.

2.3 Recommendation with Trust and Distrust

Ma et al. [17] present a social regularization method that shares

a common user-item matrix, factorized by ratings and social rela-

tionships. �is work introduces a trust-based, as well as a distrust-

basedmodel to exploit trust and distrust relationships in eachmodel

separately. �e goal of the trust-based model is to minimize the

distances of latent features between trust users, while the distrust-

based model tries to maximize the latent features’ distances be-

tween distrust users. Recently, a few a�empts have been made

to exploit both trust and distrust relationships at the same time

in recommender systems. Forsati et al. [6] use trust and distrust

relationships in a matrix factorization framework using a hinge

loss function. �is method assumes that the trust and distrust rela-

tionships between users are considered as similarity/dissimilarity

in their preferences. �en, the latent features are computed in a

manner such that the latent features of foes who are distrusted

by a certain user have a guaranteed minimum dissimilarity gap

from theworst dissimilarity of friends who are trusted by this same

user. In [5], a recommendation strategy is introduced to rank the

latent features of users, based on the users’ trust and distrust re-

lationships. �is method also considers the neutral relationships
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(users who have no relation to a certain user), aiming to rank the

neutral users’ latent features a�er the friends’ latent features and

before those of foes. In [19] a signed graph is constructed, con-

sidering positive and negative weights for the trust and distrust

relationships, respectively. �en, a spectral clustering approach is

used to generate clusters in the signed graph. �e clusters are ex-

tracted on condition that users with positive connections should

lie close to each other, while users with negative ones should lie

far to each other. Following a joint non-negative matrix factor-

ization framework the �nal recommendations are generated, by

co-factorizing the user-item and user-cluster associations. Tang et

al. [26] consider a signed graph with trust and distrust relation-

ships and capture local and global information from the signed

graph. Local information reveals the correlations among users

and her friends/foes, and the global information reveals the rep-

utation of the user in the whole social network, as users tend to

trust users with high global reputation. �en, they exploit both

local and global information in a matrix factorization technique to

compute the recommendations. Nonetheless, none of these stud-

ies aim to improve the personalized ranking performance in their

learning strategies.

3 PROBLEM DEFINITION

LetN and I be the sets of users and items, with n = |N | being the

number of users andm = |I | the number of items. Our learning

to rank model inputs the user-item matrix R ∈ Rn×m with user

preferences, expressed by any type of user-item interactions such

as ratings, number of views and clicks, and so on. Following the

collaborative �ltering strategy of matrix factorization, we assume

that the recommendations are in the factorized matrix R̂ ∈ Rn×m

of the user-item interaction matrix R. In addition, we consider two

adjacency matrices A+ ∈ Rn×n and A− ∈ Rn×n , corresponding

to the weights of the trust and distrust relationships. Based on

the adjacency matrices A+ and A−, for each user i we calculate

the neighbourhoods N+i and N−i with her friends and foes, respec-

tively. With these se�ings our problem is formally de�ned as fol-

lows:

Definition 1 (Problem). Given (i) the friends in the adjacency

matrix A+, (ii) the foes in the adjacency matrix A−, and (iii) the

users’ preferences in the user-item interaction matrix R, the goal of

the proposed learning to rank model is to compute the factorized ma-

trix R̂, by pushing the relevant items of users and their friends at the

top of the recommendation list, and push down the relevant items of

foes.

4 PROPOSED APPROACH

4.1 Learning to Rank Model

Let Xi and Yi be the sets of relevant and irrelevant items of user

i . Aiming at improving the ranking performance at the top of the

recommendation list, the reverse height of a relevant item xi is

de�ned as follows [4]:

Definition 2 (Reverse Height). �e reverse height RHi (xi ) of

a relevant item xi ∈ Xi in the recommendation list of user i is the

number of irrelevant items yi ∈ Yi ranked above xi .

Let ri be the personalized ranking function of user i . According

to De�nition 1, the reverse height is computed as follows:

RHi (xi ) =
∑

yi ∈Yi

1
[

ri (xi ) ≤ ri (yi )
]

(1)

where 1 is the indicator function. As the indicator is a not convex

function and we have to measure the in�uences of friends and foes,

we take the following surrogate:

дi (xi ,yi ) = ri (xi ) − ri (yi )

+

1

|N+i |

∑

j∈N +i

[

W+i j
1

|Xj |

∑

x j ∈Xj

(

r j (xj ) − r j (yi )

) ]

−
1

|N−i |

∑

v ∈N−i

[

W−iv
1

|Xv |

∑

xv ∈Xv

(

rv (xv ) − rv (yi )

)]

(2)

where r j and rv are the personalized ranking functions of a friend

j and a foe v , respectively, and Xj and Xv are the sets of items

marked as relevant by j and v , accordingly. �e term in the middle

line of Eq. (2) measures the in�uence of friends in the surrogate дi ,

that is how many relevant items xj of friend j are ranked above the

user’s i irrelevant item yi . Accordingly, the term in the last line of

Eq. (2) penalizes the in�uence of foes based on their relevant items

xv that are ranked above yi . �is means that we have to push the

relevant items xi ∈ Xi of user i and xj ∈ Xj of friend j above the

irrelevant items yi ∈ Yi of user i . Also, we have to push down

the relevant items xv ∈ Xv of foe v below the irrelevant items yi .

In doing so, the relevant items xi and xj will be pushed at the top

of the personalized recommendation list of user i and the relevant

items xv will be ranked low.

�e weighting matrices W+ ∈ Rn×n and W− ∈ Rn×n in Eq. (2)

are formally de�ned as follows:

Definition 3 (Trust Weighting Matrix). Given a friend j ∈

N+i of user i and their preferences in the user-item interactionmatrix

R, each element W+i j measures the correlation between j and i , by

considering their preferences and trust degree.

Definition 4 (Distrust Weighting Matrix). Given a foev ∈

N−i of user i and their preferences in R, each elementW−iv expresses

the correlation between v and i , based on their preferences and dis-

trust degree.

Our weighting strategy to calculate matrices W+ and W− is pre-

sented in the subsequent Section 4.2.

In our ranking model, we have to learn the ranking functions ri ,

r j and rv in a collaborativemanner. As previously stated in Section

3, following the collaborative �ltering strategy in our model we

consider the recommendations in the factorized matrix R̂ = UV⊤,

with U ∈ Rn×k and V ∈ Rm×k being the user and item factor ma-

trices and k the number of latent factors. By taking the respective

k-dimensional latent vectors of matrices U and V, Eq. (2) becomes:

дi (xi ,yi ) = ui
⊤ (vxi − vyi )

+

1

|N+i |

∑

j∈N +i

[

W+i j
1

|Xj |

∑

x j ∈Xj

(

u⊤j (vx j − vyi )

)]

−
1

|N−i |

∑

v ∈N−i

[

W−iv
1

|Xv |

∑

xv ∈Xv

(

u⊤v (vxv − vyi )

)]

(3)
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As the surrogate in Eq. (3) is not convex, we reformulate Eq. (2)

as a minimization problem with respect to the latent matrices U

and V using the convex logistic function:

min
U,V

RHi (xi ) =
∑

yj ∈Yj

log
(

1 + exp(−дi (xi , yi ))
)

)
(4)

In our model we solve the minimization problem in Eq. (4) via gra-

dient descent, using the following update rules at the t-h iteration:

ut+1i ← uti − η
∂RH

∂ui
, i = 1 . . .n (5)

vt+1j ← vtj − η
∂RH

∂vj
, j = 1 . . .m (6)

where η is the learning parameter and ∂RH/∂ui and ∂RH/∂vj are

the respective gradients. When optimizing Eq. (4) the in�uence

of friends’ and foes’ selections on the user i’s preferences might

become negative in the surrogate дi of Eq. (3), that is the case of

Pi < 0, with the term Pi being equal to:

∀i ∈ N

Pi =
1

|N+i |

∑

j∈N +i

[

W+i j
1

|Xj |

∑

x j ∈Xj

(

u⊤j (vx j − vyi )

)]

−
1

|N−i |

∑

v ∈N−i

[

W−iv
1

|Xv |

∑

xv ∈Xv

(

u⊤v (vxv − vyi )

) ] (7)

Hence, during the optimization of Eq. (4) with the update rules

of Eqs. (5)-(6), we de�ne a boolean vector ht ∈ {0, 1}n for each

iteration t in the gradient descent algorithm, by replacing the sur-

rogate дi of Eq. (3) with дi (xi ,yi ) = ui
⊤ (vxi − vyi ) + hti Pi . �e

i-th entry hti is calculated as follows: if Pi < 0 then hti = 0, and 1

otherwise. Having calculated the factor matrices U and V by mini-

mizing Eq. (4), we compute the factorized matrix R̂ as the product

of UV⊤. �en, for each user i we order the items in the i-th row

of R̂ in a descending order, and select the top-N items to generate

the �nal recommendations.

So the challenge in our learning to rank model is how to weigh

the in�uences of friends and foes when optimizing Eq. (4), captur-

ing users’ preferences with trust and distrust degrees in the weight-

ing matrices W+ and W−.

4.2 Weighting Strategy

Let U+ ∈ Rn×k
+

and U− ∈ Rn×k
−
be the user factor matrices

of A+ and A−, with k+ being the number of latent factors of U+,

and k− the number of latent factors of U−. We also consider the

user factor matrix U ∈ Rn×k of the user-item interaction matrix

R. �e three user factor matrices U, U+ and U− generate three

respective latent spaces, that is a n × k - dimensional latent space

with users’ preferences ofU, an×k+ - dimensional space with trust

correlations of U+ and a n × k− - dimensional space with distrust

correlations of U−.

4.2.1 Trust-based Weighting Matrix. As pointed out in several

studies, the preferences of trust friends do not necessarily match [3,

8]. Hence, we compute the weighting matrixW+, to capture users’

preferences with their trust correlations in an intermediate trust-

preference user factor space, formed by amatrixM+ ∈ Rk×k
+

which

is de�ned as follows:

Definition 5 (Trust-PreferenceUser FactorMatrix). Given

the k and k+ latent dimensions of the n users in U and U+, the inter-

mediate trust-preference user factor matrixM+ captures the correla-

tions of users’ preferences with friends’ trust degrees in an interme-

diate user latent space, subject to:

W+ = U ×M+ × U+
⊤

(8)

To calculate the user similarities in the latent spaces, we consider

the k-dimensional latent vectors ui in U and the k+-dimensional

vectors u+i in U+. We de�ne the respective similarity functions s ,

s+ and sm+ in the user latent spaces of U, U+ and M+ as follows:

∀i ∈ N and j ∈ N+i

s (ui ,uj ) =
1

1 + exp (−ui⊤uj )
(9)

s+(u+i ,u
+

j ) =
1

1 + exp (−u+i
⊤u+j )

(10)

sm+(ui ,u
+

j ) =
1

1 + exp (−ui⊤M+u
+

j )
(11)

where the product u⊤i M
+u+j re�ects on the embedded distance of

ui and u+j in the intermediate latent space of M+. Since users i

and j are friends, having (probably) similar preferences, we have

to maximize their similarities in the three latent spaces U, U+

and M+. We transform the problem of calculating the intermedi-

ate trust-preference user factor matrix into a minimization prob-

lem with respect to the user factor matrices U, U+ and M+. To

achieve this we take the negative natural logarithmic function of

the respective similarities. For example, the similarities in the la-

tent space of U are recomputed as follows: −
∑

i, j log (s (ui ,uj )).

Summarizing, we formulate our minimization problem as the fol-

lowing objective function with respect to the user factor matrices

U, U+ and M+:

min
U,U+,M+

L+(U,U+,M+) = −
∑

i ∈N , j∈N +i

log (s (ui ,uj ))

−
∑

i ∈N , j∈N +i

log (s+ (u+i , u
+

j )) −
∑

i ∈N , j∈N +i

log (sm+(ui ,u
+

j ))

+ λ+
k

∑

c=1

| |uc | |2 + γ
+

k+
∑

c=1

| |u+c | |2 + δ
+ | |M+ | |1

(12)

In the last line, the �rst two terms are the ℓ2 norm regularization

terms to avoid model over��ing. �e third term is the ℓ1 norm

regularization to force the intermediate trust-preference user fac-

tor matrix to be sparse, as both the trust relationships in A+ and

the users’ preferences in R are sparse. Parameters λ+, γ+ and δ+

control the in�uences of the respective regularization terms. To

optimize the minimization problem in Eq. (12), we use a gradient-

based alternating optimization algorithm, that is, we optimize each

matrix/variable via gradient descent by �xing the other two [9].

Hence, to compute the three matrices/variables in alternating op-

timization we calculate the gradients of the objective function in

Eq. (12) with respect to matrices U, U+ and M+ as follows:
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∂L+(U,U+,M+)

∂ui
= −

∑

i ∈N , j∈N +i

exp (−ui
⊤uj )

1 + exp (−ui⊤uj )
uj

−
∑

i ∈N , j∈N +i

exp (−ui
⊤M+u+j )

1 + exp (−ui⊤M+u
+

j )
M+u+j + 2λ

+

k
∑

c=1

(ui )
c

(13)

∂L+(U,U+,M+)

∂u+i

= −
∑

i ∈N , j∈N+i

exp (−u+i
⊤u+j )

1 + exp (−ui⊤u
+

j )
u+j

−
∑

i ∈N, j∈N +i

exp (−ui
⊤M+u+j )

1 + exp (−ui⊤M+u
+

j )
ui
⊤M+ + 2γ+

k+
∑

c=1

(u+i )
c

(14)

∂L+(U,U+,M+)

∂M+
= −

∑

i ∈N, j∈N +i

exp (−ui
⊤M+u+j )

1 + exp (−ui⊤M+u
+

j )
uiu
+

j
⊤

+ δ+
k

∑

c=1

k+
∑

d=1

siдn(M+cd )

(15)

As the ℓ1 norm regularization term in Eq. (12) is not di�erentiable

at zero, we use the siдn function in the last term of Eq. (15), with

siдn(M+i j ) = 1 if M+i j > 0, siдn(M+i j ) = −1 if M
+

i j < 0, and 0 other-

wise. With the gradients in Eqs.(13)-(15) we optimize the objective

function in Eq. (12) via alternating optimization, to compute the

trust-preference user factor matrix M+, and the user factor matri-

ces U and U+. �en, based on Eq. (8), we compute the weight-

ing matrix W+ to capture users’ preferences with friends’ trust

degrees.

4.2.2 Distrust-basedWeighting Matrix. To compute the weight-

ing matrixW−, we calculate the correlations of users’ preferences

with foes’ distrust degrees. We de�ne an intermediate distrust-

preference user factor matrix as follows:

Definition 6 (Distrust-Preference User Factor Matrix).

Given the k and k− latent dimensions of the n users in U and U−,

the intermediate distrust-preference user factor matrixM− ∈ Rk×k
−

contains the correlations of users’ preferences with foes’ distrust de-

grees in an intermediate user latent space, subject to:

W− = U ×M− × U−
⊤

(16)

Accordingly, we have the similarity function s in the latent space

of U, and the respective similarity functions s− and sm− in U− and

M− as follows:

∀i ∈ N and v ∈ N−i

s (ui ,uv ) =
1

1 + exp (−ui⊤uv )
(17)

s−(u−i , u
−
v ) =

1

1 + exp (−u−i
⊤u−v )

(18)

sm−(ui , u
−
v ) =

1

1 + exp (−ui⊤M−u
−
v )

(19)

�e similarity of the foes’ latent vectors have to beminimized in

the user preference latent space in U and in the intermediate space

in M−, as foes do not have similar preferences [28, 29]. Instead,

as users i and v are foes we have to maximize their similarities

in the distrust space of U−, to express their distrust degree. First

we transform the maximization problem of foes’ similarity in U−

as a minimization problem, using the negative natural logarithmic

function −
∑

i,v log (s (ui , uv )). Hence, we formulate the following

objective function as a minimization problem to compute U, U−

and M−:

min
U,U−,M−

L−(U,U−,M−) =
∑

i ∈N ,v ∈N−i

s (ui , uv )

−
∑

i ∈N ,v ∈N−i

log (s− (u−i , u
−
v )) +

∑

i ∈N ,v ∈N−i

sm−(ui ,u
−
v )

+ λ−
k

∑

c=1

| |uc | |2 + γ
−

k−
∑

c=1

| |u−c | |2 + δ
− | |M− | |1

(20)

�e respective gradients of the objective function L− are equal to:

∂L−(U,U−,M−)

∂ui
=

∑

i ∈N ,v ∈N−i

exp (−ui
⊤uv )

[1 + exp (−ui⊤uv )]2
uv

+

∑

i ∈N ,v ∈N−i

exp (−ui
⊤M−u−v )

[1 + exp (−ui⊤M−u
−
v )]

2
M−u−v + 2λ

−
k

∑

c=1

(ui )
c

(21)

∂L−(U,U−,M−)

∂u−
i

= −
∑

i ∈N ,v ∈N−i

exp (−u−i
⊤u−v )

1 + exp (−u−i
⊤u−v )

u−v

+

∑

i ∈N ,v ∈N−i

exp (−ui
⊤M−u−v )

[1 + exp (−ui⊤M−u
−
v )]

2
ui
⊤M− + 2γ−

k−
∑

c=1

(u−i )
c

(22)

∂L−(U,U−,M−)

∂M−
=

∑

i ∈N ,v ∈N−i

exp (−ui
⊤M−u−v )

[1 + exp (−ui⊤M−u
−
v )]

2
uiu
−
v
⊤

+ δ−
k

∑

c=1

k−
∑

d=1

siдn(M−
cd
)

(23)

Similarly, with the gradients in Eq.(21)-(23) we optimize Eq. (20)

and calculate the three matrices/variables U, U− and M−. Having

computed the three matrices we calculate the weighting matrix

W− in Eq. (16) with users’ preferences and foes’ distrust degrees.

5 EXPERIMENTS

5.1 Evaluation Setup

We evaluate our experiments on a real-world dataset from Epin-

ions3 [7], also used in related studies [5, 6, 19]. �is dataset con-

tains n=119,867 users,m=676,436 product-items and 12,328,927 rat-

ings, with 452,123 trust and 92,417 distrust relationships. We split

the dataset into the training and test sets. Unless stated otherwise,

in our experiments we consider the 70% of the ratings as train-

ing set, and exploit all trust and distrust relationships. To deter-

mine the parameters of each examined model, the training set is

further split into two subsets: the cross-validation training set and

the cross-validation test set.

To remove user bias from our results, we consider an item as

relevant if a user has rated it above her average ratings, and irrel-

evant otherwise. For users with less than �ve ratings, we consider

3h�p://www.trustlet.org/epinions.html
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Figure 1: E�ect on (a) recall and (b) NDCG, when varying the size of the training set.

the most highly rated item as relevant. To evaluate the top-N rec-

ommendation performance of the examined models we report the

ranking-based metrics recall and Normalized Discounted Cumula-

tive Gain (NDCG) [4, 21, 33]. Recall is the ratio of the relevant

items in the top-N ranked list over all the relevant items for each

user. NDCG measures the ranking of the relevant items in the top-

N list. For each user the Discounted Cumulative Gain (DCG) is

de�ned as: DCG@N =
∑N
j=1

2r elj −1
log2 j+1

, where relj represents the

relevance score of item j, that is binary in our case, i.e., relevant

or irrelevant. NDCG is the ratio of DCG/iDCG, where iDCG is the

ideal DCG value given the ratings in the test set. We repeated our

experiment �ve times, and we report mean values and standard

deviations of recall and NDCG over the �ve runs.

5.2 Compared Methods

We compare our proposed approach with the following baseline

methods:

• Co�Rank [30]: a baseline learning to rank model that

ignores users’ trust and distrust relationships.

• SPF [3]: a trust-based probabilistic model that performs

Social Poisson factorization, to match user latent prefer-

ences for items with the latent in�uences of her friends.

�is model considers only trust relationships.

• JSCR [21]: a trust-based learning to rank model that fo-

cuses on the top of the list, accounting how well the se-

lections of trust friends have been ranked. �is model ex-

ploits only trust relationships as well.

We also evaluate the performance of the following trust and distrust-

based models:

• JNMF-SG [19]: a method that co-factorizes user-item and

user-cluster associations, by partitioning users into clus-

ters with a spectral clustering approach based on users’

trust and distrust relationships.

• PushTrust [5]: a recommendation strategy to compute

the latent features of users, based on users’ trust and dis-

trust relationships. PushTrust also considers the neutral

relationships, aiming to rank the neutral users’ latent fea-

tures a�er the friends’ latent features and before those of

the foes.

• RecSSN [26]: a recommendation method in social signed

networks, that considers trust and distrust relationships

when generating recommendations. RecSSN captures both

local and global information from the signed graph and

then exploits both types of information in a matrix factor-

ization technique with users’ preferences.

• LTRW∗: a variant of our approach that avoids the weight-

ing strategy of Section 4.2. In LTRW∗ we set W+ ← A+

and W− ← A−. �is variant is used to show the impor-

tance of our weighting strategy in our learning to rank

model when it is missing.

• LTRW: the proposed learning to rank model with our

weighting strategy to balance the in�uences of friends and

foes on users’ preferences when generating recommenda-

tions.

�e parameters of the examined methods have been determined

via cross-validation (Section 5.1) and in our experiments we report

the best results. �e parameter analysis of building the trust and

distrust-preference user latent spaces in our weighting strategy is

further studied in Section 5.6.

5.3 Performance Evaluation

We evaluate the performance of the examined methods by vary-

ing the number of ratings in the training set, using all trust and

distrust relationships. In this set of experiments we set the length

of the recommendation list to top-N=20. Fig. 1(a)-(b) show the ef-

fect on recall and NDCG, respectively. We can make the following

observations:

• Co�Rank has limited performance as it does not exploit

users’ trust or distrust relationships, thus being negatively

a�ected by the sparsity in users’ preferences when reduc-

ing the training set sizes. Compared to the baselinemethod
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of Co�Rank, the trust-based methods SPF and JSCR im-

prove recall and NDCG, as both methods use the selec-

tions of trust friends, as well as they capture the users’

preferences and the friends’ in�uence in their learning strate-

gies.

• Clearly, the competitive methods of JNMF-SG, PushTrust

and RecSSN that generate recommendations with trust and

distrust relationships can signi�cantly boost the recom-

mendation accuracy. �is indicates that both the selec-

tions of friends and foes are important in users’ person-

alized recommendations.

• Evaluated against the proposed LRTWmodel, the LTRW∗

variant signi�cantly reduces the recall and NDCGmetrics.

�is occurs because LTRW∗ does not apply the weighting

strategy of Section 4.2, hence it does not learn the in�u-

ences of users’ preferences with friends’ trust and foes’

distrust degrees. Consequently, the selections of social

friends and foes dominate the user’s personalized prefer-

ences.

• Using the paired t-test (p < 0.05), we found out that the

proposedLTRWmodel is superior over allmethods, achiev-

ing an average relative improvement of 14.67% and 11.25%

in terms of recall and NDCG, respectively, compared to

the second best method (PushTrust or RecSSN). �is hap-

pens because LTRW does not only perform the weight-

ing strategy to balance the in�uences of friends and foes,

but also focusses on the ranking performance at the top

of the recommendation list. On the contrary, the competi-

tive methods of PushTrust and RecSSN do not account for

the ranking performance in their learning strategies.

Fig. 2 shows the e�ect on recall, with changes in the length of the

top-N recommendation list. In this set of experiments we train our

models with 70% of the ratings using all social relationships. Again,

LTRW beats its competitors in all se�ings. Evaluated against the

second best method, LTRW achieves a relative improvement of

13.48% on average.
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Figure 2: E�ect on recall when varying the top-N rec.

5.4 E�ect of Missing Social Relationships

In the next set of experiments, we evaluated the performance of

the examined models when a part of social relationships is miss-

ing. �is experiment is performed to measure the performance

of models when not all social relationships are available. We en-

sure that the same percentage of trust and distrust relationships is

removed when downsizing the number of relationships. In this

set of experiments Co�Rank is used for reference as its perfor-

mance is not a�ectedwhen varying the percentage of relationships.

Fig. 3 presents the e�ect on recall with top-N=20 with the mod-

els trained on 70% of the ratings. We can observe that all social-

based models that exploit users’ relationships, either trust-based

or trust and distrust-based ones, are negatively a�ected when less

relationships are used, having a signi�cant drop on recall. In par-

ticular, when exploiting the 75% and 50% of all available relation-

ships the average drops on recall of all social-based methods are

20.26% and 30.94%, respectively. �ese results indicate that the

numbers of trust and distrust relationships play a crucial role in

trust-based and trust and distrust-based models when computing

recommendations. Evaluated against the second best method our

LTRWmodelmaintains the quality of recommendations high, achiev-

ing an average improvement of 13.14% in this set of experiments.
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Figure 3: E�ect on recall when varying the percentage of

social (trust and distrust) relationships.

5.5 Discussion

Exploiting both trust and distrust relationships can clearly lever-

age the recommendation accuracy. As shown in our experiments

all trust and distrust-basedmodels that use the selections of friends

and foes outperform the baseline model of Co�Rank, and the trust-

based models of SPF and JSCR. However, the performances of trust

and distrust-based models vary by following di�erent strategies

when exploiting users’ trust and distrust relationships. JNMF-SG

�rst forms a signed graph based on trust and distrust relationships,

and then tries to capture the correlations of friends and foes in the

clusters of the graph, on condition that friends and foes should not

be clustered together. �e �nal recommendations are produced by

co-factorizing the cluster-based associations and the users’ prefer-

ences. Instead, PushTrust considers the latent features of neutral
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users, that is users that have no relation to a certain user, and then

rank the neutral users’ latent features below those of the friends’

and above the foes’ latent features. However, PushTrust does not

focus on the ranking performance at the top of the list in a way

that ignores the rankings of friends’ and foes’ selected items in

the list, thus having lower recommendation accuracy than the pro-

posed LTRW model. RecSSN calculates the correlations of users

and friends/foes in the signed graph based on friends’/foes’ cir-

cles in the graph. Also, RecSSN exploits the selections of users

that have high reputation in the graph, assuming that users trust

the selections of users with high reputation. Nonetheless, RecSSN

does not focus on the ranking performance when producing rec-

ommendation, as well as does not capture well the correlations of

users’ preferences with trust degrees in friends’ circles and distrust

degrees in foes’ circles, which explains the limited performance of

RecSSN, compared to LTRW.

�e proposed LTRW model beats all the competitive trust and

distrust-based models in all sets of experiments. LTRW signi�-

cantly boosts the recommendation accuracy by exploiting two key

factors. First it focusses at the ranking performance at the top of

the list, by taking into account that users’ and friends’ relevant

items should be ranked high in the list, while those of the foes

should be ranked low. In addition, the weighting strategy has a

signi�cant contribution to our model, to be�er capture users’ pref-

erences with friends’ trust and foes’ distrust degrees in the interme-

diate trust and distrust-preference user latent spaces. Our exper-

iments demonstrate the crucial role of our weighting strategy in

the proposed LTRW model, as its LTRW* variant has poor perfor-

mance with an average relative drop of 27.74% in all experiments.

5.6 Analysis of Trust/Distrust-Preference
User Latent Spaces

In this sectionwe study the in�uence of trust and distrust-preference

user latent spaces in the LRTW model, corresponding to matrices

M+ ∈ Rk×k
+

and M− ∈ Rk×k
−
of Section 4.2. First, we �x the

parameters of the ℓ2 norm regularization terms λ+ = γ+ = 1e − 04

in Eq. (12) and λ− = γ− = 1e − 04 in Eq. (20), as we observed

that higher and lower values result in model over��ing and under-

��ing, respectively. Fig. 4(a)-(b) report the e�ect on recall, when

varying parameters δ+ and δ−, having impact on the respective ℓ1
norm regularization terms ofM+ in Eq. (12) and onM− in Eq. (20).

LTRW achieves the best performance when we set δ+ = 1e − 03,

where higher values of δ+ force M+ to be more sparse when opti-

mizing Eq. (12). Similarly, we select δ− = 1e − 02 when computing

M−. An interesting observation is that we �x δ+ < δ−, mainly

because the intermediate space M+ with users’ preferences and

friends’ trust degrees is less sparse than the space ofM− with user’

preferences and foes’ distrust degrees, as there are less foes than

friends (Section 5.1). �is complies with several studies reporting

that users tend to establish less distrust relationships than trust

ones [26–28].

Fig. 5 presents the e�ect on recall with changes in the user di-

mensions of the k×k+ trust-preference space ofM+ and k×k− dis-

trust preference space ofM−. In this set of experiments we vary the

user latent dimensions from 10 to 100 by a step of 10. As shown in

Fig. 5 the best performance is achieved when k = 60, k+ = 50 and
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Figure 4: E�ect on recall with changes in (a) δ+ and (b) δ−.
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Figure 5: E�ect on recall with changes in the user latent di-

mensions of trust/distrust-preference spaces.

k− = 30, as the model becomes unstable for higher latent dimen-

sions. �e model has limited performance when selecting lower

latent dimensions, as it does not capture well users’ preferences

with friends’ trust and foes’ distrust degrees in the intermediate

spaces ofM+ and M−, respectively.

6 CONCLUSIONS

We presented LTRW, a learning to rank model with trust and dis-

trust relationships, aiming to improve the performance at the top

of the list. We introduced a weighting strategy to balance the in�u-

ences of friends’ and foes’ selections in ourmodel. In particular we

build two intermediate trust/distrust-preference user latent spaces

to capture the correlations of users’ preferences with friends’ trust

and foes’ distrust degrees, accordingly. Our experiments demon-

strate the superiority of the proposed LTRW model over several

baselines, achieving a relative improvement of 13.13%, evaluated

against the second best model.

Users in recommender systems tend to explore new items, in-

stead of interacting with items they have previously liked in the

past, making users’ preferences change over time [14, 31]. In ad-

dition, while users interact with each other, they establish new re-

lationships and adapt existing ones [2, 27]. �is means that users’

trust and distrust relationships evolve too. As future work we plan

to investigate the performance of our learning to rank model with

evolving trust and distrust relationships, to capture users’ prefer-

ence dynamics in recommender systems [22, 23].
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