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Abstract—Due to the explosive growth of social network
services, friendship inference has been widely adopted by Online
Social Service Providers (OSSPs) for friend recommendation. The
conventional techniques, however, have limitations in accuracy
or scalability to handle such a large yet sparse multi-source
data. For example, the OSSPs will be required to manually
give the order in which the various information is applied.
This unavoidably reduces the applicability of existing friend
recommendation systems. To address this issue, we propose a
Two-stage Deep learning framework for Friendship Inference
(TDFI). This approach can utilize multi-source information
simultaneously with low complexity. In particular, we apply an
Extended Adjacency Matrix (EAM) to represent the multi-source
information. We then adopt an improved Deep AutoEncoder
Network (iDAEN) to extract the fused feature vector for each
user. The TDFI framework also provides an improved Deep
Siamese Network (iDSN) to measure user similarity from iDAEN.
Finally, we evaluate the effectiveness and robustness of TDFI on
three large-scale real-world datasets. It shows that TDFI can
effectively handle the sparse multi-source data while providing
better accuracy for friend recommendation.

provides long potential friend lists with very low precision [2]. In particular, friend-recommendation based on social
graph representation [3]–[5] is largely exploited. However,
real-world social networks are much more sparse than expected [6]–[8] (i.e., the number of true friends is much smaller
than that of non-friends, as illustrated in Table I), which
poses a challenge to existing approaches. Moreover, friend
information is highly privacy-sensitive and deeply connected
with our social identity [9]. More and more people choose to
hide their friend information, such that the social network we
can build become more sparse. For example, almost 17.2%
Facebook users in New York hid their friend information in
2010 [10]. Worse more, these approaches cannot fully reﬂect
the real preferences on friend selection [11]. This is due to
the fact regarding missing of important real-world information
such as users’ different lifestyles [12], interests [13] and
locations [14].

I. I NTRODUCTION
The Internet has profoundly changed the human experience
in the past decades. People not only use the Internet to
ﬁnd information, watch movies, buy and sell products but
also highly rely on it to connect with others. In particular,
the number of monthly active Instagram users is now up
to a staggering increase from 800 millions in September
2017 to 1, 000 millions in June 2018 [1]. Given the huge
number of these OSN (Online Social Network) users, it is
impossible for Online Social Service Providers (OSSPs) to
check the information of each user and quickly pinpoint their
potential friends. Consequently, friend-recommendation service has been widely adopted by most OSSPs like Facebook,
Instagram, and Twitter [2].
Accurately learning the potential friend relationship is
an important yet challenging job. Conventional friendshipinference methods mainly depend on mutual friends, which
*Ke Xu is the corresponding author.

Fig. 1. An overview of the two types of information.

Since people live in a multi-source environment, the deep
utilization of multi-source information, which can more truly
reﬂect the behavior of users making friends, has attracted
the attention of the academic community [2], [15], [16].
Moreover, through the complementary advantages, the utilization of multi-source information can also alleviate the
impact of sparse problem in real-world social networks. And
when some information is insufﬁcient, other information can
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still perform the role of friendship inference. Since the use
of multi-source information increases complexity, the current
mainstream approach is utilizing multi-source information hierarchically. Unfortunately, it requires OSSPs to manually give
the importance of different information as well as the order
in which the various information is applied. However, in realworld social networks, there are various types of information
that can be used for friendship inference, and the required
manual settings are difﬁcult to give accurately.
In this paper, we propose a novel Two-stage Deep learning
framework for Friendship Inference (namely TDFI). This
approach can utilize multi-source information simultaneously
with low complexity. Via treating multi-source information as
a whole input, this approach can smartly process the multisource information for friendship inference. Therefore, there is
no need to manually set which information is more important
and the order in which the various information is applied.
To ensure scalability, we apply an Extended Adjacency Matrix (EAM) to better represent the multi-source information.
After that, an improved Deep AutoEncoder Network (iDAEN)
is proposed to extract one fused feature vector for each user
from the multi-source information. Furthermore, TDFI provides an improved Deep Siamese Network (iDSN) to measure
user similarity by measuring the similarity of the fused feature
obtained by the iDAEN network.
In this study, we adopt friend relation and location as an example of the multi-source information, as illustrated in Fig. 1.
This is because most OSSPs have built-in location sharing
services (e.g., check-in service) in their mobile applications.
In particular, Facebook, Instagram, and Twitter all allow their
users to add location information to their shared photo or
message. On the other hand, location information can further
reﬂect the user’s behaviors, which is very representative. Eagle et al. [14] conﬁrmed that data such as location information
obtained through mobile devices has extraordinary potential
in social network analysis. And Scellato et al. [17] also
indicated that synchronous check-ins information among users
can imply potential friendship. Additionally, Backes et al. [18]
found that check-in information can denote the mobility characteristics, which are signiﬁcant for inferring friendship. It
is worth noting that the location information is applied as a
case study, TDFI has good scalability and can incrementally
consider different categories of information while obtaining
a reasonable complexity. The effectiveness and robustness of
TDFI are also carefully evaluated on three large-scale realworld datasets collected from Instagram [18]. Furthermore, the
trace-based evaluation demonstrates that TDFI signiﬁcantly
outperforms state-of-the-art methods for friendship inference.
Our contributions. The following summarizes the contributions of this paper:
• TDFI can successfully realize the simultaneous fusion of
multi-source information for friendship inference, rather
than using different information hierarchically.
• To respect the user privacy, TDFI only uses coarsegrained information to achieve high-precision friendship
inference.

TDFI can effectively deal with the sparse problem, which
is ubiquitous in real social networks.
• Compared with the existing state-of-the-art methods,
TDFI is more accurate and more suitable for real friend
recommendation systems.
The rest of this paper is organized as follows. In Section II,
we present the related work. Section III describes the proposed
TDFI. Furthermore, we introduce the experimental setup and
analyze the performance of the proposed framework in Section IV. Finally, Section V concludes the paper.
•

II. R ELATED W ORK
The fast growth of social networks has led to a large amount
of interest in friendship and user relation analysis. Traditional
friendship-inference methods mainly emphasized the mutual
friends or the same groups. This is because a person is more
likely to know a person of his friends rather than a random
person [19]. Following this idea, multiple literatures [3], [20]–
[22] started to use social graph representation to infer friendship among different users. For example, through learning the
representation of the social network, node2vec [3] extended
the feature of an individual user to a pair of users, aiming
to ﬁnd their potential friends. However, real-world social
networks are much more sparse than expected [6]–[8]. The
graph composed of real-world social networks is sparse, which
is not conducive to extracting essential information. Thus, with
the limitation of sparseness, friendship inference with only
friend information might lead to awkward consequences.
To consider information from different sources, many studies added diverse information to their friend recommendation
systems [2], [11], [16]. For example, a recent study by
Huang et al. [2] designed a topic model, which can utilize
text information, friend information and image information.
Speciﬁcally, the friend information and the text information
are ﬁrst used to give a candidate list of possible friends. Then,
using the image information, a topic model is adopted to
further optimize the candidate list. Among the multi-source
information, user location is widely suggested [14], [23], [24].
This is because the location information can reﬂect some
user behaviors in physical space [14]. For example, based
on the observation of Gowalla, Cho et al. [25] found that
mobility and social constraints are related. And Pham et
al. [26] investigated an entropy-based model to entirely utilize
location information, which can not only infer friendship but
also measure the strength of friendship. Besides, location
information can also be applied to social network attacks [18],
[27]. For example, with the assistance of random walk and
feature learning, Backes et al. [18] can obtain the features of
users’ mobility, which can be used to attack the friendship
among different users.
Intuitively, single-source information is frequently insufﬁcient. However, the existing methods that can utilize multisource information require manually set some factors (e.g.,
the order in which the various information is applied), thus
the variety of information in social networks in the real world
makes it difﬁcult to apply these methods to real-world social
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networks. Different from the conventional friend recommendation systems, the proposed TDFI framework can automatically
handle multi-source information simultaneously with reasonable complexity. The trace-based evaluation shows that TDFI
can successfully leverage the highly abstract combination of
different information to provide better friendship inference.
III. T WO - STAGE D EEP L EARNING F RAMEWORK
The social network can be represented by a graph G =
(U , E), where U = {u1 , u2 , . . . , uN } denotes the set of users
and E = {ei,j |i ∈ [1, N ], j ∈ [1, N ]} indicates the edges, i.e.,
relationship between two users. If there is friendship between
ui and uj , then ei,j = 1 or ei,j = 0 otherwise. Friendship
information is represented by F = {(ui , uj )|ei,j = 1, ei,j ∈
E, i < j}, where F = |F| is the total number of friend pairs.
We deﬁne L = {l1 , l2 , . . . , lM } to represent the set of all
different locations. For location information, Ti,k is used to
represent the times that ui has visited lk . For example, Ti,k =
0 denotes that ui has never visited lk . The value of Ti,k can
be calculated from the check-in dataset C = {(cn , ui , lk )|n ∈
[1, C]}, where C = |C| is the total number of check-ins. For
instance, (c3 , u2 , l1 ) means that the third record in the checkin dataset shows that u2 made a check-in at l1 . However, T2,1
may be larger than 1, because T2,1 = |{(cn , ui , lk )|i = 2, k =
1, n ∈ [1, C]}|. Note that we only need some coarse-grained
check-in information (i.e., the user id, and the location id) for
respecting the user privacy.
To accurately infer friendship via multi-source information,
three complementary strategies are proposed in this paper,
i.e., the EAM, iDAEN, and iDSN. Speciﬁcally, they play the
role of multi-source information representation, fused feature
extraction, and friendship inference, respectively, all of which
are indispensable for the proposed framework.
A. EAM: An Extended Adjacency Matrix
We at ﬁrst introduce the EAM as proposed in this paper.
To ensure the scalability of multi-source information, we
build up a novel extended adjacency matrix represented by
A. As shown in Fig. 2, the indexes in the rows denote
user id {ui }N
i=1 , and the indexes in the columns are user
id {uj }N
and
location id {lk }M
j=1
k=1 . In Fig. 2, the yellow
area is the friendship group. If user ui has friendship with
user uj , then the value ai,j = 1 or ai,j = 0 otherwise.
The gray area is the check-in group. The value of ai,N +k
denotes the times of user ui visiting location lk , i.e., Ti,k . Note
that ai = {ai,1 , . . . , ai,N , ai,N +1 , . . . , ai,N +M } represents the
overall multi-source information of ui .
For a variety of multi-source information, it is easy to
construct the initial EAM like Fig. 2. However, the metrics
for different categories of information are different, which can
easily lead to imbalances between information. For example,
in the friend information (i.e., the yellow area) of the initial
EAM, any unit can only be 0 or 1, to indicate whether there
is a friend relationship between two users. In the location
information (i.e., the gray area), each unit may be any nonnegative integer. When the value of the location information

Fig. 2. The initial EAM without local and global normalizations.

is relatively large, the friend information is easily regarded
as a value close to 0, thereby causing the friend information
ignored by the neural network. Similar information imbalances
are more likely to occur when there is more variety of multisource information to use. Therefore, based on the initial EAM
A, local and global normalizations are further required. The
local normalization is carried out separately in the friendship
group and check-in group. As for friendship group, the local
a
normalization is calculated by ai,j = N i,ja . Likewise,
j=1 i,j
the local normalization in check-in group is calculated by
a
ai,N +k = M i,Na+k .
k=1 i,N +k
Due to the gap between the number of friends and checkins, global normalization method is employed in addition to
the local normalization of group information. For user ui ,
the information strength of friend information and location
information can be achieved via Eq. (1).
αi =

Fi /F
,
Fi /F + Ci /C

βi =

Ci /C
Fi /F + Ci /C

(1)

where F = F/N and C = C/N represent the average number
of friends and check-ins per user, respectively. Additionally,
Fi and Ci are the corresponding number of friends and the
number of check-ins of ui . Moreover, αi and βi are the coefﬁ
cients of friendship group and check-in group, respectively. A
is speciﬁcally used to denote the matrix after local and global
normalizations. In other words, the values in each group are

ai,j = αi ∗ ai,j and 
ai,N +k = βi ∗ ai,N +k .
From the global normalization method, it can be found that
when the provided friend information is richer, the friendship
group has a higher proportion, otherwise the check-in group
has a higher proportion. Accordingly, we can utilize friendship
information and check-in information with different proportions. Due to the purpose of inferring friendship in the subsequent process, certain friendship may be hidden randomly, as
illustrated by the blue circle with the red dash line in Fig. 2.
Therefore, our TDFI is evaluated for inferring the speciﬁc
friendship (i.e., manually hidden friendship), from check-in
information and the remaining friendship information.
B. Feature Extraction
Although the proposed EAM can represent multi-source
information, it still cannot directly withdraw the essence of
multi-source information. Moreover, considering the scalability, as the type of information used increases, the dimensions
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Fig. 3. The framework of TDFI, which consists of an improved deep autoencoder network (iDAEN) and an improved deep siamese network (iDSN).

of the EAM become larger. This will make it very hard for the
iDSN network to directly learn the similarity between a pair of
users based on the labels. Considering that deep autoencoder
network has outstanding performance for feature extraction
and information fusion [28], we propose the iDAEN network,
utilized as the ﬁrst stage of TDFI to extract one fused feature
vector for each user via multi-source information represented
by EAM. The iDAEN network can obtain more general
nonlinear combinations of variables compared to both linear
and nonlinear approaches. In addition to extracting robust
features, it can also reduce the dimensionality of information
such that computational resources can be saved for the second
stage of TDFI (i.e., the iDSN network). Regarding improving
time efﬁciency, in addition to reducing the fused information
dimension, we apply special mechanisms, skip operation and
feature-reuse, in the design of iDAEN and iDSN, which will
be introduced in the descriptions of Fig. 3 and Fig. 4.
As shown in Fig. 3, the iDAEN network is composed of
two symmetric structures (i.e., Encoder and Decoder). Here it
is speciﬁcally designed to include 7 hidden layers. Like most
deep neural networks, adding more layers may result in better
accuracy. However, considering the time overhead, the design
of 7 hidden layers is suitable. Equipped with the encoder

network E, which projects the input X = {xi }N
ai }N
i=1 = {
i=1
onto a latent space Z with low dimensionality, the decoder
network D is to reconstruct the input from the latent space.
The standard loss function of deep autoencoder network is for
measuring the reconstruction error between input and output,
and the goal of training is to calculate suitable parameters Θ
to minimize the loss function, as represented by Eq. (2).
arg min ||X − X ||2

Θ={φ,ϕ}

s.t.

Z = E(X , φ), X = D(Z, ϕ)

(2)

i }N denotes the output, φ and ϕ are the
where X = {x
i=1
parameters in the encoder and decoder network, respectively.

Although the deep autoencoder network is effective for
feature fusion, it still needs to be improved to yield to our
scheme. As mentioned earlier, the sparse problem of friends is
ubiquitous in real social networks. That is, the user population
is huge, while the number of friends is relatively small. Thus,
the proposed EAM is sparse (i.e., the number of non-zero
elements is far less than that of zero elements), such that
the network might be unable to extract sufﬁcient features. To
address this problem, penalty on non-zero elements is added
to force the iDAEN network to learn the non-zero features. In
particular, the loss function in Eq. (2) is rewritten as Eq. (3).
LA (Θ) = ||(X − X ) ◦ X  ||2
=

+M
N N


((
xi,j − xi,j ) · (γ · xi,j + 1))2

(3)

i=1 j=1

where the symbol ◦ means the pointwise product, X  =
{xi,j = (γ · xi,j + 1)|i ∈ [1, N ], j ∈ [1, N + M ]}, and γ is
a hyperparameter to leverage the tradeoff between penalty on
the non-zero elements and the reconstruction error. Regarding
the operation of adding 1, this is primarily to ensure that the
prediction of zero elements with error (i.e., xi,j = 0, but
x
i,j = 0) can has a non-zero loss value.
Since the gradients may vanish or explode, skip connection
is also added between the layers in encoder network and decoder network in addition to changing the activation functions.
The skip connection operation can be represented as M g in
Eq. (4).
M g(m) = Eim ⊕ Djm
(4)
where Eim and Djm are the layers with m neurons in the ith layer in encoder and j-th layer in decoder, respectively.
More speciﬁcally, this strategy could largely shorten the path
to calculate the gradient, so as to avoid the inconvenience of
gradient vanishment or explosion. In addition, it can also speed
up convergence and quickly completes training on the iDAEN
network. To retain the symmetry of the iDAEN network, the
value of the neurons in the layers of encoder are added to
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the corresponding layer with the same neurons in the decoder
network, and the operation is shown in the iDAEN part of
Fig. 3, where the circles with the same color are the symmetric
layers in the encoder and decoder. The skip connection is
demonstrated as the lines with the arrow which has the same
color as the corresponding layers.
C. Friendship Learning
Compared to the EAM representing multi-source information, the encoder network E of a well-trained iDAEN network
can compress the essence of multi-source information into one
fused feature vector for each user. However, inferring friendship directly from certain common distance (e.g., euclidean
distance) of these vectors is irrational. This is because the
fused feature comes from multi-source information, which is
highly abstract and difﬁcult to be compared with each other
directly. Therefore, an improved deep siamese network is
utilized as the second stage of TDFI to infer friendship, as
illustrated in the iDSN part of Fig. 3.
The siamese network was originally proposed as an energybased model [29], which was used to judge the similarity
between pairwise samples. Similarly, the characteristic of our
iDSN serves as a twin-network that projects the pairwise
input {vi , vj } to the pairwise vector {Si , Sj }, as shown in
the iDSN part of Fig. 3. To be more speciﬁc, Si and Sj
represent the features of the input extracted by the twin
networks. Particularly, the associated twin networks share the
same weights, such that similar samples can be mapped onto
the ambient feature space. Moreover, the L1 distance between
Si and Sj is evaluated, which is followed by a fully-connected
layer with Sigmoid activation (i.e., f (·)), formulated as Eq. (5).
Oi,j = f (W |Si − Sj | + b)

(5)

1
1+e−η .

where f (η) =
W and b represent the 128-dimension
weight vector and the bias of the last fully connected layer,
respectively.
Thus, the output of the iDSN network Oi,j is the predicted
label of the pairwise input {vi , vj }, which is in the range
of Sigmoid function, i.e., (0, 1). If the pairwise input has a
friendship with each other, then Oi,j should be close to 1 or
close to 0 otherwise. That is to say, given a threshold, inferring
friendship is equivalent to a binary classiﬁcation problem.
For training the iDSN network, our goal is to calculate
suitable parameters ψ to minimize the loss function, which
is formulated as Eq. (6).

LS (ψ; P) = −

P
1 
(yr log(ŷr ) + (1 − yr )log(1 − ŷr )) (6)
P r=1

where ψ represents all the parameters of the iDSN network.
P = {
p}P
r=1 represents the training set for the iDSN network,
which contains pairwise users with or without friendship.
P = |P| and pr = (p1r , p2r ) represents the pairwise users
{ui , uj }, which can be converted into {vi , vj } through the
encoder network of iDAEN. yr represents the output of the

(a) Common Layers

(b) Neurons Reduction

Fig. 4. The detailed structure of iDSN network.

iDSN network, which has the same meaning as Oi,j . And yr is
the true label of input (p1r , p2r ), i.e., if (p1r , p2r ) is of friendship,
then yr = 1 or yr = 0 otherwise.
To predict with high precision and low time overhead, we
employ the feature-reuse method, which is similar to that in
the ﬁrst stage of TDFI. However, different from the iDAEN
of TDFI, the skip connection here is carried out between
layers Li and Li+1 , i.e., the feature-reuse is achieved by
the concatenation of the neurons in layers Li and Li+1 .
Speciﬁcally, the skip connection may increase the number of
trainable parameters in the iDSN network, which may increase
the time needed for training the network. However, the skip
connection can shorten the path of gradient ﬂowed backward,
which is useful for training. As a result, the iDSN network will
beneﬁt from the skip connection operation, and the training
time will be reduced. And more details about our iDSN with
skip connection is illustrated in Fig. 4(a). As shown in Fig. 3
and Fig. 4, the twin-network in iDSN consists of common
layers and neurons reduction. In particular, the common layers
can be divided into F-M-B-D as shown in Fig. 4(a), where F
is a fully connected layer, M is a merge layer to combine the
output of F layer in Li and Li+1 by concatenation, B is a
Batch Normalization layer to avoid intern variance shift, and
D is a dropout layer to avoid overﬁtting, which is indicated
by the red dashed line in Fig. 4. Through the complementary
advantages of F-M-B-D, the iDSN network designed for TDFI
can show excellent performance in friendship inference. After
the common layers, we decrease the number of neurons by
neurons redection, to achieve a more efﬁcient comparison
of the similarity between different vectors. More speciﬁcally,
neurons redection is different from common layers. For example, it also contains dropout layer, but the dropout ratio are
different from that of common layers. In addition, compared
to common layers, it has no merge layer (i.e., F-B-D). By
reducing the number of neurons layer by layer, the last layer
contains 128 neurons. That is to say, the dimensionality of
feature (i.e., Si and Sj ) obtained from iDAEN is 128, as shown
in Fig. 4(b).
IV. E XPERIMENTS
The proposed TDFI aims at inferring friendship from multisource information. In this section, we will introduce the
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TABLE I
S TATISTICAL PROPERTIES OF THE THREE DATASETS .

New York
Los Angeles
London

|U |(N )
44,371
30,679
13,187

|L |(M )
25,868
22,260
10,693

|F |(F )
193,995
129,004
25,413

|C|(C)
1,843,187
1,301,991
500,776

experimental setup, the detailed deployment of the network,
and the experimental results of TDFI compared with the stateof-the-art methods. To fully evaluate the performance of the
baseline model and our proposed TDFI, the experiment mainly
involves two aspects, i.e., effectiveness and robustness.
A. Datasets
To evaluate the framework proposed in this paper, experiments are performed on three real-world datasets collected
from Instagram in 2016, which is originally used for friendship
attack [18]. Speciﬁcally speaking, the data of the three datasets
are from New York, Los Angeles and London, respectively.
That is, our TDFI will be evaluated on the data from three
different cites, to fully verify the performance of the proposed
method. It mainly contains friend information and location
information (i.e., check-in information). The ground truth,
i.e., the friendship is collected by the followees of the users
via Instagram’s API. The statistical properties of the three
datasets are demonstrated in Table I. Here, C and F represent
the average number of check-ins and the average number of
friends for each user, respectively. The N (N −1)/2 in the last
column is calculated as the number of user pairs. Therefore,
the value in the last column indicates the sparsity of the
social networks, which empirically validates that the EAM in
Section III-A is sparse.
Although Backes et al. [18] mentioned that the three
datasets had a lot more detailed check-in information, such
as latitude, longitude, and the category of location, only part
of the information in these datasets is publicly shared, i.e.,
friendship information F and check-in information C. Despite
the lack of detailed information, the proposed TDFI still
has excellent performance with coarse-grained information.
This is primarily for achieving privacy protection, which is
a meaningful and popular research topic. For example, Shen
et al. [30] proposed an encryption-based privacy protection
method to avoid leakage of privacy when the graph (e.g., social
graph) is outsourced to the cloud computing paradigm. Unlike
privacy protection from the outside, we use the coarse-grained
information directly to achieve fundamental privacy protection.
Moreover, from the coarse-grained information used by TDFI,
it is impossible to distinguish a speciﬁc person, which is more
conducive to protecting user privacy.
B. Baseline Algorithms
We employ walk2friends [18] as baseline algorithm (may
be abbreviated as W2F). This is because walk2friends has
high effectiveness and robustness. Speciﬁcally, in addition
to walk2friends, there are another 14 baseline algorithms

C = C/N
41.5404
42.4392
37.9750

F = F/N
4.3721
4.2050
1.9271

F/(N (N − 1)/2)
0.000197075
0.000274135
0.000292299

from [17], [26], [31]. In terms of effectiveness and robustness,
walk2friends has consistently outperformed these 14 models
by 13% to 20% on the same datasets. As a result, walk2friends
serves as the state-of-the-art method in friendship inference
on these three large-scale multi-source information datasets.
Therefore, the following comparisons including effectiveness
and robustness are made between walk2friends and the proposed TDFI.
As for the walk2friends method, it uses the random walk,
which is often used in network embedding to obtain the
random traces on the user-location bipartite graph. The random
traces containing both users and locations can represent the
mobility neighbors. Then the traces are fed to the skip-gram
model with one hidden layer to be mapped to continuous
vectors. Finally, the prediction of social link is constructed
according to the pairwise similarity, such as consine similarity,
euclidean distance, chebyshev distance, and so on.
Although walk2friends method is effective, it relies on the
pairwise similarity methods. To ensure a fair comparison,
we evaluate all pairwise similarity methods for walk2friends,
which are used in [18]. And the results of the cosine pairwise
similarity method which maximizes the AUC in [18], are
chosen to compare with the proposed TDFI.
C. Parameter Setting
For a fair comparison, we set the parameters for
walk2friends in line with the default parameters suggested
in [18] to gain the optimal performance. In particular, the walk
length lw = 100, walk times tw = 20, and the dimensionality
of feature vector dw = 128.
As for the iDAEN network, the hyperparameter γ in Eq. (3)
is set as γ = 9. In addition, since the range of the input
in iDAEN is in (0, 1), excluding the Sigmoid function in
the last layer to adapt to the distribution of the input, other
layers use Relu function rather than Sigmoid to avoid gradient vanishment. Thus, the activation function here and skip
connection in Section III-B are both designed to avoid the
occurrence of gradient vanishment. The number of neurons
of each layer in the encoder network for New York, Los
Angeles and London are 70239 − 500 − 400 − 256 − 128,
52939−500−400−256−128, 23880−500−400−256−128,
respectively. In addition, the structure of the decoder network
is symmetrical with that of the encoder network.
Since the dimensionality of feature obtained from iDAEN
is 128, the number of neurons per layer for three cities is the
same in the iDSN network, i.e., 128 − 256 − 384 − 640 −
1024 − 640 − 384 − 256 − 128. It can be found that for
the datasets of three different cities, the network structures
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of iDAEN and iDSN are identical except that the number of
iDAEN input neurons is different. The experimental results in
IV-E will show that TDFI has achieved good performance on
all three datasets, which further demonstrates the universality
of the proposed TDFI.
D. Evaluation Metrics
For the comparison between the baseline algorithm and the
proposed TDFI, one of the evaluation metrics we adopt here
is AUC (i.e., the Area Under the Curve of ROC (Receiver
Operating Characteristic) [32]). And the higher the AUC of
the algorithm is, the better the performance is. Moreover,
AUC is the same metrics as previous inference algorithms (i.e.,
walk2friends), which is conducive to the fairness of TDFI and
baseline algorithms comparison.
In addition to AUC criterion, Equal Error Rate (EER) and
Rate of Detection (RD) are also used. In friendship inference,
the pair of users with friendship is regarded as positive,
otherwise, the case is negative. So the FPR (False Positive
Rate), TPR (True Positive Rate) and FNR (False Negative
Rate) in the ROC curve are deﬁned by Eq. (7):
of false-positive pairs
of negative pairs
of true-positive pairs
TPR =
of positive pairs
of false-negative pairs
FNR =
of positive pairs
FPR =

(7)

EER, deﬁned as the FPR value of the point on the ROC curve
when FPR equals to FNR. It is a tradeoff between accuracy
and recall, and one method with lower EER is evaluated to
have better performance. Similarly, RD is deﬁned as the TPR
value of the point where FPR equals to FNR. This criterion is
expected to be higher to have better performance. Considering
the application of friendship inference, a method with lower
EER and higher RD will infer friendship more precisely and
has a better user experience.
We evaluate the above criteria on the methods in two
aspects: each cross validation and the mean value of all
ﬁve folds of cross-validation data. We will introduce in the
following contents in detail.

Algorithm 1: Inferring friendship via TDFI
Input: Q, P and C
Output: 0 or 1
1 Initialize the EAM A according to P and C
 with local and global normalizations
2 Calculate A
3 repeat
4
Train the iDAEN network through {
ai }N
i=1
Minimize LA (Θ) in Eq. (3)
5
6 until convergence
7 Compute the fused feature vector vi for each user ui
8 repeat
9
Train the iDSN network through P
10
Minimize LS (ψ; P) in Eq. (6)
11 until convergence
12 Test Q/P by the well-trained iDSN network

friendship as a set, namely Q. Then Q is divided into 5 parts,
i.e., Q = {Qh }5h=1 , each of which contains the same number
of pairs with or without friendship. Consequently, we select 4
parts of Q as training set and the remaining one part as testing
set. Speciﬁcally, regarding the i-th cross-validation, we select
4 parts of Q as train set P = {Qh }5h=1,h=i , and the remaining
part Q/P as the testing set. The implementation details of our
framework are shown in Algorithm 1. Note that the friendships
for testing is hidden in the training of both the iDAEN network
and the iDSN network, as illustrated in Fig. 2.
The AUC results of 5-fold cross-validation on three datasets
are demonstrated in Table II. The samples of cross-validation
for TDFI and walk2friends are equally the same. The results of
walk2friends are selected with optimal performance among the
7 pairwise similarity methods in [18] (i.e., cosine similarity).
The ROC curves of both TDFI and walk2ﬁends on New York,
Los Angeles and London are shown in Fig. 5. Note that
the mean value of AUC in Table II is different from that
in Fig. 5(a), because the value of each AUC in Table II is
calculated separately and then averaged, while the area in
Fig. 5(a) is calculated by taking all the ﬁve folds of crossvalidation data and labels together.

E. Experimental Results
To fully verify the effectiveness of our method, 5-fold crossvalidation is used in our experiments. Equipped with the evaluation metrics mentioned above, we evaluate the proposed TDFI
from the perspectives of the effectiveness and the robustness
via comparing to the baseline algorithm.
1) Comparison of Effectiveness: Due to the sparsity of
the social networks indicated in the last column of Table I,
the number of user pairs with friendship is far less than the
number of user pairs without friendship such that the high
imbalance of the labels is brought about. Hence, we utilize
the same down-sampling strategy as in [18]. To ensure a
fair comparison, we randomly sample the same number of
pairs without friendship and integrate them with the pairs with

(a) Comparison of Mean ROC

(b) AUC Distribution

Fig. 5. Effectiveness comparison between TDFI and W2F.

In Fig. 5(a), the mean ROC curves of TDFI is consistently
above the curves of walk2friends, which demonstrates that
the proposed TDFI outperforms walk2friends, no matter what
pairwise similarity methods walk2friends uses.
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TABLE II
E FFECTIVENESS COMPARISON ABOUT AUC DETAILS , WHERE WALK 2 FRIENDS ADOPTS THE COSINE SIMILARITY.

New York
Los Angeles
London

Methods
TDFI
walk2friends
TDFI
walk2friends
TDFI
walk2friends

1-Fold
0.8776
0.7890
0.8521
0.8030
0.7993
0.7626

2-Fold
0.8621
0.7953
0.8416
0.7947
0.8160
0.7615

In addition to the mean values of AUC (i.e., the area
below mean ROC curves) in Fig. 5(a), we also draw the
distribution of AUC in each fold cross-validation. Speciﬁcally,
Table II has been designed to see the speciﬁc AUC values,
while Fig. 5(b) is for showing the advantages and statistical
characteristics of the method. Fig. 5(b) uses the violin plots
to show the comparison of AUC distribution on each city.
The white circle is the median value, and the thick black line
within the violin indicates interquartile range. The shape of the
violin shows the distribution of the AUC values. It is obvious
that the results of TDFI mainly converge on the higher AUC
value, indicating that most of the testing results are stable
at a high level, whereas the results of walk2friends mainly
converge on the lower AUC value, indicating that the overall
effect is relatively poor. For our algorithm, we gain 10.59%
improvement over walk2friends in New York, 6.53% in Los
Angeles and 6.18% in London. Since walk2friends has gain
13% to 20% improvement over other 14 baseline models,
the proposed TDFI pushes a great improvement over these
baseline approaches.

3-Fold
0.8770
0.7843
0.8582
0.8118
0.8083
0.7691

4-Fold
0.8772
0.7852
0.8592
0.7975
0.8138
0.7620

5-Fold
0.8666
0.7891
0.8565
0.7992
0.8165
0.7631

Mean
0.8721
0.7886
0.8535
0.8012
0.8108
0.7636

std. dev.
0.0065
0.0039
0.0065
0.0059
0.0064
0.0028

2) Comparison of Robustness: From the last column of
Table II, we can see that the standard deviation is very small,
indicating that our method is relatively stable. In addition,
both TDFI and walk2friends use the check-in information for
feature extraction of each user. To investigate the robustness
of the friendship inference models with respect to the checkin information, we randomly discard the 5%, 10%, 15%,
20% and 25% of the number of check-in information and
evaluate the results. Except for the check-in information, all
the other information is ﬁxed as previously mentioned with the
same default parameters. Accordingly, the results of robustness
comparison are summarized in Fig. 7.

(a) Comparison of Mean AUC

(b) One Special Case

Fig. 7. Robustness comparison between TDFI and W2F.

Fig. 6. EER and RD comparison between TDFI and W2F.

We also record the results of EER and RD criteria, which
are shown in Fig. 6. We can ﬁnd that regardless of whether
the dataset is from New York, Los Angeles or London,
TDFI always has a lower EER and a higher RD compared
with walk2friends. Speciﬁcally, for the three datasets from
New York, Los Angeles, and London, EERs are reduced by
29.61%, 22.06% and 18.67%, respectively. And RDs increase
by 12.50%, 7.91% and 8.27%, respectively. As introduced
in Section IV-D, this means that TDFI is better in terms of
effectiveness and more suitable for real-world applications.

It can be clearly seen from Fig. 7(a) that as check-ins
decrease from 5% to 25%, the height of these bars has changed
slightly, which shows that both our TDFI and the baseline
method are relatively stable. More speciﬁcally, the AUC results
of walk2friends reduce as check-ins decrease, indicating that
walk2friends has a higher dependence on the check-in information. Fig. 7(a) demonstrates that despite the lack of some
check-in information and no matter how many percentages of
check-in are hidden, our method still outperforms walk2friends
with cosine similarity. Moreover, except for some special cases
similar to Fig. 7(b), the cosine similarity (i.e., used in Fig. 7(a))
is the best one among the 7 pairwise similarity methods for
walk2friends in each cross-validation.
Speciﬁcally, as shown in Fig. 7(b), in the 3-th crossvalidation on New York with hiding 20% check-in information, the result of walk2friends with correlation coefﬁcient
is better than the result of walk2friends with cosine similarity, and we regard it as one special case. And in our 90
folds of experiments on the three datasets, similar special
cases occurred 16 times. That is to say, the performance of
walk2friends method relies on the pairwise similarity methods.
And there is no single pairwise similarity method that works
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best in all scenarios. In contrast, the friendship inference of our
proposed TDFI depends on the iDSN network, whose structure
remains unchanged in all scenarios (i.e., different cities and
different percentage of hidden check-ins). In other words, our
TDFI is more general. In addition, even if walk2friends with
correlation coefﬁcient has achieved the best performance in
the special case, our TDFI still outperforms the best result of
walk2friends (i.e., walk2friends with correlation coefﬁcient),
which further demonstrates the effectiveness and robustness of
the proposed TDFI.
V. C ONCLUSION
In this paper, we designed and implemented a novel framework, TDFI, for friendship inference via multi-source information. This system can smartly handle different types of userrelated data simultaneously with low complexity. In detail,
we adopted an extended adjacency matrix with both local
and global normalizations for absorbing different information.
This matrix then serves as an input to the iDAEN network
to extract fused feature with low dimensionality. After that,
the iDSN network is utilized to determine whether the pair of
users has friendship by measuring the similarity of the fused
feature. Our qualitative and quantitative evaluations indicated
that TDFI outperforms the existing recommendation systems
with improved accuracy and robustness.
As for future work, we are particularly interested in the
understanding of trade-offs between system accuracy and overhead in real-world systems. Moreover, we are also expanding
our framework to better handle incomplete or even biased
datasets. We believe that the proposed TFDI framework will
bring new features to further enhance the overall applicability
of friend recommendation systems.
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