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ABSTRACT
With recent advances in radio-frequency identification (RFID), wire-
less sensor networks, and Web-based services, physical things are
becoming an integral part of the emerging ubiquitous Web. In this
paper, we focus on the things recommendation problem in Inter-
net of Things (IoT). In particular, we propose a unified probabilis-
tic based framework by fusing information across relationships be-
tween users (i.e., users’ social network) and things (i.e., things cor-
relations) to make more accurate recommendations. The proposed
approach not only inherits the advantages of the matrix factoriza-
tion, but also exploits the merits of social relationships and thing-
thing correlations. We validate our approach based on an Internet
of Things platform and the experimental results demonstrate its fea-
sibility and effectiveness.

Categories and Subject Descriptors
H.3.5 [Information Storage and Retrieval]: Online Information
Services; E.2 [Data Structures]: Graphs and Networks

Keywords
Internet of Things, Recommendation, Social Networks

1. INTRODUCTION
Recent advances in identification technologies such as radio fre-

quency identification (RFID), wireless sensor networks, and nan-
otechnology make computing power available in smaller and smaller
physical things. Indeed, our world is slowly evolving into an envi-
ronment where everyday things such as buildings, commodities are
readable, recognizable, addressable, and controllable through the
Internet [1, 9]. While it is well understood that such a ubiquitous
environment offers the capability of integrating both the physical
world and the virtual one, which creates tremendous business op-
portunities such as efficient supply chains, it also presents signifi-
cant challenges. With many things connected and interacting over
the Internet, there is an urgent need to provide effective mechanism
for search, recommendation, annotation and classification across
the diverse set of things to reveal interesting patterns among them.
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Figure 1: The connections consist of three types of links, in-
cluding users’ friendships within users’ social network, things
correlations with correlation graph of things and things usage
links within user-thing interactions. Our task is to predict the
dyadic relationship between users and things, i.e., recommend-
ing certain things to users.

Things recommendation is a crucial step for promoting and tak-
ing full advantage of Internet of Things (IoT), where it benefits the
individuals, businesses and society on a daily basis in terms of two
main aspects. On the one hand, it can deliver relevant things to
users based on users’ preferences and interests. On the other hand,
it can also serve to optimize the time and cost of using IoT in a
particular situation. Physical things in reality have multiple unique
attributes. For example, they have states (e.g., in use or not in use;
expired or not expired). When a certain thing is in use, it can not
be used simultaneously by another user. Under this circumstance,
a recommender system can refer the user to a list of things which
have same or similar functionalities. For example, if microwave 1
is in use, microwave 2 will be recommended to a user who would
like to warm her food, as illustrated in Figure 1.

We argue that both users’ relationships and things correlations
should be taken into account to make accurate recommendations.
Users’ relations (i.e., friendships) can have significant impact on
things usage patterns. Research in [4] shows that relations between
users play a substantial role in human decision making. For in-
stance, people usually turn to a friend’s advice about a commodity
(i.e., hair straighter) or a restaurant before they go for them. Some-
times, this influence from the friend circle is even more substantial
than high ratings given by other people.As mentioned above, things
are functionality-oriented and things with similar functionalities
hold strong relationships. We also argue that physical things have
more distinctive structures and connections in terms of their func-
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tionalities in real life (i.e., usefulness), as well as non-functionalities
(i.e., availability). For example, different things provide different
functionalities (e.g., microwave and printer), and will be of inter-
est to different groups of people. Pairwise things with strong cor-
relations indicate either they have similar functionalities (i.e., mi-
crowave and roaster) or they have more likelihood to be used to-
gether. For instance, a water tap and a chop board are both in use
when we prepare meals, since most of the time we need to wash
cooking ingredients (e.g., vegetables) before chopping them. In ei-
ther case, related things usage patterns will be reflected.

Things recommendation in IoT can be formulated as predict-
ing the dyadic relationships (e.g., things usage) between people
and things. This prediction is based on three types of dyadic re-
lationships, namely people to things, people to people, and things
to things, as shown in Figure 1. A straightforward method is to
utilize a series of discrete characteristics of things in order to rec-
ommend additional items with similar properties. However, this
approach is not feasible in IoT since it is not easy to directly craft
things’ profiles and present in a meaningful feature space. Despit
recent efforts in semantic techniques [1], it is still hard to character-
ize things due to their diverse and heterogeneous nature in terms of
functionalities, access methods or descriptions. Moreover, utilizing
a series of discrete characteristics does not take into account the in-
fluence of users’ social networks and mutual correlations of things,
nor the historical information on user interactions with things.

Collaborative Filtering (CF) recommendation has been widely
used by exploiting past behaviors between users and items (i.e.,
rating scores on items, click-through data or browsing history etc.)
without profiling users or items [7]. Several recent approaches
based on CF also take into account the users’ social networks [6,
8] to achieve more accurate performance. However, few work con-
siders the impact of contextual information on mutual correlations
between things.

In this paper, we propose a probabilistic matrix factorization
based model to address things recommendation problem in IoT. We
fuse information from users’ social networks and things correla-
tion networks, by learning shared latent factors stemming from the
probabilistic matrix factorization on three matrices, namely users’
relations, things correlations, and observable things usage interac-
tions. Our main contributions are summarized as follows:

• We propose a unified CF model based on probabilistic ma-
trix factorization, by fusing users’ social networks and things
correlations simultaneously. We connect these two graphs
via shared latent factors and the information in users’ rela-
tions. Things’ correlations can be uncovered and propagated
to serve user-thing usage pattern prediction.

• We validate and evaluate the model using a dataset collected
from our IoT testbed. The experimental results demonstrate
the feasibility and effectiveness of our approach.

The rest of this paper is organized as follows. In Section 2, we
present our model on things recommendation. We show our ex-
perimental evaluation in Section 3. In Section 4, we overview the
related work and provide some concluding remarks.

2. THE MODEL
Figure 2 shows our model that fuses social network, things corre-

lations and user-thing interactions, and incorporates three relation-
ships: user-user connections sii′ , thing-thing correlations tjj′ and
user-thing interactions (thing usage) yij with shared factors ui and
vj . We describe how to encode these three relationship matrices in
our model from Section 2.1 to Section 2.3.

Figure 2: Our model: xi and zj are the explicit features (e.g.,
textual descriptions) of users and things respectively; sii′ and
tjj′ denote users friendship and things correlations, while yij
denote interactions between users and things; ui, u′

i′ , vj , v′j′
are the latent factors induced from the three relationships.

2.1 Encoding User Friendships
We construct a directed weighted graph Gu = (Vu, Ev), whose

vertex set Vu corresponds to users set {u1, ..., um}, edges set Ev

represents the friendships between users and the range of their as-
sociated weight are in [0, 1]. Bigger weights represent stronger ties
between users. Wu indicates the user similarity influenced by the
social links between users, reflecting the homophily (i.e., similar
users may have similar interests). We use the cosine similarity to
calculated sii′ as follows:

sii′ =
eαcos(b(i),b(i′))∑

k∈Ω(i) e
αcos(b(i),(b(k))

(1)

where cos(b(i), b(i′)) =
b(i) · b(i′)

||b(i)||||b(i′)|| , Ω(i) is the set of the user

i’s friends (i.e., j ∈ Ω(i)), b(i) is the binary vector of things used
by user i, || · || is the L-2 norm of vector b(·), and α is a parameter
that reflects the preference for transitioning to a user who interacts
with the same things.

After we obtain the users friendship matrix from Gu, we fac-
torize users’ friendship matrix to derive a high-quality, low dimen-
sional feature representation to user-based latent features vectors
ui ∈ R

1×m and factor-based latent feature vectors u′
i′ ∈ R

1×m on
analyzing the social network graph Gu. The conditional probabil-
ity of sii′ over the observed social network is determined by:

sii′ ∼ Pr(sii′ |uT
i u

′
i′ ;σs)

where ui ∼ N (0, σ2
u), u

′
i′ ∼ N (0, σ2

u′)
(2)

Similar to the Web link adjacency [10], if a user i has lots of
links to other users, the trust value of sii′ should be decreased.
Whereas if a user i is trusted by many other users, the trust value of
sii′ should be increased, since the user can be considered as local
authority. sii′ should be adjusted as:

s∗ii′ =

√
din(i′)

dout(i) + din(i′)
× Sii′ (3)

where dout(i) represents the outdegree of node i, while din(i′)
indicates the indegree of i′. Equation 2 can be reformulated as:

s∗ii′ ∼ Pr(s∗ii′ |uTu′;σs) (4)

2.2 Encoding Things Correlations
A correlation graph of things is a directed weighted graph, de-

noted by Gt = (T,E). For each thing ti ∈ T , let T k
i denote the
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top-k set of correlated things to ti. E = {e(x, i)|∀ti ∈ T, tx ∈
T k
i }, where e(x, i) is an edge from tx to ti. Each edge is associated

with a weight wtx,ti with the correlation value Rtx,ti .
Things correlation value Rtx,ti is not handy to obtain due to

some unique challenges. To tackle this problem, we have developed
a graph-based model to predict correlations [9], which is briefly de-
scribed here. We derive correlations among things by mining the
history of things usage events. In particular, we construct a spatio-
temporal graph Gm and a social graph Gu to model things usage
contextual information and interactive relationships between users
and things. The spatio-temporal graph captures the spatial and tem-
poral information in things usage events, i.e., where and when a cer-
tain thing is accessed. In constructing this graph, we integrate the
spatial and temporal information to capture periodic patterns be-
tween locations and timestamps for improved performance. Then,
we perform random walks with restart [3] on both graphs to obtain
pairwise relevance Rm and Ru respectively, and sum them up to
get overall pair correlation R = (Rm + Ru)/2, which indicates
thing-thing correlations.

Similar to modeling social networks, things correlation matrix
is decomposed to thing-based latent features vectors vj ∈ R

1×n

and factor-based latent feature vectors v′j′ ∈ R
1×n on analyzing

the things correlation graph Gt. The conditional probability of tjj′
relies on things latent factors and can be denoted as:

tjj′ ∼ Pr(tjj′ |vTj v′j′ ;σr)

where vj ∼ N (0, σ2
v), v

′
j′ ∼ N (0, σ2

v′)
(5)

2.3 Encoding User-Thing Interactions
User-thing interactions yij are embodied by the usage frequency

of thing i by user j in a certain time frame. We can map the us-
age frequency to interval [0, 1] by using function f(x) = (x −
ymin)/(ymax − ymin) without loss of generality, where ymax and
ymin are the maximum and minimum usage values respectively.
The dyadic relationship between a user and a thing does not only
depend on their latent factor UTV , whose vulnerability is that it
makes use of past interactions and can not handle brand new things
well, i.e., cold start problem. To tackle this issue, we use the ex-
plicit features directly by profiling users observable features xi ∈
R

c (i.e., age, gender, location etc.) and things observable features
zj ∈ R

d (i.e., textual description of things functionalities). Here, c
and d are the dimensionality of users observable features and things
observable features respectively. The dyadic relationship (thing us-
age value) depends on not only the inner product of latent factors of
users and things, but also their observable features. Things usage
value yij can be defined as the following conditional probability:

yij ∼ Pr(yij |ui, vj , xi, zj , σ
2
y) (6)

We adopt the bilinear product to specify the similarity between
user observable features and thing observable features [2]. The
pairwise similarity between xi and zj can be denoted as:

rij = wT (xi ⊗ zj) (7)

where w is a column vector of entries {wmn}, xi ⊗ zj denotes the
Kronecker product of xi and zj . Equation 7 can be rewritten as:

rij = xT
i Wzj (8)

where matrix W ∈ R
m×n is a weight coefficients capturing pair-

wise associations between user i’s explicit feature vector and thing
j’s explicit feature vector. The thing usage value depends on both
the inner product of user and thing latent factors and the bilinear

product of user observable features and thing observable features.
Equation 6 can be reformulated as:

yij ∼ Pr(yij |uT
i vj + rij , σ

2
y) (9)

2.4 Model Learning
Given a training dataset for O = {Oy,Os,Ot}, the joint pos-

terior probability of model parameters Σ can be obtained through
Bayes’ theorem:

Pr(Σ|O) ∝ Pr(O|Σ)Pr(Σ) (10)

Maximizing Equation 10 can be converted to minimizing the
negative logarithm of Pr(O|Σ)Pr(Σ) via:

min
Σ

L(Σ) = minλy

∑
ij∈Oy

�(yij , u
T
i vj + rij)

+ λs

∑
ii′∈Os

�(s∗ii′ , u
T
i u

′
i′) + λt

∑
jj′∈Ot

�(tjj′ , v
T
j v

′
j′)

+ λw||w||2 + λu||u||2 + λu′ ||u′||2 + λv||v||2 + λv′ ||v′||2
(11)

where �· is a loss function (we adopt the most widely used �2 loss),
and λ = {λy, λs, λt, λw, λu, λu′ , λv, λv′} are trade-off parame-
ters.

A gradient descent process can be implemented to solve the pa-
rameters. Given a training dataset {yij}, the objective function in
Equation 11 can be found by performing gradient descent in ui, vj
and wmn.

ui → ui − δ × (
∂�

∂ui
(yij , u

T v + rij)vj + uT
i ui)

vj → vj − δ × (
∂�

∂vj
(yij , u

T v + rij)ui + vTj vj)

w → w − δ × (
∂�

∂w
(yij , u

T v + rij)uiv
T
j + wTw)

u′
i′ → u′

i′ − δ × (
∂�

∂u′
i′
(s∗ii′ , u

T
i u

′
i′)ui + u′T

i′u
′
i′)

v′j′ → v′j′ − δ × (
∂�

∂v′j′
(tjj′ , v

T
j v

′
j′)vj + v′Tj′v

′
j′)

(12)

where δ is the learning rate. After we obtain the optimal parameters
Σ∗, we can use them to predict the given testing data {̃i, j̃, yĩ,j̃}

yĩj̃ = uT
ĩ vj̃ +

cd∑
mn

xĩnzj̃mw∗
mn (13)

3. EXPERIMENTS
We have conducted extensive experiments to study the proposed

approach. Due to space constraints, we report one experiment,
which compares our approach with other state-of-the-art methods.

3.1 Dataset and Performance Metrics
Since Internet of Things (IoT) is still relatively new, it is hard to

find large-scale data for our experiments. We set up a testing envi-
ronment that consists of several different physical places including
one author’s home (e.g., kitchen, bedroom, living area). 127 differ-
ent things (e.g., printers, desktop computers, backpacks, TV, coffee
machine, first-aid kit) are tagged using RFID tags or sensors. We
also manually labeled these things with 397 labels, which serve as
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the ground-truth dataset in our experiments. Ten volunteers partici-
pated in the data collection by interacting with RFID-tagged things
for a period of four months, generating 20,179 records on the in-
teractions of the tagged things. Table 1 shows the statistics of six
categorical things of the dataset. Scale refers to the usage frequency
between the most frequent used things and the least frequent used
things. For example, in Cooking, one of the least used thing is the
blender (48), while one of the most used thing is the fridge (2336,
the door open/close times of the fridge). All scale values are pro-
cessed to make them in [0,1] as discussed in Section 2.3.

Table 1: Dataset Statistics
No. Category # Things Scale

1 Entertainment 28 47 - 1028

2 Office 20 511 - 1790

3 Cooking 25 48 - 2336

4 Transportation 11 31 - 870

5 Medicine/Medical 10 22 - 89

6 House Appliances 33 37 - 2680

We adopt Mean Absolute Error (MAE) to measure the accuracy
of our approach. MAE calculates the average of absolute difference
between predicted usage values and actual values as the following:

MAE =

∑
ij |yij − ỹij |

n
(14)

where yij is the actual thing’s usage value between user i and thing
j, ỹij is the predicted value, and n is the number of the predicted
values. The lower the MAE, the better the performance.

3.2 Performance Comparison
We compare the prediction accuracy of our approach based on

fusing social networks and things correlations (FST) with some
state-of-the-art approaches based on probabilistic factor analysis:
Probabilistic Matrix Factorization (PMF) [7], SoRec [6] and SVD++
[5]. This experiment evaluated our approach, in particular its capa-
bility in handling the cold start problem, which refers to providing
accurate prediction when some users only use few things or even
have no usage historical records at all. In order to verify the capa-
bility of our approach on predicting usage value of things that have
not been used, we randomly selected and marked off p% of data
(p= 10, 20 and 50) from our dataset as training data and different
number of latent factors (5 and 10) to test all the methods. The
experimental results are shown in Table 2.

Table 2: MAE Comparison with Other Approaches
Training Data 10% 20% 50%

# of Factors 5 10 5 10 5 10

PMF 0.8635 0.8544 0.8245 0.8153 0.7662 0.7495

SVD++ 0.8425 0.8311 0.8004 0.7982 0.7410 0.7273

SoRec 0.8103 0.7978 0.7872 0.7723 0.7317 0.7168

FST 0.7303 0.7246 0.7112 0.6948 0.6631 0.6406

From the table, it is clear that our approach outperforms other
methods on different training ratios and different number of factors,
especially when the training data is small. PMF is a pure probabilis-
tic factor model. Relying heavily on user-thing usage matrix, it can
not deal with the circumstance where little interactions information
is available. SoRec works better than PMF and SVD++ because of
its aggregation of user-user internal information (social links). Our
approach not only incorporates users and things internal informa-
tion, but also defines the explicit features (i.e., content) for users
(e.g., users profile) and things (e.g., description of things function-
alities), which makes our approach performing better when there is
a cold start problem. The experimental result further demonstrates
the effectiveness on improving the recommendation accuracy by
incorporating things correlations.

4. RELATED WORK AND CONCLUSION
Recommending the most appropriate things to users is a funda-

mental concern in the emergent Internet of Things research. Most
recent research work focus on exploiting the information of users’
connections for recommendation. Jamali and Ester [3] propose a
social recommendation framework based on probabilistic matrix
factorization via employing user social networks and user-item rat-
ings. Yang et al. [8] design a joint friendship and interest prop-
agation model, where the user-item interest network and the user-
user friendship network are jointly modeled through latent user and
item factors. Zhou et al. [11] propose a kernel-based probabilistic
matrix factorization, which incorporating external information into
the matrix factorization process via assuming latent factors are in
Gaussian distribution. Ma et al. [6] propose a matrix factorization
method to exploit the social network information.

Compared with these research efforts, we construct the things
correlation graph capturing global connections and similarities be-
tween things, and integrate the graph with users’ social relation
graph to learn the latent factors simultaneously. We also integrate
the content and other additional information of users and things to
cope with the cold-start problem in recommendations. The experi-
ments demonstrate the feasibility and effectiveness of our model.

In real situation, physical things are more dynamic compared
with traditional Web resources. Some of these dynamic features are
availability, statefulness and its changing attributes (i.e., geographi-
cal information, status). In the future work, we plan to improve our
model that can adaptively propagate up-to-date information from
things correlations network and make more accurate recommenda-
tions. We also plan to explore further the impact caused by the
unique feature of non-duplicability in Internet of Things.
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