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This report is provided as supplemental material for our pa-
per, which comprises two appendixes as follows: collaborative
filtering, and mathematical basics.

APPENDIX A
COLLABORATIVE FILTERING

Collaborative filtering (CF) techniques are commonly used
in commercial recommender systems, such as movie recom-
mendation in Netflix1 and item recommendation in Amazon2.
The CF model has been widely studied in recent years. In
recommender systems, CF works for the rating prediction
problem. Specifically, users likely rate the items that they know
about, such as 1 ∼ 5 stars for the moives they have watched
or books they have read. As illustrated in Fig. 1, the values
in grey entries are observed rating data, and the blank entries
are unknown values. For example, the rating value between
user u1 and iterm i1 is 5, while the rating value between user
u1 and iterm i5 is missing, because u1 has not rated i5. In
practice, each user usually rate only a small set out of all of
the items, due to the large number of items. As a result, the
user-item rating matrix is very sparse.
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(a) User-Service Invocation Graph (d) Predicted QoS Matrix

Fig. 1. An Example of Rating Prediction

The basic idea of CF is to exploit and model the observed
data to predict the unknown values, based on the insight
that similar users may have similar preferences on the same
item, and thus have similar ratings. To achieve this goal,
two types of CF techniques have been studied in recent
literature: neighbourhood-based approaches and model-based
approaches [1].

Neighbourhood-based CF approaches: Neighbourhood-
based approaches include user-based approaches (e.g., UPCC)
that leverage the similarity between users, item-based ap-
proaches (e.g., IPCC) that employ the similarity between items,

1http://www.netflix.com
2http://www.amazon.com

and their fusions (e.g., UIPCC [2]). However, neighbourhood-
based approaches are incapable of handling the data sparsity
problem and have high time complexity.

Model-based CF approaches: Model-based approaches
provide a predefined compact model to fit the training data,
which can be further used to predict the unknown values.
Matrix factorization [3] is one of the most popular model-based
approaches used for collaborative filtering. In addition, matrix
factorization model can usually achieve better performance
than neighbourhood-based approaches.

APPENDIX B
MATHEMATICAL BASICS

This section provides some mathematical background for
our paper.

A. Euclidean Norm

Euclidean norm ‖·‖2 is a vector norm. Given a vector V ∈
Rn, its Euclidean norm is defined as follows:

‖V ‖2 =

√√√√ n∑
i=1

v2i (1)

where vi is the element of V .

B. Gradient Descent

Gradient descent is a widely used method to find a local
minimum of an object function in an iterative way. Note that in
our experiments, the approach PMF is implemented by using
gradient descent algorithm, as described in the following.

As for matrix factorization model, the object function is
given as follows:

L =
1

2

n∑
i=1

m∑
j=1

Iij(Rij − UT
i Sj)

2
+
λU

2
‖U‖2F +

λS

2
‖S‖2F , (2)

where the definition of each symbol has been described in our
paper. Then gradient descent works by updating Ui and Sj

simultaneously from random initialization using the following
updating rules:

Ui ← Ui − η
∂L
∂Ui

, Sj ← Sj − η
∂L
∂Sj

, (3)



Algorithm 1: Gradient Descent for PMF
Input: The collected QoS matrix R, the indication matrix I ,

and the model parameters: η, λU and λS . /* Iij = 1
if Rij is known; otherwise, Iij = 0 */

Output: The QoS prediction results: R̂ij , where Iij = 0.
1 Initialize U ∈ Rd×n and S ∈ Rd×m randomly;
2 repeat /* Batch-mode updating */
3 foreach (i, j) do /* Compute ∂L

∂Ui
and ∂L

∂Sj
*/

4 ∂L
∂Ui
←

m∑
j=1

Iij(U
T
i Sj −Rij)Sj + λUUi;

5 ∂L
∂Sj
←

n∑
i=1

Iij(U
T
i Sj −Rij)Ui + λSSj ;

6 foreach (i, j) do /* Update each Ui and Sj */
7 Ui ← Ui − η ∂L

∂Ui
;

8 Sj ← Sj − η ∂L
∂Sj

;

9 until converge;

10 foreach (i, j) ∈ {Iij = 0} do /* Make prediction */
11 R̂ij = UT

i Sj ;

In particular, the derivatives of Ui and Sj can be derived from
Equation 2 as follows:

∂L
∂Ui

=

m∑
j=1

Iij(U
T
i Sj −Rij)Sj + λUUi, (4)

∂L
∂Sj

=

n∑
i=1

Iij(U
T
i Sj −Rij)Ui + λSSj . (5)

Hence, the updating rules in Equation 3 can be rewritten as
follows:

Ui ← Ui − η
( m∑

j=1

Iij(U
T
i Sj −Rij)Sj + λUUi

)
, (6)

Sj ← Sj − η
( n∑

i=1

Iij(U
T
i Sj −Rij)Ui + λSSj

)
. (7)

Gradient descent works on batch-mode, which needs all the
data to be available. The latent factors Ui and Sj move
iteratively by a small step of the average gradient, i.e., ∂L

∂Ui

and ∂L
∂Sj

, where the step size is controlled by η.

The detailed algorithm of gradient descent for PMF is
presented in Algorithm 1.

C. Stochastic Gradient Descent

The scheme of stochastic gradient descent (SGD) is to
update the stochastically using the sequentially coming data.
At each step, the model can be adjusted by only considering the
current data sample. Thus, SGD naturally provides an online
algorithm, where we can adjust the model using each data
sample from the data stream in an online fashion.

Formally, The loss function L in Euqation 2 can be seen
as the sum of pairwise loss functions:

L =

n∑
i=1

m∑
j=1

Iij`(Ui, Sj), (8)

Algorithm 2: Stochastic Gradient Descent for PMF
Input: Sequentially observed QoS data samples: (ui, sj , Rij),

and the model parameters: η, λu and λs.
Output: The QoS prediction results: R̂ij , where Iij = 0.

1 Initialize U ∈ Rd×n and S ∈ Rd×m randomly;
2 repeat /* Online-mode updating */
3 foreach (ui, sj , Rij) do
4 ∂`

∂Ui
← (UT

i Sj −Rij)Sj + λuUi;

5 ∂`
∂Sj
← (UT

i Sj −Rij)Ui + λsSj ;

6 Ui ← Ui − η ∂`
∂Ui

;

7 Sj ← Sj − η ∂`
∂Sj

;

8 until converge;

9 foreach (i, j) ∈ {Iij = 0} do /* Make prediction */
10 R̂ij = UT

i Sj ;

and the pairwise loss function `(Ui, Sj) with respect to
(Ui, Sj , Rij) is defined as

`(Ui, Sj) =
1

2
(Rij − UT

i Sj)
2
+
λu

2
‖Ui‖22 +

λs

2
‖Sj‖22 , (9)

Note that the regularization parameters λu and λs are on
different scale from those in Equation 2. Similarly, we can
derive the following updating equations for each iteration:

Ui ← Ui − η
(
(UT

i Sj −Rij)Sj + λuUi

)
, (10)

Sj ← Sj − η
(
(UT

i Sj −Rij)Ui + λsSj

)
. (11)

The detailed algorithm of stochastic gradient descent for
PMF is presented in Algorithm 2.
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