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Abstract: Generally, predicting whether an item will be liked or disliked by active users, and how much an item
will be liked, is a main task of collaborative filtering systems or recommender systems. Recently, predicting most
likely bought items for a target user, which is a subproblem of the rank problem of collaborative filtering, became an
important task in collaborative filtering. Traditionally, the prediction uses the user item co-occurrence data based
on users’ buying behaviors. However, it is challenging to achieve good prediction performance using traditional
methods based on single domain information due to the extreme sparsity of the buying matrix. In this paper, we
propose a novel method called the preference transfer model for effective cross-domain collaborative filtering. Based
on the preference transfer model, a common basis item-factor matrix and different user-factor matrices are factorized.
Each user-factor matrix can be viewed as user preference in terms of browsing behavior or buying behavior. Then,
two factor-user matrices can be used to construct a so-called ‘preference dictionary’ that can discover in advance
the consistent preference of users, from their browsing behaviors to their buying behaviors. Experimental results
demonstrate that the proposed preference transfer model outperforms the other methods on the Alibaba Tmall data
set provided by the Alibaba Group.
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1 Introduction

Collaborative filtering (CF) is the mainstream
technology for recommender systems. The main task
in CF in general is to predict how much an item will
be liked or disliked by active users. For instance,
many previous CF studies have focused on the ex-
plicit types of data such as user-ratings data, e.g., a
1–5 score (Mnih and Salakhutdinov, 2007; Salakhut-
dinov and Mnih, 2008; Koren et al., 2009; Koren,
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2010). However, in real-world scenarios most feed-
back is not explicit but implicit. Implicit feedback is
tracked automatically, such as by monitoring clicks,
view times, purchases, and other user activities. Re-
cently, predicting most likely bought items for a tar-
get user based on the implicit feedback data, which
is a subproblem of the rank problem of CF, has be-
come a hot research topic in CF (Rendle et al., 2009;
Shi et al., 2012; Rendle and Freudenthaler, 2014).

Implicit feedback data is often modeled by the
random triplet (U , I, F ), where U is the user identi-
fier, I is the item identifier, and F is the item brows-
ing/buying frequency. Analogous to the construc-
tion of the user item co-occurrence matrix (the so-
called ‘rating matrix’) in CF (Su and Khoshgoftaar,
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2009), we assemble the frequency of a user’s brows-
ing/buying preference of items into the matrix. Each
elementXij in the co-occurrence matrix indicates the
number of times user j browses/buys item i. Given
the user’s past behavior of browsing/buying items,
our task is finding which item will be most likely
bought by the user in the next time period.

To tackle the prediction problem, the early
memory-based methods of CF use the user’s de-
mographic information, such as gender, educational
background, and hobby, to depict the user’s profile
of preference. The groups were made by identify-
ing a set of similar users’ preference profiles. Then,
the item is recommended to the user who has never
bought it, but which has been bought by another
user in the same group. However, this type of pro-
file is very difficult to obtain as it requires a large
amount of extra information. Here, we are interested
in building effective models by considering only the
user item co-occurrence matrix.

From the user item co-occurrence data, we can
cluster users into one or more latent user groups that
reflect their buying preferences (Savia et al., 2009).
Knowing the user’s buying preference in advance is a
key point for the prediction. The accuracy of buying
preference depends largely on the density of the given
user buying co-occurrence matrix. However, in real-
world recommender systems, users can buy a very
limited number of items but browse a relatively large
number of items. Thus, we ask: can we establish a
bridge between the two domains and transfer useful
preference patterns from the browsing matrix to the
buying matrix?

One of the common shopping behaviors for peo-
ple is the so-called ‘look and then buy’ approach.
Generally, the more often a customer browses the
items, the more likely the customer will buy the
items. However, there is no linear relationship be-
tween the browsing frequency and the buying proba-
bility. By exploring the relationship between brows-
ing frequency and buying probability using Alibaba’s
Tmall data, we observed that the possibility of the
items being pursued declines after being browsed
more than 50 times (Fig. 1). It indicates that if
a customer likes to browse an item, it does not nec-
essarily mean that the customer will buy it. In other
words, the interest-driving factors behind the brows-
ing of items and the buying of items for the cus-
tomer might be different, and therefore we cannot
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Fig. 1 Non-linear relationship between user’s brows-
ing and buying behaviors

use only the browsing frequency to predict the cus-
tomer’s buying behavior.

In this study, we transfer user preference from
one task to other related tasks to solve the prediction
task. We name the prediction task the ‘target task’
and the related task the ‘auxiliary task’. Suppose
we have M items and N users. The target task is
represented as a sparseM×N buying matrixX, con-
taining few observed buying data which would result
in poor prediction results. Meanwhile, we obtain an
auxiliary task from another domain, which is related
to the target one and has a dense M × N browsing
matrix Y . Then, we adopt a variant of non-negative
matrix factorization (NMF) to project user’s item
browsing or buying data from the original matrix
into the preference space and to transfer preference
from the browsing domain to the buying domain,
which might enable better prediction results in the
target task. We refer to this preference of patterns to
be transferred as a preference transfer model (PTM),
which is an N × K (K � M,K � N) user-factor
matrix that factorizes from X and Y . By capturing
the consistency of preference patterns, we can recon-
struct the target buying matrix and pick up the most
likely recommended items to a certain user.

2 Related work

Recently, latent factor models have been suc-
cessfully used in document modeling and data rat-
ing in CF (Hofmann and Puzicha, 1999; Si and Jin,
2003; Savia et al., 2009). Most researchers have
used latent factors to model the groups of similar
users, which represent their preferences behind the
users’ behaviors. For instance, a probabilistic matrix
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factorization (PMF) model was proposed where la-
tent factors have been used to represent user’s simi-
lar preference on rating items such as movies (Mnih
and Salakhutdinov, 2007). Similar to grouping high-
frequency words into different latent factors (top-
ics), a probabilistic latent semantic analysis (PLSA)
model was proposed to group similar users for pre-
dicting the unknown rating data (Hofmann, 2004).
However, the static latent factors model cannot
track the varying user’s preference (Blei and Laf-
ferty, 2006; Ju et al., 2015). Furthermore, a joint
PLSA probabilistic hypertext-induced topic selec-
tion (JPP) model was proposed to perform a simul-
taneous decomposition of the contingency tables as-
sociated with word occurrences and citations/links
into a topic, which can bring forth cluster informa-
tion, from relationships between documents to those
inside documents (Cohn and Hofmann, 2000). How-
ever, one of the assumptions of the JPP—‘the same
latent factor in the cross domain’—is too hard. Be-
cause, in most cases, users’ browsing and buying
preferences are not necessarily required to be the
same. Obviously, the assumptions need to be loos-
ened. Unfortunately, a follow-up method for the JPP
model does not appear in the literature for CF.

Another widely used approach to CF is
NMF (Lee and Seung, 1999). It constitutes a rich
body of algorithms that have found applications in
a variety of machine learning fields, from document
clustering to recommender systems (Zhang et al.,
2006; Chen et al., 2009; Gu et al., 2010). His-
torically, PLSA and NMF were developed indepen-
dently, but researchers later proved that PLSA solves
the problem of NMF with KL-divergence (Gaussier
and Goutte, 2005; Ding et al., 2006). Specifically,
the non-negative constraint of NMF in the latent
factors space can be used to model a user’s prefer-
ence. To tackle the one-side factor that JPP assumes,
some researchers outlined a novel sentiment trans-
fer mechanism based on constrained non-negative
matrix trifactorizations of term document matrices
in the source and target domains (Li et al., 2010;
Zhuang et al., 2011; Xie et al., 2012). Similarly, in
CF, a little research has been conducted on rating
data by transferring rating knowledge across mul-
tiple domains (Singh and Gordon, 2008; Li et al.,
2009a). Specifically, to pool together the rating data
from multiple rating matrices in related domains for
knowledge transfer and sharing, a rating-matrix gen-

erative model (RMGM) was proposed to learn latent
user-cluster variables which can be viewed as a user’s
preference (Li et al., 2009b).

We have not seen any method based on a dense
auxiliary user item co-occurrence matrix in other do-
mains to facilitate a sparse user item co-occurrence
matrix in a target domain. Motivated by JPP’s as-
sumption of the same latent factor and RMGM’s
assumption of different latent factors, we hypothe-
size that projecting the user behavior into the la-
tent factor space is more stable than in the original
user item co-occurrence data space, and knowing the
browsing preference in advance is more helpful for
predicting buying preference for the next time pe-
riod. Furthermore, inspired by Poisson matrix fac-
torization (Ma et al., 2011; Gopalan et al., 2013), we
propose a novel method of transferring user prefer-
ence from the browsing matrix to the buying matrix
by extending NMF.

3 Non-negative matrix factorization

In NMF, the goal is to find entrywise non-
negative matrices W and H such that

(W ,H) = argmin
W ,H

L (X‖WH) , (1)

where X is the observation data matrix and L(·) is
a suitable loss function which can be the Euclidean
distance or divergence (Lee and Seung, 1999; Devara-
jan et al., 2015). Since X is fixed, we can use the
divergence function

d(Xij , (WH)ij) = −Xij log(WH)ij + (WH)ij ,

(2)
and write the equivalent optimization problem with
problem (1):

argmin
W ,H

∑
i,j

d (Xij , (WH)ij) . (3)

In general, finding the global optimum cannot be
guaranteed because this optimization problem is not
convex with respect to both W and H . However, the
problem is convex with respect to W and H sepa-
rately, which allows for the finding of locally optimal
solutions.

Because of their computational effectiveness
and simplicity, the multiplicative updates (MU)
proposed in Lee and Seung (2000) are as follows:

Wik ←Wik

∑
j HkjXij/(WH)ij∑

j Hkj
, (4)
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Hkj ← Hkj

∑
iWikXij/(WH)ij∑

i Wik
. (5)

This alternative iterative algorithm had been proved
to converge (Lee and Seung, 2000).

4 The proposed method

4.1 Preference transfer model

Here, we formulate the problem via NMF. Sup-
pose X ∈ R

M×N
+ is the buying matrix and Y ∈

R
M×N
+ is the browsing matrix. An element Xij = x

in the buying matrix represents user j buying x in-
stances of item i. An element Yij = y in the browsing
matrix represents user i selecting y instances of item
j. Because the data in the buying and browsing
matrices comprises the occurrence of events in a pe-
riod of time, X and Y are thought to conform to a
Poisson distribution.

In our model, the buying matrix X is factor-
ized into the item-factor matrix (or basis matrix)
W ∈ R

M×K
+ and the user-factor matrix (or coeffi-

cient matrix) H ∈ R
K×N
+ , where K represents the

dimension of the latent factor space. The item-
factor matrix W represents the projection from
the item space to the latent factor space, whereas
the user-factor matrix H represents the coefficients
for a user’s preferences for the corresponding fac-
tors (Lathia et al., 2009). Furthermore, each column
of H , which is normalized, represents the distribu-
tion of user’s preference in the latent factor space.
The larger the element of a column of H is, the more
probably the user’s preference is dominated by the
corresponding latent factor. Because X and Y are
factorized simultaneously into the same factor space,
the resulting user-factor matrices U and V can be
viewed as the user preference in terms of browsing
behavior or buying behavior. Meanwhile, the prop-
erty of items is relatively stationary, and X and Y

are thought to share a common basis matrix W .
The probabilistic graph of PTM is shown in Fig. 2.
Accordingly, we have the following:

Xij ∼ PO(Xij ; (WU)ij) , (6)

Yij ∼ PO(Yij ; (WV )ij) , (7)

where PO is the Poisson distribution, defined as
follows:

PO(x;λ) =
e−λλx

Γ(x+ 1)
, (8)

YijXij

Uj Vj

Wi

j=1, 2, ..., N j=1, 2, ..., N
i=1, 2, ..., M

ΘU ΘVΘW

Fig. 2 Graphical model for preference transfer
modeling

where Γ(x) denotes the Gamma (generalized facto-
rial) function which is defined as

∫ +∞
0 tx−1e−tdt.

Assuming that the observed data is independent
and identically distributed, we define the conditional
distribution of the buying matrix as follows:

p (X |W ,U) =
M∏
i=1

N∏
j=1

PO(Xij ; (WU)ij) , (9)

and the conditional distribution of the browsing ma-
trix as follows:

p (Y |W ,V ) =
M∏
i=1

N∏
j=1

PO(Yij ; (WV )ij) . (10)

We assume that the observations of X and Y are
independent. Thus, we obtain the decomposition of
the joint likelihood distribution:

p (X,Y | U ,V ,W ) = p (X |W ,U) p (Y |W ,V ) .

(11)
We also assume that the prior factorizes as
p (U ,V ,W ) = p (U) p (V ) p (W ). Because Gamma
distribution is the conjugate prior to Poisson distri-
bution, we further assume that the elements of U , V ,
and W are Gamma distributed with hyperparame-
ters ΘU , ΘV , and ΘW , respectively. Typically, we do
not use many free hyperparameters and set them to
be the same. Thus, we define the priori probability
as follows:

Uij ∼ G (Uij ; au, bu) , Vij ∼ G (Vij ; av, bv) ,

Wij ∼ G (Wij ; aw, bw) ,
(12)

where G(x; a, b) is the Gamma distribution for
x with shape parameter a and scale parame-
ter b. Based on the condition distribution and
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the prior distribution, the joint posterior distribu-
tion is given by Bayes’ rule p(U ,V ,W |X,Y ) ∝
p(X,Y |U ,V ,W )p(U ,V ,W ), which factorizes to
p(X|W ,U)p(Y |W ,V )p(U)p(V )p(W ).

The maximum a posteriori (MAP) state can be
found as

argmax
U ,V ,W

{
log p(X|W ,U) + log p(Y |W ,V )

+ log p(U) + log p(V ) + log p(W )
}
.

(13)

4.2 Algorithm

To solve Eq. (13), we substitute the terms in
Eq. (13) with the expressions in Eqs. (2), (9), (10),
and (12) and have the loss function as follows:

L =

min
U ,V ,W

[
M∑
i=1

N∑
j=1

(−Xij log(WU)ij + (WU)ij)

+
M∑
i=1

N∑
j=1

(−Yij log(WV )ij + (WV )ij)

+

K∑
k=1

N∑
j=1

(
Ukj

bu
− (au − 1) logUkj

)

+
K∑

k=1

N∑
j=1

(
Vkj

bv
− (av − 1) logVkj

)

+

M∑
i=1

K∑
k=1

(
Wik

bw
− (aw − 1) logWik

)]

s.t.

K∑
k=1

Ukj = 1,

K∑
k=1

Vkj = 1.

(14)

Since the logarithm posterior probability is now
written as a sum of the divergence functions, the
MAP estimator can be derived directly by apply-
ing the MU (Lee and Seung, 2000) on the sum of
the terms in Eqs. (15)–(17). To simplify the no-
tation, we define Aij = Xij/(

∑K
k=1 WikUkj) and

Bij = Yij/(
∑K

k=1 WikVkj). The MU rule for each
of the parameters is given as follows:

Wik ←Wik

∑
j UkjAij +

∑
j VkjBij +

aw − 1

Wik∑
j Ukj +

∑
j Vkj +

1

bw

,

(15)

Ukj ← Ukj

∑
iWikAij +

au − 1

Ukj∑
iWik +

1

bu

, Ukj ← Ukj∑
k Ukj

,

(16)

Vkj ← Vkj

∑
iWikBij +

av − 1

Vkj∑
iWik +

1

bv

, Vkj ← Vkj∑
k Vkj

.

(17)
It can be seen that the update rules differ from the
basic NMF updates only by the additive terms in the
numerator and denominator, which are caused by the
prior probabilities. According to the Appendix, the
value of the loss function is guaranteed to be nonde-
creasing under each of the updates. To ensure the
normalization of U and V without impact to nonde-
creasing under each of the updates, according to the
method in Liu et al. (2013), we multiply

∑
k Ukj and∑

k Vkj to each row of W .
After U representing the user’s buying prefer-

ence and V representing the user’s browsing prefer-
ence were obtained, we can set the largest element of
each column of U and V to be one and the others to
be zero. Then the so-called ‘preference dictionary’
is constructed by performing P = U � V (‘�’ rep-
resents element-wise multiplication), which captures
the consistency of users’ preference from the buying
matrix and the browsing matrix. Because recom-
mending the most suitable item i to a certain user
j is equivalent to choosing max

i,j
(
∑

k WikPkj), we ob-

tain the reconstructive matrix R = WP . Moreover,
it is greatly helpful to filter the ‘noise’ data in R with
some rules. For example, we simply construct a rule
function

Fij = δ(Xij) =

⎧⎪⎨
⎪⎩

1,
∑
j

Xij > θ,

0, otherwise,
(18)

which indicates that item i ever bought more than
θ times in the buying matrix X is regarded as a
popular item. Subsequently, we can select the sorted
elements in the filtering matrix S = R � F with
values greater than threshold τ to recommend. We
summarize our method in Algorithm 1.

4.3 Complexity analysis

The computational cost of the algorithm is
dominated by matrix factorization. In the PTM
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model, Eq. (15) costs O(2MNK) time, Eq. (16)
costs O(MNK) time, and Eq. (17) costs O(MNK)

time. In summary, the total time complexity of Al-
gorithm 1 is O(TMNK), where T is the number of
iterations and is often set as a constant. Since our
algorithm will converge after 5 to 10 iterations (see
the details in experiments), this complexity analysis
shows that our proposed approach is very efficient
and can scale up with respect to very large datasets.
The space cost of the algorithm is dominated by

Algorithm 1 Iterative algorithm for PTM
Input: Target matrix X ∈ R

M×N
+ , auxiliary matrix

Y ∈ R
M×N
+ , dimension size K, hyperparameters

au, av, aw, bu, bv, bw, popular θ, and threshold τ

// au, av , aw should be set greater than 1 for U , V , and
// W to hold positive under each update

Output: Recommendation matrix S ∈ R
M×N
+

1: Initialize U , V , and W with random numbers in
[0, 1]

2: repeat
3: Fix V and W , and update U with MU rule (16)
4: Fix U and W , and update V with MU rule (17)
5: Fix U and V , and update W with MU rule (15)
6: until the change of loss function (14) in this iteration

is less than the threshold
7: The largest elements from each column of U and V

are set to be 1 and others to be 0

8: P = U � V

9: R = WP // reconstructive matrix

10: Fij = δ(Xij) =

⎧
⎪⎨

⎪⎩

1,
∑

j

Xij > θ,

0, otherwise.
// The popular items in X are picked out to mask the
// reconstructive matrix

11: S = R�F // The sorted elements in the S whose values
// are greater than the threshold τ are recommended

matrices X, Y , R, F , S, U , V , W , and two tem-
porary matrices. Therefore, the space complexity is
O(5MN + 6K(M +N)).

5 Experiments

In this section, a simulation and a real exper-
iment were conducted to demonstrate the effective-
ness of the proposed PTM in predicting which items
a user would buy in his/her next purchase based on
his/her previous buying and browsing behaviors.

5.1 Simulation

Given the buying matrix of past time and the
browsing matrix of the current time in a simulation,
where the row represents the item and the column
represents the user, we investigate the performance
of our model. As shown in Fig. 3, after matrix fac-
torization from step 1 (the dimension of the latent
space is two), we obtain user preference matrices for
both browsing and buying. After finding the ele-
ment whose value is greater than 0.5 in both user-
factor matrices, which means user preference is over
50% on some components of latent factors, we obtain
the primary component matrix of user preference in
the latent space. After performing the element-wise
multiplication of the two matrices in step 3, which
is based on the consistency of the main user prefer-
ence in browsing behavior and buying behavior, the
‘preference dictionary’ is constructed. From the pre-
diction matrix P reconstructed in step 4, we pick
up the elements whose value is greater than 0.5, i.e.,
P51, P13, and P15, which represent the items that
have been visited and purchased frequently and may

Buying (target) matrix

Browsing (auxiliary) matrix

×

Basis matrix

User preference matrix for browsing

User preference matrix for buying

Preference dictionary

Prediction matrix

1
2

3

4

≈

0 0 2 0 1 3
1 0 2 1 1 0
0 1 0 0 0 1
2 0 0 0 0 1
5 1 1 1 1 0

0 0 1 0 1 1
0 0 1 0 0 0
0 0 0 0 0 0
1 0 0 0 0 0
1 0 0 0 0 0

0.027 0.898
0.434 0.368
0.322 0.026
0.486 0.022
1.110 0.033

0.073 0.609 0.953 0.609 0.9439 0.944
0.927 0.391 0.047 0.391 0.0561 0.056

0.056 0.075 0.654 0.169 0.6542 0.475
0.944 0.925 0.346 0.831 0.3458 0.525

0.027 0.898
0.434 0.368
0.322 0.026
0.486 0.022
1.110 0.033

0.027 0.898
0.434 0.368
0.322 0.026
0.486 0.022
1.110 0.033

0 0 1 0 1 0
1 1 0 1 0 1

0 1 1 1 1 1
1 0 0 0 0 0

0 0 1 0 1 0
1 0 0 0 0 0

0.026695 0 0.89821707
0.433754 0 0.36841535
0.322349 0 0.02595261
0.486209 0 0.02152617
1.110752 0 0.03272917

0
0
0
0
0

0.89821707
0.36841535
0.02595261
0.02152617
0.03272917

0
0
0
0
0

Fig. 3 Simulation of the preference transfer model for predicting user preference. By using the latent
factor-user matrix, the simulation explains how to construct the consistent preference dictionary
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be bought in the next time period. If the threshold
is set at 0.4, P21 and P41 are also picked up. It is
interesting that element P21 is selected. Although
item 2 was not bought by user 1, it was visited in the
current time. Furthermore, we can see the popular-
ity of item 2 and activity of user 1 from the browsing
matrix and the buying matrix. Thus, item 2 is con-
sidered to have greater possibility of being bought
by user 1 in the future.

5.2 Real datasets: Tmall data

The Alibaba Group launched a recommen-
dation algorithm competition based on Alibaba
Tmall data designed to motivate researchers to
improve the accuracy of the recommender system
in the Tmall web site (Tmall Recommendation
Prize 2014 of Alibaba Group, http://tianchi.aliyun.
com/competition/index.htm?pageIndex=2). Al-
ibaba provides four-month consumption records in
the Tmall web site, including the browsing history
and the purchasing behavior, to aid participants in
predicting what brands of goods the consumer will
buy in the following month. There are a total of
182 880 records related to 884 users and 9531 types
of branded goods. Because the records of the buying
and browsing behaviors for the fifth month are not
available, we take the records of the buying matrix
of the first three months as the target matrix in the
training set, and the records of the browsing matrix
for the last week in the third month as the auxiliary
matrix. Likewise, we take the records of the first
week in the fourth month as the test set.

5.3 Evaluation metrics

The prediction performances of all of the algo-
rithms are measured by their precision and recall
scores. The precision, P , of an algorithm is the frac-
tion of the recommended set that is correct and is
defined as follows:

P =

∑L
i=1 hitItemsi∑L
i=1 pItemsi

, (19)

where L is the number of all users who are in the rec-
ommended set, pItemsi the number of items recom-
mended to user i, and hitItemsi the number of items
that are actually selects from the recommended set.
The recall, R, of an algorithm is the fraction of the

correct set that is recommended and is defined as

R =

∑L
i=1 hitItemsi∑B
i=1 bItemsi

, (20)

where B is the number of all users in the correct set
and bItemsi the number of items that user i actu-
ally selects from the correct set. If more items are
recommended, the precision will decrease, but the
recall will increase. The harmonic mean is called
the F1 score, as shown in Eq. (21). The higher the
F1 score is, the better the prediction performance
is (Herlocker et al., 2004).

F1 =
2PR

P +R
. (21)

5.4 Competing methods

Although we lack direct methods to transfer
preference for implicit data, we choose the follow-
ing similar methods to compare:

1. NMF: Without the auxiliary matrix, NMF is
the baseline of single domain information for exper-
iments. After matrix completion by multiplying the
two factorized matrices, the top-n sorted elements
in the reconstructive matrix X with values greater
than 0.5 are recommended.

2. PMF: We use PMF as another kind of matrix
factorization technique (different from non-negative
factorization) to compare. After matrix completion
by multiplying the two factorized matrices, the top-n
sorted elements in the reconstructive matrix X with
values greater than 0.5 are recommended.

3. JPP: Because the algorithm is designed pri-
marily for document classification, we have to cal-
culate p(vi|uj) =

∑
z p(vi|fz)p(fz|uj) and select the

top-n p(vi|uj) for the prediction (vi represents item
i, uj user j, and fz latent factor z) (Cohn and Hof-
mann, 2000). The parameter of relative weight in
this algorithm is set to 0.3 as suggested.

4. RMGM: In accordance with Li et al. (2009b),
we modify the shared cluster-level rating model to
the common cluster-level preferences model of the
buying and browsing matrices. Because the user
preference in the two domains can be viewed as the
same structure, we set K = L. Finally, we use
the user item bivariate probability as the prediction
probability.

5. PTM: This is the proposed algorithm. In
our experiments, we empirically set prior parameter

http://tianchi.aliyun.com/competition/index.htm?pageIndex=2
http://tianchi.aliyun.com/competition/index.htm?pageIndex=2
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au = 1.01, av = 1.01, aw = 1.01, bu = 0.1, bv = 0.1,
bw = 0.1, and threshold τ = 0.1. The parameter
study will be discussed later.

5.5 Parameter and hyperparameter setting

In our algorithm, there are three parameters:
dimension size K, popularity θ, and threshold τ in
the PTM. Fig. 6 shows that the predictive perfor-
mance approaches an optimum when K = 90. As
the dimension size K increases, overfitting occurs.
Considering the most popular item’s frequency to be
single digit and a few popular items’ frequencies to
be more than 100, the popular θ is simply set to be
the median value of the frequency set. The thresh-
old τ controls the number of recommended items.
The smaller the τ is, the larger the number of rec-
ommended items is. However, the F1 score does not
have a direct linear relation with τ . We choose τ

from 0.05 to 0.14 with a step size of 0.01. As shown
in Fig. 4, the threshold is optimal at 0.07.
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Fig. 4 F1 score influenced by different thresholds

The Gamma distribution G(x; a, b) has the
shape parameter a and the scale parameter b. To en-
sure that Eqs. (15)–(17) are non-negative, the shape
parameter a must be set greater than one due to the
occurrence of a− 1 in the numerator. Qualitatively,
small values of a (for a → 1) enforce sparse repre-
sentations, and large values of a > 2 tie all values
to be close to the nonzero mean (nonsparse repre-
sentation) (Fig. 5). We hope the elements in the
basis matrix W are close to nonzero mean and the
elements in the coefficient matrices U and V are
sparse, so the hyperparameters are set empirically:
aw = 3, bw = 0.1, au = 1.01, bu = 0.1, av = 1.01, and
bv = 0.1.
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Fig. 5 Different shapes of Gamma distribution on
different parameters

5.6 Results and analysis

1. Prediction performance: To reduce the ef-
fect of randomness, we repeat each trial 50 times
using different methods mentioned above and com-
pare these algorithms based on their average per-
formances (Fig. 6). PMF and NMF are inferior to
the cross-domain algorithms, such as JPP, RMGM,
and PTM, due to no clue of purchase preference
in the next period being considered. In contrast,
PTM significantly outperforms the other algorithms
mainly because it constructs the ‘preference dictio-
nary’, which in advance captures the user preference
of buying behavior hiding in the browsing behavior.
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Fig. 6 Performance on collaboration prediction of all
algorithms

2. Prediction effectiveness: We hypothesize that
the browsing behavior before purchasing will bene-
fit the prediction. To evaluate this hypothesis, we
investigate the prediction of PTM by increasing the
gap between the buying time in the testing set and
the browsing time in the training sets (Table 1). The
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Table 1 Prediction performance on four weeks

Algorithm
Precision

Week 1 Week 2 Week 3 Week 4

PMF 0.020 [0.018, 0.021] 0.020 [0.018, 0.021] 0.019 [0.016, 0.021] 0.019 [0.016, 0.021]
NMF 0.018 [0.013, 0.021] 0.018 [0.013, 0.020] 0.015 [0.012, 0.020] 0.014 [0.012, 0.017]
JPP 0.037 [0.035, 0.039] 0.035 [0.036, 0.037] 0.036 [0.035, 0.037] 0.033 [0.031, 0.035]
RMGM 0.058 [0.052, 0.063] 0.055 [0.052, 0.062] 0.041 [0.038, 0.044] 0.041 [0.038, 0.042]
PTM 0.078 [0.076, 0.080] 0.034 [0.032, 0.370] 0.021 [0.016, 0.022] 0.014 [0.011, 0.015]

[*]: 95% confidence intervals of performance

performance drops by 50% when the time gap in-
creases to two weeks. Furthermore, the performance
drops to the level which is similar to that of NMF
when the gap increases to four weeks, which im-
plies that there is no information transferred from
the browsing interest to the buying interest. Taken
together, the results show that PTM is sensitive to
the time intervals between browsing and buying.

3. Algorithm convergence: We investigate the
convergence of our PTM. Fig. 7 shows the conver-
gence curve of PTM. The values of the cost function
L with dimension size K being 10, 30, and 50 are
plotted. As shown, the nonincreasing nature of L is
obvious, and the loss function value drops very fast
after a few iterations. However, the PTM model can-
not ensure that the global minimum of the cost func-
tion can be obtained. Therefore, there may be mul-
tiple local minima, depending on the initial points.
Nevertheless, our numerical experiments show that
different initial values generate very similar results,
which implies that the initial value might have only
a small impact on the performance of the algorithm.

In terms of computing time, we compare our
method with others on the same computer with
the configuration of 2.13 GHz Intel R© Xeon R© CPU
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Fig. 7 The nonincreasing nature of the cost function
for Alibaba Tmall data

(i3330M) and 2.0 GB RAM. All these models are
implemented using Matlab 2011a, and running times
are listed in Table 2. PTM is better than RMGM
but worse than others, which is mainly due to the
larger costs on matrix computation in each iteration
whilst solving the optimization problems.

Table 2 Time costs on Alibaba Tmall data with dif-
ferent algorithms

Algorithm Time (s) Algorithm Time (s)

PMF 34.35 RMGM 363.19
NMF 20.88 PTM 213.75
JPP 183.12

6 Conclusions and future work

In this study, we propose a novel method called
the preference transfer model (PTM) for collabora-
tive filtering with implicit data, especially for the
extremely sparse implicit data. Different from exist-
ing analogous models based on Gaussian prior, our
model is based on Poisson prior for multi-task non-
negative matrix factorization, which can capture the
transition of users’ preferences from browsing be-
havior to buying behavior. It incorporates homo-
geneous but cross-time-domain data sources. The
experimental results demonstrate that the proposed
PTM method outperforms the compared methods on
Alibaba Tmall data.

Three parameters need to be learned, and they
can be determined by performing grid searching on
the training dataset. We found that PTM is sensitive
to the time intervals between browsing time and buy-
ing time due to simply using element-wise multipli-
cation of finding the consistent preference. In future
work, we will investigate how to statistically quantify
the relatedness between user-factor matrices in dif-
ferent domains. Furthermore, the preference transfer
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model can be applied to other problems, such as pre-
dicting the frequency of users visiting sites and the
frequency of users visiting advertisements, which will
be another focus for us in the future.
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Appendix: Proof of the convergence of Eqs. (15)–(17)

Here we prove the convergence of the multiplicative updates of the preference transfer model (PTM).
According to Lee and Seung (2000), we need to construct an auxiliary function Q of the loss function L on
the conditions of satisfaction, i.e., Q(u,u) = L(u) and Q(u,ut) ≥ L(u). Here, u is one column of matrix U ,
L(u) the loss function of u, and ut the vector variable relative to u in auxiliary function L(u). Obviously,
if the loss function L converges on the condition of multiplicative updates about u, then it converges on the
condition of MU about matrix U .
Lemma 1

Q(u,ut) =
∑
ia
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∑
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t
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is an auxiliary function for L(u) = ∑
i (
∑

a Wiaua − xi log
∑

a(Wiaua)) +
∑

a ua/bu − (au − 1) log
∑

a ua.
Proof It is straightforward to verify

Q(u,u) =
∑
ia

Wiaua −
∑
ia

xi
Wiaua∑
b Wibub

log
∑
a

Wiaua +
∑
a

ua

bu
− (au − 1)

∑
a

ua∑
b ub

log
∑
a

ua

=
∑
ia

Wiaua −
∑
ia

xi log
∑
a

Wiaua +
∑
a

ua

bu
− (au − 1) log

∑
a

ua

=L(u).

(A2)

Proving Q(u,ut) ≥ L(u) is equivalent to proving

Q(u,ut)− L(u) =
∑
i

(
xi log

∑
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(Wiaua)− xi
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(A3)

Because xi ≥ 0 and au > 1, proving inequality (A3) is equal to proving

log
∑
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. (A5)



500 Ju et al. / Front Inform Technol Electron Eng 2016 17(6):489-500

We use the convexity of the logarithm function to drive the two inequalities

log
∑
a

(Wiaua) ≥
∑
a

αa log
Wiaua

αa
, log

∑
a

ua ≥
∑
a

βa log
ua

βa
, (A6)

which hold for all non-negative αa that sum to unity, as well as βa. Setting

αa =
Wiau

t
a∑

b Wibut
b

, βa =
ut
a∑
b u

t
b

, (A7)

we obtain inequalities (A4) and (A5). Thus, Q(u,ut) ≥ L(u) holds.
According to the lemma proved in Lee and Seung (2000), if Q is an auxiliary function, then L is

nonincreasing under the update
ut+1 = argmin

u
Q(u,ut). (A8)

The minimum of Q(u,ut) with respect to u is determined by setting the gradient to zero:
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Thus, the update rule of u takes the form

ut+1
a = ut

a

∑
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Wia
xi∑

b Wibut
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+
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b u
t
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i
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1
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Rewritten in matrix form, this is equivalent to the update rule as follows:

Ukj ← Ukj

∑
i

WikXij∑K
k=1 WikUkj

+
au − 1

Ukj∑
i
Wik +

1

bu

. (A11)

Similarly, it can be proved that the update rules for W and V are nonincreasing.
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