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Modeling Product’s Visual and Functional
Characteristics for Recommender Systems

Bin Wu, Xiangnan He, Yun Chen, Liqiang Nie, Kai Zheng, and Yangdong Ye

Abstract—An effective recommender system can significantly help customers to find desired products and assist business owners to
earn more income. Nevertheless, the decision-making process of users is highly complex, not only dependent on the personality and
preference of a user, but also complicated by the characteristics of a specific product. For example, for products of different domains
(e.g., clothing vs. office products), the product aspects that affect a user’s decision are very different. As such, traditional collaborative
filtering methods that model only user-item interaction data would deliver unsatisfactory recommendation results.

In this work, we focus on fine-grained modeling of product characteristics to improve recommendation quality. Specifically, we first
divide a product’s characteristics into visual and functional aspects—i.e., the visual appearance and functionality of the product. One
insight is that, the visual characteristic is very important for products of visually-aware domain (e.g., clothing), while the functional
characteristic plays a more crucial role for visually non-aware domain (e.g., office products). We then contribute a novel probabilistic
model, named Visual and Functional Probabilistic Matrix Factorization (VFPMF), to unify the two factors to estimate user preferences
on products. Nevertheless, such an expressive model poses efficiency challenge in parameter learning from implicit feedback. To
address the technical challenge, we devise a computationally efficient learning algorithm based on alternating least squares.
Furthermore, we provide an online updating procedure of the algorithm, shedding some light on how to adapt our method to real-world
recommendation scenario where data continuously streams in. Extensive experiments on four real-word datasets demonstrate the
effectiveness of our method with both offline and online protocols.

Index Terms—Matrix factorization, Implicit feedback, Product recommendation, Online learning.
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1 INTRODUCTION

R Ecent years have witnessed continued efforts in im-
proving the effectiveness and efficiency of recom-

mender systems [1], [2], [3], [4]. Such systems have become
an indispensable component in helping users to find their
desired items and assisting business owners to earn more
income, ranging from movies [5], news [6], to point-of-
interests (POIs) [7]. Distinct from these applications, user
consumption behaviors in E-commerce are even more com-
plex, which are usually influenced by many internal and ex-
ternal factors [8]. This makes it difficult to accurately model
a user’s true preference. Consider a real-life online shopping
scenario where a user is holding a basket of products. A
high-level question naturally arises: what affects the user’s
decision making? Namely, which aspects of products drive
the user to purchase the products?

Essentially, a product’s intrinsic (i.e., functionality) and
extrinsic (i.e., visual appearance) characteristics have a pro-
found yet different effect on consumer consumption behav-
iors. In particular, in visually non-aware product domain
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(e.g., office products), users are likely to pay more atten-
tion on product’s functional aspects [9]. While in visually-
aware product domain (e.g., fashion products), the pur-
chasing philosophy is totally different — one would not
purchase a product without seeing it, no matter what
ratings or reviews the product had. As an example, Fig-
ure 1 presents the historical shopping baskets of two user-
s in different product domains in Amazon 1. In fashion
product domain, Helen has purchased products, includ-
ing dressskirt, handbag, necklace, highheel. In this case,
the probability of a specific product being bought by her
largely depends on whether she is satisfied with its visual
appearance (e.g., a red hat is compatible with products in
her shopping basket). In contrast, in office product domain,
Helen has bought {pen, notebook, ink, pencilcase}. At the
next time, she may purchase products (e.g., ruler) that
are functionally complementary with other products in her
shopping basket, rather than substitutable products (e.g.,
two pens of different brands).

With the above considerations, we believe that when
developing a recommender system for E-commerce, the
extrinsic and intrinsic characteristics of products should be
accounted for. Furthermore, it motivate us to investigate
the varying importance of product aspects for products
of different domains. Although several recent works [10],
[11], [12] have successfully taken the visual appearance into
account for visually-aware product recommendation, these
works only consider extrinsic characteristic as side infor-
mation and forgo modeling the functional factors. As such,
they may result in suboptimal recommendation accuracy,

1. https://www.amazon.com/
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Fig. 1: Illustration of user preference on products of different domains. Best viewed in color.

especially for products of visually non-aware domain.
Moreover, from the perspective of practical recom-

mender systems, it is important for a recommendation al-
gorithm to be scalable in training, due to the sheer number
of user-item interactions and their fast generation speed.
Currently, most methods utilize Alternating Least Squares
(ALS) [13], [14] or Stochastic Gradient Descent (SGD) [15],
[16] to optimize a recommender model. However, the s-
tandard ALS [13], [14] updates a set of parameters as a
whole, making it prohibitive to do fast training on large-
scale data [3] (since the time complexity is cubic w.r.t. the
number of latent factors). While SGD is a more generic
solver for a wide range of models and is a suitable choice for
online learning, it requires more iterations to converge [17],
and more importantly, its accuracy is highly sensitive to the
choice of learning rate and negative examples [18] for top-N
recommendation.

Driven by the motivation that a user’s basket will be af-
fected by varying aspects for products of different domains,
we propose a new recommendation solution to integrate the
visual and functional characteristics of products to improve
the recommendation accuracy. However, a downside is that
such an expressive model poses efficiency challenges in
learning model parameters with traditional optimization
schemes. To make our method suitable for practical use, we
develop a fast optimization algorithm based on the idea of
ALS but using it on each element level (also referred to as
element-wise ALS [3]); furthermore, we prove its convergence
in theory and extend it for online learning setting. Extensive
results demonstrate both the effectiveness and efficiency of
our method for product recommendation. We summarize
the key contributions of this paper as follows:
• We propose a Visual and Functional Probabilistic Matrix

Factorization (VFPMF) model to capture product charac-
teristics in a fine-grained manner to model user prefer-
ence.
• We develop a Fast Alternating Least Square (FALS) algo-

rithm to efficiently learn VFPMF parameters for product
recommendation with implicit feedback.
• We provide a rigorous proof on the convergence of FALS

and design an online updating strategy to adapt it to
real-time streaming data.

• We conduct empirical studies on four real-world dataset-
s, showing that our method significantly outperforms
several state-of-the-art competitors.
The remainder of this paper is organized as follows. We

first review related work in Section 2. We then formulate
the problem solved by VFPMF in Section 3, and afterwards
elaborate our method in Section 4. We conduct experiments
in Section 5, before concluding the paper in Section 6.

2 RELATED WORK

To begin with, we discuss some related works on Visually
non-aware recommender systems, which are closely relat-
ed with Collaborative Filtering (CF). Next, we discuss the
literature on visually-aware recommendation that exploits
visual content. Finally, we give a brief review on online
learning techniques for recommendation.

Visually non-aware Recommender Systems. Generally
speaking, for the task of item ranking, CF-based recommen-
dation can be categorized into two branches: pointwise [3],
[13], [19] and pairwise methods [18], [20], [21]. The former
methods aim to approximate the absolute score of interac-
tions by minimizing a pointwise loss, such as L2 loss and
log loss. Specifically, Hu et al. [13] introduced a Weighted
Regularized Matrix Factorization (WRMF) method, which
optimized L2 loss with varying weights on observed feed-
back and missing data to alleviate the class imbalance prob-
lem. While a uniform weight was applied to all missing data
in WRMF, He et al. [3] proposed a frequency-aware varied-
weighting strategy on missing data, leading to improved
modeling fidelity and recommendation performance. Re-
cently, He et al. [19] presented a Neural Collaborative Fil-
tering (NCF) framework which optimized log loss; the best
performed model Neural Matrix Factorization (NeuMF) u-
nified the strengths of linearity of MF and non-linearity of
multi-layer perception in learning user preference. Distinct
from point-wise methods, pairwise methods aim to obtain
relative ranking by maximizing the likelihood of pairwise
preference over positive feedback and negative samples. For
instance, Rendle et al. [20] proposed a Bayesian Personalized
Ranking (BPR) framework to optimize the relative ranking
between positive purchase activities and unobserved ones.
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Recently, Ding et al. [18] improved the negative sampler
in BPR for purchase-oriented product recommendation by
leveraging view data. The work that is relevant to our
work is [22], which learns user’s intrinsic (i.e., personal
taste) and extrinsic (i.e., geographical distance) interests for
POI recommendation. From the perspective of probabilistic
modeling, a typical method of this type is Matrix Co-
Factorization for social recommendation, which factorize
the user-item rating matrix and the social relation matrix by
sharing a common latent user feature matrix [23], [24], [25],
[26]. However, due to the lack of geographical information
and social relations in our scenario, these methods can not
be applied for product recommendation.

Visually-aware Recommender Systems. Just as the fa-
mous saying goes, “A picture is worth a thousand words”,
product images contain rich information and have the po-
tential to facilitate top-N recommendation. In recent years,
the importance of visual content has been investigated
in recommendation [27], [28], [29], [30]. For instance, He
et al. [10] recently proposed Visual Bayesian Personalized
Ranking (VBPR), which extended the BPR method [20] by
incorporating visual content into the predictive model. Liu
et al. [31] proposed DeepStyle to learn style features of
items and sensing preference of users. More recently, Yu et
al. [32] integrated deep aesthetic features into the MF model
for clothing recommendation. In another scenario of POI
recommendation, Wang et al. [33] exploited visual signal of
POIs and demonstrated improved performance.

Online Learning. To provide real-time personalization,
an important aspect for commercial recommender systems
is how to efficiently refresh model parameters when new
data comes in. Online updating strategies have been exten-
sively studied for both tasks of rating prediction and top-
N recommendation in literature [3], [34], [35], [36]. In an
early work [34], an online updating algorithm is developed
for regularized kernel MF that allows to solve the new-
user/new-item problem. In [35], an incremental learning
algorithm is devised for kernel-based attribute-aware MF
model, which addresses the item cold-start problem by
integrating item attribute information. In [36], an online
learning framework is employed for probabilistic MF and
top-one probability based ranking MF, which scales linearly
with the number of observed ratings. In terms of online
learning, the work that is most relevant with ours is [3],
which develops an incremental learning strategy for the
element-wise ALS algorithm. However, their algorithm can
only be applied to the simple MF model, being non-trivial
to extend to other models. Due to the dedicated modeling
of both extrinsic and intrinsic characteristics of products,
our VFPMF method is more expressive and complicated
than MF. We adopt the similar strategy of element-wise
ALS to achieve fast optimization for VFPMF and devise
online learning strategies correspondingly. Moreover, we
theoretically prove the convergence of the algorithm, which
is not studied in the previous work [3].

3 PROBLEM FORMULATION

Notations. In this paper, all column vectors are represented
by bold lowercase letters (e.g., h), all matrices are denoted
by bold uppercase letters (e.g., H), and a numeric value

is represented by lowercase letters (e.g., ruj). The jth row
of a matrix H is represented by hj . Sets are denoted as
calligraphic letters (e.g.,R). Euclidean and Frobenius norms
are represented by ‖·‖2 and ‖·‖F , respectively. An estimated
value is denoted by having aˆ (hat) over it (e.g., r̂uj). For
the sake of clarity, we list some key notations and their
explanations in Table 1.

TABLE 1: Notations
Notation Explanation
k the dimension of latent features
c the dimension of Deep CNN features
R consumption matrix (m× n)
wu user-specific latent feature vector
hj product-specific latent feature vector
F product extrinsic characteristic matrix(n× c)
E embedding kernel matrix(c× k)
S product intrinsic characteristic matrix (n× n)
fj extrinsic characteristics of product j
R the set of observed consumptions
Ru the set of products that have been interacted by user u
Rj the set of users that have purchased product j
S the set of non-zero entries of the matrix S
F the set of non-zero entries of the matrix F

In E-commerce sites, user consumption behaviors are
influenced by many internal and external factors, such as
functional complementarity and visual compatibility (as
illustrated in Figure 1). The complexity in human consump-
tion leads to the inability of existing methods for modeling
a user’s true preferences on products and interpreting her
purchase decision-making process. Inspired by the studies
in psychology [8], [37] and economics [38], we consider
modeling a product from two aspects: 1) visual character-
istic, which affects user purchasing decision with the prod-
uct’s visual appearance, and 2) functional characteristic,
which affects user purchasing decision with the product’s
functionality. Formally, we define them as follows:
Definition (Visual Characteristic) It is an external aspect of
property and determined by the product’s manufacturer.

For instance, a user may purchase products that are
visually compatible with other products in her current
basket. In the example of Figure 1, since Helen already
has {dressskirt, handbag, necklace, highheel} in her cur-
rent basket, it is more appropriate to recommend her red hat
or other visually compatible clothing products. It is known
that high-level CNN features are more discriminative and
expressive than low-level manually crafted features (e.g.,
color histogram and SIFT) in describing an image [39], [40].
As such, we choose high-level CNN features to represent
extrinsic characteristic. Same as [10], [41], the visual features
are extracted by a pre-trained deep CNN on 1.2 million
ImageNet images (ILSVRC2010). Specifically, we used the
Caffe reference model [42], which has 5 convolution, 3 max
pooling, 3 fully-connected and 1 softmax layers, to extract
c = 4, 096 dimensional visual features fj ∈ Rc from the FC7
layer.
Definition (Functional Characteristic) It is an internal aspect
of property and determined by the product’s inherent functionali-
ty.

For instance, a user may purchase products that are
functionally complementary with other products in her
current basket. In the example of Figure 1, since Helen
already has {pen, notebook, ink, pencilcase} in her current
basket, it is more appropriate to recommend her ruler, rather
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than other products of the same functionality. To capture
this, we use the “frequently-bought-together” information to
encode the intrinsic characteristic. The intuition is that E-
commerce products that are frequently bought together by
users should be functionally complementarity [9]. Specifi-
cally, let S denote the n × n intrinsic characteristic matrix.
For two products j and i, sji = 1 denotes that they are
functionally complementary, and sji = 0 otherwise2.

With the aforementioned notations and definitions, we de-
fine the problem to solve as follows:
Problem Definition
Given: The user-product consumption matrix R, visual charac-
teristic matrix F , and functional characteristic matrix S.
Goal: Recommend user u with top-N products that the user has
never purchased before but may purchase in future.

4 PROPOSED METHOD

We first describe how to model the visual and functional
characteristics of products respectively. We then demon-
strate how two aspects are seamlessly combined using
the graphical model and devise a computationally efficient
algorithm to solve the unified model. Finally, we provide
theoretical analysis for the learning algorithm and design
an online updating strategy to adapt streaming data.

4.1 Visual Characteristic Modeling
MF for implicit feedback is operated on a user-product
consumption matrixR = [ruj ]m×n withm users and n prod-
ucts. ruj is a binary variable, where ruj = 1 means that user
u has bought product j; otherwise ruj = 0. Let W ∈ Rm×k
and H ∈ Rn×k be user-specific and product-specific latent
feature matrices, with column vectorswu ∈ Rk and hj ∈ Rk
denoting the k-dimensional latent feature vector for user u
and product j, respectively. We model user preference with
product’s extrinsic characteristic as a probabilistic genera-
tive model. Inspired by the success of Probabilistic Matrix
Factorization (PMF) [43], the preference ruj of the matrix R
is independently generated by Gaussian distributions:

P (R |W ,H,E) =∏m

u=1

∏n

j=1
N (ruj | w>u hj , (Cruj)−1),

(1)

whereN (x | µ, σ−1) is the Gaussian distribution with mean
µ and precision σ. Here, Cruj serves as a confidence hyper-
parameter for the preference ruj estimated from w>u hi. To
alleviate the class imbalance problem, we introduce dif-
ferent confidence hyper-parameters Cruj for different pref-
erences ruj similar to that for WRMF [13]. In particular,
we set Cruj a higher value when ruj = 1 than that of
ruj = 0 (i.e., Cruj = γ if ruj = 1 where γ > 1, and
Cruj = 1 otherwise). In order to reduce the dimension
of product’s visual characteristic, we learn an embedding
kernel matrix E ∈ Rc×k, which linearly transforms high-
dimensional visual features fj ∈ Rc into a much lower-
dimensional visual style space by E>fj . For each product

2. Note that the aim of this work is not to discover functionally
complementary or supplementary products, which is another line
of research [9]. As such, we only use the “frequently-bought-together”
statistics provided in the data to build the S matrix.

j, we draw product latent offset εj ∼ N (0, β−1I) and set
the product latent vector as hj = εj + E>fj . Note that
hj = εj + E

>fj , where εj ∼ N (0, β−1I), is equivalent to
hj ∼ N (E>fj , β

−1I). Same as PMF, the prior distributions
over parameters are assumed to be Gaussian:

P (W ) =
∏m

u=1
N (wu | 0, λ−1w I),

P (E) =
∏c

t=1

∏k

d=1
N (etd | 0, λ−1e ),

P (H | E) =
∏n

j=1
N (hj | E>fj , β−1I),

(2)

where λw, λe, and β control the precisions of the three
Gaussian distributions and I is the identity matrix. Here, we
define the joint probability as P (W ,H,E,R). P (R) is the
marginal probability (a.k.a. the evidence) that an interaction
ruj is seen, regardless of whether it is a positive or neg-
ative example. Thereby, combining the prior distributions
and what the data reveals using Bayes’ rule3, the posterior
distribution of W ,H and E is given by:

P (W ,H,E | R)

= P (W ,H,E,R)/P (R)

∝ P (W ,H,E,R)

= P (R |W ,H,E)P (W )P (H | E)P (E).

(3)

4.2 Functional Characteristic Modeling
Let H ∈ Rn×k and Z ∈ Rn×k be product-specific latent
feature matrices, with column vectors hj and zi denoting
product-specific latent feature vectors, respectively. To re-
flect the asymmetric nature of the functionally complemen-
tary relations (e.g., after a user purchases a phone, it is more
appropriate to recommend screensavers, not vice versa.),
we model the functional complementarity between product
j and i by h>j zi rather than h>j hi. zi characterizes the
behaviors of “to be functionally complemented by others”
of product i. Similar to Eq. (1), we define the conditional
distribution over S as:

P (S |H,Z) =
∏n

j=1

∏n

i=1
N (sji | h>j zi, (Csjiα)−1), (4)

where α is a balancing hyper-parameter that regulates the
importance of the functional characteristic in modeling user
preference. Same as Cruj , we also introduce different confi-
dence hyper-parameters for different scores sji (i.e., Csji = γ
if sji = 1 and Csji = 1 otherwise). Similar to previous
definitions onW andE, the priors ofH andZ are modeled
as zero-mean spherical Gaussian distributions:

P (H) =
∏n

j=1
N (hj | 0, λ−1h I),

P (Z) =
∏n

i=1
N (zi | 0, λ−1z I),

(5)

where λh and λz are the precisions of the two Gaussian
distributions. Hence, similar to Eq. (3), through a Bayesian
inference, we can compute the posterior distribution over
the latent features of H and Z as:

P (H,Z | S)
= P (H,Z,S)/P (S)

∝ P (H,Z,S)

= P (S |H,Z)P (H)P (Z).

(6)

3. posterior=prior × likelihood / evidence
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4.3 Unified Model
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Fig. 2: Graphical model representation of VFPMF. Solid
lines denote generative process. Gray and white nodes de-
note observed variables and latent variables, respectively.

By far, we have shown how to model the visual and func-
tional characteristics of products, respectively. As described
in an earlier example (see Figure 1), user’s attentions would
vary in different product domains. In this subsection, we
present a unified probabilistic model to capture the varying
importance of product aspects for users in different product
domains, named as VFPMF, by simultaneously considering
product’s visual and functional characteristics. Given an
observed interaction of user u purchases product j and a
functional complementarity between product j and product
i, Figure 2 illustrates how we integrate the visual and
functional characteristics of products into a unified model
by sharing the product-specific latent feature matrix H .

Based on Figure 2, the posterior distribution over various
features is given by:

P (W ,H,Z,E | R,S)
= P (W ,H,Z,E,R,S)/P (R,S)

∝ P (W ,H,Z,E,R,S)

= P (R |W ,H,E)P (S |H,Z)P (W )

× P (H | E)P (H)P (Z)P (E).

(7)

Correspondingly, maximizing the log-posterior distri-
bution over the hidden variables with hyper-parameters
kept fixed (i.e., α, β, γ, λw, λh, λz and λe) is equivalent to
minimizing the following sum-of-squared-errors objective
function with quadratic regularization terms:

L(R,S,W ,H,Z,E)

=
1

2

∑m

u=1

∑n

j=1
Cruj(ruj −w>u hj)2 +

λw
2
‖W ‖2F

+
α

2

∑n

j=1

∑n

i=1
Csji(sji − h>j zi)2 +

λh
2
‖H‖2F

+
β

2

∑n

j=1
‖hj −E>fj‖22 +

λz
2
‖Z‖2F +

λe
2
‖E‖2F .

(8)

4.4 An Optimization Algorithm

In recommender system applications, ALS and SGD have
attracted much attention and are widely utilized for MF [14],
[33]. ALS works by iteratively optimizing one parameter,
while keeping the others fixed. Due to the cubic time com-
plexity in the target rank [13], the standard ALS (i.e., vector-
wise ALS) is not efficient for solving the minimization
problem in Eq. (8). SGD is a more generic solver for a

wide range of models and is a suitable choice for online
learning. But as mentioned in Section 1, it requires more
iterations to converge [17], and more important, its accuracy
is highly sensitive to the choice of learning rate and negative
examples [18]. Towards this end, we design an element-wise
ALS algorithm to efficiently solve the optimization problem
in Eq. (8). Similar to the standard ALS [13] with respect to
the updates, we cyclically optimize the model parameters.
The overall update sequence per epoch is

W︷ ︸︸ ︷
w11 · · ·w1k︸ ︷︷ ︸

w1

· · ·wm1 · · ·wmk︸ ︷︷ ︸
wm

,

H︷ ︸︸ ︷
h11 · · ·h1k︸ ︷︷ ︸

h1

· · ·hn1 · · ·hnk︸ ︷︷ ︸
hn

,

Z︷ ︸︸ ︷
z11 · · · z1k︸ ︷︷ ︸

z1

· · · zn1 · · · znk︸ ︷︷ ︸
zn

,

E︷ ︸︸ ︷
e11 · · · ec1︸ ︷︷ ︸

e1

· · · e1k · · · eck︸ ︷︷ ︸
ek

.

(9)

Next, we elaborate how we optimize a single variable at
a time while leaving others fixed. To simplify notations, we
use L to denote the objective function in Eq. (8).

Update wud and zid
First, we get the partial derivative of L w.r.t. wud as:

∂L
∂wud

= −
∑n

j=1
Cruj(ruj − r̂uj)hjd + λwwud, (10)

where r̂uj = w>u hj . The optimal strategy for updating wud
can be achieved by setting the partial derivative to 0, i.e.,

wud =

∑n
j=1 C

r
uj(ruj − r̂uj)hjd

λw +
∑n
j=1 C

r
ujh

2
jd

=

∑
j∈Ru C

r
uj(ruj − r̃uj)hjd −

∑
j /∈Ru r̃ujhjd

λw +
∑
j∈Ru C

r
ujh

2
jd +

∑
j /∈Ru h

2
jd

,

(11)

where r̃uj = r̂uj − wudhjd, i.e., the prediction without the
component of latent feature dimension d. We can see that the
main computational bottleneck lies in the massive repeated
computations over the missing data part (i.e., the

∑
j /∈Ru

term), which requires iterating over the whole negative
space. Here, we first concentrate on compute

∑
j /∈Ru r̃ujhjd.

∑
j /∈Ru

r̃ujhjd =
n∑
j=1

hjd
∑
v 6=d

wuvhjv −
∑
j∈Ru

r̃ujhjd

=
∑
v 6=d

wuv

n∑
j=1

hjdhjv −
∑
j∈Ru

r̃ujhjd.

(12)

By the above reformulation, we find that the major
computation — the

∑n
j=1 hjdhjv term that iterates over

all products — is independent of u. As such, a significant
speedup can be achieved by memorizing the term for all
users. Now we define Xh = H>H , which can be pre-
computed and applied to the update of latent features for
all users. Correspondingly, Eq. (12) can be rewritten as:∑

j /∈Ru

r̃ujhjd =
∑
v 6=d

wuvx
h
dv −

∑
j∈Ru

r̃ujhjd. (13)

which can be computed in O(k + |Ru|) time.
Analogously, the calculation of denominator can be

speeded up by applying the cache technology:∑
j /∈Ru

h2jd =
n∑
j=1

h2jd −
∑
j∈Ru

h2jd = xhdd −
∑
j∈Ru

h2jd. (14)
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To summarize the aforementioned acceleration strategy,
we can derive the update rule for wud by using the Xh

cache:

wud =

∑
j∈Ru

[Crujruj − (Cruj − 1)r̃uj ]hjd −
∑
v 6=d

wuvx
h
dv

λw +
∑
j∈Ru(C

r
uj − 1)h2jd + xhdd

. (15)

Analogously, we can give the update rule for zid:

zid =

α
∑
j∈Si

[Csjisji − (Csji − 1)s̃ji]hjd − α
∑
v 6=d

zivx
h
dv

λz + α
∑
j∈Si(C

s
ji − 1)h2jd + αxhdd

, (16)

where ŝji = h>j zi and s̃ji = ŝji− hjdzid. xhdv represents the
(d, v)th element of the Xh cache, defined as Xh =H>H .

Update hjd
The partial derivative of L w.r.t. hjd is given as

∂L
∂hjd

=−
∑n

j=1
Cruj(ruj − r̂uj)hjd + βyjd + λhhjd

− α
∑n

j=1
Csji(sji − ŝji)zid.

(17)

Direct computation of hjd via Eq. (8) repeatedly com-
putes yj = E>fj , when updating the laten factors for
different d. Clearly, we can accelerate the computation by
defining the Y cache as Y = FE. Therefore, we can get the
solver for a product latent factor:

T1 =
∑m

u=1
Cruj(ruj − r̃uj)wud,

T2 =
∑n

j=1
Csji(sji − s̃ji)zid,

hjd =
T1 + αT2 + βyjd

λh + β +
∑m
u=1 C

r
ujw

2
ud + α

∑n
j=1 C

s
jiz

2
id

.

(18)

Similarly, we can apply the cache to accelerate the calcu-
lation of numerator and denominator. Then, we can derive
the update rule for hjd:

T3 =
∑
u∈Rj

[Crujruj − (Cruj − 1)r̃uj ]wud −
∑
v 6=d

hjvx
w
dv,

T4 =
∑
i∈Sj

[Csjisji − (Csji − 1)s̃ji]zid −
∑
v 6=d

hjvx
z
dv,

T5 = xwdd +
∑
u∈Rj

(Cruj − 1)w2
ud,

T6 = xzdd +
∑
i∈Sj

(Csji − 1)z2id,

hjd =
T3 + αT4 + βyjd
λh + β + T5 + αT6

,

(19)

where xwdv represents the (d, v)th element of the Xw =∑m
u=1wuw

>
u cache, and xzdv denotes the (d, v)th element

of the Xz =
∑n
i=1 ziz

>
i cache.

Update etd
To update the etd parameter, we fix W , H and Z

and remove terms irrelevant to etd, then obtain the partial
derivative of L w.r.t. etd as:

∂L
∂etd

= −β
∑

j∈Ft
(hjd − ỹjd − etdfjt)fjt + λeetd, (20)

where ỹjd = e>d fj − etdfjt. Let us denote the tth column of
the matrix F by ft, Ft is the set of non-zero elements of the

vector ft. We define the b ∈ Rc cache as bt =
∑n
j=1 fjtfjt,

which can be pre-computed and used in updating etd for
each iteration. The optimal etd can be computed by:

etd =
β
∑
j∈Ft(hjd − ỹjd)fjt
βbt + λe

. (21)

Algorithm 1 summarizes the designed algorithm for our
proposed model. Since our designed optimization algorithm
greatly differs from the traditional learning algorithms (i.e.,
ALS [13] and SGD), we provide theoretical analysis for
Algorithm 1 in Appendix A.

Algorithm 1: Fast ALS-based (FALS) learning algorith-
m for the VFPMF model.

Input: R, F , S, k, λb, λw, λh, α and β;
Output: W , H , Z and E;

1 Randomly initialize W , H , Z and E ;
2 for (u, j)∈ R do r̂uj ← w>u hj ; . O(|R|k)
3 for (j, i)∈ S do ŝji ← h>j zi ; . O(|S|k)
4 xt =

∑n
j=1 fjtfjt

5 while Stopping criteria is not met do
6 Xh =H>H ; . O(nk2)
7 for u← 1 to m do . O(mk2 + |R|k)
8 for d← 1 to k do
9 for j ∈ Ru do r̃uj ← r̂uj − wudhjd;

10 wud ← Eq. (15) ; . O(k + |Ru|)
11 for j ∈ Ru do r̂uj ← r̃uj + wudhjd;
12 end
13 end
14 Xw =W>W , Xz = Z>Z ; . O(mk2 + nk2)
15 for j ← 1 to n do . O(nk2 + |R|k + |S|k)
16 for d← 1 to k do
17 for u ∈ Rj do r̃uj ← r̂uj − wudhjd;
18 for i ∈ Sj do s̃ji ← ŝji − hjdzid;
19 hjd ← Eq. (19) ; . O(k + |Rj |+ |Sj |)
20 for u ∈ Rj do r̂uj ← r̃uj + wudhjd;
21 for i ∈ Sj do ŝji ← s̃ji + hjdzid;
22 end
23 end
24 Similar to line 6-12, update Z based on Eq. (16);
25 Similar to line 7-12, update E based on Eq. (21);
26 end
27 return W , H , Z and E

4.5 Online Update
The offline training of a recommender model provides top-
N recommendation based on historical data. To support
real-time personalization, an important aspect for com-
mercial recommender systems is how to efficiently refresh
model parameters when a new interaction streams in. For
example, soon after a user watches a video, he may want
to explore more videos to watch next. Since re-training
the whole model in real-time is impractical, it is better to
perform local updates on model parameters based on the
signal in the new interaction only. Here, we devise an online
updating strategy to adapt FALS to real-time streaming
data.

Incremental Updating. Let (u, j) represent the new in-
teraction streamed in, and Ŵ , Ĥ , Ẑ and Ê represent the
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Algorithm 2: Online Incremental Updates for FALS.

Input: Ŵ , Ĥ , Ẑ, Ê and new interaction (u, j)
Output: Refreshed parameters W , H , Z and E;

1 W ← Ŵ ; H ← Ĥ; Z ← Ẑ; E ← Ê;
2 If u is a new user do Randomly initialize wu ;
3 If j is a new product do Randomly initialize hj ;
4 ruj ← 1; r̂uj ← w>u hj ;
5 while Stopping criteria is not met do

// Line 8-12 of Algorithm 1
6 update wu ; . O(k2 + |Ru|k)
7 update cache (u, Xw) ; . O(k2)
8 if j is not a new product then

// Line 16-22 of Algorithm 1
9 update hj ; . O(k2 + |Rj |k + |Sj |k)

10 update cache (j, Xh) ; . O(k2)
// Line 24 of Algorithm 1

11 update zj ; . O(k2 + |S ′

j |k)
12 update cache (j, Xz) ; . O(k2)
13 else
14 update hj ← T3+βyjd

λh+β+T5
; . O(k2 + |Rj |k)

15 update cache (j, Xh) ; . O(k2)
16 end
17 update etd ← (hjd − ỹjd)fjt/(f2jt + λe) ; . O(ck)
18 end
19 return W , H , Z and E

model parameters learnt from offline training. Our strategy
is to perform updates on parameters that are relevant to the
prediction of ruj only, i.e., ŵu, ĥj , ẑj and Ê (note that if j is
a new product, the features for ŵu, ĥj and Ê are updated,
and the following is the same). The underlying assumption
is that, given the new consumption, the factors ŵu, ĥj , ẑj
and Ê are changed significantly, while other features in Ŵ ,
Ĥ and Ẑ should remain largely stable since they are not
directly affected. The incremental learning process for FALS
is summarized in Algorithm 2.

Time Complexity. If j is a new product, the computa-
tional complexity of online updates for FALS in Algorithm 2
is O(k2 + (|Ru| + |Rj | + c)k), otherwise O(k2 + (|Ru| +
|Rj | + |Sj | + |S

′

j | + c)k). We can see that the complexity
depends on the number of observed interactions for u
and j, while being independent with the number of total
consumptions, users and products. In fact, our empirical
study shows that one iteration is sufficient for the online
updating strategy to achieve good performance and more
iterations are not beneficial (cf. Figure 7). As such, we can
analytically conclude that the online learning algorithm is
capable of serving the needs of industrial scenario.

5 EXPERIMENTS

In this section, we conduct extensive experiments to explore
our method on four real-world datasets. The experiments
are designed to answer the following research questions:
RQ1 How does VFPMF perform when compared with oth-

er state-of-the-art competitors?
RQ2 How does the performance of VFPMF on users and

products of different sparsity levels?

RQ3 How is the efficiency of our accelerated FALS as
compared to standard ALS?

RQ4 How does VFPMF perform for online learning scenar-
ios?

5.1 Experimental Settings

TABLE 2: Statistics of the four Amazon datasets.

Dataset Office Auto Amazon Amazon
Product motive Men Women

# of Users 16,772 34,892 27,627 19,200
# of Products 37,956 129,108 88,112 22,489
# of Consumptions 145,141 284,101 205,877 136,718
# of Relations 6,913 65,583 19,996 14,109
Density C/(U*P) 0.0227% 0.0036% 0.0084% 0.0316%
Avg C/U 8.65 8.14 7.45 7.12
Avg C/P 3.82 2.20 2.34 6.08

Data Description. To comprehensively demonstrate the per-
formance of VFPMF in terms of top-N recommendation, we
choose four real-world user-product consumption datasets
for our experiments, which are obtained from Amazon4.
These datasets consist of user ratings, product images, a
list of “frequently-bought-together” products, and etc. Among
these metadata, we use “frequently-bought-together” infor-
mation to construct functional characteristic matrix S [9],
[44]. Aiming at demonstrating the benefit of our method
in general various domains, we not only use two datasets
(i.e., Office Product and Automotive) from visually non-
aware product domain, where the functional characteristic
is very important, but also two datasets (i.e., Amazon Men
and Amazon Women) from visually-aware product domain,
where the visual characteristic plays a more crucial role.
For all datasets, we eliminate users that have less than five
consumptions. As a result, Table 2 shows the characteristics
of the final datasets.
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Fig. 3: Dataset statistics w.r.t. product.

To gain a better insight into the data w.r.t. products,
some statistical analysis is now presented. We plotted the
product distribution w.r.t. the number of consumptions and
the number of products in Figure 3 (log-log plot). We focus
on the Office Product and Amazon Women datasets as it
shows similar trends on other datasets. As we can see,
products show a long-tail distribution, which refers to the
fact that a disproportionally large number of consumptions
are condensed in a small fraction of products (popular
products) and most products was bought by few users.
Popular products tend to dominate the recommendation

4. http://jmcauley.ucsd.edu/data/amazon/
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results, making it difficult to provide diverse and novel
recommendations.

In our experiments, we transform observed ratings in-
to binary implicit feedback as ground truth, whether the
user rated the product. To evaluate the quality of product
recommendation, we use two different strategies to split
a dataset for different testing scenarios. (1) Offline Protocol.
For each user, we randomly select 80% of historical actions
to constitute the training set, and use all remaining actions
for testing. From the training set, we randomly select 10%
of consumption records as validation set to tune hyper-
parameters. (2) online Protocol. To simulate a realistic recom-
mendation scenario, all consumption records are sorted by
time, the first 90% of the interactions are utilized for training
with the optimal hyper-parameter settings demonstrated by
the offline evaluation, and the latest 10% of the consumption
records are used for testing.

Evaluation Metrics. In this product recommendation
setting, we present each user with the top N products
sorted by their predicted preference, and evaluate different
methods based on which of these products were actually
purchased by the user in the test data. Following previ-
ous work [45], [46], [47], [48], four commonly ranking-
based metrics, i.e., Precision@N, Recall@N, MAP@N and
NDCG@N, are used for evaluating the performance of rec-
ommender systems. Formally, their definitions are shown as
follows:

Precision@N =
1

m

m∑
u=1

|lurec
⋂
lutes|

N
,

Recall@N =
1

m

m∑
u=1

|lurec
⋂
lutes|

|lutes|
,

MAP@N =
1

m

m∑
u=1

∑N
a=1 Pu(a)× δu(a)
min{N, |lutes|}

,

NDCG@N =
1

m

m∑
u=1

∑N
a=1

2δu(a)−1
log2(a+1)

1/ log2(a+ 1)
,

(22)

where lurec is the set of top-N unobserved products recom-
mended to user u excluding those products in the training
data, and lutes is the set of products that user u has purchased
in the test data. Pu(a) is the precision at the ath position in
the top-N list lurec, and δu(a) is a binary indicator function
that equals to 1 if the product at rank a is purchased in the
test data, otherwise equals to 0.

Baselines. Matrix factorization based models are cur-
rently state-of-the-arts for top-N recommendation. To com-
paratively demonstrate the effectiveness of our proposed
method, we mainly compare against state-of-the-art MF
competitors and neural collaborative filtering, including
both pairwise and pointwise models.

• POP: This baseline ranks products according to their
popularity and is non-personalised method.

• BPR [20]: This baseline is a state-of-the-art method for
personalised product recommendation on implicit feed-
back datasets, which uses pairwise log-sigmoid loss. It
models the pairwise ranking for each pair of the unob-
served and observed products, and employs SGD with
bootstrap sampling for optimization.

• VBPR [10]: The Visual Bayesian Personalized Ranking
model is a state-of-the-art visually-aware method for
top-N recommendation, which is based on visual con-
tents of the products.

• ACF [11]: The attentive collaborative filtering model is
a state-of-the-art visually-aware neural network method
for top-N recommendation, which models the item- and
component-level implicitness with a hierarchical atten-
tion network.

• AoBPR [49]: This is an extension of BPR, which uses
adaptive sampling for optimization. The products are
re-scored after every few epoches, and sampled propor-
tional to their current score.

• WARP [50]: A pair-wise MF model from Weston, which
is optimized for a weighted approximate ranking loss.

• WRMF [13]: This baseline is a state-of-the-art pointwise
model for implicit feedback. It treats user preference as
a binary value and minimizes the square error loss by
assigning both observed and unobserved products with
different confidence levels based on MF.

• VPMF: A visually-aware probabilistic matrix factoriza-
tion model that only considers products’ visual charac-
teristics, and its objective function is written as

L(R,W ,H,E) =
1

2

m∑
u=1

n∑
j=1

Cruj(ruj −w>u hj)2+

β

2

n∑
j=1

‖hj −E>fj‖22 +
λw
2
‖W ‖2F +

λe
2
‖E‖2F . (23)

• FPMF: This baseline models product’s functional charac-
teristic using the technique we introduced in Section 4.2,
but does not account for product’s visual characteristic.

L(R,S,W ,H,Z) =
λw
2
‖W ‖2F +

λh
2
‖H‖2F+

1

2

∑m

u=1

∑n

j=1
Cruj(ruj −w>u hj)2 +

λz
2
‖Z‖2F+

α

2

∑n

j=1

∑n

i=1
Csji(sji − h>j zi)2.

In summary, these baselines are designed to demon-
strate: (1) the performance of the current state-of-the-art
pairwise method with uniformly sampling (i.e., BPR), (2)
the influence of using non-uniformly sampling (i.e., WARP
and AoBPR) (3) the strength of state-of-the-art pointwise
approach merely based on user-product interactions (i.e.,
WRMF), (4) the effect of using product’s visual characteristic
(i.e., VBPR, ACF and VPMF), and (5) the improvement of
using product’s functional characteristic to improve tradi-
tional MF model in a relatively straightforward manner (i.e.,
FPMF).

Hyper-parameter Settings. Most baselines are from
LibRec [51], Our implementation of VFPMF is publicly
available at Github5. For ACF6, we adopt the authors’
released source code and tune its hyper-parameters in
the same way as [11]. For a fair comparison, our experi-
ments randomly initialize all involved model parameters
normal distribution, where the mean and standard devi-
ation is 0 and 0.01, respectively. For pairwise methods

5. https://github.com/wubinzzu/VFPMF
6. https://github.com/ChenJingyuan91/ACF
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TABLE 3: Recommendation performance (%) of different methods on four real-world datasets with N=10. Where row
’Improve’ indicates the percentage of improvements that VFPMF achieves relative to the ’*’ results.

Dataset Method k=10 k=30

Precision Recall MAP NDCG Precision Recall MAP NDCG

Office Product

POP 0.3286 1.0463 0.3924 0.7279 0.3286 1.0463 0.3924 0.7279
BPR 0.5145 2.2221 0.7868 1.3602 0.8179 3.7897 1.6316 2.5379
VBPR 0.5671 2.5846 1.0342 1.6761 0.8499 3.8344 1.7453 2.6423
ACF 0.6205 2.6667 1.0752 1.7318 0.8766 3.9110 1.7938 2.7455
WARP 0.7485 3.0936 1.2435 2.0573 0.9315 3.8977 1.7371 2.7078
AoBPR 0.6441 2.7580 1.0603 1.7815 0.9661 4.0212 1.8061 2.8649
WRMF 0.8911* 3.3652* 1.3659* 2.2902* 1.0138* 4.1880* 1.8190* 2.9017*
VPMF 0.9193 3.5023 1.4021 2.3851 1.0283 4.3195 1.8357 2.9403
FPMF 0.9410 3.7804 1.4368 2.4692 1.2018 5.1685 2.2202 3.5705
VFPMF 0.9559 3.8752 1.4472 2.4944 1.2326 5.3855 2.2292 3.5783
Improve 7.27% 15.16% 5.95% 8.92% 21.58% 28.59% 22.55% 23.31%

Automotive

POP 0.2163 1.1014 0.4489 0.7092 0.2163 1.1014 0.4489 0.7092
BPR 0.2299 1.1710 0.4594 0.7362 0.4014 2.2296 0.9748 1.4624
VBPR 0.2773 1.3979 0.5847 0.9131 0.4303 2.2597 0.9921 1.4969
ACF 0.2978 1.5040 0.6017 0.9552 0.4434 2.2973 1.0378 1.5433
WARP 0.3345 1.6544 0.6608 1.0557 0.4522 2.3154 0.9632 1.5391
AoBPR 0.3265 1.6711 0.5932 0.9854 0.4791 2.4456 1.0802 1.6546
WRMF 0.4411* 2.1793* 0.8463* 1.3783* 0.4901* 2.4743* 1.0836* 1.6554*
VPMF 0.4478 2.1885 0.8508 1.3886 0.5268 2.6458 1.1329 1.7496
FPMF 0.4627 2.3160 0.9075 1.4648 0.5840 2.8750 1.1676 1.8601
VFPMF 0.4792 2.3644 0.9094 1.4858 0.6176 3.0804 1.2272 1.9533
Improve 8.63% 8.49% 7.45% 7.79% 26.01% 24.50% 13.25% 17.99%

Amazon Men

POP 0.1338 0.7827 0.2473 0.4247 0.1338 0.7827 0.2473 0.4247
BPR 0.1470 0.7907 0.2681 0.4546 0.2330 1.2089 0.4831 0.7690
VBPR 0.1725 0.9190 0.3324 0.5411 0.2879 1.5289 0.5947 0.9533
ACF 0.1829 0.9847 0.3562 0.6088 0.2931* 1.5419* 0.6104* 0.9669
WARP 0.2052 1.0568 0.3683 0.6264 0.2402 1.2214 0.4866 0.7723
AoBPR 0.1659 0.8612 0.2980 0.5049 0.2430 1.2758 0.5007 0.7987
WRMF 0.2548* 1.3071* 0.5173* 0.8267* 0.2926 1.5152 0.6044 0.9696*
VPMF 0.3025 1.5634 0.5973 0.9643 0.3489 1.8336 0.7093 1.1404
FPMF 0.2836 1.4443 0.5621 0.9041 0.3342 1.7247 0.6956 1.1218
VFPMF 0.3091 1.6034 0.6005 0.9797 0.3635 1.9217 0.7738 1.2187
Improve 21.31% 22.66% 16.08% 18.50% 24.02% 24.63% 26.76% 25.69%

Amazon Women

POP 0.1950 0.9282 0.3055 0.5452 0.1950 0.9282 0.3055 0.5452
BPR 0.2620 1.2170 0.4297 0.7409 0.4157 1.9024 0.7216 1.2054
VBPR 0.3276 1.5177 0.6538 1.0227 0.4653 2.1267 0.7788 1.3220
ACF 0.3452 1.6011 0.6894 1.2920 0.4768 2.2272 0.8275 1.3591
WARP 0.3423 1.5775 0.5936 0.9952 0.4081 1.8910 0.8030 1.2608
AoBPR 0.3218 1.4637 0.5932 0.8922 0.4578 2.1449 0.8572 1.3743
WRMF 0.4403* 2.0447* 0.8015* 1.3177* 0.5147* 2.4201* 1.0653* 1.6524*
VPMF 0.4754 2.2296 0.8408 1.4199 0.5754 2.9109 1.2198 1.9615
FPMF 0.4621 2.1667 0.8532 1.3965 0.5619 2.9034 1.1913 1.9013
VFPMF 0.5024 2.3242 0.9249 1.5110 0.6596 3.1551 1.2678 2.0423
Improve 14.10% 13.67% 15.39% 14.67% 28.15% 30.37% 19.01% 23.60%

(i.e., BPR, AoBPR, VBPR and WARP), the learning ratio is
selected from {0.0001, 0.0005, 0.001, 0.005, 0.01, 0.05, 0.1}.
For all methods, the L2 regularization coefficients are
tuned in {0.0001, 0.001, 0.01, 0.1, 1}. The Geometric dis-
tribution hyper-parameter ρ in AOBPR is chosen from
{0.01, 0.03, 0.005, 0.007, 0.1, 0.3, 0.5, 0.7}. For VPMF,VBPR
and VFPMF, λe is tuned in {0.1, 1, 10, 100, 1000}. We
tune the hyper-parameter α in {0.01, 0.1, 1, 3, 5, 7, 10}, β
in {1, 10, 100, 300, 500, 1000}, and γ in {1, 3, 5, 7, 10}. All
methods except ACF are implemented in Java 7 and run-
ning on a server equipped with Intel Xeon E5-2699 CPU
@ 2.30GHz on 128GB RAM, 36 cores and 64-bit Windows
Server 2016 operating system.

5.2 Comparison with State-of-The-Arts (RQ1)

We now evaluate the performance of VFPMF by comparing
the results on four real-world datasets with its competitors.
Note that visually-aware product domain denotes Amazon
Women and Amazon Men, and visually non-aware product
domain denotes Office Product and Automotive. Table 3
shows recommendation accuracy in four metrics w.r.t. the
dimension of latent features. Moreover, we also conduct
the paired two-sample t-test experiments, showing that the
improvements are statistically stable and non-contingent (p-
value < 0.01) in four metrics. For the sake of space, they are
omitted. We make a few comparisons to better explain and
understand our findings as follows:
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Fig. 4: Performance comparisons for different values of N on four real-world datasets

POP vs. BPR. BPR outperforms POP, and this observa-
tion is consistent with that in [20]. The long-tail effects may
be one reason why it has the worst performance.

BPR vs. AoBPR, WARP. AoBPR and WARP perform
slightly better than BPR. Instead of bootstrap sampling neg-
ative products, AoBPR and WARP sample with an adaptive
manner, and this observation is consistent with that in [49],
[52].

BPR vs. VBPR. In all datasets, VBPR outperforms BPR,
while the improvement is more significant in visually-aware
product domain. This is because the user-product inter-
action matrix is extremely sparse, and product’s extrinsic
characteristic can provide additional information to alleviate
the data sparsity problem.

VBPR vs. ACF. For each dataset, ACF has a higher
performance than VBPR, which implies that combining the
item-and component-level implicitness with a hierarchical
attention network have a significant impact on the recom-
mendation accuracy.

VPMF vs. FPMF. (1) In visually-aware product domain,
the recommendation accuracy of VPMF outperforms F-
PMF, it indicates that product’s visual characteristic plays
a very important role in modeling user decision making
when selecting products (i.e., Amazon Men and Amazon
Women), and (2) FPMF outperforms IPMF in visually non-
aware product domain, it shows that product’s functional
characteristic plays a more crucial role in modeling user
preference for non-visual products (i.e., Office Product and
Automotive).

VPMF, FPMF vs. VFPMF. VFPMF consistently outper-
forms both VPMF and FPMF in visually-aware and visually
non-aware product domain. This can be explained that our
method utilizes product’s visual and functional character-
istics simultaneously to better model the product latent
feature space.

ACF vs. VFPMF. VFPMF considerably outperforms ACF.
For example, in most cases, VFPMF can even significantly
better performance by using only an embedding size of
k = 10 as compared to ACF using k = 30. It further

justifies that it is necessary to fully exploit product’s visual
and functional characteristics in a unified manner.

Note that for all results presented so far, the size of the
top-N list chosen is 10 (i.e., N = 10). Next, we evaluate
the overall performance achieved by various methods with
varying the size of the top-N list. Due to the similar con-
clusions on four metrics, we only report the Precision and
Recall of VFPMF versus baselines for different values of N
(i.e., 15, 20, 25 and 30) in Figure 4. From the figure, the main
findings are summarized as follows:
• All methods perform consistently with different metrics.

Precisely, as N increases, the Recall increases while the
Precision decreases.
• WRMF has significant improvement over BPR, which

contributes to the involvement of all missing data for
optimizing the ranking problem.
• In visually-aware product domain, VPMF is much su-

perior than WRMF. This further clarifies that the user
decision making process is more influenced by product’s
visual characteristic.
• VFPMF achieves the best performance in all datasets

with two metrics, indicating that our model tends to
more relevant products higher than the other baselines.
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Fig. 5: User distribution.

5.3 Performance under Different Data Sparsity (RQ2)
In the above subsection, we reveal VFPMF overall outper-
forms WRMF method from the results, but it is not sure
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TABLE 4: Comparison between VFPMF and WRMF for a candidate user in Office Product data. On the left, we show
a subset of 15 preferred training products for the user. The number in the parenthesis after the product title is the
number of users who have bought this product in the training set. The top-10 recommendations by WRMF and VFPMF
are shown as the middle column. Bolded entries are actually bought by this user in the test set, which is shown as the
last column.

User’s purchase history WRMF recommendations VFPMF recommendations Preferred test products

• Shipping Labels (135) • Pendaflex File Folders (249) • Self-Stick Note Pad Holders(143) • Scotch Magic Tape(146)

• Smart Notebook (94) • Survivor R1460 Tyvek Mailer (212) • Reveal-N-Seal Envelope (66) • Self-Stick Note Pad Holders(143)

• Rectangle Address Labels (91) • Postal Scales (155) •Mesh Desk Organizer(15) •Mesh Desk Organizer(15)

• File Folder Labels (84) • AmazonBasics Hanging File Folders (206) • Office Tape Dispensers (55)

• Pencil Sharpener (68) • SuperTab Heavyweight File Folder (139) • Scotch Gift Wrap Tape (122)

• Ballpoint Pens (61) • Scotch Magic Tape(146) • Desktop Staplers (56)

•Mechanical Pencils (55) • Removable Label Padst (166) • Scotch Magic Tape(146)

•White Pricing Labels (36) • Scotch Gift Wrap Tape (122) • Back & Seat Cushions (10)

• Dry Erase Learning Board (8) •Wolf Beaded Bookmark (111) • Triangular Scales (7)

• Jet-Bow Speed Compass (3) • Reveal-N-Seal Envelope (66) • Lead Refills (3)
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Fig. 6: Performance analysis w.r.t. users with different
scale of consumption records.

whether VFPMF is consistently superior to WRMF on users
and products of different sparsity levels. In order to answer
this question, we first group all users into several segments
based on their consumptions in the training dataset, and
then measure the performance over each segment. Users are
grouped into 4 segments: “[1, 5]”, “[6, 10]”, “[11, 15]”, and
“>15”. Figure 5 summarizes the user segment distribution
of the training data. Clearly, These datasets are extremely
sparse since more than 55% of users have only a few
consumptions (1-5). Figure 6 illustrates the experimental
results of both methods in terms of Recall@10. Results
for other metrics show similar conclusions but is omitted
for space reasons. From the figure, we have the following
observations:

• VFPMF clearly outperforms WRMF for inactive user (the
leftmost bar pairs in each plot). VFPMF explicitly makes
use of the additional information associated with the
products (a.k.a. the intrinsic and extrinsic characteristic-
s), which has a great influence on alleviating the data
sparsity problem.
• With the increasing of the number of consumptions for

users, the performance of both methods is getting closer,

but VFPMF consistently performs better than WRMF.
This demonstrates that the means of integrating visual
and functional characteristics into matrix factorization
model is realistic and reasonable.
Apart from the superior recommendation performance

on users of different sparsity levels, another key advantage
of VFPMF is its ability in alleviating the long-tail problem
(see section 5.1). To demonstrate this, we now provide a
qualitative evaluation of the aforementioned accuracy im-
provement. On the Office Product dataset, we compare the
top 10 recommendations generated by WRMF and VFPMF
for a candidate user who has purchased a series of popular
products (e.g., ”Shipping Labels” and ” Smart Notebook”),
as well as some rare office products (e.g., ”Dry Erase Learn-
ing Board” and ” Jet-Bow Speed Compass”). From Table 4,
we summarize the main findings as follows:
• For the candidate user, precisions of the top-10 products

for WRMF and VFPMF are 10% and 30%, respectively.
• WRMF highly ranks popular products and places them

on top of its recommendations. By contrast, VFPMF
successfully balances between the popular products and
relevant (but comparatively rare) products in its recom-
mendations.
With the evidence from Figure 6 and Table 4, we can

draw an answer to the second question — VFPMF is
resistant to the data sparsity and long-tail problems by
exploiting product’s visual and functional characteristics
simultaneously.

5.4 Training Efficiency (RQ3)
Analytically, the time complexity of ALS-based WRMF
method is O((m + n)k3 + |R|k2), while FALS’s time com-
plexity is O((|R|+ |S|+ |F|)k+(m+n)k2). To demonstrate
the efficiency of FALS, we show the training time per epoch
in Table 5. It is of interest to see that, though using the ad-
ditional information associated with the products, VFPMF
takes much less time than WRMF. The efficiency of VFPMF
is owing to its fast learning algorithm. Specifically, when k
is 512, WRMF requires 2.32 hours for one epoch on Office
Product, while VFPMF only takes 12.83 minutes. Hence,
VFPMF is capable of attaining an optimal balance between
accuracy and runtime.
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TABLE 5: Training time per epoch of different MF methods with varying k.
Office Product Automotive Amazon Men Amazon Women

k ALS FALS ALS FALS ALS FALS ALS FALS
32 1m8s 38s 4m40s 2m23s 2m24s 1m24s 34s 20s
64 2m12s 1m16s 16m58s 5m19s 5m27s 3m8s 1m18s 47s
128 5m2s 2m34s 38m45s 11m59s 22m19s 6m17s 3m32s 1m53s
256 11m35s 6m54s 1h25m38s 23m43s 1h6m26s 29m3s 15m31s 7m6s
512 2h19s 12m50s 6h181m4s 1h42m8s 4h6m57s 50m1s 1h29m12s 14m34s
1024 13h9m50s 1h38m21s 42h24m55s 6h12m44s 29h1m59s 3h59m45s 10h22m20s 1h12m48s

h, m, and s denote hours, minutes and seconds, respectively.

5.5 Incremental Updates for Online Environment (RQ4)

To study the effectiveness of incremental updates, we used
the latest 10% consumption records as the test data, the
remaining 90% data for training with the optimal hyper-
parameter settings demonstrated by the offline evaluation.
In this section, we study the influence of the number of
online epochs required for FALS to convergence on four
real-world datasets. Due to the limited space and the sim-
ilar conclusions in different metrics, we only report the
recommendation performance of online learning algorithm
in terms of NDCG@10 and Recall@10. Results at 0th epoch
show the accuracy of offline learning. From Figure 7, we
summarize the main observations as follows:
• The accuracy of offline trained model is notably worse

than the corresponding accuracy of incremental updates.
This indicates that it’s very important to refresh offline
trained model for online environment.
• After the first iteration, the performance is incredibly im-

proved. With more epoches, the accuracy is not further
improved.
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Fig. 7: Impact of online iteration on FALS(k = 10).

6 CONCLUSION

In this paper, a novel probabilistic model (VFPMF) was pro-
posed to exploit both product’s visual and functional char-
acteristics for product recommendation. In sharp contrast to
previous work in which SGD or ALS was applied to learn
parameters of MF models, we designed an efficient learning
algorithm (FALS) for optimizing the proposed model and
proved its convergence in theory. To support online learn-
ing, we designed an online-update strategy to adapt FALS to

real-time streaming data. To evaluate our proposed method
in both offline and online protocols, we conducted extensive
experiments with four evaluation metrics and a series of
state-of-the-art methods in different product domains. Ex-
perimental results have demonstrated both the effectiveness
and efficiency of our method. One insight is that, we found
the visual characteristic was very important in visually-
aware product domain, while the functional characteristic
played a more crucial role in visually non-aware product
domain.

As a future direction, we plan to examine parallel imple-
mentation of our algorithm so that it can be attractive for
large-scale industrial deployment. We also plan to explore
the utility of social network [53], [54], [55], [56] and textual
reviews [57], [58] for understanding user decision making
process. For instance, by integrating social network with
VFPMF, we can study how social influence affects user
preference; by fusing textual reviews, we can build a more
effective and explainable recommender system.
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APPENDIX A
Lemma 1. Assume FALS generates a sequence of {W ,H ,Z,E}
tuples:

{W (1),H(1),Z(1),E(1)}, {W (2),H(1),Z(1),E(1)},
{W (2),H(2),Z(1),E(1)}, {W (2),H(2),Z(2),E(1)},
{W (2),H(2),Z(2),E(2)}, . . .

(24)

Suppose there exists a limit point {W̄ ,H̄ ,Z̄,Ē}. Then the func-
tion value converges to some value:

lim
t→∞

L(W (t),H(t),Z(t),E(t)) = L(W̄ , H̄, Z̄, Ē). (25)

Proof: It is easy to see that {W (t),H(t),Z(t),E(t)} gener-
ated by Algorithm 1 Step 10, 19, 24 and 25 monotonically
decreases the objective function in Eq. (8).

Theorem 1. if a sequence {W (t),H(t),Z(t),E(t)} is generated
by FALS, then every limit point of this sequence is a stationary
point.
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Proof: Eq. (8) is denoted by L(a), where a represents
{w11, . . . , wud, . . .}. It is very easy to validate that wud can
be rewritten as:

a(t+1) = a(t) − L
′(a(t))

L′′(a(t))
, t = 0, 1, 2, . . . (26)

The partial derivative and the second derivative are:

L′(a(t)) = ∂L
∂a

,L′′(a(t)) = λw+
∑n

j=1
Crujh

2
jd > 0. (27)

SinceL′′(a(t)) is positive, based on the Lagrange mean value
theorem, we have that L′(a(t)) is Lipchitz function. Hence,

L′(a+) ≤ L′(a) + (a+ − a)L′′(a),∀a, a+ ≥ 0. (28)

By setting a+ = a − L′(a)/L′′(a) we have L′(a −
L′(a)/L′′(a)) ≤ 0. Moreover, from Eq. (27)we have L′(0) ≤
0. Therefore after one step update, the sequence {a(t)}t≥1
has the property that L′(a(t)) < 0 and −L′(a(t))/L′′(a(t)) >
0. Thus the sequence {a(t)}t≥1 is monotonically increasing
in a compact set L′(a) ≤ 0. {a(t)} then converges to a
limit point, say a∗. L′(a∗) can be either zero or negative.
If L′(a∗) < 0 and t → ∞, we have the following two
properties by continuity of first and second derivatives:

L′(a(t))
L′′(a(t))

<
L′(a∗)
2L′′(a∗)

, (29)

a∗ − a(t) < L′(a∗)
−2L′′(a∗)

. (30)

By combining these two equations we have a∗−a(t+1) =
a∗ − a(t) + L′(at)/L′′(a(t)) < 0, which raises the contra-
diction with a(t+1) − a∗. The algorithm converges to the
optimal solution L′(a∗) = 0. Similarly, we have L′(h∗jd) = 0,
L′(z∗id) = 0 and L′(e∗td) = 0. Therefore, the theorem is
proved. Because L is not jointly convex w.r.t. W ,H,Z and
E, the solution is a local optimum. �

Theorem 2. The time complexity is linear in the number of
interactions, intrinsic and extrinsic characteristics.

Proof: The training time of Algorithm 1 is mainly taken by
updating various variables. The computational complexities
for updating W ,H,Z and E are O(mk2 + k|R|), O(nk2 +
|R|k+ |S|k), O(nk2+ |S|k) and O(|F|k). Hence, the overall
time complexity per epoch is O((m + n)k2 + (|R| + |S| +
|F|)k). Suppose the entire algorithm requires #it iterations
for convergence, the overall time complexity of the learning
algorithm is O(#it((m + n)k2 + (|R| + |S| + |F|)k)). It
follows that our algorithm has the potential to be scaled up
to large-scale datasets. �
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