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Abstract

Traditional content-based recommendation algorithms typically exhibit low ac-
curacy, while collaborative filtering recommendation algorithms commonly suf-
fer from data sparsity and item cold-start problems. To address these issues, we
propose a hybrid recommendation algorithm that integrates content and collab-
orative matrix factorization techniques. This algorithm achieves factorization
of content and collaborative matrices in a shared low-dimensional space while
preserving the local structure of the data. For parameter optimization, it em-
ploys an iterative method based on multiplicative update rules to enhance learn-
ing capability. Experimental results demonstrate that the proposed algorithm
outperforms other representative item cold-start recommendation algorithms,
effectively alleviating data sparsity and improving recommendation accuracy.
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Abstract: Traditional content-based recommendation algorithms often suffer
from low accuracy, while collaborative filtering recommendation algorithms com-
monly face data sparsity and item cold-start problems. To address these is-
sues, this paper proposes a hybrid recommendation algorithm that integrates
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content and collaborative matrix factorization techniques. The algorithm si-
multaneously decomposes content and collaborative matrices in a shared low-
dimensional space while preserving the local structure of the data. For param-
eter optimization, an iterative method based on multiplicative update rules is
employed to enhance learning capability. Experimental results demonstrate
that the proposed algorithm outperforms other representative item cold-start
recommendation algorithms, effectively alleviating data sparsity and improving
recommendation accuracy.

Keywords: hybrid recommendation; matrix factorization; cold start; parame-
ter optimization; local structure

0 Introduction

With the advent of the big data era, how to effectively process and utilize user
information to solve information overload has become a crucial research topic
in the Internet domain. Consequently, personalized recommendation systems
have emerged [?]. Recommendation algorithms are now widely applied in plat-
forms such as Amazon, Taobao, and NetEase Cloud Music. These systems can
filter and mine deep relationships between users and items from massive histor-
ical data, generating accurate personalized recommendations that satisfy user
preferences.

Recommendation algorithms can be categorized into three main types: content-
based [?], collaborative filtering [?], and hybrid approaches [?]. Content-based
methods extract item attributes for feature learning and recommend items with
high similarity scores. Collaborative filtering, the most extensively studied ap-
proach, includes user-based and item-based variants that compute similarities
through user-item rating matrices. However, in practice, only a small fraction
of users rate or review a limited number of items, leading to severe data sparsity
and item cold-start problems [?]. Cold-start issues can be divided into user cold-
start and item cold-start—recommending items to new users or recommending
new items to existing users. While content-based methods can mitigate cold-
start problems, their inherent low accuracy prevents them from being the sole
solution.

To address these challenges, this paper combines content-based recommendation
with matrix factorization to propose a hybrid recommendation algorithm. The
main contributions are summarized as follows:

a) Content and collaborative information are integrated within a unified ma-
trix factorization framework while leveraging data local structure. The
local smoothness of low-dimensional representations is measured through
a weight matrix formed by nearest neighbors.

b) A learning model based on multiplicative update rules is utilized for pa-
rameter optimization, with non-negativity constraints and regularization

chinarxiv.org/items/chinaxiv-201904.00053 Machine Translation


https://chinarxiv.org/items/chinaxiv-201904.00053

ChinaRxiv [$X]

applied to optimize the objective function and reduce runtime.

¢) Extensive experiments on the public nipsl2raw_str602 dataset demon-
strate that the proposed algorithm outperforms several representative item
cold-start recommendation algorithms, improving recommendation accu-
racy and effectively solving the item cold-start problem.

1 Related Work

Hybrid recommendation algorithms primarily aim to combine the advantages
of content-based and collaborative filtering methods while avoiding their short-
comings, effectively alleviating cold-start problems and achieving diversity.
However, they often suffer from high complexity, increased recommendation
time, and difficulty in achieving balance. Common hybrid approaches include
weighted [?], merged [?], and feature combination [?] types. Weighted hybrid
recommendation combines results from multiple algorithms through weighting.
Merged hybrid recommendation generates multiple recommendation results us-
ing various algorithms. Feature combination hybrid recommendation combines
features from different recommendation data sources.

Several relevant algorithms are briefly introduced below. Soboroff et al. [?]
proposed a latent semantic indexing-based technique, an early hybrid recom-
mendation algorithm combining collaborative filtering and document content
for text recommendation. This method discovers topics in collections by con-
structing content profiles for each user and recommends documents most similar
to user profiles. Singh et al. [?] introduced collaborative matrix factorization, a
general framework for multi-relational factorization models that addresses item
recommendation and rating prediction problems. Gantner et al. [?] used KNN
(K-nearest-neighbor) and BPR (Bayesian personalized ranking) to optimize the
mapping between items/users and latent factors. Wang et al. [?] proposed a
hybrid recommendation framework that classifies users based on context, op-
eration history, and user features, then dynamically selects recommendation
algorithms. Ahn [?] introduced a hybrid similarity calculation method incor-
porating personalized information to mitigate cold-start problems, though with
high implementation complexity. Rosen-Zvi et al. [?] proposed a generative
probabilistic model ATM (author-topic model) that associates each author with
a multinomial distribution over topics, each having a multinomial distribution
over words. In news recommendation, users are modeled as authors. Felfernig et
al. [?] proposed mapping high-dimensional rating matrices to low-dimensional
feature matrices using implicit user data and social information for recommen-
dation, improving accuracy but with some information loss. Cai et al. [?] uti-
lized data local geometric structure for better low-dimensional representation.
Inspired by label propagation in nearest-neighbor graphs, they proposed a con-
strained clustering technique that achieved good results.

While these algorithms incorporate different factors and effectively alleviate
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cold-start problems, they suffer from high complexity or information loss issues.
The proposed algorithm incorporates advantages from the above methods while
avoiding information loss. It leverages both low-rank and local properties of
matrices, applies non-negativity constraints to enhance effects, and uses multi-
plicative update rules for parameter optimization, effectively solving cold-start
problems and improving recommendation accuracy.

2 Hybrid Recommendation Algorithm Fusing Content and
Matrix Factorization

For initial item matrix X; and user matrix Xj;, the algorithm performs collab-
orative factorization using parameter matrices W, H;, and Hy;, processes and
optimizes the factorized data by considering local characteristics, defines an
optimization objective function controlled by parameters «, 8, and A, and em-
ploys a parameter learning algorithm to iteratively update matrices W, H;, and
Hy; under the optimization objective until reaching a stable point to generate
recommendations.

2.1 Problem Description

To address the item cold-start problem, new items should be recommended to
potentially interested users—those who haven’t expressed interest but may be
interested. Based on user history and new item descriptions, the most likely
interested users should be retrieved. This problem can be defined as follows:
For a set of n items, matrix X; € R™*™ stores m item attributes, where each
row represents an item and each column represents an attribute (see Table 1 ).
Matrix X;; € R™*" stores u users, where cell (4, j) indicates whether user j is
interested in item 4 (see Table 2 ).

Based on these definitions, each item and its description are associated with
consuming users, such as news articles. Each news article is described by vo-
cabulary and users who commented. This scenario can be represented by two
matrices: an item matrix X; € R™*” where n is the number of documents and v
is vocabulary size, and a user matrix X;; € R™*" where n is the number of doc-
uments and u is the number of users. Matrix X; can represent TF-IDF scores
of words in documents, while X;; reflects whether relevant users commented on
the current document.

Factorizing X; into two low-dimensional matrices can discover document topics
and the degree to which each document belongs to each topic. Similarly, fac-
torizing X; can discover user communities and the degree to which documents
generate interest within communities. The problem with such separate factor-
ization is that documents and users are not represented in a common latent
space; each factorization represents a different latent space, making it impos-
sible to connect topics with communities. To represent documents and users
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in the same space, where each item can be described by both a topic and a
community (set of users), this paper performs low-dimensional representation
of X; and Xy in a common space. For matrices X; and X, the following
optimization is defined:

Z = o X; = WH [} + (1 — a)| Xy = WHy| % + MIWIE + [H % + [ Hyl7)

where the first two terms achieve factorization of item matrix X; and user ma-
trix Xy in the same latent space using the same matrix W, with || - || denoting
the Frobenius norm, enabling dimensionality reduction of X; and X;;. Hyper-
parameter a controls the importance of matrix factorization within [0,1]. If
a = 0.5, both factorizations are equally important; if o < 0.5, user matrix X,
factorization is more important; if & > 0.5, item content matrix X; factorization
is more important. The last term is a regularization term controlled by hyper-
parameter A > 0 on parameter matrices W, H;, and Hy; to prevent overfitting
and measure function smoothness.

Table 1 Item-Attribute Table
Table 2 Item-User Table

2.2 Local Structure Characteristics and Measurement

When performing collaborative factorization, a common low-dimensional space
should be found to process and optimize data of different dimensions, as shown
in Equation (1). When considering local structure, the manifold assumption is
introduced, which primarily considers the model’s local properties: if two data
points z; and z; are close in the original distribution geometry, they should
also be close in low-dimensional space. This plays an important role in dimen-
sionality reduction [?] and semi-supervised learning [?]. However, this theory
cannot be directly applied when the distribution’s geometric structure is un-
known. According to manifold learning research [?], local geometric structure
can be modeled through nearest-neighbor graphs.

Assume a graph with n nodes, where each node represents a data point. Find g
nearest neighbors for each point and connect them. These connections can be
represented using binary or weighted methods. In binary representation, nearest
neighbors are marked as 1 and others as 0. In weighted representation, cosine
similarity values can be used. This paper adopts weighted representation using
cosine similarity values to form adjacency matrix A, measuring local closeness
between two data points. If x; = (71, y;) and x; = (x5, y5), the cosine similarity
between x; and xz; is calculated as:

sim(z;,x;) = ——2—
T il
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After collaborative factorization using matrix W, each data point x, is
mapped to a low-dimensional representation w;. The distance between
two low-dimensional data points is measured by FEuclidean distance, i.e.,
|w; —w;|5. The adjacency weight matrix A can measure the local smoothness
of low-dimensional representations. The loss function is given by:

S = lw; —w;l34;; = Tr(WTDW) — Tr(WTAW) = Tr(WTLW)

i=1 j=1

where D is a diagonal matrix with diagonal values equal to the sum of each row
in A, ie., D;; = Zj A;j. Tr denotes the matrix trace, and L is the Laplacian

matrix [?].

2.3 Parameter Learning Algorithm Based on Multiplicative Updates

To incorporate this local characteristic, Equation (1) is optimized by adding
parameter § to control the degree of locality. The optimized objective function
becomes:

Z = o X ;=W H |5+ (1—a) | Xy =W Hy [ BTr (W LW)+ (WG H |5+ Hy |7)

where « controls the importance of X; and X;; factorization, A controls regu-
larization to prevent overfitting, and L is the Laplacian matrix from Equation

(3).

The above objective function aims to find the minimum through iteration. How-
ever, since parameters W, H;, and H; are non-convex, finding the global mini-
mum is extremely difficult. Therefore, a multiplicative update rule-based itera-
tive algorithm is derived for parameter learning to achieve a stable point. First,
partial derivatives with respect to W, H;, and H; are computed as shown in
Equations (5)-(7).

Then, using KKT (Karush-Kuhn-Tucker) first-order optimality conditions [?],
the following conclusions can be derived:

WoVyZ=0, HoVyZ=0, HyoVy Z=0

where © denotes element-wise matrix multiplication. Substituting Equations
(5)-(7) into the three conclusions in Equation (10) yields the update rules for
parameters W, H;, and Hy;:
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aXHF + (1 — o)Xy HE

W+ W
wTX,
H «HO—e—d
1 B O T, A,
wTx
Hy «+ Hy O v

WTWH, + \H,,

Through these iterations, W, H;, and Hy; achieve learning effects and ultimately
reach a stable point. The objective function Z remains unchanged under the
update rules when W, H;, and Hy; are at stable points. Considering the sample
sizes of item matrix X; and user matrix X;;, the influence of sample numbers is
incorporated into the objective function to form the final optimization function:

Z = o X;=WH |5+ (A=) | Xy =W Hy [3ABTr(WTLW)+ X WG+ H |5+ Hy )

where v; represents the number of items and v, represents the number of users.
This optimization objective function can reduce iteration count and effectively
decrease runtime. Once the model learns W, H;, and Hy;, these parameters gain
predictive capability. For example, given descriptions of a new news article, the
most likely users to comment on it can be predicted. Using least squares [?],
q; = wH; is solved, then the document vector g; is projected into the common
latent space. The continuously updated w captures ¢; in the latent space and
computes wHy;, i.e., the likelihood ¢, of users commenting on the new article,
enabling user ranking based on these scores.

3 Experimental Results and Analysis
3.1 Experimental Environment

Hardware: AMD A8-5545M APU quad-core, 1.70 GHz, 4 GB RAM, 750 GB
hard drive

Operating System: Windows 7

Programming Environment: MATLAB R2016a, Microsoft VC++ 2015

The experiment uses the public nipsl2raw_str602 dataset, available at
https://cs.nyu.edu/~roweis/data.html. This is a sparse dataset with prepro-
cessed article content (stop words, numbers, punctuation, and infrequent
tokens removed), containing 2,037 articles with usernames, 13,649 descriptive
words, and 1,740 titles.
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3.3.1 Experimental Method The dataset is sorted chronologically, and
training/test sets are generated using a sliding time window. The test set is
restricted to users who have commented on at least one article. k-fold cross-
validation [?] is employed, dividing the dataset into 10 equal groups. One group
is selected as the test set while the remaining groups serve as the training set.
Each experiment is repeated 10 times, with average results taken as final out-
comes for comparative analysis with other algorithms.

3.3.2 Evaluation Metrics Common recommendation system performance
metrics include precision, recall, mean absolute error (MAE), and root mean
square error (RMSE) [?]. However, these are accuracy metrics with limitations
in evaluating ranking performance. This experiment adopts mean average pre-
cision (MAP) and normalized discounted cumulative gain (NDCG) [?], both
considering position factors in results. MAP balances precision and recall, with
higher values for better rankings. NDCG evaluates users and recommendation
lists across the entire test set with normalization. The definitions are as follows:

a) MAP is defined in Equations (15)-(16):
R
Z posmon

QR
MAP =1 > AP,
Q q:1

where AP denotes average precision, R represents the number of documents,
position(r) is the position of the r-th document in the list, and @ represents the
total number of AP values computed.

b) NDCG measures the distance between DCG (discounted cumulative gain)
and IDCG (ideal discounted cumulative gain):

p rel;
el — 1
DCG, = _
— log, (i +1)
NDCG, DCGp
IDCG

where rel; denotes the relevance grade of the i-th document, and |REL| repre-
sents the relevance-ordered list of top p documents.

The experiment compares two models of the proposed algorithm with four other
recommendation algorithms: the classic hybrid recommendation algorithm UP-
LST [?], the cold-start recommendation algorithm BPR-KNN [?], the generative
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probabilistic model ATM [?], and a recent hybrid recommendation algorithm
SGHR (semi-genetic hybrid recommendation) [?] that combines genetic algo-
rithms with weighting to improve performance.

The algorithm is evaluated through average performance, impact of latent topic
number k, influence of content weight o on collaborative information, effect
of smoothness parameter A, impact of nearest neighbor count g, and runtime
comparison.

1) Average Performance Comparison

Figure 1 [Figure 1: see original paper] shows the average performance of the two
proposed models (CMF and CMF with 8 = 0) across 10 different training/test
sets with optimal parameters. Both models significantly outperform the four
comparison cold-start algorithms, with MAP improved by approximately 15%
and NDCG improved by 5%-10%. The CMF model outperforms CMF (5 =
0), proving that the proposed algorithm effectively improves recommendation
accuracy.

2) Impact of Latent Topic Number

The topic number k controls model complexity. Too small a k oversimplifies
the model, while too large a k causes overfitting and performance degradation.
Therefore, an appropriate £ must be found to balance these issues. This algo-
rithm controls k& within 100-1000. Figure 2 [Figure 2: see original paper] shows
NDCG at different k values. Performance is stable when k is between 400-700,
reaching optimal performance at k& = 600. Performance declines significantly
when k > 700, with NDCG dropping below comparison algorithms. When
k > 800, the gap between CMF(8 = 0) and CMF becomes substantial. Overall,
the proposed algorithm far outperforms the other four algorithms.

3) Impact of Content Weight on Collaborative Information
Parameter o controls the importance of content versus collaborative informa-
tion. As shown in Figure 3 [Figure 3: see original paper|, both proposed mod-
els achieve high and stable performance when « € [0.1,0.5], indicating that
Xy factorization is more important during collaborative factorization. CMF
reaches optimal performance at @ = 0.2, and CMF consistently outperforms
CMF(8 = 0) across all o values.

4) Impact of Solution Smoothness

Parameter A controls solution smoothness through regularization. With k =
600, « = 0.2, and § = 0.25, X is varied in (0,1). Figure 4 [Figure 4: see original
paper] shows NDCG at different X values. Stable high performance is achieved
when A € [0.15,0.35], with CMF slightly outperforming CMF (3 = 0) and both
significantly surpassing comparison algorithms. However, performance degrades
when A > 0.5, falling below the other four algorithms.

5) Impact of Local Smoothness

The CMF model computes local smoothness through a nearest-neighbor graph
adjacency weight matrix A, with parameter 8 controlling its importance. Figure
5 [Figure 5: see original paper] shows algorithm performance at different 8 val-
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ues. Good performance is observed when § € [0.1,0.9], with the highest NDCG
at § = 0.2. Performance degrades when 3 > 1. Therefore, this experiment
constrains # within [0, 1].

6) Impact of Nearest Neighbor Count

The CMF model computes document similarity through nearest-neighbor
graphs, while CMF(8 = 0) does not. Therefore, only CMF is studied for near-
est neighbor impact, as shown in Figure 6 [Figure 6: see original paper]. High
performance is maintained with 1-4 nearest neighbors, but recommendation
accuracy declines when the neighbor count exceeds 5.

7) Algorithm Runtime

With parameters set to o = 0.3, A = 0.25, 8 = 0.25, runtime is tested for
both models under different complexities. Each model runs 10 times at differ-
ent k values, with averages shown in Figure 7 [Figure 7: see original paper].
CMF demonstrates clear advantages when k& > 300, with significantly reduced
runtime compared to CMF(5 = 0)—over 2,100 seconds difference at & = 800.
This proves that CMF with nearest-neighbor weighting and local smoothness
effectively reduces runtime. When &k > 800, performance is poor and runtime is
long, so these cases are not considered.

4 Conclusion

This paper proposes a hybrid recommendation algorithm combining content and
collaborative information. Content and collaborative matrices are factorized
in a common space to obtain item topics and topic degree matrices. Local
structure is considered by constructing nearest-neighbor graphs to compute user
preference similarity, forming a weighted adjacency matrix to measure local
smoothness. Non-negativity constraints are applied, resulting in interpretable
and sparse latent representations.

Multiplicative update rules are used for parameter learning to optimize the
objective function and find stable performance points. The evaluation metrics
MAP and NDCG incorporate position factors and increased relevance weighting
to better assess ranking performance. After extensive experiments and compari-
son with cold-start algorithms, results show the proposed algorithm significantly
outperforms comparison algorithms, effectively alleviating cold-start problems
and improving recommendation accuracy. Comparison between the two pro-
posed models proves the effectiveness of introducing local structure.

Although the proposed content and matrix factorization fusion algorithm demon-
strates good performance on this dataset, its scalability to large-scale datasets
requires further investigation. Future research may consider incorporating more
item attributes, such as age and gender, to improve user preference similarity
and recommendation accuracy.
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