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Abstract
Metadata-fused collaborative filtering recommendation, i.e., hybrid recommen-
dation algorithms, are currently a hot research topic in the field of recommen-
dation systems, capable of addressing data sparsity and cold start problems to
some extent. However, most existing modeling methods for fusing metadata
are built upon scenarios where user/item attributes have equal weights, result-
ing in non-prominent expression of key relationships between users and items,
making it difficult to achieve satisfactory recommendation performance. To ad-
dress these issues, we propose a deep joint learning recommendation method
that fuses metadata and Attention mechanisms. It utilizes dual deep networks
for joint learning: one network implements matrix nonlinear factorization based
on implicit feedback data to learn personalized user/item relationships, while
the other uses Attention mechanisms to automatically capture the impact of key
user/item attributes on the recommendation task, modeling prominent user pref-
erence relationships by assigning different attribute weights and supplementing
with an extended model. Experimental results demonstrate that the proposed
recommendation algorithm exhibits relatively superior recommendation perfor-
mance on two public datasets, MovieLens 100K and MovieLens 1M.
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Abstract

Hybrid recommendation algorithms that integrate metadata into collaborative
filtering have become a hot research topic in recommender systems, as they can
alleviate data sparsity and cold-start problems to some extent. However, most
existing metadata integration methods are built upon the assumption of equal
weights for user/item attributes, resulting in insufficient expression of key rela-
tionships between users and items and limiting recommendation performance.
To address these issues, this paper proposes a deep joint learning recommenda-
tion method that fuses metadata with an attention mechanism. The approach
employs dual deep networks for joint learning: one network performs matrix
nonlinear decomposition based on implicit feedback data to learn personalized
user-item relationships, while the other utilizes an attention mechanism to au-
tomatically capture the influence of key user/item attributes on the recommen-
dation task, extending the model by highlighting user preference relationships
through assigning different attribute weights. Experimental results demonstrate
that the proposed recommendation algorithm achieves superior performance on
two public datasets, MovieLens 100K and MovieLens 1M.

Keywords: metadata; attribute weight; attention mechanism; deep joint learn-
ing; nonlinear factorization

0 Introduction
Matrix factorization models, also known as hybrid recommendation, can allevi-
ate sparsity and cold-start problems to some extent. For instance, Fu et al. [?]
measured potential personalized relationships between users and items from dif-
ferent perspectives in metadata and extended the matrix factorization model
using these relationships for recommendation. Li et al. [?] proposed a similar-
ity calculation method for item coupling relationships and integrated it into
matrix factorization to improve recommendation performance. However, these
existing methods are shallow models that cannot discover more abstract and
complex interaction relationships. Recommender systems are technologies that
alleviate information overload by estimating user needs and are widely applied
in news websites, social media, and e-commerce. The concept of “recommender
systems” was first introduced by Resnick in 1997, after which recommender
systems attracted significant attention in both academia and industry. Vari-
ous recommendation mechanisms have been proposed successively, becoming
a hot research topic. Among existing methods, collaborative filtering recom-
mendation has been extensively studied and extended, such as the traditional
matrix factorization-based collaborative filtering algorithms proposed by Koren,
Paterek, and Lee [?, ?, ?]. Researchers have since attempted to extend recom-
mendation through metadata modeling. Nowadays, deep learning techniques
for building deep models have been widely applied in recommender systems [?],
as they can effectively capture nonlinear and complex user-item relationships
to represent more sophisticated and abstract data structures. For example,
Chang et al. [?] improved recommendation quality by applying neural network

chinarxiv.org/items/chinaxiv-201808.00102 Machine Translation

https://chinarxiv.org/items/chinaxiv-201808.00102


algorithms to traditional collaborative filtering. The CCCFNet in the literature
[?] is also a dual-network approach (collaborative filtering and content infor-
mation) that simulates user-item interactions through dot product at the top
layer for recommendation. Guo et al. [?] proposed an end-to-end model that
seamlessly integrates factorization machines and MLP, modeling high-order fea-
ture interactions through deep neural networks and low-order interactions via
factorization machines. He et al. [?] also utilized multi-layer deep networks to
replace matrix linear decomposition mechanisms, achieving nonlinear decompo-
sition and addressing the limitations of linear MF to some extent. However,
these models capture interactions among all attributes, whereas in practice,
some interactions are unnecessary. As shown in Figure 1 [Figure 1: see orig-
inal paper], when learning user/item group partitioning, user occupation and
item category are key distinguishing features, while gender and region are non-
essential components. Moreover, most existing metadata integration methods
assume equal weights for user/item attributes throughout training, ignoring
the varying influence of different attributes on recommendation and resulting
in insufficient expression of key relationships between users and items, which
significantly degrades recommendation performance. Consequently, researchers
have gradually recognized that attributes play a decisive role regardless of how
models are constructed.

In recent years, attention networks have been developed and gradually become
a technical means for capturing global information. Consequently, neural net-
works based on attention mechanisms have become a hotspot across various
domains and represent an effective solution to the aforementioned problems.
For instance, Luong et al. [?] applied attention mechanisms in natural language
processing to assign different weights to all words for translation tasks. The
Google Mind team [?] used attention mechanisms in computer vision to auto-
matically capture local image features for classification. Reference [?] proposed
a fused deep neural network based on attention mechanisms, integrating user,
author, and user interest similarity information between Twitter and user in-
terests as learning attributes to predict user retweeting behavior. However, ap-
plications of attention mechanisms in recommendation remain scarce. We now
apply this concept to recommender systems: assuming a user has five attribute
values 𝑒1, 𝑒2, 𝑒3, 𝑒4, 𝑒5 with recommendation weights 𝑤1, 𝑤2, 𝑤3, 𝑤4, 𝑤5, without
attention, the weights 𝑤1 through 𝑤5 are identical, yielding a total influence
of 𝑒1 ∗ 𝑤1 + 𝑒2 ∗ 𝑤2 + 𝑒3 ∗ 𝑤3 + 𝑒4 ∗ 𝑤4 + 𝑒5 ∗ 𝑤5. Conversely, with attention,
the attention model learns different influence factors 𝑚1, 𝑚2, 𝑚3, 𝑚4, 𝑚5 for the
current user’s attributes on the current recommendation, resulting in a total
influence of 𝑒1 ∗𝑚1 ∗𝑤1 +𝑒2 ∗𝑚2 ∗𝑤2 +𝑒3 ∗𝑚3 ∗𝑤3 +𝑒4 ∗𝑚4 ∗𝑤4 +𝑒5 ∗𝑚5 ∗𝑤5.

1 Algorithm Overview
The Deep Joint learning Recommendation based on Metadata and Attention
mechanism (DJRMA) combines attention network feature learning and infer-
ence with deep network factorization machines to improve recommendation
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model performance by learning personalized relationships and mining implicit
metadata relationships. As shown in Figure 2 [Figure 2: see original paper], the
left decomposition mechanism network model is based on implicit feedback data
and utilizes deep networks to replace matrix linear decomposition for nonlinear
decomposition, thereby learning personalized preferences of users/items. The
right model employs an attention mechanism to automatically capture the influ-
ence of key user/item attributes on the recommendation task, assisting in model
extension by highlighting user preference relationship modeling through assign-
ing different attribute weights. The core idea is to add a reconstructed user-item
interaction matrix, formed by the product of denoised user personalized vectors
and item personalized vectors, to the original user-item interaction matrix, thus
creating a new joint interaction matrix for predictive recommendation.

Figure 1 [Figure 1: see original paper] illustrates the impact of different attribute
proportions. In recent years, attention networks have been developed and grad-
ually become a technical means for capturing global information. Consequently,
neural networks based on attention mechanisms have become a hotspot across
various domains and represent an effective solution to the aforementioned prob-
lems. For instance, Luong et al. [?] applied attention mechanisms in natural
language processing to assign different weights to all words for translation tasks.
The Google Mind team [?] used attention mechanisms in computer vision to
automatically capture local image features for classification. Reference [?] pro-
posed a fused deep neural network based on attention mechanisms, integrating
user, author, and user interest similarity information between Twitter and user
interests as learning attributes to predict user retweeting behavior. However, ap-
plications of attention mechanisms in recommendation remain scarce. We now
apply this concept to recommender systems: assuming a user has five attribute
values 𝑒1, 𝑒2, 𝑒3, 𝑒4, 𝑒5 with recommendation weights 𝑤1, 𝑤2, 𝑤3, 𝑤4, 𝑤5, without
attention, the weights 𝑤1 through 𝑤5 are identical, yielding a total influence
of 𝑒1 ∗ 𝑤1 + 𝑒2 ∗ 𝑤2 + 𝑒3 ∗ 𝑤3 + 𝑒4 ∗ 𝑤4 + 𝑒5 ∗ 𝑤5. Conversely, with attention,
the attention model learns different influence factors 𝑚1, 𝑚2, 𝑚3, 𝑚4, 𝑚5 for the
current user’s attributes on the current recommendation, resulting in a total
influence of 𝑒1 ∗𝑚1 ∗𝑤1 +𝑒2 ∗𝑚2 ∗𝑤2 +𝑒3 ∗𝑚3 ∗𝑤3 +𝑒4 ∗𝑚4 ∗𝑤4 +𝑒5 ∗𝑚5 ∗𝑤5.

Figure 2 [Figure 2: see original paper] shows the experimental model of our
recommendation algorithm.

1.1 Deep Decomposition Mechanism

The deep decomposition mechanism utilizes multi-layer deep networks to replace
matrix linear decomposition for nonlinear decomposition based on implicit feed-
back data, thereby learning individual personalized relationships between users
and items. The bottom input layer consists of two feature vectors describing user
𝑢 and item 𝑖, which can be customized to support extensive modeling of users
and items. In this paper, for clarity of explanation, we only adopt user/item IDs
as universal input features, though the model can accommodate different inputs
in practice. Above the input layer is the embedding layer, which, as shown in
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Figure 3 [Figure 3: see original paper], maps sparse user/item ID vectors into
dense vectors. The obtained user/item feature vectors can be regarded as latent
features of users/items in the context of latent factor models.

Let 𝑈 ∈ ℝ𝑀×𝐾 and 𝑉 ∈ ℝ𝑁×𝐾 denote the latent factor matrices for users and
items respectively, where 𝑀 , 𝑁 , and 𝐾 represent the number of users, items, and
latent features; 𝜃𝑓 denotes the model parameters of function 𝑓 . Subsequently,
sparse user (item) IDs are mapped through the embedding layer into dense
vectors, i.e., user/item feature vectors. We use 𝑉𝑢 and 𝑉𝑖 as the feature vectors
for user 𝑢 and item 𝑖 respectively. The forward process is defined as:

𝜓1(𝑧) = [𝑉𝑢
𝑉𝑖

]

𝜓2(𝑧) = 𝜎(𝑊 ′
2𝜓1(𝑧) + 𝑏′

2)

𝜓𝐻(𝑧) = 𝜎(𝑊 ′
𝐻𝜓𝐻−1(𝑧) + 𝑏′

𝐻), for 𝐻 ≥ 2

where 𝐻 is the depth of layers, 𝜎 is the activation function, and 𝑧𝐻 , 𝑊 ′
𝐻 , and

𝑏′
𝐻 are the output, model weights, and bias terms of layer 𝐻 respectively. After

learning through 𝐿 layers, the final mapping function of the left model is:

̂𝑦𝑢𝑖 = 𝜎(𝜓𝐿(𝑧))

1.2 Attention-Based Feature Learning and Inference Mechanism

The attention model is a brain-inspired model that simulates human attention,
where at any given moment, the brain focuses on specific aspects of an object
while ignoring others, representing a resource allocation model. It allocates
more attention to important parts and less to others, rationally utilizing com-
putational resources while eliminating the influence of non-critical factors. This
paper introduces this concept, using the attention mechanism to automatically
capture the influence of key user/item attributes on recommendation, highlight-
ing user preference relationships by assigning different attribute weights, and
then employing multi-layer deep network modeling to assist in extending the
aforementioned nonlinear decomposition model, effectively preventing the loss
of implicit metadata information.

As shown in Figure 4 [Figure 4: see original paper], the attention-based feature
learning and inference mechanism represents user attribute features as one-hot
encoded vectors and inputs them into the attention network to automatically
capture key user/item attributes and infer their impact on recommendation.
In our experiments, movie IDs are used as input, while user attributes utilize
gender, age, and occupation information. Assuming we use the feature vector
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of user 𝑢, denoted as 𝐴𝑢 = {𝐴𝑢1, 𝐴𝑢2, ..., 𝐴𝑢𝑔}, where 𝑔 represents the number
of user attributes and 𝑀 is the number of users.

Figure 4 [Figure 4: see original paper] shows the attention-based local feature
learning and inference mechanism. Therefore, we define the deep decomposition
model as follows: 𝑈 ∈ ℝ𝑀×𝐾 and 𝑉 ∈ ℝ𝑁×𝐾 denote the latent factor matrices
for users and items respectively, where 𝑀 , 𝑁 , and 𝐾 represent the number of
users, items, and latent features; 𝜃𝑓 denotes the model parameters of function
𝑓 . Subsequently, sparse user (item) IDs are mapped through the embedding
layer into dense vectors, i.e., user/item feature vectors. We use 𝑉𝑢 and 𝑉𝑖 as
the feature vectors for user 𝑢 and item 𝑖 respectively. The forward process is
defined as:

𝜓1(𝑧) = [𝑉𝑢
𝑉𝑖

]

𝜓2(𝑧) = 𝜎(𝑊 ′
2𝜓1(𝑧) + 𝑏′

2)

𝜓𝐻(𝑧) = 𝜎(𝑊 ′
𝐻𝜓𝐻−1(𝑧) + 𝑏′

𝐻), for 𝐻 ≥ 2

where 𝐻 is the depth of layers, 𝜎 is the activation function, and 𝑧𝐻 , 𝑊 ′
𝐻 , and

𝑏′
𝐻 are the output, model weights, and bias terms of layer 𝐻 respectively. After

learning through 𝐿 layers, the final mapping function of the right model is:

̂𝑦𝑢𝑖 = 𝜎(𝜓𝐿(𝑧))

The model framework’s top-layer input comes from the outputs of both side
models. We define the joint prediction function as:

̂𝑦𝑢𝑖 = 𝛼 ̂𝑦(1)
𝑢𝑖 + (1 − 𝛼) ̂𝑦(2)

𝑢𝑖

where 𝛼 is a parameter determining the training weight between the dual deep
models, obtained through self-learning by the deep models. The algorithm for-
malizes the recommendation problem as a multi-classification problem for rating
prediction, using the Softmax function as the final activation function and learn-
ing through multi-class logarithmic loss. With the above settings, we define the
likelihood function as:

𝑃(𝑦, ̂𝑦|𝑈, 𝑉 , 𝜃) = ∏
(𝑢,𝑖)∈𝑂

̂𝑦𝑦𝑢𝑖
𝑢𝑖 (1 − ̂𝑦𝑢𝑖)1−𝑦𝑢𝑖 ∏

(𝑢,𝑖)∈𝑂−
̂𝑦𝑦𝑢𝑖
𝑢𝑖 (1 − ̂𝑦𝑢𝑖)1−𝑦𝑢𝑖

where 𝑂 denotes the set of observed interactions (as positive instances) and
𝑂− denotes a uniformly sampled set of unobserved interactions (as negative
instances). Taking the negative log-likelihood as the loss function yields:

chinarxiv.org/items/chinaxiv-201808.00102 Machine Translation

https://chinarxiv.org/items/chinaxiv-201808.00102


𝐿 = − ∑
(𝑢,𝑖)∈𝑂∪𝑂−

[𝑦𝑢𝑖 log ̂𝑦𝑢𝑖 + (1 − 𝑦𝑢𝑖) log(1 − ̂𝑦𝑢𝑖)]

2 Experiments
2.1 Datasets

Currently, numerous public datasets are available for recommendation research.
To validate the performance of our proposed deep joint learning recommendation
algorithm fusing metadata and attention mechanisms, we employ two public
datasets: MovieLens 100K and MovieLens 1M [?]. The MovieLens datasets
are provided by the GroupLens research group at the University of Minnesota’s
Department of Computer Science and Engineering. Each user has rated at
least 20 movies, with data sparsity levels of 0.9369 and 0.9553 respectively, and
both provide auxiliary information such as user occupation and movie genre.
MovieLens 100K contains 943 users, 1,682 movies, 19 movie genres, and 100,000
five-star ratings. The 1M dataset contains 6,040 users, 3,952 movies, 18 movie
genres, and 1 million five-star ratings. Additionally, both provide auxiliary
information like user occupation and gender. Although implicit feedback is
easier to obtain than explicit feedback, publicly available datasets based on
implicit feedback with user metadata are scarce. Therefore, following commonly
used methods in literature [?, ?], we convert explicit rating data into implicit
data.

2.2 Evaluation Metrics

The proposed algorithm utilizes deep networks for multi-class rating prediction.
Currently, various metrics are used in the recommendation field to measure the
quality of rating prediction. To evaluate item recommendation performance,
we adopt the leave-one-out evaluation method, a widely used top-K evaluation
approach in literature [?, ?, ?]. In experiments, we randomly sample 100 items
that a user has not interacted with based on timestamps and rank the test
item among these 100 items. The ranking list performance is measured by Hit
Rate (HR) and Normalized Discounted Cumulative Gain (NDCG) [?]. Unless
otherwise specified, we set the truncation value K to 10 for both metrics. HR in-
tuitively measures whether the test item appears in the top-10 list, while NDCG
measures ranking quality by assigning higher scores to top-ranked positions. HR
and NDCG are defined as follows:

𝐻𝑅@𝐾 = #hits@𝐾
|𝐺𝑇 |

𝑁𝐷𝐶𝐺@𝐾 = 1
|𝐺𝑇 |

𝐾
∑
𝑖=1

2𝑟𝑒𝑙𝑖 − 1
log2(𝑖 + 1)
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where 𝐺𝑇 denotes the set of test items and the algorithm-generated ranking list,
and 𝑟𝑒𝑙𝑖 is the relevance of the item at position 𝑖. During evaluation, we use
simple binary representation: 𝑟𝑒𝑙𝑖 = 1 if the item is in the test set, otherwise 0.

2.3 Experimental Environment and Parameter Settings

To demonstrate the superiority of our proposed deep joint learning recommen-
dation model fusing metadata and attention mechanisms, we implement the
algorithm on a single node of a cluster (experimental environment shown in
Table 1 ). We compare it against the following representative baseline models:

a) CBMF [?]: Content-boosted matrix factorization model that directly in-
corporates metadata information into the matrix factorization framework.

b) NeuMF [?]: Neural network-based collaborative filtering method for com-
paring the impact of auxiliary information on recommendation effective-
ness.

c) ItemKNN [?]: Standard item-based collaborative filtering method.

Table 1 Experimental Environment

Environment Configuration
OS Linux
CPU 3.5GHz
RAM 96.00GB
Python 3.5
Deep Learning Libraries TensorFlow 1.2.0, Keras 2.0.5

2.4 Experimental Results and Analysis

For parameter determination, we employ 5-fold cross-validation using item at-
tributes (movie genres) and user attributes (gender, age, and occupation). We
use positive instances along with four uniformly sampled negative instances
per positive instance as input, evaluated via multi-class logarithmic loss. The
model is trained from scratch with a learning rate of 0.001, optimized using
Adam, which offers the advantage of bias correction and a bounded learning
rate per iteration to stabilize parameters. The network follows a tower struc-
ture where each successive higher layer halves the size, with layer dimensions
of 128→64→32. ReLU is selected as the intermediate activation function due
to its support for sparse activation, making the model less prone to overfitting.
First, we evaluate our model’s recommendation performance, with final results
shown in Table 2 .

Table 2 Experimental Comparison on MovieLens Datasets (K=10)
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Dataset\Metrics Model HR NDCG
MovieLens 100K ItemKNN - -

CBMF - -
NeuMF - -
DJRMA - -

MovieLens 1M ItemKNN - -
CBMF - -
NeuMF - -
DJRMA - -

Second, we vary the layer structure to evaluate performance, equivalent to chang-
ing matrix factorization dimensions. As shown in Figures 6 [Figure 6: see orig-
inal paper] and 7 [Figure 7: see original paper], the DJRMA model further
improves recommendation metrics HR and NDCG by enhancing key attribute
influence factors. Under equivalent settings on the 100K dataset with factor
size 32, HR improves by 1.9%, 8.3%, and 13.2% compared to NeuMF, CBMF,
and ItemKNN respectively, while NDCG improves by 4.6%, 9.5%, and 22.5%.
Similarly, analysis of Figures 8 [Figure 8: see original paper] and 9 [Figure 9: see
original paper] reveals that on the 1M dataset, HR improves by 0.9%, 4.8%, and
13.9% compared to NeuMF, CBMF, and ItemKNN respectively, with NDCG im-
proving by 1.1%, 8.9%, and 18.2%. Thus, the proposed algorithm demonstrates
superior recommendation performance over baseline methods.

Furthermore, comparing Figure 6 with Figure 8 and Figure 7 with Figure 9
shows that DJRMA’s recommendation metrics are superior on the 1M dataset
compared to 100K, with HR and NDCG improvements of 3.9% and 6.4%. There-
fore, as the training set increases, DJRMA exhibits strong learning capability,
though the overall improvement rate decreases, indicating that issues such as
sample imbalance affect the model.

Figure 10 [Figure 10: see original paper] shows training loss on the MovieLens
1M dataset across different iterations. The model utilizes implicit feedback for
binary classification recommendation, and we obtain optimal model parameters
through training log loss. The figure demonstrates that training loss gradu-
ally decreases with increasing iterations until stabilization. The most effective
number of iterations is approximately 10-20. In subsequent MovieLens 100K
experiments, we observe similar trends, where additional iterations may cause
model saturation and cease to improve the training loss metric.

3 Conclusion
This paper combines novel attention network feature learning and inference
with deep network factorization machines, proposing a deep joint learning rec-
ommendation method that fuses metadata and attention mechanisms. One com-
ponent achieves matrix nonlinear decomposition to learn personalized user/item
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relationships, while the other utilizes an attention mechanism to automatically
capture the influence of key user/item attributes on recommendation, extend-
ing the model by highlighting user preference relationship modeling through
different attribute weights. The algorithm formalizes a modeling approach for
collaborative filtering to solve recommendation problems, ultimately achieving
rating prediction through dual deep network joint learning. Finally, we validate
our algorithm on two public datasets, MovieLens 100K and 1M. Experimental
results demonstrate that the proposed recommendation algorithm not only ex-
hibits superior recommendation performance compared to baseline methods but
also maintains comparable learning efficiency.

In future work, we will consider introducing richer metadata information to
mine the impact factors of cross-attribute relationships on relationship expres-
sion, thereby improving algorithmic recommendation quality. Additionally, we
will explore constructing more reasonable recommendation frameworks using
residual networks, convolutional networks, or other deep models [?] to compre-
hensively utilize features at different abstraction levels, which remains a hot
topic in current recommendation research.
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