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Abstract. With the increasing growth of technological innovation and
the emergence of technological achievements, 5G technology is driving
the transformation of social and information dissemination from text to
video, and video information, live streaming and short video will usher
in new development opportunities. With the continuous development
of the two head platforms TikTok and Kwai, the short video market
pattern is gradually stabilizing, the user coverage rate is increasing and
the growth rate is starting to slow down. How to recommend short videos
that are more in line with users’ preferences has become a topic of more
concern for platforms and users nowadays. However, the existing short
video recommendation model is only based on user and item features,
and lacks the perception of time features, resulting in the existing short
video recommendation model is not ideal and needs to be improved.
A time-aware and feature fusion-based deep recommendation model for
short videos, including the TDFM model and TAFM model, is proposed
in the paper. The two proposed methods are compared iteratively with
traditional recommendation algorithms. This paper proposes a better
method with better results. We make our experimental code public so
that our experiments can be verified and reproduced. (https://github.
com/lbxd123/Time-aware-recommendation.git)
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1 Introduction

In the era of information explosion, recommender systems have become a promi-
nent force, providing personalized and accurate information services through in-
depth analysis of user behavior and interests, and successfully applied in social
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networks, e-commerce, music and movies, news and other fields. Well-known
platforms such as Taobao, Facebook, Amazon, Spotify, etc. have optimized user
experience, improved user satisfaction and platform profitability through recom-
mender systems, and at the same time promoted the innovation and development
of related industries, establishing themselves as pioneers in the information age.
As shown in Fig. 1, the impact of recommender systems spans multiple domains.

Fig. 1. The main application areas.

Short videos have become a popular way of content distribution. Although
the short video market has stabilized due to the continued growth of platforms
such as TikTok and Kwai, the rate of growth has begun to slow down as the
reach of users expands. As a result, recommending short videos that match
user preferences has become an important focus for both platforms and users.
Taking YouTube as an example, the platform leverages user interaction data for
Top-N video recommendations [1] and employs a two-layer deep neural network,
including recall and ranking, to swiftly optimize and filter candidate videos,
thereby enhancing the efficiency of the recommendation system [2].

In recent years, there has been significant progress in recommender system
research, but the current service recommendation models still lack depth in con-
sidering time-aware factors. They predominantly rely on user behavior charac-
teristics to predict the service items B that user A might need, overlooking time
requirements. Scholars have proposed time-aware service recommendation meth-
ods, such as Ngaffo (2020), Tong(2021), Li (2021), Alabduljabbar, R (2023), Wen
(2022) [3–7]. However, existing research mainly focuses on the time factors in
traditional service recommendations, neglecting the “user-item-time” matching
relationship and calling for a more comprehensive time-based service recommen-
dation approach. Furthermore, to enhance model performance, scholars such as
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Hu B(2020), Liang B(2023), Yu R (2021), Chen M(2021) have proposed multi-
feature fusion methods, significantly improving the performance of the models
[8–12].

This study proposes a new method for personalized recommendation of short
videos using deep learning techniques. The method includes two aspects: time
awareness and feature fusion, aiming to improve the accuracy and effectiveness of
recommendations. By fusing user’s historical interaction data and time informa-
tion, utilizing deep neural networks for feature learning and interaction modeling,
two end-to-end deep learning models, TDFM and TAFM, are formed. Exper-
imental results show that compared with models without time-related factors,
our model significantly improves the precision, recall rate, and other evaluation
metrics of recommendations.

2 Background Knowledge

2.1 Recommendation Algorithm

Since users’ preferences are dynamic, it is difficult to express them in words. Rec-
ommendation algorithms can help us better understand users’ preferences and
accurately recommend items to them. Collaborative filtering based on user’s
historical behavioral interaction data is one of the mainstream recommendation
algorithms [13], mainly divided into user CF, item CF and model-based rec-
ommendation. Model-based recommendation algorithms train models based on
user behavior data, and then calculate the recommendation results for users by
the models. Commonly used training models include association algorithm [14],
matrix decomposition algorithm [15], graph model [16] and implicit semantic
model [17].

2.2 DeepFM

The DeepFM model is a recommendation system that integrates Factorization
Machines (FM) and Deep Neural Networks (DNN) [18]. In its model diagram,
the input layer encompasses various raw features of users and items. The first-
order features are obtained through a linear model, while the FM component
learns second-order cross features. The embedding layer embeds raw features
into low-dimensional dense vectors, and the cross network achieves high-order
feature interactions through a multi-layer neural network. The fully connected
layer is employed for non-linear mapping, ultimately producing recommendation
scores in the output layer. This design aims to comprehensively utilize both linear
and non-linear relationships, providing a holistic representation of the complex
feature interactions between users and items to enhance the performance of the
recommendation system. For detailed steps, refer to Fig. 2.

DeepFM stands out with its simple structure and ease of operation, sup-
porting end-to-end learning without the need for additional artificial features.
Through the joint training of these two components, DeepFM can fully lever-
age sparse feature data, thereby improving prediction accuracy and the model’s
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Fig. 2. DeepFM Model Structure.

generalization capability. However, with the linear growth of feature numbers,
the model often introduces a significant amount of redundant computation.

2.3 AFM

The attention mechanism, based on the natural tendency of humans to selec-
tively focus on certain information, has been widely used in various deep learning
fields [19]. It can help models allocate different weights to input features, extract
key information, and improve prediction performance. In 2017, Zhejiang Univer-
sity and National University of Singapore jointly proposed an AFM model with
attention mechanism as an improved version of the FM model. The AFM model
introduces the attention mechanism into the “feature interaction layer” and “out-
put layer”, dynamically learns the importance of each feature, thus improving
overall performance, and achieves better expression capability and interpretabil-
ity through adaptive learning of feature importance. The AFM model can be
used for classification, regression, and ranking problems, and through the atten-
tion network mechanism, it optimizes FM, improves feature expression ability,
and makes it more interpretable.

3 Deep Service Recommendation Model Construction

The deep recommendation model is a method that uses deep learning technology
for personalized recommendation of short videos [20]. It combines time aware-
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ness and feature fusion to enhance understanding of user interests and improve
the effectiveness of short video recommendations. The model consists of several
main parts: feature extraction, time-aware modeling, feature fusion, and end-to-
end learning for video recommendations. Overall, this model combines various
techniques to better understand user interests and improve the accuracy and
coverage of short video recommendations.

3.1 Temporal Characteristics of User Behavior

The importance of time in influencing user preferences is increasingly recognized
in recommender systems. Traditional recommender systems often overlook the
temporal dimension and focus solely on user-item association, while deep service
recommendations explore underlying temporal patterns [21]. The figure provides
a formal representation of the relationship between users, items, and active time
(Fig. 3).

Fig. 3. User-Item-Time 3D database.

To obtain a high-quality low-dimensional feature representation of users, ser-
vices, and time in the recommendation system, semantic transformation of times-
tamps and analysis of the user’s time tensor are performed [22]. The data is
mapped into three-dimensional space to construct a user-item-time database.
Statistical analysis of the database provides insight into user demand cycles,
frequency, and preferences over time. Time series integration is done through
a non-linear approach and incorporates the time factor into the recommenda-
tion system. Long-term user preference modeling based on dynamic features is
explored, along with in-depth learning of changing demand characteristics for
service quality and level.
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3.2 TDFM Deep Service Recommendation Model

The TDFM model is a combination of DeepFM and time, aimed at incorpo-
rating temporal dynamics into the recommendation process. The features of
user behavior data in the dataset are encoded after undergoing pre-processing.
Interactive information from the user’s historical actions is used to extract rel-
evant features. A user-item-time feature matrix is constructed, representing the
interactions between users, items, and time. Three feature vectors, representing
user, item, and time, are randomly initialized. These vectors are then fused and
vertically stitched together to form a matrix, combining the three dimensions.
Next, the spliced matrices are passed through MLP and FM aggregation layers
for correlation prediction, respectively, and then the obtained predicted values
are spliced. The performance of a TDFM is assessed by means of assessment
indicators. These metrics assess the accuracy, relevance, or other aspects of the
model’s recommendations. The model structure is illustrated in the figure below
(Fig. 4):

Fig. 4. TDFM deep learning model.

Sparse Features: Because the category features do not directly feed to the model,
the user, item, and time features are first encoded and processed. Here hard index
coding is performed to obtain the vector feature matrix, and this layer represents
all category features for coding processing.

Dense Embedding: A dense embedding layer is used to convert the high-
dimensional dense feature matrix into a lower-dimensional dense vector. Each
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dense vector is vertically stitched together and serves as input for the Deep and
FM layers.

FM Layer: The FM layer takes the primitive feature vector as input. It performs
feature interactions by multiplying the features by two and assigning weights
to the resulting interactions. This layer allows the model to learn the low-order
feature effects.

Hidden Layer: The dense vectors from the Deep part are vertically stitched
and processed through a hidden layer. This layer consists of multi-layer linear
mappings and non-linear transformations. The output of the hidden layer is
typically mapped to one dimension, as it needs to be combined with the results
from the FM layer.

Output Units: The output layer combines the results from the FM layer and the
hidden layer. It fuses the low-order and high-order features to capture both their
effects. A sigmoid non-linear transformation is applied to the combined output,
resulting in a predicted probabilistic output.

3.3 TAFM Deep Service Recommendation Model

TAFM is the product of combining AFM with time. Based on FM, a weight is
assigned to the result of FM, which is obtained by learning and available for
represent the attention paid to different features between crossovers. The input
and embedding layers are identical to TAFM, where the input features are hard-
indexed and encoded, and the feature matrix is embedded into the dense vector.
The whole model framework is shown in the following figure (Fig. 5).

Fig. 5. TDFM deep learning model.
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Pair-wise Interaction Layer: The main idea is to model the combinatorial
features by taking all the input embedding vectors m and interacting them two
by two to output m(m−1)/2 vectors, which have the same dimensionality as their
vectors. It is equivalent to the computational logic of FM in a neural network,
where ξ denotes the output from the embedding layer and � denotes the inner
product with two vectors.

fPI(ξ) = {(vi � vj)xixj}(i,j)∈Rx
(2)

Attention-based Pooling: This pooling method is based on an attention mech-
anism that adaptively weights the input data to enhance the models’ perfor-
mance and accuracy. AFM implements the Attention mechanism by adding a
weighted sum after the Interacted vector. aij is the attention between feature i
and feature j, which indicates how different combined features contribute to the
prediction of the degree of contribution of different combined features. The form
is as follows:

fAtt(fPI(ξ)) =
∑

(i,j)∈Rx

aij(vi � vj)xixj (3)

A multiplicative attention mechanism is introduced, where weight is obtained
after normalization through a softmax layer. w and b can be considered as
weights and bias terms of a linear layer whose input is the hidden vector length
k. The output is a hyperparameter, assumed to be t, so that W ∈ Rt×k, b ∈ Rt,
and h ∈ Rt. Where xi xj is a user-item-time three-dimensional feature vector
stitched together.

a′
ij = hTReLU(W (vi � vj)xixj + b) (4)

aij = Softmax(a′
ij) =

exp(a′
ij)

∑

(i,j)∈Rx
exp(a′

ij)
(5)

4 Experiment

In this chapter, compares the depth service model we propose with the original
model, and the experimental results show that the model is effective.

4.1 Dataset

The validity of the model was evaluated using the publicly available dataset
KuaiRec. The KuaiRec dataset is a real dataset created by CSU and the Racer
team, consisting of recommendation logs from the video-sharing mobile app
Racer. It spans from July 5 to September 5, 2020, with a data consistency
rate of 99.6% [23]. The dataset contains a large volume of user-item interac-
tions and includes side information such as item categories and social network
information. User-video features and interaction duration are also extracted and
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encoded to provide further insights into user preferences. The dataset is valuable
for evaluating and improving recommendation systems, especially in the context
of video-sharing platforms (Table 1).

Table 1. Dataset

Dataset Users Items Interactions Density

KuaiRec 1411 3327 4676570 99.6%

4.2 Evaluation Indicators

The paper uses four popular evaluation metrics to assess model performance
and accuracy: average loss value, precision, recall, and accuracy. These metrics
allow for a comprehensive assessment of different aspects of model performance,
enabling researchers to compare and select models based on their performance
on these metrics (Table 2).

Table 2. Basic concepts

P(Positive) N(Negative)

T(True) TP FN

F(False) FP TN

The definitions of the three indicators are shown below:

Precision =
TP

TP + FP
Recall =

TP

TP + FN
Accuracy =

TP + TN

P + N
(6)

4.3 Performance Comparisons

The effectiveness of TDFM and TAFM models is validated by evaluating them
on the KuaiRec dataset, a popular dataset in the short video domain. The per-
formance of the improved models is compared with that of the original models
(DeepFM and AFM) using the four evaluation metrics. Results show that the
TDFM and TAFM models outperform the original models, demonstrating their
effectiveness across different recommendation domains. An experimental com-
parison chart is presented to support this finding (Figs. 6 and 7).

The experimental results demonstrate that the TDFM and TAFM models
outperform their original versions across all metrics, including accuracy, recall,
average loss, and precision. The improvements in accuracy and recall suggest
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Fig. 6. DeepFM and TDFM models.

that the new models more effectively capture user interests, thereby enhanc-
ing the quality of recommendations. Simultaneously, the reduction in average
loss reflects better training performance of the models, while the enhancement
in precision indicates more accurate predictions of user preferences. Visualized
through experimental comparison charts, the superiority of TDFM and TAFM
models over DeepFM and AFM models is evident. These findings affirm the
effectiveness of introducing time factors in enhancing the performance of recom-
mender system models and provide robust support for the applicability of the
models across diverse recommendation domains (Table 3).

Table 3. The mean of results under KuaiRec dataset experiments.

TDFM TAFM

Train Test Train Test

Precision 0.6797 0.6741 0.6538 0.6475

Recall 0.7967 0.7844 0.7873 0.7753

Accuracy 0.6832 0.6720 0.6557 0.6435
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Fig. 7. AFM and TAFM models.

5 Conclusion

In the paper, the TDFM and TAFM models are proposed as improvements over
the traditional DeepFM and AFM models. These proposed models introduce a
temporal dimension by incorporating user-item-time 3D feature vector fusion
methods, which aim to enhance the accuracy of the models compared to the
traditional user-item 2D feature fusion.

By conducting experiments on both the KuaiRec dataset, the proposed
improvements are empirically validated and shown to be more effective in the
context of recommendation systems. The results of the experiments demonstrate
that the TDFM and TAFM models outperform their respective traditional coun-
terparts (DeepFM and AFM) in terms of the evaluation metrics.

Building upon these findings, the paper plans to further propose time-aware
models for service recommendations. The objective of these future models is
to enhance both the precision and timeliness of service recommendations. By
considering the temporal aspect in the recommendation process, the proposed
models aim to offer users with more precise and current recommendations.
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