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Abstract

With the explosive growth of Internet information, Web applications are
facing the challenge of efficient classification and management of a massive
amount of content. Traditional classification methods rely on manual rules,
which are inefficient and difficult to adapt to dynamically changing content.
This study proposes an intelligent content classification model based on
artificial intelligence technology and metadata, and integrates it into web
applications to achieve automated and precise content classification and
management. Preprocessing operations such as cleaning, deduplication, and
word segmentation on multimodal data such as text, images, and videos in
web applications, and extract key metadata information such as title, author,
publication time, tags, etc., are performed. Pre-trained language models and
image feature extraction models are used to extract high-dimensional feature
representations of text and images, respectively, and metadata information are
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combined to construct a comprehensive feature vector. Deep neural networks
are used to learn from annotated training data and construct a classification
model. The experimental results illustrate that compared with traditional
methods, the proposed model has significantly improved in accuracy, recall,
and F1 score, reaching 95.2%, 94.8%, and 95.0%, respectively. The pro-
posed intelligent content classification model based on artificial intelligence
technology and metadata can effectively solve the problem of content classi-
fication in web applications, and improve content management efficiency and
user experience.

Keywords: Artificial intelligence technology, metadata, classification
model, web application.

1 Introduction

With the advent of the Web3.0 era and the development of web service
technology, social media, short video platforms, self-media, and AI generated
content (AIGC) are rapidly growing, and the amount of data generated
globally every day is exponentially increasing. At present, Internet users
upload a large number of videos every minute and send hundreds of millions
of pieces of social media information. The emergence of DeepSeek and other
large models further promotes the formation of network content in batches.
This explosive growth has not only expanded the information ecosystem, but
also generated some urgent problems that need to be solved. Users face a
large amount of online content and are unable to effectively filter valuable
information, leading to “information fatigue” and decision-making errors.
A large amount of low-quality, repetitive, and false content has emerged,
resulting in a significant amount of untrustworthy information with low value.
Content storage, transmission, and computation consume huge amounts of
energy, while a large amount of redundant content occupies server resources
for a long time, leading to unreasonable waste. Therefore, the Internet infor-
mation explosion has brought unprecedented complex challenges to content
management, which are mainly reflected in multiple dimensions such as
the dramatic increase of information scale, uneven quality, out of control
communication and governance dilemmas [1].

From the perspective of data scale, global Internet users generate more
than 328 million TB of data every day, of which 500,000 tweets and 690,000
Instagram posts are dynamically released every minute on social media plat-
forms. This exponential growth of information torrent makes the traditional



Integration and Application of an Intelligent Content Classification Model 807

manual audit mode completely ineffective. In terms of information quality,
research shows that nearly 40% of online content has quality issues, including
duplicate information (28%), low-quality marketing content (15%), and com-
pletely false information (7%). Among them, the false content produced by
deepfake technology is growing at a rate of 900% per year, further exacerbat-
ing the “crisis of truth”. Although the algorithm recommendation mechanism
has improved the efficiency of content distribution, it has also caused a serious
information cocoon effect. About 72% of users mainly come into contact
with content that is similar to their own views, making it difficult to form
social consensus. In the field of data security, global data breach incidents
increased by 67% year-on-year in 2023, of which 83% involved the misuse
of user privacy information. The issue of copyright infringement is equally
severe, with data from digital copyright protection organizations showing that
economic losses caused by online infringement exceed $200 billion annually.
Continuous and rapid growth of the amount of information on the Internet has
led to a large increase in demand for managing, filtering and searching these
information resources. How to manage and organize information has become
the top priority of information processing technology. Content based web
text classification technology, as a key technology in the field of information
processing, has attracted widespread attention from researchers [2].

Traditional manual content classification methods mainly rely on expert
experience or pre-defined rule systems to manage and classify content in web
applications. With the explosive growth of Internet data, such methods have
exposed significant limitations. Manual classification requires a significant
number of human resources to participate in content annotation and rule
maintenance, especially when dealing with massive amounts of content. The
processing speed is much slower than the data generation speed, becoming a
bottleneck in content management. Artificial rules do not cope well with the
diversity and dynamic changes in content semantics. On the one hand, terms
related to emerging fields or emergencies may not be covered by predefined
rules. On the other hand, the ambiguity of the same content in different
contexts can easily lead to misclassification. The limitations mentioned above
highlight the shortcomings of traditional methods in terms of scalability, real-
time performance, and intelligence, providing a research necessity for AI
based automated classification models [3].

It is very difficult to manually classify content in the face of dynamic
changes and increasingly massive web pages. A natural alternative approach
is to use artificial intelligence algorithms to assign pre-defined classifications
or cluster documents for each web document. In the case of classification,
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the known feature attributes of each web document can be used to predict
their category. Previous research has produced many proven and efficient
text-based classification techniques, such as the K-nearest neighbor (KHN)
algorithm, the naive Bayes algorithm, the decision tree algorithm, and a
support vector machine (SVM), which are the technical foundations of web
document classification. Content based web text classification technology,
as a key technology in the field of information processing, has attracted
widespread attention from researchers. In web classification, data tagging
is usually done by experts reading articles, which is a laborious and time-
consuming task. However, machine learning cannot complete tasks without
labeled data. If there is no labeled data, the machine cannot distinguish
the user’s true purpose. Although unsupervised learning can provide some
assistance, it cannot guarantee the generation of clustering results that meet
user requirements. Therefore, the main focus of research is on an algorithm
for fewer labeled examples and more unlabeled examples.

Traditional manual classification methods are not only inefficient, but
also difficult to meet users’ needs for precise and personalized content. The
intelligent classification model proposed in this study achieves automated
content management through artificial intelligence technology, which can
significantly reduce manual annotation and maintenance costs and improve
classification efficiency. In addition, automated classification can dynami-
cally adapt to changes in user behavior, continuously optimize content display
logic, and comprehensively enhance user experience. At present, most of the
research on content classification focuses on a single mode, while most of
the content in actual Web applications is multimodal and mixed. This study
constructs a unified multimodal classification framework by integrating text
features, visual features, and structured metadata, providing new ideas for
cross modal semantic understanding [4].

The contributions of this research are listed as follows: (1) an effective
fusion strategy between metadata and deep learning features is proposed to
solve the problem of feature alignment caused by heterogeneity of multi-
modal data; (2) the transfer ability of pre-trained models in small sample
scenarios is verified, and solutions for classification tasks of small-scale
annotated data can be provided; (3) an extensible classification architec-
ture that supports dynamic addition of categories in web applications is
constructed, which can promote the development of adaptive content man-
agement research.

The aim of this research is to construct an intelligent classification model
that integrates artificial intelligence (AI) and metadata to address the efficient
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classification and management of massive multimodal content in web appli-
cations. Artificial intelligence technology is applied to achieve automatic
feature extraction and classification of unstructured data such as text, images,
and videos, reducing manual intervention and significantly improving pro-
cessing efficiency. A unified feature fusion framework that combines text
semantics, visual features, and structured metadata (such as titles, authors,
tags, etc.) is designed to enhance the model’s comprehensive understanding
of complex content. By utilizing incremental learning and real-time model
update mechanisms, the classification system can adapt to dynamic scenarios
such as emerging terminology and hot topic changes, ensuring the timeliness
and accuracy of classification results. A lightweight and modular model
architecture that supports flexible expansion of classification categories is
built to meet the customized needs of different web application scenarios,
such as news, e-commerce, and social platforms. This study aims to provide
a high-precision, automated, and scalable intelligent solution for web content
management, while promoting academic progress in the field of multimodal
data classification.

2 Related Technologies and Research Progress

Content classification methods mainly adopt rule-based and keyword match-
ing technology, which is a widely used technical path in early web content
management systems. In rule-based methods, system administrators need
to define a series of classification rules and logical judgment conditions in
advance, such as “classifying documents containing the keyword ’basketball’
into the sports category”. These methods typically use regular expressions,
decision trees, or Boolean logic to implement classification decisions. Key-
word based classification relies on a pre-built keyword dictionary, which
calculates the frequency and distribution pattern of keywords in the document
to determine their category. These two methods have shown certain practical
value in early content management systems, especially when dealing with
highly structured and relatively fixed domain content.

In recent years, rule-based and keyword matching technology has been
studied by many scientists. Neminath Hubballi and Pratibha Khandait
described KeyClass, which was a deep packet inspection [5]. Fang Wang
and Liuying Yu proposed an advertising text keyword recommendation [6].
Emil Rijcken et al. examined the evolution and performance of rule-based
technology over time [7]. However, with the rapid evolution of Internet con-
tent, these traditional methods gradually exposed serious limitations. Firstly,
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rule-based systems require experts to continuously maintain and update the
rule base, which becomes extremely difficult in large-scale dynamic content
environments. Secondly, keyword matching methods cannot understand the
contextual semantics of words, resulting in a significant decrease in classifica-
tion accuracy. In addition, these methods lack support for multiple languages,
making it difficult to adapt to the needs of global web applications, and even
less capable of processing non-textual content such as images and videos.
These limitations have prompted researchers to shift towards more intelligent
content classification solutions, driving application of artificial intelligence
technology on content management.

With the explosive growth of Internet information, application of artificial
intelligence technology in content classification has become a key solution
to improve efficiency and accuracy. The combination of machine learning,
computer vision, and natural language processing technologies has enabled
intelligent upgrades to content review, classification, and recommendation
systems. Machine learning trains large-scale datasets to enable systems to
automatically recognize and classify content. Supervised learning algorithms
can be used for spam detection and low-quality content filtering, while deep
learning models can handle more complex classification tasks. For example,
YouTube uses machine learning algorithms to automatically identify illegal
videos, with an accuracy rate of over 95%, significantly reducing the burden
of manual review. Tora Sangputra Yopie Winarto et al. detected YouTube
clickbait videos based on machine learning models; a novel SVM model
had highest analysis accuracy through comparison analysis [8]. Fethi Fkih
et al. proposed a new intelligent model that exclusively according to many
features, results showed that neural network outperforms other models [9].
Zhiqiang Wang et al. proposed a classification method of the operational
manufacturing context based on knowledge integration (by business rules)
and unsupervised machine learning, and results showed that this method was
accurate in industrial production [10].

The application of computer vision technology in the field of content
classification has made significant progress, especially in multimodal data
processing and fine-grained classification. Through deep learning models can
automatically extract deep features from images or videos, achieving efficient
and accurate object recognition, scene classification, and sentiment analy-
sis. Meanwhile, the optimization of lightweight models such as MobileNet
and EfficientNet enables real-time classification on mobile devices, while
algorithms based on attention mechanisms further improve classification
accuracy in complex scenes. Lia Morra proposed face representation [11].
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Massimiliano Ciranni et al. provided a common level of knowledge in
computer vision for plankton image analysis [12].

The application of natural language processing technology in the field
of content classification has made significant breakthroughs. Existing models
are pre-trained on large-scale corpora through self-supervised learning, which
can capture deep features of vocabulary, syntax, and semantics, thereby more
accurately identifying classification dimensions such as topics, emotions, and
intentions. Meanwhile, models based on Transformer architecture, such as
T5 and BART, support multi-task learning and can simultaneously handle
tasks such as text classification, entity recognition, and keyword extraction,
improving the fine-grained classification.

Louis Kumi et al. proposed a natural language processing model with
hyperparameter tuning to classify accident cases which was developed fol-
lowing four steps [13]. Himanshu Sanjay Joshi and Hamed Taherdoost
proposed development of natural language processing systems, and estab-
lished a novel method combining existing question–answering systems with
innovative natural language processing methodologies [14].

Metadata plays a core role in structuring, retrieving, and semantically
enhancing content management systems. Its types can be divided into
descriptive metadata (such as title, author, abstract), structural metadata
(such as file format, chapter relationships), and managerial metadata (such
as copyright information, creation time). These metadata not only provide
a standardized description framework for content, but also significantly
improve classification and retrieval efficiency through semantic annotation
(such as ontology based tagging systems). The current research focuses
on the fusion of metadata and multimodal features. Abdorasoul Ghasemi
and Amirhosein Ahmadi studied cache management in content delivery
networks [15]. Hiba Khalid and Esteban Zimányi comprehensively studied
metadata complexities in online portals and data repositories, and improved
metadata structural quality through the use of syntactic preparators [16].

As seen from existing research achievements, artificial intelligent tech-
nology and metadata management have applied in-context management.
The feature representation methods of multimodal data vary greatly, and
existing algorithms cannot fully explore the deep correlations between
modalities, therefore this research proposes a multimodal content classi-
fication method based on artificial intelligence technology and metadata,
which breaks through the limitations of traditional single modal classifica-
tion and can significantly improve the accuracy and robustness of content
classification.



812 Guoxin Han et al.

Recent multimodal AI frameworks have demonstrated significant
progress in cross-modal learning by aligning visual and textual features
through contrastive learning or transformer-based architectures. However,
these frameworks primarily focus on raw data fusion (e.g., image-text pairs)
and lack explicit mechanisms to incorporate structured metadata (e.g., author,
tags, temporal information) as prior knowledge. In contrast, our model pro-
poses a hierarchical fusion strategy where metadata acts as a semantic bridge
between modalities.

3 Design of an Intelligent Content Classification Model

3.1 Construction of an Intelligent Content Classification Model

The intelligent content classification model proposed in this article adopts
modular design, and the overall architecture is illustrated in Figure 1. It is
mainly includes four core modules: a data preprocessing layer, a feature
extraction layer, a multimodal fusion layer, and a classification decision layer,
forming an end-to-end automated classification process.

The data preprocessing layer is responsible for cleaning, standardizing,
and structuring multi-source heterogeneous data (text, images, videos, and
metadata) in web applications. Text data is segmented, stop words are
removed, and entity recognition is performed; image/video data is normal-
ized by resolution and keyframe extraction; metadata (such as title, tag,
and publication time) is parsed into structured fields, laying the foundation
for subsequent feature engineering. Existing multimodal frameworks (e.g.,

Data preprocessing layer 

Feature extraction layer 

Classification decision-making layer 

Multi modal fusion layer 

Figure 1 Overall architecture of intelligent content classification.
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CLIP, ViLBERT) typically treat metadata as auxiliary inputs or ignore it
entirely, whereas our model integrates metadata at three levels: Feature-level:
Metadata embeddings are concatenated with deep features from BERT/CNN.
Alignment-level: Metadata guides cross-modal attention weights; dynamic
adaptation: temporal metadata triggers incremental model updates, address-
ing concept drift-a gap in static frameworks.

The metadata encoding pipeline is listed as follows:
Adopting hierarchical embedding: For high-frequency tags (with more

than 100 occurrences), allocate independent embedding vectors; low-
frequency tags are grouped into the “UNK” category and share a unified
embedding.

Temporal metadata: Decompose into periodic encoding: Convert times-
tamps into four dimensions, year, month, day, and hour, and encode them
using sine/cosine functions to capture periodicity.

Handling missing metadata is listed as follows:
Regularized filling: Fill the classification field (such as missing author)

with “unknown” and assign a dedicated embedding. Fill numerical fields
(such as missing views) with the median of the dataset. When the time field
is missing, use the mode time of the same category of content (such as the
default filling of 9:00 AM for news categories).

Model level processing: Introducing missing flag binary features in the
fusion layer to indicate whether metadata is missing, and concatenating them
with embeddings to input into the model.

The feature extraction layer can use BERT to extract text features,
convolutional neural networks to extract image or video features, and embed-
ding techniques to map discrete metadata into dense vectors in the ground
dimension, thereby achieving the extraction of metadata features.

The multimodal fusion layer is used to design a cross modal fusion mod-
ule based on an attention mechanism, dynamically balancing the contribution
of text, image, and metadata features, and generating a unified joint feature
representation. The multimodal fusion layer concludes following parts:

Input branch: Parallel input of text features, image features and metadata
embedding.

Attention head: Parallel computing process for annotating multi head
attention.

Gate control mechanism: Mark gate control weights guided by metadata
with dashed boxes.

Output: Fused features is input MLP (mobile location protocol) classifi-
cation.
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Classification decision layer: Input the fused features into a multi-layer
neural network (MLP) and output the probability distribution of content
categories. For dynamic content, an online learning mechanism is introduced
to regularly update model parameters to adapt to changes in data distribution.

3.2 BERT Model

BERT uses a bidirectional transformer to obtain contextual semantics through
self-attention [17]:

Out = Transformer(Embedding(Text)) (1)

where Text is input text, Embedding is input layer of BERT, Transformer
is feature extractor of BERT, output Out is vector representation of text.

BERT uses Transformer’s encoder as the feature extractor, consisting of
word vector layer, white attention layer, residual and normalization layer, and
fully connected feedforward network layer. Attention is used as the basic unit
in Transformer, which is expressed by

Attention(Q,K, V ) = Sofmax

(
QKT

√
dk

)
V (2)

in which Q,K, V are the transformed tensors of the input tensor X ∈
Rbatch×seq×dmodel represented in the form of word embeddings, Q = XW Q,
K = XWK , V = XW V , where WQ, WK , and WV are learnable parameter
matrix initialized randomly using a normal distribution. Batch is batch size,
seq is length of a sentence refers to number of words in the sentence, dmodel

is dimension of word embedding vector.
To extract more semantic information, Transformer applies the multi-

head attention mechanism, which repeats the above equation multiple times
and concatenates the results. In actual BERT, data is decomposed into h
parts based on the last dimension (dimension dmodel ), and attention mech-
anism is applied to each part (last dimension dk = [dmodel

h ]), followed by
concatenation:

MultiHead(Q,K, V ) = Concat(head1, head2, . . . , headh)W
0 (3)

where head i = Attention(Qi,Ki, Vi), h is the number of Head . W 0 is a
learnable parameter matrix initialized randomly using a normal distribution.

To preserve more information and prevent model degradation, the residual
structure (add) is used in Transformer to fuse the outputs of multi-head
attention to obtain the tensor UA ∈ Rbatch×seq×dmodel .
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To accelerate the training of the model, normalization (Norm) is intro-
duced to scale the fused residual structure UA into a class normal distribution.
Scale for the last dimension. For each scalar UA

i,j,k corresponding to k, the
scaling formula is:

ŪA
i,j,k =

UA
i,j,k − µi,j√
σ2
i,j + ξ

κk + αk (4)

µi,j =
1

d

d∑
k=1

UA
i,j,k (5)

σ2
i,j =

1

d

d∑
k=1

(UA
i,j,k − µi,j)

2 (6)

where d = dmodel , κk and αk are learning factors, and the initial value is set
as κk = 1, αk = 0. ξ is a bias term to prevent denominator degradation, ξ =
0.001 in this research.

3.3 CNN (Conventional Neural Network)

During the training process using CNN, due to the use of a gradient descent
for learning, multi-source input data needs to be standardized and fused at the
input layer. During the processing, data from different sources (such as text,
images, temporal signals, etc.) are separately subjected to feature extraction
and vectorized representation. For text data, the word vectors corresponding
to the segmented words are arranged in sequence to form a text feature
matrix; for image data, extract the pixel features or depth features to form a
visual feature matrix; for other modal data, it is converted into corresponding
feature vectors. These heterogeneous features will be fused across modalities
through methods such as feature concatenation, cross attention, or graph
neural networks, ultimately forming a unified multi-source feature matrix as
input data for training convolutional neural networks.

Feature extraction is performed through internally contained convolution
kernel, and feature extraction is carried out by [18]

Si = f(Ch·v · Ti:i+h +B) (7)

where Ch·v is the conventional core, the number of rows h is the size of
the convolution kernel window, the number of columns v is the dimension
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of the multi-source data vector, T is the feature matrix of multi-source
data, and each convolution kernel will perform convolution operations with
the feature matrix of h rows and v columns in sequence, where B is the
bias.

f is the neuron activation function. In order to prevent loss of neuron
feature information and overcome the problem of gradient vanishing during
the training process, the LeakyReLU function is expressed by [19]:

f(x) =

{
x, if x ≥ 0
ϑx, if x < 0

(8)

where ϑ is negative slope parameter; ϑ = 0.01 in this research.
Feature maps are obtained through convolutional kernel feature extrac-

tion, which are listed as

S = [S1, S2, . . . , Sm−h+1]. (9)

After feature extraction in the convolutional layer, due to the high dimen-
sionality of the feature map it is necessary to pass the feature map to the
pooling layer for feature selection and information filtering through pooling
functions. By using a pooling function to replace the result of a single point
in the feature map with the feature map statistic of its adjacent region, the
pooling process is the same as the process of scanning the feature map with
a convolutional layer. In the experiment, the MaxPooling function is used to
preserve the maximum value of the features obtained by the convolutional
kernel while discarding other feature values.

In multimodal data processing, data cleaning and deduplication are key
steps to ensure the quality of model training. Due to the diverse sources and
complex structures of multimodal data (such as text, images, audio, video,
etc.), there may be issues such as noise, missing values, inconsistency, or
duplicate data. The cleaning process needs to adopt specific methods for
different modalities, such as removing stop words and correcting spelling
errors in text data; image data needs to undergo denoising, normalization, or
anomaly detection; audio data may require noise reduction or standardization
processing. In addition, cross modal deduplication is particularly important,
as it is necessary to identify and eliminate duplicate or highly similar content
in different modalities (such as text image pairing data of the same news)
to avoid training bias. Efficient cleaning and deduplication strategies can
improve data quality, enhance the robustness and generalization ability of
multimodal models.
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In multimodal data processing, metadata, as structured information
describing data attributes, can effectively enhance the semantic understanding
ability of models. This process mainly includes two key steps:

(1) Key metadata field design, which extracts representative descriptive
features based on different data types (such as text, images, temporal
signals, etc.), and converts them into numerical form using One Hot,
embedding, or standardized encoding methods.

(2) The combination method of metadata and feature vectors optimizes the
modeling ability of the model for data relationships by deeply fusing
metadata with original features through strategies such as direct concate-
nation, cross attention, graph neural networks, or gated fusion. Reason-
able metadata design and fusion methods can improve the performance,
robustness, and interpretability of multimodal models.

The dynamic category extension mechanism is shown in Figure 2. When
a new category is introduced, the system (1) extends the output layer of
the MLP classifier by adding a neuron, (2) updates the metadata embedding
matrix to include the new tag, and (3) performs incremental training using a
few-shot learning pipeline with real-time feedback.

Model validation 

Fine-tuning based on small samples 

Online learning 
cycle 

Metadata mapping update 

Feature space expansion 
Model adjustment 

layer 

Input layer 
A small number of annotated samples 

New Category Label 

Figure 2 Diagram of the dynamic category extension mechanism.
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4 Case Study

To verify the effectiveness of the proposed model, a performance analysis is
carried out. Data used in this study comes from two parts: public datasets; text
data comes from the Kaggle News Classification Dataset, image data comes
from filtered subsets of COCO and OpenImages, and industry cooperation
data: Social media content and time series data are provided by partner
companies and used for research after anonymization. Multimodal dataset
used mainly comes from public data platforms and industry collaboration
data, with a total sample size of 1 million, covering three modalities: text,
image, and temporal data. Among them, text data comes from news articles
and social media (accounting for 50%), image data is collected from public
image libraries and actual scene shooting (accounting for 30%), and time
series data includes sensor monitoring data and financial time series (account-
ing for 20%). Temporal data is used as descriptive metadata to enhance
context awareness. The distribution of data categories exhibits a long tail
characteristic, with major categories accounting for 60%, minor categories
accounting for 30%, and rare categories accounting for 10%. To ensure data
quality, a strict cleaning process was carried out, including removing low-
quality samples (about 6%), filling missing values (4%), and cross modal
alignment (90% of samples were aligned). The dataset is divided into training
set and testing set in a ratio of 7:3.

Class imbalance mitigation is listed as follows: Oversampling: Use the
SMOTE algorithm to generate synthetic text features (based on BERT hid-
den state interpolation) and image enhancement samples for rare categories
(sample size <1000). Undersampling: Randomly downsample dominant cat-
egories (such as “news/politics”) to twice the median number of categories.

A multidimensional evaluation system is adopted to comprehensively
measure the performance of the model. The classification task mainly
examines accuracy, recall ratio, and F1 score.

Accuracy is calculated by

A =
TP + TN

TP + TN + FP + FN
. (10)

The recall ratio is calculated by

R =
TP

TP + FN
. (11)
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The F1 score is calculated by

F1 =
2PR

P +R
(12)

where P is precision ratio, which is calculated by

P =
TP

TP + FP
(13)

where TP is to predict the label as positive, FP is a negative label with a
positive prediction, TN is a negative label with a negative prediction, and
FN is used to predict the label from positive to negative.

All indexes are calculated on an independent test set and averaged over
three repeated experiments to eliminate the influence of randomness. The
experimental setup strictly maintains the baseline model and comparison
model under the same data partitioning and evaluation criteria. The hardware
environment is listed as follows: GPU: NVIDIA A100 80 GB PCIe (peak
computing power 312 TFLOPS); CPU: AMD EPYC 7763 (128 cores);
memory: 512 GB DDR4; test protocol: batch size: 1 (simulating real-time
requests); input data range: text: short text (50 words) vs. long text (500
words); image: low resolution (224 × 224) vs. high resolution (1024 × 1024).

The experimental environment of this study was built using a high-
performance computing cluster, with a hardware configuration including 8
NVIDIA DGX A100 servers, each equipped with 8 A100 80 GB GPUs (a
total of 64 GPUs), 512 GB DDR4 memory, and dual AMD EPYC 7763
processors (128 cores/256 threads). The storage system adopts a distributed
architecture, providing 500 TB high-speed storage space through NVMe
SSD and equipped with a 100 Gbps InfiniBand network to ensure data
transmission efficiency. The software environment is based on the Ubuntu
20.04 LTS operating system, and the main deep learning framework is a
combination of PyTorch 1.12.1 and CUDA 11.6, with the NVIDIA Collective
Communications Library (NCCL) enabled for multi-GPU communication
optimization. To support multimodal data processing and configure profes-
sional libraries such as OpenCV 4.6.0 and Librosa 0.9.2, all experiments were
run in a Docker container environment to ensure reproducibility. The training
process adopts mixed precision computing (AMP) and gradient checkpoint
techniques, with a single card batch size set to 128. Distributed training uses
the Horovod 0.24.3 framework to achieve data parallelism. The monitoring
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Table 1 Classification performance comparison results of different models
Performance Index

Model Accuracy Recall F1

TF-IDF+SVM 91.3% 89.6% 92.1%
ResNet-50 + BERT 93.1% 92.2% 93.5%
CLIP (Zero-Shot) 87.6% 84.2% 86.2%
TF-IDF+RF 92.4% 90.3% 93.6%
Proposed model in this research 95.2% 94.8% 95.0%

Table 2 Calculation efficiency comparison results of different models
Inference Latency

Model (Computation Efficiency) FLOPs(G)

TF-IDF+SVM 17 ms 51 ± 5.5
TF-IDF+RF 15 ms 48 ± 7.4
Proposed model in this research 8 ms 46 ± 6.1

system real-time records key indicators such as GPU utilization (average
>85%), video memory usage (peak 72 GB/card), and training throughput
(1800 samples/s).

To verify the proposed model in this research, TF-IDF+SVM (support
vector machine), TF-IDF+RF(Random forest) are also trained based on the
training set, and performance analysis of different models was carried out on
testing set; comparison results are listed in Table 1. As seen from Table 1,
the accuracy, recall ratio and F1 score of the proposed model in this research
are 95.2%, 94.8% and 95.0% respectively, which are higher than that of other
two models, therefore proposed model can effectively improve classification
performance of context.

The computation efficiency of different models is also obtained, which are
listed in Table 2. As seen from Table 2, the inference latency of the proposed
model in this research is 8 ms, which is quicker than that of the other two
models.

In order to verify the contribution of different modules, the ablation
experiment is also carried out on a testing set based on the proposed model
in this research. Analysis results are listed in Table 3. As seen from Table 3,
the complete model has improved classification performance compared to
the single modal model, proving the significant complementary effect of the
multimodal data. Removing metadata leads to a decrease in performance,
indicating that structured information such as tags and time provided by
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Table 3 Ablation experiment results
Performance Index

Experimental Group Accuracy Recall F1
Remove metadata 90.4% 88.4% 92.3%
Only text 89.3% 86.3% 90.6%
Only image 87.5% 83.4% 88.5%
Only time series 86.4% 82.7% 86.6%
Text + metadata 91.6% 89.9% 91.5%
Image + metadata 90.3% 87.8% 90.5%

the metadata is crucial for semantic understanding of the model. Content
classification based on CNN and metadata proposed in this research achieves
the best balance in three dimensions: accuracy, efficiency and robustness.
In addition, the results show that metadata provides additional semantic
constraints to reduce text ambiguity. Metadata serves as a bridge to enhance
cross modal alignment. The time mode alone has the lowest performance, but
when combined with text/images, it significantly improves the recall rate of
time sensitive tasks.

5 Conclusions

This study proposes an intelligent content classification model based on
artificial intelligence technology and metadata to address the efficient clas-
sification and management of multimodal content in web applications. By
combining deep learning and structured metadata, this model demonstrates
significant advantages in accuracy, efficiency, and scalability. Analysis results
show that collaborative learning of multimodal data (text, image, temporal)
has significantly improved the accuracy and F1 score compared to single
modal models, verifying the importance of cross modal complementarity
effects. Structured prior knowledge of metadata further optimizes the seman-
tic understanding ability of the model. The complete model achieves an
inference latency of 8 ms, meeting real-time requirements. The modular
design supports the dynamic addition of new categories to adapt to the rapid
evolution of web content. This research offers a high-precision, low latency,
and scalable solution for web content management, while also providing
technical references for future research in the field of multimodal learning.
The performance of the model depends on the completeness of high-quality
metadata. In user generated content (UGC) scenarios, sparse or noisy meta-
data (such as missing labels) may lead to performance degradation. In the
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future, self-supervised learning will be explored to automatically extract
effective signals from low-quality metadata.
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