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ABSTRACT To improve the efficiency and intelligence level of an archive management system (AMS)
in multimodal data processing, this study proposes and designs an intelligent AMS based on deep learn-
ing (DL). However, the traditional AMS faces problems, such as inaccurate data classification, low query
efficiency, long response delay, and insufficient system expansibility, when dealing with massive multimodal
data. To address these issues, mainstream DL models such as Decoding-Enhanced Bidirectional Encoder
Representation from Transformers with Disentangled Attention (DeBERTa), Contrastive Language-Image
Pretraining (CLIP), and Swin Transformer are comparedwith the proposed optimizedmodels. The optimized
model’s performance improvement in multimodal archive management tasks has been validated through
multidimensional experimental assessments. In comprehensive performance comparison experiments, the
optimized model demonstrates excellent performance across several key metrics, including resource con-
sumption, response time, data processing throughput, query efficiency, and fault recovery capability. For
instance, the optimized model’s response time in text processing tasks is 98.367 milliseconds (ms), signif-
icantly lower than the Swin Transformer’s 156.234 ms. Regarding audio processing tasks, the optimized
model’s resource consumption is only 4.387 GigaByte (GB), markedly lower than DeBERTa’s 6.823 GB.
Furthermore, in terms of user satisfaction, the proposed model scores as high as 9.238 in text processing,
indicating an enhancement in the user experience. Through effectiveness evaluation experiments, this study
further confirms the superiority of the optimized model in terms of accuracy, processing delay, self-learning
ability, error rate, security assessment, and system scalability. Moreover, the optimized model achieves an
accuracy of 94.23% in text processing, nearly 4% higher than DeBERTa, and reduces the error rate in audio
processing to 3.78%, showing greater stability and reliability. Therefore, this study provides new solutions
for AMS in the fields of multimodal data processing and intelligent management, especially in enhancing
system performance, optimizing user experience, and strengthening system security and scalability.

INDEX TERMS Intelligent archive management, deep learning, multimodal data processing, system
optimization, security and scalability.

I. INTRODUCTION
A. RESEARCH BACKGROUND AND MOTIVATIONS
In the wave of the digital era, archive management
is gradually transitioning from traditional paper archives
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to electronic archives. How to efficiently and securely man-
age and utilize massive amounts of archival information
has become a significant challenge for various organiza-
tions and institutions. The traditional archive management
system (AMS) relies heavily on manual operations, which
struggle to cope with the rapid growth of data volume and the
complexity of information retrieval. This often leads to issues
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such as information redundancy, low retrieval efficiency, and
both false positives and negatives in detection, thereby affect-
ing the efficiency and accuracy of archive management [1].
Furthermore, with the increasing demands for privacy pro-
tection and data security, AMS is also facing pressures
related to data security, privacy breaches, and access control.
In this context, advancing Artificial Intelligence (AI) and
Deep Learning (DL) technologies provide innovative solu-
tions for intelligent archive management. With their powerful
data processing and pattern recognition capabilities, DL tech-
nologies can extract useful patterns from vast amounts of
unstructured data, thereby enabling automated classifica-
tion, precise retrieval, and information recommendation,
significantly enhancing the intelligence level of archive man-
agement [2], [3], [4]. Additionally, these technologies possess
robust self-learning and optimization abilities, allowing for
dynamic adjustments and upgrades in response to changes in
archive data, which provides AMSwith greater flexibility and
adaptability.

Based on this, this study proposes an intelligent archive
management model based on DL technology. It aims to
address various bottlenecks and issues in traditional AMS
and promote the intelligence and automation of archive man-
agement. Simultaneously, the study offers new theoretical
foundations and technical support for improvingmanagement
efficiency, accuracy, and security.

B. RESEARCH OBJECTIVES
(1) By applying models from DL such as Convolutional

Neural Networks (CNNs) and Recurrent Neural Net-
works (RNNs), developing an archive classification
system capable of efficiently processing multimodal
data is achieved. This facilitates the intelligent cate-
gorization and organization of archives, enhancing the
efficiency and accuracy of classification tasks.

(2) Different DL algorithms and their performance in
archive management tasks are compared, and the
optimal model and architecture are selected. This
ensures that the system can efficiently process massive
data while maintaining low resource consumption and
response time, thereby improving the system’s overall
operational efficiency.

(3) By designing reasonable experiments, the performance
of a DL-based intelligent AMS on multiple indicators
(such as response time, resource consumption, data
processing throughput, etc.) is evaluated. Moreover,
the system’s accuracy, security, and user satisfaction in
practical applications are analyzed.

II. LITERATURE REVIEW
Archive management technology has evolved from tradi-
tional paper-based systems to electronic and, more recently,
intelligent management. The swift progress of information
technology in recent years has further transformed archive
management models. Jaillant and Rees pointed out that tradi-
tional AMS faced the challenge of a rapidly growing number

of archives, and the parallel management of both paper and
electronic archives increased the complexity of classifica-
tion and retrieval, posing challenges for meeting modern
management needs [5]. Kunduru and Kandepu argued that
with the advancement of digitization, electronic archive
management gradually became mainstream. However, many
existing systems depended heavily on database technology
and lacked intelligent functions, resulting in inefficiency
when dealing with large-scale data and making it difficult
to achieve fast and efficient archive retrieval [6]. As one
of the core technologies of AI, DL has been increasingly
applied in the archive management field, especially in classi-
fication and retrieval. Abdulwahid et al. applied CNNs for the
automatic classification of archive images. They found that
DL-based classification models demonstrated high accuracy
and efficiency when processing large volumes of archive
images, markedly enhancing the intelligence of archive clas-
sification [7]. Zhao et al. studied the application of DL in
Natural Language Processing (NLP). They proposed the use
of semantic analysis to automatically classify and retrieve
archive texts, addressing the issues of inaccuracy and ineffi-
ciency present in traditional keyword-matching methods [8].
As the digital transformation of archive management con-
tinues, the challenges surrounding archive data security and
privacy have become increasingly prominent. Ensuring data
security in intelligent management systems has become a crit-
ical research topic in academic and practical fields. Hawkins
noted that the main data security risks in archive manage-
ment stemmed from data breaches and insufficient access
control. Moreover, traditional encryption and access control
measures were limited in intelligent systems, necessitating
the integration of AI technologies to enhance archive security
management [9].
Existing research indicates that archive management tech-

nology is at a critical stage of intelligent development, and
DL has demonstrated significant effectiveness in archive clas-
sification, retrieval, and recommendation. At the same time,
the widespread use of digital archives has made security and
privacy protection key challenges, requiring the exploration
of more intelligent solutions. Consequently, this study builds
on these foundations to further explore how DL technol-
ogy drives the smart development of archive management,
providing theoretical and technical support for constructing
intelligent AMS.

III. RESEARCH METHODOLOGY
A. DL-BASED AUTOMATIC CLASSIFICATION AND
RETRIEVAL OF ARCHIVES
Feature extraction is a foundational step in the automatic
classification and retrieval system for archives, determining
whether the system can effectively understand and process
archive data. Archive data often exhibits diversity, includ-
ing structured data (such as dates and identifiers) and a
large amount of unstructured data (such as text, images, and
videos). Consequently, different types of data require distinct
feature extraction methods. The core task of the archive
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TABLE 1. Application of common analysis models.

TABLE 2. Data security risks in archive management.

classification model is to automatically categorize archives
into predefined classes based on the extracted features, facil-
itating subsequent storage, retrieval, and management [10],
[11], [12]. DL is widely applied in archive classification,
primarily relying on several common models, as detailed
in Table 1.
In AMS, text-based archives hold significant importance.

Thus, conducting an in-depth analysis of text content is a cru-
cial means to enhance archive management efficiency [13].
Furthermore, before performing content analysis, it is essen-
tial to preprocess the text archives, encompassing steps such
as tokenization, part-of-speech tagging, stop-word removal,
and stemming. These operations help eliminate noise and
improve the accuracy of subsequent analyses. In addition,
DL-based semantic analysis techniques can transcend tradi-
tional keywordmatching to achieve a deeper understanding of
text archive content. Meanwhile, by applying pre-trained lan-
guage models, text can be transformed into context-sensitive
vector representations, capturing the complex semantic rela-
tionships within the text. Thus, this enables the system to
identify themes, sentiments, and relevancy in archive con-
tent [14], [15], [16].

In summary, the DL-based automatic classification and
retrieval system for archives significantly enhances the
intelligence and automation of archive management. This
is achieved by integrating deep feature extraction, model
design, NLP, and intelligent retrieval and recommendation
technologies. Hence, it can provide users with more precise
and efficient archive management and utilization services.

B. INTELLIGENT SECURITY AND PRIVACY PROTECTION IN
ARCHIVE MANAGEMENT
AMS faces various data security risks during its operation,
including data leakage, tampering, loss, and unauthorized
access. Understanding these risks is essential for designing

effective security protection strategies [17]. The specific risks
are exhibited in Table 2.
With the development of DL technology, many advanced

privacy protection methods have been applied to AMS to
enhance the system’s security and privacy capabilities [5],
[23], [24]. For example, differential privacy is a crucial
protection technique that safeguards individual privacy by
adding noise to data queries or analysis results. Meanwhile,
DL models can incorporate differential privacy techniques
to prevent reverse inference of sensitive archival information
while maintaining model accuracy. Particularly during the
statistical analysis and model training of archive data, differ-
ential privacy can effectively prevent external attackers from
inferring the original archive content from the model [25].
To sum up, intelligent security and privacy protection in

archive management are vital components of the archives’
digital and intelligent development [26], [27], [28]. The intro-
duction of DL technology has markedly improved AMS
in areas such as data security, privacy protection, identity
authentication, access control, and violation detection. These
enable it to better address the security challenges of the
digital age.

C. DESIGN OF THE INTELLIGENT AMS BASED ON DL
System architecture is the core part of intelligent AMS
design, which determines how the system coordinates each
module to realize the function of intelligent archive man-
agement. The designed AMS architecture based on DL
includes an application, data, processing, and interface layers,
which cooperate to realize intelligent archive classification,
retrieval, storage, and security management. As the number
of archives increases and the diversity of data types expands,
traditional local storage methods are increasingly inadequate
to meet the demands of intelligent management systems.
Consequently, integrating archive data storage with cloud
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FIGURE 1. The architecture of the intelligent AMS.

services has become a trend in smart archive management.
Moreover, cloud storage offers high scalability, flexibility,
and cost-effectiveness, providing a stable storage environ-
ment for massive archive data. In this system, a hybrid cloud
architecture is employed for archive data storage, combin-
ing the advantages of private and public clouds to achieve
flexibility and security in data storage. Sensitive archive data
can be stored in the private cloud to ensure data security
and privacy protection. In contrast, non-sensitive data is
stored in the public cloud to reduce costs and enhance data
access efficiency. The system adopts a data tiering strat-
egy to optimize the utilization of storage resources. Archive
data is categorized for tiered storage based on attributes
such as usage frequency and importance. For instance, fre-
quently accessed archives (hot data) are stored on high-speed
storage devices to ensure rapid retrieval, while less fre-
quently accessed archives (cold data) are stored on more
cost-effective storage devices to minimize system overhead.
The system utilizes distributed storage technology, replicat-
ing and distributing archive data across multiple nodes to
achieve high availability and fault tolerance. Additionally,
a disaster recovery backup mechanism is integrated into the
system, which regularly backs up archive data to off-site
storage centers to ensure rapid data recovery in the event of
a failure or disaster. Thus, it can safeguard the continuous
availability and integrity of the archives. The intelligent AMS

is also integrated with multiple cloud service platforms, such
as Amazon Web Services and Microsoft Azure. Overall, the
data analysis, machine learning (ML), and content manage-
ment services provided by these cloud platforms can further
enhance the system’s level of intelligence. For example, the
system can automatically analyze, classify, and recommend
archive data by utilizing the cloud platform’s ML application
programming interface.

The specific architecture is displayed in Figure 1:
This study optimizes the model architecture, which is

divided into five key layers: the data layer, processing layer,
application layer, interface layer, and security layer. Each
layer focuses on the storage, intelligent functionality, and
security design of archival data, integrating advanced compu-
tational technologies to support the processing of large-scale
multimodal data. The data layer, as the system’s founda-
tion, is responsible for storing and managing archival data.
To accommodate various types and scales of archives, the
data layer integrates distributed databases and cloud stor-
age technologies to handle structured and unstructured data
(such as documents, images, and audio). A caching mech-
anism stores frequently accessed data, reducing database
query latency. Additionally, backup and disaster recovery
systems are introduced to ensure data security and sys-
tem stability. The processing layer is the system’s core,
focusing on the development of intelligent functionalities
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based on DL technologies, including archival classification,
retrieval, recommendation, and security detection. DL mod-
els extract features from text and images, and multimodal
data classification is achieved through weighted fusion. The
semantic retrieval module implements accurate search via
semantic matching algorithms, while the recommendation
feature combines collaborative filtering and DL algorithms
to offer personalized archival recommendations. The security
detection module utilizes DL to analyze user access logs in
real-time, automatically identifying and blocking potential
threats. The application layer is directly user-facing, provid-
ing themain functionalities required for archivemanagement.
Users can quickly locate target archives through classification
and retrieval functions, andmanage user roles and access con-
trol via the permission management module. Furthermore,
the system’s administrative console enables administrators
to monitor system status, operation logs, and data man-
agement, significantly improving operational efficiency. The
interface layer facilitates integration with external systems
and services, offering standardized interfaces via RESTful
API and GraphQL API. It supports data exchange with other
business systems and cross-platform, multi-device access.
The interface layer also provides integration with third-party
cloud services, enhancing the system’s compatibility and
flexibility. The security layer is embedded throughout the
entire system architecture, providing comprehensive security
protection for each layer. Multi-factor authentication ensures
the uniqueness of user identities, and advanced encryption
algorithms are used to protect sensitive information during
data transmission and storage. Additionally, the intelligent
audit module, combined with DL-based log analysis tools,
detects anomalous operations and potential threats in real-
time, thus enhancing the system’s security and reliability.

The overall architecture adopts a distributed design with
cloud storage technology, supporting parallel processing and
dynamic scaling of large-scale data. It ensures fast response
capabilities under high concurrency scenarios through effi-
cient caching and indexing mechanisms. By incorporating
DL-optimized retrieval algorithms, the system significantly
improves retrieval efficiency and accuracy in large-scale data
scenarios. The multi-layered security protection mechanisms
ensure data privacy and system security. The design of this
optimized model not only achieves efficient multimodal data
processing but also reaches new heights in performance,
intelligence, and security, offering strong technical support
for intelligent archive management.

IV. EXPERIMENTAL DESIGN AND PERFORMANCE
EVALUATION
A. DATASETS COLLECTION, EXPERIMENTAL
ENVIRONMENT, AND PARAMETERS SETTING
The experimental dataset, ArchivalQA, is specifically desi-
gned for open-domain question answering and focuses on
archive management tasks related to historical news. It com-
prises approximately 1.8 million news articles spanning
from 1987 to 2007, with a significantly larger dataset

size compared to other similar datasets. In addition, the
dataset primarily consists of textual news articles, especially
for document understanding and retrieval tasks in archive
management. The dataset can be downloaded from the
official website (https://www.openml.org/). The ArchiveQA
dataset’s selection is based on its scale, content diversity, task
design, and high adaptability to archive management tasks.
This dataset provides a real and complex testing environment
for the intelligent AMS in this study. It validates the model’s
multimodal processing capabilities and tests its performance
with historical data spanning a long period. Compared to
other datasets, ArchiveQA more comprehensively meets the
research requirements, offering higher practical value and
academic significance.

The experimental environment is as follows. The graph-
ics processor model is NVIDIA Tesla V100, the memory
capacity is 256GB DDR4, the storage device model is
Samsung PM1733 NVMe SSD, and the motherboard model
is Supermicro X11 series server motherboard. Meanwhile,
the network device model is Mellanox ConnectX-5 100GbE
network card, the operating system version is Ubuntu
20.04 LTS 64-bit, and the Python version is Python 3.8.10.
The comparative models selected for the experiment are
Contrastive Language-Image Pretraining (CLIP), Decoding-
Enhanced Bidirectional Encoder Representation from Trans-
formers with Disentangled Attention (DeBERTa), and Swin
Transformer. CLIP is a cross-modal contrastive learning
model that maps text and images into the same vector
space, enabling joint analysis of multimodal data. This study
involves multimodal data such as text, images, and audio, and
CLIP’s cross-modal processing ability provides an impor-
tant reference for comparison. CLIP performs excellently in
multimodal tasks such as image classification and text-image
retrieval, demonstrating advanced processing capabilities and
broad practical applications. A comparison with CLIP can
validate the improvements made by the optimized model
in multimodal data processing. DeBERTa is an optimized
model based on Bidirectional Encoder Representations from
Transformers (BERT) that excels in NLP tasks such as text
classification and question answering. This study involves a
significant amount of textual archive data, and DeBERTa’s
high semantic understanding capacity serves as a vital
baseline for comparison. DeBERTa’s decoupled attention
mechanism more effectively captures contextual information
in text, providing a powerful baseline for text classifica-
tion and semantic retrieval tasks. Swin Transformer is a
vision processing model based on a windowing mechanism
that has achieved outstanding results in image classifica-
tion and object detection tasks. The image archive data in
this study requires strong visual feature extraction capabili-
ties, and Swin Transformer provides a reliable comparative
model. Compared to traditional Transformer models, Swin
Transformer’s shifted window mechanism markedly reduces
computational complexity. A comparison with Swin Trans-
former can validate the efficiency improvements made by
the optimized model. The selection of CLIP, DeBERTa,
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and Swin Transformer as comparative models is based on
their outstanding performance in different data types (text,
images, and multimodal data). They represent the highest
level of mainstream DL models in text processing, image
processing, and multimodal processing fields. By comparing
with these models, this study can comprehensively verify
the advantages of the optimized model in multimodal AMS,
while enhancing the academic value and practical signifi-
cance of the research findings.

The model parameters in this study are carefully chosen to
meet the requirements of the experimental task and the limita-
tions of the hardware environment, ensuring the experimental
results’ validity and reliability. Firstly, the learning rate is set
to 0.01, a commonly used starting value in DLmodels, which
ensures the model converges quickly while avoiding issues
like gradient explosion or oscillation. Combined with the
optimizer and learning rate scheduling strategy, this setting
balances convergence efficiency with training stability. The
batch size is 16, increasing the training speed within the limits
of GPU memory, while effectively balancing computational
efficiency and gradient update stability, which is suitable for
handling multimodal data. The maximum sequence length
for text input is set to 128, which is sufficient to cover
most archive texts while avoiding the increased computa-
tional cost associated with longer sequences. The number of
training epochs is 3, providing sufficient learning for most
small- and medium-scale datasets while avoiding overfitting
or lengthy training processes. For the image modality, the
input size is chosen to be 224 × 224, which is the standard
size for many mainstream visual models such as CLIP and
Swin Transformer. This setting strikes a balance between
detail preservation and computational efficiency, suitable for
the handling of image data in archive management. In the
contrastive learning task, the temperature coefficient is set
to 0.07, a value that controls the distinction between positive
and negative samples. It is one of the empirically proven
optimal values in contrastive learning, effectively enhancing
the feature separation ability of the samples. Finally, the
window size in the Swin Transformer model is 7, which is
its recommended default value. It can achieve a good balance
between local feature extraction and global feature fusion,
especially suited for the multimodal archive management
tasks in this study.

In summary, these parameter settings are not only based
on practical experience in the DL field but also tailored to
the characteristics of the research task. While ensuring model
performance, these parameters effectively control the usage
of computational resources, enhancing the scientific rigor and
reproducibility of the experiments.

B. PERFORMANCE EVALUATION
1) PERFORMANCE COMPARISON TEST
The study first conducts a performance comparison
experiment, evaluating metrics such as response time,
resource consumption, query efficiency, data processing
throughput, fault recovery capability, and user satisfaction.

Furthermore, the dataset is divided into three dimensions:
text, image, and audio data, with 10,000 entries for each
dimension. The results of the performance comparison exper-
iment are suggested in Figure 2:

Figure 2a reveals that regarding response time, the
model proposed here performs best, with response times of
98.367 milliseconds (ms) for text, 112.945 ms for images,
and 145.589 ms for audio, significantly lower than other
models. In contrast, the Swin Transformer has the highest
response time when processing audio, reaching 265.732 ms,
while the CLIP model also exhibits a longer response time
for image processing. In Figure 2b, the optimized model
demonstrates significant advantages across all data types,
consuming 2.674 GigaByte (GB) (text), 3.789 GB (image),
and 4.387 GB (audio). This is more resource-efficient com-
pared to the high resource usage of DeBERTa and CLIP.
In Figure 2c, the optimized model maintains its lead, with
query times of 98.654, 113.345, and 145.984 ms for text,
images, and audio, showing a clear time advantage over
DeBERTa and Swin Transformer. In Figure 2d, the opti-
mized model processes text, image, and audio at speeds
of 2.238 GB/s, 1.889 GB/s, and 1.356 GB/s, respectively,
surpassing the other models, especially in image and audio
processing. In Figure 2e, the optimized model has the short-
est recovery times, with 5.768, 3.678, and 4.783 seconds
for audio, text, and images, remarkably outperforming Swin
Transformer and DeBERTa. In Figure 2f, the proposed model
receives the highest scores across all data types, with user
satisfaction ratings of 8.764, 9.238, and 8.467 for images,
text, and audio, indicating a notable improvement in user
experience compared to other models.

2) EFFECTIVENESS EVALUATION EXPERIMENT
An effectiveness evaluation experiment is conducted to ver-
ify the effectiveness of the proposed optimized model.
It compares metrics such as accuracy, processing delay, self-
learning ability, error rate, security assessment, and system
scalability. The results are depicted in Figure 3:

First, Figure 3a shows that in terms of accuracy, the pro-
posed optimizedmodel reaches accuracies of 94.23% for text,
91.89% for images, and 89.54% for audio, outperforming the
other models. CLIP also performs well in image classifica-
tion tasks, with an accuracy of 88.56%, but it lags behind
the optimized model in text and audio processing. Second,
in Figure 3b, the proposed model exhibits the lowest delay,
with 62.34, 53.89, and 49.78 ms for audio, text, and image
processing, apparently lower than that of the Swin Trans-
former, especially in audio processing. Third, in Figure 3c,
the optimized model exhibits higher abilities across all data
types, with scores of 8.56, 8.34, and 7.89 for text, image,
and audio processing, respectively, exceeding DeBERTa
and Swin Transformer. Then, Figure 3d presents that the
optimized model has lower error rates of 3.12%,1.76%,
and 3.78% for images, text, and audio processing, illustrating
higher accuracy and reliability. Next, in Figure 3e, the pro-
posed model achieves higher security scores, with 8.98, 9.01,
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FIGURE 2. Performance comparison results ((a): Response Time; (b): Resource Consumption; (c): Query
Efficiency; (d): Data Processing Throughput; (e): Fault Recovery Time; (f): User Satisfaction).

and 9.12, for audio, images, and text, significantly outper-
forming the Swin Transformer, especially in audio processing
tasks. Lastly, in Figure 3f, the optimized model attains higher
scalability scores across all data types, with scores of 8.34,
8.78, and 8.12 for images, text, and audio, demonstrating
superior scalability compared to CLIP and DeBERTa.

C. DISCUSSION
The performance comparison experiment demonstrates that
the proposed optimized model shows significant advantages

across all key metrics. Firstly, the optimized model achieves
a remarkable reduction in response time, particularly when
handling large-scale image and audio data, highlighting
its great potential for efficiently processing multimodal
data. Secondly, in terms of resource consumption, the opti-
mized model markedly reduces memory and computational
resource usage through more efficient algorithms and hard-
ware resource management. This means that under the same
hardware conditions, the proposed model can process more
data, thereby enhancing the system’s processing capacity.

VOLUME 13, 2025 42383



J. Li, J. Wang: Intelligent Archive Management Based on DL Technology Driven by AI

FIGURE 3. Effectiveness evaluation experiment ((a): Accuracy; (b): Processing Delay; (c): Self-Learning Ability;
(d): Error Rate; (e): Security Assessment; (f): System Scalability).

The results for data processing throughput also highlight
the optimized model’s superior performance, consistently
outperforming other models across various data types.
Combined with its shorter fault recovery time, the opti-
mized model ensures system stability and reliability even

under high-load conditions. Finally, the user satisfaction
survey further validates the optimized model’s advantages
in practical applications, particularly the improvements in
audio and image processing, which greatly enhance the user
experience. These findings demonstrate that the optimized
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model excels in performance and provides a better user
experience.

The effectiveness evaluation experiment reveals that the
proposed optimized model performs exceptionally well
across multiple evaluation metrics. In terms of accuracy,
the optimized model markedly outperforms the compari-
son models in processing text, images, and audio, partic-
ularly excelling in handling complex data. Furthermore,
regarding processing latency, the optimized model’s effi-
cient algorithms notably reduce data processing delays,
improving system real-time performance and response speed.
Simultaneously, in evaluating self-learning capability, the
optimized model exhibits stronger self-optimization abilities
due to its improved adaptive algorithms, which is crucial for
dynamic AMS. Additionally, the reduction in error rates fur-
ther validates the proposed model’s reliability, decreasing the
probability of misjudgment in multimodal data processing.
The security and scalability evaluation results suggest that
the optimized model is more reliable in data protection. Also,
it exhibits better scalability when dealing with large-scale
data and high-concurrency access, meeting the growing
demands of the system. Overall, the performance and security
of the proposed optimized model provide robust support for
the application of intelligent AMS.

This study adopts a DL approach for multimodal data
processing, comparing multiple models and proposing an
optimized model. The choice of this methodology is based
on the practical needs of the intelligent AMS, especially the
requirements for efficiently handling text, image, and audio
data. Through experimental design and performance evalu-
ation, it has been demonstrated that the selected approach
adapts well to the complexity of multimodal data while meet-
ing the multiple objectives of system performance, resource
management, and security. Therefore, the proposed method
is highly applicable in the current field of archive man-
agement. Furthermore, this study’s main innovation lies in
the optimization and integration of existing DL models.
By introducing adaptive learning mechanisms and efficient
model architecture design, the optimized model significantly
improves the system’s accuracy, throughput, and scalabil-
ity. Meanwhile, this study innovatively applies DL privacy
protection technologies (such as encryption and anomaly
detection) to archive management, greatly enhancing the sys-
tem’s security and reliability. Furthermore, through exploring
the distributed processing of multimodal data and dynamic
optimization mechanisms, the proposed methods offer new
solutions for intelligent AMS.

Existing literature, such as CLIP, focuses on cross-modal
processing of text and images, but its support for other
modalities, such as audio, is limited. DeBERTa highlights
text processing and lacks the ability to handle multimodal
data. Swin Transformer is primarily used for visual tasks and
struggles to scale to non-visual modalities. The optimized
model proposed here integrates multiple DL technologies to
support the processing of multimodal data, such as images,
text, and audio, notably enhancing the system’s capabilities

in multimodal scenarios. At the same time, the model
achieves feature fusion across different modalities, enabling
it to capture the potential correlations in multimodal data
more comprehensively. Mainstream models, such as CLIP
and Swin Transformer, typically require significant computa-
tional resources, especially when handling high-dimensional
images or multimodal data, making them heavily depen-
dent on hardware. While DeBERTa performs excellently
in text processing, its computational complexity may lead
to excessive resource consumption in large-scale semantic
tasks. This study reduces resource consumption and response
latency by introducing adaptive learning mechanisms and
optimized model architectures. Experiments show that, under
the same hardware conditions, the optimized model uses
fewer resources and achieves efficient data processing.

Raciti et al. made groundbreaking advances in multimodal
learning tasks, especially cross-modal text-image process-
ing, by proposing the CLIP model [29]. CLIP can map text
and images to the same vector space, significantly improv-
ing the efficiency of multimodal retrieval and classification.
However, their study primarily focuses on the fusion of
text and image modalities, with limited support for other
modalities, such as audio. Moreover, CLIP requires substan-
tial computational resources for high-precision multimodal
tasks, and its system scalability and adaptability are relatively
insufficient. The proposed optimized model supports text
and image processing and markedly enhances support for
audio and other non-visual modal data. Through cross-modal
feature extraction and fusion technologies, it achieves more
comprehensive archival data management. Rasmussen et al.
introduced the Swin Transformer model, which excelled in
computer vision tasks. Its shift-window mechanism effi-
ciently captured both local and global features of images,
making it widely used for image classification and object
detection tasks [30]. However, Swin Transformer primarily
concentrates on image modalities and struggles to handle
multimodal data like text and audio. Additionally, themodel’s
response time and system scalability in large-scale data sce-
narios still have room for improvement. While the Swin
Transformer has clear advantages in image modality pro-
cessing, it lacks support for text and audio modalities. The
optimized model in this study offers a comprehensive opti-
mization for text, image, and audio modalities, enabling
efficient handling of various modal data and enhancing
the system’s adaptability in complex archive management
scenarios.

V. CONCLUSION
A. RESEARCH CONTRIBUTION
The contributions of this study are mainly reflected in
the following aspects. First, addressing the issues of low
data classification, retrieval, and processing efficiency in
traditional AMS, this study proposes and implements an
intelligent AMS based on DL technologies. This system,
through the integration of multiple DL models, efficiently
handles multimodal archival data (text, images, audio, etc.),
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remarkably enhancing the automation and intelligence of
archive management. Second, this study proposes an opti-
mized model based on existing DL models, achieving
significant improvements in resource consumption, response
time, and query efficiency. By introducing adaptive learning
mechanisms and efficient model architecture optimization,
the accuracy of archival data processing has significantly
improved. Moreover, the error rate has been greatly reduced,
providing strong support for enhancing the system’s effi-
ciency and reliability.

Furthermore, this study addresses security issues in AMS
by designing a DL-based intelligent security monitoring and
privacy protection mechanism. By improving data encryp-
tion, access control, and anomaly detection techniques, the
system shows greater adaptability in security and privacy
protection, effectively ensuring the safety of archival data
during the management process. Finally, this study expands
the application of DL in the archive management field. Also,
it provides new solutions for intelligent management, model
optimization, system security, and scalability, with significant
theoretical and practical implications.

In conclusion, these contributions significantly enrich the
application scenarios of DL technologies in archive manage-
ment, providing innovative support for intelligent manage-
ment, performance optimization, and security assurance. This
offers important references for research and practice in the
field.

B. FUTURE WORKS AND RESEARCH LIMITATIONS
Although the proposed optimized model performs exception-
ally well across multiple experiments, there is still room for
improving computational efficiency as archive data grows.
Future research can be conducted from the following aspects.
1. Future work focuses on developing more lightweight
DL models to reduce computational resource requirements
and explore more efficient distributed training methods for
large-scale datasets. Additionally, introducing multimodal
pre-trained models could further enhance multimodal data
processing. While the current system can process text,
image, and audio data, handling more complex archive data
(e.g., video, and sensor data) remains a challenge. 2. Future
work concentrates on improvingmultimodal data fusion tech-
niques, incorporating methods from NLP, computer vision,
and temporal analysis to enhance system performance on
complex data. Concurrently it can explore automatically
extracting deep semantic information from multimodal data.
Moreover, although this study designs an intelligent secu-
rity and privacy protection mechanism based on DL, AMS
may face increasingly complicated security threats due to
the diversification of cyberattacks. 3. Future work prioritizes
researching more advanced privacy protection technologies,
such as federated learning and differential privacy, to address
more severe data security challenges. Additionally, dynamic
access control and adaptive security strategies within archival
systems can be explored to ensure continued system security
in ever-changing environments.
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