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Dynamic edge-caching through
content popularity and crowd
prediction for short video services
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With the explosive growth of short video traffic and the increasing demand for low-latency content
delivery, efficient edge caching strategies have become critical for mobile networks. However, the
highly dynamic and personalized characteristics of short video services present substantial challenges
for traditional caching approaches, which often depend exclusively on static popularity metrics. This
paper proposes DECC (Dynamic Edge-caching through Content Popularity and Crowd Prediction), a
novel caching framework that jointly models content popularity and user access behavior to optimize
caching decisions at edge nodes. DECC integrates a hybrid deep learning architecture comprising 1D
Convolutional Neural Networks (ConvlD), Long Short-Term Memory (LSTM) networks, and Gated
Recurrent Units (GRU) to capture the temporal dynamics of both video requests and user activity.

A fusion mechanism is introduced to generate cache priority scores based on dual-path predictions,
enabling more accurate and adaptive content placement. Experimental evaluations conducted on
real-world datasets demonstrate that DECC consistently surpasses baseline methods in cache hit
rate, access latency reduction, and overall resource utilization efficiency. These results highlight the
potential of DECC as a scalable and intelligent caching solution for next-generation short video edge
services.
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With the rapid advancement of mobile Internet technologies and the proliferation of smart devices, global
mobile data traffic has witnessed unprecedented growth. According to Ericsson’s forecast, global monthly mobile
data traffic is expected to reach approximately 303 exabytes (EB) by 2030'. Among various data services, video
applications continue to dominate mobile traffic consumption and are projected to contribute the majority share
of total data volume®?. This category encompasses not only conventional long-form videos but also short-form
videos, live streaming, and diverse interactive media services. In particular, the explosive growth of short video
social platforms, such as Douyin and Kuaishou, has significantly accelerated the expansion of mobile video
services®. Recent research efforts have begun to investigate the content distribution challenges specific to short
video platforms>®.

However, the sustained surge in short video content imposes considerable pressure on the core network
infrastructure. The traditional cloud-centric computing paradigm is becoming increasingly inadequate in
addressing bandwidth consumption and transmission latency challenges. On one hand, centralized processing
exacerbates network congestion and leads to increased end-to-end delays; on the other hand, the resulting
latency and playback interruptions severely impair user experience”®. To address these issues, edge computing
has emerged as a promising architectural paradigm and has attracted extensive research interest’!!. By
offloading computational and storage workloads to edge nodes located in proximity to end users, edge computing
enhances bandwidth utilization efficiency and significantly reduces service latency, thereby improving quality of
experience*®. Furthermore, techniques such as popularity-aware caching and latency-sensitive edge deployment
have been proposed to further optimize the performance of edge computing systems'>13.

Within the edge computing paradigm, edge caching plays a pivotal role in enhancing service efficiency.!*
By proactively storing frequently requested content at edge nodes in close proximity to end users, edge
caching effectively reduces content retrieval latency and alleviates the traffic load on the core network. In the
context of video services, edge video caching has been extensively adopted to prefetch and store popular video
content, thereby facilitating fast content delivery and ensuring smooth, high-quality playback experiences'>~17.
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Compared to traditional long-form video content, short videos exhibit unique characteristics such as high
update frequency, topic diversity, and short content lifespans. These unique attributes demand more adaptive
and responsive caching strategies to maintain service quality. >!8. To address these challenges, recent studies
have proposed popularity-aware prediction models and adaptive content replication techniques specifically
designed for short video scenarios!'®1%20,

In recent years, extensive research efforts have been undertaken both domestically and internationally in the
field of edge video caching, yielding substantial progress-particularly in enhancing content retrieval efficiency
and reducing transmission latency.! Among these studies, mainstream edge caching strategies predominantly
rely on content popularity prediction, which aims to forecast the likelihood of content being requested by users
to inform optimal caching decisions>?*~2%, These strategies can generally be categorized into two groups: static
statistical methods and dynamic prediction methods. The former typically estimate content popularity based on
historical request frequency or aggregated user interaction data, and cache the Top-K most frequently accessed
items!®. In contrast, the latter employ techniques such as collaborative filtering, conventional machine learning
models, or deep learning approaches (e.g., LSTM) to capture the temporal dynamics of user demand and content
popularity, enabling more responsive and accurate caching decisions**~?’. Despite the practical success of these
popularity-based caching schemes, they often fail to account for personalized user preferences and the complex,
multi-dimensional correlations among content items, which limits their caching effectiveness and leaves room
for further enhancement>5%,

Despite notable advancements in video caching research, several critical challenges remain inadequately
addressed. First, the majority of existing methods have been designed with long-form video content in mind.
In contrast, short videos-distinguished by their brief duration, high request frequency, and rapid content
turnover-exhibit distinct spatiotemporal characteristics that undermine the effectiveness of conventional
caching mechanisms. As a result, cache hit rates are often diminished, and system resource utilization becomes
suboptimal. Second, many current strategies rely on static caching mechanisms, where decisions are made
based on fixed content popularity rankings or historical access logs. These approaches are inherently limited in
their ability to capture the temporal dynamics of user demand, leading to delayed responsiveness when content
popularity shifts rapidly. Lastly, most prior works have predominantly emphasized content-side popularity
modeling, while overlooking demand-side characteristics-such as periodic user access patterns and spatial
locality of requests across edge servers. These factors are essential for improving the granularity, precision, and
regional adaptability of edge caching strategies. Although some recent studies have attempted to incorporate
user behavior prediction into edge caching decisions, such as leveraging collaborative filtering, clustering-based
user modeling, or reinforcement learning to infer access intentions, these methods often treat user behavior
separately from content popularity. As a result, they fail to jointly capture the interaction between dynamic user
access patterns and content-level popularity variations, which is particularly critical in short video environments.

To address the aforementioned challenges, this paper proposes a dynamic collaborative edge caching approach
for short video services, termed the DECC model (Dynamic Edge Caching through Content Popularity and
Crowd Prediction). The proposed framework simultaneously incorporates predictions of content popularity and
user access trends to optimize caching decisions in dynamic environments. Unlike prior user-behavior-aware
caching frameworks that model user mobility or access probability as an isolated factor, DECC introduces a
joint prediction mechanism that integrates both content popularity dynamics and collective user crowd behavior
into a unified deep learning architecture. Specifically, DECC employs a hybrid deep learning architecture that
integrates one-dimensional Convolutional Neural Networks (1D-CNN) and Long Short-Term Memory (LSTM)
networks to model the historical request sequences of short videos and estimate their future access probabilities.
In parallel, a lightweight Gated Recurrent Unit (GRU) network is utilized to capture the periodic patterns in user
access behavior and forecast the anticipated user volume at edge nodes. By jointly fusing the prediction outputs
from these two branches, the model computes a unified cache priority score, which guides a collaborative caching
strategy that is both content-aware and crowd-adaptive. This joint modeling enables the system to dynamically
align caching decisions with both evolving content trends and user access distributions, thereby overcoming the
decoupling problem observed in earlier popularity- or behavior-only approaches. Compared to conventional
single-dimensional prediction methods, extensive experiments demonstrate that DECC significantly improves
cache hit rate, reduces caching cost and transmission latency, and enhances the overall cost-eficiency of delay
reduction.

The main contributions of this paper are summarized as follows:

o A dynamic collaborative edge caching framework (DECC) is proposed, which integrates convolutional and
recurrent neural networks to jointly predict both content popularity and user access trends. This dual-per-
spective prediction enables enhanced cache hit rates, reduced service latency, and improved cost-efficiency in
edge resource utilization.

A hybrid content popularity prediction model is developed by combining one-dimensional convolutional lay-
ers with Long Short-Term Memory (LSTM) networks to estimate the future access probabilities of short video
content. Simultaneously, a lightweight Gated Recurrent Unit (GRU)-based module is designed to capture
periodic user access patterns and forecast user volume at edge nodes, thereby facilitating adaptive resource
allocation.

« Extensive experiments are conducted on real-world short video access datasets across multiple edge nodes.
The proposed method is comprehensively evaluated using four key performance metrics: cache hit rate, ac-
cess latency, caching cost, and latency reduction per unit cost, demonstrating its superiority over baseline
methods.
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The remainder of this paper is organized as follows: the Problem Formulation section introduces the short
video edge caching problem, along with the relevant notations and system constraints. The Approach section
presents the overall architecture of the proposed DECC model and explains the joint mechanism for content
popularity and user volume prediction. The Experimental Evaluation section details the experimental setup
and evaluation metrics, and demonstrates the effectiveness of the proposed model through comparative results.
The Related Work section discusses existing approaches and highlights the contributions of this study. Finally,
the Conclusion section summarizes the findings and outlines future research directions.

Problem formulation

In this section, we present the foundational assumptions and conduct a formal problem analysis to inform the
design of the proposed model and the selection of appropriate prediction algorithms. We assume that user
viewing behaviors of short video content display distinct temporal and spatial patterns, which can be effectively
captured through historical access records. Additionally, given the constrained storage capacity of edge nodes,
only a limited subset of historically popular content can be selected for caching at each node. Based on these
assumptions, we proceed to formulate the model architecture and adopt suitable predictive techniques for
content and user demand forecasting. To facilitate the subsequent model formulation, we formally define
key concepts related to edge video servers, cache capacity constraints, user volume distributions, and content
popularity estimation. A summary of the main symbols and their corresponding definitions used throughout
this paper is provided in Table 1.

Definition 1 (Edge Server Entities) The set of edge servers is denoted as E = {e1, e2, €3, ..., en}. Each edge
server e; possesses a set of fixed physical and operational attributes, including its geographic location, coverage
radius Re,, storage capacity Se,, and maximum request-handling capacity C. These parameters collectively de-
termine the edge server’s spatial service scope and its ability to respond to video access requests.

The set of short video resources cached by edge server e; during time interval ¢ is denoted as C F2*. The
cached content C'F.F is selected from the global video category set V according to caching type, quantity, and
video priority level-typically giving preference to popular or frequently accessed videos to improve user Quality
of Experience.

However, the total required storage for caching must not exceed the edge server’s capacity Size.,, as
constrained by Equation 1.

> CFlk < Size,,

=1

(1)

Symbol Meaning

E ={ei,e2,...,en} Set of edge servers, each with attributes such as geographic location, coverage radius, and caching capacity.
U={Ucy,Ucq...,Ucp } Set of users served by each edge server.

T ={t1,ta,...,t1} Set of discrete time slots.

V= {vi,v2,...,um} Set of short video categories.

C Fs f Set of short video contents cached by edge server e; during time slot ¢, determined by the caching decision module.
M = (E,T,V) The video caching system model.

r = (e, tk, vj, Uzic v ) Video request record at time ¢}, for category v; on e;.

Ul =A{ \u|§1 s |u\;2 RN |u\:,]; } | Total number of users participating in access activities.

Ti ik = |U(::‘ i | At time t,, the number of users accessing video category v; on edge server e;.

ESVC = (M, t,v,|ul)

State of the short video edge caching system.

(t+1, 0, \{1|) Prediction target: © is the predicted video category, and \7;| is the predicted user count at ¢ + 1.

Q= (M,v,|ul) Input variables for prediction: system, content, and user statistics.

Req}, " Set of user-requested videos at edge node e; during time ¢.

Cost(v) Unit cost of caching video v}, on the edge server.

Dz?Chc Total access latency for edge node e; after caching.

D;’Eigi“al Total access latency for edge node e; without caching.

hr,ha Hidden dimensions of the LSTM and GRU networks, respectively.

C Cache capacity constraint of each edge node.

n Latency reduction per unit caching cost (efficiency metric).

Table 1. Main symbols and their meanings in the DECC model and evaluation metrics.
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This constraint ensures that the edge server performs caching within its limited resources, preventing it from
exceeding its physical capacity limit, thereby guaranteeing the feasibility and stability of the caching strategy.
It also implicitly reflects the balance between storage allocation and service quality under real-world resource
constraints.

This definition establishes the structural foundation of the system, describing how edge servers operate as
distributed caching units with bounded capacity. In the next definition, we extend this framework by introducing
the set of users associated with each edge server, thereby linking the physical infrastructure to the dynamic
access behaviors that drive caching demand.

Definition 2 (Edge User Association) The set of users is defined as U = {Ue,, Ue,, Ues, - . ., Ue,, }, where U,
represents the users accessing edge server e; across n time slots, and U, = {U!, U2, U3, ..., Ui}, with
U, f denoting the set of users accessing edge server e; at time t. It is evident that U, ef CU., CU.Usersin U, ;f f
are located within the coverage radius of edge server e;, i.e., d(U, if ,€i) < Re,. At the same time, each user can
only access one edge server at any given time, meaning U¢* N U.* = () for i # k. To reflect the resource limita-
tions of edge servers, the number of users connected to edge server e; at time ¢ must not exceed its maximum
request capacity C, i.e., |U2¥| < C, in order to ensure service quality and prevent server overload.

This definition characterizes the dynamic interaction between users and edge servers, defining spatial and
temporal constraints on user connections. It establishes how user distributions evolve within the coverage area
of each edge node, thereby linking the static server capacities described in Definition 1 to real-time service
demand. Building upon this association, the next definition formalizes user access behaviors in terms of video
request records, which quantify how users interact with specific video categories across time and servers.

Definition 3 (Video Access Records) Let the video caching system be defined as M = (E,T, V), where
E ={ei,ea,...,ex} denotes the set of edge servers, T' = {t1, t2, . .., ¢ } denotes the set of discrete time slots,
and V' = {v1,v2,...,v,} denotes the set of video content categories.

This definition provides a system-level abstraction that connects the physical infrastructure (edge servers)
and temporal dynamics (time slots) with content-level entities (video categories). It forms the foundation for
representing user access activities as structured data objects.

A single video request record is defined as a quadruple

= (ei, ty, v;, U™ )

where e; € E represents the edge server, ¢, € T is the time slot, v; € V is the video category, and Uetf’vj is the
set of users who accessed video category v; on edge server e; at time t.

In this formulation, each record encapsulates both spatial (server) and temporal (time) dimensions, capturing
how user activities interact with content distribution at the edge.

For each edge server e;, the maximum number of users it can serve at any given time is constrained by its
capacity Cl,, thus the following condition must be satisfied:

U < C, (3)

This constraint ensures that the access demand recorded in U¢***? remains feasible within the physical limitations
of each server, maintaining a consistent mapping between network load and service capability.

For a given video category v; on edge server e;, the total number of users participating in access over time
is defined as:

U] = {lultt, Juls?, - Jul 4)

where |u|/5 denotes the number of users accessing at time tj. By aggregating all video request records, a
3-dimensional request tensor R € RIEI*IVIXITI can be constructed, where each element r; ;5 = |U£f’vj |
represents the number of users accessing video category v; on edge server e; at time ¢, as illustrated in Fig. 1.
The request tensor provides a unified representation of user content time interactions, enabling a data-driven
understanding of how popularity evolves across space and time.

This tensor can be unfolded along the content or time dimension to support tasks such as video popularity
analysis, user access prediction, and cache decision optimization. Building upon this representation, the next
definition formalizes the time-aware video access prediction problem, which aims to infer future user demand
patterns and guide dynamic caching decisions based on the observed request tensor.

Definition 4 (Time-aware Video Access Prediction Problem) Building upon the request tensor representation
introduced in Definition 3, we now formalize the temporal prediction problem that underpins adaptive edge
caching decisions. Given the current state of a short video edge caching system, it is represented as a quadruple

ESVC = (M, t,v, |u|) (5)
where M = (E,V,T) denotes the structural model of the edge video access system, including the set of edge

nodes E, the set of discrete time slots 7', and the set of video content categories V'; t € T represents the current
time slot; |u| denotes the number of user accesses at time ¢; and v € V represents the video content category

Scientific Reports |

(2025) 15:42147 | https://doi.org/10.1038/s41598-025-26079-w nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

/A, A 4
— |U;11,v1| |U;:va‘ ‘U,_E:'v"‘| é &

e fle || o] A

Edge servers

AR RN N
AN N N

oot | ] ot

Short-video content

| Tl [l [ el |t [ul®

v
ei

U,

Access Vector for (ei, vj)

Figure 1. Video access tensor structure. The figure illustrates a three-dimensional request tensor composed of
edge servers, video categories, and time slots. Each cube cell represents the number of users accessing a specific

th ) ,0s
video category v; on edge server e; at time slot £(, ), denoted as |U, M “7|. The lower part of the figure

shows a user access vector sequence unfolded along the time dimension, which can be leveraged for popularity
prediction and cache optimization strategy modeling.

being accessed at the current time. Here, the quadruple ESVC serves as a compact state representation that
captures both temporal and semantic aspects of the caching environment-linking the current content demand
(v, |u]) with the structural topology of the edge system (). This formalization enables predictive modeling of
user access behaviors over time.

The time-aware video access prediction problem aims to forecast the short video content that will be cached
on edge servers at the next time slot ¢ 4 1, based on the current state ESVC. Specifically, the prediction targets
are defined as (¢ + 1, 9, |u|), where © denotes the predicted video category to be cached and |u| represents the
expected user access volume. These predictions guide subsequent optimization processes that jointly minimize
latency and caching cost in the linear programming formulation introduced in the next section.

Approach

Overall architecture of the DECC model

To facilitate efficient prediction and scheduling of short video content for edge caching, this paper proposes
a collaborative prediction framework named DECC (Dynamic Edge Caching through Content Popularity
and Crowd Prediction). The DECC model jointly leverages two complementary perspectives: one prediction
pathway captures the temporal dynamics of content popularity by modeling short video access sequences, while
the other estimates user access volume at edge nodes by learning from historical behavioral patterns. These
two predictive components are integrated through a coordination mechanism that fuses their outputs, thereby
producing unified and adaptive caching decisions. The resulting cache prioritization strategy effectively balances
content demand and user density. The overall architecture of the DECC model is illustrated in Fig. 2.

In the content prediction pathway, the model takes as input the historical video request sequences and associated
user access statistics collected from edge servers. A one-dimensional convolutional neural network (Conv1D)
is first employed to extract local temporal features from the input time series. These features are subsequently
fed into a Long Short-Term Memory (LSTM) network to capture long-range temporal dependencies, enabling
the estimation of content access probabilities for the upcoming time interval. By incorporating a multi-layer
convolutional structure along with the Sigmoid activation function, the model effectively captures nonlinear
trends and latent periodic patterns in user interest dynamics. The output is a set of content priority scores, which
serve as critical indicators for optimizing cache placement strategies.

In the user access prediction pathway, the model incorporates a Gated Recurrent Unit (GRU) to construct
a lightweight forecasting module for predicting user connection volumes at edge nodes. This component is
designed to estimate the expected level of user activity in future time slots, with particular emphasis on
identifying low-traffic scenarios-such as “zero access” cases-in order to avoid inefficient cache allocation to
underutilized nodes. The GRU-based module learns temporal features from historical user request sequences
and captures access trends along with periodic fluctuations. The resulting output consists of predicted user
connection volumes for each edge node in the next time interval, which provides a demand-aware signal to
guide cache resource allocation.
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Figure 3. Structure of the short video content prediction module.

To enable comprehensive utilization of the dual prediction outputs, the DECC model incorporates a fusion
mechanism at the output stage. This mechanism integrates the outputs from both the content popularity and
user access prediction pathways through a fully connected layer, which jointly processes the predicted content
access probabilities and estimated user connection volumes. The fused representation is then used to compute
the final cache priority scores, which serve as the basis for optimizing caching decisions across edge nodes.

Short video content prediction

In the content prediction pathway, the DECC model is designed to extract latent temporal features from
historical short video request sequences and estimate future content popularity, thereby guiding cache placement
decisions at edge nodes. This module primarily consists of a one-dimensional convolutional layer (Conv1D) for
capturing local temporal patterns, followed by a Long Short-Term Memory (LSTM) network to model long-
range dependencies across time steps. The overall structure of the short video content prediction module is
depicted in Fig. 3.

Short video content feature extraction

To effectively capture the dynamic patterns of short video content over time, the content prediction pathway in the
DECC model incorporates a one-dimensional convolutional neural network (Conv1D) to extract local temporal
features from historical video request sequences. Rather than relying on raw access data alone, the convolutional
architecture enables the model to perceive fine-grained variations in content access frequency within fixed
temporal windows-such as short-term spikes, gradual increases, and periodic fluctuations-thus facilitating
the construction of more discriminative content representation vectors. These learned representations provide
robust input features for subsequent popularity modeling and cache decision-making. The ConvlD module
processes time-series data collected from edge servers, with the temporal distribution of content categories
serving as the main input feature. By applying two layers of convolutional operations, the module captures both
trend evolution and contextual dependencies within localized time segments, enabling deep modeling of short
video content popularity dynamics.

The content prediction pathway leverages historical short video request records to construct temporal input
sequences, with the objective of uncovering time-sensitive patterns in user access behavior and content demand
dynamics.

For any given edge node e;, its corresponding access sequence can be extracted from the global request
records r, denoted as:

Tey = (tr, vj, UP™) (6)

which represents t}%e user access behavior for video category v; on edge node e; at time ¢y, along with the
»Vg
number of users |Ue!"*? | who accessed that category.
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Over a time window [t1, tx], the complete access sequence of edge node e; is represented as:
tw;
U1 = {luly, ula, . [uls},  Jule = U™ | )

By combining video category information with temporal access statistics, the input vector at each time step is
constructed as:

vy = [V}, [ule], @ € R @)

The input sequence {x1,x2,..., 27} is fed into a two-layer one-dimensional convolutional neural network
(ConvlD) to extract local temporal features. The first layer focuses on capturing fine-grained variations such as
periodicity and sudden bursts, while the second layer extracts higher-level abstract features and enhances the
contextual representation capability.

The computation of the one-dimensional convolution is formulated as follows:

k—1
7 = Z Wl(i) ~@egr + b7 )
1=0
i i 1
U§>:U(Zt(>):7m (10)
1+e %

where ¢ = {1, 2}, wh e gmx L W2 € R'™™ are the one-dimensional convolution kernels in the first and
second convolutional layers, respectively; b*) denotes the bias term; and o (-) represents the Sigmoid activation
function.

After the ConvlD module completes feature extraction, the model outputs a content feature vector at each
time step ¢, denoted as v, which captures the local temporal pattern of short video request behaviors at that time
slot. This feature vector integrates the access dynamics across multiple time steps within the convolution window,
effectively capturing sudden surges, fluctuations, and periodic trends in request frequency. It is represented as:

ve = [0, P e r? (11)

where v, is the content feature vector at time step ¢, d denotes the number of convolution channels (i.e., the
output feature dimension of the layer), and v;"’ represents the feature value extracted from the i-th channel.

The generated feature vector sequence is subsequently processed by the LSTM module, which captures
the long-term evolution of user access patterns across content categories. This enables the construction of
semantically rich representations that support accurate estimation of content access probabilities in the
forthcoming time slot.

Short video content prediction
In Section A, the model extracts local temporal features from video request sequences using a ConvlD
convolutional module, resulting in video category feature vectors v,. Building on this, this section further applies
a Long Short-Term Memory (LSTM) network to model the temporal dynamics of the extracted content features.
In the proposed model, the time-step feature vectors v; produced by the convolutional layers are fed into an
LSTM network to capture long-term behavioral patterns in video request sequences. The LSTM processes the
input sequentially using a series of gating mechanisms, effectively addressing the gradient vanishing problem
encountered in traditional RNNs when modeling long sequences.
First, the forget gate determines which parts of the historical content access state should be retained or
discarded, based on the current input feature vector v; and the previous hidden state h¢—1. The calculation
formula is:

fe=0(Wy - [he—1,ve] + by) (12)

Next, the input gate filters the valuable information from the current content feature vector and combines it with
the candidate memory state C';y to compute the new content popularity representation:

it = o(Wi - [he—1,ve] + bi) (13)
ét = tanh(Wc . [ht_l,Ut] + bC) (14)

Subsequently, the model updates the cell state by combining the previous memory cell state C; 1, regulated by
the forget gate, with the candidate memory C}, filtered by the input gate. This results in the updated cell state:

Cy=fi-Cir +it'C~’t (15)

Then, the output gate determines the current output representation based on the content feature vector and the
updated internal memory state:

ot = o (W« [he—1,v¢] + bo) (16)
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ht = oy - tanh(C}) (17)

Finally, based on the LSTM output at the last time step h7, the model predicts the video request state for the next
time slot ¢ + 1. The prediction is formulated as:

gjg_)l = softmax(Wy - hr + by) (18)

Here, ﬁéﬂ denotes the estimated access probability for each video category at time ¢ 4 1. The prediction results

serve as content popularity scores, which are further fed into the cache priority scheduling module to guide
the generation and updating of cache lists on edge servers, thereby enabling accurate content distribution and
optimized utilization of edge resources.

User access volume prediction

In the user access prediction pathway, the DECC model aims to capture the temporal characteristics of user
connection sequences, with a particular focus on identifying periodic variation patterns. The architecture of the
user access prediction module is illustrated in Fig. 4. This module consists of a one-dimensional convolutional
layer (ConvlD) and a Gated Recurrent Unit (GRU), which are responsible for extracting localized fluctuation
features and modeling long-term access trends, respectively. The ConvlD layer detects fine-grained access
dynamics-such as abrupt spikes and cyclical patterns-while the GRU network forecasts the future trajectory
of user connection volumes. Importantly, the model explicitly accounts for low-traffic or idle scenarios: if the
predicted number of user connections for a given edge node is zero or falls below a predefined threshold, no
caching resources will be allocated to that node. This selective allocation mechanism enhances the overall
efficiency of edge resource utilization by preventing unnecessary cache deployments at underutilized nodes.

Feature extraction of user access patterns

To effectively model the temporal dynamics of user access volume, a one-dimensional convolutional neural
network (ConvlD) is employed in the user access prediction pathway to extract meaningful features from
the access count sequences. Unlike directly feeding raw connection counts into the prediction model, the
convolutional structure enables the extraction of fine-grained variations in access intensity within localized
temporal windows-such as transient spikes, recurring fluctuations, and periodic trends. These learned
representations exhibit stronger temporal expressiveness and provide informative inputs for the downstream
GRU-based forecasting module.

This module operates on the time series of user access volumes recorded at edge nodes, with input
sequences constructed by incorporating auxiliary statistical features such as rate of change and periodicity. The
convolutional layer extracts stable behavioral patterns from these enriched input sequences, enabling robust
modeling of user access dynamics. The extracted features are subsequently used to predict the number of user
connections in future time slots, thereby supporting the dynamic optimization of edge caching strategies and
service scheduling decisions.

The user access prediction module focuses on modeling the variation trend of user connection counts at edge
nodes for future time slots. For any given edge node e;, the model aggregates the access counts across all video
categories based on the request records, forming a node-level user access sequence:

¢ d

Ty = [/Ujv ‘u|t]a Tt € R (19)

The resulting input sequence {z1,z2,..
operations are defined as:

.,x7} is fed into a one-dimensional convolutional layer, whose

k—1
Zz/g = Wl/ * Tt41 + b/ (20)
=0
1
’
Uy = 0(2¢) = 7 21
t (2¢) T (21)

w

GRU
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Figure 4. Structure of the user access prediction module.
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where the convolution kernel W, € R'*!, d is the feature dimension of each time step input, and b’ is the bias
term.

After being processed by the 1D convolutional network, the model outputs a user access feature vector u; at
each time step ¢, which represents the connection state of the edge node at that time. The vector is formulated as:

up = [ugl), u? . ,uid)} e R* (22)

where u; is the user access feature vector at time step ¢, d denotes the number of output channels (i.e., feature
dimensions) of the convolutional layer, and wu;" represents the feature component extracted by the i-th
convolutional channel.

User access prediction
To improve the accuracy of user-aware caching strategies, the DECC model employs a compact and
computationally efficient Gated Recurrent Unit (GRU) in the user access prediction pathway to model the
temporal evolution of user connection counts at edge nodes. Compared to the Long Short-Term Memory
(LSTM) network, GRU simplifies the architecture by merging the memory cell and hidden state, resulting in
a reduced number of parameters and lower computational overhead. This makes GRU particularly well-suited
for modeling user access sequences at edge nodes, which are often highly volatile yet structurally less complex.
The GRU module receives the user access feature vector u; as input. In the user access prediction task, the
DECC model adopts the GRU architecture in place of the more parameter-intensive LSTM, as GRU effectively
alleviates gradient vanishing issues in long-term dependency modeling while providing faster training
convergence. These advantages make GRU particularly well-suited for forecasting user connection sequences
at edge nodes, which typically exhibit high temporal variability yet follow relatively simple underlying patterns.
The core modeling objective is formalized as:

u-out u-out u-out
Pt(+l ) = g(Xlg-step >7 e 7Xt( >) (23)
Here, g(-) denotes the GRU layer, and the input sequence [X| t(f:fe;t), ..., X["°"D] represents the user access

data across a time window of length step.

The GRU first receives the current time steps user access feature vector u;, along with the hidden state
from the previous time step h¢—1, to compute two gating variables. The update gate z; determines how much
information from the previous state should be retained in the current unit:

2= o(We - [hie1,w] +b2) (24)

where o is the Sigmoid activation function. A value closer to 1 indicates stronger retention of the previous state.
Next, the reset gate r; controls the extent to which the previous hidden state contributes to the current
candidate state:

re = o(Wy - [he—1,ut] + by) (25)

When r; = 0, the GRU forgets most of the old state and relies mainly on the current input; when 7; ~ 1, it
retains more historical information. ~

Under the joint regulation of the update and reset gates, the model computes the candidate hidden state h,
representing a fused estimate of the current input and historical memory:

he = tanh(Wy, - [re * he—1,us] + br) (26)

where * denotes the Hadamard (element-wise) product.
Finally, the hidden state is updated by combining the previous state and the candidate state, controlled by
the update gate:

ht = (1 — Zt) * htfl —+ 2 * iLt (27)

This mechanism enables the GRU to dynamically balance historical context with current observations, thereby
facilitating accurate prediction of user connection volumes at the next time step.

The final hidden state h; is passed through a fully connected mapping function fi.(-) to generate the
predicted user access count:

Al = fro(he) (28)

Here, ﬁitfl) denotes the predicted number of user connections for edge node e; at time ¢ + 1. If the predicted

value remains zero or below a predefined threshold over consecutive time slots, the corresponding node is
identified as inefficient, and caching resources will no longer be allocated to it.

This strategy enhances resource utilization by preventing unnecessary cache deployment on underutilized

edge nodes. The GRU-based user access prediction module not only quantifies user demand density but also
captures the spatial distribution of access loads across the edge infrastructure. In conjunction with the content
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popularity prediction pathway, it constitutes a core component of the cache priority scoring mechanism, enabling
fine-grained, demand-aware allocation of edge resources.

Fusion and output of prediction results
The output layer of the DECC model consists of two components: a Fully Connected (FC) layer and a result
fusion layer. The detailed network architecture is shown in Fig. 5.

The output layer of the DECC model consists of a Fully Connected (FC) layer followed by a result fusion
layer, as illustrated in Fig. 5. The FC layer connects all nodes from the preceding recurrent neural network
(RNN) layers to the output space, computing the final outputs through weighted summation and bias operations.
Each of the two prediction branches-content popularity prediction and user access forecasting-produces an
independent output, which is subsequently mapped to its respective representation space. Specifically, the two
RNN-based pathways are responsible for predicting the future short video request distribution and the expected
user access volume at edge nodes, respectively.

In the result fusion layer, the outputs from both prediction pathways are integrated to jointly inform the final
caching decision. This fusion mechanism leverages the complementary strengths and representational capacities
of each prediction stream, thereby reducing the risk of overfitting associated with isolated models and enhancing
the overall generalization capability. As a result, the model achieves more comprehensive and accurate caching
priority predictions. The fusion output is computed as:

0 = (w2, 57] 41

Here, aé’i.“) denotes the fused prediction output for edge node e; at time ¢ + 1; yt(i)l is the predicted access

probability of video category v from the LSTM path; altty

. is the predicted user access volume from the GRU
path for node e;; [, ] represents the vector concatenation operation; W, and b, are the weights and bias of the
fully connected layer; and o (-) denotes the activation function, such as Sigmoid.

Both ?jt(j_)l and ﬁéﬁ'l) are outputs from the upper-level recurrent neural networks. This fusion strategy
substantially mitigates the risk of overfitting and improves the model’s generalization performance, thereby
enabling the system to sustain a high cache hit rate while simultaneously controlling access latency and resource

consumption.

Algorithm implementation and computational complexity analysis

To provide a clear implementation-level understanding of the DECC framework, the following pseudocode
summarizes the complete workflow described in the previous subsections. It corresponds to the mathematical
formulations defined in Egs. (1)-(29), which represent the operations of ConvlD-based feature extraction,
LSTM- and GRU-based temporal modeling, and the fusion layer for final caching decision generation.

X :multiply

Output Layer

Op sos oo oee

—
\\\ —
N2

Connected
Layer Fully Connected Layer

OO0 OO0 ——x ]

|
Result Fusion I:l I:l I:l I:l

Figure 5. Output layer network architecture.
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Input : Historical short-video access records V = {v,va,...,vr};
Historical visitor statistics U = {uy,uz,...,ur};
Cache-capacity constraint C.
Output : Optimized cache-allocation sets CF(f‘.k foralle; € E.
Step 1: Feature Extraction (Egs. 6-11, 19-22)
Extract content-level feature vectors F, from short-video metadata and access sequences using Conv1D filters.
Extract visitor-level feature vectors F, from user connection sequences through temporal convolution.
Step 2: Popularity and User Forecasting (Eqs. 12-18, 23-28)
LSTM (content popularity): B,(t) = LSTM(F,; 6Lst™m)
GRU (user access volume): Ue,(t) = GRU(F,; 86ru)
Step 3: Fusion and Scoring (Eq. 29)
Fuse predictions via a fully connected fusion layer:
Sue (1) = (WolB (1), U, ()] + bo)
Rank videos by S, (¢) under capacity constraint C to obtain:
CF}* = SelectTopK (S, (t),C)

Algorithm 1. Pseudocode of the DECC Caching Strategy

Computational complexity analysis

The computational complexity of the DECC model primarily stems from three core stages: the dual neural
prediction modules (LSTM and GRU) and the cache decision process. For a dataset comprising T time steps, N
edge nodes, and M candidate videos, the LSTM-based content prediction requires matrix operations of order
h3 at each time step, where A1, denotes the hidden dimension of the LSTM, leading to an overall complexity of
O(T - h%). Similarly, the GRU-based user access forecasting module performs sequential updates with hidden
dimension hg, resulting in a computational cost of O(T - hg). In the fusion and cache-decision phase, the fully
connected fusion layer introduces O(hr 4 h¢g) operations, while the ranking and Top-k selection under the
cache capacity constraint C contribute an additional O(M log M) complexity.

By aggregating these components, the total time complexity of the DECC model can be approximated as:

O(T(h% + h&) + Mlog M) (30)

which remains computationally tractable for large-scale edge caching scenarios. The memory footprint of DECC
is mainly determined by the learnable parameters and intermediate feature representations within the recurrent
modules, resulting in a space complexity of:

O(ht + ha + M) (31)

This demonstrates that DECC achieves efficient memory utilization while maintaining scalability across multiple
edge nodes and a large set of candidate videos.

Experimental evaluation

Experimental setup and dataset

To evaluate the performance of the proposed caching algorithm, we conducted a comprehensive experimental
assessment to examine its effectiveness and feasibility. All experiments were performed on a system equipped with
an Intel dual-core processor and 16 GB of RAM to ensure reproducibility and consistency across evaluations. The
algorithms were implemented in Python version 3.8, ensuring consistency across all comparative evaluations.

The experiments employed the Shanghai Telecom dataset, a benchmark used widely in edge computing
research. This dataset contains detailed information including base station locations, anonymized user identifiers,
as well as user access start and end times. An overview of the number and spatial distribution of base stations is
provided in Fig. 6. The dataset spans a six-month period and comprises over 7.2 million records, capturing the
internet access behaviors of 9,481 mobile devices across 3,233 base stations.

The Douyin dataset records information such as user ID, user city, video ID, and video category. In the
Telecom dataset, since user connection times are irregular, the data was resampled at 1-hour intervals, and the
number of user connections per base station per time slot was recalculated.

Since the Telecom and Douyin datasets are independent, a user ID mapping scheme was constructed to
establish a one-to-one correspondence between users in both datasets. The resulting merged dataset spans a
six-month period and includes approximately 400,000 short video request records distributed across 10 edge
base stations. For evaluation, the final 168 hours of data were designated as the validation set, while all preceding
records were used for model training. At inference time, the model takes user access logs from the previous 168
hours at each edge node as input and predicts the short video content likely to be requested in the next 1-hour
time window.In the simulation environment, the cache capacity of each edge node is set to 20. The network delay
from the edge node to the cloud is configured as 2 hops, while the delay from users to their associated edge node
is set to 1 hop. The caching cost per video resource is uniformly set to 1.
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Figure 6. Distribution of base station count.

Comparison methods and evaluation metrics

Comparison methods

The proposed model is evaluated against four baseline content prediction methods: Random, MPC (Model
Predictive Control), a standalone LSTM-based approach, and a deep reinforcement learning (DRL)-based
caching strategy. Model performance is assessed across four key evaluation metrics: cache hit rate, caching cost,
access latency, and latency reduction per unit cost. These metrics collectively reflect the efficiency, responsiveness,
and cost-effectiveness of the caching strategies under dynamic user demand conditions.

o Random: Randomly selects content for caching without considering user demand or content popularity.

o MPC: Caches the most popular content based on computed content popularity statistics.

o LSTM: Predicts cached content using a Long Short-Term Memory (LSTM) network trained on historical
request records from edge servers.

o DRL: Employs a Deep Reinforcement Learning-based agent to optimize caching decisions through tri-
al-and-error interactions with the environment, aiming to maximize cumulative reward related to cache effi-
ciency and latency reduction.

o DECC (Ours): The proposed method-a hybrid caching approach that jointly models content popularity and
user access prediction through ConvlD-LSTM and GRU integration, achieving adaptive and cost-efficient
caching optimization.

Evaluation metrics
To evaluate the effectiveness of the proposed DECC-based caching strategy, four evaluation metrics are
employed: cache hit rate, caching cost, access latency, and latency reduction per unit cost.

The following evaluation metrics are defined based on the notations introduced in the DECC model.
Specifically, C%. denotes the set of cached videos allocated to edge node e; at time step t, as determined by
the DECC algorlthm in Algorithm 1, and R{, represents the actual set of video requests observed from users
connected to edge node e; during the same time period.

« Cache Hit Rate: This metric measures the proportion of user-requested content that is successfully predicted
and cached at each edge node. The cache hit rate of edge node e; is defined as:

C; N R;

HitRate., = Z ‘
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where R, denotes the set of videos requested by users connected to e; at time £, and CY, is the set of cached
videos selected by the caching decision module (as defined in Algorithm 1). Since the cache capacity is limited,
Cct CF.

o Caching Cost: This metric quantifies the total cost incurred by caching videos on edge nodes:

T

Coste, = Z Z Cost(vg) (33)

t=1 vy eCf,

where Cost(vy,) represents the unit cost of storing video vy on an edge server.

o Access Latency: This metric measures the total latency of serving user requests either from the edge or the
cloud:

T
D P =" Dug, -|CL NRL,

(34)
t=1
T
pY-Cloud _ ZDU_CZMd -|RL, - (CL, N RL)| (35)
t=1
Dg;ilche — Dg—Ei +D£Ji—cloud (36)

Here, Dy.g; and Dy-cioud denote the transmission delay from users to the edge server and to the cloud,

respectively. DS?" represents the total access latency after caching.

o Latency Reduction per Unit Cost: This metric evaluates the caching efficiency in terms of latency reduction
per unit of caching cost:

Dolvriginal _ Dﬁéche
n=— Coste;, - (37)

where D278 represents the total latency without caching, and D" is the latency after caching is applied.

Experimental results
Cache hit rate
The cache hit rates of different edge nodes are shown in Table 2.

The cache hit rates of the 10 edge nodes are shown in Fig. 7, and the average cache hit rates of each method
are also illustrated in Fig. 8.

According to the experimental results, the average cache hit rates of the evaluated methods, in ascending
order, are: Random, MPC, LSTM, DRL, and DECC. The Random method achieved the lowest hit rate at 0.23,
indicating that this naive approach lacks the ability to perform meaningful prediction and caching decisions.

The MPC method attained a cache hit rate of 0.4483, representing a 94.47% improvement over the Random
baseline. This substantial gain validates the effectiveness of incorporating content popularity as a predictive
signal for guiding caching strategies.

The LSTM-based method achieved a cache hit rate of 0.61, reflecting an improvement of approximately 36.23
This performance gain can be attributed to LSTM’s strong capability in modeling time series data, which enables
it to effectively capture the dynamic and non-linear patterns in short video requests at edge nodes. As a result,
the LSTM-based approach can more accurately predict future content demands, thereby enhancing caching
effectiveness.

The DRL-based caching method achieved an average hit rate of 0.49, which is slightly lower than LSTM
but higher than MPC. By learning caching actions through reinforcement signals, DRL dynamically adapts to
changes in content demand and user activity. However, its optimization process focuses primarily on immediate

Method/MEC | 0 1 2 3 4 5 6 7 8 9

Random 0.33 10.29 | 0.13 | 0.23 | 0.42 | 0.13 | 0.17 | 0.13 | 0.24 | 0.22
MPC 0.64 |0.65 | 0.26 | 0.41 |0.76 | 0.26 | 0.36 | 0.26 | 0.46 | 0.43
LSTM 0.66 |0.72 | 0.46 |0.58 | 0.77 | 0.53 | 0.69 | 0.51 | 0.57 | 0.62
DRL 0.63 |0.62 | 0.27 | 0.41 |0.78 | 0.24 | 0.35 | 0.24 | 0.50 | 0.42

DECC(ours) |0.71 | 0.78 | 0.62 | 0.75 | 0.82 | 0.79 | 0.86 | 0.81 | 0.73 | 0.75

Table 2. Cache hit rates of edge nodes.
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Method/MEC | 0 1 2 3 4 5 6 7 8 9

Random 3360 | 3360 | 3360 | 3360 | 3360 | 3360 | 3360 | 3360 | 3360 | 3360
MPC 3360 | 3360 | 3360 | 3360 | 3360 | 3360 | 3360 | 3360 | 3360 | 3360
LSTM 3009 | 2853 | 664 | 1989 | 3047 | 1104 | 1264 | 768 |2684 | 1938
DRL 3360 | 3360 | 3360 | 3360 | 3360 | 3360 | 3360 | 3360 | 3360 | 3360

DECC (ours) | 2970 | 2641 | 389 | 1603 | 2981 | 681 | 855 |295 |2150 | 1611

Table 3. Caching costs of edge nodes.

reward maximization rather than long-term temporal dependencies, causing it to underperform in scenarios
where user access patterns evolve gradually. This leads to moderate improvements in cache utilization but
insufficient stability compared with predictive models such as LSTM and DECC.

The proposed DECC method achieved the highest cache hit rate of 0.7622, representing an improvement
of approximately 24.82% over the LSTM-based approach. This performance gain stems from DECC'’s ability to
integrate the respective strengths of both LSTM and MPC, while further enhancing prediction accuracy through
the incorporation of a dedicated user access forecasting module. By jointly modeling the temporal evolution
of content popularity and the spatial variation of user density, DECC enables proactive caching at the most
appropriate edge nodes before traffic peaks occur, thereby maximizing cache utilization and reducing request
misses.

Caching cost
The caching costs of different edge nodes are shown in Table 3.

The cache costs of the 10 edge nodes are shown in Fig. 9, and the average cache costs of each method are also
illustrated in Fig. 10.

From the above results, the average caching costs associated with different methods can be compared. Both
the Random and MPC approaches incur an average caching cost of 3360. Given that each edge node is configured
with a cache capacity of 20, the caching cost per resource is 1, and the prediction duration spans 168 hours, the
total cost is computed as 20 x 168 x 1 = 3360. This fixed cost reflects the fact that both methods cache content
continuously without considering actual user demand or access activity at edge nodes.
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Figure 10. Average caching cost.

Random 4230 | 2896 | 1502 | 1934 | 4932 | 1182 | 1437 | 1319 | 1904 | 2305
MPC 1620 | 524 | 504 |850 |1812 |289 |426 |282 |683 |682
LSTM 2007 | 773 | 1455 | 1175 | 2397 | 964 |1177 | 1231 | 721 | 1098
DRL 1767 | 687 | 445 |860 |1738 |435 |477 |497 |512 |743
DECC(Ours) | 1733 | 711 | 1433 | 1076 | 1987 | 917 | 1127 | 1190 | 653 | 1081

Table 4. Access latency of edge nodes.

The LSTM method incurs an average caching cost of 1932, representing a reduction of approximately 42.38%
compared to the Random and MPC methods. This reduction is attributed to LSTMs ability to leverage historical
request data for accurate content popularity prediction, thereby enabling a more targeted and efficient caching
strategy that substantially lowers redundant storage and overall caching overhead.

The DRL-based method maintains a fixed caching cost of 3360 across all nodes, similar to Random and MPC.
Although DRL optimizes caching actions through reinforcement learning, the lack of explicit cost modeling
in its reward function leads to cache updates being triggered primarily by performance feedback rather than
storage utilization. As a result, the model tends to occupy full cache capacity continuously, resulting in high
storage cost and limited scalability in long-term deployment scenarios.

The proposed DECC method further reduces the average caching cost to 1618, which is approximately 16.27%
lower than that of the LSTM approach. By integrating user access prediction into the LSTM-based content
prediction framework, DECC enhances the accuracy of caching decisions, effectively avoids unnecessary storage
on underutilized nodes, and thus achieves more efficient resource utilization and lower overall caching overhead.
Through its joint optimization mechanism that adaptively balances content popularity and user activity, DECC
demonstrates strong cost-awareness and scalability under varying workload intensities.

Access latency
The post-caching access latency of different edge nodes is shown in Table 4.

The post-caching delays of the 10 edge nodes are shown in Fig. 11, and the average delays of each method are
also illustrated in Fig. 12.
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Figure 12. Average access latency.

According to the experimental results, different caching strategies exhibit substantial variation in average
transmission delay. The Random method yields the highest average delay of 2364.1, reflecting its lack of predictive
capability and inability to proactively place content near users. As a result, this strategy fails to effectively mitigate
user-perceived latency, making it the least efficient among the evaluated approaches.

The MPC method, which prioritizes caching the most frequently requested content, achieves an average
transmission delay of 767, representing a reduction of approximately 67.56% compared to the Random method.
By effectively minimizing the frequency of content retrievals from the origin server, MPC substantially enhances
transmission efficiency and reduces user-perceived latency.

The LSTM method records an average delay of 1300, which is approximately 69.47% higher than that of the
MPC approach. This increase is primarily attributed to LSTM’s strategy of jointly considering content popularity
and caching cost, which may result in the exclusion of certain frequently requested but less cost-efficient content.
Consequently, while LSTM reduces overall caching overhead, it may incur higher latency due to more frequent
content retrieval from non-local sources.

The DRL-based method achieves a lower latency of 969 on average, outperforming both MPC and LSTM
in certain nodes. By dynamically learning caching policies through interaction with the environment, DRL
can adapt to real-time network and demand fluctuations, thereby reducing retrieval delay. However, its purely
reward-driven optimization lacks explicit temporal modeling of content popularity evolution, leading to
inconsistent performance across heterogeneous edge nodes. As a result, while DRL shows strong short-term
adaptability, it struggles to maintain stable latency reduction under varying spatial demand distributions.

The proposed DECC method achieves an average transmission delay of 1191, representing an 8.39%
reduction compared to the LSTM approach. Although its delay remains slightly higher than that of MPC on
certain nodes, DECC offers a more balanced trade-off by jointly leveraging content popularity and user access
prediction. Through the adaptive fusion of ConvlD-LSTM and GRU branches, DECC dynamically adjusts
caching priorities according to real-time user connection patterns, enabling popular content to be served from
nearby edge nodes and effectively minimizing overall transmission delay.

Latency reduction per unit cost
The latency reduction per unit cost is shown in Table 5.

The delay reduction per unit caching cost for the 10 edge nodes is shown in Fig. 13, and the average delay
reduction per unit cost of each method is also illustrated in Fig. 14.

From the above results, it is evident that the delay reduction per unit caching cost serves as a critical indicator
for evaluating the cost-effectiveness of a caching strategy. This metric quantifies the amount of latency reduction

Scientific Reports |

(2025) 15:42147 | https://doi.org/10.1038/s41598-025-26079-w nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Method/MEC | 0 1 2 3 4 5 6 7 8 9

Random 0.83 |0.56 | 0.14 | 0.40 | 0.99 | 0.26 | 0.30 | 0.10 | 0.35 | 0.47
MPC 1.61 | 1.27 | 044 [0.72 | 191 | 0.52 | 0.60 | 0.40 | 0.72 | 0.95
LSTM 1.67 | 1.41 | 0.78 | 1.06 | 1.92 | 0.98 | 0.99 |0.54 | 0.88 | 1.44
DRL 1.56 | 1.22 | 045 [0.72 | 1.94 | 0.48 | 0.58 | 0.34 | 0.77 | 0.94

DECC(Ours) | 1.78 |1.54 | 1.39 | 1.38 | 2.10 | 1.66 | 1.52 | 1.53 | 1.13 | 1.74

Table 5. Latency reduction per unit cost of edge nodes.
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Figure 13. Unit cost latency reduction rate.
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Figure 14. Latency reduction per unit cost.

achieved per unit of caching resource consumed, thereby reflecting the efficiency of a strategy in balancing
performance gains against resource expenditure.

The Random method yields a delay reduction rate of only 0.44, indicating inefficient utilization of caching
resources. In contrast, the MPC method achieves a significantly higher rate of 0.91, representing an improvement
of approximately 108.17% over the Random baseline. This result highlights the effectiveness of leveraging
content popularity metrics to guide caching decisions, enabling more substantial latency reduction per unit of
resource cost.

The LSTM method further improves the delay reduction rate to 1.17, representing an increase of approximately
27.52% over the MPC approach. This enhancement is attributed to LSTM’s capability to balance the trade-
off between caching benefits and associated costs, allowing it to selectively cache high-efliciency content while
avoiding less valuable items, thereby maximizing latency reduction per unit of resource expenditure.

The DRL-based caching method achieves a comparable performance to LSTM, with an average delay reduction
rate of 1.10. By learning caching policies through interaction with the environment, DRL can dynamically adapt
to network changes and user requests. However, its lack of explicit temporal-spatial modeling limits its ability to
fully exploit long-term popularity patterns, resulting in suboptimal cost efficiency compared with DECC.

The proposed DECC method achieves the highest performance, with a delay reduction rate of 1.58,
representing an improvement of approximately 35.34% over the LSTM approach. By integrating content
popularity analysis with predictive modeling of user access behavior, DECC effectively identifies high-benefit
content while avoiding unnecessary caching operations. This joint strategy enables more precise resource
allocation and maximizes the return on each unit of caching investment.
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In terms of cost-efficiency, DECC achieves the best delay reduction per unit of caching cost. The hybrid
temporal architecture enhances responsiveness to short-term traffic surges while preserving long-term stability
in cache allocation. Such temporal adaptability ensures that the model maintains high resource utilization
efficiency, achieving an optimal trade-off between caching cost and delay reduction.

Related work

In recent years, the explosive growth of video traffic, coupled with the rapid advancement of Mobile Edge
Computing (MEC), has positioned video edge caching as a critical solution for alleviating network congestion
and enhancing service quality. Existing research in this domain primarily concentrates on two key aspects:
content popularity prediction and the design of collaborative edge caching strategies.

Short video prediction methods based on content popularity

The popularity of video content plays a decisive role in designing edge caching strategies. Traditional approaches,
such as the Most Popular Content (MPC) strategy, select the top-k most frequently requested items for caching.
Bernardini et al.’** and Sun et al.’! adopted popularity-ranking-based MPC methods to enhance dissemination
efficiency in edge and D2D networks, respectively. Naeem et al.'? conducted a systematic analysis of MPC and
its derivatives, highlighting their limited adaptability to dynamic content trends.

To overcome the inherent limitations of static frequency-based ranking approaches, Wang et al.*? proposed
a utility-based edge caching framework that jointly optimizes video caching and user association to enhance
system performance in mobile edge computing environments. In addition, Wang et al.>* developed a category-
aided multi-channel Bayesian Personalized Ranking (CMBPR) model to enhance recommendation accuracy
and diversity in short video platforms.

While these static popularity-based strategies are effective for long-form video scenarios, they exhibit limited
adaptability in short-video environments, which are characterized by rapid content turnover and highly dynamic
user preferences.

Recent studies have increasingly applied learning-based prediction techniques to capture temporal variations
in popularity. Yang et al.** formulated content popularity as a time-series forecasting task and employed Long
Short-Term Memory (LSTM) networks to model trend fluctuations. Ahmad et al.** further proposed an Extreme
Learning Machine (ELM)-driven proactive caching scheme that integrates user mobility and content popularity
modeling to minimize latency and maximize cache hit ratio. Although these dynamic learning-based methods
achieve higher prediction accuracy than static MPC, they still overlook spatial variations in user behavior, which
is crucial for optimizing caching placement across multiple edge nodes. This limitation constrains their ability to
achieve fine-grained and personalized caching decisions.

Collaborative caching strategies for edge nodes

Single-node caching improves local access performance but often leads to redundancy across distributed edge
servers. To enhance resource utilization and load balancing, collaborative caching strategies have become a
major research direction for improving cooperative efficiency among edge nodes. Early approaches typically
relied on fixed network topologies or global popularity metrics. Zhang et al.*® proposed a collaborative scheme
that integrates entity popularity with dynamic network states, while Nguyen et al.*’ introduced the PPCS
framework to reduce redundancy and improve ICN caching efficiency.

More recent studies have adopted reinforcement-learning-based and clustering-based optimization methods
to handle dynamic network environments, enabling adaptive policy refinement under varying traffic and
topology conditions. Chien et al.*® developed a DRL-based collaborative caching mechanism that adaptively
selects caching actions to improve system utility under dynamic conditions. Wang et al.* further extended
DRL to an intelligent adaptive edge caching framework that jointly optimizes user demand and network state
representations, achieving higher cache hit rates and improved Quality of Experience (QoE).

However, despite these promising results, RL-based caching schemes still face scalability and convergence
challenges when deployed in large-scale, low-latency short video systems. Moreover, most existing collaborative
methods fail to jointly model both content popularity and user access behavior, leading to a mismatch between
predicted content and actual demand. This misalignment ultimately results in suboptimal cache hit ratios**4!.

Motivated by these limitations, the next section introduces the proposed DECC model (Dynamic Edge
Caching through Content Popularity and Crowd Prediction), which integrates deep learning-based popularity
forecasting with adaptive collaborative optimization to achieve efficient, scalable, and context-aware edge
caching.

Summary of related work

Existing studies on edge caching mainly focus on two separate directions: (1) improving content popularity
prediction through statistical or deep learning-based methods, and (2) optimizing collaborative caching strategies
among distributed edge nodes. However, most prior works treat these two aspects independently, which limits
their adaptability to dynamic and personalized short video environments. In particular, current studies often
overlook the joint impact of content popularity and user crowd access behavior on caching decisions, resulting
in limited scalability and prediction accuracy in real-world scenarios.

To overcome these limitations, this paper proposes the DECC model (Dynamic Edge Caching through
Content Popularity and Crowd Prediction), which integrates popularity prediction and user access forecasting
into a unified deep learning framework. In addition, a CD-GA collaborative optimization algorithm is developed
to balance latency and cache cost, thereby enhancing both adaptability and efficiency. The comparative
characteristics of representative studies are summarized in Table 6, which highlights the distinctions between
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Method

Main principle

Limitations

Focus area

MPC (most popular
content)

Selects top-k most frequently requested content for caching based on
historical access frequency

Fails to capture temporal dynamics and user diversity;
unable to adapt to real-time demand changes

Popularity-driven
static caching

LSTM-based Caching

Utilizes long short-term memory (LSTM) networks to predict content
popularity over time

Captures temporal correlations but neglects spatial user
distribution and adaptive collaboration

Temporal prediction

DRL-based Caching

Applies deep reinforcement learning (DRL) to optimize caching policies
through reward-based interaction with network states

Requires extensive training data; high computational
overhead in large-scale edge deployments

Dynamic policy
optimization

DECC (ours)

Joint modeling of content popularity and user access dynamics with
adaptive fusion optimization

requires sufficient historical data for stable temporal-
spatial prediction accuracy

Unified optimization
framework

Table 6. Comparative summary of baseline methods and the proposed DECC model.

prior approaches and the proposed DECC model. This approach bridges the gap between content-level and user-
level modeling, advancing the state of the art in short video edge caching.

Conclusion

This paper tackles the challenge of content prediction for short video edge caching by proposing a dynamic
caching framework named DECC (Dynamic Edge-caching through Content Popularity and Crowd Prediction).
The DECC model jointly incorporates content popularity estimation and user access trend forecasting, utilizing
deep neural network architectures-specifically 1D Convolutional Networks (ConvlD), Long Short-Term
Memory (LSTM) networks, and Gated Recurrent Units (GRU)-to separately model the temporal evolution of
video popularity and user activity patterns at edge nodes. By introducing a prediction fusion mechanism, the
model generates cache priority scores that guide more accurate and responsive caching decisions. Experimental
evaluations confirm that DECC consistently outperforms baseline approaches across multiple key performance
indicators, such as cache hit rate, access latency, and caching cost efficiency. In addition, by incorporating a user
access prediction module, DECC effectively mitigates resource wastage on inactive or low-traffic edge nodes,
thereby further enhancing the overall efficiency of the caching system. This design makes DECC particularly
well-suited to accommodate the high-frequency, highly dynamic, and personalized characteristics of short video
service demands.

Future research can be further extended in several directions to enhance the applicability and robustness of
the proposed framework. First, incorporating user preference modeling can enable more fine-grained content
personalization and improve the accuracy of caching decisions. Second, the integration of privacy-preserving
mechanisms, such as federated learning, may enhance the generalization capability of the model while ensuring
user data privacy. Third, extending the DECC framework to multi-edge collaborative scenarios and evaluating
the performance of caching strategies under cross-region cooperative optimization can further advance the
intelligent evolution of edge-assisted short video service systems.

Data availability
The datasets used and/or analysed during the current study available from the corresponding author on reason-
able request.
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