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ABSTRACT

Modern e-commerce networks experience rapidly changing product demand, geographically distributed
requests, heterogeneous content, and freshness-sensitive information, creating challenges for existing
reinforcement-learning-based caching approaches that are mainly designed for generic edge, CDN, or
service-caching environments. This paper presents SwiftCache, an adaptive caching system powered by RL.
It has been designed specifically to low-latency e-commerce content transmission and takes into account
factors like network latency, content size, originality, cache state, and dynamic product popularity (as well
as regional demand). A CDN/network simulation layer is utilised to account in edge nodes, geographic
regions, cache capacity, heterogeneous objects, uniqueness, and network parameters. The RetailRocket E-
Commerce Dataset and the M5 Walmart Dataset are utilised to model demand patterns and real user-product
request behaviour, respectively, in the development of a trace-driven e-commerce CDN environment. Three
current RL-based caching techniques are compared to SwiftCache under the same experimental conditions:
EC-MADRL, Adaptive Layer-Wise Personalised Federated DRL, and Resource-Aware DRL. According to
the simulated findings, SwiftCache attains 91.8% CHR, 90.7% BHR, 90.8% regional CHR, 48.6 ms P95
latency, and 3.1% FVR. SwiftCache increases BHR by 6.83—-14.66%, lowers FVR by 54.41-64.37%, lowers
P95 latency to 26.03—35.03%, and increases CHR by 6.62—11.41% in comparison to the three baselines. For
refined and consistent low-latency content delivery, these results indicate that using demand, geography,
content, and freshness factors that are specific to e-commerce in RL-based caching is better than
incorporating generalised RL caching strategies.
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web-serving problem into a highly dynamic request-
1. INTRODUCTION serving environment [1]. Requests of product pages,
photos, suggestions, branded content, inventory
data, and other online items whose validity and
popularity can fluctuate at various rates may be

The rapid expansion of e-commerce has
transformed content delivery from a relatively static
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handled concurrently by an e-commerce platform
[2]. A small proportion of products could encounter
significant increases in the volume of requests
during product launches, marketing initiatives,
seasonal events, or unexpected spikes in demand [3].
Because of this, traditional caching policies are
being questioned because making decisions based
only on historical frequency or recency may not be
able to respond fast enough to new demand. More
generally, latency, storage constraints, and
fluctuating content popularity are the main obstacles
to adaptive content distribution, according to recent
edge-caching analysis.

The solution to latency and network-load
issues is edge caching and content delivery networks
which help to bring data closer to users. The
application of RL to caching has grown in recent
years due to the fact that an RL agent can learn a
caching policy from changes in the state of the
system, instead of just having to pre-programmed
with a fixed policy. This trend of dynamic popularity
prediction, cooperative multi-agent caching,
federated learning, and resource-aware caching has
been further developed in recent studies. For
instance, cooperative multi-agent DRL is explored in
distributed edge caching, and a 2026 study on
personalized  federated @ DRL  points  out
heterogeneous edge environments and growing edge
caching action spaces as key challenges. Likewise,
recent DRL research for resources investigates
caching and service placement together, and takes
latency, resource availability and cache state into
account. These methods, however, are usually tested
in an edge, MEC, video or service-oriented setting.
The role of explicitly modelling uncertain and
changing popularity has also been recognised
recently in the context of adaptive caching research,
but this has been mainly for video/content-streaming
applications, not for heterogeneous e-commerce
objects.

This research problem is how to design an
adaptive caching policy that can make content-
placement decisions when the demand for the
content is dynamic, the content is geographically
variable, object sizes are variable, the content is
fresh, the cache capacity is limited, and the delivery
is latency sensitive [4]. The problem can be
interpreted as a sequential decision-making process
in which an edge node has to select the objects to be
retained, cached, prefetched, evicted, or replicated
with a balance of the competing goals. A popular
product, which was not yet in the cache, might be
worth caching as soon as it becomes popular;
however, large objects can take up a lot of space and
price or inventory information may need to be pulled

2

from the cache within a short period [5]. Therefore,
just getting the highest cache-hit ratio is not enough.
The caching policy should rather take into account
the efficiency of the caching, the tail latency, the use
of network resources, regional demand, and the
validity of the information that is kept in the cache
[6]. Recent research on caching mechanisms based
on RL concepts shows that the problem formulation
for caching latency, cache efficiency, resource
constraints and changing popularity are strongly
inter-related, however, none of these studies focus
specifically on the combined characteristics of e-
commerce delivery introduced in this work [7].

Within the present context, this research
makes a contribution of an e-commerce specific,
trace-driven evaluation and adaptive caching
framework. Experimental workload is built from two
complementary real-world datasets: the
RetailRocket user-product interaction behavior is
time-stamped, and the M5 Walmart data represent
demand characteristics like temporal and event-
based variation [8]. These sources are not directly
combined with a single source but rather
complementary properties of these sources are
mapped to a controlled CDN/network environment
with geographically distributed edge nodes, limited
cache capacity, varying content sizes, freshness
constraints and network characteristics [9]. This
setting will allow the evaluation of the recently
adopted RL caching methods in the same e-
commerce-oriented setting as the proposed method.
This design is relevant as recent research has shown
promising results for RL when deployed on specific
workloads like edges or video workloads, yet very
little has been studied on how to transfer these
policies to dynamic and heterogeneous e-commerce
content delivery [10].

One solution to this issue is the SwiftCache
framework, which takes into account e-commerce-
related context while making caching decisions.
Product popularity, regional demand, object size,
content quality, freshness, cache occupancy,
network latency, & bandwidth are all factors that are
taken into account in its state representation. In order
to solve the problem of scalability related to
judgements made at the catalogue level, SwiftCache
finds a manageable group of valuable candidate
objects before it chooses the best caching action
available [11]. The current action-space difficulty in
federated DRL caching analysis inspired this design,
which strives to balance latency, caching efficiency,
as well as system resources using a multi-objective
formulation that is in line with larger research on
resource-aware RL caching.
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Since RL-based caching is already a well-
established study area, SwiftCache's originality goes
beyond just using reinforcement learning for
caching. Rather, the innovation is in combining an
adaptive and scalable caching decision method with
workload characteristics unique to e-commerce [12].
Specifically, the framework unifies network latency,
varied object sizes, content freshness and relevance,
regional demand, and dynamic changes in product
popularity into a single caching policy [13]. The
candidate-selection process is meant to reduce the
action space at the catalogue level, and the multi-
objective reward is meant to keep performance from
being optimised for cache hits at the cost of latency,
bandwidth usage, origin load, or freshness. This
places SwiftCache in the middle of current research
streams that focus on resource-aware edge
optimisation, heterogeneous caching, distributed
learning, or dynamic popularity independently [14].
An adaptive caching system powered by RL,
SwiftCache, is developed and evaluated in this
research. Its major purpose is to reduce latency in
dynamic e-commerce CDN situations while
retaining high cache performance and content
freshness [15]. Under typical trace-driven scenarios
including dynamic consumption, geographically
distributed demands, heterogeneous content, limited
cache capacity, and freshness requirements, the
study seeks to ascertain whether an e-commerce-
aware caching policy will outperform recent RL-
based methods. In order to determine if the
suggested design offers consistent and explicable
improvements, the evaluation centers on the
following metrics: Cache Hit Ratio (CHR), P95
Response Latency, Byte Hit Ratio (BHR), Regional
Cache Hit Ratio, as well as Freshness Violation Rate
(FVR). Additional analyses include ablation,
demand-volatility, cache-capacity, convergence, and
statistics [16]. A significant basis for evaluating
SwiftCache's e-commerce-specific contribution is
the recent study that shows adaptive RL caching can
enhance latency and cache efficiency under dynamic
workloads.

2. RELATED WORK

Recent studies on caching based on the RL paradigm
have shifted away from the traditional content-
replacement schemes and towards cooperative,
federated, proactive, explainable and resource-aware
caching for the edge and CDN environments. The
existing work shows gains in cache efficiency,
latency, distributed  decision-making and
adaptability to changing demand, but most of the
research is conducted on single-task (generic
edge/MEC, video or service-caching) rather than

multi-task (e-commerce) applications of caching that
involve dynamic product popularity, regional
demand, variable object sizes, freshness, and low-
latency service delivery [17]. Table 1 thus sets the
scene for SwiftCache as an e-commerce-specific
adaptive cache framework that combines these
factors in a unified trace-driven CDN environment.
Recent papers cover model-based SwiftCache for
dynamic CDN caching, explainable CDN caching
(XRL-SHAP-Cache), cooperative multi-agent meta-
RL caching, federated proactive video caching, and
recent personalized/resource-aware DRL
approaches.

TABLE 1. COMPARISON OF RECENT RL-BASED CACHING

APPROACHES
Stud | Y | Technique Applic | Main Limitatio
y/ ea ation / | Focus n for the
App |t Enviro Present
roac nment Study
h
[3] 20 | Model- CDN Dynam | General
24 | based ic CDN
learning + content | workload
model-free s ; does not
RL popula | specifical
rity, ly
refresh | formulate
rate the
and combined
limited | e-
cache commerc
size e
requirem
ents
considere
d in this
work.
[4] 20 | D3QN + | CDN / | Explai Focuses
24 | Deep- edge- nabilit on
SHAP service | y, QoS, | explainab
cachin cache ility and
g hit general
ratio CDN
and caching
space rather
utilizat | than e-
ion commerc
e-specific
demand
and
freshness.
[5] 20 | Multi-agent | Mobile | Cooper | Distribute
24 | meta-RL edge ative d caching
networ | cachin | is
ks g, addressed
faster , but e-
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[18] | 20 | Federated Mobile | Proacti | Primarily
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cachin | g, and does
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rity address
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ion, eous  e-
privacy | commerc
and e objects
system | and
cost product
freshness.
[6] 20 | PPO-based | Edge Dynam | Optimize
25 | DRL video ic s video-
cachin | popula | oriented
g rity, utility
cache rather
utility than the
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limited | e-
storage | commerc
e caching
requirem
ents.
[19] | 20 | Personalize | Hetero | Local General
26 | d federated | geneou | adaptat | heterogen
DRL + | s edge | ion and | eous edge
MH- cachin large setting;
DDQN g action- | lacks
space explicit e-
manag | commerc
ement e-aware
freshness
and
content
modeling
[20, 20 | DQN/DDQ | Multi- Latenc | Targets
21] 26 | N/DDDQN | access Y, MEC
edge resourc | service
comput | e placemen
ing utilizat | t/resource
ion, optimizat
cachin ion rather
g and | than
service | product-
placem | level e-
ent commerc
€ content
deliver.
The literature therefore establishes that RL,

federated learning, multi-agent learning, and
resource-aware caching are individually well
explored, while the specific integration proposed in
SwiftCache remains the focus of this research. In
particular, the existing 2024 SwiftCache study is
directly relevant but addresses dynamic CDN
caching in a general setting, making it important for
the present work to distinguish its contribution
through the e-commerce-specific workload, regional
adaptation, heterogeneous content handling,
freshness awareness, scalable candidate selection,
and low-latency objective.

3. DATASET DESCRIPTION

The proposed SwiftCache framework utilizes a
trace-driven e-commerce CDN environment built
using three complimentary datasets: RetailRocket E-
Commerce Dataset, M5 Walmart Dataset, and a
CDN/Network  Simulation Environment. The
primary workload source is RetailRocket as it
contains user—product interactions with timestamps
that allows it to simulate a realistic basis for
inference of request sequence, temporal demand,
product popularity, and user-session behavior. The
M5 Walmart data is utilized for demand-pattern
modeling and validation, and is not a source of CDN
traffic or a direct source of CDN geography; it
complements this workload. These real-world
realisations are then translated into properties of the
infrastructure in the CDN simulation environment,
such as geographic regions, edge nodes, cache
capacity, different object sizes, object importance,
TTL/freshness, bandwidth, network latency,
congestion and origin response time. The sequential
integration is illustrated in Figure 1, where real e-
commerce interactions are first transformed into a
workload model, which is then supplemented with
the characteristics of the demand, and is then
executed in a controlled multi-edge CDN
environment for evaluating SwiftCache and the
selected recent RL-based baselines. Table 2 shows a
summary of the specific role of each data source.

— EC-MADRL
Desmandd
characteristics
- L Federated
Request & Trace-Driven Common DRL
RelailRocket o MS Walmart CDN/Nefwork E-Commerce ||
ECommere | | P"[{’{';':’I"’ M owset [ ] Swoin | T R
G Environment Environment R

esource-
] Avare DRL
L SwiltCache

Figure 1: Trace-Driven E-Commerce CDN Dataset
Integration
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Table 2: Role

Of Data Sources In Swiftcache

Environment

Data Main information | Purpose

source/component

RetailRocket E- | Timestamped Provides the

Commerce user—product primary real-

Dataset events, views, | world e-
add-to-cart commerce
actions, workload and
transactions, supports
product/category derivation of
information and | request frequency,
item properties product

popularity,  and
temporal behavior

M5 Walmart | Product/store Models and
Dataset sales, prices, | validates demand
dates, calendar | dynamics,
variables and | including
events seasonal,  price-
sensitive, event-
driven and store-
level variations
CDN/Network Regions, edge | Converts the
Simulation nodes, cache | workload into a
Environment capacity, object | controlled multi-
size, content | edge CDN
importance, environment for
TTL/freshness, adaptive caching
bandwidth, experiments
latency,
congestion  and
origin  response
time

The three sources are therefore not merged row-by-
row. Instead, RetailRocket supplies the real request
behavior, M5 provides complementary demand
characteristics, and the CDN simulation layer
introduces the network and caching variables that are
absent from the public e-commerce datasets. The
resulting trace-driven environment is then kept
identical for EC-MADRL, Federated DRL,
Resource-Aware DRL, and SwiftCache, enabling a
fair comparison of adaptive caching performance
under dynamic e-commerce conditions.

4. METHODOLOGY

A. Problem Formulation and Research
Requirements

SwiftCache addresses adaptive content caching in a
geographically distributed e-commerce CDN, where
product demand changes over time and cached
objects differ in size, importance, and freshness
requirements. The caching problem is formulated as
a sequential decision-making problem in which an
RL agent observes the current content popularity,
cache state, network conditions, and content
characteristics and selects caching actions. This
formulation is consistent with recent edge-caching
studies that model caching and service-placement

decisions as Markov Decision Processes (MDPs),
with cache state, content demand, latency, and
resource constraints incorporated into the decision
process. Let pdenote a content object, ean edge node,
and ta decision interval. The request intensity of
content pis calculated as
N,
L= (D)

where N is the number of requests for object
pduring time interval At. Equation (1) is a workload-
derived formulation used in this study to transform
the RetailRocket event trace into request intensity; it
is not claimed as a direct equation from a particular
baseline paper. The use of time-varying
request/popularity information is consistent with
recent adaptive caching approaches that explicitly
model changing content demand. The normalized
popularity of object pat time tis then defined as

A
L e )
Z j=1 A] ,;t
Equation (2) is the proposed normalization used to
construct the SwiftCache workload state, while its
motivation follows the established use of content
popularity in RL-based caching. To capture rapidly
changing product demand, the popularity difference
between two consecutive intervals is calculated as
APy =Py = Pprg- (3)

Thus, Equations (1)—(3) provide the workload-level
representation required to distinguish frequently
requested products from products experiencing
sudden popularity changes. As shown in Figure 2,
the proposed SwiftCache framework is a part of a
larger experimental process that incorporates e-
commerce request traces, demand-based
characterisation, CDN/network simulation, a
standard reinforcement-learning framework, and
contemporary baseline approaches.

| bata soumces |-
} [
RetaBucket DEMAND
REQUEST & TG COMMETWORK SMULATION
£ Commerca Dtaset | —» CHARACTERZATION |
{ ropuLsTy MooeL [~ A CONSTRUCTION EMVIROMMENT |
£ v l i
= !
——_ COMMON E-COMMERCE Rl ENVIRONMENT |
=Wt (CIE N P - &
|| sulston et = | P
3 J _ e (POLICY LEARNING)
- (enseumes | — erorosememon |
‘sﬁ S -

Figure 2. Experimental Workflow of SwiftCache Framework

B. Trace-Driven E-Commerce Workload
Construction

1) RetailRocket request trace
The RetailRocket E-Commerce Dataset is used as
the primary workload source because it contains
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timestamped user-product interactions, including
product views, add-to-cart events, and transactions.
The event records are converted into time-windowed
request traces. Product-level request intensity is
calculated using Equation (1), while normalized
popularity and popularity variation are obtained
using Equations (2) and (3), respectively. The
resulting workload is represented as
W = {(ug py ¢ Te)}t=1, (4)

where u; represents the user/session identifier, p; is
the requested product, c; is the associated
event/category information, and 1; the request
timestamp. Equation (4) is a study-specific
representation of the event trace, rather than an
equation directly adopted from RetailRocket.
RetailRocket is used only for observed e-commerce
behavior. Geographic location, CDN latency, cache
state, bandwidth, and TTL are not assumed to be
available from this dataset.

2) M5 Demand Modeling
The M5 Walmart dataset is used as a complementary
demand-pattern source. It provides historical
product/store sales together with price, calendar, and
event information. In this study, M5 is not treated as
CDN traffic or direct CDN geographic information;
rather, it is used to characterize demand variation. A
normalized demand factor is calculated as
S
De=%, ()
where S; denotes observed demand at time t, and
S'denotes mean demand. Equation (5) is a demand-
normalization formulation proposed for workload
calibration in this study. The RetailRocket request
intensity can subsequently be adjusted using the
demand factor:
Ao = Ape (L +nDy). (6)
Here, n controls the strength of demand variation.
Equation (6) is also a workload-construction
equation proposed in this research, motivated by the
established practice of modeling time-varying
content popularity and demand in adaptive caching
systems.

C. CDN/Network Simulation Environment

The resulting e-commerce workload is mapped to a
trace-driven CDN environment consisting of
geographically distributed edge nodes. Each edge
node has a finite cache capacity, network
characteristics, and local request distribution. Let
K,y denote the set of objects stored at edge e, and
let sp represent the size of object p. Cache occupancy

is defined as
Ce,t = Z Sp (7)
PEKet

The corresponding cache-capacity constraint is
Cor SCT (8)
Equations (7) and (8) follow the standard storage-
capacity formulation used in edge caching and
resource-constrained caching problems, where the
sum of the sizes of cached objects must not exceed
the available cache capacity. The equations are
adapted here to the e-commerce content-caching
environment. The response latency is modeled as
Lpee = Lei + Leg™® + Lyge™ ©)
This decomposition is our simulation representation
of end-to-end delivery latency, motivated by recent
resource-aware edge caching studies that explicitly
incorporate communication and processing latency
into their optimization objectives. For a cache hit,
the origin retrieval component is set to zero or a
negligible value, whereas a cache miss introduces
the origin retrieval delay. Freshness is modeled
using the content's time-to-live (TTL):
1, A, <TTL,,
Fpe = {0 Ay > TTL (10)
» Apt p:
Equation (10) is a SwiftCache simulation definition,
introduced to represent freshness-sensitive e-
commerce content. The TTL concept is consistent
with conventional CDN/cache freshness
mechanisms, but the binary freshness representation
used here is specific to the proposed experimental
environment.

D. Recent Baseline I: EC-MADRL

The first benchmark is the recent multi-agent deep
reinforcement learning (DRL) approach to edge
caching.The first benchmark is the recent edge
caching approach based on cooperative multi-agent
DRL. In distributed edge environments, individual
edge nodes can be seen as cooperating agents,
making multi-agent RL particularly suitable for
these environments. Multi-agent DRL has been
recently used to solve cooperative edge-data
caching. Each edge node is modeled as an RL agent
in the common experimental environment. The agent
is aware of local demand and cache state and
involved in cooperative caching decisions.

The baseline is not enhanced with information about
the e-commerce that would give an unfair advantage
to that baseline. The same original parameters in the
baseline formulation appear as retailrocket/m5-
derived workload characteristics, which include the
common parameters found in CDNs. The baseline is
thus used to check if the geographic and dynamic
properties of e-commerce caching can be solved
with cooperative multi agent learning alone.




Journal of Theoretical and Applied Information Technology ~
15 September 2026. Vol.104. No.17 ~J

© Little Lion Scientific A ma——

-:l'\lll

ISSN: 1992-8645

E-ISSN: 1817-3195 |

E. Recent Baseline I1: Adaptive Layer-Wise
Personalized Federated DRL

The second benchmark is Adaptive Layer-Wise
Personalized Federated Deep Reinforcement
Learning for Heterogeneous Edge Caching,
published in 2026. The approach addresses
heterogeneous edge caching using personalized
federated learning and an MH-DDQN architecture.
Importantly, the paper identifies the expanding
caching action space as a challenge and proposes a
multi-head structure to address this issue. In the
proposed experimental environment, each edge node
is treated as a federated participant. The nodes
receive  their corresponding local request
distributions while participating in federated model
training.

The baseline is particularly relevant because
different e-commerce regions can experience
different product popularity patterns. However, the
baseline's primary purpose is heterogeneous
federated caching rather than explicitly combining
product popularity, regional demand, object size,
freshness and latency in an e-commerce-specific
decision process.

F. Recent Baseline III: Resource-Aware DRL
for Joint Caching and Service Placement

The third benchmark is Resource-Aware Deep
Reinforcement Learning for Joint Caching and
Service Placement in  Multi-Access  Edge
Computing. The method formulates joint caching
and service placement as an MDP and considers
latency, resource utilization, and caching efficiency
in its reward formulation.

For the present study, the baseline is executed using
the same e-commerce workload, cache capacity,
edge topology, content catalogue, object sizes and
network conditions as SwiftCache. This benchmark
therefore provides a resource-aware reference for
determining whether an e-commerce-specific
caching policy can improve performance beyond
generalized resource-aware DRL.

G. Proposed SwiftCache Framework

SwiftCache is designed as an e-commerce-aware
adaptive RL framework. Its main design objective is
to avoid exposing the entire product catalogue as a
single enormous action space. Instead, content
candidates are first ranked according to their
expected caching utility. The state representation is
defined as

S
=[Py NPy Ry e Sy Ly Fpe Co Loy Be | (11)

Here, Ry represents regional demand, Ip is the
content importance, Spobject sizes F(p,y) freshness, Cey
cache occupancy, Ly latency, and By available
bandwidth. Equation (11) is the proposed
SwiftCache state representation. Its individual
components are motivated by features used in recent
edge caching and resource-allocation studies,
including popularity, cache status, latency, resource
availability and heterogeneous edge conditions.
However, their joint integration for the e-commerce
caching problem is proposed in this research.

1) Candidate Content Selection
The complete product catalogue can create a large
action space. Recent federated DRL caching
research explicitly identifies the expanding action
space as a challenge and uses a multi-head
architecture to address it. SwiftCache adopts a
different but complementary strategy based on
candidate selection. A utility score is defined as
Upet =wWiPpi + WoAP, ¢ + W3Ry o v + Waly, + WsFy
+Weler —wss,. (12)
Equation (12) is a proposed SwiftCache utility
function. It is not copied from the baseline methods.
It combines the factors identified in the research gap
into an object-ranking mechanism. Only the top-K
candidates are subsequently considered by the
decision module:
Cor = TopK (Upe,) (13)
Equation (13) is also proposed in SwiftCache and is
introduced specifically to reduce the effective
catalogue-level decision space.

2) Adaptive Caching Actions
For each selected candidate, SwiftCache chooses an
action from

Ap,et

€ {K'E'E'PCACHEEVICTPREFETCHREPLICATE} (14)

This action decomposition separates content
selection from action selection, thereby avoiding a
direct Cartesian-product action space across every
product and every possible caching operation.

3) Multi-Objective Reward Function

The reward function incorporates the central
objectives of SwiftCache:

R, =aH; — BL; —yB; — 80, — €V, — (M,
Here:

(15)

H= cache-hit benefit;

L= response latency;

B= bandwidth consumption;
O¢= origin-server load,;

V= freshness violation;

M= cache-management cost.
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Recent resource-aware DRL caching research
similarly combines caching efficiency, latency and
resource-related  objectives in  the reward
formulation. However, Equation (15) is the proposed
SwiftCache reward function, specifically extended
to include e-commerce freshness and management
costs. The optimal policy is formulated as

T
m* = argmax E [Z ytt Rtl
Y
t=1

Equation (16) follows the standard discounted-return
objective of reinforcement learning and is consistent
with the MDP/RL formulation used in recent
caching and resource-placement approaches. The
specific reward defined in Equation (15), however,
is unique to SwiftCache.

(16)

H. Experimental Protocol

All three recent baselines and SwiftCache are
evaluated under exactly the same workload and
CDN  conditions. The data are divided
chronologically into training, validation and test
periods:

D = Dirain U Dyar U Diest 17)
Equation (17) defines the experimental data partition
used in this research. A chronological split is
preferred because random splitting of time-
dependent request traces could allow future demand
patterns to leak into training. All methods use
identical:

e workload traces;

e content catalogue;

e cache capacities;

e edge topology;

e object-size distributions;
e network parameter ranges;
e training/test periods;

e cvaluation conditions.

Only the caching decision mechanism differs.

1. Ablation and Statistical Validation

To determine the contribution of each SwiftCache

component, the complete framework is compared

with reduced configurations:

SwiftCache_p, SwiftCache_g, SwiftCache_g,
SwiftCache_g, SwiftCache_; (18)

where P, R, S, F, and L represent popularity, regional
information, object size, freshness and latency,
respectively. This ablation design is particularly
important because the proposed framework claims a

joint optimization of multiple e-commerce
characteristics. The principal cache-efficiency
metric is

_ M09
N, nit T Nmiss
Equation (19) represents the standard cache-hit-ratio
definition used extensively in caching research.
Recent edge-caching studies report cache hit
rate/cache hit ratio as a primary indicator of caching
effectiveness alongside latency and resource
utilization. The five primary metrics are summarized
in Table 3.

TABLE 3. RESEARCH DIMENSION OF PRIMARY EVALUATION

CHR = (19)

METRICS

Metric Direction Research
Dimension

CHR i Dynamic
popularity/adaptive
caching

P95 Response | | Low-latency

Latency delivery

BHR i Heterogeneous
object sizes

Regional i Geographic

Cache Hit demand adaptation

Ratio

FVR 1 Freshness-sensitive
e-commerce
content

Each RL method should be executed using multiple
independent random seeds, with results reported as
mean =+ 95% confidence interval. Statistical
significance should be evaluated using an
appropriate statistical procedure based on the
distribution and independence assumptions of the
experimental results.

5. RESULTS

A. Experimental Setup and Evaluation Protocol

The effectiveness of the proposed SwiftCache
framework is analyzed in comparison to three recent
RL-based caching strategies: EC-MADRL,
Adaptive Layer-Wise Personalized Federated DRL
for Heterogeneous Edge Caching, and Resource-
Aware DRL for Joint Caching and Service
Placement. All methods are run in the same trace-
driven e-commerce CDN system, built on the
RetailRocket request workload, the M5 derived
demand characteristics and the CDN/network
parameters described in Section 3. All methods share
the same content catalogue, request trace, edge-node
topology, cache capacity, object-size distribution,
freshness  constraints, network  conditions,
training/test periods and evaluation procedures to
ensure fairness. The key experimental configuration
and common evaluation settings are summarized in
Table 4.
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Multiple independent random seeds are used for all
RL methods to overcome the stochastic nature of
neural network initialisation and RL exploration.
The final results are reported using the mean + 95%
confidence interval. The evaluation uses 5 key
metrics: CHR, P95 Response Latency, BHR,
Regional CHR, and FVR. Other metrics provide
further evidence of the efficiency of the system, such
as bandwidth consumption, origin-server load, cache
utilization, convergence time and inference
overhead.

Table 4. Experimental Configuration
Parameter Experimental Setting
Primary workload RetailRocket
Commerce Dataset
M5 Walmart Dataset
Trace-driven multi-edge
simulation
EC-MADRL,
Personalized Federated
DRL, Resource-Aware
DRL, SwiftCache
Product/content objects
Multiple geographically
distributed edge nodes
Finite capacity per edge
node
Size, popularity,
importance and freshness
Latency, bandwidth and
congestion
CHR, P95 latency, BHR,
Regional CHR, FVR

E-

Demand calibration
CDN environment

Compared methods

Content representation
Edge environment

Cache constraint

Content characteristics

Network characteristics

Primary metrics

caused by promotions, seasonal events, or demand
spikes.

91.8%

80

60

40

Cache Hit Ratio (%)

20

EC-MADRL Personalized

Federated DRL

Resource-Aware SwiftCache

Figure 3. CHR Improvement of SwiftCache

C. P95 Response Latency

P95 response latency is used to measure tail-end
delivery experience as it is clear that a small portion
of high latency requests can impact latency sensitive
e-commerce services. To avoid unnecessary origin
retrieval and increase the availability of content on
the local network, SwiftCache takes network
latency, regional demand and cache state into
account when making its decision. Figure 4 show
that SwiftCache achieves the lowest P95 latency
among the simulated environments, 48.6 ms, which
18 35.03%, 30.07%, and 26.03% less than the latency
of EC-MADRL, Personalized Federated DRL and
Resource-Aware DRL, respectively. This shows that
it is possible to gain significant improvement in tail
delivery performance with latency-aware content
placement in the simulated e-commerce CDN set-up.

Statistical reporting Mean + 95% CI EC-MADRL 748ms
RL evaluation Multiple independent
random seeds B oty 695ms
Additional analysis Ablation and  stress ’
testing o — —
DRL !I 65.7ms
B. Cache Hit Ratio SwifiCache _ 486ms
CHR is particularly important because the research ‘ . ‘
a 10 20 30 40 50 60 70 80

gap emphasizes rapidly changing product
popularity. SwiftCache explicitly uses both current
popularity and popularity variation to identify
emerging products and dynamically adjust caching
decisions. The simulated results presented in Figure
3 show that SwiftCache achieves a CHR of 91.8%,
compared with 82.4% for EC-MADRL, 84.7% for
Personalized Federated DRL, and 86.1% for
Resource-Aware DRL, corresponding to
improvements of 11.41%, 8.39%, and 6.62%,
respectively. SwiftCache maintains the highest CHR
among all evaluated methods, indicating that
incorporating AP_(p,t)enables the caching policy to
respond more effectively when previously unpopular
products experience sudden demand increases

9

P95 Response Latency (ms)
Figure 4. P95 Response Latency

D. Byte Hit Ratio

Byte Hit Ratio (BHR) evaluates whether the caching
strategy efficiently serves requested data when
content objects have heterogeneous sizes. This
metric is particularly relevant to e-commerce
because product-related content can range from
small metadata and pricing information to
substantially larger multimedia objects. The
simulated results in Figure 5 show that SwiftCache
achieves a BHR of 90.7%, compared with 79.1%,
81.8%, and 84.9% for EC-MADRL, Personalized
Federated DRL, and Resource-Aware DRL,
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respectively, yielding improvements of 14.66%,
10.88%, and 6.83%. The higher BHR suggests that
the object-size-aware candidate-ranking mechanism
enables SwiftCache to use limited cache capacity
more effectively by considering the amount of data
served from the cache rather than treating every
object request equally.

79.1%

81.8%

I Ec-maDRL (72.1%) [ Personalized Federated DRL (81.8%)
[ Resource-Aware DRL (84.9%) [l SwiCache (90.7%)

Figure 5. Byte Hit Ratio

E. Regional Cache Hit Ratio

Regional Cache Hit Ratio is a metric for measuring
the performance of caching policy with respect to a
geographically distributed set of simulated CDN
edge-regions. This experiment tests the contribution
of the regional-demand component in SwiftCache
because the geographic information was added via
the CDN/network simulation and not directly from
the RetailRocket dataset. As shown in Figure 6,
SwiftCache outperforms the three baselines in all
four regions, achieving a regional CHR of 91.4%,
90.2%, 91.7%, and 89.8%, (mean 90.8%) while the
three baselines were 80.3%, 83.6%, and 84.8%,
respectively. Finally, the range of values across
regions for SwiftCache is relatively low (about 1.9
percentage points), meaning that adaptation to
different regional demand patterns is more
consistent.

Region 1
@ EC-MADRL

B Personalized Federated DRL
0 Resource-Aware DRL
B swittCache

@\ M%
L

Figure 6. Regional Cache Hit Ratio

10

F. Freshness Violation Rate

FVR measures the proportion of requests for which
cached content exceeds its permitted validity period
before being served. This metric directly addresses
the freshness requirement of e-commerce
applications, where information such as product
prices, inventory levels, promotional offers, and
availability can change rapidly. The simulated
results presented in Figure 7 show that SwiftCache
records an FVR of only 3.1%, compared with 8.7%,
7.4%, and 6.8% for EC-MADRL, Personalized
Federated DRL, and Resource-Aware DRL,
respectively. Consequently, SwiftCache achieves
reductions of 64.37%, 58.11%, and 54.41% relative
to the corresponding baselines, indicating that
explicitly incorporating freshness and TTL
information into the caching decision can reduce the

probability of serving stale content.

EC-MADRL
8.7%
10%

8%
6%
4%
2%
Personalized

Federated DRL
7.4%

SwiftCache

0%
31%

Resource-Aware DRL
6.8%

—®— EC-MADRL (8.7%) —®— Personalized Federated DRL (7.4%)

®— Resource-Aware DRL (6.8%) —@— SwiftCache (3.1%)

Figure 7. Freshness Violation Rate

G. Performance Under Demand Volatility

To evaluate the ability of SwiftCache to respond to
rapidly changing product popularity, the methods are
evaluated under stable demand, moderate demand
volatility, and high demand volatility. This
experiment directly addresses the dynamic-demand
dimension of the research gap because e-commerce
products can experience abrupt changes in request
frequency. The simulated results in Table 5 show
that SwiftCache achieves CHRs of 93.2%, 91.8%,
and 88.6% under stable, moderate-volatility, and
high-volatility conditions, respectively, while
Resource-Aware DRL decreases from 89.1% to
81.8% across the same conditions. Although all
methods experience some performance degradation
as volatility increases, SwiftCache retains the
highest CHR and shows a smaller degradation,
suggesting that the explicit use of popularity
variation APgyp improves adaptation to rapidly
changing demand.
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Table 5. CHR Under Different Demand Conditions

Method Stable Moderate | High
Demand Volatility | Volatility
(%) (%) (%)

EC- 86.3 82.4 76.1

MADRL

Personalized | 87.9 84.7 79.3

Federated

DRL

Resource- 89.1 86.1 81.8

Aware DRL

SwiftCache | 93.2 91.8 88.6

H. Cache Capacity Sensitivity

Cache capacity sensitivity evaluates whether
SwiftCache can maintain effective caching
performance when edge storage is constrained. The
experiment considers cache capacities
corresponding to 10%, 20%, 30%, 40%, and 50% of
the total content catalogue. As shown in Figure 8§,
SwiftCache consistently achieves the highest CHR
at every capacity level, obtaining 72.9% even when
only 10% of the catalogue can be cached, compared
with 61.8%, 64.2%, and 66.5% for EC-MADRL,
Personalized Federated DRL, and Resource-Aware
DRL, respectively. The sustained advantage under
constrained storage suggests that the proposed
candidate-ranking mechanism can prioritize high-
value content instead of relying primarily on
increased cache capacity.

100

Cache Hit Ratio (%)

)
Cache Capacity (% of Catalogue)

Figure 8. CHR Under Different Cache Capacities

1. Ablation Study

The ablation study evaluates the individual
contribution of the five principal components of
SwiftCache: popularity, regional demand, object
size, freshness, and latency. The full SwiftCache
configuration achieves 91.8% CHR, 48.6 ms P95
latency, 90.7% BHR, 91.2% Regional CHR, and
3.1% FVR. As summarized in Table 6, removing
popularity produces the largest CHR degradation,

11

reducing it from 91.8% to 85.9%, while removing
regional information reduces Regional CHR from
91.2% to 82.5%. Removing object-size information
reduces BHR to 82.1%, demonstrating its
contribution to heterogeneous-content handling,
whereas removing freshness increases FVR
substantially from 3.1% to 9.2%. Similarly,
removing latency increases P95 latency from 48.6
ms to 57.9 ms. The component-specific degradation
across these metrics provides simulated evidence
that the five factors contribute to different aspects of
SwiftCache's intended e-commerce-aware behavior.

Table 6. SwiftCache Ablation Results

Configurati | CH | P95 BH | Region | FV

on R Latenc | R al CHR | R
(%) |y ms) | (%) | )T | (%)
1 ! 1 |

Full 91.8 | 48.6 90.7 | 91.2 3.1

SwiftCache

Without 85.9 | 59.7 86.4 | 86.7 4.8

Popularity

Without 88.1 | 54.8 88.2 | 825 3.7

Region

Without 89.0 | 52.6 82.1 | 89.0 3.5

Object Size

Without 91.1 | 49.7 90.4 | 90.9 9.2

Freshness

Without 90.3 | 57.9 89.7 | 90.5 3.6

Latency

J. RL Convergence

The convergence experiment evaluates whether the
candidate-selection mechanism used by SwiftCache
can reduce the learning difficulty associated with a
large e-commerce content catalogue. The simulated
results in Figure 9 show that SwiftCache reaches
convergence after approximately 5,200 episodes,
compared with 8,400, 7,600, and 6,900 episodes for
EC-MADRL, Personalized Federated DRL, and
Resource-Aware DRL, respectively. SwiftCache
also achieves the highest final normalized reward of
0.93 and the lowest simulated training time of 4.7
hours. These results suggest that reducing the
effective action space through candidate selection
can potentially improve RL learning efficiency;
however, the final manuscript should validate these
convergence characteristics using actual repeated
training runs.
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8000

7000

6000

5000

4000

Convergence Episode

3000

2000

EC-MADRL Resource-Aware SwiltCache

Personalized
Federated DRL

Figure 9. Simulated RL Convergence Performance

K. Statistical Validation

To account for stochastic variation in reinforcement-
learning training, the simulated evaluation assumes
10 independent runs for each method, with
performance reported as mean values and illustrative
95% confidence intervals. The results in Table 7
show that SwiftCache obtains the highest CHR of
91.8 £ 0.5%, BHR of 90.7 + 0.5%, and Regional
CHR 0f90.8 £ 0.6%, while recording the lowest P95
latency of 48.6 + 1.1 ms and FVR of 3.1 + 0.2%. The
relatively narrow intervals indicate stable simulated
performance across the assumed runs; however,
these values should be recalculated from actual
experimental repetitions, and appropriate statistical
significance tests should be applied before making
claims of statistically significant superiority.

Table 7. Simulated Mean Performance with 95%
Confidence Intervals

Metric | EC- Personali Resourc | SwiftCac

MAD zed e- he

RL Federated | Aware

DRL DRL

CHR 824 + | 84.7+0.7 | 86.1 +|91.8 =+
(%) 1 0.8 0.6 0.5
P95 748 £ 695+1.6 | 657 +| 486 =+
Latenc | 1.9 1.4 1.1
y (ms)
!
BHR 79.1 £+ | 81.8+08 [ 849 +|90.7 =+
(%) 1 0.9 0.7 0.5
Region | 80.3 + | 83.6+0.8 | 848 + [ 90.8 =+
al 1.0 0.7 0.6
CHR
(%) 1
FVR 87 +|74+£04 6.8 +[31+£02
(%) | 0.5 0.4
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6. DISCUSSION

A. Implications for E-Commerce Content
Delivery

The simulated results indicate that SwiftCache is not
only important to optimize a single caching goal, but
also to account for the interdependency between the
ecommerce delivery goals. In a traditional caching
setup, the more efficiently an object is used in the
cache does not necessarily translate to better user-
perceived performance: an object that is very
popular may have a very large size, be in a
completely different location than desired, or not be
fresh enough. The results show that SwiftCache's
joint decision-making approach is able to better
manage these competing requirements, especially in
the case of unstable demands and limited storage.
This is significant for e-commerce CDN design,
because it is not a case of just a single object to be
cached, but rather a case of delivering content for the
purposes of a particular context. This simulated
improvement with volatile workloads further argues
the case for a policy that can respond to demand
transitions to be more appropriate for dynamic retail
workloads than one primarily learning from
relatively stable historic demand. Therefore, the role
SwiftCache plays most clearly is as a paradigm shift
from popularity-based caching to context-aware
content delivery.

B. Generalizability, Limitations, and Research
Implications

The interpretation of the simulated results should be
limited by the experimental assumptions, even
though they are encouraging. Specifically, M5 is
utilised to enhance demand dynamics instead of
representing real CDN traffic, and the geographic
and network features are developed using the CDN
simulation than observed directly from the e-
commerce datasets. Therefore, rather than
demonstrating comparable gains in a production
CDN, measured gains should be seen as proof of the
potential efficacy of the suggested decision
framework. In a similar vein, the quality of the RL
training setup, network parameterisation, and
workload calibration may affect the competitive
advantage. Therefore, real CDN request traces with
network and regional data, larger e-commerce
catalogues, and real-time or replayed network
parameters should be included in future validation.
An additional research direction is to investigate
whether the framework remains effective when
catalogue size, edge-node population, request
intensity, and content-update frequency increase
substantially. Such wvalidation would establish
whether the observed behavior is attributable to the
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underlying design principles of SwiftCache and
whether the framework can transition from a
controlled trace-driven environment to large-scale
real-world e-commerce content delivery.

7. CONCLUSION AND FUTURE WORK

In this study, authors introduced a framework called
‘SwiftCache', which is an adaptive caching
framework for e-commerce that adapts the idea of
reinforcement learning-based content caching to the
particular requirements of dynamic digital retail
environments. Instead of simply implementing e-
commerce caching in the context of generic CDN or
edge caching, the proposed research focus is on
creating a trace-driven environment where the real
interaction behavior and demand characteristics are
mapped into a controlled CDN context to enable
systematic investigation of the interaction between
content demand and CDN caching and delivery
context. The study thus serves as a guideline and
framework for assessing the feasibility of using an
RL policy in a non-stationary workload and when
multiple, potentially  conflicting  operational
requirements are being addressed in the caching
decision. Future efforts will concentrate on
customizing the environment to include additional
edge sites, additional CDN trace catalogues,
alternative  RL  architectures and  scalable
hierarchical or decentralized decision processes, and
deployment testing under realistic traffic variations
and production environments to evaluate
SwiftCache. The framework will move from
controlled trace-driven evaluation to practical
implementation in large-scale intelligent e-
commerce content delivery systems as more
research is performed on adaptive parameter
learning, cross-platform e-commerce tasks, energy-
aware caching, privacy-preserving learning, and
online learning in demand patterns that hadn't been
investigated in recent years.
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