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A B S T R A C T

Fog computing has emerged as a critical paradigm for processing data closer to

the edge. Managing fog nodes effectively is essential for optimizing performance.

This study explores a new strategy for reducing response time in IoT, focusing

on computation reuse. Computation reuse is a technique used in edge computing

to prevent redundant processing. This approach helps in eliminating repetitive

calculations, enhancing the capacity of fog computing resources. Although

computation reuse saves a significant number of computational resources when

the result is cached, it also incurs extra computational costs due to operations

like hashing and similarity calculation. It may be beneficial to directly process

tasks without searching for the cached results, especially when the probability of

successfully finding the target result is low. A novel computation reuse approach

among interconnected fog nodes is proposed, leveraging parallel processing and

popularity-aware caching to minimize response times and optimize storage.

Our method utilizes Locality Sensitive Hashing (LSH) to detect similar

computation requests and executes parallel processes for cache lookup and

service computation to avoid latency penalties from cache misses. Unlike prior

Computation Reuse methods that serialize lookup and execution, the proposed

parallel design mitigates cache-miss latency by ensuring that unsuccessful

reuse attempts do not increase response time beyond that of direct execution.

Evaluations demonstrate significant improvements in response time, reuse

rates, energy efficiency, and scalability compared to baseline methods. This

work highlights the potential of cooperative computation reuse in fog networks

and lays the groundwork for future research in dynamic network topologies.

1 Introduction

The proliferation of the Internet of Things (IoT) has
fundamentally transformed how data is generated,
processed, and consumed, giving rise to new chal-
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lenges and opportunities in distributed computing ar-
chitectures. As IoT continues to integrate into critical
domains such as smart traffic control, smart homes,
healthcare, and industrial automation, the demand
for timely, energy-efficient, and accurate data process-
ing intensifies. Traditional cloud-centric approaches,
while powerful, struggle to meet the low-latency and
context-aware requirements of many emerging appli-
cations, particularly those involving massive volumes
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of heterogeneous, real-time data [1–3].

To address these limitations, fog and edge comput-
ing paradigms have emerged. Fog computing extends
cloud computing by bringing computation and stor-
age closer to the devices that generate data, reducing
latency and improving efficiency. Fog nodes, which are
geographically distributed and resource-constrained,
play a crucial role in processing data at the edge [4].
The main purpose of Fog Computing is to reduce the
latency and bandwidth consumed by data transfer-
ring to the cloud. Because IoT devices have limited
resources, they often use the cloud to process and
store data. In other words, data management and
processing are done by cloud resources. Cloud com-
puting is inappropriate for IoT applications with low
latency tolerance. In addition, sending large volumes
of IoT data to cloud servers will increase bandwidth
consumption [5]. Fog computing mitigates cloud lim-
itations by distributing processing, computing, and
storage resources near end-users [6]. This distributed
computing architecture positions processing resources
between IoT devices and cloud data centers, creating
a hierarchical structure that addresses limitations of
traditional cloud-based solutions. The growing num-
ber of connected devices and increasingly complex
applications has highlighted challenges related to scal-
ability, interoperability, real-time response, security,
and mobility support within these environments [7].

Three important techniques—service offloading, ser-
vice caching, and computation reuse—are different
from each other. Each of them may be used to improve
efficiency.

Service offloading plays a crucial role in enabling
devices with limited resources to take advantage of the
superior processing capabilities offered by edge and
cloud servers as shown in Figure 1. This technological
approach has made it possible to support demanding
applications like virtual reality and machine learning.
However, offloading services introduces its own chal-
lenges—most notably, network latency caused by the
need to transmit application code, input data, and
output results back and forth across the network [2].

To address these issues, caching strategies are widely
used. These methods help lower both bandwidth con-
sumption and the total volume of data transferred,
while also supporting the stringent latency require-
ments of time-sensitive applications to enhance user ex-
perience. Traditional content caching stores frequently
accessed data at the edge, which can significantly de-
crease response times [8]. Caching mechanisms are
optimized to store only selective data, maximizing the
effective use of available storage. In contrast, service
caching involves keeping service code or virtual ma-
chine (VM) images in memory at the edge. The main

goal is to reduce both delay and energy consumption
linked to network activity, especially when a previ-
ously cached service is required again. With service
caching, devices that have limited resources can more
efficiently offload complex, compute-heavy tasks to
a nearby edge server, achieving lower latency than
would be possible with a distant cloud server [9].

Computation reuse is another technique where the
outputs of certain service computations, along with
their respective inputs, are saved for later use. If a
future request has the same or similar inputs, these
stored results can be returned immediately [10]. This
approach can be applied in two main ways:

• Exact reuse: Only applies when the new re-
quest’s inputs completely match those stored.

• Approximate reuse: Allows for reuse even if
the inputs are similar but not identical.

Computation reuse, which involves caching and
reusing intermediate computation results, has been
identified as a key strategy to enhance the efficiency
of fog computing environments. By minimizing re-
dundant computations, computation reuse can reduce
latency, energy consumption, and resource utilization.
Computation reuse represents a paradigm that re-
quires storage resources to store previous computa-
tions along with efficient indexing and lookup mecha-
nisms. In the context of fog computing, this approach
becomes particularly valuable as fog nodes often pro-
cess similar tasks from multiple IoT devices or end-
users. The fundamental principle behind computation
reuse is identifying previously executed tasks whose
results can be reused for new, similar incoming tasks,
thereby avoiding redundant processing.

Connected devices in IoT continuously generate
monitoring and measurement data to be delivered
to application servers or end-users. Transmitting IoT
data through networks would lead to congestion and
long delays. In addition, it is necessary to perform
processing on this data, and, based on the output, a
specific action must be taken. Therefore, in various IoT
systems, the need for repetitive computations is often
observed [11]. Sensors or IoT devices regularly sense
data at specific time intervals. These data indicate a
particular parameter in the system. Then, processing
is performed on these input data. Finally, the output
of the processing is examined, and based on it, an
action is taken. If, in consecutive cycles, the data
value remains the same, these processes constitute
repetitive computations. Therefore, by caching the
output of these computations, system performance
can be improved.

Despite these advantages, implementing computa-
tion reuse in collaborative fog networks is particularly
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Figure 1. Service Offloading.

challenging for two reasons. First, compared to com-
putation reuse in a single edge server, it is difficult to
quantify the mutual effects of storage decisions across
multiple edge servers. Second, in contrast to tradi-
tional fog networks, introducing computation reuse
alters the distribution of task processing times, deeply
intertwining and complicating the tasks of storage and
scheduling optimization.

While computation reuse has been studied as an ef-
fective means to eliminate redundant processing and
improve resource efficiency at the edge, existing ap-
proaches primarily focus on either single-node reuse
(e.g., FoggyCache) or network-level reuse without ex-
plicitly addressing the latency penalties caused by
cache misses and similarity lookup overhead (e.g.,
CoxNet and network-based reuse architectures). As a
result, the trade-off between reuse benefits and lookup-
induced delay remains insufficiently explored, particu-
larly in cooperative fog environments with constrained
resources.

This paper addresses this gap by proposing a dis-
tributed and cooperative computation reuse frame-
work for interconnected fog nodes that explicitly ac-
counts for the cost of reuse operations. The key nov-
elty of the proposed approach lies in jointly integrat-
ing (i) popularity-aware computation caching to se-
lectively store only high-impact computation results,
(ii) LSH-based similarity detection to enable scalable
reuse of prior computations across neighboring fog
nodes, and (iii) a parallel execution strategy in which
cache lookup and direct service execution are initiated
simultaneously. Unlike prior reuse frameworks that
serialize lookup and execution, the proposed parallel
design mitigates cache-miss latency by ensuring that
unsuccessful reuse attempts do not increase response
time beyond that of direct execution.

To control system overhead, two thresholds are em-
ployed: a service popularity threshold (th1) that deter-

mines whether reuse mechanisms are activated, and a
similarity threshold (th2) that governs approximate
reuse decisions. These thresholds reflect a deliberate
design choice to balance reuse benefits against hashing,
similarity computation, and coordination overhead,
thereby improving robustness under varying workload
characteristics.

Our contribution in this paper is threefold:

• This study emphasizes the potential benefits of
computation deduplication and reuse in fog com-
puting environments and stresses the importance
of developing an approach that accounts for their
distributed characteristics—a crucial aspect that
past research has largely neglected.

• By presenting a new method to enable the perva-
sive computation deduplication and reuse at the
network based on parallelism, the response time
is decreased. Parallelized processing minimizes
the negative impact of cache misses. We consider
two processes that are run in parallel. The first
process involves performing complex computa-
tions directly on the edge node, and the second
process involves executing complex computations
through computation reuse.

• The proposed method considers the popularity
of services for computation reuse. To optimize
the use of available storage space, only popular
services are cached.

The rest of our paper is organized as follows: in Sec-
tion 2, we give a brief background of the present prior
related work. In Section 3, we present the proposed
method and IoT use cases that can benefit from com-
putation reuse. In Section 4, we present the evaluation
of this method. Finally, in Section 5, we conclude our
paper.
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2 RelatedWorks

Computation reuse is a fundamental strategy that in-
volves storing intermediate computation results (CRs)
and reusing them to avoid redundant computations.
Cross-device approximate computation reuse mini-
mizes redundant computation by reusing previously
computed outputs with high confidence. This ap-
proach is particularly useful in mobile and IoT scenar-
ios where similar applications are invoked on multi-
ple devices in proximity. Techniques such as adaptive
locality-sensitive hashing (A-LSH) and homogenized
k-nearest neighbors (H-kNN) enable scalable and high-
quality reuse opportunities [12].

Approximate computing has emerged as a promising
technique to improve performance for many mission-
non-critical and error-tolerant applications. The fol-
lowing strategies have been proposed to enhance com-
putation reuse in approximate computing. The ACR
framework relaxes the exact matching requirement in
inputs to enable computation reuse for approximate
computing. This framework uses a similarity quan-
tification scheme to reuse similar results, reducing
redundant computations [13].

An auto-memorization processor has been proposed
to dynamically detect reusable functions and store
their inputs and outputs in a lookup table. By toler-
ating partial input mismatch, this processor achieves
approximate computing with negligible quality de-
terioration in outputs [14]. While these approaches
demonstrate the effectiveness of approximate reuse,
they are primarily designed for single-device or tightly
coupled execution environments and do not explicitly
address cooperative reuse across distributed fog nodes.

FoggyCache is a cross-device approximate computa-
tion reuse framework that minimizes redundant com-
putation by reusing previously computed outputs with
high confidence. This framework incorporates approx-
imate reuse as a service in the computation offloading
runtime, reducing computation latency and energy
consumption. However, FoggyCache relies on central-
ized coordination and does not explicitly consider co-
operative reuse among interconnected fog nodes, nor
does it address the latency overhead incurred by cache
lookup failures in distributed environments.

A network-based computation reuse architecture
allows edge servers to store and reuse results from
previously executed tasks, significantly reducing task
completion time and resource utilization [15, 16].

Matching-based service offloading schemes, such as
WHISTLE, facilitate the efficient distribution of tasks
to edge servers, achieving a reduction in computation
and communication overhead [17]. Although effective
in improving offloading efficiency, these approaches

primarily focus on task scheduling and placement
rather than the joint optimization of reuse decision-
making, similarity detection overhead, and cache-miss
latency.

CoxNet is an architecture designed to efficiently
reuse computations in edge computing environments
[18]. CoxNet allows edge servers to leverage previ-
ously performed computations while managing the
scheduling of incoming dependent tasks. The authors
proposed an analytical framework that integrates com-
putation reuse with offloading of dependent tasks and
developed an innovative scheduling strategy for com-
putation offloading. The evaluation of this method
reveals that it can decrease task execution time with
synthetic data and with real-world data. Nevertheless,
CoxNet assumes centralized coordination and sequen-
tial reuse decision processes, and it does not explicitly
address the trade-off between reuse lookup overhead
and direct execution latency in highly distributed fog
environments.

The following table provides a comparative analysis
of the key strategies for managing fog/edge nodes
based on computation reuse:

Research Gap and Motivation Despite the sub-
stantial progress in computation reuse, existing ap-
proaches exhibit three key limitations when applied
to interconnected fog computing environments:

(1) reuse decisions are often centralized or local-only,
limiting scalability and cooperative gains;

(2) similarity detection overhead is treated as negli-
gible, despite its non-trivial impact on response
time under low reuse probability; and

(3) cache lookup and service execution are typically
performed sequentially, leading to unnecessary
latency when cache misses occur.

To the best of our knowledge, prior work does not ad-
equately address the joint optimization of distributed
reuse cooperation, similarity detection overhead, and
cache-miss latency mitigation in fog networks. In con-
trast to FoggyCache, CoxNet, and other network-
based reuse methods, this work proposes a fully dis-
tributed and cooperative computation reuse frame-
work for interconnected fog nodes that explicitly tar-
gets response time minimization. The parallel execu-
tion of the proposed model assumes that cache lookup
and service execution can be independently scheduled
on fog nodes. The overhead of parallel execution is
limited to lightweight synchronization and conditional
result selection, which is explicitly accounted for in
the system model and evaluation. By allowing direct
execution to proceed in parallel with reuse lookup, the
proposed design avoids the response time penalties
typically associated with cache misses, a limitation



Research Article, 2026, Volume 13, Number 1 (pp. 59–71) 63

Table 1. Summary of Previous Work Methods.

Strategy Focus Area Evaluation metric

Approximate Computation Reuse
(ACR)

Relaxing exact matching requirement
for computation reuse

Energy Reduction, Classification Ac-
curacy

Auto-Memorization Processor Dynamic detection of reusable func-
tions and approximate computing

Execution Cycles Reduction

FoggyCache Cross-device approximate computa-
tion reuse

Reuse Rate, Computation Latency
Reduction, Energy Consumption

Network-based computation
reuse architecture

Architecture of network for computa-
tion reuse

Task Completion Time, Computa-
tion Correctness

WHISTLE Efficient distribution of tasks to edge
servers

Task Completion Time, Computa-
tion Reduction

CoxNet Architecture of network for computa-
tion reuse

Task execution time, Computation
Efficiency

not addressed in prior reuse frameworks.

3 Proposed Method

For different network users, the response time is crucial.
To reduce the response time, tasks are offloaded from
the end devices to the fog or edge nodes. In addition
to the offloading mechanism, computation reuse is
employed.

We consider two examples of IoT applications and
the occurrence of repetitive computations within them.
In a smart traffic control scenario, the traffic volume
is estimated by identifying the number of car license
plates in an image. Cameras at the site capture several
snapshots of the environment in very short intervals—
just one or a few seconds. These images are, in some
cases, very similar to one another. Smart homes are
another common IoT application. In smart home ap-
plications, device control is based on voice commands
received from the homeowner or another household
member. In these cases, the computation required by
the fog nodes is speech identification and command
detection within the person’s speech.

In most IoT applications, computations are repeti-
tive. However, computation reuse (CR) can only be
employed in two cases: first, when similar computa-
tions are offloaded to the same fog node, and second,
when fog nodes are connected and can use each other’s
previously computed results.

Recently, extensive research has been conducted on
computation reuse in a single edge server [12, 13, 17].
However, the benefits of computation reuse can only be
fully realized through the cooperation of multiple edge
servers. The main reason is that, through cooperation,

cached computation results on one edge server can be
reused by tasks offloaded to other edge servers. This
not only improves the cache hit rate for each stored
result but also increases the total number of results
stored in the system, since it eliminates the need for
redundant storage of similar results on different edge
servers.

Computation reuse is an important concept in com-
puter science and engineering, particularly in the
fields of high-performance computing, machine learn-
ing, and distributed systems. It involves reusing pre-
viously computed results to save time and resources,
especially when the same computations are needed
multiple times.

Therefore, it is necessary to cache records for some
previously executed computations. Each record in-
cludes the input data and the output of relevant com-
putations. If these services are offloaded again with
different input data, a lookup is first performed. If the
service is for the same data or data that is sufficiently
similar, the cached output is returned. Otherwise, if
the search is unsuccessful, the computations will be
executed directly on the fog node.

In most studies, computation reuse has only been
considered within a single fog node, and less attention
has been given to the connection between neighboring
fog nodes. However, the benefits of computation reuse
can be fully realized only through the cooperation of
multiple fog servers. The main reason is that, with
cooperation, the computation results stored in one
fog server can be shared by tasks offloaded to other
edge servers. This not only improves the cache hit
rate, but it also increases the total number of results
stored in the system, as there is no longer a need to
redundantly store the same results on multiple fog
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servers. Specifically, on fog nodes that are near each
other, the likelihood of similar computations being
needed is higher. Many users in the same geographic
area request similar services. Therefore, cooperation
between neighboring fog nodes helps improve system
performance.

One of the challenges in the problem of computation
reuse is the increased response time in cases where
the lookup for similar computations is unsuccessful.
An unsuccessful lookup leads to additional time.

As emerging applications require extremely fast re-
sponse times—for instance, augmented reality may
need a response in less than 10 milliseconds—removing
redundant computations and leveraging previously ob-
tained results can speed up the processing of services
delegated by user devices. By drawing on outputs from
prior, comparable tasks, systems can avoid repeating
costly computations. This method also makes better
use of often limited edge computing resources by ex-
changing storage for computational effort, meaning
it conserves and reapplies earlier results. Ultimately,
computation reuse has the potential to greatly boost
both the efficiency and capacity of edge computing
systems.

To address the mentioned challenge, we explore and
evaluate a new approach. The proposed method has
three main features: (1) Fog nodes are interconnected;
(2) The popularity of services is considered when stor-
ing computations; and (3) The fog server utilizes a
parallel technique. For this purpose, we consider two
processes, both of which start simultaneously. Process
one: direct execution of the service and determination
of its output. Process two: obtaining the service output
by reusing prior computations. By default, the cache
lookup and its related operations are completed first.
Then, if the search result is unsuccessful, the compu-
tation for the requested service is started. The first
feature is intended to improve the efficiency of compu-
tation reuse, and the second feature aims to enhance
the efficiency of service caching within the network.
The third feature also aims to reduce response time.

When a fog node receives a complex computa-
tional service, the fog server operates in a parallel
manner—that is, it simultaneously executes the of-
floaded service and performs a lookup among previ-
ously cached computations. In this way, if the search
fails (meaning the service and its input data do not
have a sufficiently high similarity), no time is lost, as
both processes are carried out simultaneously on the
fog server. On the other hand, if the search for dupli-
cate computations for a request fails, a neighboring
node is asked to search for duplicates among its own
computations. Thus, fog nodes are coordinated with
their neighboring nodes. Since similar computations

might be offloaded to different servers, this feature
helps improve the system’s overall performance. If the
search is unsuccessful, the input data and its results
are cached. The algorithm’s operation in different sce-
narios is described in Section 3.3. Figure 2 shows the
flowchart of the proposed method. According to this
flowchart, three different paths exist for terminating
the algorithm depending on the simulation scenario.
When a service request arrives at a fog node, the de-
cision process is initiated. In this stage, the service
popularity is calculated based on the number of pre-
vious requests within a specified time window. The
computed popularity value is then compared with a
predefined threshold (th1). If the service is considered
non-popular, the system proceeds directly with nor-
mal service execution. In this case, the computation
reuse mechanism is not activated in order to avoid
unnecessary lookup overhead. However, if the service
is identified as popular, the system switches to a logi-
cal parallel processing mode, where two processes are
initiated simultaneously.

3.1 System Model and Problem Formulation

In this section, we describe the proposed method
and provide its corresponding formulation. We con-
sider a network with N fog nodes indexed by N =
{1, 2, . . . , N}. Each IoT device is assigned to a fog
node. Each fog node has a computational capacity
and storage capacity.

Let’s assume that there exists a set of M different
services M = {c1, c2, . . . , cM} which are requested at
rates Ri = {R1, R2, . . . , RM} by a set of users. Each of
these services has a different request rate. Depending
on the specific application, some services are more
popular and are requested by more users. In contrast,
some services are less popular.

Users utilizing these services might offload compu-
tation tasks to nearby fog nodes, each with different
input data. Based on the findings in [2], for a specific
application, tasks with input data that are sufficiently
similar tend to produce identical outputs. Therefore,
the output of earlier tasks can be reused for later sim-
ilar tasks.

Specifically, for service x ∈M , we have assumed a
set of typical inputs Dx = {d1, d2, . . . , dm} from its
historical data. For each service x, one of the data
items from Dx can be requested as input data by any
end user.

Optimization Objective: The primary goal is to
minimize the average response time for user requests
across the fog network. This is achieved by intelligently
leveraging cached computational results to bypass
redundant execution, balanced against the overhead



Research Article, 2026, Volume 13, Number 1 (pp. 59–71) 65

Figure 2. Flowchart of the Proposed Method.

of cache management and similarity search.

Decision Framework and Threshold Ratio-
nale: To manage the trade-off between the benefits
of reuse and its inherent overheads, we employ a
threshold-based decision policy executed upon a
request arrival for service x with input data di:

Popularity Filter (Threshold th1): The system
first evaluates the service’s popularity, PO(i), defined
as the proportion of all requests at the node for ser-
vice i (Section 3.2). A cache lookup is initiated only if
PO(i) > th1. The overhead of similarity search (via
Locality Sensitive Hashing, Section 3.3) is justifiable
only for services requested with sufficient frequency.
For low-popularity services, the probability of a cache
hit is low, and the resource cost of maintaining their
cache entries often outweighs the occasional benefit.

Similarity Check (Threshold th2): If a service is
popular (PO(i) > th1), a parallel process is launched
to search for cached data d′ similar to the new input
d using LSH. The similarity sim(d, d′) is computed
[10]. A cached result is reused only if sim(d, d′) ≥ th2.
This threshold enforces the correctness and utility of
reuse. A low th2 increases reuse frequency but risks
returning incorrect outputs for insufficiently similar
data, compromising application integrity. A high th2

ensures high output fidelity but reduces reuse opportu-
nities. The optimal th2 is application-dependent and
should be calibrated based on the sensitivity of the
service’s output to input variations.

Concurrently with the cache lookup process, a sec-
ond process executes the service natively. The system
returns the first available valid result (from either pro-
cess) and terminates the other, minimizing response
time.

The proposed approach assumes logical parallelism
modeled at the system level, rather than idealized zero-
cost hardware-level parallelism. In practice, fog nodes
are multi-core computing units capable of handling
concurrent threads. Therefore, parallel execution is
implemented as two independent threads scheduled
by the local operating system scheduler.

3.2 Service Popularity

The popularity of a service is measured by how fre-
quently it is requested. Each time a fog node receives a
request for a specific service, that service’s popularity
increases. Let the total number of requests arriving at
a fog node for service i; the popularity of that service
is calculated as the proportion of its requests to the
overall requests for all services. A service that receives
more requests is considered more popular, and such
services are labeled as popular services. The popular-
ity of a service i can be expressed as:

PO(i) =
Ri

Rtotal
(1)

where

Rtotal =

N∑
j=1

Rj (2)
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and Ri and Rtotal are the number of received requests
for service i to the fog node and the total number of
received requests for all services, respectively, and N is
the total number of available services in the network.

3.3 Similarity Measurement

The similarity between two inputs d and d′ is com-
puted using a fixed, service-specific similarity function
sim(d, d′). The similarity function sim(d, d′) is nor-
malized and bounded in the range [0, 1], where 0 de-
notes no similarity and 1 denotes maximum similarity.
This normalized similarity value is used consistently
for cache indexing, similarity evaluation, and reuse
decisions.

Higher values indicate greater similarity. This simi-
larity function is consistently used for cache indexing,
similarity evaluation, and reuse decisions. Reuse
is allowed if sim(d, d′) ≥ th2. The specific form of
sim(d, d′) is application-dependent but fixed per ser-
vice type (e.g., cosine similarity, normalized Euclidean
similarity, or domain-specific similarity functions).
Cosine similarity is suitable for high-dimensional
embedding-based data where vector direction is more
meaningful than magnitude (e.g., text, image, and se-
mantic embeddings). Normalized Euclidean similarity
is appropriate for real-valued numerical data where
absolute distances are semantically meaningful (e.g.,
IoT sensor data and physical measurements). Domain-
specific similarity functions are used for structured
or complex data types (e.g., images, videos, graphs,
or industrial processes), where similarity depends
on application-specific semantics rather than purely
numerical distance. Therefore, depending on the data
and the intended application, one of these algorithms
can be used.

3.4 Locality Sensitive Hashing (LSH)

Locality Sensitive Hashing (LSH) is an algorithmic
technique used to efficiently find similar or nearby
data items in high-dimensional spaces. It works by
hashing input items so that similar items have a high
probability of being mapped into the same bucket(s) of
a hash table. This allows for fast approximate nearest
neighbor searches because instead of comparing every
item against all others, only items in the same buckets
are compared. Unlike traditional hashing, which aims
to minimize collisions, LSH intentionally maximizes
collisions for similar items to enhance similarity de-
tection. LSH is used to find the k-nearest neighbors
of an incoming item i by applying a hash function h
to i and using the resulting hash value h(i) to identify
the bucket(s) in a hash table where the nearest neigh-
bors may be located. To enhance the search accuracy,
especially for high-dimensional data types such as im-

ages or videos, multiple hash functions h1, h2, . . . , hn

can be applied to each incoming item, with each hash
function indexing a different hash table.

LSH is used as a candidate retrieval mechanism, not
as the final similarity decision rule. For each service
x, the fog node maintains L independent hash tables
HT1, HT2, . . . ,HTL. Each hash table HTl is associ-
ated with a hash function hl. These hash functions
satisfy the LSH property that inputs which are similar
under the similarity metric sim(d, d′) have a high prob-
ability of being mapped into the same hash bucket.
For each cached input d′, indexing is performed as
follows:

d′ → {h1(d′), h2(d′), . . . , hL(d′)} (3)

The input is stored in the corresponding buckets of
all L hash tables.

For a newly arriving input d of service x:

(1) Hashing is performed using all hash functions
{h1(d), h2(d), . . . , hL(d)}.

(2) Candidate inputs, C(d), are retrieved from the
corresponding hash buckets. C(d) contains only
those previously stored inputs that are likely to
be similar to d according to the LSH hashing
stage. It is a reduced search space, meaning the
system does not compare d with all cached data,
but only with the candidates in C(d).

(3) Exact similarity is computed only for candidate
inputs. For each d′ in C(d) compute sim(d, d′).

(4) If there exists d′ in C(d) such that sim(d, d′) ≥
th2, the cached result is reused.

Thus, LSH only reduces the search space, while the
final reuse decision is based on deterministic similarity
evaluation.

3.5 Service execution time

In the proposed method, the response time is esti-
mated based on different scenarios. Two threshold
values are used in this method. th1 represents the pop-
ularity threshold of the service, and th2 represents
the similarity threshold of the input data with cached
data. Only services with popularity higher than th1

are stored for reuse. For service i, if Ri exceeds the
threshold, the service output may be returned from
previous computation results. If Ri does not meet the
threshold, the search and similarity detection opera-
tions are not performed. In this case, the output is
determined by directly performing the computations.
If we denote the execution time of service i with in-
put data j by ti,j and the execution times of process

one and process two by tproc1i,j and tproc2i,j respectively,
based on the explanations provided, we have:
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ti,j =

{
min

(
tproc1i,j , tproc2i,j

)
Ri > th1

tproc1i,j Ri ≤ th1

(4)

To clarify the proposed method, we consider three
different scenarios. In the scenarios considered, we
assume that the users are interested in specific services
and that the users’ devices lack the processing power
to perform the desired service. Therefore, they offload
these to the fog nodes.

(a) In the first scenario, after offloading the service
to the fog node, the popularity of the service is
first calculated at the fog node. In this scenario,
we assume that the requested service’s popu-
larity is less than th1. Therefore, the requested
service is executed directly by the fog node, and
the result is returned to the user.

(b) In the second scenario, after offloading the ser-
vice to the fog node, the popularity of the service
is first calculated at the fog node. It is assumed
that the popularity of the requested service is
higher than the threshold th1. Based on this
assumption, there is a possibility that this ser-
vice and similar input data are available in the
cache. Process 1, which is the direct execution of
the service, begins. In parallel with this process,
Process 2 is carried out, which involves search-
ing the cache of the fog node and its neighbors.
If the cache search is successful, the output is
returned from previous calculations. The data
similarity is greater than the threshold (th2), so
the response time is less than in Scenario 1.

(c) The third scenario is similar to scenario b. We
assume that the popularity of the requested ser-
vice is greater than the threshold th1. However,
data similar to the input data is not in the cache;
the data similarity is less than the th2. Process 1
and Process 2 start simultaneously, but because
data similar to the input is not in the cache,
the output is determined via Process 1. The re-
sponse time is equal to that in Scenario 1.

4 Evaluation

This evaluation section provides a comprehensive anal-
ysis of the proposed method. The evaluation is struc-
tured as follows. First, we delineate the experimental
design and performance metrics. Next, we present both
simulation results, comparing the proposed approach
against baseline methods and analyzing its impact
on response time, cache efficiency, energy consump-
tion, and system scalability. The proposed method
was compared against several approaches. The first ap-
proach is Local-only Computation Reuse. Com-
putation reuse is enabled solely within individual fog

nodes, with no inter-node cooperation. The second
approach is No Computation Reuse. Each service
is processed independently, with no caching or reuse,
representing the traditional fog execution model. Fi-
nally, the third one is Centralized Caching. Cached
results are maintained at a centralized location, re-
quiring data transmission from edge devices to the
core for lookup and retrieval.

For evaluation, three metrics are considered:

• AverageResponseTime:The mean time from
task arrival to result delivery, reflecting system
latency. This metric directly captures end-to-end
system latency and is critical for latency-sensitive
applications such as augmented reality, smart
transportation, and real-time analytics.

• Percentage of reuse: The proportion of re-
quests served from computation reuse, indicating
the effectiveness of computation reuse. This met-
ric quantifies the effectiveness of computation
reuse and reflects the system’s ability to exploit
redundancy in service requests and input data.

• Scalability: Evaluated by observing perfor-
mance trends as the number of services increases,
reflecting the system’s ability to maintain effi-
ciency under growing service diversity and cache
pressure.

We evaluated the proposed method using the NS3
simulator. We assume a network consisting of several
users, intermediate routers, and edge nodes. There
are 50 users, each connected to an edge node with two
or at most three hops. The number of edge nodes is 5.
Edge nodes are server-type nodes that have processing
power and storage capacity and randomly provide
some services. The total number of defined services is
100. The user offloads the requested service and input
data to the edge node. Users can request any of the
100 services. For services whose popularity is above
the threshold, computation reuse may be used. If the
service is not available on the corresponding edge
node, the service request is sent to the neighboring
edge nodes.

The rate of user request submissions is between 3
to 10 services per second. The number of data items
defined for each service is randomly between 4 and
10. The execution time of services directly (by the
edge node) ranges from 20 ms to 50 ms. With the
increase in the similarity threshold, the number of
similar services decreases. Therefore, the possibility
of obtaining computation results through the reuse of
calculations is reduced, and ultimately, the response
time at a 90% threshold is close to the other two
methods, as shown in Figure 3.

All reported results represent averaged values over
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Figure 3. Average Response Time vs Similarity Threshold.

5 independent simulation runs. This ensures that re-
ported performance gains are not artifacts of stochas-
tic simulation variability.

By keeping the similarity threshold constant at 60%
and increasing the number of services available in the
network, we observe that the response times in differ-
ent methods become closer to each other. This reflects
increased service diversity and reduced reuse proba-
bility. Nevertheless, the proposed method consistently
maintains lower response times due to cooperative
caching and parallel execution, demonstrating robust-
ness under increasing system scale, as shown in Figure
4.

In the No Computation Reuse approach, each ser-
vice is processed independently. This means that no
computations are cached in advance, and no response
is received from cache or neighboring nodes. As a
result, all processing steps must be performed from
scratch. This approach consumes the most processing
power. In the central caching approach, the compu-
tational results are cached in a central location. Al-
though this approach requires sending services to the
center, the processing load caused by the computa-
tions is reduced due to the extensive use of previous
results. The proposed method significantly reduces
the processing load by enabling parallel execution.
This method performs better, especially in scenarios
with popular services. This is a fact that is also evi-
dent from the simulation results, as shown in Figure
5. Since CPU utilization is used as a proxy for energy
consumption, these results indicate improved energy
efficiency through reduced redundant computation.

To examine scalability, we also examine the increase
in the number of user devices. The results are shown
in Figure 6. As the table shows, with the increase in
the number of users and the similarity threshold re-

maining constant at 60% and other simulation param-
eters remaining constant, the average response time
increases in all three methods. With the increase in
the number of users, although the variety of requested
services increases, the reuse of calculations can still
be useful for improving the average response time.

By enabling parallel execution of cache lookup and
computation, the method ensures that unsuccessful
lookups do not increase latency, a critical requirement
for real-time applications such as augmented reality
and smart traffic management. Inter-node coopera-
tion increases the likelihood that a requested compu-
tation result is already available somewhere in the
network, especially for popular services. Popularity-
aware caching ensures that limited storage resources
are allocated to computations with the highest ex-
pected reuse, maximizing cache efficiency. By reusing
computation results and reducing redundant process-
ing, the method conserves energy, a key concern in
edge/fog environments.

Despite its strengths, the proposed method faces
several challenges. Synchronizing caches across dis-
tributed fog nodes introduces additional complexity,
particularly in highly dynamic environments. Query-
ing neighboring nodes for cached results incurs com-
munication overhead, which must be balanced against
the potential gains in cache hit rate. The effectiveness
of LSH and similarity detection depends on the choice
of metric and parameters, which may require domain-
specific tuning. As the number of users and services
grows, maintaining efficient cache lookup and update
operations becomes increasingly challenging. In real
fog networks, due to the parallel execution of two pro-
cesses, we will have overhead. This overhead will be in
terms of using processing resources to perform service
calculations and similarity search. In terms of memory,
the proposed method also requires storing the hash ta-
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Figure 4. Average Response Time vs Number of Services.

Figure 5. Percentage of CPU Utilization.

Figure 6. Average Response Time vs Number of Users.
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ble as well as the input data and output results of the
calculations. In addition, parallel execution requires
synchronization and time management of resources.
This synchronization will lead to overhead.

5 Conclusions and Future Directions

The effective management of fog nodes based on com-
putation reuse is crucial for optimizing resource utiliza-
tion and performance in fog computing environments.
Various strategies, such as caching and computation
reuse, resource allocation, task scheduling, approxi-
mate computing, and learning-based approaches, have
been proposed to enhance the efficiency of networks.
These strategies have been shown to reduce latency,
energy consumption, and resource utilization while
meeting the QoS requirements of applications.

In this paper, an adaptive, cooperative method for
computation reuse in fog computing environments
for IoT applications is proposed. The evaluation has
demonstrated that the proposed parallel and cooper-
ative computation reuse method delivers substantial
benefits for facilitated fog computing in IoT environ-
ments. By enabling fog nodes to share cached results,
targeting storage towards popular services, and exe-
cuting cache lookup and computation in parallel, the
method achieves significant reductions in response
time and energy consumption, while improving cache
hit rates, storage efficiency, and system throughput.

Future works will focus on extending the method
to support dynamic network topologies, integrating
advanced prediction and prefetching mechanisms, and
empirically validating performance in operational IoT
testbeds. By systematically addressing the challenges
of computation reuse in distributed fog environments,
this research contributes a foundational building block
for the next generation of efficient, responsive, and
intelligent edge computing systems. Future works can
dynamically adjust thresholds based on observed work-
load characteristics, further optimizing performance.
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