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Abstract 

Serverless computing has become a transformative model in cloud architecture by 

eliminating manual server management and enabling on-demand function execution. 

However, there are some challenges like cold start latency, repeated computation and 

stateless execution mostly degrade performance and hinder real-time responsiveness. 

This study proposes a Function Delivery Network (FDN) framework that extends the 

principles of Content Delivery Networks (CDNs) to function-level execution by using a 

multi-level caching mechanism to increase performance. The system uses a Level-1 in-

memory Least Recently Used (LRU) cache for instant retrieval and a Level-2 persistent 

cache using AWS DynamoDB to store preprocessed type of results for minimizing 

redundant AWS Lambda invocations. This study has implemented through Flask, API 

Gateway and AWS Lambda within the AWS ecosystem. The FDN is experimentally 

validated using text and PDF files ranging from 40 KB to 2 MB. This study shows over 

95% reduction in response latency, with Lambda executions averaging 492–2638 ms 

reduced to 0–21 ms through caching layers. These findings confirm that hierarchical 

caching enhances throughput, scalability, and cost efficiency while reducing cold starts.  

Keywords: Serverless Computing, Function Delivery Network, Multi-Level 

Caching, AWS Lambda, Latency Optimization 

 

 

1 Introduction 

1.1 Background and Motivation 

The concept of serverless computing has changed the face of the modern cloud architecture 

because servers no longer need to be managed manually; they can be invoked at any time on-

demand using services such as AWS Lambda (Mehdi Syed and Ali, 2024). Although this 

model is scalable and cost effective, the latency of cold start, repetitiveness of computation 

and stateless clouds remains a significant barrier to real time responsiveness. Such latency 

problems are crucial in applications where rapid processing and rapid access to data is 

required (Shukla et al., 2023). In order to overcome this drawback, the Function Delivery 

Network (FDN) concept applies the concepts of Content Delivery Networks (CDNs) to 

functions through execution at a function level by deploying and caching serverless functions 
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nearer to the users (Yang et al., 2023). The motivation of this study was the increasing 

requirement on minimizing latency and enhancing throughput in distributed serverless 

systems by using smart caching policies. The study will add a multi-level caching system, an 

in-memory LRU cache to access the data in a short period of time and DynamoDB to store 

the data permanently, to improve the performance of the executions, reduce unnecessary 

Lambda invocations, and provide low-latency behaviour under various workloads and file 

types. 

1.2 Importance of the Study 

The importance of this study lead to the enhancement of the performance and scalability of a 

serverless computing by optimized Function Delivery Network (FDN). The research can 

eliminate one of the key drawbacks of AWS Lambda, namely, the execution latency that is 

caused by repeated invocations and cold starts by introducing a multi-level caching system 

based on in-memory LRU and DynamoDB. The paper offers a comprehensive understanding 

on how hierarchical caching can greatly decrease the response time, improve cost-efficiency 

as well as facilitating real-time data processing, which renders it very useful in today cloud 

applications and latency-sensitive applications. 

1.3 Research Question 

Serverless computing systems often experience performance bottlenecks due to cold starts, 

repeated function invocations, and stateless execution models that increase overall latency. 

These issues are particularly evident when processing large or frequently accessed data files 

in distributed cloud environments. Traditional single-level caching or no-caching approaches 

fail to efficiently minimize redundant computations and maintain real-time responsiveness. 

Therefore, this study seeks to investigate how the implementation of a multi-level caching 

mechanism, integrating an in-memory Least Recently Used (LRU) cache with a persistent 

DynamoDB layer, can enhance execution performance in a Function Delivery Network 

(FDN). The research question guiding this investigation is: 

“How does a multi-level caching mechanism (in-memory LRU + DynamoDB) impact the 

function execution time and overall end-to-end response latency compared to single-level 

and no-caching approaches in an AWS-based Function Delivery Network (FDN)?” 

1.4 Research Objectives 

There are three research objectives in this study which includes: 

1. To design a multi-level caching FDN model (L1 LRU + L2 DynamoDB) to reduce 

latency and avoid redundant Lambda executions. 

2. To evaluate performance across no-cache, single-level, and multi-level caching modes 

using latency and execution metrics. 

3. To build and test a prototype using Flask and AWS services to validate improved 

speed, scalability, and cost efficiency. 
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1.5 Structure of the Study 

Table 1: Overview of the Study Structure and Chapter Descriptions 

Chapter Description  

Chapter 1: 

Introduction 

This chapter introduces the research background, highlights the 

importance of the study, presents the central research question, 

outlines the objectives, and explains how the overall study is 

structured. 

Chapter 2: Related 

Work 

This chapter reviews existing literature on serverless computing, 

latency challenges, multi-level caching mechanisms, Function 

Delivery Networks (FDNs), and machine-learning-based 

optimisation techniques relevant to this study. 

Chapter 3: 

Methodology 

This chapter explains the research design, outlines the 

methodological approach, details the AWS-based infrastructure 

configuration, and describes the performance metrics used for data 

collection and evaluation. 

Chapter 4: Design 

Specification 

This chapter describes the overall system setup, presents the 

architectural components of the proposed Function Delivery 

Network (FDN), and explains the multi-level caching workflow 

designed for latency optimisation. 

Chapter 5: 

Implementation 

This chapter demonstrates the practical implementation on AWS, 

including setup of services, cache integration, and the pseudocode 

used for processing TXT and PDF files. 

Chapter 6: Results This chapter presents experimental findings, including text and 

PDF file processing outcomes, execution time comparisons, latency 

analysis, multi-level cache performance, and comparative 

evaluation with existing studies. 

Chapter 7: 

Conclusion and 

Future Work 

This chapter summarises the research outcomes, highlights key 

contributions, discusses limitations, and proposes directions for 

future enhancements in caching and serverless optimisation. 

 

2 Related Work 

2.1 Serverless Computing and Function-as-a-Service (FaaS) 

The concept of serverless computing has become one of the revolutionary concepts in cloud 

computing that enables developers to run application functions without having control over 

the underlying infrastructure (Wen et al., 2023). This architecture is devoted to event-based 

execution with which each functionality will be called based on certain triggers and which 

will be automatically scaled based on demand. A proficiently designed and adopted all-to-a-

service (FaaS) framework has been adopted by vendors like AWS Lambda, Microsoft Azure 

Functions, and Google Cloud Functions to allow optimal resource usage and billing by 

execution, lowering operational expenses and overheads (Shafiei et al., 2022). The primary 

benefit of serverless computing noted by researchers is that it can simplify the complexity of 

the infrastructure, which provides agility, scalability, and elasticity appropriate in modern 
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cloud-native applications. Nevertheless, research also indicates a high level of difficulties 

related to cold start latency, statelessness and orchestration of functions, which might affect 

system responsiveness and general performance. In order to address these problems, the latest 

methods include pre-warming strategies, caching systems, and adaptive control of functions 

to reduce the delay of the start-up and preserve consistent states during the execution process. 

Moreover, developments generated in workload forecasting and distributed caching have put 

FaaS not just as a responsive architecture but as a self-optimizing architecture. The resultant 

situation is that serverless computing has become a paradigm towards attaining high 

performance, cost efficiency, and dynamism in distributed clouds. 

2.2 Latency Challenges in Serverless Environments 

Despite the ease of automatic scaling and cost effectiveness of serverless computing, one of 

the most important performance bottlenecks of serverless computing is latency. Latency in 

serverless environments is mainly caused by cold start problem where the idle use of a given 

function is invoked after a certain duration of dormancy (Chaudhary et al., 2024). In the 

given case, the cloud provider should allocate resources, create containers, load 

dependencies, and start the runtime environment, and this causes delays of several seconds 

and hundreds of milliseconds (Adeppady et al., 2023). This start-up cost has a devastating 

effect on time-sensitive and real-time applications like data analytics, data streaming, and 

content processing. 

Besides cold starts, the delay in network transmission among the network components such 

as API Gateway, Lambda, and storage (e.g., S3 or DynamoDB) are also a source of total 

response time (Golec et al., 2025). The statelessness of FaaS functions makes the situation 

worse because every invocation is initialised with a clean environment (Puliafito et al., 2022) 

and does not retain past context leading to repetitive computation and data retrieval. It has 

also been found that there is concurrency-related latency when instances of the functions are 

competing over scarce resources under heavy load conditions. In a bid to reduce the issues, 

researchers have suggested the following techniques which include: function pre-warming, 

intelligent scheduling, and multi-level caching mechanisms. These approaches are designed 

to preserve hot execution and decrease the time of reinitiating and enhance the overall 

responsiveness of serverless applications in production-scale. 

2.3 Multi-Level Caching for Performance Optimization 

Multi-level caching is now a vital feature of enhancing the speed of data retrieval, reducing 

redundant computation, and I/O operations optimization in serverless computing systems (Yu 

et al., 2024). Multiple-level cache should include two layers, one in-memory (L1) cache with 

quick and short-term access to data and one persistent distributed (L2) cache like Amazon 

DynamoDB or Redis with long-term storage and retention. Such hierarchical design enables 

systems to lessen the reliance on re-executions of the Lamdas by putting prepared outcomes 

out of caches, which helps to enhance the response time and decrease the operational 

expenses. 
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Recent studies have come up with multi-level caching with adaptive and asynchronous 

optimization. CMCache being an adaptive cross level data placement algorithm proves to be 

an example whereby the level of the caching and the new data can be managed independently 

to ensure optimal level of caching. CMCache has been capable of realizing a decrease in the 

rate of cache misses and averaging a response time of up to 89 and 79 percent respectively by 

dynamically assigning cache space and switching strategies in response to access patterns 

(Zeng et al., 2025). Similarly, asynchronous multi-level checkpointing has also been 

proposed as a method of promoting I/O throughput and access to data in high-performance 

computing environment. In this technology, local storage levels and GPU memory are used at 

speeds up to 74 times faster checkpoint and restore throughput and I/O wait times are also cut 

by 2 times because both frequently accessed data are pre-fetched and cached in-memory 

(Maurya et al., 2023). 

When applied to AWS-based Function Delivery Networks (FDN), adaptive multi-level 

caching strategies that incorporate both in-memory LRU caching and persistent DynamoDB 

can be of great benefit in terms of minimizing end-to-end latency, bandwidth consumption, 

and unnecessary computations. This can be used to serve repeated requests with serverless 

functions serving the requests almost in real time with high scalability and near real time 

response. Therefore, multi-level caching will be one of the pillars of the performance 

optimization and the consistency of the quality of services in the current serverless 

architectures that use clouds. 

2.4 Evolution of Function Delivery Networks (FDN) 

The development of Function Delivery Networks (FDN) is a milestone in the distribution of 

the use of serverless architectures in terms of distributed functions and their optimization of 

latency (Corporan et al., 2025). Content Delivery Networks (CDNs), built following the 

design goals of Content Delivery Networks, which store and provide static content more 

closely to users, provide inspiration behind the FDNs (Tyagi, 2025), which provide 

computational services and their products in numerous cloud locations, thereby enabling 

more effective and quicker execution. The introduction of FDNs solve the major 

shortcomings of the existing serverless models, namely the higher latency caused by 

centralized execution and the repetitive calls of the same functions. UDP FDNs facilitate the 

execution using geographical proximity, which is achieved by means of dynamically 

deploying functions at distributed edge nodes (Carota et al., 2024) and caching the results of 

the functions at various levels that minimize the network delay and enhance overall 

responsiveness. 

Initial applications put emphasis on regional functional replication, but the current FDNs 

incorporate intelligent routing, adaptive caching, and workload prediction to have the 

regularly used functions executed at the closest or most optimal node. This will reduce 

unnecessary calculations and load balancing of various Lama instances. Besides, the 

integration of multi level caching systems - comprising of in-memory and persistent data 

repose - maximizes FDN efficiency by allowing rapid recovery of stored answers. In turn, the 
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Function Delivery Network paradigm turns serverless computing into a globe-optimal, 

latency-sensitive network and provides close-to-real performance and cost-effective scaling 

to data-intensive and distributed applications. 

2.5 Machine Learning Integration in Function Optimisation 

Recent research has emphasized the application of the Machine Learning (ML) methods to 

the complex optimization of functions in different fields. In the study (Liu et al., 2024), the 

topic is Job-Shop Scheduling, in which a Deep Neural Network (DNN) was included in a 

Surrogate Lagrangian Relaxation (SLR) model to estimate near-optimal solutions to 

subproblems, which can overcome the problem of learning difficulties of high-part diversity 

and large-scale optimization. In the same manner, research (Wu et al., 2024) concentrated on 

Unit Commitment (UC) in power systems, where the predictive subproblem solutions can be 

efficiently accomplished with the usage of ML-enhanced SLR, multiplier aggregation, 

tailored loss functions, and a hybrid of offline and online learning to guarantee the overall 

performance is maintained at a near-optimal level. In renewable energy, study (Ahmad et al., 

2024) used gradient boosting algorithms (XGBoost, LGBM, AdaBoost) and Response 

Surface Methodology (RSM) to develop and predict and optimize the yield of biogas 

production, and found the optimal operating conditions and tested predictions experimentally. 

Following that (Chen et al., 2024) came up with a probabilistic caching and probabilistic 

function orchestration model of serverless edge computing. They employed their system 

based on LSTM requests prediction, adaptive placing of containers with the use of multiple 

edge nodes and minimized cold-start delays. It has a similar result on Knative with around 

three times higher average response time and cold-start frequency compared to baseline 

algorithms. Lastly, research (Rai et al., 2024) addressed real-time weed detection with aerial 

images by introducing the YOLO-Spot model, which is an optimized version of YOLOv7-

tiny to fold in complexity and improve its accuracy and the ability to use resource-

constrained edge computers to implement precision agriculture. All of these findings indicate 

that the combination of ML and problem-specific optimization models can improve 

predictive accuracy, computational efficiency, and flexibility, but it is still difficult to manage 

the model generalization, scalability, and resilience to a variety of operational conditions. 

 

3 Methodology 

3.1 Research Design Framework 

The study aims at assessing how a multi-level caching mechanism can be used to optimize 

the time of running functions and minimizing latency time in a serverless cloud network, 

which is called the Function Delivery Network (FDN). The research follows the CRISP-DM 

model, which consists of business insight, data preparation, modeling, assessment, and 

implementation. The FDN model uses the AWS Lambda with API Gateway as a connection 

to Flask-based backend and a two-level caching architecture with an in-memory Least 

Recently Used (LRU) cache (Level 1) and AWS DynamoDB (Level 2). The design will 
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enable the comparison of no-cache and single-level and multi-level cache cases to ascertain 

the influence on the response latency and execution efficiency. The use of AWS services i.e. 

S3, EC2 and Cloud9 help to create realistic serverless setups. The framework provides a 

systematic replicable process of examining performance gains with caching realization in 

distributed, on-demand systems of functions delivery. 

3.2 Research Methodology Approach 

The study is an experimental and quantitative research which assumes the use of latency and 

performance as a gauge of success in a serverless computing environment. Its methodology 

involves test of the Function Delivery Network (FDN) through experiment testing in three 

conditions of caching namely, no cache, single-level cache and multi-level cache. 

Quantitative data such as the execution time, latency and percentage of hits on the caches are 

used to measure the performance of the caching layers. The study is conducted on controlled 

experimental basis where identical inputs and workloads are used in settings to provide 

fairness and comparisons. It is possible to use this empirical approach in order to assess 

performance measures in such a way that can be replicated and measured to establish a data-

driven foundation defining the impact of multi-level caching on the performance of functions 

and response time in the distributed serverless setting. 

3.3 AWS Infrastructure Configuration 

The suggested Function Delivery Network (FDN) architecture is implemented on the AWS 

ecosystem as a whole to guarantee scalability, elasticity, and without any discontinuity 

between compute and storage modules. The architecture does have installation of interrelated 

services that jointly handle calculations, caching, and delivery of data. Every component will 

be configured to simulate the real-life interaction of cloud-based serverless, in which client 

requests pass through several layers of caching before it can reach the execution endpoint. 

This IAM roles and policies are set in place to ensure access security and service-level 

permissions of all the resources. The infrastructure configuration can be employed to achieve 

experimental conditions as well as the validation of latency at the production scale. The 

following table 2 provides a detailed overview of the AWS infrastructure components and 

their respective roles within the experiment: 

Table 2: AWS Infrastructure Components and Their Functional Roles 

AWS Component Purpose / Functionality Configuration Details 

IAM Roles and 

Policies 

Defines secure access permissions 

for Lambda, API Gateway, and 

DynamoDB. 

Roles created for Lambda execution and 

DynamoDB access with least-privilege 

principles. 

Amazon EC2 

Instance 

Hosts the Flask web server and in-

memory Level-1 cache (LRU). 

Configured with Ubuntu 22.04, Python 

3.9, Flask, and Redis (for LRU caching). 
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AWS Cloud9 

Environment 

Provides integrated development and 

deployment workspace. 

Used to develop, test, and deploy Lambda 

functions and APIs. 

AWS Lambda 

Functions 

Executes file-processing logic on-

demand for text and PDF files. 

Two functions created for separate file 

types; integrated with API Gateway 

endpoints. 

Amazon API 

Gateway 

Acts as an interface between the 

client and serverless functions. 

Configured with REST endpoints 

triggering Lambda via HTTPS. 

Amazon S3 

Bucket 

Stores uploaded files and Lambda 

outputs for further processing. 

Versioning and access control enabled; 

lifecycle policy applied for storage 

efficiency. 

Amazon 

DynamoDB 

Serves as Level-2 cache and 

persistent data store for processed 

results. 

Table includes primary key (file hash), 

response payload, and timestamp. 

Amazon 

CloudWatch 

Monitors performance metrics, 

latency logs, and Lambda execution 

time. 

CloudWatch dashboards configured for 

experiment data collection. 

 

3.4 Metrics and Data Collection 

In order to measure the performance of the proposed Function Delivery Network (FDN), the 

following important metrics were measured, namely execution time, response latency and the 

ratio of hits on the cache. Execution time measures the time taken in AWS Lambda 

processing and response latency the total end to end delay to the client. The performance of 

the cache was measured by capturing the response served by Level 1 (in-memory LRU) and 

Level 2 (DynamoDB) caches in comparison to direct execution in Lambda. The data was 

gathered through the performance of controlled experiments using different file sizes (TXT 

and PDF) by running the experiment many times to be able to record the results and 

guarantee consistency and reliability of the observed performance trends as presented in table 

3. 

Table 3: Performance Metrics and Their Descriptions 

Metric Description 

Execution Time (ms) Time taken by Lambda to process input and return output. 

Response Latency (ms) Time between client request and full response delivery. 

Cache Hit Ratio (%) Ratio of requests served from cache vs. Lambda. 

 

 

4 Design Specification 

4.1 System Setup Environment 

The proposed Function Delivery Network (FDN) is implemented using a Python Flask 

framework as the backend and a lightweight frontend built with HTML, CSS, and JavaScript. 
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The entire system is deployed on Amazon Web Services (AWS), leveraging cloud-native 

services for scalability and performance. Core services include AWS Lambda for serverless 

execution, API Gateway for request routing, DynamoDB for Level-2 caching, and S3 for file 

storage, with development supported by EC2 and Cloud9. The coding and integration are 

carried out in Visual Studio Code and AWS Cloud9 as shown in Table 4. 

Table 4: System Setup and Environment Components 

Component Description 

Backend Python Flask Framework 

Frontend HTML, CSS, JavaScript 

Cloud Platform Amazon Web Services (AWS) 

Services Used AWS Lambda, API Gateway, DynamoDB, S3, EC2, Cloud9 

Development Environment Visual Studio Code and AWS Cloud9 

Testing Data Text and PDF files of varying sizes (40 KB – 2 MB) 

 

4.2 System Components and Architecture 

The proposed Function Delivery Network (FDN) architecture will ensure the optimal 

performance of serverless computing with a multi-level caching system and this architecture 

with AWS cloud infrastructure as presented in Figure 1. The system starts with a client who 

can engage with the Flask-based web application which is created with HTML, CSS and Java 

Script. In case a user uploads a document file (TXT or PDF) the request is submitted to the 

AWS API Gateway, which is a secure entry point to invoke services in the back end. The API 

Gateway will activate AWS Lambda functions to process text, extract data and generate 

responses without any dedicated servers.  

 

Figure 1: Architecture Diagram 

A two tiered caching architecture is implemented to improve performance with Level 1 (L1) 

being an in-memory Least Recently Used (LRU) cache to provide quicker access to 

frequently accessed responses and Level 2 (L2) being DynamoDB to provide persistent and 

scalable data storage. In case there is a requested response in the L1 cache the response is 
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immediately sent back to the system; whereby the system then searches L2 and lastly 

executes the request via Lambda in case both caches are not available. Development and 

deployment are done using AWS Cloud9 and EC2 and the files uploaded are stored by S3. 

This architecture is effective in minimizing latency, enhancing throughput, and making use of 

cost-efficient and scalable execution of functions in the cloud environment that are 

distributed. 

4.3 Research Specification: Multi-Level Caching and Latency 

Optimization 

Figure 8 shows System Data Flow illustrates the operational logic of the Function Delivery 

Network (FDN) designed to optimize serverless performance through a multi-level caching 

mechanism. When a client uploads a TXT or PDF file through the Flask web app, a unique 

hash key is generated from the file’s content. The system first checks the L1 cache (In-

Memory LRU) for the corresponding result; if found, it is instantly returned, minimizing 

latency. If the L1 cache misses, the system queries the L2 cache (AWS DynamoDB) for 

previously stored outputs. In case of another miss, the request is forwarded to AWS Lambda, 

which processes the file and extracts text. The output is then written back to both cache levels 

for faster future access and returned to the client along with metrics. Finally, performance 

indicators such as execution time, cache hit rate, and end-to-end response latency are logged 

for analysis. 

 

Figure 2: System Data Flow  
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5 Implementation 

5.1 AWS Setup  

In Figure 3, the use of AWS DynamoDB as the Level-2 cache (L2) in the Function Delivery 

Network (FDN) can be observed. In case, the client uploads a file and the reply is not present 

in the in-memory LRU cache system makes a check with DynamoDB to see whether a result 

has been previously processed. Key-value pairs are stored in the table named DSMTable and 

the key is the hash of the file and the value will contain the extracted value. This minimizes 

the unnecessary Lambda calls and makes the general latency minimal.  

 

Figure 3: AWS setup: DynamoDB 

Figure 4 shows the deployment of the AWS Lambda functionality combined with API 

Gateway in event triggering. The API Gateway is invoked to process a PDF file whenever a 

client uploads this file through the Flask web interface. The operation retrieves the text 

content and gives back the response which is then saved on the multi-level cache (L1 in-

memory and L2 DynamoDB) to access later on. This serverless architecture removes the 

issue of having to manage backend servers, allowing scalable and efficient execution and 

greatly reducing the latency and improving the overall responsiveness of the system in the 

Function Delivery Network. 
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Figure 4: AWS Lambda 

5.2 Pseudocode for Txt File  

 

Pseudocode 1: Txt File 

Begin 

Open Flask Web App 

Upload txt_file 

 

text_data ← extract_text(txt_file) 

file_key ← generate_hash_key(txt_file) 

if file_key IN L1_Cache THEN 

    response ← L1_Cache[file_key] 

    return response 

else if file_key IN L2_Cache (DynamoDB) THEN 

    response ← L2_Cache[file_key] 

    store response IN L1_Cache 

    return response 

else 

    response ← invoke_AWS_Lambda(text_data) 

    store response IN L1_Cache 

    store response IN L2_Cache 

    return response 

end if 

collect performance_metrics 

end 

 

5.3 Pseudocode for Pdf File  

 

Pseudocode 2: Pdf File 

begin 
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open Flask Web App 

upload pdf_file 

text_data ← extract_text(pdf_file) 

file_key ← generate_hash_key(pdf_file) 

if file_key IN L1_Cache THEN 

    response ← L1_Cache[file_key] 

    return response 

else if file_key IN L2_Cache (DynamoDB) THEN 

    response ← L2_Cache[file_key] 

    store response IN L1_Cache 

    return response 

else 

    response ← invoke_AWS_Lambda(text_data) 

    store response IN L1_Cache 

    store response IN L2_Cache 

    return response 

end if 

collect performance_metrics 

end 

 

6 Results 

6.1 Experiment 1: Text File Processing 

Figure 5 illustrates the implementation of the Function Delivery Network (FDN) web 

interface during Experiment 1, where a text file is uploaded and processed through AWS 

Lambda. The Flask-based frontend enables the user to select and upload a TXT file, which is 

then assigned a unique cache key. Since the request results in a cache miss, the file is 

forwarded to the AWS Lambda function for text extraction and processing. The results, 

including response time and source (Lambda), are displayed on the dashboard, showcasing 

the integration of caching, API Gateway, and cloud-based computation.  
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Figure 5: TXT File Processing via Lambda Function 

Figure 6 shows the FDN Gateway interface when the second request of Experiment 1 is made 

whereby the same TXT file is reprocessed. Because the unique cache key of the file is 

already present in the L1 cache, the system will also receive a result only out of the in-

memory cache without calling the AWS Lambda function. This shows the performance of the 

Least Recently Used (LRU) caching system deployed in Python in Flask system. The latency 

is minimized to close to zero milliseconds and the overall performance of the system is 

optimized with L1 caching, as the response time is minimized, and reduces to near zero 

milliseconds. 

 

Figure 6: TXT File Response from L1 In-Memory Cache 

Figure 7 depicts the cache management interface of FDN Gateway, that is, the L1 cache 

clearing feature. The system is based on a hierarchical three-level caching (L1, L2, L3) 

architecture having autonomous control systems. When the Clear L1 Cache button (red 

button on Cache Controls section) is enabled, the system will perform a flush operation on 

the first-level cache layer and it will maintain the integrity of the L2 and L3 cache layers. 

Presented cache metrics have 33.33% cache hit and 1/ 50 entries stored in cache, which 

means that L1 is not actively used. The operation causes instantary memory de-allocation and 

recalibration of performance counters, set L1 to new data population and keep the system 

operational by keeping the cache levels low. 
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Figure 7: L1 Cache Clearing Operation in FDN Gateway System 

Figure 8 shows a gateway cache hierarchy failover of the FDN Gateway after the clearance of 

the L1 cache. In the case of the requesting of the file: test.txt, following the invalidation of L1 

cache, the system implements a hierarchical search strategy. The request initially consults L1 

cache, then a cache miss is noticed which automatically escalates to L2 cache which is stored 

in DynamoDB. This deployment demonstrates the strength of a multi-tier caching where 

DynamoDB is used as the persistent secondary storage. The answer contains performance 

indicators 6ms overall time, 6ms cache check time, and 94ms time saved, which proves that 

L2 retrieval was successful without a backend reprocess, and, thus, the system efficiency did 

not reduce due to the unavailability of L1. 

 

Figure 8: L2 Cache (DynamoDB) Response Operation 

6.2 Experiment 2: PDF File Processing 

This figure 9 represents the Experiment 2 which demonstrates the capabilities of PDF text 

extraction with the help of AWS Lambda serverless processing. When a PDF file (sample-

cpr.pdf) is uploaded through the File Processing interface, the system bypasses the layers of 

cache and immediately calls Lambda function to initial processing. The implementation 
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makes use of serverless architecture in which case the textual contents of the document are 

extracted with the help of PDF parsing algorithms that are executed by Lambda.  

 

Figure 9: PDF Text Extraction via Lambda Processing 

This figure 10 illustrates the optimized response scenario where the same PDF file (sample-

cpr.pdf) is requested again after initial Lambda processing. The system implements 

intelligent cache lookup hierarchy, querying L1 in-memory cache first. Upon successful 

cache hit, the previously extracted text content is retrieved directly from RAM without 

invoking Lambda or querying persistent storage layers. The response header confirms 

"Response From: L1 cache (in-memory)", validating fastest-tier retrieval. This 

implementation demonstrates significant performance optimization where in-memory storage 

eliminates computational overhead of PDF parsing and network latency of database queries.  

 

Figure 10: L1 Cache Hit Response from In-Memory Storage 

Figure 11 shows the L1 cache clearing operation following the PDF processing experiment. 

The Cache Controls panel displays the "Clear L1 Cache" button which initiates immediate 

invalidation of in-memory cached entries. Current Cache Metrics shows 33.33% cache hit 

rate with 3 total requests processed by showing active cache utilization from previous 

experiments. The L1 hit rate shows 0%, while L2 displays 33.33% showing prior cache miss 

scenarios.  
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Figure 11: L1 Cache Clearing Operation Post-Experiment 

Figure 12 shows the FDN Gateway's cache failover mechanism following L1 cache 

invalidation. When the same PDF file is requested after L1 clearance the system executes 

hierarchical cache lookup protocol. The request first queries L1 in-memory cache encounters 

a miss, then automatically escalates to L2 persistent cache stored in DynamoDB. L2 

successfully retrieves previously processed PDF extraction data.  

 

Figure 12: L2 Cache (DynamoDB) Response After L1 Clearance 

6.3 Execution Time 

Table 5 presents the execution time comparison for text and PDF file processing across three 

system configurations Lambda, L1 cache and L2 cache. The results clearly show that Lambda 

functions do have the highest execution times due to cold starts and processing overhead 

which is mainly for larger files. The in-memory L1 cache delivers instant or near-zero 

response times while the DynamoDB-based L2 cache maintains sub-15 ms latency.  

Table 5: Execution Time Comparison for Text and PDF File Processing 

File Type File Size Lambda (ms) L1 Cache (ms) L2 Cache (ms) 
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Text File Processing 160 KB 492 0 21 

 1 MB 621 2 11 

 2 MB 973 4 9 

PDF File Processing 40 KB 1484 0 6 

 150 KB 2638 0 6 

 500 KB 2406 1 8 

Figure 13 presents a comparative performance analysis of AWS Lambda processing times 

across varying file sizes for text and PDF documents. PDF files demonstrate steeper 

computational growth, escalating from 1500ms (40 KB) to 2650ms (150 KB), then slightly 

decreasing to 2400ms (500 KB). This non-linear behaviour reflects PDF parsing complexity 

involving document structure analysis, text extraction algorithms, and format decoding 

overhead that exceeds simple text processing, validating the necessity of multi-tier caching to 

mitigate repetitive computational costs. 

 

Figure 13: Lambda Processing Time vs File Size for Text and PDF Files 

6.4 Latency Analysis 

The results of the Table 6 show the comparison of latency between L1 and L2 cache layers 

when processing texts and PDF files through five consecutive cycles. As the results clearly 

show the L1 in-memory cache has near zero latency and response times remain consistent 

with the range of 0 to 0.01 milliseconds when dealing with text files, and less than 2 

milliseconds when dealing with PDF files. This act proves the effectiveness of LRU caching 

scheme as a method of providing often used data immediately out of memory. On the other 

hand, L2 cache (DynamoDB) has marginally higher latency of between 5 and 13 milliseconds 

but still it is much less than the cold Lambda invocation times. The adaptive caching behavior 

of this system and better data retrieval efficiency as the number of iterations increases can be 

observed as the L2 latency gradually decreases. The steadiness of the L2 latency under more 



19 
 

 

severe loads also indicates a high level of reliability of L2 latency as a constant fall back 

mechanism when the L1 cache is cleared.  

Table 6: Latency Comparison for Text and PDF File Processing 

Iteration TXT File (2 MB)  PDF File (500 KB)   

 L1 Latency (ms) L2 Latency (ms) L1 Latency (ms) L2 Latency (ms)  

1 0.01 12.86 1.00 9.45  

2 0.00 13.22 0.10 9.21  

3 0.01 7.97 0.00 5.35  

4 0.00 5.45 2.00 5.43  

5 0.01 5.71 0.00 5.23  

 

6.5 Comparative Analysis 

The proposed Function Delivery Network (FDN) demonstrates superior real-world 

performance compared with (Chen et al., 2024) probabilistic caching model. While their 

study focuses on theoretical optimization of container placement across multiple edge nodes 

using predictive algorithms, its validation is primarily simulation-based on Knative clusters. 

In contrast, FDN is implemented entirely within the AWS environment using Lambda, 

DynamoDB, and in-memory LRU caching, providing an end-to-end practical framework for 

latency optimization. Experimental measurements show that FDN reduces execution time 

from 492–2638 ms in cold Lambda runs to as low as 0–21 ms using the multi-level caching 

mechanism—achieving over 95 % improvement in response latency. The simplicity of the 

design enables seamless deployment without additional orchestration layers or predictive 

scheduling. Moreover, by combining L1 and L2 caches, FDN achieves persistent warm 

responses while maintaining low cost and minimal configuration overhead as shown in Table 

7. Although (Chen et al., 2024) probabilistic caching model scales better for geographically 

distributed edge systems, the FDN model proves more effective and reproducible in cloud-

native, production-level environments. Therefore, FDN provides a more practical and 

deployable approach for real-time serverless computing optimization, translating theoretical 

advances in caching efficiency into tangible system-level gains on widely used cloud 

infrastructure. 

Table 7: Comparative Analysis between my proposed study and (Chen et al., 2024)  

Aspect (Proposed Study) (Chen et al., 2024) 

Platform AWS Lambda + DynamoDB Knative Edge Cluster 

(Simulation) 

Caching Type Two-level: L1 (LRU in-memory) + 

L2 (DynamoDB) 

Probabilistic container caching 

with prediction 

Latency 

Reduction 

95–100 % (real AWS tests) ≈ 66 %  
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Scalability Medium – Single region High – Multi-edge orchestration 

Complexity Low (simple deployment) High (requires orchestration) 

Adaptivity Static LRU policy Predictive / Adaptive policy 

Best Use Case Cloud-native, real-time workloads Large-scale edge-distributed 

functions 

 

6.6 Discussion 

According to the results of the experiment, the Function Delivery Network (FDN) showed the 

essential decrease in latency and high performance due to the employment of a multi-level 

caching system on the serverless environment. The findings revealed that the in-memory 

cache of L1 had almost zero response time whereas the L2 cache of DynamoDB had a 

consistent latency of less than 15 ms- significantly lower than the actual Lamba execution. 

This corroborates the fact that the hierarchical caching design is an efficient way of reducing 

unnecessary computation, as well as cold-start latencies typical of AWS Lambda functions. 

With every increase in file size, a beneficial change in latency was noticed especially at L2 

reads, which could suggest possible optimization in data serialization and cache handling. 

Still, the caching layers provided a stable scaling and the same response time under different 

workloads. Both text and PDF documents were easily processed with little overhead in the 

system showing the strength of the FDN design in invoking functions in real time and 

repeatedly. Nevertheless, relying on AWS cloud services implies that the network latency and 

service access may affect the performance under low-connectivity conditions. All in all, the 

multi-level caching solution was very successful in terms of decreasing the amount of time 

spent to execute the functions and increase throughput, which proves that FDN can be 

considered as a scalable and latency-aware solution to optimize the performance of serverless 

computing. 

7 Conclusion and Future Work 

The study has been able to design and deploy a Function Delivery Network (FDN) to 

efficiently design and execute latency and performance in serverless computing with a multi-

level caching mechanism. The system was able to generate significant response time 

reductions when compared to direct AWS Lambda processing by implementing an in-

memory LRU cache (L1) and DynamoDB-based persistent cache (L2). Experimental analysis 

indicated that large file Lambda executions (2 MB of text inputs) took an average of 973 ms, 

whereas L1 and L2 cache replications of the L1 and L2 responses took 4 ms and 9 ms on 

average, respectively, which is a latency improvement of more than 98. It was effective in 

eliminating redundant calculation, better scaling as well as ensuring performance consistency 

between repeated requests.  

Nevertheless, the performance was still not entirely independent of the state of the AWS 

network and the effectiveness of cache synchronization and this is subject to the limitations 

of low-connectivity or high-concurrent conditions. The future research will involve how to 
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improve dynamic caches management by relying on predictive or machine learning-based 

algorithms to prefetch popular data, and how to expand the system to distributed multi-region 

caching to achieve global scalability. Also, addressing edge computing nodes and hybrid 

cloud approach may further decrease network reliance and allow obtaining the near real-time 

performance in the case of limited network settings, thus promoting the overall effectiveness 

of serverless designs. 
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