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Abstract  
The world’s hardest mineral is a diamond, which is 58 times harder than any other mineral, and its beauty as a jewel has long 

been appreciated. The diamond is popular due to its optical property as well as other causes such as its durability, custom, 

fashion, and strong marketing by diamond producers. Diamond demand, on the other hand, is not directly related to such 

inherent characteristics, but rather to their perceived value as rare and expensive objects. Forecasting diamond pricing is 

challenging due to non-linearity in important features such as carat, cut, clarity table, and depth. Given this, we conducted a 

comparative analysis and implementation of multiple supervised machine learning models in predicting diamond price in both 

classification and regression approaches. We evaluated eight different supervised algorithms in our work, including Multiple 

Linear Regression, Linear Discriminant Analysis, eXtreme Gradient Boosting, Random Forest, k-Nearest Neighbors, Support 

Vector Machines, Boosted Regression and Classification Trees, and Multi-Layer Perceptron, and showcased the best suitable 

model given selected evaluation metrics. The analysis in this work is based on data preprocessing, exploratory data analysis, 

training the aforementioned models, assessing their accuracy, and interpreting their results. Based on the performance metrics 

values and analysis, it was discovered that eXtreme Gradient Boosting was the most optimal algorithm in both classification and 

regression, with a R2 score of 97.45% and an Accuracy value of 74.28%. As a result, the eXtreme Gradient Boosting method 

was recommended for forecasting the price of a diamond specimen. The diamond industry, renowned for its opulence and 

uniqueness, is driven by intricate pricing mechanisms influenced by a multitude of factors. This research proposal presents a 

novel approach to diamond price prediction through the integration of machine learning techniques. Recognizing the complexity 

of diamond valuation, this study seeks to develop predictive models that leverage data-driven insights to enhance the accuracy of 

diamond price estimations. Drawing upon a comprehensive dataset encompassing diamond attributes, market trends, and 

historical pricing, this research will explore the potential of machine learning algorithms to uncover hidden patterns and 

correlations within the data. By employing regression and ensemble techniques, our objective is to create predictive models that 

can capture the nuances of diamond pricing with a higher degree of precision than traditional methods. The anticipated outcomes 

of this research encompass not only the formulation of accurate predictive models but also the identification of the most 

influential factors affecting diamond valuation. In the context of a dynamic market landscape, the implementation of machine 

learning-driven price predictions has the potential to empower stakeholders, from jewelers to investors, with actionable insights 

for decision-making.  

In conclusion, this research outlines a comprehensive plan to harness the power of machine learning for diamond price 

prediction. By merging technology and the intricacies of the diamond market, this study aspires to contribute to improved pricing 

strategies, informed investment choices, and a deeper understanding of the intricate world of diamond valuation.  

Keywords: function as a service; microservices; lambda function optimization, dynamic profiling; event-driven computing; 
lambda cost-performance tradeof  

1. INTRODUCTION  
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The traditional approach to application development requires upfront investment in physical servers, leading to high costs and 

slow scaling. Cloud computing emerged as a game-changer, offering on-demand access to configurable computing resources 

over the internet [1]. This shift reduced management burdens and allowed developers to focus on their core competencies. 

However, serverless computing promises an even more transformative leap. By abstracting away server management entirely, it 

enables rapid deployment and eliminates the need for infrastructure expertise. [2] This research delves deeper into this emerging 

paradigm, analyzing how serverless platforms handle management and function placement. Additionally, it explores the 

motivations driving further research in this area and provides a clear roadmap by outlining its objectives and structure [3].  

Serverless computing revolutionizes development by removing server management burdens. Developers deploy code on cloud 

platforms, leveraging pay-as-you-go pricing, automatic scaling, and infrastructure offloading [9]. This shift comes with 

operational complexity and new challenges, particularly cost optimization. Choosing the right resource size for each function 

significantly impacts both cost and performance, necessitating a deep understanding of optimization strategies for serverless 

architectures. This research explores serverless computing, focusing on its goals, architecture, and benefits. It then focuses on the 

crucial challenge of cost optimization, examining techniques for optimal resource allocation and cost efficiency. By investigating 

this innovative paradigm, we aim to empower developers and contribute to the advancement of serverless application 

development. Since the early years of computer science and the first networked computers, IT engineers have gained large 

amounts of valuable experience that has become the base knowledge to develop modern internet infrastructure.  

Virtualization, the invisible architect, lays the foundation for the diverse cloud landscapes we navigate today [4][8]. Businesses 

and developers alike have a spectrum of options, each catering to specific needs. For those wielding the reins, Infrastructure as a 

Service (IaaS) offers raw computing power, akin to renting building blocks for any software endeavor - think Amazon EC2, 

Google Compute Engine, or Azure VMs [4]. Containers as a Service (CaaS) delivers pre-packaged applications in containers, 

ready for deployment with platforms like Docker Swarm or Kubernetes [5]. It's the perfect blend of flexibility and ease. 

Developers seeking a nurturing haven can turn to Platform as a Service (PaaS), where platforms like Heroku or AWS Elastic 

Beanstalk provide development tools and libraries, freeing them to focus on crafting beautiful applications. But if simplicity 

reigns supreme, Software as a Service (SaaS) is your answer [6]. Think Slack, ServiceNow, or Dropbox—ready-to-use 

applications accessible with a click, leaving maintenance and updates to the cloud providers [7]. Finally, serverless computing 

emerges as the latest trend, pushing boundaries with its pay-as-you-go model and eliminating server management. It's perfect for 

event-driven architectures and dynamic scaling, a true testament to the cloud's ever-evolving potential [11].  

Function as a Service (FaaS) platforms run small units of code executed by a response to an event. The event can be, for 

example, an HTTP request, operation in a database, or a message in a message queue. Users deploy code to FaaS platforms, and 

the code is executed on-demand based on the events. The service provider handles scaling and infrastructure, so the service 

appears as serverless to the user [15]. The functions are executed in stateless ephemeral containers, where the lifetime of a single 

function execution environment can be in a matter of milliseconds. FaaS functions are stateless, because it cannot be guaranteed 

that any state information is 3 preserved between function invocations. The service provider decides how long is the lifetime of a 

single function instance [15].  

2. METHODOLOGY  
The research attempts to address the problem of developers choosing the right memory size for the serverless function. This 

introduced an approach to choosing the most favorable memory size for serverless functions using a reference table with 

differing cost and time tradeoffs.  

A. Workflow  
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First, a large set of monitored data of serverless functions was collected from various open-source tools like Registry of Open 

Data on AWS (RODA), UCI Machine Learning Repository, DataDog, etc. Secondly, these data were filtered and the most 

efficient data were kept. Afterward, data patterns were analyzed, and the execution time and cost of functions with different 

memory sizes were calculated. To solve the cost and time, multi-objective optimization problem, a tradeoff factor was defined 

that combined the objectives into a single score. 

Fig. 1: Workflow overview of the proposed approach  

Afterward, the memory size with the minimum total score was taken as the most favorable one. The test for memory size with a 

minimum score was conducted on 12000 lambda functions, and the most reiterated memory size was classified based on three 

tradeoff factors along with a reference table created as the final output.  

B. Data collection  

To derive how different memory sizes influence execution time and cost, a large dataset covering various types of functions is 

required. So secondary data is preferred, as primary data would be costly (in terms of both money and time) and could be 

obtained only after running functions on the AWS cloud. With the help of the Cloud Watch repository, Registry of Open Data on 

AWS (RODA), UCI Machine Learning Repository, datadog, and codeocean 12893 lambda functions, their resource consumption 

metrics were collected. These function segments are the most common tasks in serverless applications.  

C. Dataset cleaning  

All the function data collected from various sources was not of good quality. Some had old configuration settings, pricing 

models, and different vendors' data and were incomplete as well. So data cleaning was essential to the research. Data cleaning is 

the process of detecting and correcting corrupt or inaccurate records from a record set, table, or database. It refers to identifying 

incomplete, incorrect, inaccurate, or irrelevant parts of the data and then replacing, modifying, or deleting the dirty or coarse 

data. Pandas was used for the data cleaning process, which is the popular Python library that is mainly used for data processing 

purposes like cleaning, manipulation, and analysis. Pandas stands for “Python Data Analysis Library.”. After removing the 

unnecessary data, only 12,000 lambda functions were considered for further analysis.  

D. Dataset Analysis  

To analyze the internal consistency and reliability of the dataset collected after filtering, Cronbach's alpha is used. Cronbach's 

alpha (〈), also known as tau-equivalent reliability or coefficient alpha, is a reliability coefficient that provides a method of 

measuring the internal consistency of tests. First, a 10% sample population was taken from a total population of 12,000 lambda 

functions. After that, the Anova two-factor without replication is calculated for 1200 samples in an Excel sheet. A two-factor 

ANOVA, also known as factorial analysis, is an extension of the one-way analysis of variance. In a two-factor analysis, there are 

two variables, rather than one, as in a single-factor analysis. Based on the assumption that both variables, or factors, affect the 

dependent variable, each factor contains two or more classes, and the degree of freedom for each variable is one less than the 

number of levels [12] [13]. After the ANOVA test, the sum of squares (SS), degree of freedom (df), mean square (MS), F, 

P-value, and Fcrit (Fcritical) are obtained for rows and columns. To calculate Cronbach's alpha (〈), the MS of error and row ratio 

are subtracted by one.  

α = 1-(error ms/ rows ms)  

The α value obtained was 0.74, The general rule of thumb for Cronbach’s alpha is that a value of 0.70 and above is good, 0.80 

and above is better, and 0.90 and above is best, which interprets our value to be acceptable.  

Table 1: Cronbach’s Alpha Anova parameters value 
E. Cost Calculation  

With AWS Lambda, we pay only for what we use. Charges are based on the number of requests for our functions and the time it 
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takes for our code to execute. Lambda registers a request each time it starts executing in response to an event notification or 

invoke call, including test invokes from the console. We are charged for the total number of requests across all our functions. 

Duration is calculated from the time our code begins executing until it returns or otherwise terminates, rounded up to the nearest 

1 ms [10]. The price depends on the amount of memory we allocate to our function. The price for each lambda function is 

calculated using 4 factors:  

i. The number of times each function is executed per month (e.g., 1,000,000 executions/month). ii. The memory is allocated 

to the function by application developers. The CPU resources allocated to the function represent an implicit parameter. This 

parameter value is proportional to the function’s allocated memory (i.e., a 256 MB function is automatically allocated twice 

the CPU speed of a 128 MB function).  

iii. The duration is how long the function runs.  

iv. The price per 1 GB of memory and 1 second of execution. For AWS Lambda, the price of 1 GB and 1 second is 

0.00001667$/GB-s.  

The cost for each lambda function is calculated considering a single run. The cost calculation formula for a lambda function is 

Total cost = execution time [second] * memory size [GB] * Price per memory  

consumed [$] + static overhead cost)  

As an example, a function that runs on AWS for three seconds with a memory size of 512 MB would 

cost: 3 * 0.5 * 0.00001667$ + 0.0000002$ = 0.0000252$  

where 0.00001667$ is the AWS-specific price per consumed GB-s and 0.0000002$ is the static overhead charge (0.7% of the 

total execution cost).  

Using the above formula, the cost for 12000 lambda functions was calculated with execution time, price, and memory size as 

parameters; however, the static overhead cost was not considered.  

3. EVALUATION AND RESULTS  

To test the reference table, 10 different lambda functions were created on the lambda function console with varying time and 

space complexity. These functions were written in javascript on the AWS console IDE and used node.js runtime environment 

architecture x86_64. Index.handler was used as a handler to simulate the real-world backend API services. Each function was 

passed with JSON data for testing. At first, these functions were configured on the default memory size. The execution time and 

cost of these functions were taken from Cloud Watch, which is a monitoring and management service that provides data and 

actionable insights for AWS, hybrid, and on-premises applications and infrastructure resources. Secondly, these functions were 

reconfigured using the reference table, and the monitored execution time and cost were recorded. To investigate if the predictions 

are accurate enough to determine the optimal memory size, the author applied the optimization approach using the execution 

time predictions and compared the default memory size to the optimal memory size determined based on the measured 

execution time. The author ran the optimization test for three different tradeoff parameters, = 0.75, which prioritizes cost, = 0.5, 

which shows no preference, and = 0.25, which prioritizes performance. The result obtained was used to measure changes in cost 

and speed.  

A. Cost and Speed analysis  

The research investigates what the actual benefits of using the memory sizes selected by the approach are, i.e., how much cost 

can be saved and how much the function execution can be sped up. To quantify these benefits, the author calculates the relative 

change in cost and execution time between the memory size selected by the approach of 1024 MB, which is the most dominant 

and favorable memory size for all the tradeoff factors, i.e., 0.75, 0.5, and 0.25. Table 2 shows the average percentage cost savings 
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and execution time speedup obtained by switching to the memory sizes recommended by our approach. In the evaluation of 10 

lambda functions, the cost of 8 functions out of 10 was saved, and the function execution time decreased for all 10 functions. 

Overall, the average function execution speedup for all ten functions was 142.26% and the overall average cost savings was 

10.57%. This shows that the speedup is higher than cost savings, which does not show a balance of priorities for both. As cost 

savings from the memory size optimization are generally lower than execution time speedups, it seems that the tradeoff value is 

more inclined towards 0.25 in the optimization result. Therefore, the preferred memory size has more advantages over speed. 

Another observation that can be made from the result of negatively marked functions is that the lesser the difference in execution 

time between the default and referred memory sizes, the more the optimized result is not obtained. To summarize, this approach 

referred to memory size functions saving on average 10.57% costs and speeds up the functions by 142.26%. This highlights the 

importance of selecting an appropriate memory size and, therefore, the benefits of an approach for memory size optimization.  

Table 2: Cost and speed analysis of 10 test functions.  

B. Findings and discussion  

26

Saroj Pandey / International Journal of Research Publications (IJRP.ORG)

www.ijrp.org



 

Serverless functions automate resource provisioning, deployment, instance management, and auto-scaling. The last resource 

management task that developers are still in charge of is resource sizing, i.e., selecting how many resources are allocated to each 

worker instance. This paper introduced an approach to choosing the most favorable memory size for serverless functions using a 

reference table with differing cost and time tradeoffs. First, a large set of serverless functions monitored data collected from 

various open-source tools. Secondly, these data were filtered and the most efficient data were kept. Using these, data patterns 

were analyzed, and then the execution time and cost of functions with different memory sizes were calculated. The task of then 

selecting the most favorable memory size is a multi-objective optimization problem, which resulted in a Pareto front of optimal 

memory sizes. To solve this multi-objective optimization problem, a tradeoff factor was defined that combined the objectives 

into a single score. Afterward, the memory size with the minimum total score was taken as the most favorable one. The test for 

memory size with the minimum score was conducted on 12000 lambda functions, and the most reiterated memory sizes were 

classified based on three tradeoff factors: 0.25, 0.5, and 0.75, and a reference table was created as the final output. 

In the evaluation, 10 different lambda functions were created with a default memory size at the beginning, and their execution 

time and cost were measured. After that, these functions were reconfigured using the referred memory size by research and 

monitored. The approach of this paper selected the optimal memory size for 80.0% of the serverless functions, which results in 

an average speedup of 142.26% while simultaneously decreasing average costs by 10.57%.  

4. CONCLUSION  

This study presented an approach to choosing the optimal memory size of serverless functions using a reference table that 

balances cost and time tradeoffs. Through data collection, filtering, and analysis, a Pareto front of optimal memory sizes was 

obtained, and a tradeoff factor was defined to combine the objectives into a single score. The test conducted on 12000 lambda 

functions showed that the approach selected the optimal memory size for 80.0% of the serverless functions, resulting in an 

average speedup of 142,26% and a decrease in average cost by 10.57%. The developed reference table can help developers select 

the most optimal memory size for their serverless functions. thereby achieving both cost efficiency and performance 

improvements. This research contributes a novel approach for selecting the optimal memory size for serverless functions, which 

can result in significant improvements in performance and cost efficiency.  
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