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ABSTRACT 
 

The rapid growth of Artificial Intelligence (AI) has led to an increased 

demand for cloud computing systems capable of handling diverse AI 

workloads. Serverless computing and VM-based cloud architectures are 

two dominant models for deploying AI applications, but choosing the 

appropriate model depends on performance factors such as latency, 

scalability, and cost-efficiency. This Systematic Literature Review (SLR) 

compares these two architectures, focusing on their effectiveness for AI 

tasks like real-time inference and AI model training. The review evaluates 

the performance metrics associated with each model, including cold-start 

latency, resource utilization, and scalability. Studies from 37 selected 

papers were analyzed using the PRISMA methodology, and key insights 

into the strengths and weaknesses of both models were extracted. Findings 

reveal that serverless systems excel in elastic scaling and cost-efficiency for 

bursty AI workloads but struggle with latency issues during cold starts. In 

contrast, VM-based systems offer predictable performance for long-

duration tasks but often suffer from resource underutilization and higher 

costs. The review highlights the need for task-specific benchmarks and 

suggests the use of hybrid cloud models that combine the advantages of 

both approaches. Overall, this review contributes to the trade-offs between 

Serverless and VM-based cloud models for AI workloads and provides 

practical recommendations for future research and cloud deployment 

strategies. 

 

Keywords: Benchmarking, Cloud Computing, Comparison, Serverless, 

Virtual Machine 
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1. Introduction 

 

1.1.   Background 

 

Cloud computing has become a vital component of modern IT 

infrastructure, offering scalable, on-demand resources. VM-based 

systems like AWS EC2 and Google Compute Engine provide flexibility, 

making them ideal for tasks like AI model training and large-scale data 

processing. However, VMs suffer from inefficiencies such as resource 

underutilization during idle periods, leading to higher costs when 

workloads are bursty or unpredictable, common in many AI applications 

[Ustiugov et al., 2021]. 

 

To overcome these inefficiencies, serverless computing has emerged as 

a cost-effective alternative. With platforms like AWS Lambda and Azure 

Functions, serverless systems offer elastic scaling, allocating resources 

only during execution, which improves cost-efficiency for event-driven 

workloads such as real-time data processing [Ali et al., 2020]. However, 

cold-start latency remains a key challenge in serverless systems, 

especially for AI inference tasks, where low-latency responses are 

essential. Additionally, resource limits on execution time, memory, and 

storage hinder their suitability for large AI models [Grafberger et al., 

2021]. 

 

Despite these challenges, serverless systems are beneficial for bursting 

AI workloads, such as real-time inference. They offer better scalability 

compared to VM-based systems, which require manual scaling and often 

experience resource underutilization [Tan et al., 2020; Suo et al., 2021]. 

In contrast, VM-based systems provide predictable performance, 

making them ideal for long-running AI tasks like training large models 

but may incur higher costs when workloads are not consistent. 

 

A comparative study of serverless and VM-based architectures is 

essential to understand the trade-offs between latency, cost, and 

scalability. This review explores these trade-offs and the potential 

mitigation strategies for cold-start latency in serverless systems, aiming 

to provide insights into the optimal cloud model for different AI 

workloads. 
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1.2.   Problem Statement 

 

The current literature lacks a comprehensive comparison of serverless 

computing and VM architectures for AI workloads. There is insufficient 

empirical evidence regarding their performance in key areas such as 

latency, scalability, and cost-efficiency. Additionally, there is a need for 

task-specific benchmarks and a unified framework to guide decision-

makers in choosing the most appropriate cloud model for AI tasks. This 

review seeks to fill these gaps by evaluating the strengths and limitations 

of serverless and VM systems for various AI workloads. 

 

1.3.   Research Objectives  

 

• Synthesize comparative evidence on serverless and VM-based 

architectures for AI workloads, focusing on latency, scalability, 

cost, and operational control. 

 

• Define a minimal evaluation framework (e.g., p50/p95 latency 

with cold/warm distinction, scale-up time, utilization, cost per 

unit of work) to enable fair, cross-provider comparison. 

 

• Provide quantitative anchors using robust descriptive statistics 

from included studies to ground comparisons without 

overgeneralization. 

 

• Deliver decision-oriented guidance mapping workload/SLA 

profiles to deployment choices (serverless, VM-based, or 

hybrid), including mitigation options such as pre-

warm/provisioned concurrency and reservations/spot usage. 

 

• Identify evidence gaps and priorities for future research, 

including standardized benchmarks, tail-latency reporting, and 

reproducibility across providers. 

 

2. Literature Review 

 

2.1.   Overview of Cloud Computing Architectures 
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Cloud computing has transformed IT infrastructure with scalable, on-

demand resources. VM systems, such as AWS EC2 and Google Compute 

Engine, offer dedicated resources, making them suitable for large AI 

workloads that require predictable performance. However, these 

systems suffer from inefficiencies like resource underutilization and 

high operational costs during idle periods [Suo et al., 2021; Varghese and 

Buyya, 2017]. 

 

In contrast, serverless computing platforms provide on-demand scaling 

and cost efficiency by only allocating resources when needed. This 

makes them ideal for bursty workloads and tasks like real-time data 

processing and API management [Bhattacharjee et al., 2019; Tan et al., 

2020]. 

 

2.2.   Challenges in Serverless Computing for AI Workloads 

 

Despite the advantages, serverless systems face significant challenges. 

Cold-start latency is a major issue, particularly for AI inference tasks 

where quick response times are critical. This latency occurs when a 

function is invoked after being idle, causing delays in execution. 

Techniques like container reuse and predictive scaling have been 

proposed to mitigate this, but they may not always be effective for AI 

tasks with tight performance requirements [Ali et al., 2020; 

Bhattacharjee et al., 2019]. 

 

Additionally, serverless platforms often impose limits on execution time, 

memory, and storage, which can hinder the execution of complex AI like 

deep neural networks or transformers that require large resources and 

extended execution times [Grafberger et al., 2021; Suo et al., 2021]. 

 

2.3.   Advantages of Serverless for AI Inference 

 

Despite these limitations, serverless computing is highly advantageous 

for AI inference tasks, especially those with variable demand. Serverless 

systems excel in scalability and cost-efficiency for small-to-medium AI 

models and can dynamically adjust resources based on incoming 

requests. While cold-start latency remains a concern, it can be mitigated 

through strategies like warm pools, making serverless a viable option for 

real-time AI inference [Suo et al., 2021; Yu et al., 2021]. 
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Serverless platforms are especially beneficial for event-driven 

applications where the demand fluctuates and does not require 

continuous resource allocation. This makes them more cost-effective 

than traditional VM-based systems, which suffer from fixed pricing 

models and resource wastage during idle periods [Tan et al., 2020; Zhou 

et al., 2021]. 

 

2.4.   VMSystems for AI Training 

 

While serverless platforms offer benefits for real-time inference, 

VMsystems remain the preferred choice for AI model training due to 

their predictable performance and ability to handle large-scale models. 

VMs provide dedicated resources, such as GPUs and distributed 

computing frameworks, essential for deep learning models that require 

significant computational power over long periods. However, VMs face 

resource inefficiencies and high operational costs when workloads are 

not constant, which makes them less cost-effective for bursty tasks [Ali 

et al., 2020; Varghese and Buyya, 2017]. 

 

2.5.   Comparative Studies between Serverless and VM Systems 

 

Several studies have directly compared serverless computing and VM-

based systems for AI workloads. [Grafberger et al., 2021] conducted an 

in-depth comparison of both models, assessing their performance in 

terms of latency, scalability, and cost. They found that while VM-based 

systems provide more consistent performance for predictable tasks, 

serverless platforms excel in scaling efficiently under variable or bursty 

workloads. However, serverless platforms still struggle with cold-start 

latency and resource restrictions that hinder their ability to run large AI 

models. On the other hand, [Suo et al., 2021] suggested that serverless 

computing is best suited for real-time AI applications where latency is 

less critical but still faces challenges when handling large models or 

stateful applications. 

 

3. Methodology 

 

3.1.   Data Sources 
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This Systematic Literature Review follows 2020 guidelines of the 

Preferred Reporting Items for Systematic Reviews and Meta-Analyses 

(PRISMA), aiming to evaluate the performance, cost-efficiency, 

scalability, and latency of serverless computing versus VM-based 

architecture for AI workloads, while identifying the challenges, 

limitations, and emerging trends in the use of these cloud models for AI 

tasks. 

 

A comprehensive, multi-database search approach was used to ensure 

thoroughness and precision. Databases selected for the study include 

Google Scholar, IEEE Xplore, and ACM Digital Library, chosen for their 

relevance to cloud computing, serverless architectures, and AI 

workloads. The combination of these databases helped balance recall 

and precision, reducing potential bias and improving the quality of 

results. Google Scholar was utilized for broad recall, while IEEE Xplore 

and ACM Digital Library were used for their domain-specific relevance 

[Bhattacharjee et al., 2019] and [Ustiugov et al., 2021]. 

 

Boolean search strategy was employed to optimize both recall and 

precision, using related terms and synonyms with Boolean operators. 

Advanced filters were applied to narrow down the search results based 

on publication year, and language (English), ensuring that only relevant, 

high-quality studies were included in the review.  

 

The general search strings used was: 

IEEE search string 

 

("Document Title":"serverless 

computing" AND "Document 

Title":"VM-based cloud models" 

AND "abstract":"AI workloads" OR 

"abstract":"real-time inference" OR 

"abstract":"image recognition" OR 

"abstract":"natural language 

processing" AND 

"abstract":"performance 

comparison" OR 

"abstract":"latency" OR 

"abstract":"cold-start latency" AND 

ACM & Google scholar search 

string 

("serverless computing" OR 

"VM-based cloud models") 

AND 

("AI workloads" OR "real-time 

inference" OR "image 

recognition" OR "natural 

language processing") 

AND 

("performance comparison" OR 

"latency" OR "cold-start 

latency" OR "scalability" OR 
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"abstract":"cost efficiency" OR 

"abstract":"resource utilization" 

OR "abstract":"scalability" AND 

"Document Title":"cloud 

computing" OR "Document 

Title":"cloud infrastructure") 

"resource utilization" OR "cost 

efficiency") 

AND 

("cloud computing" OR "cloud 

infrastructure") 

 

 

Figure 1 outlines the selection process for this study. A total of 3,449 

records were initially retrieved by removing duplicate records. The 

subsequent automatic exclusion was based on the following criteria: 

• Publication year before 2017 (n = 329) 

• Non-English publications (n = 10) 

• Items not classified as peer-reviewed journal articles or 

conference papers (n = 2584) 

This left a total of 526 records, which were further screened based on 

title and abstract. 321 irrelevant articles were removed, leaving 461 

papers for full-text retrieval. 59 articles were removed due to full-text 

accessibility issues. 

 

A final eligibility assessment was conducted on 146 full-text articles. Of 

these, 105 articles were excluded for the following reasons: 

• They were not directly related to the comparison between 

serverless and VM-based cloud models. 

• They did not discuss AI workloads or performance comparison 

in the context of cloud models. 

• They lacked comparative performance, scalability, or cost 

analysis. 
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Figure 1: Study Selection Process Following PRISMA Flow Diagram 

 

The final dataset included 41 primary studies, each contributing 

empirical data and methodological insights relevant to the research 

questions of this systematic literature review. 

 

Inclusion and Exclusion Criteria 

 
Table 1: Inclusion and Exclusion Criteria 

Criteria Inclusion Exclusion 

Year  2017–2025 Before 2017 

Language of the 

publication 

English Non-English 

Type of publication Peer-reviewed journal 

articles and conference 

papers 

Opinion pieces, blogs, 

white papers 

Relevance to the topic 

of the research 

Studies on serverless or 

VM-based cloud models 

for AI workloads 

Studies unrelated to 

cloud models or AI 

workloads 

Content type in the 

paper 

Papers that provide 

empirical data or 

methodological insights 

Theoretical papers or 

studies without 

practical evaluations 

Accessibility of the 

full text 

Accessible full text Inaccessible full text 
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Relevance to 

benchmarking and 

comparison of cloud 

models 

Studies providing 

performance comparison 

between serverless and 

VM-based models 

Studies without 

comparative data or 

benchmarking 

Relevance to AI 

workloads such as 

image recognition, 

NLP, etc. 

AI workloads include 

image recognition, NLP, 

inference, etc. 

Papers not 

addressing specific AI 

workloads or related 

tasks 

 

3.2.   Data Analysis 

 

Data extraction covered workload, platform context, and outcome 

measures latency (separating cold from warm where reported), 

scalability, resource utilization, and cost. Given diverse benchmarks and 

provider setups, analysis relied on descriptive synthesis: vote-counting 

captured direction of effects, and a compact snapshot anchored 

interpretation where measures aligned. Across studies, serverless 

shows a clear cold-start penalty yet strong elasticity and idle-cost 

control for bursty inference, while VM deployments provide predictable 

latency and sustained throughput for long-running or heavy accelerator 

tasks at higher idle exposure. Interpretation emphasizes medians and 

tail behavior over over-precise pooling and translates patterns into 

actionable choices provisioned concurrency or warm pools for strict 

SLAs, hybrid ingress where bursts are expected, and reservations/spot 

strategies for steady workloads. 

 

4. Results and Discussion 

 

4.1.   Overview of Study Selection and Publication Trends 

 

This Systematic Literature Review (SLR) includes 41 peer-reviewed 

papers focused on serverless computing and VM-based systems for AI 

workloads. The studies cover key areas such as latency, scalability, 

resource utilization, and cost-efficiency for AI tasks like image 

classification, NLP, and data preprocessing. Following the PRISMA 

guidelines, studies were selected from databases, published between 

2017 and 2025. The review emphasizes empirical research comparing 

serverless and VM-based models to assess their performance for AI 

tasks. Key findings and research gaps are identified, with a focus on the 

suitability of each architecture for different AI workloads. The 
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distribution of papers across years shows a significant rise in 

publications in 2020, reflecting increased interest in these cloud models 

for AI workloads. 

 

 

Figure 2: Yearly Trend of Publications Related to Selected Studies 

 

4.2.   Distribution of Studies by Publication Type and Geography 

 

The studies included in this come from diverse sets of publication types 

and reflect a global perspective on serverless computing and VM-based 

architectures for AI workloads. Among the 37 papers reviewed, 22 are 

journal articles, indicating a strong focus on peer-reviewed, in-depth 

research. Additionally, 13 are conference papers highlighting the rapid 

advancements and timely dissemination of research findings in this area. 

Two technical reports/white papers also contributed valuable insights 

into emerging techniques and industry-driven innovations in cloud 

models for AI applications. This diverse publication type distribution 

balances foundational research with the need for industry-focused 

contributions. 

 

Geographically, the highest number of studies, 15, were published from 

the United States, reflecting its strong presence in cloud computing 

research. China contributed 7 papers, followed by India with 5, United 

Kingdom with 4, and Germany with 2. Other countries such as Australia, 

Canada, Singapore, and South Korea made notable contributions, 

indicating international collaboration and interest in the field. This 

geographic diversity underscores the global significance of the research 

on cloud architecture for AI workloads, showing wide-ranging 

contributions across various regions. 
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Figure 3: Distribution of Publication 

Types 

Figure 3: Conference Papers by 

Country 

 

4.3.   Overview of Performance Metrics for Serverless and VM-Based   

          Systems 

 

The performance metrics used to evaluate serverless and VM-based 

architectures for AI workloads are critical in understanding the 

suitability of each cloud model for different types of AI tasks. The key 

metrics typically include latency, scalability, resource utilization, and 

cost-efficiency. These metrics are integral to decision-making when 

selecting the appropriate cloud model for tasks such as real-time AI 

inference, image classification, natural language processing (NLP), and 

data preprocessing. 

 

Latency, especially cold-start latency, is a key challenge in serverless 

systems, where functions need to initialize before execution, potentially 

causing delays in AI inference tasks. In contrast, VM-based systems 

provide dedicated resources, ensuring predictable performance and 

eliminating cold-start issues, which is particularly beneficial for large AI 

models. Regarding scalability, serverless systems excel in dynamically 

allocating resources to handle bursty AI workloads, such as real-time 

inference, while VM-based systems require manual scaling, offering 

more control but less flexibility. Lastly, resource utilization in serverless 

architectures is efficient for sporadic tasks, as resources are only 
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allocated when needed, reducing costs. However, cold-start latency can 

impact overall efficiency. In contrast, VM-based systems offer dedicated 

resources but often suffer from underutilization during idle periods, 

leading to resource inefficiencies, especially with fluctuating demand 

[Ali et al., 2020], [Bhattacharjee et al., 2019], [Yu et al., 2021], [Suo et al., 

2021], and [Grafberger et al., 2021]. 

 

4.4.   Scalability Comparison 
 

Figure 5: Scalability Comparison between Cloud Models 

 

Figure 5, titled "Scalability Comparison between Cloud Models", 

compares the performance of VM Models (blue bars) against Serverless 

Models (orange bars) across six different studies. The vertical Y-axis 

measures "Workload size (Requests)", indicating how much load each 

model could handle. In five out of the six studies presented, the 

Serverless Model is depicted as handling a larger workload (more 

requests) than its VM Model counterpart. 

 

4.5.   Latency Comparison 

 

0

200

400

600

800

1000

1200

W
o

rk
lo

ad
 s

iz
e 

 (
R

eq
u

es
ts

)

VM Model Serverless Model



                            ICBR 2025         

231 

 

Figure 6: Compare the Delay within 2 models 

 

Figure 6, titled "Latency Comparison," illustrates the performance 

difference between a Serverless Model (blue line) and a VM Model 

(orange line). The vertical axis measures "Time in (ms)" (latency), while 

the horizontal axis represents the "Number of Instances." The chart 

demonstrates that the VM Model has a consistently low and stable 

latency, staying near 0 ms as instances increase. In sharp contrast, the 

Serverless Model shows significantly higher and variable latency, 

starting around 300 ms, peaking at 1000 ms with 3 instances, before 

decreasing again. 
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Table 2: Cold-Start Latency for Serverless vs 

VM-based Systems 

Study CSL 

(ms) 

Notes 

[Ali et al., 

2020] 

300ms Cold-start 

latency for AI 

inference tasks. 

[Bhattacharj

ee and Lai, 

2019] 

500ms Cold-start 

latency for 

image 

classification 

and NLP tasks. 

[Ustiugov et 

al., 2021] 

1000ms Latency spike 

in serverless 

when idle for 

long periods. 

[Grafberger 

et al., 2021] 

600ms Cold-start 

latency during 

AI model 

inference for 

bursty 

workloads. 

[Yu et al., 

2021] 

450ms Cold-start 

latency for 

high-

throughput AI 

tasks. 

[Tan et al., 

2020] 

200ms Comparison of 

cold-start 

latency with 

VM-based 

systems. 
 

Table 3: Predictable Latency for VM-

based Systems 

Study Latency 

(ms) 

Notes 

[Suo et al., 

2021] 

20ms Low and 

consisten

t latency 

for AI 

training 

tasks. 

[Zhou et al., 

2021] 

30ms Predictab

le latency, 

especially 

for large 

AI 

models. 

[Ali et al., 

2020] 

50ms Latency 

for large-

scale 

image 

classificat

ion tasks. 

[Grafberger 

et al., 2021] 

40ms Stable 

latency 

under 

load for 

training 

large 

models. 

[Yu et al., 

2021] 

25ms Predictab

le latency 

for NLP 

tasks. 
 

 

4.6.   Resource Utilization 
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Figure 4: Resource Utilization between the Models 

 

5. Conclusion 

 

This Systematic Literature Review (SLR) compares serverless and VM-

based cloud systems for AI workloads, with a focus on latency, 

scalability, resource utilization, cost-efficiency, and task suitability. 

Serverless systems offer elastic scalability and cost-efficiency, making 

them ideal for bursty AI inference tasks such as NLP and image 

classification. However, cold-start latency remains a significant 

challenge, affecting real-time inference tasks that require low-latency 

responses. VM-based systems, while providing predictable 

performance, are better suited for long-duration AI tasks, such as AI 

model training and large-scale inference, but they suffer from resource 

underutilization and higher operational costs during idle periods. 

 

In terms of resource utilization, serverless systems are cost-efficient for 

sporadic tasks as they provide resources only when needed. However, 

the cold-start latency can reduce efficiency during peak demand. VM-

based systems offer dedicated resources but often experience 

inefficiencies when workloads fluctuate, resulting in higher costs. 

 

While both systems have distinct advantages, serverless systems are 

more cost-effective for real-time tasks, whereas VM-based systems are 

better for large-scale AI model training and long-running applications. 

 

• Limitations: The studies reviewed highlight several limitations, 

such as dataset constraints, cold-start latency in serverless 

architectures, and the lack of hybrid model evaluations. Cloud 
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provider dependency and the absence of standardized 

benchmarks were also noted as challenges. Furthermore, this 

review includes a critical evaluation of potential biases 

within the reviewed literature, such as the prevalence of 

vendor-specific platform studies and the limitations of 

benchmarks used in the source papers, which need to be 

addressed in future research [Ali et al., 2020], and [Grafberger 

et al., 2021]. 

 

• Recommendations: For bursty AI tasks, serverless systems are 

more cost-effective, though cold-start latency must be 

addressed. For long-duration tasks, VM-based systems offer 

more predictable performance. Future studies should explore 

hybrid cloud models and benchmarking techniques for 

comparing the two architectures. Additionally, investigating 

cold-start latency mitigation techniques will be critical for 

improving serverless architectures [Suo et al., 2021], [Tan et al., 

2020]. 

 

5.1.   Practical and Business Implications 

 

Beyond the technical trade-offs, the findings of this SLR have direct 

implications for business strategy. For IT decision-makers, the choice 

between serverless and VM-based models is a strategic one, balancing 

operational expenditure (OpEx) with performance and reliability. 

Serverless architecture can significantly reduce costs for applications 

with unpredictable or 'bursty' traffic, aligning with a pay-as-you-go 

model and reducing waste from idle VMs. This agility can accelerate 

time-to-market for new AI-powered features. However, businesses must 

also consider the risk of vendor lock-in associated with proprietary 

serverless platforms and the potential performance impact of cold starts 

on user-facing applications. VM-based systems, while incurring higher 

fixed costs, offer predictable performance and greater control, which 

may be critical for core, mission-critical AI training tasks or applications 

with stringent service-level agreements (SLAs). 
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