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Abstract 

The deployment of large language models (LLMs) in cloud environments presents significant 

challenges, particularly due to their high computational demands, latency, memory 

consumption, and the lack of automated and reproducible workflows. The need for efficient, 

low-cost, reproducible deployment strategies has become critical as LLMs continue to scale 

and become integral to enterprise and research systems. Traditional manual deployment 

methods often result in performance instability and hinder operational scalability. To address 

these issues, this study explores the integration of CI/CD (Continuous Integration/Continuous 

Deployment) pipelines within Python-based cloud environments as a lightweight alternative for 

automating model benchmarking and inference tracking. Using the Open LLM Performance 

Benchmark dataset, which includes metrics such as model size, benchmark scores (e.g., ARC, 

MMLU, HellaSwag, TruthfulQA), latency, and memory usage, we evaluate a diverse set of 

public models, including DistilGPT -2, TinyLlama, GPT-Neo-125M, Falcon-rw-1b, and others. 

All experiments are conducted within Google Colab to simulate low-infrastructure 

environments. The proposed CI/CD workflow incorporates automated prompt generation, 

inference execution, latency and memory profiling, and structured logging. Additionally, 

version control is simulated using DVC-style file hashes and experiment tracking through 

MLflow. Key findings highlight a clear tradeoff between model size, performance, and cost. 

Smaller models, such as Tiny-GPT2, demonstrate superior latency but reduced benchmark 

scores, whereas larger models, like Falcon-rw-1b, yield higher accuracy at the expense of 

increased memory and inference time. The CI/CD pipeline improved reproducibility, execution 

traceability, and scalability. These results underscore the potential of lightweight CI/CD 

frameworks to streamline LLM deployment for teams operating under resource constraints. 

Keywords: LLM deployment, CI/CD pipelines, Google Colab, inference benchmarking, 

MLOps, model reproducibility, cloud-based NLP 
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1 Introduction 

By implementing large language models (LLMs), various sectors, academics, and open- 

source projects have significantly influenced changes in natural language processing (NLP) [1]. 

Conversational agents, tools that summarise information, and intelligent code assistants utilise 

LLMs today. As organisations grow and take on more challenges, these models have become 

necessary for significant projects. At the same time, this growth gives rise to various difficulties 

during deployment [2]. The most critical factors are Inference latency, the hardware level used, 

and the lack of deployable workflows that can be reused. As the cloud's complexity increases, 

ensuring the right resource balance, high performance, and low costs becomes essential [3]. 

Using manual fail tactics to install LLMs makes it challenging to monitor the LLM's 

performance, manage its various versions, or perform rollbacks [4]. As a result, research and 

production environments miss out on replicability and the ability to trace the steps taken in 

experiments. The suggested approach in this paper is to utilise MLOps, with a focus on 

incorporating Continuous Integration and Continuous Deployment (CI/CD) to address the 

problems above. CI/CD pipelines streamline testing, error reporting, version control, and 

adjustments guided by feedback, enabling them to be performed quickly and automatically. 

The study chose Google Colab because it is easy to use, supports free-tier GPUs, and 

integrates seamlessly with Python. Colab is not meant for actual productions, but its low cost 

proves useful for testing lightweight CI/CD designs. We concentrate on setting up and testing 

a CI/CD pipeline using available models from Hugging Face Hub and results from the Open 

LLM benchmark. The framework uses automated prompt inference, measures speed and 

memory, keeps a log, and tracks different versions using psutil, tracemalloc, hashing, and 

MLflow. The objectives shaping the research are mentioned below: 

1. Evaluate LLMs using public performance benchmarks. 

2. Build and simulate a CI/CD pipeline on Google Colab. 

3. Analyse reproducibility, latency, memory, and compute behaviour across models. 

4. Report cost-benefit tradeoffs for resource-constrained deployment. 

With this, the paper examine whether AI teams with limited resources can effectively 

utilise CI/CD. In addition to evaluating the reproducibility and performance of various open- 

source LLMs, we also investigate the relationships between accuracy, resource utilisation, and 

task completion speed. Next, the cost of using each runtime environment is estimated to 

determine which one is more affordable: Colab CPU, Colab GPU, or Google Cloud A100. The 

rest of the document is arranged as follows: a literature review explores existing techniques for 

using LLMs and MLOps; the methodology section outlines the experimental design and how it 

was carried out; the results section studies the experimental findings; and lastly, the paper 

covers what was learned and what can be studied in the future. 
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2. Literature Review 

2.1 LLM Deployment in Production 

Integrating large language models into software and machine learning creates both 

benefits and challenges for these fields [5]. Recently, variants of Falcon and LLaMA, alongside 

GPT-2, BERT, and GPT-Neo, have demonstrated exceptional capabilities in natural language 

processing and generation tasks [6]. However, putting these models into practical use in 

production is not easy. Training on large models with hundreds of millions to billions of 

parameters affects the time it takes for the data to load, run, and consume memory space [7]. 

Reducing cloud latency becomes even more challenging when starting up large models, which 

is a time-consuming process [8]. This makes it difficult for the service to consistently deliver 

high-quality results, as the outcome depends on many unpredictable variables. For example, 

with GPT, OpenAI has enhanced its infrastructure by utilising custom runtime kernels, model 

quantisation, and distributing model components across multiple regions [9]. Google Cloud's 

BERT API also includes orchestration software, making routing requests more efficient and 

streamlined. Although Falcon performs very well, deploying it outside dedicated GPUs is 

challenging due to its heavy resource requirements [10, 11]. They demonstrate that model 

quality often conflicts with the state of the infrastructure when deploying large language models 

(LLMs). 

2.2 CI/CD and MLOps in ML Lifecycle 

Meanwhile, as these deployment issues arise, the MLOps approach is becoming popular 

to organise the machine learning process [12]. Automated testing, integration, and delivery are 

the primary reasons MLOps utilises CI/CD frameworks, and these tools have also been widely 

adopted in traditional software engineering [13, 14]. In machine learning (ML), CI/CD 

pipelines enable the conduct of multiple experiments, automate their validation, and facilitate 

the safe application of new models [15]. GitHub Actions allows for the automation of tasks 

when code or data is updated, and MLflow helps with tracking, numbering models and making 

code repeatable [16]. Jenkins handles the task of running multi-stage pipelines in many 

enterprises. However, DVC (Data Version Control) is preferred when developers want to 

manage data and model artefacts in a Git-like system [17]. As a result, ML specialists can use 

the code → model → test → deploy → monitor → rollback cycle, which is necessary for 

handling the uncertain and diversified parts of ML jobs [18]. It is standard practice to utilise 

CI/CD for A/B tests and canary networks, as well as to detect model changes over time in 

production-ready AI systems [19]. This is because most of them are set up for organisations 

with large-scale DevOps resources. Hence, they are incompatible with Google Colab and 

Jupyter-based notebooks, which are lightweight environments. 

2.3 Open LLM Benchmarks 

Since generalisation and reasoning ability on various tasks are essential for LLMs, 

several benchmark datasets and leaderboards have been created to assess their performance 

[20]. It is also worth noting that the Open LLM Performance Benchmark collates results from 
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four key benchmarks: ARC, HellaSwag, MMLU, and TruthfulQA. These measures are now the 

standard way to assess the quality of an LLM. Since GPT-Neo, Falcon and TinyLlama are 

evaluated using these tests, their scores are often used to validate them before deployment [21, 

22]. Nevertheless, these benchmarks do not accurately represent practical situations outside of 

experiments. The problems tested in the papers are usually measured without regard for actual 

latency, memory required, dependability of results, or the cost of operation, all of which are 

crucial when the application is used. It requires considerable effort to reach the point where a 

product can be produced and sold. Typically, benchmarks overlook whether models function 

properly in resource-constrained environments, how frequently they deliver consistent 

performance, and whether they are suitable for integration into continuous 

integration/continuous deployment (CI/CD) processes [23]. For this reason, remote developers 

often lack sufficient deployment tips; therefore, infrastructure-aware comparison must be a 

significant yet rarely utilised check in LLM research. 

2.4 Model Comparison Studies 

Researchers have attempted to address this issue through model comparison studies, 

focusing on accuracy, model storage requirements, and prediction speed. Since GPT-2 is 

straightforward and freely available, it has been extensively studied by numerous researchers 

who have written about its capabilities in various queries and tasks [24]. DistilGPT2 is often 

appreciated for requiring 60% less space than the original GPT2, yet achieving only a 5% drop 

in performance. Since TinyLlama and GPT-Neo are compact and can run them through 

Hugging Face Transformers, they are widely used [25, 26]. However, only a few studies have 

investigated real-time inference skills, the average time it takes to run, or whether ML models 

can be integrated with CI/CD tools. While Hugging Face and EleutherAI have begun to list 

latency and throughput metrics in their model cards, no easy-to-use and standardised 

frameworks for evaluating models and simulating the existence of Colab or Vertex AI have yet 

been established. Moreover, most comparison studies overlook reproducibility, although it 

plays a significant role in managing different versions and ensuring the auditing of AI-based 

systems. 

Benchmarking and comparing large language models (LLMs) has received significant 

attention, but little research has examined this topic using modern software development 

practices, such as MLOps or CI/CD. The literature has an essential gap because current 

approaches do not assess reproducibility, latency, or cost modelling. To address this issue, this 

study presents a straightforward approach to benchmarking CI/CD using public metrics, 

running metrics, and tools that foster reproducibility in the cloud. Since this project utilises 

open infrastructure, such as Google Colab, for testing LLMs, it introduces a novel technique 

for evaluating models under limited and straightforward conditions. 

3. Methodology 

This section explains how the framework was built to test and simulate a lightweight 

CI/CD pipeline for LLM inference. It includes open-access solutions, databases used by many 
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and tools for reproducing results, all working together as a cohesive process run on Google 

Colab. Instead of using the methodology on actual production, it is designed to simulate events 

and focus on making everything reproducible, fast and easy to analyse in a limited environment. 

While collecting essential metrics such as latency and CPU workload, the pipeline features 

experimental versions and uses simulated DVC to verify each command. 

3.1 Research Design 

Most of the study employs an experimental simulation technique to evaluate the 

capabilities of LLMS systematically. All the simulation work was conducted on Google Colab, 

a cloud-based Python environment that offers GPU and CPU resources for lightweight machine 

learning tasks. If work relies on continuous integration and deployment, Colab gives you 

enough control over your experiments to effectively test models and train them. 

They decided to set up a Python-built CI/CD framework that performs inference tests 

using lightweight large language models (LLMs). To avoid exhausting Colab's memory and 

processing power, the study aimed to analyse the inference performance of various models and 

collect related metrics without training them. The purpose of the pipeline architecture was to 

replicate how a model would be tested against multiple inputs in a real CI/CD setup before 

being made ready for deployment. 

Using Python, custom code was written to monitor the script’s speed over 

time.perf_counter, how much memory it used with memory_profiler, the CPU usage with 

psutil, and to give it a reproducible ID via hashlib. We handled all output in a DataFrame, saved 

it to CSV and JSON, and ensured versioning using simulated DVC-style hashes. Tracking 

experiments became possible through MLflow, which saved latency metadata and performance 

information, as well as utilised memory and model versions. 

3.2 Dataset Description 

The performance was evaluated using the Open LLM Performance Benchmark, a 

dataset on Kaggle that contains results from over 1,400 language models on various standard 

benchmarks [27]. The data includes the names of the models, the number of parameters they 

contain and scores from ARC, HellaSwag, MMLU and TruthfulQA. The benchmarks assess 

the model's performance in various areas, including commonsense reasoning, factual 

knowledge, multitasking, and handling misinformation. 

 

 

 

 

 

 

 

Figure 1: Dataset Description 
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Apart from scores on benchmarks, the data also reports average latency, memory 

requirements and the time taken to load the training model. Using the results from these metrics, 

we found models that would suit the project and work well with Google Colab. Not all open- 

source models are labelled the same, so researchers assigned scores to each model using their 

best knowledge. The primary purpose of preparing the dataset was to use it as a reference. 

Inference tests were performed separately in Colab, and their performance was observed to 

compare against the scores reported by the Open LLM Benchmarkers. 

3.3 Model Selection Rationale 

Three parameters were used to select the five models: they had to be under 2 billion, 

available to everyone on Hugging Face, and suitable for the memory limits of Colab. The 

models mentioned were: 

• distilgpt2: A distilled version of GPT-2 optimised for speed and lightweight 

deployment. 

• sshleifer/tiny-gpt2: A minimal GPT-2 variant designed for low-memory testing. 

• EleutherAI/gpt-neo-125M: A community-developed autoregressive model with open 

weights. 

• tiiuae/falcon-rw-1b: A 1.3B parameter open-weight model known for strong benchmark 

scores. 

• PY007/TinyLlama-1.1 B-Chat-v0.1: A LLaMA-based compact model designed for chat 

applications. 
 

Figure 2: Model Selected 

They differ in their performance, the amount of memory needed, and the time each 

model takes to process. The Hugging Face Transformers library enabled the efficient loading 

and use of all models. The models we included allow for comparing results in a Colab notebook 

without straining the available computing resources. 

3.4 Benchmark Prompt Design 

Ten various prompts were created to test the speed and efficiency of LLMs in real-world 

applications. The questions were designed to match several areas of LLM work, including 

telling stories, explaining, translating, summarising, factual question and answer, and creative 

writing. Examples include: 
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• “The future of artificial intelligence is...” 

• “Explain the process of photosynthesis in simple terms.” 

• “Translate the following sentence to French: ‘How are you today?’” 

• “What are the key differences between TCP and UDP protocols?” 

• “Write a poem about space exploration.” 
 

Figure 3: Benchmark Prompt 

The various prompts allowed each model to be evaluated with different complex inputs 

and tokens. The CI/CD pipeline could also assess whether the latency remained consistent for 

other prompts. The prompts were tested individually on the five models, and the results, along 

with the corresponding metrics, were saved. 

3.5 CI/CD Pipeline Design 

The purpose of the CI/CD simulation was to replicate the usual steps involved in an ML 

pipeline. When using a traditional software setup, a CI/CD system monitors code commits, 

executes tests, verifies the output, and deploys the software to production or rolls back the 

changes if issues arise. The design was implemented in the Colab system using Python 

programming. 

The primary step emulated a signal that can activate GitHub Actions. Accurate log files 

were generated for each step in the script, from raw data to prediction, by processing the data, 

applying a model, validating the results, and saving the necessary numbers for metric 

comparison. All outputs from the inference results were checked for accurate types and to 

ensure they were not null. Whenever an inference was flawed, it was identified as a CI/CD test 

that had failed. Hashlib.md5 was used to generate hashes for DVC-like files, which were 

formed by combining the model's name, the prompt, and the output. Whenever a file was 

tracked, its hash was added to the log for easy tracking. Although unable to support DVC in the 

specified environment, this code demonstrated the snapshot versioning concept. Additionally, 

MLflow was utilised to record experiment data, resulting in the creation of a new experiment 

named "LLM_CI_CD_Benchmark." Latency, memory usage, CPU load, and benchmark score 
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were designated as MLflow metrics for each model, and the inference logs for each model were 

stored as artefacts. This made it possible to check the results after finishing an experiment and 

to reload an experiment run for review. 
 

Figure 4: Methodology Flow Diagram 

It outlines how continuous integration and delivery evaluate model file deployment in 

cloud settings with limited resources. It offers automated, trackable features and usable and 

verifiable guidelines for developing AI-based systems. 

4. Implementation 

All benchmarking functions were implemented using Google Colab because it offers a 

convenient and flexible cloud-native CI/CD computing environment. The area was prepared at 

the start, and the necessary tools were integrated and downloaded, including transformers, 

torch, psutil, memory_profiler, matplotlib, and seaborn, to support the analysis using Python 
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libraries. They were picked because they are small and easy to set up in any company's notebook 

environment. To ensure every model-prompt combination is evaluated similarly, we created 

specific utility functions for handling prompts and logging the tests. 

The primary feature of the pipeline was an inference engine that processed each selected 

model with ten predefined sets of prompts. In each iteration, the pipeline used Python’s 

time.perf_counter to measure inference latency, memory_usage to check memory usage, and 

psutil.cpu_percent to determine the percentage of the CPU in use. Apart from evaluating 

numeric values, the output of every inference was examined to ensure it was formatted correctly 

and appeared as expected, mimicking a central test assertion to verify that the model responds 

appropriately. All successful inferences, along with their relevant performance and information, 

were recorded in a results table. By generating a hash using hashlib.md5 from Python, all the 

information about the model, input prompt, and output can be stored in a way that resembles 

DVC. 

The study relied on visualising the data to make performance logs understandable. The 

visualisation engine produced six varieties of plots. It was easy to spot the difference in 

inference speed by looking at the average latency for each model on the bar chart. It 

demonstrated the average memory required by each model to determine which models fit best 

on the given hardware. The boxplot was used to determine if each model could perform 

consistently when the amount of data was increased or decreased. The scatterplot enables us to 

visualise the relationship between the model's performance and its speed. A correlation heatmap 

was developed to check the relationships between latency, memory, CPU usage and benchmark 

points. Finally, the data was presented in a bar chart to outline cost estimations for Colab CPU, 

Colab GPU, and GCP A100 GPU, using figures from the required runtime and the public price 

list. 

Two main features were implemented to allow the results to be repeated. First, each 

inference was assigned a unique hash as a fingerprint for tracking the DVC approach. With 

these hashes, one can identify specific model-prompt interactions and easily examine or revisit 

them. It was also added to MLflow, which is widely adopted for experiment tracking. MLflow 

launched a brand-new experiment called “LLM_CI_CD_Benchmark" and recorded everything 

needed for the results, both the models and the CSV logs. Colab could model a lightweight 

CI/CD pipeline with all these details, enabling automated testing, logging, and other similar 

benefits. This would appeal to models that are understood in real-world application scenarios 

with limited resources. 
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Figure 5: Implementation Design 

5. Results and Analysis 

5.1 Exploratory Data Analysis (EDA) 

An extensive analysis of the dataset was conducted using exploratory data analysis 

(EDA) before setting up the CI/CD pipeline. Within this dataset are 1,472 large language 

models, each rated on evaluations for ARC, HellaSwag, MMLU, and TruthfulQA, along with 

data on their size, precision type, and framework. The average score across all benchmarks 

provides an overall performance indicator. The first statistics showed that results varied greatly, 

as average scores in this field went from 28.85 to 74.17, with an approximate average of 52.45. 

It is worth noting that HellaSwag performed better, with a mean score of 70.42, whereas 

TruthfulQA presented the widest variations in model difficulty, with a mean of 45.08. 
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Figure 6: Descriptive Analysis 

There were more models with fewer than 13 billion parameters, with two secondary 

groups identified for models with 30 billion and 70 billion parameters, following the pattern 

observed in open-source large language models (LLMs). On a scatterplot of these measures, 

Pearson's correlation revealed a positive relationship (~0.57), but also highlighted instances 

where fewer parameters led to better scores. As seen on the boxplots, MMLU and ARC had 

larger interquartile ranges, likely caused by their extensive question areas. 
 

Figure 7: Distribution of Model Sizes 
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Figure 8: Box Plot of Score Distribution 
 

Figure 9: Scatter Plot of Model Size vs Average Score 

Moreover, the correlation heatmap indicates that different benchmark scores are closely 

related (for example, 0.92 for ARC and MMLU), demonstrating the reliability of the 

benchmark. At the end of the EDA, five different models were selected for testing in CI/CD, 

all of which had fewer than 2 billion parameters, enabling them to run on Colab. They are 

distilgpt2, sshleifer/tiny-gpt2, gpt-neo-125M, tiiuae/falcon-rw-1b and TinyLlama-1.1B. They 

are chosen to ensure a good tradeoff between quick performance testing and leading results, 

providing a good choice for pipeline modelling and analysis. 



International Journal of Applied Mathematics 

195 
Received: July 08, 2025 ; Published: September 19, 2025 

 

 

Volume 38 No. 2s, 2025 

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version) 

 

Figure 10: Correlation Heatmap 

5.2 Execution Time Summary 

Results from latency measurements demonstrated that different models have different 

inference efficiencies. EleutherAI/GPT-Neo-125 M had an average response time of 

approximately 2.75 seconds. A similar increase in process time was observed with TinyLlama- 

1.1 B-Chat-v0.1, which took over 14 seconds to respond on average due to the larger 

requirements of newer model versions. Its latency of approximately 1606 ms confirms that 

DistilGPT2 is ideal for lightweight applications that require low latency. Among all the models, 

the sshleifer/tiny-gpt2 system ran the fastest and had the shortest average latency of only 378 

ms. The Falcon-RW-1B may be well-known for its performance, yet its average latency of over 

21 seconds suggests that it may not be suitable for real-time inference in the cloud. The evidence 

also comes from the stable relationship between the minimum and maximum latency, as bigger 

models tend to be less stable and have a wider variation margin. 
 

Figure 11: Models Execution Time Summary 
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Figure 12: Average Latency per Model 

5.3 Resource Utilisation Patterns 

Similar to the results for latency, the models’ memory usage confirmed that Falcon- 

RW-1B was the most memory-intensive model, requiring an average of 6386 MB of RAM. 

TinyLlama used almost 5242 MB, more than any other model, whereas Tiny-GPT2 only needed 

slightly more than 2 GB. CPU use was more consistent across the models, yet somewhat 

matched their complexity. Falcon and TinyLlama reached unusually high CPU loads, with 

scores of 62% and above, while DistilGPT2 and GPT-Neo had significantly lower loads at 53% 

and 59%, respectively. Although a few models excel in benchmarks, their extra processing time 

may be too much for Google Colab or similar devices. In general, resource profiles reveal that 

the new models are designed for excellent performance rather than efficient use, so it is 

necessary to analyse the costs and benefits before using them. 
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Figure 13: Resource Utilisation per Model 

5.4 Performance Tradeoffs 

It is clear from the scatterplot that a tradeoff exists when deploying LLMs. GPT-Neo 

set a new benchmark record (42.0) and performed well, achieving a low latency of 2.7 seconds. 

Still, Falcon-RW-1B performed similarly on the benchmarks (40.0), yet was almost 8 times 

slower. Although TinyLlama achieved a decent score (39.0), it took a considerable amount of 

time for the model to process each sample. As predicted, the benchmark scores for DistilGPT2 

and Tiny-GPT2 were lower (31.0 and 25.0, respectively), and their inference was also faster. 

Such a tradeoff enables software developers to choose between speed and timely response. 

Because GPT-Neo and DistilGPT2 were near the performance-efficiency line, they are the best 

choices for low-cost operations that still yield excellent results in accuracy tests. 
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Figure 14: Benchmark Score vs Inference Latency 

5.5 Latency Consistency 

Using boxplots, changes in the amount of variance for latency are illustrated. With the 

fewest outliers, Tiny-GPT2 demonstrated that it is well-suited for consistent inference use. 

DistilGPT2 experienced some variations, although the outcomes were suitable for most large- 

scale companies. The distribution of GPT-Neo remained unchanged, despite being a larger 

model. Falcon and TinyLlama showed noticeable changes in their response speed. There were 

some apparent differences between TinyLlama and Falcon: TinyLlama yielded more consistent 

results, while Falcon's timing was less reliable, and fewer prompts were used. This means that 

there may be increased risks in production where guaranteeing a timeline is necessary. As a 

result, checking consistency gives us more information, suggesting that the average latency and 

stability should be evaluated. 
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Figure 15: Inference Time Consistency per Models 

5.6 Cost Estimation 

Recording the expected runtime of an LLM model on a simulated dataset and comparing 

it to different pricing plans on the cloud helps determine if LLM can be used affordably. Since 

the cost is virtually nothing on the free CPU tier of Google Colab, it is perfect for exploring and 

studying. Even so, the inference results obtained using the Colab GPU at $0.75/hr and the GCP 

A100 at $0.40/hr differ. Our runtime for all models was around so many hours, resulting in a 

GPU cost of $0.083 and an A100 GCP cost of $0.044. Even though the initial numbers may be 

just a representation, they rapidly accumulate when tested on a larger scale. Significant 

infrastructure costs will be incurred if thousands of prompts are served in a single batch each 

day. The estimates reveal that inference should be optimised for both speed and cost, so lighter 

models are suitable wherever the necessary performance can be achieved. Despite achieving 

top benchmark results, Falcon and TinyLlama are more expensive due to their lengthy 

computation times. 
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Figure 16: Cost Estimation 

5.7 DVC-style Hash Simulation 

DVC-style file tracking with hashlib.md5 was added to make models reproducible and 

facilitate version control. A unique fingerprint was created for every CSV log obtained from 

the CI/CD process. For example, the experiment's log file contains a hash, 

820539a723bf20454a80b23890c82c11. You can use this identifier to ensure that results are 

consistent and identical during ML experiments, which is necessary for auditing purposes. Also, 

successfully initialised MLflow, registered it as the LLM_CI_CD_Benchmark experiment and 

logged latency and benchmark results for every model used. With these two steps, the 

simulation of CI/CD is complete, as it provides the starting point for versioning, rollback, and 

logging of what happened. Because of this, they are instrumental in MLOps applications that 

cannot fully utilise GitHub Actions and Docker orchestration due to limited system resources. 
 

Figure 17: DVC-Style File Tracking 
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Figure 18: MLflow Integration 

6. Discussion 

Based on CI/CD pipelines, LLM evaluations help reduce the risk of strange results 

caused by different infrastructures. When software is deployed as a traditionally run program, 

changes in performance across various hardware and environments make it challenging to 

replicate and scale the work. However, using Google Colab to set up a CI/CD pipeline, this 

research finds that automation enables developers to distinguish model outcomes from the 

platform and achieve reliability through logging, validation, and version control. This type of 

abstraction is necessary as LLMs are used in production, as unexpected model failures 

sometimes result from environmental mismatches. 

With MLflow and DVC-style hashing used in an LLM pipeline, reproducing the work 

becomes much easier. Thanks to assigning a version hash for each run and logging metrics in a 

trackable MLflow experiment, the framework enables developers to verify the exact conditions 

required to produce any given result. This becomes necessary when working together or in 

fields where it is vital to verify how models function. They also allow groups to avoid 

accidentally losing their progress by allowing a quick transition back to past approved states. 

Easy benchmarking at the start of the model selection process provides valuable insights 

into the process. The framework provides information about costs and latency during the early 

stage, when we are still in the prototype stage. Deployment plans here are based on data and 

correspond with operational rules. This study reveals that, compared to less accurate models 

such as Tiny-GPT2, these models operate very quickly. In contrast, models like Falcon-RW-1 

B and TinyLlama record higher scores but are significantly slower and consume more RAM. 

Deployment teams need to measure the average performance of models and how much 

they vary with different amounts of prompts. We can determine how a model behaves under 

various types of stress by using latency standard deviation and box plots. Otherwise, a sizable 

memory footprint could prevent a model from running on mobile devices or simple edge 

servers. Overall, this framework helps to balance decisions by ensuring models are compatible 

with the infrastructure environment. 

7. Conclusion and Future Work 

This study demonstrates that CI/CD can facilitate automation, reproducibility, and 

performance monitoring of LLM tasks, particularly on platforms with limited resources. We 
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built the framework by using Google Colab, Hugging Face Transformers, MLflow, and 

lightweight hashing mechanisms. The evaluation of five open-access LLMs demonstrated that 

this framework effectively monitors key metrics and ensures the study's reproducibility. It does 

so in a way that maintains easy access to the LLM source code. 

We have made three main contributions. First, we demonstrated how to utilise the Open 

LLM Benchmark dataset with a modular CI/CD pipeline, offering a method for testing in any 

environment. Furthermore, this project utilises reproducibility tracking with Colab, 

incorporating MLflow and DVC-style hash simulations, to address a common issue in the 

literature: cloud-based benchmarking lacks reliable versioning. Next, we developed a set of 

resources to visualise how the system operates, providing model deployment teams with 

valuable insights for managing the system's speed and cost. 

Nevertheless, some problems still need to be addressed. The CI/CD pipeline was 

simulated in Colab notebooks and was not implemented on Docker, Jenkins, or Kubernetes. 

Notably, the model was not trained, and its inference performance was only evaluated. The 

findings are not ideal for production, yet the principles and procedures can be used in many 

fields. 

At this point, the framework should be expanded to incorporate real-world use cases. 

Implementing FastAPI for serving enables the benchmarking process to conclude with an API 

interface for services such as GCP Vertex AI. Another approach is to add an MLflow registry, 

allowing workplace models to be deployed and monitored repeatedly in production. The system 

will operate more realistically by using Streamlit for live dashboards and testing the first request 

time. With these advancements, the usage of CI/CD will make the final deployment of LLMs 

more effective and straightforward. 
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