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Abstract—Machine learning (ML) offers various tools, frame-
works and platforms for resolving complex problems in compu-
tational science and engineering. Machine learning frameworks
have emerged as the cornerstone of modern research and in-
novation. It redefines how knowledge is produced, validated,
and disseminated. Open-source machine learning frameworks
are emerging as a promising way to solve the challenges of
large datasets, real-time constraints and heterogeneous system
components. This study provides an extensive overview of open
source tools based on the ML lifecycle. These tools are evaluated
based on their purpose and key features for each stage of lifecy-
cle, assisting researchers and practitioners in making informed
decisions according to their requirements. The key challenges are
identified and future research directions are also outlined.
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I. INTRODUCTION

Recent developments in Al and ML, especially in their
capabilities to automate complex operations, uncover hidden
patterns from large amounts of data and help in predictive
analysis. This insight is valuable in making decisions and
have a significant impact on several sectors like the healthcare,
finance, manufacturing and entertainment [1], [2], [3]. The core
factors for these advances include open source solutions that
ease the creation, development, testing and deployment of Al
applications and ML models [4], [5], [6], [7], [8].

Open-source tools help to improve development, as well
as make advanced analytics more accessible for users with
different experience levels [9], [11], [10]. Nowadays, there
is a variety of AI/ML tools available in the market to fulfill
diverse needs and preferences of their potential customers [13],
[12]. The available resources include fundamental ML libraries
such as TensorFlow, PyTorch and high-level frameworks like
Keras or Scikit-learn. In addition, complementary components
enable structured knowledge representation, rule-based rea-
soning, uncertainty modeling, sequential decision-making, and
integration with real-world systems such as robotics platforms.
Furthermore, these tools offer essential functionalities that
cover such areas as data pre-processing, features selection,
algorithm choice, optimization, inference, model evaluation,
deployment and help in achieving high performance in Al
models [14], [15]. Despite the variety of available options,

choosing an adequate tool is still difficult. It should be noted
that the choice of the right tool depends on the type of
problems, complexity of data, licensing issues and skills of
the practitioner [7], [16], [17], [18].

The adoption of open-source artificial intelligence (AI) and
machine learning (ML) frameworks has become fundamental
to current computational research and innovation endeavors.
In addition to economic benefits that open source technology
offers, openness, collaboration and availability are among
its most important features. These qualities align well with
sound scientific research. Since licensing restrictions are not
applicable to open source software frameworks, researchers,
entrepreneurs, and other public institutions can use them for
collecting data, processing, computations and model devel-
opment. The open access to source code, model designs
and training steps also improves reproducibility, which is the
foundation of scientific research integrity.

Collective intelligence of global open-source communities
works as an ongoing peer-review system. It is helpful for
improvement of tools via prompt updates, bug fixes and
new features. It is worth noting that such processes usually
occur much faster compared to similar operations in closed
proprietary projects. These community efforts promote best
practices via providing quality documents, benchmarks and
educational resources. The common formats and APIs help in-
tegrate various solutions within different organizations. Version
history help in detecting early stages problems and facilitates
track changes. Researchers and developers can reuse code,
pipelines and shared libraries to match specific needs.Public
availability of code enables a broad community of experts
to identify bugs, detect vulnerabilities, and improve over-
all software reliability. Open-source tools are also useful in
resource-constrained environments for developing local Al
expertise. This approach facilitates global participation and
provides more diverse ideas. Open-source solutions are very
beneficial in improving governance and cyber-security. This
aspect is particularly relevant in healthcare, transport, and
climate science for continuous research growth in Al and
machine learning.

This study presents a detailed review of the open-source
ML tools by considering entire lifecycle based on SLR
methodology [19], [20]. We focus on the features, advantages,
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and limitations of these tools. This study aims to provide
useful insights regarding the analysis of such tools and helping
individuals in decision-making based on individual needs. The
contributions of this research work are as follows:

e A detailed analysis of different stages of the machine
learning lifecycle is provided.

e A lifecycle-based taxonomy is introduced for open
source machine learning tools, which provide insight
to different open source ML tools based on their
functionalities. We explore their key features, use
cases, and other distinguishing characteristics.

e A detailed discussion and comparative analysis is
established on widely used ML tools, emphasizing
their unique features and suitability for different types
of machine learning applications.

e The key challenges, risks, and future directions are
identified, providing insights into potential areas for
improvement and innovation.

The remainder of this study is organized as follows:
Section II present research methodology and initial analysis.
Section III presents an end-to-end view of the machine learning
lifecycle establishing the foundation for our analysis. Sec-
tion IV introduces a lifecycle-oriented taxonomy to organize
open-source tools by functionality, summarizes their capabili-
ties, and use cases. Section V provides a comparative analysis
and discusses trade-offs and selection guidance for different
application contexts. Section VI outlines key challenges, risks,
and future research direction. Section VII concludes with a
synthesis of key findings and practical implications.

II. RESEARCH METHODOLOGY AND INITIAL ANALYSIS

This study systematically reviews recent publications in
the field of open-source machine learning (ML) tools. We
investigate open-source ML tools across different stages of the
ML lifecycle, including problem framing, data collection and
pre-processing, feature engineering, model development and
training, deployment, monitoring, and governance. The inves-
tigation draws on sources from prominent academic research
platforms and technical repositories, including ACM Digital
Library, Elsevier, Google Scholar, IEEE Xplore, SpringerLink,
and GitHub. All relevant publications and documentation avail-
able up to June 2025 were reviewed, with a primary focus on
studies published from 2021 onward.

To ensure comprehensive coverage of the domain, two
categories of keywords were used. The first set, including “ML
lifecycle”, “machine learning lifecycle”, “ML lifecycle taxon-
omy”, and “ML system engineering” was used to establish the
scope of the overall investigation. The second set, comprising
“open source ML tools”, “data lifecycle open source tools”,
“deep learning open source tools”, “development open source
tools”, “model deployment open source tools”, “MLOps and
workflow open source tools”, “model serving and integration
open source tools”, “monitoring and governance open source
tools” was used to refine the search toward specific lifecycle
stages and functional tool classes. In the context of pro-
duction deployment and trustworthiness, additional qualifiers

were incorporated, including “privacy in machine learning”,
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“supply-chain security”, “fairness assessment”, and “regulatory
compliance”.

At the beginning of the review process, an initial pool of
research articles was identified based on relevance to the broad
domain of open-source ML tools and frameworks. Following
a rigorous screening process involving duplicate removal,
abstract filtering, and full-text assessment, few publications
were identified as directly aligned with the scope of this study.

III. MACHINE LEARNING LIFECYCLE

To provide a comprehensive framework for analyzing open-
source tools, this section will explain how the machine learning
lifecycle works in various stages. The machine learning life-
cycle involves several stages which are part of the systematic
process in the development of the models [21]. A brief analysis
of the machine learning lifecycle along with the evaluation
of current applications of machine learning algorithms are
described [22]. Fig. 1 presents the machine learning lifecycle.

A. Problem Framing

At the core level, the machine learning lifecycle starts with
identifying a problem. In this phase, a problem is identified
and its structure is defined [23]. It formulates objectives and
performance metrics that ensure consistency between model
goal and the company’s objectives based on availability of
data and resources. This is a joint effort between business
experts and data scientists to determine the expected outcomes
[24]. Ethical factors such as fairness, harms, and threats are
very important and need to be taken into consideration at
early stages because they greatly affect data collection, model
creation and implementation subsequently [21]. The criteria for
success should be more than accuracy and extend to robustness
and reliability as well.

B. Data Collection

This stage focuses on acquiring raw data that are used
for model training [24]. It involves collecting data samples
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through observation and measurement of the real-world sys-
tem, process, or phenomenon for which an ML model needs
to be built [25], [26]. It is critical in the lifecycle of machine
learning models, as the quality and relevance of the gathered
information directly influence the model performance.

Data can be collected from a range of internal sources,
such as organizational databases, logs, and historical records,
as well as external sources such as open-source platforms like
Kaggle or the UCI Machine Learning Repository, social media
streams for sentiment analysis, and market research studies. It
is important to ensure that the selected data are relevant to
the defined problem. Data may take various forms, including
structured formats stored in relational databases, unstructured
content such as text, images, or audio, and semi-structured for-
mats such as JSON or XML. It is also important to determine
the appropriate amount of data, balancing volume and quality
to avoid issues like under- or overfitting while considering
computational constraints [21]. The quality and relevance of
collected data is equally critical, as these factors directly
impact model performance and validity of the predictions.

C. Data Preparation

Data preparation is an important stage in the machine
learning lifecycle. At this stage, the raw data is transformed
into a clean, organized and suitable format for model train-
ing and evaluation [27], [28], [29]. The data cleaning in-
volves handling missing values through deletion or imputation,
identifying and managing outliers using statistical techniques
and removing duplicates to maintain data integrity. Once the
dataset is clean, data transformation techniques are applied.
The data transformation techniques may include normalization,
standardization to scale numerical features appropriately and
encoding methods (one-hot or label encoding) to convert cat-
egorical data into machine-readable formats. In data splitting,
dataset is partitioned into training, validation and testing sets.
It helps in model evaluation and prevents overfitting. The
advanced data engineering practices, such as pre-processing
have streamlined the exploratory data analysis (EDA) and data
preparation stages [30].

D. Feature Engineering

Feature engineering plays a significant role in improving
model performance by creating new meaningful features. It
may involve mathematical operations and the selection of only
the most relevant features using methods such as recursive
feature elimination, statistical tests, or feature importance
measures [31], [32]. Proper data splitting is also essential,
dividing the dataset into training, validation and test sets to
support model training, hyperparameter tuning, and unbiased
performance evaluation. In cases involving image, text, or other
unstructured data, data augmentation techniques can be applied
to expand the training data set artificially through modifications
such as rotations, noise addition, or text perturbations or to
further add data samples to the dataset [34], [33].

Data normalization and feature scaling techniques may also
be applied to ensure that data adhere to a uniform scale and
facilitate the learning process [24].
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E. Model Selection, Training and Optimization

The selection of an appropriate ML model depends on vari-
ous factors, including the nature of the problem (classification,
regression, etc.), the characteristics of the data (structured, un-
structured), and the available computational resources. Popular
choices include decision trees, support vector machines, neural
networks, and ensemble methods [24].

Model training plays a pivotal role in the machine learning
lifecycle. In this phase, the selected algorithm learns patterns
from the prepared data set by adjusting its parameters to
reduce prediction errors. Performance metrics such as loss and
accuracy are monitored throughout to ensure proper conver-
gence and detect issues such as overfitting. Hyper-parameters
are high-level configuration settings of the ML algorithm
that can significantly impact its learning capacity. In addition
to this, key hyper-parameters such as the learning rate, the
number of training epochs, and the batch size are configured to
control the model’s learning process. Optimization algorithms
such as grid search, random search, bayesian optimization,
stochastic gradient descent, or Adam iteratively update the
model parameters to minimize loss [24].

F. Model Evaluation and Validation

After training, the model is validated on a separate val-
idation set to evaluate its generalization capability and tune
hyper-parameters if required [35], [36]. It ensures that the
model generalizes well beyond the training dataset and meets
the intended objectives. The process begins with the selection
of appropriate evaluation metrics based on the type of problem
[24]. Once metrics are defined, the model is assessed using a
validation set.

Model evaluation involves checking for overfitting or un-
derfitting by comparing training and validation performance.
Overfitting occurs when the model performs well in training
data but poorly in validation data, while underfitting indicates
that the model is too simple to capture underlying patterns.
Sensitivity analysis can be conducted to study how variations
in input features influence predictions, revealing the model
robustness and identifying critical features. By systematically
evaluating the model, practitioners ensure that its performance
is reliable, generalizes effectively and is suitable for real-world
deployment.

G. Model Deployment

The deployment of the model is the decisive stage of
the machine learning lifecycle, where the trained model is
integrated into a production environment to generate predic-
tions on new real-world data [24]. This phase ensures that the
model operates efficiently, reliably and securely. The process
begins with selecting an appropriate deployment method, such
as batch processing for scheduled or real-time inference for
applications that require immediate responses through APIs.
The deployment environment may involve cloud platforms like
AWS, Azure, or Google Cloud, chosen for their scalability,
services and global reach. The model is then serialized into a
suitable format, such as Pickle or TensorFlow, so that it can be
easily loaded and executed in production pipeline. If the model
needs to be accessed by external applications, an API is devel-
oped using frameworks like FastAPI or Flask. Once deployed,
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continuous monitoring becomes critical to track performance
metrics such as prediction accuracy, latency and resource
usage. A structured plan for model updates helps maintain
long-term performance by incorporating retraining schedules,
version control and user feedback. The post-deployment per-
formance evaluation ensures that the model continues to meet
business goals.

H. Monitoring and Maintenance

Monitoring and maintenance are critical stages of the
machine learning lifecycle, ensuring that the models remain
reliable, accurate and aligned with real-world requirements.
Once a model is operational, continuous performance mon-
itoring becomes essential to detect degradation timely. This
includes tracking key metrics ( accuracy and precision) and
system-level indicators (latency and throughput). The detection
of data drifts is equally important, as it can significantly
impact predictions. Logging and auditing play an important
role in maintaining transparency and accountability by record-
ing inputs, outputs, errors and model updates. User feedback
also contributes to continuous improvement, offering practical
insights into the behavior of the real-world model. In addition,
regular reviews help address technical debt by refactoring code,
updating dependencies and improving infrastructure reliability.
The documentation must be kept up-to-date to reflect model
updates, deployment changes and operational guidelines. The
techniques such as model explainability, bias mitigation and
transparency provide insight into model behavior, allowing
stakeholders to assess model performance and compliance with
regulatory and ethical standards [30]. Finally, a well-defined
incident response plan enables teams to quickly mitigate
issues related to performance or security breaches. Together,
these monitoring and maintenance practices create a proactive
framework that keeps machine learning models reliable and
effective throughout their lifecycle.

IV. LIFECYCLE-ORIENTED TAXONOMY OF
OPEN-SOURCE MACHINE LEARNING TOOLS

The existence of a variety of open source machine learn-
ing tools enables a reliable, scalable, and reproducible data
workflow throughout the machine learning pipeline. A struc-
tured taxonomy for machine learning experiment tracking is
introduced and applied to widely used tools [37]. A compre-
hensive taxonomy of open source machine learning tools is
presented in Fig. 2. It includes open source machine learning
tools for data engineering, deep learning, model deployment
and optimization, workflow orchestration, model serving and
system integration, monitoring and governance, development,
visualization and knowledge management.

A. Data Lifecycle

Data operations in machine learning pipelines include in-
gestion, distributed computing, quality and validation, lineage
and governance, labeling and annotation, feature engineering,
data augmentation, and privacy and compliance. Table I pro-
vides a summary of these operations.

Open source tools for data ingestion include Pandas,
Dask, and Apache Spark. Pandas, for instance, is highly
effective for in-memory processing of small to medium-sized
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datasets, while Dask and Apache Spark are designed for larger
distributed datasets. These tools help to perform data pre-
processing, loading, and transforming in large datasets. For
computationally intensive ML operations, data are needed. can
be computed in distributed or parallel fashion using tools e.g.
Ray, Spark, and Dask. To ensure data quality by automating
data profiling, validation and anomaly detection tools such as
Great Expectations and Deepchecks can be helpful. For meta-
data management and lineage tracking tools, such as DVC,
lakeFS, Pachyderm, OpenLineage/Marquez, and DataHub, en-
hance reproducibility and data control. Some supervised learn-
ing tasks require data labeling and annotation. For this purpose,
the Label Studio and CVAT tools streamline the dataset la-
beling process. To automate feature extraction and centralized
feature management, Featuretools and Feast can help in feature
operationalization. In some scenarios, the data set available is
insufficient for model training, data augmentation is used to
create synthetic datasets to improve model robustness. For this
purpose, tools such as SDV and Albumentations can be helpful.
For data privacy and compliance libraries including Diffprivlib,
Opacus, and TensorFlow Privacy, the library supports modern
security and compliance standards. Together, these tools form
a comprehensive foundation for handling data in machine
learning pipelines.

B. Deep Learning

In the machine learning pipeline, a wide range of open-
source libraries and frameworks are available to support deep
learning development. The general purpose deep learning
pipelines include scikit-learn, XGBoost, LightGBM, and Cat-
Boost are helpful in ensemble methods, gradient boosting
and supervised or unsupervised learning. These libraries are
reliable for an efficient and scalable implementation of various
applications. Neural networks are the primary foundation for
deep learning. There are open source frameworks to facil-
itate their design, training, and deployment by supporting
flexible model architectures, GPU acceleration, and automatic
differentiation. It includes PyTorch, TensorFlow, JAX, and
Keras. Similarly, for probabilistic models, libraries like Pyro,
NumPyro, Stan, and TensorFlow Probability help in advanced
statistical modeling and inference. There are many toolkits
available for specialized domain specific tasks. The libraries
such as PyTorch Geometric and DGL supports graph based
frameworks. For time series libraries, darts, GluonTS, and Kats
are helpful for sequential data analysis. To automate feature
selection and optimize hyper-parameters(HPO) tools such as
Auto-sklearn, AutoGluon, H20-3 AutoML, TPOT, Optuna,
and Ray Tune are helpful in feature engineering and parameter
tuning. Collectively, using these resources, efficient models
can be implemented across diverse ML workflows. Table II
provides a summary of these tools.

C. Development and Visualization

The development and communication in machine learning
workflows rely on versatile tools for coding, visualization,
and documentation. Open source tools such as interactive
notebooks and integrated development environments provide
flexible platforms for experimentation, debugging, and itera-
tive model development. Open source visualization libraries
provide clear and insightful representation of data and model
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Life-Cycle based Taxonomy for Open Source Machine learning Tools
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Fig. 2. Machine learning lifecycle-based taxonomy for open source ML tools.

TABLE 1. OPEN-SOURCE ML TOOLS FOR DATA LIFECYCLE

Purpose

Key Features

Category Tools Languages
Data ingestion Pandas [38], Dask [39], Python; Python;
Apache Spark [40] Python/Scala/Java
Distributed Compute Ray [41], Spark, Dask Python;
Python/Scala/Java;
Python
Data Quality & Great Expectations [42], Python

Validation Deepchecks [43]
Data Lineage & DVC [44], lakeFS [45], Python; Python/Go;
Governance Pachyderm [46], Marquez ~ Go/Python;
[47], DataHub [48] Python/Java;
Java/Python
Labeling & Label Studio [49], CVAT  Python/JS
Annotation [50]

Feature Engineering

Featuretools [51], Feast
[52]

Python; Python/Go

Data Augmentation SDV [53], Albumentations  Python
[54]
Privacy & Compliance  Diffprivlib [55], Opacus Python

[56], TensorFlow Privacy

Data loading, preprocessing,
transformation

Parallel and distributed execution
for ML pipelines

Data profiling, validation, integrity
checks

Dataset versioning, lineage
tracking, metadata management

Creating and managing labeled
datasets

Feature creation, storage, and
serving
Generating synthetic datasets

Differential privacy and secure
ML training

Scalable ETL, distributed
dataframes

Task scheduling, cluster
management, scalable computation

Automated tests, pipeline
integration, anomaly detection

Git-like data control, governance

Multi-format annotation,
collaborative tools, automation
support

Automated feature engineering,
centralized feature repository
Advanced image augmentation

Privacy-preserving training, noise
mechanisms

[571

outputs. JupyterLab and the open-source VS Code are exam-
ples of such platforms, whose visualization libraries include
Matplotlib, Seaborn, Altair, and the open-source core of Plotly.

To share results with stakeholders, frameworks like Stream-
lit, Panel, and Dash help in the deployment of user-friendly
interfaces, and rapid prototyping. Additionally, knowledge as-
set frameworks facilitate systematic documentation of models
and datasets, promoting reproducibility and informed decision-
making throughout the machine learning lifecycle. Such frame-
works include Model Cards Toolkit and Datasheet tooling.
Table III provides a summary of these tools.

D. Model Deployment and Optimization

The deployment and optimization of machine learning
models have been facilitated especially in model representa-

tion, compilation, run-time , compression, and deployment.
Models trained in PyTorch, TensorFlow, or other platforms
can be seamlessly executed in other environments. For this
purpose, ONNX, enable interoperability across different frame-
works. Machine learning models can be compiled and op-
timized using hardware acceleration. For this purpose, open
source tools include TVM, IREE, XLA, OpenVINO, and
ONNX Runtime. For model compression, Intel Neural com-
pression, NNI, and SparseML help reduce model size and
latency using pruning, quantization, and other techniques. The
embedded applications require low latency execution on smart
devices and microcontrollers. Lightweight inference engines
such as TensorFlow Lite, TFLite Micro, and ONNX Runtime
Mobile are a big support for this purpose. These tools help
to secure, portable, and scalable model deployment in the ML
pipeline. Table IV provides a summary of these tools.
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TABLE II. OPEN-SOURCE ML TOOLS FOR DEEP LEARNING
Category Tools Languages Purpose Key Features
General Libraries scikit-learn [58], Python Supervised/unsupervised ML, Easy-to-use APIs, high
XGBoost[59], LightGBM boosting gradient, ensemble performance, scalable
[60], CatBoost [61] methods
DL Libraries PyTorch [62], TensorFlow  Python Neural network design and GPU acceleration, automatic

Probabilistic
Programming

Graph
Time Series

AutoML & HPO

[57], JAX [63], Keras [64]

Pyro [65], NumPyro [66],
Stan [67], TensorFlow

Probability [68]

PyTorch Geometric [69],

DGL [70]

darts [71], GluonTS [72],

Kats [73]
Auto-sklearn [74],

AutoGluon [75], H20-3

Python; Python; Stan;
Python

Python
Python

Python; Python;
Java/Python; Python;

training

Bayesian modeling, probabilistic
inference

Graph neural networks and
structured data modeling
Forecasting, time-series analysis

Model selection, hyperparameter
optimization

differentiation, flexible model
building

Efficient sampling, variational
inference, uncertainty
quantification

Message passing, graph
convolutions, scalable GNN
Forecasting, anomaly detection

Feature selection, ensemble
building, distributed optimization

AutoML [76], TPOT [77],
Optuna [78], Ray Tune
[79]

Python; Python

TABLE III. OPEN-SOURCE ML TOOLS FOR DEVELOPMENT AND VISUALIZATION

Category Tools Languages Purpose Key Features

Notebooks / IDEs JupyterLab [80], VS Code Python; Multiple Interactive development and code  Rich IDE, debugging, plugins,

(0SS) [81] editing notebook
Visualization Matplotlib [82], Seaborn Python Create static and interactive data Plotting, interactive charts,
[83], Altair [84], Plotly visualizations statistical visualization, figures
(OSS core) [85]
Dashboards Streamlit [86], Panel [87], Python Build interactive dashboards and Rapid prototyping, Visualization,
Dash [88] data-driven applications low-code development
Knowledge Assets Model Cards Toolkit [89], Python Document model details and Standardized metadata capture,

Datasheets tooling [89] dataset characteristics transparency, governance support

TABLE IV. OPEN-SOURCE MODEL DEPLOYMENT AND OPTIMIZATION TOOLS

Category Tools Languages Purpose Key Features

Model Exchange /
Representation

ONNX [90] Python, C++ Cross-platform deployment Interoperability, model format

standardization,
framework-agnostic conversion

Compilers & TVM [91], IREE [92], Python, C++, MLIR Optimized compilation and Graph-level optimizations,

Runtimes XLA [93], OpenVINO runtime execution target-specific compilation,
[94], ONNX Runtime [90] hardware acceleration

Compression Intel Neural Compressor Python Quantization, pruning, and Reduced model size and latency,
[90], NNI [95], SparseML compression hardware-aware optimization
[96]

Edge / Embedded TensorFlow Lite [97], Python, C++ Deployment on Low-latency execution, mobile

TFLite Micro [98], ONNX resource-constrained devices

Runtime Mobile [90]

and microcontroller support

E. MLOps and Workflows systems. For this purpose, tools such as Conda, Mamba, Poetry,
pip-tools, Docker, and Nix can be a game changer. Automated
execution of sequential and parallel tasks can be streamlined
with orchestration. Such frameworks include Apache Airflow,
Argo Workflows, Kubeflow Pipelines, Dagster, and Metaflow.
These tools enhance the scalability and reproducibility of
machine learning production pipelines. Table V provides a

summary of these tools.

In the deployment of machine learning models, the use of
robust tools and frameworks is of primary importance to en-
sure efficient management of data, models, and computational
workflows. The open source experiment tracking platforms
include MLflow, Aim, Sacred, and Guild Al. These platforms
enable systematic comparison and iterative improvements.
It also provides comprehensive mechanisms to log hyper-
parameters, metrics, and results. To facilitate collaboration,
artifact and model registries can store different versions of
trained models, datasets, and other resources. Open source
tools include MLflow Model Registry, ModelDB, and DVC in
this domain. Efficient environment management and packag-
ing are very helpful in enabling reproducible computational
environments and dependency management across different

FE. Model Serving and Integration

The reliable model serving and integration frameworks are
important for translating models into commercial applications.
There are many open source tools to support high performance
solutions to expose trained models as APIs to support real-time
and batch inference. Such platforms include KServe, Seldon
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TABLE V. OPEN-SOURCE MLOPS AND WORKFLOW MANAGEMENT TOOLS

Category Tools Languages Purpose Key Features

Experiment Tracking MLflow [99], Aim [100], Python Track experiments, log metrics Versioned results, reproducibility,
Sacred [101], Guild Al and parameters visualization
[102]

Artifact & Model MLflow Model Registry Python Store and manage models Model versioning, metadata

Registry

Environment &
Packaging

Pipelines /

[99], ModelDB [103],
DVC artifacts [104]
Conda/Mamba [105],
Poetry/pip-tools [106],

Docker [107], Nix [108]

Apache Airflow [109],

Python, Shell

Python, YAML, Shell

Manage dependencies and
reproducible environments

Design, schedule, and orchestrate

management, pipeline integration

Dependency resolution,
environment isolation

Workflow management, task

Orchestration Argo Workflows [110], ML pipelines scheduling, scalable execution
Kubeflow Pipelines [111],
Dagster [112], Metaflow
[113]
TABLE VI. OPEN-SOURCE MODEL SERVING AND SYSTEM INTEGRATION TOOLS
Category Tools Languages Purpose Key Features
Model Serving KServe [114], Seldon Python, C++ Deploy trained ML models for Scalable serving, standardized
Core [115], TorchServe production inference APIs, GPU acceleration
[116], BentoML [117],
NVIDIA Triton Inference
Server [118]
Application FastAPI [119], gRPC Python Build lightweight applications and Interactive dashboards, rapid
Scaffolding [120], Streamlit [86], APIs prototyping, low-latency interfaces

CI/CD for ML

Dash [88]
Tekton [121], Argo CD
[122], Jenkins [123]

YAML, Python, Shell

Automate testing, integration, and
deployment

Pipeline automation,
reproducibility, cloud-native
integration

TABLE VII. OPEN-SOURCE MONITORING AND GOVERNANCE TOOLS

Category Tools Languages Purpose Key Features

Performance Evidently AT [124], Python; Python; Track performance and detect data Real-time monitoring,

Monitoring whylogs [125], Python/Go drift visualization, anomaly detection
Prometheus [126] +
Grafana [127]

Testing & Validation Great Expectations [42], Python Validate datasets and models for Data profiling, model checks,
Deepchecks [43] correctness pipeline integration, anomaly

detection

Explainability SHAP [128], LIME [129], Python Model interpretability and fairness Feature attribution, bias detection,
Captum [130], Fairlearn assessment fairness metrics
[131], AIF360 [132]

Robustness & Security ~ Adversarial Robustness Python Evaluate and improve model Attack simulation, defense

Supply-Chain

Toolbox (ART) [133]
Sigstore/cosign [134],

Python; Go; Shell

robustness
Ensure security and integrity

mechanisms, threat modeling
Artifact verification, provenance

Syft/Grype [135], [136],
pip-audit [137], in-toto
[138], SBOMs

tracking, vulnerability scanning

Core, TorchServe, BentoML, and NVIDIA Triton Inference
Server. The application sacffolding tools help in the rapid
development of interactive applications that integrate seam-
lessly with different ML models. The application scaffolding
tools include FastAPI and gRPC. The open source lightweight
user interface frameworks such as Streamlit or Dash support
low latency. For smooth and robust delivery in production
pipelines, CI/CD tools facilitate reduced operational overhead
and reliable updates. These tools include Tekton, Argo CD,
and Jenkins to automate testing, deployment, and monitoring
processes. Together, these tools form a cohesive stack for
efficient model operations in various production environments.
Table VI provides a summary of these tools.

G. Monitoring and Governance

A comprehensive set of monitoring and governance tools
is needed to ensure fairness in machine learning systems
deployed. To monitor the performance of the model, it is
necessary to keep track of the model output, data distribution,
and system health to facilitate early detection of performance
degradation. The frameworks include Evidently Al, whylogs,
and the Prometheus—Grafana. For rigorous testing and valida-
tion, platforms like Great Expectations and Deepchecks auto-
mate checks on model behavior and data quality. To evaluate
model predictions and mitigate bias, ensure ethical and trans-
parent Al tools such as SHAP, LIME, Captum, Fairlearn, and
AIF360 are very helpful. To ensure protection and security of
machine learning systems, the Adversarial Robustness Toolbox

www.ijacsa.thesai.org

7|Page



(IJACSA) International Journal of Advanced Computer Science and Applications,

(ART) allows the assessment of vulnerabilities to adversarial
attacks.

Finally, supply-chain integrity is maintained by verifying
dependencies, packaging, and traceability throughout the ML
lifecycle. the tools for this phase include Sigstore, Cosign,
Syft, Grype, pip-audit, in-toto, and Software Bill of Materi-
als (SBOMs). These tools establish a strong foundation for
trustworthy and secure Al deployments. Table VII provides a
summary of these tools.

V. COMPARATIVE ANALYSIS AND DISCUSSION

The landscape of tools and frameworks supporting machine
learning is expanding rapidly, new frameworks are emerging,
and existing ones are evolving rapidly. This constant growth
requires researchers and developers to stay upto date on these
resources and use them to efficiently execute their tasks.

An effective data lifecycle forms the backbone of ma-
chine learning pipelines. The Pandas library works well for
small to medium datasets due to its in-memory processing.
Dask extends the Pandas interface to distributed environments
and parallel computations. It may require tuning for large
heterogeneous clusters. In contrast, Apache Spark is suitable
for large-scale workloads, but it is less flexible for parallel
execution compared to Dask. Ray also helps scale workloads
for reinforcement learning by offering distributed computation
capabilities that handle complex and iterative tasks. DVC and
lakeFS are ideal for reproducible experiments because of their
Git-like versioning, whereas Pachyderm offers enterprise-grade
reproducible pipelines. Label Studio supports multi-modal
annotation for general ML applications, whereas CVAT excels
with advanced video annotation capabilities. Feast serves as
a feature store in production systems. The features can be
retrieved consistently. Featuretools is more research-oriented
than Feast. Opacus integrates privacy concerns for training
machine learning algorithms, and TensorFlow Privacy supports
similar capabilities for TensorFlow models. Great Expectations
validates with automated documentation, whereas Deepchecks
extends validation to for drift and model performance using
its error analysis.

For deep learning, general-purpose libraries such as scikit-
learn provide broad algorithmic coverage, whereas XGBoost,
LightGBM, and CatBoost perform well on structured data.
Auto-sklearn and TPOT are valuable for automating feature
engineering and model selection within scikit-learn pipelines,
while AutoGluon and H20-3 AutoML extend this automa-
tion to deep learning frameworks. The dynamic interface of
PyTorch makes it preferred for research and experimentation,
while TensorFlow supports production-grade. Domain-specific
libraries provide efficient message-passing primitives and ex-
tensive model repositories (PyG, DGL). Time-series libraries
offer unified interfaces for anomaly detection and probabilistic
predictions using tools such as Pyro and NumPyro. Stan is
well- known for statistical inference but it is less suited for
deep neural architectures. Keras emphasizes rapid prototyping
and is often used as an accessible front-end for TensorFlow-
backed training.

For development and visualization, JupyterLab excels
in exploratory data analysis with a user-friendly interface,
whereas VS Code provides a more integrated development
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environment with advanced debugging, version control, and
multi-language support. Visualization libraries such as Mat-
plotlib offer fine-grained control for static plots but require
more boilerplate, while Seaborn provides higher-level sta-
tistical visualizations with minimal code. Dashboards like
Panel offer greater flexibility by supporting multiple plotting
backends, while Dash provides support for enterprise level
analytics for web applications.

Model deployment and optimization tools perform low-
level graph optimization, kernel fusion, and hardware code
generation. These tools include TVM and IREE which excel
in automated operator tuning and broad hardware support,
while XLA offers tight integration with TensorFlow and JAX
for ahead-of-time compilation. OpenVINO is optimized for
Intel architectures, providing high-performance inference on
CPU and VPUs, while ONNX Runtime delivers portable high-
speed inference across GPU, CPU, and edge devices through
execution providers.

Experiment tracking tools emphasize lightweight metrics
tracking and support reproducibility during model develop-
ment. These tools include MLflow, Aim, Sacred, and Guild
Al In contrast, artifact and model registries extend this func-
tionality by enabling version control, lineage tracking, and
governance of models and datasets. Environment and pack-
aging tools such as Conda/Mamba, Poetry, pip-tools, Docker,
and Nix address key sources of inconsistencies between devel-
opment and production systems. For instance, MLflow offers
a comprehensive platform for both experiment tracking and
model registry, making it suitable for end-to-end MLOps,
whereas tools like DVC focus specifically on data and model
versioning for reproducibility.

Model serving frameworks are primarily designed to sup-
port low-latency inference with hardware acceleration. Torch-
Serve and BentoML also offer strong integration with PyTorch-
centric workflows, Triton is optimized for high-throughput
and multi-framework GPU inference for large-scale produc-
tions. Application scaffolding tools, including FastAPI, gRPC,
Streamlit, and Dash, focus on exposing trained models through
interactive interfaces for rapid prototyping and visualization.
CI/CD tools for machine learning, such as Tekton, Argo
CD, and Jenkins, automate testing, integration, and pipeline
deployments. However, these tools differ in their native sup-
port for GitOps practices, Kubernetes orchestration, and ML-
specific versioning. The toolchain must be carefully composed
to achieve reproducible end-to-end deployments.

Performance monitoring tools enable continuous monitor-
ing of system behavior with early detection of model degrada-
tion. Clearly, Al, whylogs, and Prometheus with Grafana are
examples of such tools. Testing and validation frameworks,
including Great Expectations and Deepchecks, emphasize pre-
deployment, distributional consistency, and failure diagnos-
tics. Explainability tools such as SHAP, LIME, Captum, and
Fairlearn address the growing demand for interpretable and
fair AI by providing bias assessment across diverse model
architectures. Finally, supply-chain security tools such as Sig-
store/cosign, Syft/Grype, pip-audit, in-toto, and SBOMs extend
governance to software integrity and dependency transparency.
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VI. KEY CHALLENGES AND FUTURE PERSPECTIVES

The machine learning lifecycle presents several key chal-
lenges related to each stage. Large or heterogeneous datasets
present scalability and performance constraints, often due
to limitations in memory management, efficient distributed
processing, or data transfer speeds within open-source frame-
works. Distributed computing frameworks often differ in exe-
cution paradigms, which complicate overall workflow. Feature
consistency and low-latency service between research and pro-
duction environments presents a real challenge. Furthermore,
effective integration of privacy preservation mechanisms and
adherence to regulatory requirements remains a struggle due
to the heterogeneity of compliance standards.

Deep learning and machine learning workflows face several
interrelated challenges. The frameworks optimized for flexi-
bility often lack seamless integration into scalable production
systems. The support of high-performance computing requires
careful consideration of computational graphs, compilation
strategies, and parallelism. Domain-specific modeling, such as
graph-based or temporal data, introduces additional complexity
in the efficient processing of structured and sequential data.
Automated machine learning and feature engineering also face
limitations in generalization and robustness when working with
diverse data types.

Development and visualization workflows require support
for interactive, iterative, and integrated workflows. Visualiza-
tion tools should balance control and ease of use for enterprise-
ready deployment. These factors highlight the difficulty of
designing tools that are user-friendly for experimentation and
robust for production analytics.

High performance inference requires careful low-level op-
timization, hardware-aware code generation, and efficient ex-
ecution across diverse platforms. Balancing portability, speed,
and compatibility with different hardware architectures (CPUs,
GPUs, and edge devices) adds additional complexity. In-
tegrating these optimizations into existing workflows while
maintaining reproducibility and scalability remains a challenge
in model deployment.

Despite the capabilities offered by the MLOps, several
critical challenges persist due to the fragmented and heteroge-
neous nature of the machine learning architectures. The lack
of a unified end-to-end platform requires complex integration
across experiment tracking, model registries, and orchestration
tools. Increase system complexity and operational overhead
by demanding extensive configuration. The scalability and
deployment issues in cloud interoperability also complicate the
transition from research to production. The synchronization
and governance of metadata across loosely coupled com-
ponents often leads to gaps in traceability and compliance.
Additionally, while packaging tools improve reproducibility,
inconsistencies across operating systems and hardware accel-
erators introduce risks in large-scale deployments.

The heterogeneous protocol and hardware acceleration
in diverse frameworks introduce deployment complexity and
hamper portability across infrastructures. production-grade
frameworks and rapid prototyping tools create friction when
transitioning experimental prototypes to scalable services.
CI/CD platforms such as Tekton, Argo CD, and Jenkins enable
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automated deployment, but their limited support for version-
ing, model validation, and data testing restricts full lifecycle
automation. In addition, the absence of standardized interfaces
across application layers and pipelines complicates rollback
and reproducibility, for example, requiring manual intervention
for data schema changes or model version rollbacks.

Fragmented coverage in performance monitoring, data val-
idation, explainability, robustness, and supply-chain security
requires the integration of multiple specialized tools, substan-
tially increasing system complexity and maintenance over-
head. The heterogeneous coverage of performance monitoring,
data validation, and explainability requires the integration of
multiple tools. Consequently, it increases system complexity,
operational burden, and long-term maintenance overhead. The
limited standardization of explainability and fairness assess-
ments severely restricts cross-tool interoperability across the
MLOps toolchain. Large-scale productions remain computa-
tionally expensive and often conflict with real-time latency
requirements. Additionally, while supply-chain security tools
enhance software integrity, their integration into ML-specific
pipelines is still emerging, leaving critical gaps in compliance
enforcement.

VII. CONCLUSION

This study bridges the gap between tool-centric surveys and
practical requirements of end-to-end ML system engineering
by providing a systematic, lifecycle-oriented taxonomy of
open-source tools and discussing their practical implications.
In this study, we present a comprehensive, lifecycle-oriented
taxonomy of open-source machine learning tools. The pro-
posed taxonomy systematically organizes the evolving ML
tools across all major stages of the machine learning lifecycle,
including data collection and preparation, feature engineering,
model development, training and evaluation, deployment, mon-
itoring, and governance. It enables researchers to systemati-
cally analyze emerging tools while providing a guideline for
designers to develop scalable, reliable, and trustworthy ML
systems.

Open source tools offer strong specialization in areas such
as experiment tracking, orchestration, model serving, and mon-
itoring. However, achieving fully automated, reproducible, and
compliant ML pipelines still continues to require substantial
cross-tool integration and engineering effort. There are persis-
tent challenges related to interoperability, standardization, pro-
duction, real-time monitoring, explainability, and supply-chain
security. There is a need for standardization of the interface,
integration between lifecycle stages, and security mechanisms
in ML pipelines. Addressing these challenges will require
collaborative efforts towards developing common APIs, robust
data contracts, and standardized security protocols across the
open-source ecosystem. Future research directions include the
development of unified ML lifecycle platforms for seamless
integration across all stages, benchmark-driven comparative
evaluations of tool performance to provide evidence for tool
selection, and empirical studies on large-scale industrial de-
ployments, or validate theoretical frameworks against real-
world challenges.
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