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It is a pleasure to speak with you today on a subject that sits at the boundary of two worlds many of
you are just beginning to explore: machine learning research and software engineering practice. My
talk draws on my own experience building multimodal Al systems for healthcare and legal
applications, where | learned, often the hard way, that a model that works once on my laptop is not
the same as a system that works reliably for someone else, a year later, on a different machine. This
gap between "it works for me" and "it works," is what today's lecture is about.

1. Why software engineering matters in ML and DL

Most machine learning and deep learning projects begin their life as experiments. A student or
researcher opens a Jupyter notebook, loads a dataset, trains a model, and looks at an accuracy
number. There is nothing wrong with this as a starting point — exploration is how we learn what
works. The trouble begins when that same notebook is expected to become a real system:
something a hospital, a bank, or a mobile application can depend on. Without deliberate engineering
discipline, such projects tend to become fragile, difficult to reproduce, and hard for anyone other than
the original author to extend.

Applying software engineering practices to ML and DL work addresses this gap directly. It gives us
scalable workflows that others can build on, faster iteration because mistakes are caught early rather
than in production, and long-term maintainability so that a project remains useful long after the
person who built it has moved on.

2. What goes wrong without it

In my experience mentoring student researchers, the same handful of problems recur. A model that
trains perfectly in a notebook often fails the moment it is moved to a production environment,
because the notebook quietly depended on the exact order in which its cells were run. Results are
frequently impossible to reproduce: the same code, run a second time, gives a different accuracy,
because random seeds, library versions, or the underlying dataset were never pinned down. Manual,
ad hoc processes for training and releasing models waste time and introduce human error. And
perhaps most dangerously, once a model is deployed, nobody is watching it: silent data drift can
degrade its performance for weeks before anyone notices.

3. Adopting a software engineering mindset

The shift | encourage students to make is a shift in mindset, not merely a checklist of tools. Treat
your machine learning code the way you would treat mission-critical software: something other
people depend on, something that will be read and modified by people who are not you. That means
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adopting established practices such as version control, automated testing, and continuous
integration and deployment pipelines. It also means thinking beyond the immediate experiment to the
eventual end users, the future maintainers of your code, and the operational needs of running a
model in the real world.

The machine learning software lifecycle Graph 1
1. Develop 2. Version & Track 3. Test & Integrate 4. Deploy & Monitor
Experiment in Git for code; Unit and integration CD ships the model;

notebooks; prototype DVC/MLflow for data and tests; Cl validates every monitoring watches it in
models and features experiments commit production

Source: Author's synthesis, adapted for classroom presentation.

4. Version control: the foundation of collaboration

Git is the starting point for any serious engineering practice in machine learning. It keeps a complete
history of every change made to a codebase and allows an easy rollback to a previous, stable
version when an experiment goes wrong. Branching strategies, such as maintaining separate feature
branches or experiment branches, let a team test new ideas freely without ever putting the main,
working codebase at risk.

5. Data and experiment tracking

Machine learning differs from traditional software in one crucial respect: the data itself changes over
time, and the data is often as important as the code. This makes versioning data just as important as
versioning code. Tools such as DVC and MLflow track dataset versions, model artifacts, and the full
history of experiments. Systematic experiment tracking lets a team compare different runs,
hyperparameter choices, and results side by side, which meaningfully speeds up the pace of learning
within a project.

6. Reproducibility

A reproducible experiment is one where the same input reliably gives the same output. This is
achieved by explicitly recording the random seeds used during training, the exact environment
dependencies, and the precise version of the dataset used. Dependency files, such as
requi rements. txt or envi ronnent.ynl, ensure that a project can be set up identically on a
different machine, whether that machine belongs to a collaborator or to a production server months
later.

7. Code quality, testing, and continuous integration

Clean and consistent code reduces errors and makes collaboration far easier. Linters such as pylint
and flake8 catch mistakes early, while formatters such as black and yapf maintain a uniform style
across a codebase. A clear project structure — separating src/, tests/, and not ebooks/ -
improves clarity for anyone new to the project.
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Testing ensures that both code and models behave as expected. Unit tests check small, individual
functions, such as a data-cleaning step; integration tests verify that an entire pipeline works end to
end, from raw data through the model to a final prediction. A simple but effective example is a test
that checks whether a preprocessing function always outputs a feature array of the correct shape.
Continuous integration, or Cl, automates this validation every time code is committed, ensuring new
changes do not silently break existing functionality. In a machine learning context, Cl can run unit
tests, validate the integrity of an entire pipeline, and even perform small sanity-check training runs
before a change is accepted.

8. Continuous deployment and MLOps

Continuous deployment, or CD, automates the delivery of a trained model into production, avoiding
manual and error-prone release steps. Common deployment options include exposing a model
behind a REST API using frameworks such as FastAPI or Flask, building an interactive application
with tools like Streamlit or Gradio, or relying on managed cloud services such as AWS, GCP, or
Azure.

MLOps extends the discipline of DevOps to machine learning projects, adding needs specific to ML:
data versioning, experiment tracking, scheduled retraining, and ongoing monitoring. Its benefits are
faster iteration, more reliable deployments, and continuous improvement of models already in
production.

9. A worked example: from notebook to deployed app

To make these ideas concrete, consider a small end-to-end example built around the classic Iris
flower classification dataset. A training pipeline logs every run — its parameters, metrics, and
resulting model — to MLflow, which provides both a model registry and a browser-based interface for
comparing runs and selecting the best-performing version. A lightweight Streamlit application then
loads the latest registered model and lets a user enter flower measurements to receive an instant
predicted species, with no front-end development required. Finally, a GitHub Actions workflow
retrains the model on a schedule and automatically publishes the new version as a GitHub Release,
closing the loop between experimentation and deployment.

In a live walkthrough of this example, | typically show four steps in sequence: training the lIris
classifier and watching the run appear in MLflow; comparing that run against earlier ones in the
MLflow user interface; interacting with the deployed Streamlit application to get real-time predictions;
and finally, inspecting the GitHub Actions pipeline that performs the retraining and release
automatically.

Deployment options, by scale and operational need Graph 2
Local Containerized Cloud
Streamlit or Flask, run directly — Docker images ensure consistency AWS, GCP, or Azure for
best for testing across machines production-scale services

Source: Author's synthesis, adapted for classroom presentation.
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10. Monitoring, collaboration, and the wider tooling landscape

A model's work is not finished at deployment. Deployed models face data drift — new patterns in
incoming data that were never present during training — and their performance can degrade quietly
over time. Tools such as EvidentlyAl detect changes in data distribution and accuracy, helping
ensure a model in production remains both reliable and trustworthy.

None of this works well without good collaboration habits. Teams that share a Git repository with
branch protection, document their experiments and design decisions in a README or wiki, and track
open tasks through an issue tracker such as GitHub Issues or Jira, consistently move faster and
make fewer costly mistakes than teams that do not.

The ML tooling landscape, by project maturity Table 1
Category Representative tools
Experiment tracking MLflow, Weights & Biases
Deployment Streamlit, Gradio, FastAPI
Cl/CD GitHub Actions, Jenkins, GitLab CI
Data versioning DvC
Monitoring EvidentlyAl, Prometheus, Grafana

Source: Author's synthesis, adapted for classroom presentation.

11. Case study: fraud detection at a bank

These practices are not abstract. Consider a fraud detection system deployed at a bank. Data
versioning ensures that every model is trained on a correct, known snapshot of transaction history,
which matters enormously when a model's behaviour must later be explained or audited. A CI/CD
pipeline retrains and redeploys the model on a weekly cadence, and FastAP| exposes its predictions
as an API that supports real-time checks on incoming transactions. Continuous monitoring detects
drift the moment new fraud patterns begin to emerge, allowing the team to respond before losses
accumulate.

12. Lessons learned and where the field is heading

The central lesson | want to leave you with is this: machine learning and deep learning projects are
not only science, they are software systems, and they should be engineered as such. Without sound
software engineering practice, such projects tend to become brittle and unable to scale. My advice to
students beginning this journey is to start small — with Git and basic reproducibility — and grow
deliberately into continuous integration, deployment, and full MLOps as a project matures.
Documentation and collaboration matter just as much as the quality of the code itself.

Looking ahead, | expect three trends to shape this space. First, a growing emphasis on explainable
and fair machine learning as models move deeper into production and into decisions that affect
people's lives. Second, the rise of edge machine learning, deploying models directly onto loT and
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mobile devices, which will demand much lighter, more efficient pipelines than today's cloud- centric
tooling. Third, continued progress toward end-to-end automation, reducing the amount of manual
intervention needed for retraining and redeployment.

Closing note

Software engineering discipline is not a constraint on machine learning research; it is what allows
good research to survive contact with the real world. | hope this lecture gives you a practical starting
point — begin with version control and reproducibility, and build outward from there.

For queries, project proposals, ideas, or guidance related to this lecture, please write to vikhrams@saveetha.ac.in.



