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Preface

This book is intended to help Master’s students prepare seriously and confidently for technical
interviews in data science, machine learning, and artificial intelligence. It goes beyond short
revision-style answers by developing the mathematical ideas, intuitive understanding, and
practical interpretation that sit behind common interview topics. The goal is to help readers
respond in a way that is not only correct, but also clear, well-structured, and convincing in an
interview setting.

My own perspective comes from working across research and teaching for many years. I am an
astronomer and a lecturer in data science, and over the past twenty years I have used machine
learning in both scientific practice and higher education. Through that experience, I have seen
how often students know the vocabulary of machine learning without yet feeling able to explain
it fluently or apply it with confidence. This book is my attempt to bridge that gap by bringing
together theory, intuition, and implementation in a form designed specifically for technically
strong students preparing for demanding interviews.

iv



Chapter 1

The Aim of This Book

1.1 Why This Book Exists

Over the past decade, the demand for data scientists, machine learning engineers, and artificial
intelligence specialists has grown dramatically. Organisations across technology, finance, health-
care, retail, and government increasingly rely on data-driven decision making and predictive
modelling. As a result, universities around the world now offer Masters degrees in areas such as:

• Data Science

• Machine Learning

• Artificial Intelligence

• Statistics

• Applied Mathematics

• Computer Science

Students graduating from these programmes typically have strong technical training. They study
probability, statistical inference, machine learning algorithms, optimisation, and programming.
They complete projects involving real datasets and build predictive models using modern tools
such as Python and its scientific libraries.

However, when many graduates begin applying for jobs, they encounter a challenge that their
coursework may not have fully prepared them for: the technical interview. Based on decades of
experience in development and applications of machine learning techniques to scientific problems
and designing several Masters level modules, I have developed this guide in order for newly
graduated students to land that dream data scientist role. This guide will also be a valuable
resource for any student about to give their Masters coursework viva.

1
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1.2 The Challenge of Technical Interviews

Technical interviews for data science and machine learning roles rarely focus only on whether
a candidate has seen a concept before. Instead, interviewers want to determine whether the
candidate truly understands the ideas behind the methods they use. Candidates are often asked
questions such as:

• What is the bias–variance trade-off?

• Why does logistic regression use the sigmoid function?

• What is the difference between L1 and L2 regularisation?

• How does gradient boosting work?

• What assumptions does linear regression make?

• What does the Central Limit Theorem tell us?

At first glance, these questions appear straightforward. Many students recognise the topics
immediately. However, recognising a concept and explaining it clearly and rigorously are very
different skills.

Many candidates discover during interviews that they can recall definitions but perhaps they
struggle to explain the intuition behind an algorithm, the mathematical reasoning that motivates
it, the assumptions required for it to work, or the the situations where it may fail. This book
was written to help bridge that gap.

Interview Tip

Technical interviews are not only testing whether you know an algorithm. They are testing
whether you understand why it works, when it should be used, and how to explain it clearly.

Throughout the book, these coloured text boxes will appear to offer additional advice and tips
on intervews, mathematical insights and where to go next for a deeper dive on a topic.

1.3 The Gap Between Coursework and Interviews

University and college courses typically focus on teaching the theory and implementation of
statistical and machine learning methods. Students learn how to apply algorithms to datasets and
evaluate their performance. Once they have gained this understanding, students will typically
encounter real world data problems in a non-production setting.

This training is essential. However, interviews require an additional skill: the ability to explain
technical concepts clearly and logically under pressure. Interviewers often explore a candidate’s
understanding by asking follow-up questions such as:
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• Why does this algorithm work?

• What assumptions does the model make?

• When would you choose this method instead of another?

• How would you diagnose a model that is performing poorly?

These questions reveal whether a candidate truly understands the principles behind machine
learning models.

Deep Dive

A strong candidate is not someone who can simply name many algorithms. A strong
candidate understands the principles that connect them: optimisation, probability, statistical
inference, and linear algebra. Interviews often explore these underlying ideas.

1.4 Learning Through Interview Questions

The central idea of this book is simple:

The best way to prepare for data science interviews is to learn through the
questions that interviewers actually ask.

Rather than presenting machine learning purely as an academic subject, this book approaches
the material through common interview questions used by companies hiring data scientists and
machine learning engineers. Each question becomes an opportunity to explore both the intuition
and the mathematics behind the method.

1.5 What This Book Assumes

This book is written primarily for students who have completed, or are currently completing, a
Master’s degree in data science or a related discipline. Readers should already be familiar with:

• basic probability and statistics

• linear algebra

• Python programming

• fundamental machine learning concepts

The goal of the book is not to introduce these topics from the beginning, but to deepen
understanding and prepare students to explain these ideas clearly in technical interviews.
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1.6 The Five Types of Understanding

Machine learning interviews often appear to cover a wide range of unrelated topics. In a single
interview, a candidate might be asked about linear regression, gradient descent, cross-validation,
Bayesian inference, and system design. At first glance these questions may seem disconnected.

In practice, however, most machine learning interview questions fall into a small number of
conceptual categories. Interviewers are usually trying to assess whether a candidate understands:

✓ how machine learning models represent relationships in data

✓ how these models are trained and optimised

✓ how their performance is evaluated

✓ the statistical ideas that underpin these methods

✓ how machine learning systems behave in real-world environ-
ments

This book is organised around these five types of knowledge.

Part I: Modelling and Theory introduces the core machine learning models that appear
most frequently in interviews. These chapters focus on understanding how different modelling
approaches represent patterns in data and how their behaviour relates to concepts such as bias,
variance, and model complexity.

Part II: Optimisation and Training explains how machine learning models learn from
data. Even a simple model can behave in surprising ways during training, and many interview
questions focus on optimisation algorithms, regularisation, and training dynamics.

Part III: Evaluation and Metrics examines how models are assessed and compared. In
practical machine learning, it is not enough to train a model; we must also determine whether it
generalises well and whether its predictions can be trusted. This section explores evaluation
techniques and common pitfalls such as data leakage.

Part IV: Conceptual Foundations develops the statistical ideas that underlie machine
learning. Many algorithms can be understood more clearly when viewed through the lens of
probability, estimation theory, and statistical reasoning.

Part V: Applied and Systems focuses on the challenges that arise when machine learning is
used in real-world systems. Interviewers frequently ask questions about handling imperfect data,
deploying models in production, and designing large-scale machine learning systems.

Together, these five parts reflect the different dimensions of knowledge that strong machine
learning practitioners are expected to possess. The aim of this structure is not only to prepare



1.7. How Each Question Is Structured Chapter 1. The Aim of This Book

readers for interview questions, but also to help them build a coherent understanding of how
machine learning models are developed, evaluated, and used in practice.

1.7 How Each Question Is Structured

Each interview question in this book follows a consistent structure designed to help readers
develop both concise explanations and deeper technical understanding.

The Interview Question

Each section begins with a question that commonly appears in technical interviews.

Interview Question

What is the bias–variance trade-off?

Short Interview Answer

In an interview setting, candidates must first give a concise explanation, usually within one or
two minutes. Each section therefore begins with a short answer that demonstrates how a strong
candidate might respond.

Short Interview Answer
The bias–variance trade-off describes the balance between a model that is too simple to
capture the underlying structure of the data and one that is so flexible that it overfits noise
in the training data.

Intuition

A clear conceptual explanation helps interviewers see that the candidate understands the idea
rather than simply memorising a definition. This often involves some mathematical reasoning.

Mathematical Foundations

Machine learning and data science are built on mathematical ideas from linear algebra, probability
theory, statistics and optimisation. Each topic therefore includes a deeper explanation of the
mathematical foundations underlying the concept, as can be seen in this example on polynomial
regression.
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Mathematical Insight

Model complexity is often related to the number of parameters in a model.
Consider a polynomial regression model of degree d:

y = β0 + β1x + β2x2 + · · · + βdxd.

This model contains d + 1 parameters.
As d increases, the model becomes capable of representing increasingly complicated functions.
In the limit, a sufficiently high-degree polynomial can interpolate all training points exactly.
However, increasing the number of parameters also increases the variance of the estimator,
making the model more sensitive to fluctuations in the training data.

Worked Examples

Concepts become clearer when applied to concrete examples. The book therefore includes
examples illustrating how ideas appear in real modelling problems.

Worked Example

Suppose we fit polynomial regression models of degree 1, 3, and 15 to the same dataset. The
linear model may miss curvature in the data and have high bias. The degree-15 model may
fit almost every fluctuation and have high variance.

Python Implementations

Many interview processes include coding questions or discussions about implementation details.
For this reason, full practical Python examples are included throughout the book using libraries
such as NumPy, pandas, scikit-learn, PyTorch and statsmodels. These examples are simple in
nature, but help understand the topic from a coding perspective. The notebook files can be
downloaded directly from github here: https://github.com/coherentnoise.

1 import numpy as np

2 from sklearn.linear_model import LinearRegression

3

4 X = np.array([[1], [2], [3], [4], [5]])

5 y = np.array([2, 4, 5, 4, 5])

6

7 model = LinearRegression()

8 model.fit(X, y)

9

10 print("Coefficient:", model.coef_)

11 print("Intercept:", model.intercept_)

Listing 1.1: Simple Python example

https://github.com/coherentnoise
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Follow-Up Questions

Interviewers frequently ask additional questions to test deeper understanding. Each section
therefore includes examples of typical follow-up questions.

Follow-Up Interview Questions

• How does regularisation affect the bias–variance trade-off?

• Why does more flexible modelling usually increase variance?

• How does cross-validation help identify the right level of complexity?

Common Mistakes

We will highlight any common mistakes in this red textbox that students and interviewees make
when trying to answer a particular question.

Common Mistake
A weak answer is to say only that bias is underfitting and variance is overfitting, without
explaining why these occur or how the trade-off affects model selection.

1.8 How to Use This Book

Students preparing for interviews may read the chapters sequentially, gradually strengthening
their understanding of key ideas in statistics, machine learning, and artificial intelligence.

Alternatively, readers may focus on specific areas relevant to their target roles, such as statistical
modelling, machine learning algorithms, deep learning or time series analysis. Because each
topic is organised around a specific interview question, the book can also be used as a reference
when reviewing individual concepts.

1.9 Question Difficulty Levels

This book is organised around technical interview questions in data science, machine learning,
and artificial intelligence. Each question is written at one of three levels:
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Question Difficulty Levels

Core Example: What is logistic regression?
This is a core question because it tests a funda-
mental concept that appears frequently in data
science and machine learning interviews. Most
candidates are expected to answer it clearly and
correctly.

Advanced Example: Why does bagging reduce variance?
This is an advanced question because it requires
more than a definition. A strong answer usu-
ally involves reasoning about model instability,
averaging, and the effect of correlation between
estimators.

Deep / Research level Example: How does the bias–variance decompo-
sition extend to ensemble models, and why does
bagging reduce variance but not bias?
This is a deep question because it requires the
candidate to connect multiple ideas, move be-
yond standard interview definitions, and reason
carefully about the behaviour of ensembles at a
more theoretical level.

These examples are not intended to define the difficulty levels rigidly, since the depth expected
in an interview will always depend on the role. However, they provide a useful guide to the level
of understanding each tag is meant to represent.

A good study strategy is to master the Core questions first, then move on to the Advanced and
Deep questions. In a typical interview, these will start by assessing your core understanding of a
topic, then ask more advanced questions before asking more open ended questions to assess your
deeper understanding of the field.

1.10 A Final Note

Data science sits at the intersection of statistics, mathematics, and computer science. Successful
practitioners combine theoretical understanding with practical problem-solving skills. The aim
of this book is not simply to help students pass interviews. It is to help them develop the depth
of understanding that allows them to think like professional data scientists.

By working through the questions in this book, readers will not only improve their interview
performance but will also gain a deeper understanding of the mathematical and conceptual
foundations of modern data science.



Part I

Modelling and Theory
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The first part of this book lays the conceptual foundation for everything that follows. In machine
learning interviews, many questions that appear practical on the surface are really testing
whether you understand the underlying modelling ideas: what a model is assuming, what it
is trying to learn, how flexibility affects behaviour, and why some methods generalise better
than others. For that reason, this part focuses on the core principles that sit behind predictive
modelling rather than on implementation details alone.

At its heart, modelling is about representing structure in data. A good model captures meaningful
relationships between inputs and outputs without becoming so rigid that it misses important
patterns or so flexible that it begins to fit noise. This part therefore introduces the language of
function approximation, bias and variance, linear and non-linear modelling, regularisation, and
the assumptions that make different modelling choices appropriate. These are the ideas that
allow a candidate not just to name algorithms in an interview, but to explain why one modelling
approach might succeed where another fails.

This part also develops the mathematical perspective that supports later chapters. Many
interview questions become much easier once you understand how loss functions define learning
objectives, how parameters are estimated, how complexity affects generalisation, and how
optimisation interacts with model structure. The goal is not to turn every answer into a proof,
but to give you the depth needed to move confidently between intuition, formal reasoning, and
practical interpretation. In that sense, Part I provides the theoretical grammar of machine
learning: it equips you with the concepts that make the rest of the subject coherent.



Chapter 2

Parametric and Non-Parametric
Models

Introduction

Many machine learning models can be broadly classified as either or . This distinction describes
how strongly a model constrains the form of the relationship between inputs and outputs. Some
models assume a specific functional structure with a fixed number of parameters, while others
allow the complexity of the model to grow with the amount of available data. Understanding
this difference is important because it influences how models learn from data, how flexible they
are, and how much data they require to perform well.

This distinction also appears frequently in data science and machine learning interviews because
it connects to several important ideas introduced earlier in this book, including model complexity,
bias–variance trade-offs, and generalisation. In this chapter we examine the key differences
between parametric and non-parametric models, explore examples of each type, and discuss
when one approach may be preferred over the other in practical machine learning problems.

11
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Interview Question

Question 1: What is the difference between parametric and non-parametric models?

Difficulty Level

Tier: Core Question

2.0.1 Short Interview Answer

Short Interview Answer
Parametric models assume a specific functional form for the relationship between inputs and
outputs and are characterised by a fixed number of parameters.
Non-parametric models do not assume a fixed functional form. Instead, their complexity
can grow with the amount of available data, allowing them to represent more flexible
relationships.
Examples of parametric models include linear regression and logistic regression, while
examples of non-parametric models include k-nearest neighbours, decision trees, and kernel
methods.

2.0.2 Intuition

One way to understand the difference between parametric and non-parametric models is through
the assumptions they make about the underlying data distribution.

Parametric models assume that the relationship between inputs and outputs follows a specific
functional form characterised by a finite set of parameters. Often these models also assume a
particular probability distribution for the noise or the data generating process. For example,
linear regression assumes a linear relationship between variables and typically assumes that the
noise term is normally distributed with constant variance. Because the model structure is fixed,
learning consists of estimating a small number of parameters from the data.

For example, linear regression assumes that the expected response is a linear combination of the
input variables:

y = β0 + β1x1 + · · · + βpxp + ϵ

Regardless of how much data we collect, the number of parameters in this model remains fixed.

Non-parametric models make far weaker assumptions about the form of the underlying relation-
ship or the distribution of the data. Instead of assuming a particular parametric form, these
models allow the structure of the model to be determined largely by the data itself. Methods
such as k-nearest neighbours, decision trees, and kernel regression adapt their behaviour based
on the training data rather than fitting a fixed functional form. As a result, non-parametric
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models can represent more complex relationships but often require larger datasets to achieve
reliable performance. As more data becomes available, the model can represent increasingly
complex relationships.

This difference reflects a broader trade-off in statistical modelling. Parametric models rely on
stronger assumptions about the data generating process, which can lead to more stable estimates
when data are limited. Non-parametric models sacrifice these assumptions in order to gain
flexibility, allowing them to capture complex patterns when sufficient data are available.

Interview Tip

In interviews, a strong answer emphasises that parametric models impose stronger assump-
tions about the data generating process, while non-parametric models are more flexible but
often require more data.

2.0.3 Mathematical Perspective

Mathematical Insight

A parametric model assumes that the data generating process belongs to a family of functions
characterised by a finite set of parameters.
For example, linear regression assumes

f(x) = β0 + β1x1 + · · · + βpxp

where the parameter vector is

β = (β0, β1, . . . , βp).

The goal of training is to estimate these parameters.
In contrast, non-parametric models allow the complexity of the function class to grow with
the data. For example, kernel regression estimates

f̂(x) =
∑

i K(x, xi)yi∑
i K(x, xi)

,

where predictions depend directly on the training data rather than a fixed parameter vector.



Chapter 2. Parametric and Non-Parametric Models

2.0.4 Worked Example

Worked Example

Suppose we want to model a non-linear relationship between two variables.
A parametric model such as linear regression assumes that the relationship is linear. If the
true relationship is curved, this model may fail to capture the structure of the data.
A non-parametric model such as k-nearest neighbours does not assume a specific functional
form. Instead, predictions are based on nearby observations in the dataset, allowing the
model to adapt to more complex patterns.
However, this flexibility comes at a cost: non-parametric models often require larger datasets
in order to produce reliable predictions.

2.0.5 Python Demonstration

The following example compares a parametric model (linear regression) with a non-parametric
model (k-nearest neighbours).

1 import numpy as np

2 import matplotlib.pyplot as plt

3 from sklearn.linear_model import LinearRegression

4 from sklearn.neighbors import KNeighborsRegressor

5

6 np.random.seed(0)

7

8 # Generate synthetic data

9 X = np.linspace(-3,3,60)

10 y = np.sin(X) + np.random.normal(0,0.2,60)

11

12 X = X.reshape(-1,1)

13

14 # Fit parametric model

15 linear_model = LinearRegression()

16 linear_model.fit(X,y)

17

18 # Fit non-parametric model

19 knn_model = KNeighborsRegressor(n_neighbors=5)

20 knn_model.fit(X,y)

21

22 # Prediction grid

23 X_test = np.linspace(-3,3,200).reshape(-1,1)

24

25 y_linear = linear_model.predict(X_test)

26 y_knn = knn_model.predict(X_test)

27



Chapter 2. Parametric and Non-Parametric Models

28 plt.scatter(X,y,label="data")

29 plt.plot(X_test,y_linear,label="Linear Regression (parametric)")

30 plt.plot(X_test,y_knn,label="KNN (non-parametric)")

31 plt.legend()

32 plt.title("Parametric vs Non-Parametric Models")

33 plt.show()

Listing 2.1: Parametric vs non-parametric models

3 2 1 0 1 2 3

1.0

0.5

0.0

0.5

1.0

1.5
Parametric vs Non-Parametric Models

data
Linear Regression (parametric)
KNN (non-parametric)

Figure 2.1: Parametric vs Non-parametric models.

The linear regression model shown in Fiugure 2.1 produces a straight line because it assumes a
linear functional form. The k-nearest neighbours model adapts more closely to the shape of the
data because it does not impose a fixed functional form.

2.0.6 How This Appears in Practice

The choice between parametric and non-parametric models often depends on the size of the
dataset and the complexity of the underlying relationship. Parametric models typically require
fewer training samples, are easier to interpret, are computationally efficient. Whereas Non-
parametric models are typically more flexible, can capture complex non-linear patterns, may
require larger datasets to perform well.
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2.0.7 Follow-Up Interview Questions

Follow-Up Interview Questions

• Why do non-parametric models often require more data?

• How does model complexity differ between parametric and non-parametric models?

• Why might parametric models generalise better with small datasets?

2.0.8 Common Mistakes

Common Mistake
Assuming that “non-parametric” means a model has no parameters. In reality, non-parametric
models may still have parameters; the key distinction is that the number of effective
parameters can grow with the dataset.

2.0.9 Summary

Parametric and non-parametric models differ primarily in the assumptions they make about
the functional form of the data generating process. The key ideas to remember in an interview
setting include:

• Parametric models assume a fixed functional form with a finite set of parameters.

• Non-parametric models are more flexible and can adapt to complex patterns.

• Parametric models typically require less data, while non-parametric models often require
larger datasets.
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Difficulty Level

Tier: Core Question

Interview Question

Question 2: When should parametric models be preferred over non-parametric models?

2.0.10 Short Interview Answer

Short Interview Answer
Parametric models are often preferred when the dataset is small, when interpretability is
important, or when there is prior knowledge suggesting a particular functional form for the
relationship between variables.
Because parametric models make stronger assumptions about the data generating process,
they can estimate model parameters reliably using relatively little data. In contrast, non-
parametric models typically require larger datasets in order to learn complex patterns without
overfitting.

2.0.11 Intuition

The choice between parametric and non-parametric models often reflects a balance between
assumptions and flexibility.

Parametric models make strong assumptions about the structure of the data. If these assumptions
are approximately correct, the model can perform well even with limited training data. Because
the model structure is simple, the parameters can often be estimated accurately with relatively
few observations.

Non-parametric models are more flexible because they do not assume a fixed functional form.
However, this flexibility means they often require more data in order to learn reliable patterns.
With small datasets, highly flexible models may simply fit noise in the training data.

Interview Tip

A strong interview answer often emphasises that parametric models are particularly useful
when the dataset is small or when interpretability of the model parameters is important.
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2.0.12 Mathematical Perspective

Mathematical Insight

Parametric models estimate a finite set of parameters θ that describe the model:

f(x; θ).

Because the number of parameters is fixed, the complexity of the model does not increase as
more data are observed.
Non-parametric models, by contrast, allow the effective complexity of the model to grow
with the dataset. For example, in k-nearest neighbours regression the prediction for a new
point x depends directly on nearby training observations:

f̂(x) = 1
k

∑
i∈Nk(x)

yi.

As the dataset grows, the number of possible prediction patterns also grows, increasing the
flexibility of the model.

Deep Dive

In statistical learning theory, highly flexible models can have large hypothesis spaces. Learning
such models reliably requires large datasets to avoid overfitting.
This idea connects closely to the bias–variance trade-off discussed earlier in Chapter ??.
Parametric models typically have higher bias but lower variance, while non-parametric
models often have lower bias but higher variance.

2.0.13 Worked Example

Worked Example

Suppose we have a small dataset with only a few hundred observations and we wish to model
the relationship between house size and price.
A linear regression model assumes a linear relationship between the variables. Although
this assumption may be imperfect, the model can still produce stable parameter estimates
because the number of parameters is small.
A non-parametric method such as k-nearest neighbours would attempt to estimate local
patterns in the data. With limited observations, these local estimates may be highly unstable,
leading to poor generalisation.
In this situation, the parametric model may perform better despite its simplifying assump-
tions.
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2.0.14 Python Demonstration

The following example compares a parametric model (linear regression) with a non-parametric
model (kernel regression) when the dataset is small.

1 import numpy as np

2 import matplotlib.pyplot as plt

3 from sklearn.linear_model import LinearRegression

4 from sklearn.metrics.pairwise import rbf_kernel

5

6 np.random.seed(1)

7

8 # Small dataset

9 X = np.linspace(-3,3,15)

10 y = np.sin(X) + np.random.normal(0,0.2,15)

11

12 X = X.reshape(-1,1)

13

14 # Fit parametric model

15 linear_model = LinearRegression()

16 linear_model.fit(X,y)

17

18 # Kernel regression function

19 def kernel_regression(x_train, y_train, x_test, gamma=1.0):

20 K = rbf_kernel(x_test, x_train, gamma=gamma)

21 weights = K / K.sum(axis=1, keepdims=True)

22 return weights @ y_train

23

24 # Prediction grid

25 X_test = np.linspace(-3,3,200).reshape(-1,1)

26

27 y_linear = linear_model.predict(X_test)

28 y_kernel = kernel_regression(X, y, X_test, gamma=0.5)

29

30 plt.scatter(X,y,label="data")

31 plt.plot(X_test,y_linear,label="Linear Regression (parametric)")

32 plt.plot(X_test,y_kernel,label="Kernel Regression (non-parametric)")

33 plt.legend()

34 plt.title("Parametric vs Non-Parametric Models")

35 plt.show()

Listing 2.2: Parametric vs non-parametric models with limited data

The linear regression model shown in Figure 2.2 assumes a fixed functional form and produces
a straight line. Kernel regression instead adapts its predictions based on nearby observations
in the training data, allowing it to represent more complex non-linear patterns. With limited
data, the non-parametric model may produce unstable predictions, while the parametric model
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Figure 2.2: Parametric vs Non-parametric models on a small dataset.

produces a smoother and more stable estimate.

2.0.15 How This Appears in Practice

Parametric models are often preferred in situations where:

• the dataset is relatively small

• interpretability of model parameters is important

• there is prior knowledge about the structure of the relationship

• computational efficiency is required

Non-parametric models may be preferable when the dataset is large and the underlying relation-
ships are highly complex.

2.0.16 Follow-Up Interview Questions

Follow-Up Interview Questions

• Why do non-parametric models typically require more data?

• How does the curse of dimensionality affect non-parametric models?

• Why are parametric models often easier to interpret?
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2.0.17 Common Mistakes

Common Mistake
Assuming that non-parametric models are always superior because they are more flexible.
In practice, excessive flexibility can lead to overfitting when data are limited.
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Difficulty Level

Tier: Advanced

Interview Question

Question 3: What is the difference between instance-based learning and model-based
learning?

2.0.18 Short Interview Answer

Short Interview Answer
Instance-based learning methods store the training data and make predictions by comparing
new observations with previously seen examples.
Model-based learning methods instead fit an explicit model during training. Predictions
are then produced using the learned model parameters rather than directly referencing the
training data.
Examples of instance-based learning include k-nearest neighbours, while examples of model-
based learning include linear regression, logistic regression, and neural networks.

2.0.19 Intuition

The key distinction between these two approaches is when the model performs the work of
learning.

Instance-based methods delay generalisation until prediction time. During training the algorithm
primarily stores the dataset, and when a new observation is encountered the prediction is
determined by comparing it with nearby examples in the training data.

Model-based methods perform generalisation during training. The algorithm learns a model
that summarises the relationship between inputs and outputs, and predictions can then be made
quickly using this learned representation.

Because of this behaviour, instance-based methods are sometimes called lazy learning algo-
rithms, while model-based methods are called eager learning algorithms.

Interview Tip

A strong interview answer emphasises that instance-based learning postpones generalisation
until prediction time, whereas model-based learning performs generalisation during training.
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2.0.20 Mathematical Perspective

Mathematical Insight

In model-based learning we assume that the target function belongs to a family of functions
parameterised by θ:

f(x; θ).

Training consists of estimating the parameters θ that best explain the observed data.
In instance-based learning, no explicit global model is constructed. Instead predictions are
computed directly from the training observations. A general form of such predictions is

f̂(x) =
n∑

i=1
wi(x)yi,

where the weights wi(x) depend on the similarity between the new observation x and each
training point xi.

2.0.21 Worked Example

Worked Example

Consider a binary classification problem.
A model-based approach such as logistic regression learns a set of parameters that define a
decision boundary separating the classes.
An instance-based method such as k-nearest neighbours instead predicts the class of a new
observation by examining nearby training points and determining the most common class
among them.

2.0.22 Python Demonstration

The following example compares a model-based learner (logistic regression) with an instance-
based learner (k-nearest neighbours) on a non-linear classification problem.

1 import numpy as np

2 import matplotlib.pyplot as plt

3 from sklearn.datasets import make_moons

4 from sklearn.linear_model import LogisticRegression

5 from sklearn.neighbors import KNeighborsClassifier

6

7 # Generate dataset

8 X, y = make_moons(n_samples=200, noise=0.25, random_state=0)

9

10 # Train models

11 log_model = LogisticRegression()
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12 knn_model = KNeighborsClassifier(n_neighbors=5)

13

14 log_model.fit(X, y)

15 knn_model.fit(X, y)

16

17 # Create grid for visualising decision boundaries

18 x_min, x_max = X[:,0].min()-1, X[:,0].max()+1

19 y_min, y_max = X[:,1].min()-1, X[:,1].max()+1

20

21 xx, yy = np.meshgrid(

22 np.linspace(x_min, x_max, 200),

23 np.linspace(y_min, y_max, 200)

24 )

25

26 grid = np.c_[xx.ravel(), yy.ravel()]

27

28 Z_log = log_model.predict(grid).reshape(xx.shape)

29 Z_knn = knn_model.predict(grid).reshape(xx.shape)

30

31 fig, axes = plt.subplots(1,2, figsize=(10,4))

32

33 axes[0].contourf(xx, yy, Z_log, alpha=0.3)

34 axes[0].scatter(X[:,0], X[:,1], c=y, edgecolor="k")

35 axes[0].set_title("Logistic Regression (Model-Based)")

36

37 axes[1].contourf(xx, yy, Z_knn, alpha=0.3)

38 axes[1].scatter(X[:,0], X[:,1], c=y, edgecolor="k")

39 axes[1].set_title("K-Nearest Neighbours (Instance-Based)")

40 plt.show()

Listing 2.3: Model-based vs instance-based learning: decision boundaries
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Figure 2.3: Comparison of model-based and instance-based learning. Logistic regression learns
a global decision boundary during training, while the k-nearest neighbours method adapts its
predictions locally based on nearby observations in the training dataset.
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Logistic regression learns a single global decision boundary during training. Once the parameters
have been estimated, predictions can be made without referencing the training dataset. The
nearest-neighbour method instead adapts its decision boundary locally depending on nearby
observations in the training data.

2.0.23 Lazy Learning in Practice

The lazy nature of instance-based learning can be seen by examining how predictions are pro-
duced for a single observation.

1 # Query point

2 x_query = np.array([[1.2, 0.2]])

3

4 # Find neighbours used by KNN

5 distances, indices = knn_model.kneighbors(x_query)

6 neighbors = X[indices[0]]

7

8 plt.figure(figsize=(6,5))

9 plt.scatter(X[:,0], X[:,1], c=y, edgecolor="k", alpha=0.6)

10

11 # Highlight query point

12 plt.scatter(x_query[:,0], x_query[:,1],

13 color="red", s=150, label="query point")

14

15 # Highlight neighbours

16 plt.scatter(neighbors[:,0], neighbors[:,1],

17 facecolors="none", edgecolors="red",

18 s=200, linewidths=2, label="nearest neighbours")

19

20 plt.legend()

21 plt.title("Lazy Learning: Prediction Based on Nearby Observations")

22 plt.show()

Listing 2.4: Lazy learning illustrated by highlighting neighbours used for prediction

In this example, the algorithm determines the prediction by examining nearby observations
in the training data. This illustrates why nearest-neighbour methods are often described as
lazy learners: most of the computational work occurs during prediction rather than
during training.
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Figure 2.4: Illustration of lazy learning. When a new query point is introduced, the k-nearest
neighbours algorithm identifies nearby observations in the training dataset and uses them to
determine the prediction.

2.0.24 Follow-Up Interview Questions

Follow-Up Interview Questions

• Why are instance-based learning methods sometimes called lazy learners?

• Why can prediction be computationally expensive for instance-based methods?

• How does dataset size affect the choice between instance-based and model-based learning?

2.0.25 Common Mistakes

Common Mistake
Confusing instance-based learning with non-parametric modelling. While many instance-
based methods are non-parametric, the concepts are not identical.

2.0.26 Summary

Instance-based learning methods make predictions by comparing new observations with stored
training examples, whereas model-based learning methods estimate a model during training
and use that model to make predictions. Instance-based methods tend to be flexible but
computationally expensive at prediction time, while model-based approaches summarise the
data using a set of learned parameters.
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From Parametric Models to Linear Regression

In this chapter we examined several ways of thinking about how machine learning algorithms
learn from data. We introduced the distinction between parametric and non-parametric models,
and between instance-based and model-based learning. These ideas help explain how different
algorithms represent relationships in data and how their flexibility, interpretability, and data
requirements differ. One of the most important examples of a parametric, model-based learning
algorithm is linear regression. Despite its apparent simplicity, linear regression plays a central
role in statistics and machine learning. Many more sophisticated algorithms can be understood
as extensions or generalisations of the linear regression framework. In the next chapter we will
examine linear regression in detail, including how the model is derived, how its parameters are
estimated, and why it remains one of the most widely used predictive models in data science.
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Optimisation and Training
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If Part I is about what models are, Part II is about how they are actually learned. In practice,
even a well-chosen model is only useful if we can train it effectively, and many interview questions
in machine learning are really questions about optimisation in disguise. Why does gradient
descent work? Why do some networks train easily while others are unstable? What causes
slow convergence, vanishing gradients, or overfitting during training? These are not secondary
technical details; they are central to understanding real machine learning systems.

This part focuses on the dynamics of learning. It explains how loss functions, gradients, optimi-
sation algorithms, initialisation strategies, activation functions, and regularisation techniques
interact during training. Rather than treating training as a black box, the aim is to show how
design choices influence whether optimisation is smooth or unstable, whether gradients remain
informative across depth, and whether a model learns general structure or merely memorises the
training set. In interviews, this is often where strong candidates distinguish themselves. This is
because they can explain not only what method is used, but why training behaves the way it
does.

Part II also connects theory to engineering practice. Training a model is rarely just a matter of
running an optimiser until the loss decreases. One must think about learning rates, convergence
behaviour, data splits, hyperparameter tuning, early stopping, and the signals provided by
training and validation curves. These issues are especially important in modern machine learning,
where model capacity is large and optimisation is often the bridge between elegant theory and
messy real-world performance. By the end of this part, the reader should be able to speak clearly
about how models learn, why training sometimes fails, and what practical steps can be taken to
improve optimisation and generalisation.
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Gradient Descent

Introduction

Training a machine learning model typically involves solving an optimisation problem. Earlier
in this Part in Chapter ?? we introduced loss functions such as mean squared error and cross-
entropy, which measure how well a model’s predictions match the observed data. The goal of
training is therefore to find model parameters that minimise the chosen loss function.

For simple models, this optimisation problem may have a closed-form solution. However, for
many machine learning models — particularly neural networks — no analytic solution exists.
Instead, the parameters must be found using iterative optimisation algorithms. The most widely
used optimisation algorithm in machine learning is gradient descent.

Gradient descent works by repeatedly adjusting the model parameters in the direction that most
rapidly decreases the loss. By following the gradient of the loss function, the algorithm gradually
moves toward a set of parameters that minimise prediction error.

Understanding gradient descent is essential for understanding how modern machine learning
models are trained. It also appears frequently in technical interviews for data science and
machine learning roles. In this chapter we explore:

• how gradient descent works

• why gradients indicate the direction of steepest descent

• different variants such as stochastic and mini-batch gradient descent

• common optimisation challenges such as learning rates and local minima

30
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Interview Question

Question 4: What is gradient descent?

Difficulty Level

Tier: Core Question

3.0.1 Short Interview Answer

Short Interview Answer
Gradient descent is an optimisation algorithm used to minimise a loss function by iteratively
updating model parameters in the direction of the negative gradient.
At each step, the algorithm computes the gradient of the loss with respect to the parameters
and moves the parameters slightly in the direction that reduces the loss.

3.0.2 Intuition

Gradient descent can be understood using the analogy of descending a hill. Imagine standing
somewhere on a mountainous landscape and wanting to reach the lowest point in the valley. If
you look at the slope of the terrain around you, the steepest downward direction indicates the
fastest way to decrease your elevation.

The gradient of a function provides exactly this information: it tells us the direction of steepest
increase. By moving in the opposite direction, we move toward lower values of the function.

In machine learning, the function we want to minimise is the loss function. Gradient descent
repeatedly updates the model parameters in the direction that reduces this loss.

Interview Tip

In interviews, it is helpful to begin with the intuition of moving downhill on a loss surface
before presenting the mathematical update rule.

3.0.3 Mathematical Perspective

Mathematical Insight

Suppose a model has parameters θ and a loss function J(θ).
Gradient descent updates the parameters according to the rule

θt+1 = θt − η∇J(θt),

where
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• ∇J(θt) is the gradient of the loss function

• η is the learning rate

The gradient indicates the direction of steepest increase of the loss. Moving in the opposite
direction therefore reduces the loss.

By repeating this update many times, the algorithm gradually moves toward a set of parameters
that minimise the loss function.

Deep Dive

For convex loss functions, gradient descent is guaranteed to converge to the global minimum.
For non-convex functions — such as those encountered in deep learning — gradient descent
may instead converge to a local minimum or saddle point. Despite this, it remains highly
effective in practice.

3.0.4 Worked Example

Worked Example

Consider the simple function

J(θ) = (θ − 3)2.

The gradient of this function is

dJ

dθ
= 2(θ − 3).

Starting from an initial value θ0 = 0, gradient descent repeatedly updates the parameter in
the direction that reduces the function value until it approaches the minimum at θ = 3.

3.0.5 Python Demonstration

1 import numpy as np

2

3 # learning rate

4 eta = 0.1

5

6 # initial parameter

7 theta = 0

8

9 for i in range(20):

10

11 gradient = 2*(theta - 3)

12 theta = theta - eta*gradient
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13

14 print("Estimated minimum:", theta)

Listing 3.1: Simple gradient descent example

3.0.6 Visual Interpretation

Gradient descent can be visualised as a sequence of steps moving downhill along the loss surface.
Each step moves the parameters slightly toward regions where the loss function is smaller. As
the algorithm approaches the minimum, the gradients become smaller and the updates gradually
shrink. This process continues until the parameters converge to a minimum of the loss function.
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Figure 3.1: Gradient descent iteratively moves in the direction of the negative gradient to reach
the minimum of the loss function.

3.0.7 Follow-Up Interview Questions

Follow-Up Interview Questions

• Why does the gradient indicate the direction of steepest increase?

• What role does the learning rate play in gradient descent?

• What happens if the learning rate is too large?

• What is the difference between batch, stochastic, and mini-batch gradient descent?
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3.0.8 Common Mistakes

Common Mistake
Describing gradient descent only as an algorithm for linear regression rather than a general
optimisation method used across machine learning.

Common Mistake
Failing to explain why the negative gradient direction reduces the loss.

3.0.9 Summary

Gradient descent is a general optimisation algorithm used to minimise loss functions in machine
learning. The key ideas to remember for a technical interview include:

• The gradient indicates the direction of steepest increase of the loss.

• Moving in the opposite direction reduces the loss.

• Gradient descent repeatedly updates parameters to minimise the loss function.

• The learning rate controls the size of each update step.
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Interview Question

Question 5: Why does the gradient point in the direction of steepest ascent?

Difficulty Level

Tier: Advanced

3.0.10 Short Interview Answer

Short Interview Answer
The gradient of a function points in the direction of steepest ascent because it contains the
partial derivatives of the function with respect to each parameter. These derivatives measure
how rapidly the function changes in each direction.
The direction of the gradient therefore corresponds to the direction in which the function
increases most rapidly. Moving in the opposite direction of the gradient leads to the steepest
decrease in the function, which is why gradient descent follows the negative gradient.

3.0.11 Intuition

To understand why the gradient indicates the steepest ascent, consider a function of two variables

f(x, y).

At any point on the surface defined by this function, there are infinitely many directions in
which we could move. Each direction will cause the function value to change at a different rate.
The gradient vector collects the partial derivatives

∇f =
(

∂f

∂x
,
∂f

∂y

)
.

These derivatives measure how sensitive the function is to changes in each variable. When
combined into a vector, they indicate the direction in which the function increases most rapidly.
An intuitive way to visualise this is to imagine standing on a hill. The gradient points in the
direction of the steepest uphill slope.

Interview Tip

In interviews, it is useful to explain that the gradient tells us how the function changes
in each coordinate direction, and that combining these changes produces the direction of
maximum increase.
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3.0.12 Mathematical Perspective

Mathematical Insight

Let f(x) be a differentiable function and let v be a unit vector representing a direction.
The rate of change of the function in that direction is given by the directional derivative

Dvf = ∇f · v.

Using the Cauchy–Schwarz inequality,

∇f · v ≤ ∥∇f∥.

Equality occurs when

v = ∇f

∥∇f∥
.

This shows that the directional derivative is maximised when the direction vector aligns
with the gradient.
Therefore the gradient points in the direction of steepest ascent.

Because the gradient points in the direction of fastest increase, moving in the opposite direction

−∇f

produces the fastest decrease in the function.

Deep Dive

This property explains why gradient descent uses the update rule

θt+1 = θt − η∇J(θt).

The gradient indicates the direction of maximum increase of the loss function J . Subtracting
the gradient therefore moves the parameters toward regions where the loss is smaller.

3.0.13 Worked Example

Worked Example

Consider the function

f(x, y) = x2 + y2.

The gradient is
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∇f = (2x, 2y).

At the point (1, 1), the gradient becomes

∇f = (2, 2).

This vector points directly away from the origin, which is the direction in which the function
increases most rapidly.
Moving in the opposite direction (−2, −2) leads toward the minimum at the origin.

3.0.14 Follow-Up Interview Questions

Follow-Up Interview Questions

• What is a directional derivative?

• Why is the gradient perpendicular to level curves?

• Why does gradient descent follow the negative gradient?

• How does this idea extend to high-dimensional parameter spaces?

3.0.15 Common Mistakes

Common Mistake
Saying that the gradient simply indicates the slope without explaining why it corresponds
to the direction of steepest ascent.

Common Mistake
Confusing the gradient direction with the path taken by gradient descent, which depends on
the learning rate and optimisation dynamics.

3.0.16 Summary

The gradient of a function indicates the direction of steepest ascent because it collects the partial
derivatives with respect to each parameter into a single vector that describes how the function
changes locally. More precisely, the directional derivative is maximised when we move in the
direction aligned with the gradient, which is why the gradient points toward the direction of
maximum increase. This geometric interpretation is fundamental in optimisation: if we want to
minimise a loss function rather than increase it, gradient descent moves in the opposite direction
of the gradient. In an interview, the key idea to remember is that the gradient is not just a
collection of derivatives, but the local direction in parameter space that most rapidly increases
the function.
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Interview Question

Question 6: What is the role of the learning rate in gradient descent?

Difficulty Level

Tier: Core Question

3.0.17 Short Interview Answer

Short Interview Answer
The learning rate controls the size of the parameter updates during gradient descent. It
determines how far the algorithm moves in the direction of the negative gradient at each
iteration.
If the learning rate is too small, training becomes very slow. If it is too large, the algorithm
may overshoot the minimum or even diverge.

3.0.18 Intuition

When performing gradient descent, we repeatedly update the parameters of a model to reduce
the loss. However, we must decide how large each update step should be. The learning rate
determines this step size. Imagine walking downhill toward the bottom of a valley.

• If you take extremely small steps, you will eventually reach the bottom, but it will take a
very long time.

• If you take very large steps, you may overshoot the bottom of the valley and bounce back
and forth without ever settling.

The learning rate therefore controls how quickly the optimisation algorithm moves toward the
minimum of the loss function.

Interview Tip

In interviews, it is helpful to mention both failure modes: very small learning rates lead to
slow convergence, while very large learning rates can cause divergence.
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3.0.19 Mathematical Perspective

Mathematical Insight

Recall the gradient descent update rule

θt+1 = θt − η∇J(θt),

where

• θt represents the current parameters

• ∇J(θt) is the gradient of the loss

• η is the learning rate

The learning rate scales the gradient vector and therefore determines the magnitude of the
parameter update.

Choosing an appropriate learning rate is therefore critical for effective optimisation.

Deep Dive

In practice, many optimisation algorithms use adaptive learning rates that adjust automati-
cally during training.
Examples include:

• AdaGrad

• RMSProp

• Adam

These methods modify the effective learning rate based on the history of gradients, often
improving convergence in large-scale machine learning problems.

3.0.20 Worked Example

Worked Example

Consider the function

J(θ) = (θ − 5)2.

Suppose the current parameter value is

θ = 0.

The gradient is



Chapter 3. Gradient Descent

∇J(θ) = 2(θ − 5) = −10.

If the learning rate is

η = 0.1,

the update becomes

θ1 = 0 − 0.1(−10) = 1.

A larger learning rate would produce a larger update step.

3.0.21 Python Demonstration

1 import numpy as np

2

3 def gradient(theta):

4 return 2*(theta - 5)

5

6 theta = 0

7 eta = 0.1

8

9 for i in range(10):

10 theta = theta - eta * gradient(theta)

11

12 print("Estimated minimum:", theta)

Listing 3.2: Effect of learning rate on gradient descent

3.0.22 Visual Interpretation

The learning rate controls the size of the steps taken along the loss surface.

• Small learning rate → slow but stable convergence

• Large learning rate → faster progress but risk of overshooting

Choosing an appropriate learning rate is therefore one of the most important hyperparameters
in gradient-based optimisation.
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Figure 3.2: Effect of learning rate on gradient descent. Small learning rates converge slowly,
while very large learning rates can overshoot the minimum.

3.0.23 Follow-Up Interview Questions

Follow-Up Interview Questions

• What happens if the learning rate is too large?

• What happens if the learning rate is too small?

• What is learning rate scheduling?

• How do adaptive optimisation algorithms adjust the learning rate?

3.0.24 Common Mistakes

Common Mistake
Assuming that a larger learning rate always leads to faster training. In practice, large
learning rates can cause the optimisation to diverge.

Common Mistake
Ignoring the importance of learning rate tuning when training machine learning models.

3.0.25 Summary

The learning rate controls how large each gradient descent update step is. Key ideas to remember
include:
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• The learning rate scales the gradient during parameter updates.

• Small learning rates lead to slow convergence.

• Large learning rates can cause overshooting or divergence.

• Choosing an appropriate learning rate is critical for efficient optimisation.
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Interview Question

Question 7: What is stochastic gradient descent?

Difficulty Level

Tier: Core Question

3.0.26 Short Interview Answer

Short Interview Answer
Stochastic gradient descent (SGD) is a variant of gradient descent in which the model
parameters are updated using the gradient computed from a single training example rather
than the entire dataset.
This makes each update much faster and allows the algorithm to scale to large datasets,
although the updates become noisier.

3.0.27 Intuition

In standard gradient descent, the gradient of the loss function is computed using the entire
training dataset before updating the parameters. If the dataset is very large, this can be
computationally expensive because every update requires processing all training examples.

Stochastic gradient descent solves this problem by updating the parameters using only one
training example at a time. Instead of computing

∇J(θ) = 1
n

n∑
i=1

∇Li(θ),

SGD updates the parameters using the gradient from a single observation:

∇Li(θ).

Because each update uses only one example, the updates become much faster. However, they
also become noisier because each example provides only a rough estimate of the true gradient.

Interview Tip

In interviews, emphasise that SGD uses an unbiased but noisy estimate of the true gradient.
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3.0.28 Mathematical Perspective

Mathematical Insight

Suppose the loss for a single training example is

Li(θ).

Stochastic gradient descent updates the parameters according to

θt+1 = θt − η∇Li(θt),

where i is a randomly selected training example.
Because the expectation of this gradient equals the true gradient,

E[∇Li(θ)] = ∇J(θ),

SGD provides an unbiased estimate of the full gradient.

Although the updates are noisy, they still move the parameters in the correct direction on
average.

Deep Dive

The randomness in stochastic gradient descent can sometimes be beneficial.
The noise in the updates can help the optimisation algorithm escape shallow local minima
or saddle points, which can improve optimisation in complex loss landscapes such as those
encountered in deep learning.

3.0.29 Worked Example

Worked Example

Suppose a dataset contains three training examples with losses

L1(θ), L2(θ), L3(θ).

Batch gradient descent would compute the gradient

∇J(θ) = 1
3 (∇L1 + ∇L2 + ∇L3) .

Stochastic gradient descent instead updates the parameters using only one of these gradients
at each step.
For example:

• Step 1: use ∇L1

• Step 2: use ∇L3
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• Step 3: use ∇L2

The updates therefore fluctuate around the true gradient direction.

3.0.30 Python Demonstration

This code demonstrates a very simple form of stochastic gradient descent for fitting a
one-parameter linear model. The dataset follows the exact relationship y = 2x, and the model
assumes predictions of the form

ŷ = θx.

The parameter θ is initialised at 0, and the code then repeatedly updates it by looping through
the training examples one at a time. For each example, it computes the current prediction,
calculates the gradient of the squared error with respect to θ, and then moves θ a small step in
the direction that reduces the error. Because the updates are done after each individual training
example rather than after the whole dataset, this is stochastic gradient descent rather than full
batch gradient descent. Over the ten epochs, θ moves closer to the true value 2, so the final
printed result is an estimate of the slope of the underlying linear relationship.

1 import numpy as np

2

3 # simple dataset

4 X = np.array([1, 2, 3, 4])

5 y = np.array([2, 4, 6, 8])

6

7 theta = 0

8 eta = 0.01

9

10 for epoch in range(10):

11

12 for i in range(len(X)):

13

14 prediction = theta * X[i]

15 gradient = 2 * X[i] * (prediction - y[i])

16

17 theta = theta - eta * gradient

18

19 print("Estimated parameter:", theta)

Listing 3.3: Simple stochastic gradient descent example



Chapter 3. Gradient Descent

3.0.31 Follow-Up Interview Questions

Follow-Up Interview Questions

• Why does stochastic gradient descent introduce noise into the optimisation process?

• What is the difference between stochastic and mini-batch gradient descent?

• Why is SGD commonly used for training neural networks?

• How does dataset size influence the choice of optimisation algorithm?

3.0.32 Common Mistakes

Common Mistake
Thinking that stochastic gradient descent always converges faster than batch gradient descent.
While each update is cheaper, the noisy updates may require more iterations.

Common Mistake
Confusing stochastic gradient descent with mini-batch gradient descent, which uses small
batches rather than single examples.

3.0.33 Summary

Stochastic gradient descent is an optimisation method that updates model parameters using
gradients computed from individual training examples. Key ideas to remember for a technical
interview include:

• SGD updates parameters using one training example at a time.

• This greatly reduces the cost of each update.

• The updates become noisy but remain unbiased estimates of the true gradient.

• SGD is widely used for training large-scale machine learning models.
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Interview Question

Question 8: What is the difference between batch, stochastic, and mini-batch gradient
descent?

Difficulty Level

Tier: Core Question

3.0.34 Short Interview Answer

Short Interview Answer
Batch gradient descent updates model parameters using the gradient computed from the
entire training dataset. Stochastic gradient descent updates parameters using the gradient
from a single training example. Mini-batch gradient descent uses a small subset of training
examples for each update.
Mini-batch gradient descent is the most commonly used approach in practice because it
provides a good balance between computational efficiency and stable gradient estimates.

3.0.35 Intuition

Gradient descent requires computing gradients of the loss function with respect to the model
parameters. The main difference between the three variants lies in how much data is used to
compute each gradient update.

• Batch gradient descent computes the gradient using the entire dataset. This produces
a precise estimate of the true gradient but can be slow for large datasets.

• Stochastic gradient descent computes the gradient using a single training example.
Updates are extremely fast but noisy because each example provides only a rough estimate
of the gradient.

• Mini-batch gradient descent computes the gradient using a small subset of the data,
often between 32 and 512 examples. This reduces noise while still allowing efficient
computation.

Mini-batch gradient descent is widely used in modern machine learning because it allows efficient
training on large datasets while maintaining relatively stable updates.

Interview Tip

In interviews, it is useful to emphasise that mini-batch gradient descent is the standard
approach used in deep learning frameworks such as PyTorch and TensorFlow.
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3.0.36 Mathematical Perspective

Mathematical Insight

Suppose the training dataset contains n examples with individual losses Li(θ).
The full objective is

J(θ) = 1
n

n∑
i=1

Li(θ).

The gradient update differs depending on the optimisation method.
Batch gradient descent

θt+1 = θt − η∇J(θt).

Stochastic gradient descent

θt+1 = θt − η∇Li(θt).

Mini-batch gradient descent

θt+1 = θt − η
1

|B|
∑
i∈B

∇Li(θt),

where B is a small batch of training examples.

3.0.37 Worked Example

Worked Example

Suppose a dataset contains 10,000 training examples.

• Batch gradient descent computes the gradient using all 10,000 examples before every
update.

• Stochastic gradient descent computes the gradient using only one example at a time.

• Mini-batch gradient descent might compute the gradient using a batch of 64 examples.

Thus mini-batch gradient descent performs many more updates than batch gradient descent
while maintaining more stable gradients than SGD.

3.0.38 Python Demonstration

1 import numpy as np

2

3 X = np.random.randn(1000)

4 y = 2*X + np.random.randn(1000)*0.1

5
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6 theta = 0

7 eta = 0.01

8 batch_size = 32

9

10 for epoch in range(10):

11

12 for i in range(0, len(X), batch_size):

13

14 X_batch = X[i:i+batch_size]

15 y_batch = y[i:i+batch_size]

16

17 pred = theta * X_batch

18 gradient = np.mean(2*X_batch*(pred - y_batch))

19

20 theta = theta - eta*gradient

21

22 print("Estimated parameter:", theta)

Listing 3.4: Illustrating mini-batch gradient descent

3.0.39 Visual Interpretation
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Figure 3.3: Comparison of optimisation paths for batch, stochastic, and mini-batch gradient
descent. Mini-batch methods balance stability and computational efficiency.

The optimisation trajectories of these algorithms differ:

• Batch gradient descent follows a smooth path toward the minimum.
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• Stochastic gradient descent produces noisy, fluctuating updates.

• Mini-batch gradient descent produces moderately smooth updates while remaining compu-
tationally efficient.

This balance explains why mini-batch methods dominate modern machine learning optimisation.

3.0.40 Follow-Up Interview Questions

Follow-Up Interview Questions

• Why is mini-batch gradient descent typically preferred in practice?

• How does batch size affect training stability?

• Why do GPUs perform well with mini-batch training?

• What happens when the batch size becomes very large?

3.0.41 Common Mistakes

Common Mistake
Assuming that stochastic gradient descent is always faster than mini-batch methods. In
practice, modern hardware is optimised for vectorised operations on batches.

Common Mistake
Ignoring the trade-off between computational cost and gradient variance when choosing
batch size.

3.0.42 Summary

Batch, stochastic, and mini-batch gradient descent differ in how much data is used to compute
each gradient update. The key ideas to remember include:

• Batch gradient descent uses the entire dataset.

• Stochastic gradient descent uses a single example.

• Mini-batch gradient descent uses small subsets of the data.

• Mini-batch methods are the most common approach in modern machine learning.
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Early Stopping

Introduction

Training a machine learning model typically involves minimising a loss function over many
iterations. As training progresses, the model improves its fit to the training data. However,
continued training does not always improve performance on new, unseen data. In many cases,
a model may begin to overfit, capturing noise in the training data rather than the underlying
pattern.

Early stopping is a technique that addresses this issue by halting training before overfitting
occurs. Instead of training a model until convergence on the training data, early stopping
monitors performance on validation data and stops training when the validation performance
begins to degrade. It is widely used in practice, particularly in deep learning, where models are
trained over many iterations. In this chapter we explore:

• what early stopping is

• why it improves generalisation

• how it acts as a form of regularisation

• how it is implemented in practice

Understanding early stopping provides insight into how training dynamics affect model perfor-
mance.
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Interview Question

Question 9: What is early stopping?

Difficulty Level

Tier: Core Question

4.0.1 Short Interview Answer

Short Interview Answer
Early stopping is a regularisation technique that stops model training when performance on
validation data begins to worsen.
It prevents the model from overfitting by halting optimisation before the model starts to
learn noise in the training data.

4.0.2 Intuition

During training, a model typically improves its performance on the training data over time.
However, after a certain point, it may begin to fit noise in the dataset. This leads to a situation
where:

• training error continues to decrease

• validation error begins to increase

Early stopping detects this point and stops training at the moment where validation performance
is best.

Interview Tip

In interviews, it is helpful to describe early stopping as selecting the model from the training
trajectory that performs best on validation data.

4.0.3 Mathematical Explanation

Mathematical Insight

Let Jtrain(t) and Jval(t) denote the training and validation loss at iteration t.
Early stopping selects the iteration

t∗ = arg min
t

Jval(t).

Instead of using the final trained model, the model parameters at iteration t∗ are used.

This prevents the model from reaching regions of parameter space where overfitting occurs.
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4.0.4 Worked Example

Worked Example

Suppose a neural network is trained for 100 epochs.

• Training loss decreases steadily across all epochs.

• Validation loss decreases until epoch 50, then begins to increase.

Early stopping would select the model at epoch 50, rather than the final model at epoch 100.

4.0.5 Python Demonstration

The following example simulates training and validation loss curves to illustrate early stopping.

1 import numpy as np

2 import matplotlib.pyplot as plt

3 import os

4

5 # Simulated training history over 100 epochs

6 epochs = np.arange(1, 101)

7

8 # Training loss decreases steadily

9 train_loss = np.exp(-epochs / 35) + 0.02 * np.random.randn(len(epochs))

10

11 # Validation loss improves at first, then worsens after about epoch 30

12 val_loss = np.exp(-epochs / 10) + 0.002 * (epochs - 40)**2 / 100 + 0.02 *
np.random.randn(len(epochs))

13

14 # Early stopping point

15 best_epoch = np.argmin(val_loss)

16

17 # Plot

18 plt.plot(epochs, train_loss, label="Training loss")

19 plt.plot(epochs, val_loss, label="Validation loss")

20 plt.axvline(best_epoch, linestyle="--", label="Early stopping point")

21 plt.xlabel("Epoch")

22 plt.ylabel("Loss")

23 plt.title("Early Stopping Example")

24 plt.legend()

25 plt.show()

Listing 4.1: Early stopping illustration
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Figure 4.1: Training loss continues to decrease throughout training, while validation loss begins
to rise after about epoch 50. Early stopping selects the model at the epoch where validation loss
is lowest, rather than the final epoch.

4.0.6 Follow-Up Interview Questions

Follow-Up Interview Questions

• Why does validation error increase after a certain point?

• How is early stopping related to overfitting?

• What is a patience parameter?

• How does early stopping interact with learning rate?

4.0.7 Common Mistakes

Common Mistake
Describing early stopping as simply stopping training early without mentioning validation
performance.

Common Mistake
Confusing early stopping with reducing the number of training iterations arbitrarily.

4.0.8 Summary

Early stopping is a technique for improving generalisation during training by monitoring
performance on a validation set rather than simply continuing optimisation until the training
error is as small as possible. In many models, especially deep networks, training error may keep



Chapter 4. Early Stopping

decreasing even after the model has started to overfit, which is often visible when validation error
stops improving and begins to rise. Early stopping addresses this by selecting the model from the
epoch with the best validation performance and halting training at that point, rather than using
the final trained model. In practice, it is one of the most widely used and effective regularisation
strategies in deep learning because it is simple to apply and directly targets overfitting during
optimisation.
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Interview Question

Question 10: Why can early stopping be interpreted as a form of regularisation?

Difficulty Level

Tier: Advanced

4.0.9 Short Interview Answer

Short Interview Answer
Early stopping acts as a form of regularisation because it limits how much the model can
adapt to the training data.
By stopping training early, it prevents the model from fitting noise, similar to how explicit
regularisation methods constrain model complexity.

4.0.10 Intuition

As training progresses, a model becomes increasingly flexible in how it fits the training data.
If training continues for too long, the model may begin to capture noise rather than signal.
Early stopping restricts this process by limiting how far optimisation can proceed, effectively
controlling model complexity.

Interview Tip

A strong interview explanation is that early stopping restricts how much the model can fit
the training data, acting like a constraint on model complexity.

4.0.11 Mathematical Perspective

Mathematical Insight

Gradient descent updates parameters iteratively:

θt+1 = θt − η∇J(θt).

As t increases, the model becomes more closely fitted to the training data.
Early stopping limits the number of iterations t, preventing the parameters from reaching
highly complex solutions that overfit.
This behaviour is analogous to regularisation methods that constrain parameter magnitude.
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4.0.12 Worked Example

Worked Example

Consider training a neural network with no explicit regularisation.
If training continues indefinitely, the model may achieve very low training error but poor
generalisation.
If training is stopped early, the model may not fully fit the training data, but it may
generalise better to unseen data.

4.0.13 Follow-Up Interview Questions

Follow-Up Interview Questions

• How does early stopping compare to L2 regularisation?

• Can early stopping replace regularisation?

• What is the role of validation data in early stopping?

• How does early stopping affect bias and variance?

4.0.14 Common Mistakes

Common Mistake
Treating early stopping as unrelated to regularisation rather than recognising it as an implicit
constraint on model complexity.

4.0.15 Summary

Early stopping can be viewed as a form of regularisation because it limits how far the optimisation
process is allowed to proceed. If training continues for too long, the model may begin to fit
noise or idiosyncrasies in the training data rather than the underlying signal. By stopping at the
point where validation performance is best, early stopping effectively controls the model’s usable
complexity, even if the architecture itself remains unchanged. In this way, it helps improve
generalisation performance by preventing the model from becoming overly specialised to the
training set.
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Evaluation and Metrics
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Once a model has been specified and trained, the next question is how to judge whether it is
actually any good. This sounds straightforward, but in machine learning evaluation is rarely
captured by a single number. Different metrics highlight different aspects of performance, and
the most appropriate choice depends on the structure of the problem, the data distribution, and
the practical cost of different kinds of errors. For that reason, evaluation is not just the final
stage of modelling; it is a central part of how we define success in the first place.

This part of the book focuses on the tools used to measure, compare, and interpret model
performance. It covers the core regression and classification metrics that appear frequently in
interviews, but it also goes further by examining what those metrics really mean, when they
become misleading, and how they should be used in practice. Accuracy, precision, recall, F1 score,
ROC curves, precision–recall curves, calibration, significance testing, and model comparison all
belong to this broader question of evaluation. A strong interview answer in this area does more
than state a formula: it explains what the metric captures, what it ignores, and why it matters
in a real decision-making context.

Evaluation is also where the connection between statistics and machine learning becomes
especially visible. Questions about cross-validation, confidence, significance, calibration, and
uncertainty all concern whether an observed result can be trusted. A model may perform well
on one split and poorly on another, may look strong under one metric and weak under another,
or may produce impressive scores while still failing in the ways that matter most operationally.
This is why evaluation requires judgement as well as calculation.

In interviews, this part is particularly important because it tests whether a candidate can think
beyond raw optimisation and speak clearly about evidence. It is one thing to train a model; it is
another to justify why it should be trusted, how it should be compared with alternatives, and
whether its reported performance is genuinely meaningful. The aim of Part III is therefore to
build a deeper understanding of model assessment, so that evaluation becomes not a box-ticking
exercise, but a principled way of reasoning about model quality.



Chapter 5

Train, Validation, and Test Data

Introduction

In machine learning, one of the most important goals is to build models that perform well on
new, unseen data. However, models are typically trained using a fixed dataset, which raises a
fundamental question: how can we reliably evaluate whether a model will generalise beyond the
data it has already seen?

To address this, datasets are commonly divided into separate subsets for training, validation,
and testing. This practice allows us to distinguish between learning patterns in the data and
evaluating how well those patterns generalise. Understanding data splitting is essential for many
core concepts in machine learning, including:

• overfitting and underfitting

• model evaluation

• hyperparameter tuning

• cross-validation

• model selection

For this reason, questions about training and test data splits appear frequently in technical
interviews for data science roles.
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Interview Question

Question 11: Why do we split data into training and test sets?

Difficulty Level

Tier: Core Question

5.0.1 Short Interview Answer

Short Interview Answer
We split data into training and test sets to evaluate how well a model generalises to unseen
data.
The training set is used to learn the model parameters, while the test set is used to estimate
the model’s performance on new data. This helps detect overfitting and provides an unbiased
measure of generalisation performance.

5.0.2 Intuition

A model can achieve very low error on the data it was trained on simply by memorising patterns,
including noise. However, this does not guarantee that it will perform well on new data.

The test set acts as a proxy for real-world data. If a model performs well on the test set, we
have evidence that it has learned meaningful patterns rather than memorising the training data.
This leads us to some key ideas:

• Training performance measures how well the model fits known data

• Test performance measures how well the model generalises

Interview Tip

A strong answer should emphasise generalisation rather than training accuracy. Interviewers
are interested in performance on unseen data.

5.0.3 Mathematical Explanation

Mathematical Insight

Suppose we are given a dataset

D = {(xi, yi)}n
i=1

drawn from an unknown distribution P (x, y).
We split the dataset into two parts:
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Dtrain, Dtest.

The model is trained by minimising empirical risk on the training data:

f̂ = arg min
f

1
|Dtrain|

∑
(xi,yi)∈Dtrain

L(yi, f(xi)).

However, the true objective is to minimise the expected risk:

E(x,y)∼P [L(y, f(x))].

Since the distribution P is unknown, we approximate this using the test set:

1
|Dtest|

∑
(xi,yi)∈Dtest

L(yi, f(xi)).

This provides an estimate of the model’s generalisation error, provided that the test data is
independent and identically distributed with respect to the training data.

Deep Dive

If the test set is used during model development (for example, to tune hyperparameters),
the estimate of generalisation error becomes biased. This is why a separate validation set is
often introduced, which will be discussed later in this chapter.

5.0.4 Worked Example

Worked Example

Suppose we are building a model to predict house prices.
We split the dataset as follows:

• 80% for training

• 20% for testing

After training the model, we observe:

• Training error is very low

• Test error is significantly higher

This indicates that the model has likely overfitted the training data and does not generalise
well.

5.0.5 Python Demonstration
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1 from sklearn.model_selection import train_test_split

2 from sklearn.linear_model import LinearRegression

3 from sklearn.metrics import mean_squared_error

4 import numpy as np

5

6 # Generate synthetic data

7 np.random.seed(1)

8 X = np.random.rand(100, 1)

9 y = 3 * X.squeeze() + np.random.randn(100) * 0.3

10

11 # Split dataset

12 X_train, X_test, y_train, y_test = train_test_split(

13 X, y, test_size=0.2, random_state=0)

14

15 # Train model

16 model = LinearRegression()

17 model.fit(X_train, y_train)

18

19 # Evaluate performance

20 train_error = mean_squared_error(y_train, model.predict(X_train))

21 test_error = mean_squared_error(y_test, model.predict(X_test))

22

23 print(f"Training error: {train_error:.3f}")

24 print(f"Test error: {test_error:.3f}")

Listing 5.1: Train-test split and evaluation

5.0.6 Follow-Up Interview Questions

Follow-Up Interview Questions

• What happens if we evaluate a model on the training data only?

• Why must the test set not be used during training?

• What assumptions do we make about the test set?

• What is the difference between training error and generalisation error?

5.0.7 Common Mistakes

Common Mistake
Saying that data is split simply to make training faster rather than to evaluate generalisation.
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Common Mistake
Using the test set during model tuning, leading to overly optimistic performance estimates.

Common Mistake
Forgetting that the training and test data must come from the same distribution.

5.0.8 Summary

Splitting data into training and test sets is essential for evaluating model performance because it
separates the process of learning from the process of assessment. The training set is used to fit
the model parameters, while the test set is reserved for estimating how well the model generalises
to unseen data. This separation is important because good performance on the training data
alone does not guarantee that the model has learned patterns that will transfer beyond the
observed sample. In practice, the goal is to obtain a realistic estimate of performance on new
data, and a large gap between training and test error often suggests overfitting, where the model
has adapted too closely to the training set rather than capturing general structure.
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Interview Question

Question 12: What are learning curves and how do you use them to diagnose model
performance?

Difficulty Level

Tier: Advanced

5.0.9 Short Interview Answer

Short Interview Answer
Learning curves are plots that show how a model’s performance changes during training or as
the amount of training data increases. They are used to diagnose issues such as underfitting,
overfitting, high variance, high bias, and whether additional data or training is likely to
improve performance.

5.0.10 Intuition

Learning curves are useful because they turn model behaviour into something visible. When a
model performs poorly, the immediate question is usually not just how bad is it?, but why is it
bad? A single validation score does not answer that. A learning curve does.

There are two common forms of learning curve. One type plots training performance and
validation performance as training progresses, for example across epochs in a neural
network. This helps us understand whether the model is improving, converging, or beginning to
overfit.

The other type plots training and validation performance as the amount of training
data increases. This helps us understand whether the model is limited by data, model capacity,
or both.

In both cases, the key idea is the same:

A learning curve helps us understand not just the level of performance, but the
pattern of performance.

Interview Tip

A strong answer should explain that learning curves are diagnostic tools. They are useful
because they help identify why a model is failing, not just whether it is failing.
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5.0.11 How Learning Curves Are Interpreted

The most common use of learning curves is to compare training and validation behaviour. If
both training and validation errors are high, and remain close together, this usually suggests
underfitting. The model is too simple, too constrained, or not learning enough structure from
the data.

If training error is low but validation error is much higher, this usually suggests overfitting.
The model is fitting the training data well but failing to generalise.

If validation performance improves steadily as more data is added, this suggests that collecting
more data may help. If both curves have already flattened, then more data may offer limited
benefit and attention may need to shift toward model design or features.

In neural networks, epoch-based learning curves are also useful for identifying training instabilities.
For example, oscillating loss may suggest an overly large learning rate, while a flat loss may
suggest optimisation is stalled.

5.0.12 Mathematical Perspective

Mathematical Insight

If we write the training loss as

Ltrain

and the validation loss as

Lval,

then a learning curve plots these quantities either:

• as a function of training iteration or epoch, or

• as a function of training set size

A large and persistent gap

Lval − Ltrain

is often evidence of poor generalisation.

The exact metric does not have to be loss. We may instead plot accuracy, F1 score, RMSE,
AUC, or another task-specific measure. The central diagnostic idea remains the same.
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5.0.13 Worked Example

Worked Example

Suppose we train a decision tree and observe the following pattern:

• Training accuracy quickly rises to nearly 100%

• Validation accuracy improves at first, then plateaus and begins to decline

This is a classic sign of overfitting.
By contrast, suppose we train a linear model and both training and validation accuracies
remain modest and very similar. This suggests underfitting: the model is not flexible enough
to capture the structure in the data.

5.0.14 Python Demonstration

1 import numpy as np

2 import matplotlib.pyplot as plt

3 from sklearn.datasets import make_classification

4 from sklearn.model_selection import learning_curve

5 from sklearn.tree import DecisionTreeClassifier

6

7 # Generate synthetic classification data

8 X, y = make_classification(

9 n_samples=1000,

10 n_features=20,

11 n_informative=10,

12 n_redundant=5,

13 random_state=0)

14

15 model = DecisionTreeClassifier(max_depth=None, random_state=0)

16

17 train_sizes, train_scores, val_scores = learning_curve(

18 model, X, y, cv=5, train_sizes=np.linspace(0.1, 1.0, 10), scoring="

accuracy")

19

20 train_mean = train_scores.mean(axis=1)

21 val_mean = val_scores.mean(axis=1)

22

23 plt.show()

Listing 5.2: Learning curves for diagnosing underfitting and overfitting

This type of plot helps answer questions such as whether the model would benefit from more
data, whether it is overfitting, and whether its capacity is appropriate.
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Figure 5.1: Learning curves compare training and validation performance as training set size
increases, helping diagnose underfitting and overfitting.

5.0.15 Using Learning Curves in Practice

In practice, learning curves are used at several stages of model development. During model
selection, they help compare whether one model is overfitting more than another.

During neural network training, they help determine whether early stopping is needed, whether
the learning rate is appropriate, and whether regularisation is helping. During error analysis,
they help decide whether to invest effort in collecting more data, improving features, increasing
model capacity, or simplifying the model.

This is why learning curves are so useful in interviews: they show whether a candidate can move
from a metric to an actual diagnosis.

5.0.16 Deep Dive: Using Weights & Biases to Diagnose Model Performance

Deep Dive

In modern machine learning workflows, platforms such as Weights & Biases are often
used to track and visualise learning curves during training.
This is useful because diagnosing model behaviour usually requires more than a single final
number. We want to observe how metrics evolve across epochs, compare multiple runs, and
relate changes in performance to hyperparameters or training configuration.
A tool such as Weights & Biases can help by logging:

• training loss

• validation loss
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• accuracy or task-specific metrics

• learning rate

• gradient statistics

• parameter norms

• system metrics such as GPU usage or runtime

This makes several kinds of diagnosis easier.
For example, if training loss keeps falling while validation loss rises, the run dashboard
makes overfitting immediately visible. If multiple experiments are tracked together, we can
compare how regularisation, model size, or learning rate affect generalisation. If gradient
norms suddenly explode or loss becomes unstable, this may indicate optimisation issues
rather than a data problem.
Another major advantage is experiment comparison. Instead of inspecting one model in
isolation, we can compare many runs side by side and ask questions such as:

• Which learning rate produced the most stable convergence?

• Which regularisation setting reduced the train-validation gap?

• Which model architecture achieved the best validation curve before overfitting?

In this sense, Weights & Biases is not itself a model, but a diagnostic layer around the
training process. It helps convert raw training logs into interpretable evidence about bias,
variance, optimisation behaviour, and generalisation.

5.0.17 Follow-Up Interview Questions

Follow-Up Interview Questions

• How do learning curves help distinguish underfitting from overfitting?

• When would collecting more data help, according to a learning curve?

• How can learning curves inform early stopping?

• What patterns in training and validation loss suggest optimisation problems rather than
generalisation problems?

• How can experiment tracking tools help diagnose training failures?



Chapter 5. Train, Validation, and Test Data

5.0.18 Common Mistakes

Common Mistake
Treating learning curves as just visualisations rather than diagnostic tools.

Common Mistake
Looking only at training performance and ignoring validation behaviour.

Common Mistake
Assuming that more epochs always improve the model, even when validation performance
has already degraded.

Common Mistake
Failing to connect the shape of the curves to specific interventions such as more data, stronger
regularisation, or increased model capacity.

5.0.19 Summary

Learning curves are one of the most useful tools for diagnosing model behaviour.

They show how training and validation performance evolve either with training progress or with
increasing data, and they help identify underfitting, overfitting, convergence issues, and whether
additional data is likely to help. In modern workflows, experiment tracking platforms such as
Weights & Biases make these diagnostics much easier by logging and comparing curves across
many runs.
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Interview Question

Question 13: How can the shape of the learning curve indicate issues with the model or
data?

Difficulty Level

Tier: Advanced

5.0.20 Short Interview Answer

Short Interview Answer
The shape of a learning curve can reveal whether a model is underfitting, overfitting, learning
stably, or being affected by problems in the data or optimisation process. By examining
how training and validation loss or accuracy evolve over time, we can diagnose issues such
as high bias, high variance, insufficient data, noisy labels, unstable training, or a mismatch
between model capacity and task difficulty.

5.0.21 Intuition

Learning curves are useful because they show not just how well a model is performing, but how
it got there. A final validation score gives only a snapshot, whereas the trajectory of training
and validation metrics over epochs often reveals the underlying training dynamics. In interview
settings, this is important because many model failures do not come from a single bad metric,
but from recognisable patterns in how the model learns.

For example, if both training and validation performance remain poor throughout training, that
often suggests underfitting: the model is not expressive enough, the features are weak, or the
optimisation procedure is not finding a good solution. If training performance becomes very
strong while validation performance stops improving or deteriorates, that suggests overfitting:
the model is learning the training set too specifically and not generalising well. Other patterns
can point to noisy data, unstable optimisation, class imbalance, or data leakage. The learning
curve is therefore a diagnostic tool, not just a progress plot.

Interview Tip

A strong interview answer should mention that learning curves are most useful when
comparing training and validation behaviour together. The gap between them, and
how that gap evolves, often tells you more than either curve alone.

5.0.22 Reading Learning Curves Through Accuracy and Loss

The most common learning curves plot either loss or accuracy against training epochs. Loss
curves are usually more sensitive and informative during optimisation, because they change
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continuously and reflect confidence as well as correctness. Accuracy curves are often easier to
interpret, especially in interviews, because they map directly to the fraction of correct predictions.
In practice, both are useful, and the strongest diagnosis usually comes from looking at them
together.

A healthy training process often shows training loss steadily decreasing, validation loss decreasing
at first and then flattening, training accuracy increasing, and validation accuracy improving
before eventually stabilising. This pattern suggests that the model is learning useful structure
and that further training may eventually bring diminishing returns rather than obvious failure.
When the curves depart from this pattern, the shape itself becomes diagnostic.

5.0.23 Mathematical Perspective

Mathematical Insight

Let Ltrain(t) and Lval(t) denote training and validation loss at epoch t, and let Atrain(t) and
Aval(t) denote the corresponding accuracies. Then several common training regimes can be
described qualitatively through their behaviour:

Ltrain(t) ↓, Lval(t) ↓

usually suggests productive learning,

Ltrain(t) ↓, Lval(t) ↑

after some point suggests overfitting,
and

Ltrain(t) ≈ high, Lval(t) ≈ high

throughout training suggests underfitting or optimisation difficulty.
Similarly, if

Atrain(t) ≫ Aval(t),

with a widening gap, the model may be memorising the training data rather than generalising.
If both accuracies remain low and close together, the issue is more likely insufficient model
capacity, poor features, or a difficult dataset.
These are not rigid formulas, but they provide a useful diagnostic language for interpreting
the geometry of the curves.
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5.0.24 Worked Example

Worked Example

Suppose we train a classifier and observe the following patterns:
Case 1: Underfitting. Training accuracy rises only to 65%, and validation accuracy stays
around 63%. Training and validation loss are both relatively high and improve only slightly.
This suggests the model is too simple, the features are weak, or optimisation is failing.
Case 2: Overfitting. Training accuracy reaches 99%, but validation accuracy peaks at
84% and then declines. Training loss keeps decreasing, while validation loss starts increasing
after epoch 15. This suggests the model is memorising the training set and would benefit
from regularisation, early stopping, or more data.
Case 3: Stable learning. Training loss decreases steadily, validation loss decreases and
then flattens, and both training and validation accuracy improve before stabilising with only
a small gap. This is usually a sign of healthy generalisation.
Case 4: Noisy or unstable training. Both training and validation loss fluctuate sharply
across epochs, and accuracy jumps up and down rather than improving smoothly. This may
indicate noisy labels, too large a learning rate, very small batches, or unstable optimisation.
These examples show that the shape of the curves often tells us what type of intervention is
needed.

5.0.25 Python Demonstration

The python code for this example can be found in the accompanying github repository.
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Figure 5.2: Illustrative loss curves showing several common training regimes. Healthy learning
usually produces decreasing training and validation loss, underfitting leaves both losses high,
and overfitting appears when validation loss starts rising while training loss continues to fall.
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Figure 5.3: Illustrative accuracy curves for healthy learning, underfitting, overfitting, and
unstable training. The relative behaviour of training and validation accuracy often reveals
whether the main issue is insufficient capacity, poor generalisation, or noisy optimisation.

These examples are intentionally schematic rather than tied to one specific dataset, because the
goal is diagnostic interpretation. In interviews, what matters most is recognising the pattern
and connecting it to the likely cause. A widening train–validation gap points toward overfitting,
persistently weak performance on both curves suggests underfitting, and erratic curves often
indicate data or optimisation instability.

5.0.26 Deep Dive: What Specific Issues Can Learning Curves Reveal?

Deep Dive

Learning curves can reveal a surprisingly wide range of problems when interpreted carefully.
Underfitting typically appears when both training and validation performance are poor.
This may happen because the model is too simple, regularisation is too strong, the features
are uninformative, or the optimisation procedure has not converged. In this case, collecting
more data may not help very much unless the representation or model class also improves.
Overfitting appears when the model performs increasingly well on training data but fails to
match that improvement on validation data. This often suggests excessive capacity relative
to dataset size, weak regularisation, or too much training without early stopping.
Data quality issues can also show up in the curves. Noisy labels, inconsistent annotation,
corrupted samples, or train–validation mismatch can all produce unstable or unexpectedly
poor validation behaviour. If validation loss is unusually high from the beginning, or if the
validation curve behaves very differently from the training curve even when overfitting seems
unlikely, that may indicate distribution shift or data leakage in the setup.



Chapter 5. Train, Validation, and Test Data

Optimisation problems often produce curves that oscillate, plateau too early, or improve
only very slowly. A learning rate that is too high can cause instability, while one that is too
low can make progress appear flat even if the model is expressive enough. Small batch sizes
can also introduce visible noise into the trajectory.
Class imbalance or misleading metrics may distort interpretation if we look only at
accuracy. A model might achieve high accuracy simply by predicting the majority class,
while the loss still indicates poor confidence structure. This is one reason loss curves are
often more informative than accuracy curves on their own.
The key interview lesson is that learning curves should be interpreted as evidence about
the whole training process: model capacity, regularisation, optimisation, data quality, and
evaluation design all leave visible traces in the curve shape.

5.0.27 Follow-Up Interview Questions

Follow-Up Interview Questions

• How can you tell from a learning curve that a model is overfitting?

• Why are loss curves often more informative than accuracy curves?

• What curve shape might suggest noisy labels or unstable optimisation?

• How would you respond if both training and validation performance are poor?

• Why can high accuracy still be misleading in imbalanced problems?

5.0.28 Common Mistakes

Common Mistake
Looking only at the final validation score instead of the full trajectory of training and
validation curves.

Common Mistake
Assuming that rising training accuracy always means the model is improving in a useful
sense, even when validation performance is deteriorating.

Common Mistake
Using accuracy alone to diagnose training behaviour in settings where class imbalance or
probability quality matters.

Common Mistake
Interpreting every irregular curve as overfitting when the real issue may be noisy data or
unstable optimisation.
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5.0.29 Summary

The shape of the learning curve can reveal much more than whether performance is improving.
By comparing training and validation loss or accuracy over time, we can diagnose underfitting,
overfitting, unstable optimisation, noisy data, or train–validation mismatch. In practice, the
most informative signals often come from the gap between training and validation behaviour and
from whether the curves improve smoothly, plateau, diverge, or fluctuate. This makes learning
curves one of the most useful diagnostic tools for understanding both model behaviour and data
quality during training.
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In this part of the book, we move beyond algorithms and evaluation techniques to explore
the statistical and theoretical foundations of machine learning. These concepts provide the
underlying principles that explain why our models work, when they fail, and how their behaviour
can be interpreted.

Understanding these ideas is essential for developing a deeper intuition about machine learning
methods. It allows you to reason about uncertainty, make principled decisions about model
design, and recognise the limitations of common approaches.

Many of the techniques used throughout earlier chapters—such as loss functions, regularisation,
and model evaluation—are rooted in these fundamental concepts. As a result, this section not
only strengthens your theoretical understanding but also enhances your ability to apply machine
learning effectively in practice.



Chapter 6

Curse of Dimensionality

Introduction

As the number of features in a dataset increases, many machine learning methods begin to
behave in unintuitive and often problematic ways.

This phenomenon is known as the curse of dimensionality. It describes how high-dimensional
spaces differ fundamentally from low-dimensional ones, affecting distance measures, data sparsity,
and model performance. Understanding this concept is essential for working with real-world
datasets, particularly in high-dimensional settings such as text, images, and genomics.
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Interview Question

Question 14: What is the curse of dimensionality?

Difficulty Level

Tier: Core Question

6.0.1 Short Interview Answer

Short Interview Answer
The curse of dimensionality refers to the set of problems that arise when working in high-
dimensional spaces, where data becomes sparse, distances become less meaningful, and
models require exponentially more data to generalise well.

6.0.2 Intuition

In low-dimensional spaces, data points tend to be relatively close to each other, and distance-based
intuition works well. For example, in two dimensions, nearby points are clearly distinguishable
from distant ones.

However, as the number of dimensions increases, the structure of the space changes dramatically.
Points become increasingly far apart, and the notion of “closeness” begins to break down. In
high dimensions, most points are roughly equally distant from each other.

At the same time, the volume of the space grows exponentially with the number of dimensions.
This means that, even with a large dataset, the data occupies only a tiny fraction of the possible
space. As a result, the data becomes extremely sparse.

Interview Tip

A strong answer should mention both sparsity and the breakdown of distance intuition.

6.0.3 Mathematical Perspective

Mathematical Insight

In high dimensions, the volume of a unit hypercube grows exponentially, while the data
density decreases.
Additionally, for many distance metrics, the ratio between the nearest and farthest neighbour
distances approaches 1 as dimensionality increases.

This means that distances become less informative for distinguishing between points.
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6.0.4 Worked Example

Worked Example

Consider randomly sampling points in a high-dimensional space.
As the number of dimensions increases:

• The average distance between points increases

• The difference between nearest and farthest neighbours decreases

As a result, algorithms that rely on distance—such as k-nearest neighbours—become less
effective.

6.0.5 Python Demonstration

1 import numpy as np

2 import matplotlib.pyplot as plt

3

4 np.random.seed(0)

5

6 dims = range(1, 101)

7 ratios = []

8

9 for d in dims:

10 points = np.random.rand(1000, d)

11 distances = np.linalg.norm(points - points[0], axis=1)

12 min_dist = np.min(distances[1:])

13 max_dist = np.max(distances)

14 ratios.append(min_dist / max_dist)

15

16 plt.figure(figsize=(6,5))

17 plt.plot(dims, ratios)

18 plt.xlabel("Number of dimensions")

19 plt.ylabel("Nearest / Farthest distance ratio")

20 plt.title("Distance Concentration in High Dimensions")

21 plt.tight_layout()

22 plt.show()

Listing 6.1: Distances in high-dimensional spaces

This illustrates how distances become increasingly similar as dimensionality grows.

6.0.6 Implications for Machine Learning

The curse of dimensionality affects machine learning in several ways. First, models require
significantly more data to learn meaningful patterns. In high dimensions, the number of possible
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Figure 6.1: As dimensionality increases, distances become less distinguishable.

configurations grows exponentially, making it difficult to cover the space with finite data.

Second, distance-based methods such as k-nearest neighbours and clustering algorithms become
less effective because distances lose their discriminative power. Third, high-dimensional feature
spaces can lead to overfitting, as models may fit noise rather than signal.

6.0.7 Deep Dive: Connection to Feature Engineering

Deep Dive

The curse of dimensionality is closely related to feature engineering.
For example, one-hot encoding of categorical variables can dramatically increase the number
of features, especially when there are many categories. While this representation is often
necessary, it can exacerbate sparsity and make learning more difficult.
Dimensionality reduction techniques, such as principal component analysis (PCA), are often
used to address this issue by projecting data into a lower-dimensional space while preserving
important structure.
This highlights an important trade-off:

More features can increase model flexibility, but also increase the risk of sparsity
and overfitting.

6.0.8 How to Mitigate the Curse of Dimensionality

Common strategies include:

• collecting more data
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• reducing dimensionality (e.g. PCA)

• using regularisation

• selecting relevant features

6.0.9 Follow-Up Interview Questions

Follow-Up Interview Questions

• Why do distance-based methods struggle in high dimensions?

• What is dimensionality reduction?

• How does PCA help address this problem?

6.0.10 Common Mistakes

Common Mistake
Defining the curse of dimensionality only as having “too many features” without explaining
why it is problematic.

Common Mistake
Ignoring the effect on distance metrics.

Common Mistake
Failing to connect it to data sparsity.

6.0.11 Summary

The curse of dimensionality describes the challenges of working in high-dimensional spaces. As
dimensionality increases, data becomes sparse, distances lose meaning, and models require more
data to generalise effectively.
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Interview Question

Question 15: How does the curse of dimensionality affect distance-based algorithms?

Difficulty Level

Tier: Advanced

6.0.12 Short Interview Answer

Short Interview Answer
In high-dimensional spaces, distances between points become increasingly similar, making
it difficult for distance-based algorithms to distinguish between nearby and distant points.
This reduces their effectiveness.

6.0.13 Intuition

Distance-based algorithms, such as k-nearest neighbours and k-means clustering, rely on the
assumption that nearby points are meaningfully different from distant ones.

However, in high-dimensional spaces, this assumption breaks down. As dimensionality increases,
the distances between all pairs of points begin to converge. In other words, the difference between
the nearest neighbour and the farthest neighbour becomes very small.

This means that the notion of “nearest” becomes less meaningful. If all points are approximately
the same distance away, then identifying similar points based on distance becomes unreliable.

Interview Tip

A strong answer should explain that in high dimensions, distance loses its ability to
discriminate between points.

6.0.14 Mathematical Perspective

Mathematical Insight

Let dmin and dmax be the distances to the nearest and farthest neighbours.
As dimensionality increases:

dmin
dmax

→ 1.

This implies that relative differences in distance vanish in high-dimensional spaces.
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6.0.15 Worked Example

Worked Example

Consider applying k-nearest neighbours in a high-dimensional dataset.
In low dimensions, the nearest neighbours are clearly closer than other points, so predictions
are based on genuinely similar observations.
In high dimensions, however, all distances become similar. As a result, the neighbours
selected by the algorithm may not be meaningfully closer than other points, leading to poor
predictions.

6.0.16 Practical Consequences

The curse of dimensionality affects distance-based algorithms in several important ways. First, it
reduces the reliability of nearest neighbour searches, since the distinction between close and far
points becomes weak. Second, it increases sensitivity to noise, as irrelevant features contribute
to distance calculations. Third, it often requires significantly more data to obtain meaningful
neighbourhood structure.

6.0.17 Deep Dive: Feature Relevance and Distance

Deep Dive

In high-dimensional settings, many features may be irrelevant or noisy. Distance-based
methods typically treat all features equally, which means that irrelevant dimensions can
dominate the distance calculation.
For example, if only a small subset of features is informative, the signal from those features
can be overwhelmed by noise from the remaining dimensions.
This is one reason why dimensionality reduction and feature selection are often essential
when using distance-based algorithms.
It also explains why methods such as PCA can improve performance by concentrating
information into fewer, more meaningful dimensions.

6.0.18 Follow-Up Interview Questions

Follow-Up Interview Questions

• Why does k-nearest neighbours perform poorly in high dimensions?

• How can dimensionality reduction improve distance-based methods?

• What role does feature scaling play in distance calculations?
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6.0.19 Common Mistakes

Common Mistake
Saying distances increase without explaining why they become less informative.

Common Mistake
Ignoring the role of irrelevant features in high-dimensional spaces.

6.0.20 Summary

In high-dimensional spaces, distances become less informative, making it difficult for distance-
based algorithms to identify meaningful neighbours. This is a key manifestation of the curse of
dimensionality and a major challenge in high-dimensional machine learning.
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In the previous parts of this book, we focused on the theory and core techniques of machine
learning. We explored how models are built, trained, and evaluated, as well as the statistical
foundations that underpin them. In this part, we shift our focus to how machine learning is
used in practice.

Real-world machine learning systems are not just localised models. They are pipelines, systems,
and processes that must operate reliably at scale. They must handle messy data, adapt to
changing environments, and integrate with production systems. All of this introduces a new set
of challenges:

• dealing with imperfect and evolving data

• deploying models into production environments

• monitoring performance over time

• designing systems that scale and remain reliable

Understanding these aspects is essential for applied data science and machine learning roles.
In many interviews, candidates are evaluated not just on their knowledge of models, but on
their ability to reason about real-world systems. This part of the book is therefore focused on
bridging the gap between theory and practice.



Chapter 7

Machine Learning Pipelines

Introduction

In real-world applications, machine learning models are only one component of a larger system.

Before a model can make predictions, data must be collected, cleaned, transformed, and processed.
After training, the model must be evaluated, deployed, and monitored.

These steps are typically organised into a machine learning pipeline, which provides a
structured and reproducible workflow for building and maintaining models.

Understanding pipelines is essential for working in production environments and is a common
topic in system design interviews.
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Interview Question

Question 16: What are the stages of a machine learning pipeline?

Difficulty Level

Tier: Core Question

7.0.1 Short Interview Answer

Short Interview Answer
A machine learning pipeline consists of stages such as data collection, preprocessing, feature
engineering, model training, evaluation, deployment, and monitoring.

7.0.2 Intuition

A machine learning pipeline describes the end-to-end process of turning raw data into a working
system that produces predictions.

Rather than thinking of machine learning as a single step (training a model), it is more accurate
to think of it as a sequence of interconnected stages. Each stage transforms the data or model
in some way, and errors in earlier stages can propagate throughout the system.

This leads to an important perspective:

Most real-world machine learning problems are pipeline problems, not just modelling
problems.

Interview Tip

A strong answer should emphasise that machine learning is an end-to-end process, not
just model training.

7.0.3 Typical Pipeline Stages

A typical machine learning pipeline includes several key stages, each serving a specific role.
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Data collection

Data processing

Feature engineering

Model design and training

Evaluation metrics

Deployment

Monitoring

The process begins with data collection, where raw data is gathered from sources such as
databases, APIs, or logs. This data is often noisy, incomplete, or inconsistent. Next, the
data undergoes data preprocessing, which includes cleaning, handling missing values, and
transforming variables into a usable format. Following this, feature engineering is performed
to create meaningful representations of the data that make patterns easier for the model to
learn.

The next stage is model training, where a machine learning algorithm is fitted to the processed
data. Once trained, the model is evaluated using appropriate evaluation metrics to ensure it
generalises well to unseen data. If the model performs satisfactorily, it is then deployed into a
production environment, where it can make predictions on new data.

Finally, the system enters a monitoring phase, where model performance is tracked over time
to detect issues such as drift or degradation.

7.0.4 Worked Example

Worked Example

Consider a recommendation system for an e-commerce platform.
The pipeline might involve:

• collecting user interaction data

• cleaning and aggregating behavioural features
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• training a recommendation model

• evaluating performance on historical data

• deploying the model to serve recommendations

• monitoring user engagement over time

Each stage plays a critical role in the overall system.

7.0.5 Python Demonstration

1 from sklearn.pipeline import Pipeline

2 from sklearn.preprocessing import StandardScaler

3 from sklearn.linear_model import LogisticRegression

4 from sklearn.datasets import make_classification

5

6 # Generate data

7 X, y = make_classification(n_samples=200, n_features=5, random_state=0)

8

9 # Create pipeline

10 pipeline = Pipeline([

11 ("scaling", StandardScaler()),

12 ("model", LogisticRegression())

13 ])

14

15 # Train pipeline

16 pipeline.fit(X, y)

17

18 # Make predictions

19 predictions = pipeline.predict(X)

Listing 7.1: Simple machine learning pipeline example

This example shows how preprocessing and modelling steps can be combined into a single
pipeline.

7.0.6 Deep Dive: Why Pipelines Matter

Deep Dive

Machine learning pipelines provide several important benefits.
They ensure reproducibility, as the same sequence of steps can be applied consistently to
both training and new data.
They help prevent data leakage by enforcing a clear separation between training and
evaluation steps.
They also improve maintainability, making it easier to update or replace components of
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the system.
In production systems, pipelines are often automated and orchestrated using tools such as
Airflow or Kubeflow, allowing models to be retrained and deployed at scale.

7.0.7 Follow-Up Interview Questions

Follow-Up Interview Questions

• How do pipelines help prevent data leakage?

• What tools are used to manage pipelines in production?

• How would you design a scalable pipeline?

7.0.8 Common Mistakes

Common Mistake
Focusing only on model training and ignoring earlier or later stages.

Common Mistake
Not mentioning deployment and monitoring as part of the pipeline.

Common Mistake
Treating pipelines as purely technical rather than system-level structures.

7.0.9 Summary

A machine learning pipeline describes the full lifecycle of a model, from raw data to production
deployment. Understanding pipelines is essential for building reliable, scalable, and maintainable
machine learning systems.



Chapter 7. Machine Learning Pipelines

Interview Question

Question 17: What tools are used to manage machine learning pipelines in production?

Difficulty Level

Tier: Advanced

7.0.10 Short Interview Answer

Short Interview Answer
Machine learning pipelines in production are commonly managed using workflow orchestra-
tion, data versioning, experiment tracking, and deployment tools such as Airflow, Kubeflow,
MLflow, and cloud-native pipeline platforms.

7.0.11 Intuition

In a simple notebook environment, a pipeline may consist of a few manual steps: load data,
preprocess it, train a model, and evaluate the results. In production, however, these steps must
be repeated reliably, at scale, and often on a schedule.

This creates new requirements. We need systems that can run jobs automatically, track
dependencies between stages, recover from failures, log outputs, and support reproducibility
across environments.

Pipeline tools exist to solve exactly these problems. They turn machine learning workflows from
informal scripts into structured, maintainable systems.

Interview Tip

A strong answer should make clear that production pipeline tools are used for automation,
orchestration, reproducibility, and monitoring, not just convenience.

7.0.12 Main Categories of Tools

One important category is workflow orchestration. These tools manage the order of pipeline
stages and ensure that dependent tasks run in the correct sequence. A common example is
Apache Airflow, which is widely used for scheduling and orchestrating data and ML workflows.

A second category is machine learning pipeline platforms. Tools such as Kubeflow and
managed cloud platforms are designed specifically for machine learning workflows, including
training, validation, deployment, and retraining.

A third category is experiment tracking and model management. Tools such as MLflow
help record model parameters, metrics, versions, and artifacts, making it easier to compare
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experiments and reproduce results.

There are also data versioning and feature management tools, which help maintain
consistency between training and inference data. In production systems, this is critical for
avoiding training-serving skew.

7.0.13 Worked Example

Worked Example

Suppose a company retrains a demand forecasting model every night.
A workflow orchestrator such as Airflow might trigger the pipeline, fetch fresh data, run
validation checks, start the training job, and store the resulting model.
MLflow could then record the model version, performance metrics, and parameters. If the
model passes validation, a deployment platform could promote it to production.
Together, these tools make the pipeline automated, traceable, and repeatable.

7.0.14 Deep Dive: Why Multiple Tools Are Often Needed

Deep Dive

In practice, no single tool usually manages the entire machine learning lifecycle.
For example, one system may orchestrate jobs, another may track experiments, and a third
may serve features or deploy models. This is because production machine learning pipelines
sit at the intersection of data engineering, software engineering, and model management.
As a result, the most important design goal is often not choosing a single tool, but ensuring
that the tools integrate cleanly and support reproducibility, observability, and failure recovery.

7.0.15 Follow-Up Interview Questions

Follow-Up Interview Questions

• What is the difference between Airflow and Kubeflow?

• Why is experiment tracking important in production machine learning?

• What is training-serving skew?

7.0.16 Common Mistakes

Common Mistake
Naming tools without explaining what problem each tool solves.
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Common Mistake
Assuming one platform handles every part of the production workflow.

Common Mistake
Ignoring reproducibility and versioning when discussing production pipelines.

7.0.17 Summary

Production machine learning pipelines are typically managed using a combination of orchestration,
tracking, versioning, and deployment tools. These tools help automate workflows, improve
reproducibility, and make machine learning systems reliable at scale.
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Interview Question

Question 18: How would you design a scalable machine learning pipeline?

Difficulty Level

Tier: Advanced

7.0.18 Short Interview Answer

Short Interview Answer
A scalable machine learning pipeline should be modular, automated, fault-tolerant, and able
to handle growing data volume and model complexity. It should separate stages such as
ingestion, preprocessing, training, deployment, and monitoring, while supporting distributed
execution and reproducibility.

7.0.19 Intuition

A scalable pipeline is not simply a pipeline that works on a larger machine. It is a pipeline
designed so that growth in data, users, or models does not cause the whole system to break
down.

To achieve this, the pipeline should be structured into clear stages with well-defined interfaces.
Each stage should be independently testable and replaceable. This makes the system easier to
maintain and allows bottlenecks to be scaled selectively rather than forcing a full redesign. In
other words, scalability comes from good system design as much as raw infrastructure.

Interview Tip

A strong answer should frame scalability in terms of modularity, automation, and fault
tolerance, not just computational power.

7.0.20 Core Design Principles

A scalable pipeline should begin with modularity. Data ingestion, preprocessing, feature
engineering, training, evaluation, deployment, and monitoring should be separated into distinct
components. This prevents the system from becoming tightly coupled and difficult to extend.

It should also be automated. Retraining, validation, and deployment should happen through
repeatable workflows rather than manual intervention. This reduces operational risk and ensures
consistency.

Another critical property is fault tolerance. At production scale, failures are inevitable. The
pipeline should therefore support retries, checkpointing, logging, and alerting so that failures
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can be detected and recovered from quickly.

Finally, the system should support scalable execution. This may involve distributed data
processing, parallel training jobs, or cloud-based infrastructure that can scale with workload.

7.0.21 Typical Architecture

A scalable pipeline often begins with a data ingestion layer that collects raw data from logs,
databases, APIs, or event streams. This is followed by a preprocessing and feature engineering
layer, ideally using shared definitions so that the same transformations are applied in both
training and production inference.

The training stage should support reproducibility through versioned datasets, tracked exper-
iments, and controlled environments. Evaluation and validation stages should automatically
gate which models are eligible for deployment. Once deployed, the model should feed into a
monitoring layer that tracks performance, drift, latency, and failures over time.

7.0.22 Worked Example

Worked Example

Suppose we are designing a recommendation system pipeline for a large e-commerce platform.
User interactions arrive continuously and are stored in a central data layer. A scheduled
pipeline aggregates this data, computes features, and stores them in a feature store.
A training service then retrains the recommendation model on updated data. Evaluation
checks whether the new model improves on the current production version. If it does, the
model is deployed through a controlled rollout.
Monitoring then tracks click-through rate, latency, and drift in user behaviour. If performance
degrades, the system can trigger alerts or retraining.

7.0.23 Deep Dive: Scalability Bottlenecks

Deep Dive

Scalability problems often arise in places that are not obvious at first.
For example, training may scale well, but feature computation may become a bottleneck
if transformations are expensive or repeated unnecessarily. Similarly, batch pipelines may
handle growing data volume, but deployment may fail if online inference latency becomes
too high.
This is why scalable design requires thinking across the full lifecycle. Data processing,
training, inference, and monitoring must all scale together.
A well-designed pipeline also separates offline and online concerns. Offline systems can
optimise for throughput, while online systems must optimise for latency and reliability.



Chapter 7. Machine Learning Pipelines

7.0.24 Follow-Up Interview Questions

Follow-Up Interview Questions

• What is the role of a feature store in a scalable pipeline?

• How would you prevent training-serving skew?

• How do batch and real-time systems differ in pipeline design?

• How would you handle pipeline failures in production?

7.0.25 Common Mistakes

Common Mistake
Describing a scalable pipeline only in terms of more compute.

Common Mistake
Ignoring deployment and monitoring when discussing scalability.

Common Mistake
Designing the pipeline as a monolithic process rather than a modular system.

7.0.26 Summary

A scalable machine learning pipeline is modular, automated, and robust to growth in both
data and system complexity. Good design separates stages clearly, supports reproducibility and
failure recovery, and ensures that training, deployment, and monitoring can all operate reliably
at scale.
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Production ML Systems

Introduction

Once a model has been trained and deployed, it must operate as part of a larger production
system. At this stage, the main challenge is no longer just predictive performance, but how
predictions are delivered reliably, efficiently, and at the right time.

Production machine learning systems must handle live requests, process large volumes of data,
meet latency requirements, and integrate with other software components. This requires careful
design of the inference layer and a clear understanding of how predictions are generated in
practice.

Questions about model serving and inference patterns are common in applied machine learning
and system design interviews. Even if you have had no prior experience with production systems,
some awareness about what is involved will be crucial to passing the technical interviews.

100
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Interview Question

Question 19: What is model serving?

Difficulty Level

Tier: Core Question

8.0.1 Short Interview Answer

Short Interview Answer
Model serving is the process of making a trained machine learning model available for inference
in a production environment, so that it can receive input data and return predictions to
other systems or users.

8.0.2 Intuition

A trained model is only useful in production if other systems can actually call it and obtain
predictions. Model serving is the layer that makes this possible. In practice, this usually means
placing the model inside an application, service, or endpoint that accepts input data, applies the
necessary preprocessing steps, runs inference, and returns the output in a form that another
system can use.

For example, an e-commerce website may call a recommendation model to generate product
suggestions. A payment system may call a fraud model before approving a transaction. In both
cases, the model is not being used manually by a data scientist. It’s being served as part of an
operational system. This leads to a useful way of thinking about it:

Model serving is the bridge between a trained model and the real-world application
that depends on its predictions.

Interview Tip

A strong answer should make clear that model serving is about operational access to
inference, not just storing a model file.

8.0.3 What a Serving System Typically Does

A model serving system usually does more than just run the model itself. It often includes input
validation, feature transformation, model loading, prediction logic, logging, and error handling.
In some systems, it may also manage model versions, perform A/B routing, or fall back to an
earlier model if something fails.

This means that serving is not simply the last line of code calling predict(). It is a production
component that must be reliable, observable, and maintainable.
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8.0.4 Worked Example

Worked Example

Suppose a company has trained a churn prediction model.
The model is deployed behind an internal API. When the customer success platform requests
a churn score for a user, the serving system receives the input features, applies the same
preprocessing used during training, loads the correct model version, and returns a probability
of churn.
That score is then used to decide whether to trigger a retention action.
In this setup, the serving layer is what allows the trained model to become part of a real
business workflow.

8.0.5 Python Demonstration

1 import numpy as np

2 from sklearn.datasets import make_classification

3 from sklearn.linear_model import LogisticRegression

4

5 # Train a simple model

6 X, y = make_classification(n_samples=200, n_features=5, random_state=0)

7 model = LogisticRegression(max_iter=1000)

8 model.fit(X, y)

9

10 # Simulated serving function

11 def serve_prediction(input_features):

12 input_array = np.array(input_features).reshape(1, -1)

13 probability = model.predict_proba(input_array)[0, 1]

14 prediction = model.predict(input_array)[0]

15 return {"prediction": int(prediction), "probability": float(probability

)}

16

17 # Example request

18 result = serve_prediction([0.1, -1.2, 0.4, 0.7, -0.3])

19 print(result)

Listing 8.1: Simple model serving style example

This example is much simpler than a real production system, but it illustrates the core serving
pattern: accept input, run inference, and return an output.
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8.0.6 Deep Dive: Serving Is a Reliability Problem

Deep Dive

A useful production perspective is that model serving is as much a reliability problem as it
is a modelling problem.
A highly accurate model is not useful if it cannot respond within the required latency, crashes
under load, or produces inconsistent results because preprocessing differs between training
and inference.
For this reason, production serving systems must be designed with concerns such as:

• latency

• throughput

• versioning

• reproducibility

• logging and monitoring

In many cases, these concerns determine whether a model is viable in production at all.

8.0.7 Follow-Up Interview Questions

Follow-Up Interview Questions

• What is batch inference?

• What is real-time inference?

• How do you avoid training-serving skew?

• What should be monitored in a serving system?

8.0.8 Common Mistakes

Common Mistake
Describing model serving as simply saving a model to disk.

Common Mistake
Ignoring preprocessing and infrastructure around inference.

Common Mistake
Focusing only on predictive accuracy instead of system requirements such as latency and
reliability.
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8.0.9 Summary

Model serving is the process of making a trained model available for production inference. It
turns a model into a usable system component by accepting inputs, generating predictions, and
integrating those predictions into a larger application reliably and at scale.
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Interview Question

Question 20: What is batch vs real-time inference?

Difficulty Level

Tier: Core Question

8.0.10 Short Interview Answer

Short Interview Answer
Batch inference generates predictions for many examples at scheduled intervals, while real-
time inference generates predictions on demand for individual requests or small groups of
requests with low latency.

8.0.11 Intuition

The difference between batch and real-time inference is mainly about when predictions are
made and how quickly they are needed. In some applications, predictions do not need to be
generated instantly. It is acceptable to score many records together at regular intervals, such as
once per hour or once per day. This is batch inference.

In other applications, predictions are needed immediately in response to a user action or system
event. For example, a fraud model may need to decide whether to block a payment before the
transaction completes. This is real-time inference. The core distinction is therefore:

Batch inference optimises for throughput, while real-time inference optimises for
latency.

Interview Tip

A strong answer should explain the trade-off between throughput and latency.

8.0.12 Batch Inference

In batch inference, predictions are generated for many examples at once. This is common when
predictions can be prepared in advance and stored for later use. For example, a recommendation
system might precompute product suggestions overnight, or a churn model might score all
customers once per week.

Batch inference is often simpler and cheaper to operate because it does not require low-latency
serving for each individual request. It is also well suited to large-scale offline pipelines. However,
its main limitation is that predictions may become stale between runs.
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8.0.13 Real-Time Inference

In real-time inference, the model is called on demand. This is necessary when predictions depend
on the latest user state or when the result must be returned immediately. Search ranking, fraud
detection, dynamic pricing, and conversational AI are all examples where real-time inference is
important.

Real-time systems must meet strict latency requirements and be highly available. This makes
them more difficult to build and maintain than batch systems. The benefit, however, is that
predictions can reflect the most recent data and be used immediately in interactive systems.

8.0.14 Worked Example

Worked Example

Consider an online retailer.
A recommendation model used for the homepage might precompute recommended products
every night. This is batch inference.
A fraud detection model used during payment processing must evaluate each transaction
instantly before it is approved. This is real-time inference.
Both are forms of inference, but the operational requirements are completely different.

8.0.15 Python Demonstration

1 import numpy as np

2 from sklearn.datasets import make_classification

3 from sklearn.linear_model import LogisticRegression

4

5 # Train model

6 X, y = make_classification(n_samples=200, n_features=5, random_state=0)

7 model = LogisticRegression(max_iter=1000)

8 model.fit(X, y)

9

10 # Batch inference: many examples at once

11 batch_inputs = X[:5]

12 batch_predictions = model.predict(batch_inputs)

13 print("Batch predictions:", batch_predictions)

14

15 # Real-time inference: one request at a time

16 single_input = X[5].reshape(1, -1)

17 single_prediction = model.predict(single_input)

18 print("Real-time prediction:", single_prediction[0])

Listing 8.2: Batch vs real-time inference illustration
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This example uses the same trained model in two different inference modes: many inputs
processed together, and one input processed on demand.

8.0.16 Deep Dive: Choosing Between Batch and Real-Time

Deep Dive

The choice between batch and real-time inference depends on the application rather than
the model itself.
If predictions can be prepared ahead of time and updated periodically, batch inference is
often simpler, cheaper, and more robust. If predictions must react to fresh data or support
interactive decisions, real-time inference is necessary.
In practice, many production systems use a hybrid design. Some features or predictions are
precomputed in batch, while other signals are incorporated at request time. This allows the
system to balance freshness, cost, and latency.

8.0.17 Follow-Up Interview Questions

Follow-Up Interview Questions

• When would batch inference be preferable to real-time inference?

• Why is real-time inference harder to operate?

• What are the latency challenges in online serving?

• Can a production system use both batch and real-time inference?

8.0.18 Common Mistakes

Common Mistake
Thinking that real-time inference is always better than batch inference.

Common Mistake
Ignoring the operational cost and complexity of low-latency serving.

Common Mistake
Describing the difference only in terms of dataset size rather than timing and system
requirements.
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8.0.19 Summary

Batch and real-time inference are two common ways of serving machine learning predictions.
Batch inference generates predictions on a schedule and is well suited to offline workloads,
while real-time inference generates predictions on demand and is essential for interactive or
time-sensitive systems.
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