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PREFACE

How to Read This Book

This book exists because the four buzzwords of the moment — large language models, Al agents,
Al automation, and machine learning — are constantly mixed up, sold as the same thing, or used
to mean different things by different people. They are not the same. They are not even at the same
level of the stack. But they are deeply connected, and as a computer-science student you can master
all of them in a focused twelve months if you understand how they connect.

The aim is to be the single reference you keep open while you study. Every chapter starts with first
principles, builds up to current 2026 practice, shows you the tools and the code, and ends with what
you should be able to build by the time you finish that chapter. There are diagrams for the concepts
that don't survive in pure prose, statistics from the latest market reports so you understand the
stakes, and concrete project ideas so the theory doesn't stay theoretical.

Who this is for

* A computer-science student with basic programming fluency (you can write a loop, you've
touched a class).

» Someone comfortable with school-level math who is willing to relearn linear algebra, calculus
and probability with purpose.

» Anyone — student, self-learner, professional changing tracks — who wants depth without
becoming a research scientist.

How it is organised

Chapters 1-3 set the field, the terminology and the prerequisites. Chapters 4—-8 are the core: ML,
deep learning, LLMs, agents and automation, in that order, because each layer depends on the one
before. Chapter 9 is where the entire picture clicks together and you'll want to revisit it after the
others. Chapters 10-13 are the hands-on builds. Chapters 14-17 are about the future, your career,
and the numbers.

How to actually use this book

Read straight through the first time — many sections will only fully make sense in the context of later
chapters. Then treat it as a reference while you do the projects. The 12-month roadmap in Chapter 15 tells
you which chapters to re-read in which month, and which project to finish in each phase. Don't skip the
building. Reading about Al is not the same as making it.
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CHAPTER 1

The Al Landscape in 2026

In November 2022, a chatbot called ChatGPT crossed 100 million users faster than any consumer
product in history. Three and a half years later, Al is the largest single category of venture investment
on earth — capturing roughly 80% of all global VC funding in Q1 2026 — and a clear 88% of
organisations now use Al in at least one business function. What started as a research curiosity has
become the substrate on which new software is built.

But the field is also fragmented. The same word — "Al" — is used for a spam filter, for the chatbot
that wrote your last cover letter, for a robot picking strawberries, and for a system that books your
flights end-to-end without supervision. These are wildly different things, built differently, requiring
different skills. The first job of this book is to give you the map.

1.1 Why now?

Three forces converged in the early 2020s. Data: the open web, digitised books, code repositories,
and human-feedback datasets reached the trillion-token scale. Compute: NVIDIA's data-centre
GPUs (now ~92% of the generative-Al GPU market) made training models with hundreds of billions
of parameters feasible. Algorithms: the transformer architecture, introduced in 2017 in the paper
Attention Is All You Need, finally let neural networks scale efficiently with data and parameters. Strip
away any one of those three and the current moment doesn't happen.

1.2 What you'll actually be working with

Four layers — and you need fluency in each one:

* Machine Learning (ML) — the field of algorithms that learn from data. Includes everything from
linear regression to neural networks. The foundation.

* Deep Learning (DL) — ML using deep neural networks. It's the engine behind every modern
breakthrough.

» Large Language Models (LLMs) — gigantic transformer networks trained on text. Today's
general-purpose interfaces to Al (ChatGPT, Claude, Gemini, Llama, Mistral, DeepSeek).

* Al Agents & Automation — systems that use LLMs (and other models) to act in the world —
call APIs, browse, execute code, coordinate work. The frontier of practical Al.

1.3 The shift this year

2025 was the year reasoning models (OpenAl's o-series, Claude's extended thinking, DeepSeek-R1)
showed that LLMs could deliberate, not just react. 2026 is the year those reasoning cores are being
wrapped inside agents and dropped into production workflows. By mid-2026 Gartner projects 40%
of enterprise apps will embed agents, and 51% of enterprises already run agents in production —
up from 44% just twelve months ago.

The cost stack is changing too. Anthropic's annualised revenue crossed $30B in April 2026, OpenAl
was valued at $852B in March, and the four major hyperscalers (Microsoft, Google, Amazon, Meta)

Compiled for a CS student « 2026 edition



Al MASTERY — LLMs, AGENTS, AUTOMATION & MACHINE LEARNING Page 5

committed a combined $325B in capital expenditure for Al infrastructure this year alone. Al is no
longer one technology among many — it is the central capital project of the global tech industry.

What this means for you

Two things. First, the economic prize is real and large, so the time you invest in mastering these skills is
unusually well-rewarded — workers with advanced Al skills currently earn an average premium of around
56% over peers without them. Second, the field is changing fast enough that the fundamentals matter more
than memorising the framework du jour. The transformer was new in 2017; LangGraph didn't exist before
2024. Master the foundations and you can absorb whatever comes next.
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CHAPTER 2

Foundations: The AI-ML-DL-GenAl
Hierarchy

Almost every misunderstanding about Al starts with confusing the levels. They are nested, not
parallel. Get this picture into your head and the rest of the book becomes much easier to navigate.

Figure 2.1 — The Al Hierarchy: Nested Subfields

Artificial Intelligence

Generative Al

Figure 2.1 — Atrtificial Intelligence is the outermost ring. Everything else lives inside it.

2.1 Artificial Intelligence (Al) — the outer ring

Al is the broad ambition: any system that performs tasks normally requiring human intelligence —
reasoning, perception, learning, language. Al as a field is older than the modern computer, and
historically included hand-coded symbolic Al (expert systems, rule engines) that have nothing to do
with learning from data. Most Al you use today, however, learns from data, because the data-driven
approach has dominated for the last 15 years.

Compiled for a CS student ¢ 2026 edition



Al MASTERY — LLMs, AGENTS, AUTOMATION & MACHINE LEARNING Page 7

2.2 Machine Learning (ML) — the data-driven core

Machine learning is the subset of Al where the program learns patterns from data rather than being
programmed with explicit rules. You don't write "if message contains 'free' then mark as spam"; you
feed thousands of labelled spam and non-spam messages to an algorithm, and it figures out the rules
on its own.

ML is itself a family of techniques. Classical ML includes linear and logistic regression, decision trees,
random forests, support vector machines, k-means clustering, gradient boosting. These methods are
still everywhere in industry — they're fast, interpretable, and work well on tabular data. You will use
them on more real-world problems than you'll use a transformer.

2.3 Deep Learning (DL) — neural networks at depth

Deep learning is ML using neural networks with many layers. The "depth" is what gives the family
its name — a single-layer perceptron is not a deep network; a 100-layer ResNet image classifier or a
96-layer GPT transformer is. Depth gives the network the capacity to learn hierarchical
representations: lower layers learn simple features (edges in an image, prefixes in text) and upper
layers compose them into complex concepts (faces, sentences). This automatic feature learning is
the main reason DL outperforms classical ML on unstructured data like images, audio and text.

2.4 Generative Al — the model creates new content

Generative Al is the slice of deep learning whose models produce new outputs — text, images,
code, audio, video — instead of just classifying or predicting numbers. Diffusion models (Stable
Diffusion, DALL-E, Midjourney) generate images. LLMs generate text. Both are deep neural
networks; the "generative" label is about what they output.

2.5 Large Language Models (LLMs) — the inner ring

LLMs are the specific kind of generative model — almost always transformer-based — trained on
enormous text corpora to predict the next token in a sequence. ChatGPT, Claude, Gemini, Llama,
Mistral, DeepSeek and the rest are all LLMs. They are the technology behind today's conversational
Al and the brains inside today's Al agents.

Common confusion to avoid

"Al", "ML" and "GenAl" are not three competing technologies. They are three sizes of the same circle.
When someone says they built "an Al" they usually mean an ML model, often a deep neural net, and these
days quite often a generative one. Use the most specific term that is accurate.

The chapters ahead will dive into ML, DL, LLMs, agents and automation in that order — outside-in
through this hierarchy.
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CHAPTER 3

Mathematics & Computer Science
Foundations

You will hear two conflicting messages: "you don't need much math to do Al" and "Al is just applied
math”. Both are partly right. To use a model you need very little math. To understand, debug, and
improve a model — which is what separates a hobbyist from a professional — you need exactly
three areas of mathematics done properly. Less than a degree, more than high-school. This chapter
tells you what to learn and why.

3.1 Linear Algebra — the language of data

Every input to a neural network is a vector. Every layer is a matrix multiplication followed by a
non-linearity. Every embedding — the dense vector that represents a word, an image, a user — lives
in a vector space. If you can't think in vectors and matrices, none of this will feel like anything but
magic.

Cover these topics:

» Vectors, vector spaces, dot product, norms

e Matrices, matrix multiplication, transpose, inverse

* Eigenvalues and eigenvectors (for PCA and many algorithms)

» Tensor — the n-dimensional generalisation; the unit of computation in PyTorch & TensorFlow

Best resource: 3BluelBrown's "Essence of Linear Algebra” (free YouTube series). For depth, the first
six chapters of Mathematics for Machine Learning by Deisenroth, Faisal & Ong (free PDF).

3.2 Calculus — how models learn

Training a model is optimisation: tweak the parameters to minimise a loss function. The tweak
direction comes from a gradient — a vector of partial derivatives. Backpropagation, the algorithm
that trains every neural network on the planet, is the chain rule of calculus applied at scale. You don't
need to be able to integrate by parts. You need to be fluent in derivatives, partial derivatives, and the
chain rule.

« Derivatives and partial derivatives

« Gradient and gradient descent

 The chain rule — and how it gives you backpropagation

» Convex vs non-convex functions; local vs global minima

3.3 Probability & Statistics — handling uncertainty

ML models output probabilities. Their loss functions are derived from probability theory (cross-entropy
is just negative log-likelihood). Your evaluation metrics (precision, recall, F1, ROC-AUC) all come
from statistics. Bayesian thinking will keep you sane when your model is confident and wrong.
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» Random variables, distributions (Bernoulli, Gaussian, categorical, etc.)
» Expected value, variance, covariance

 Conditional probability, Bayes' theorem

* Maximum likelihood estimation

» Hypothesis testing, confidence intervals, p-values (less central but useful)

3.4 Computer Science Foundations You Already Need

» Data structures & algorithms: arrays, hash maps, trees, graphs, sorting, search complexity.
You'll meet these everywhere from vector databases to model serving.

» Operating systems & networking basics: enough to know what a port is, what a process is,
why GPUs are special.

* Git: version control isn't optional. All your work belongs on GitHub from day one.
e Linux command line: SSH into a GPU box, run training, tail logs. You will live here.

* Python: the lingua franca of ML. We'll cover the specific libraries in Chapter 10.

How much math is enough?

Aim for the level where you can read the methods section of a typical deep-learning paper and follow the
equations, even if you couldn't have derived them yourself. That target is reachable in 2-3 months of
focused work alongside coding. Don't get stuck in math-only paralysis — the intuition deepens enormously
once you implement the algorithms.

Compiled for a CS student « 2026 edition



Al MASTERY — LLMs, AGENTS, AUTOMATION & MACHINE LEARNING Page 10

CHAPTER 4

Machine Learning: A Practical Deep Dive

Most production Al in the world is still classical machine learning. Credit scoring, fraud detection,
churn prediction, ad ranking, recommendation, forecasting — these are dominated by
gradient-boosted trees and logistic regression, not by GPT-4. If you want to be hireable, you must be
fluent in this layer first.

4.1 What does it mean for a machine to learn?

A machine "learns" when its parameters adjust based on data so that its predictions improve, as
measured by a loss function. The recipe is universal: collect data, choose a model class, define a
loss, run an optimiser, evaluate on data the model hasn't seen. The differences between algorithms
boil down to the model class, the loss, and the optimiser.

4.2 The three families of learning

Figure 4.1 — The Three Main Types of Machine Learning
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Figure 4.1 — Supervised, unsupervised, and reinforcement learning differ in what information the algorithm receives.

Supervised learning

You give the algorithm input—output pairs (x, y) and ask it to learn a mapping from x to y. If y is a
number (house price, temperature), it's regression. If y is a category (spam / not-spam, cat / dog /
fox), it's classification. This family includes:

e Linear & logistic regression — the workhorse baselines; the first model you should always try.

» Decision trees, random forests, gradient boosting (XGBoost, LightGBM, CatBoost) —
dominant on tabular data, still win most Kaggle competitions that aren't deep learning.

* k-Nearest Neighbours, Naive Bayes, SVM — classical techniques you should know but won't
reach for daily.

* Neural networks — also supervised, just deeper. Covered next chapter.
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Unsupervised learning

You have data with no labels and want the algorithm to find structure. Clustering (k-means,
DBSCAN, hierarchical) groups similar points. Dimensionality reduction (PCA, t-SNE, UMAP)
compresses high-dimensional data into 2D or 3D for visualisation or downstream use. Anomaly
detection flags outliers — fraud, equipment failure, intrusions. Self-supervised learning, the engine
behind modern LLM pre-training, technically counts as unsupervised: the model creates its own
labels from the data (next-word prediction is the label being already in the sentence).

Reinforcement learning (RL)

An agent takes actions in an environment and receives a reward signal. It learns a policy — a
function from state to action — that maximises long-term reward. RL is how AlphaGo learned to beat
world champions, how robots learn to walk, and how large language models learn to be helpful
(RLHF). It is also notoriously hard: reward design, sample efficiency and stability are open research
areas. If you are starting out, learn supervised first; come back to RL once it has concrete relevance
to your work.

4.3 The ML workflow you'll actually use

Every project, every day, follows this rough loop:

* Frame the problem: what are you predicting? what does success look like in business terms?

» Get and clean the data: the unglamorous 60-80% of the job. Handle missing values, encode
categoricals, deal with outliers, balance classes.

» Feature engineering: create informative inputs. Even deep models benefit from this on tabular
data.

* Split the data: train, validation, test — and respect the wall between them religiously.

* Pick a baseline: logistic regression / random forest is the right baseline almost always. Beat it
before reaching for a neural net.

« Train, evaluate, tune: monitor learning curves, watch for overfitting, use cross-validation.

» Ship and monitor: deploy as an API or batch job; monitor for data drift and performance decay.

4.4 Bias, variance, and the fundamental trade-off

Bias is error from oversimplifying. Variance is error from being too sensitive to the training data. A
linear model on a complex problem has high bias (it underfits). A massive neural net on a tiny dataset
has high variance (it overfits). Every algorithm has knobs that move you along this trade-off —
regularisation, model depth, the amount of data, early stopping, dropout. Recognising whether your
model is underfitting or overfitting is the single most important diagnostic in ML.

4.5 Evaluation metrics — match the metric to the problem

e Classification: accuracy is misleading on imbalanced data. Use precision, recall, F1,
ROC-AUC, PR-AUC.

* Regression: MAE (mean absolute error), MSE / RMSE, R2 (coefficient of determination).
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* Ranking & recommendation: NDCG, MAP, recall@k.

» Generative tasks: BLEU / ROUGE for text, FID for images, plus human evaluation — which is
now itself partly automated using LLM-as-judge.

What to learn this chapter

By the end of the ML phase of your study, you should be able to take a raw CSV, frame a supervised
problem, train a gradient-boosted model with scikit-learn or XGBoost, evaluate it properly, and explain in
plain English why it works and how it could fail. Build at least two end-to-end projects on Kaggle datasets
before moving on.
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CHAPTER 5

Deep Learning & Neural Networks

Deep learning replaced classical ML wherever data is plentiful and unstructured — images, audio,
text, video. Where classical ML needs you to hand-craft features, deep neural networks learn
features automatically. That single property is why a CNN beats hand-coded computer vision and
why a transformer beats every linguistic feature you might painstakingly engineer for text.

Figure 5.1 — A Feed-Forward Neural Network

Hidden 1 Hidden 2

Output

5
T
c
-

Each connection has a learnable weight; each node applies a non-linear activation (e.g. ReLU).

Figure 5.1 — A simple feed-forward neural network: an input layer, two hidden layers, an output layer.

5.1 The neuron and the network

A single artificial neuron takes inputs, computes a weighted sum, adds a bias, and passes the result
through a non-linear activation function (ReLU, sigmoid, tanh, GELU). Stack neurons into layers.
Stack layers into a network. That's the entire architecture. The magic is in the training: the network
adjusts the weights, by gradient descent driven by backpropagation, to minimise the loss on the
training data.

5.2 Forward pass, loss, backward pass

* Forward pass: data flows through the network; we get a prediction.

 Loss: we measure how wrong the prediction is. For classification, cross-entropy. For
regression, mean squared error.

» Backward pass (backpropagation): the chain rule pushes the loss back through every layer,
telling each weight how much it should change.

» Optimiser step: SGD, Adam, AdamW or LAMB nudges each weight by a small amount in the
right direction. Repeat for millions of batches.

Compiled for a CS student « 2026 edition



Al MASTERY — LLMs, AGENTS, AUTOMATION & MACHINE LEARNING Page 14

5.3 The architecture family tree

Deep learning is not one architecture but many. Know these by name:
* Multi-Layer Perceptron (MLP) — the basic fully-connected feed-forward network. Still useful
for tabular data and as the building block inside every other architecture.

e Convolutional Neural Network (CNN) — ResNet, VGG, EfficientNet. Reigning champion of
computer vision since AlexNet won ImageNet in 2012. The convolution operation captures local
spatial patterns.

* Recurrent Neural Network (RNN), LSTM, GRU — designed for sequences. Mostly
superseded by transformers for text, but still used in time-series and embedded contexts.

e Transformer — the architecture that ate the world. Self-attention lets every position in the
sequence attend to every other position. Powers all modern LLMs, plus vision transformers (ViT),
audio transformers, multimodal models, and many more.

» Autoencoder & Variational Autoencoder (VAE) — learns to compress and reconstruct. Used
for representation learning, anomaly detection, generative modelling.

» Generative Adversarial Network (GAN) — two networks, generator and discriminator, in a
game. Famous for realistic face generation. Largely superseded by diffusion models for images.

e Diffusion model — Stable Diffusion, DALL-E, Sora. Learns to reverse a noising process;
today's state of the art for image and video generation.

- State Space Models (Mamba, S4) — an emerging post-transformer family. Linear in sequence
length where transformers are quadratic; we'll revisit in Chapter 14.

5.4 Training tricks that actually matter

* Batch size and learning rate — your two most important knobs. A learning-rate finder (Smith,
2017) is essential.

» Dropout — randomly zero a fraction of activations to prevent overfitting.
» Batch / Layer Normalisation — stabilises training, lets you use larger learning rates.

e Data augmentation — flip, crop, rotate, color-jitter for images; back-translation for text. Free
regularisation.

e Transfer learning — start from a model pre-trained on a huge dataset, fine-tune on yours.
Almost always better than training from scratch when data is limited.

* Mixed-precision training — fpl6 or bfl6 to halve memory and roughly double speed on
modern GPUs.
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5.5 Hardware — why GPUs (and now TPUs and NPUs)?

Neural network training is overwhelmingly matrix multiplication. GPUs do matrix multiplication an
order of magnitude faster than CPUs because they have thousands of small cores that run in parallel.
NVIDIA's CUDA ecosystem made this accessible, which is the historical reason NVIDIA now controls
~92% of the Al accelerator market. Google's TPUs and Apple/Qualcomm's NPUs play in adjacent
niches; AMD's MI300 series is starting to compete seriously. For learning, a single RTX-class GPU
(or the free GPUs in Google Colab and Kaggle Notebooks) is enough — you'll only need cloud H100s
when you're training larger models in earnest.
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CHAPTER 6

Large Language Models (LLMs)

A large language model is, at the algorithmic level, a sophisticated next-token predictor. Given a
sequence of tokens (sub-word pieces) it outputs a probability distribution over the next token,
samples one, appends it, and repeats. That single simple loop — when run on a transformer with
hundreds of billions of parameters trained on trillions of tokens of human text — produces ChatGPT,
Claude and the rest. Understanding the mechanism is essential; mystifying it is not.

6.1 The transformer, properly

Figure 6.1 — Transformer Architecture (Vaswani et al., 2017)
GPT-style models keep only the right half (deco[ em

Output token probabilities ]

Linear + Softmax

Decoder x N

Add & Norm

Encoder x N

Token Embeddings + Positional Encoding

[ Input tokens (text) ]

Figure 6.1 — The original encoder-decoder transformer (Vaswani et al., 2017). GPT-style LLMs keep only the decoder
side.

The transformer was introduced by Vaswani and colleagues at Google in the 2017 NeurlPS paper
Attention Is All You Need. Its core idea is self-attention: for every position in the input sequence, the
model computes a weighted sum of all other positions, where the weights depend on the content.
This lets the model handle arbitrarily long-range dependencies and — crucially — process the entire
sequence in parallel rather than one token at a time. Parallelism is what made training on
internet-scale data feasible.
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Key components

* Tokenizer — turns raw text into integer IDs, usually via Byte-Pair Encoding (BPE) or
SentencePiece. "Tokens" are sub-word units; 100 English tokens = 75 words.

« Embedding layer — maps each token ID to a dense vector (commonly 768-12,288
dimensions).

» Positional encoding — adds information about each token's position. Modern models use
rotary or relative encodings.

* Multi-head self-attention — the heart of the model. Each "head" attends differently, capturing
different relationships.

» Feed-forward layer — a 2-layer MLP applied to each position independently; where most of the
parameter budget actually lives.

* Residual connections + LayerNorm — keep gradients well-behaved as the network deepens.

e Linear + Softmax head — converts the final hidden state into a probability over the vocabulary.

6.2 Decoder-only vs encoder-decoder vs encoder-only

The original transformer was encoder-decoder (machine translation: encode source language,
decode target). BERT (2018) was encoder-only: perfect for classification and retrieval. GPT (also
2018) was decoder-only: trained purely to generate the next token. After 2022, the decoder-only
style dominated because instruction-following and chat work naturally in that paradigm. Almost all
modern LLMs you'll touch — GPT-4, Claude, Gemini, Llama, Mistral, DeepSeek — are decoder-only
transformers.

6.3 How an LLM is actually trained

Figure 6.2 — The LLM Training Pipeline (End-to-End)

1. Data Collection
& Cleaning

4. Fine-tuning 5. Alignment 6. Deployment

Zaiokenizaties &b AR M T (SFT + LoRA) (RLHF/DPO/RLAIF) & Evaluation

Trillions of Split text —» Next-token prediction Adapt to task / Teach model to be Serve via API,
tokens from web, BPE/SentencePiece on huge corpus domain with helpful, harmless, monitor for drift,
books, code tokens (weeks/months) smaller dataset honest retrain

Figure 6.2 — The end-to-end pipeline from raw text to a deployed assistant.

Stage 1 — Pre-training

Trillions of tokens of text (Common Crawl, books, GitHub, Wikipedia, licensed data) flow through the
model. The training objective is dirt-simple: predict the next token, compare to the actual next token,
backpropagate. This is self-supervised learning — the labels are already in the data. Pre-training is
what costs millions of dollars and weeks of compute. The product is a base model that can complete
text but doesn't yet know how to follow instructions or be helpful.
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Stage 2 — Supervised Fine-Tuning (SFT)

Curated input—output pairs — typical user prompts and ideal responses, often written by humans —
are fed to the base model with the next-token objective. After SFT the model can follow
instructions. This stage is orders of magnitude cheaper than pre-training (millions of examples, not
trillions of tokens).

Stage 3 — Preference alignment (RLHF, DPO, RLAIF)

Even after SFT, the model still produces unhelpful, unsafe or rambling answers. Alignment training
fixes that. The classic recipe is RLHF (Reinforcement Learning from Human Feedback): humans rank
pairs of model outputs by preference, you train a reward model to predict those rankings, then use
reinforcement learning (typically PPO) to push the LLM toward higher-reward outputs. Newer
techniques include DPO (Direct Preference Optimization, simpler, no separate reward model) and
RLAIF (using another Al as the preference rater).

Stage 4 — Evaluation, red-teaming, deployment

Standard benchmarks include MMLU (general knowledge), GSM8K and MATH (mathematical
reasoning), HumanEval and SWE-bench (code), HellaSwag (commonsense), GPQA (graduate-level
science), AIME (advanced math). Red-teaming is structured adversarial testing for safety. Only after
this is the model exposed via API or product.

6.4 Where the magic actually comes from — scaling laws

Scaling laws (Kaplan et al., 2020; Hoffmann et al., 2022) showed that model performance improves
predictably as you increase three quantities together: number of parameters, amount of training data,
and amount of compute. This is why the same architecture, applied at 1,000x the scale, produced a
1,000x more capable assistant rather than the same one slightly better. Most of the field's progress
has come from following this curve, not from new architectural inventions.

6.5 Beyond the dense transformer — what's running in 2026

» Mixture-of-Experts (MoE) — DeepSeek-R1, Mixtral, Apple's PT-MoE. The model has
hundreds of billions of parameters but only routes each token through a small fraction (e.g. 37B
active out of 671B). Decouples compute from capacity.

* Reasoning models — OpenAl's 01/03, Claude's extended thinking, DeepSeek-R1. Trained
with RL on chain-of-thought traces so they can deliberate before answering.

e Multimodal models — GPT-40, Gemini, Claude, Llama 4 natively handle text + images (and
increasingly audio & video) in a single transformer.

* Small Language Models (SLMs) — 1B-8B parameter models (Phi, Gemma, Llama 3.2-3B)
that run on a laptop or phone with surprisingly strong performance.

* Hybrid & SSM models — Mamba, Jamba, Falcon-Mamba. Linear-time alternatives to
transformers, gaining traction for long-context use cases.
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6.6 RAG — giving an LLM access to your data

LLMs only know what was in their training data. Retrieval-Augmented Generation (RAG) is the
dominant pattern for plugging an LLM into your own knowledge base. The user query is embedded
into a vector, used to retrieve the most similar chunks from a vector database (Pinecone, Weaviate,
Qdrant, pgvector, Chroma), and those chunks are stuffed into the prompt as context. The LLM then
answers with both its parametric knowledge and the retrieved facts.

Figure 6.3 — Retrieval-Augmented Generation (RAG) Architecture

Documents - chunks —» embeddings

LLM
(prompt+chunks)

User query ErlHEE GGy Top-K chunks

(vector)
Vector DB
(Pinecone, Weaviate,
Qdrant, pgvector)

Answer

Figure 6.3 — A standard RAG pipeline. The vector database is the bridge between your private documents and the
LLM.

6.7 Prompt engineering — the user's lever

» Be specific. "Write a 300-word product description for a hiking backpack aimed at female
day-hikers" beats "write product copy".

» Give examples (few-shot). Showing 2—3 input/output pairs often dramatically improves quality.

* Break the task into steps (chain-of-thought). Ask the model to think out loud before
answering.

e Use roles & structure. System prompts, XML tags, JSON schemas. Structure constrains
output.

e Constrain length and format. "Answer in three sentences". "Return valid JSON only".

* lterate. Treat prompts as code: version them, evaluate them with a test set.
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CHAPTER 7

Al Agents & Agentic Systems

An LLM answers questions. An agent accomplishes goals. The difference sounds small but is
architecturally enormous. An agent has a loop: it reasons about what to do, takes an action (a tool
call, an API request, code execution), observes the result, and decides what to do next — until the
goal is met or it gives up. Wrapping an LLM in this loop is what unlocked the wave of "autonomous
Al" products that defined 2025 and 2026.

Figure 7.1 — Anatomy of an Al Agent

Goal / Planning &
User Prompt Rezsoning

LLM

(reasoning eore) Tools / APIs

Memorv (seaich, code,

(short + long) DB, MCP)

Observa~iion / Action /
Feedback loop Output

Loop: Perceive — Plan — Act —» Observe —» Update memory — Repeat until goal achieved

Figure 7.1 — Anatomy of an Al agent. The LLM is the reasoning core; the surrounding components turn it into an
actor.

7.1 Anatomy of an agent

» Reasoning core (the LLM): usually GPT-4-class or better; for reliable action, a reasoning
model like 03 or Claude with extended thinking is the current default.

» Goal & planning: the user instruction is decomposed into sub-tasks. Planning patterns include
ReAct (Reason+Act), Plan-and-Execute, Tree-of-Thoughts.

* Memory: short-term (the current conversation buffer), long-term (often a vector database of past
interactions or documents — a RAG layer).

» Tools / actions: the things the agent can do. Web search, code execution, calling internal APls,
guerying databases, reading and writing files, sending email.

e Environment & observation: the side-effects of tool calls become new context the agent uses
for its next step.
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» Control loop: typically capped by a maximum number of iterations and/or a budget on tokens or
money to prevent runaway behaviour.

7.2 Tool use — how agents leave the chat window

The unlock was function calling (OpenAl, 2023): the model can output a JSON object naming a tool
and its arguments, and the runtime executes the tool and feeds the result back. Modern equivalents
include Anthropic's tool use, Google's function calling and the open Model Context Protocol (MCP)
which standardises how external tools expose themselves to any compliant agent. MCP, released by
Anthropic in late 2024 and broadly adopted in 2025-2026, has become the lingua franca for
connecting agents to tools.

7.3 Agent patterns you should know

» ReAct (Reason + Act) — the model alternates between "Thought" and "Action" turns. Simple,
robust, dominant.

e Plan-and-Execute — generate a full plan up front, then execute each step. Good for
predictable workflows.

» Reflexion / self-critique — the agent reviews its own output and revises. Improves quality at
the cost of tokens.

e Multi-agent / crew — multiple specialist agents collaborate. A Researcher, a Writer, an Editor,
a QA Reviewer. More flexible, more expensive, harder to debug.

* Human-in-the-loop — the agent pauses at critical junctures and waits for human approval.
Essential for anything touching money, customer-facing comms, or production systems.

7.4 Single agent vs multi-agent — which when?

Most production deployments — including most of the well-known agent products — are
single-agent systems with a rich set of tools. Multi-agent shines when (a) you have genuinely
independent specialised sub-tasks, or (b) you want diversity of viewpoints (debate, code review,
consensus). Multi-agent costs more in tokens and latency and is harder to debug. As a rule of thumb:
start single-agent; add agents only when a specific limitation forces you to.

7.5 Where agents work — and where they don't (yet)

In 2026 agents are mature for:
e Coding assistants (Claude Code, Cursor, Codex, GitHub Copilot Workspaces) — multi-step
refactors, bug fixes, feature implementations.
» Customer-support triage, classification and resolution of well-scoped tickets.
» Research and data analysis — gather, summarise, extract, compare across many sources.

» Workflow automation — the new "Al-native" layer above tools like Zapier and n8n (covered next
chapter).

They remain unreliable for:

« Long-horizon planning across weeks of real-world activity.
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* Tasks requiring physical-world common sense or precise visual manipulation.

» Anything where a single mistake is catastrophic and oversight is impossible (truly autonomous
medical or legal decisions, for instance).

Mental model for agents

Think of an agent as a junior employee with read access to the internet, write access to a few APIs, and a
five-minute attention span. Treat it that way and you will set up the right guardrails, observability, and
review gates. Treat it like a senior expert and you will be surprised — usually badly — by what it does in
your name.
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Al Automation: From Scripts to Agentic
Workflows

"Automation" predates Al by decades. What's new is that LLMs can now be plugged into automation
as either a step in a deterministic workflow or — increasingly — as the decision-maker at the top of
one. This chapter tells you the landscape, the tools, and where the technology is going.

Scripts &
Macros

Hard-coded
sequences

~1990

Figure 8.1 — Evolution of Automation, Toward Agentic Al

Determinism

iPaaS / no-code
(Zapier, Make)

RPA
(UiPath, BluePrism)

Ul automation; If-this-then-that
brittle flows

~2005 ~2015

Autonomy

Al-enhanced Agentic
workflows Automation

LLM call LLM decides
in a step the whole flow

~2023 ~2025

Multi-Agent
Networks

Specialist agents
collaborate

~2026

Figure 8.1 — From hard-coded scripts to multi-agent networks: the same problem ("make work happen automatically")

solved with progressively more autonomy.

8.1 The spectrum, from rule-bound to autonomous

e Scripts & macros — Bash, Python cron jobs, Excel VBA. Hard-coded sequences. Brittle but
predictable.

* RPA (Robotic Process Automation) — UiPath, Blue Prism, Automation Anywhere. Records
and replays Ul clicks. Useful for automating legacy software that has no API.

e iPaaS / no-code workflow tools — Zapier, Make (formerly Integromat), n8n. "When this
happens in app X, do that in app Y." Massive integration libraries (Zapier alone connects 8,000+
apps).

* Al-enhanced workflows — the same tools but with an LLM step embedded: "summarise this
email, then route to the right Slack channel".

» Agentic automation — the LLM is no longer a step; it is the workflow. It decides which tools to
call and in what order to achieve a goal.

e Multi-agent automation — networks of specialist agents collaborate, increasingly via open
protocols like A2A (Agent-to-Agent).
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8.2 The three platforms you'll meet first

Zapier

The most accessible, with the largest integration library and the simplest trigger-action model. Now
has "Zapier Agents" for limited autonomous behaviour. Bills per task — every action counts. Ideal for
non-technical teams automating simple flows across SaaS apps. Becomes expensive at scale.

Make (formerly Integromat)

Visual scenario builder with routers, iterators and aggregators. Significantly cheaper than Zapier for
complex multi-step workflows (often ~10x less at high volume). Introduced "Maia" — a conversational
scenario builder — and an Al agent builder in 2025. Best balance of power and accessibility for
technically-minded business users.

n8n

Open-source, self-hostable (or cloud). The most Al-native of the three: native LangChain integration,
~70 Al nodes including dedicated Al Agent nodes, native RAG support with major vector DBs
(Pinecone, Weaviate, Qdrant, pgvector), persistent agent memory, and human-in-the-loop patterns.
The version 2.0 release in January 2026 cemented n8n as the platform of choice for teams building
genuine agentic workflows. Free if you self-host.

8.3 When to use traditional automation vs agents

Use deterministic workflows (Zapier-style) when:

* The steps are well-known in advance and don't change.

* Reliability matters more than flexibility.

* You need predictable cost per execution.

 The cost of an LLM mistake is high relative to the task value.

Use agentic workflows when:

* The right next step depends on context that varies case-by-case.
* The task involves reading and reasoning about natural language.
* You'd otherwise hard-code dozens of conditional branches.

* You're willing to invest in evaluation, observability and guardrails.

8.4 The new players: enterprise agentic platforms

Microsoft Copilot Studio, Salesforce Agentforce, ServiceNow Now Assist, Google Vertex Al Agent
Builder, IBM watsonx Orchestrate — every enterprise vendor has shipped an agent platform aimed at
customers already inside its ecosystem. UiPath, the largest RPA vendor, has explicitly pivoted to
"agentic automation”. Gartner's new "BOAT" category (Business Orchestration and Automation
Technologies) reflects how these previously-separate markets are merging.
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How to think about automation in 2026

Al agents are not replacing Zapier and friends — they're sitting above them as the new decision layer. The
lower-level workflow tools still do the heavy lifting of actually moving data between systems. What's
changed is that the conditional logic — "if the customer mentions refund AND has been with us > 12
months AND..." — is increasingly done by an LLM, not by 50 nested IF blocks.
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CHAPTER 9

How LLMs, Agents, Automation & ML
Interconnect

You now know the pieces. This is the chapter that fuses them into one picture. Re-read it after
Chapter 13; it will mean even more.

Figure 9.1 — How the Pieces Fit Together

is the reasoning core of

Al Agents

powers scales to

Machine / Deep Learning

drives next-gen

trains

Math & CS Foundations . Data + Compute
Al Automation

produces

Figure 9.1 — Math feeds ML; ML scales into LLMs and powers agents; agents drive the new generation of automation;
everything generates more data that feeds ML.

9.1 The dependency chain, top to bottom

Mathematics + computer science are the substrate. Without linear algebra, calculus, probability
and a decent grasp of algorithms, none of the layers above work or can be reasoned about.

Machine learning is built on math. Classical ML alone — gradient boosting, logistic regression,
k-means — runs more of the world's production Al than people realise. Most of your day-to-day work
as a practitioner will sit here.

Deep learning is ML with neural networks, especially deep ones. It dominates whenever data is
high-dimensional and abundant: vision, speech, text. Transformers are the deep-learning architecture
that ate everything.

LLMs are deep neural networks (almost always transformers) trained on text. They are still ML
models — the same training principles, optimisers, and trade-offs apply. What changed is the scale
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and the interface (natural language, in and out).

Agents are application architectures that wrap an LLM in a loop with tools and memory so it can act,
not just reply. An agent is to an LLM what an application is to a function call.

Al automation is the deployment context: how the LLMs, ML models and agents actually get plugged
into the rest of a business — a workflow, a SaaS product, a back-office process.

9.2 Differences in one table

-! Deep Learning A Agents AlAutomation

What it is Algorithms that learMironitldaizep neuraHogevoeksformers traiMedroa tert-use [Wégrkfidwgdaisen LLM-driven) that act
Primary input  Tabular data, often lateadles] audio, text Fekensir(tetxtrembde, Mgaasinatyésage foolger events + context

Primary output Prediction / classificBame — but on har@eamdaigaed tokens Actions taken in theStatddchanges across systems
Typical project Churn prediction witmg@Bolassifier with-iDuned chatbot Qodomg Easistiusth&rehifosdPiddicket triage flow
Compute scale Laptop/one CPU Single GPU to a fewrhousands of GPUARbcabéniog) hostedodelst — runs in workflow engine

Maturity in 2026 Mature Mature Maturing rapidly ~ Early production = Mature; agentic layer emerging

9.3 Where the same idea has different names

Some of the field's confusion is just renaming. "Foundation model" and "pre-trained large model"
mean essentially the same thing. "Generative Al" and "deep generative models" are nearly

synonymous in current usage. "Al assistant”, "copilot" and "agent" overlap but are not identical (an
assistant suggests; an agent acts). When in doubt, ask what the system does, not what it's called.

9.4 The data flywheel that ties it all together

Every layer feeds the next. Users interact with an automation built on an agent built on an LLM built
on deep learning built on data. Those interactions generate more data, which trains better models,
which power better agents, which enable richer automations. This flywheel is why every serious Al
company is also a data company, and why the leaders keep pulling ahead.
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CHAPTER 10

Frameworks, Programming Languages &
Tools

This chapter is the gear list. Memorising it isn't the goal; you'll absorb these by using them. But
knowing what each thing is for, and where it sits in the stack, will save you from learning the wrong
tool for your task.

10.1 Programming languages

» Python — the lingua franca. Used for ~95% of ML / DL / LLM work. Reasons: NumPy, Pandas,
scikit-learn, PyTorch, TensorFlow, Hugging Face Transformers all live here. Master this first and
the rest is optional.

* SQL — non-negotiable. Data lives in databases. You will write a lot of it. Window functions,
CTEs, joins.

e JavaScript / TypeScript — for building Al products (frontend, agent Uls). Vercel Al SDK,
LangChain.js, LangGraph JS. Increasingly important on the application side.

e C++ — used inside the deep-learning frameworks themselves and in inference engines
(Ilama.cpp, VLLM). You may need to read it; rarely write it as an ML practitioner.

*« CUDA — NVIDIA's GPU language. Most engineers consume CUDA through PyTorch and never
write a kernel. Specialists do.

* R — strong in statistics and academic research; less common in industrial ML. Optional.

e Rust & Go — used for high-performance serving (e.g. Hugging Face's
text-generation-inference, parts of vLLM, candle). Rising slowly.

10.2 Core ML libraries

* NumPy — n-dimensional arrays; the substrate for everything numerical in Python.
* Pandas — tabular data, DataFrames, time series.

« scikit-learn — classical ML algorithms with a consistent API. Your first stop for any tabular
problem.

* XGBoost, LightGBM, CatBoost — gradient-boosted decision trees. The default model class
for tabular data.

» Matplotlib, Seaborn, Plotly — visualisation.

» Polars — a faster Pandas alternative gaining serious traction; written in Rust.

10.3 Deep learning frameworks

* PyTorch — the dominant DL framework in 2026. Originally from Meta, now under the PyTorch
Foundation. Eager-mode, Pythonic, what almost all research uses and what most production now
uses. Start here.
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» TensorFlow / Keras — Google's framework. Lost mind-share to PyTorch but still strong in
production at large enterprises and on TPU.

* JAX — Google research, functional, XLA-compiled, extremely fast. Powers Google's DeepMind
work; smaller community than PyTorch.

* Hugging Face Transformers — not a separate framework but the universal model hub on top
of PyTorch / TF / JAX. Every open-weight model worth using is on HF.

» fast.ai — opinionated wrapper over PyTorch, used heavily for teaching. Jeremy Howard's
course is a remarkable accelerator.

10.4 LLM-application frameworks

* LangChain — the original LLM application framework. Vast integrations, useful chains and
tools.

» LangGraph — LangChain's graph-based agent framework, v1.0 in late 2025. By 2026 it is the
production default. Explicit state, durable execution, time-travel debugging.

e Llamalndex — strongest for retrieval-heavy applications; first-class RAG primitives.
» Vercel Al SDK — JavasScript-first; the easiest way to ship a streaming chat Ul.
* Pydantic Al — Python; type-safe outputs, lightweight.

» Mastra, Mirascope, Mirascope — newer entrants, worth watching but not yet defaults.

10.5 Agent frameworks compared

Figure 10.1 — Agent Framework Comparison (2026 composite)

Score (1 = weak, 5 = strong)
w

Ease of use Production-ready Multi-agent power Tool ecosystem Streaming / debug

=== LangGraph mmm - CrewAl mmm AutoGen / AG2 === OpenAl Agents SDK === Claude Agent SDK

Figure 10.1 — How the leading agent frameworks score in 2026 (composite of independent comparisons).

LangGraph Production-grade single-adexilfbivesate, checkpointing, durabilitySteiegeew alityngecLareg naith boilerplate
CrewAl Multi-agent crews with cledrowkest learning curve; readable role/theksrumietol; harder to debug at scale
AutoGen / AG2 (Micr@3mftersational multi-agenStresgestidebate, group-chat and codEedesccdists patteorsif loops aren't capped

OpenAl Agents SDK OpenAl-only deployments Fastest setup, integrated tracing & guanitadd to OpenAl models
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Anthropic Claude Agé&iagiekhative production é8gefiety-first, extended thinking, native M€Red to Claude models
Google ADK Vertex Al / Gemini-centric st@ckschical sub-agents, native A2A pllaghtiyl tied to Google Cloud

OpenAgents (A2A) Interoperable multi-framew@dengivetoksls (MCP + A2A); cross-fraoumgerkeageyssem

10.6 Vector databases & embedding tools

» Pinecone, Weaviate, Qdrant, Milvus — purpose-built vector databases. Pick one and learn it
well.

* pgvector — Postgres extension. Great when you already have Postgres and don't want a new
system. Often "good enough".

e Chroma, LanceDB, FAISS — lightweight, local, developer-friendly. Good for prototyping and
small deployments.

* OpenAl embeddings, Cohere embed, BGE, GTE, sentence-transformers — the embedding
models themselves. BGE and GTE lead open-weight rankings.

10.7 Workflow / automation platforms

* n8n — open-source, self-hostable, Al-native with 70+ Al nodes; first choice for technical teams
in 2026.

» Make (formerly Integromat) — best balance of visual clarity, power and price for mid-market
teams.

» Zapier — easiest, broadest integrations, expensive at volume. "Zapier Agents" added in 2025.
* Microsoft Power Automate / Copilot Studio — default if your org lives in M365.

» UiPath, Automation Anywhere — RPA leaders pivoting hard to "agentic automation"”.

10.8 Deployment, MLOps & LLMOps

* Docker & Kubernetes — containerise and orchestrate. Standard for serving.
* FastAPI — the standard Python framework for shipping ML models as HTTP APIs.

* MLflow, Weights & Biases, ClearML — experiment tracking. You will lose your mind without
one of these once you run more than a handful of experiments.

* DVC — data version control. Git for datasets.

* LangSmith, LangFuse, Helicone, Arize Phoenix — LLM-specific observability: traces,
evaluations, cost tracking.

* VLLM, TGI, TensorRT-LLM, llama.cpp — inference engines for serving open-weight LLMs
efficiently.

* Modal, Replicate, RunPod, Banana — managed GPU platforms — easy for shipping inference
without owning the hardware.
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CHAPTER 11

How to Build Your Own LLM

There are three honest answers to "how do | build my own LLM?", at three radically different difficulty
levels. This chapter walks you through all three, starting with the realistic one.

11.1 Three paths — pick the right one

* Path A — Use a hosted model. You write prompts and call an API. Zero training. Days to a
working product. This is what 99% of "Al apps" actually do.

e Path B — Fine-tune an open-weight model. You take Llama 3, Mistral, Qwen, or Gemma, and
adapt it to your task or style with a few hundred to a few thousand examples. Hours of compute
on rented GPUs. Realistic for any motivated solo developer.

e Path C — Pre-train from scratch. You build a transformer, gather hundreds of billions of
tokens, and pay for the GPU-months to train. Costs tens of thousands to millions of dollars.
Reserved for serious organisations — but worth doing in miniature, for learning.

11.2 Path A — call a hosted model (the smart starting point)

Pick a provider (Anthropic Claude, OpenAl, Google, or an open-weight host like Together, Groq,
Replicate, Fireworks). Get an API key. The Python call looks roughly like:

fromanthropic inport Anthropic

client = Anthropic()

resp = client. messages. creat e(

nmodel =" cl aude- opus-4- 7",

max_t okens=1024,

messages=[{"role": "user", "content": "Explain backpropagation."}]

)

print(resp.content[0].text)

Add retrieval (RAG) by stuffing relevant documents into the prompt. Add tools by listing them in the
request and handling the model's tool calls. This single path is enough to build genuinely useful
products.

11.3 Path B — fine-tune an open-weight model

The realistic way to "have your own LLM" is to fine-tune someone else's foundation.

Step 1 — choose a base model

Llama 3.x, Mistral / Mixtral, Qwen 2.5, Gemma 2, DeepSeek, Phi-3. For a laptop, start with a 3—8B
parameter model. For a single A100/H100, an 8-14B model fine-tunes comfortably.

Step 2 — prepare a dataset

For instruction-following: build input/output pairs (“prompt" + "completion"). For domain knowledge:
convert your documents to QA pairs, or use raw text for continued pre-training. 500-5,000
high-quality examples often beat 50,000 mediocre ones.
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Step 3 — fine-tune with LoRA / QLoRA

Full fine-tuning of even a 7B model needs serious GPU RAM. LoRA (Low-Rank Adaptation) trains
small "adapter" matrices instead of the full model — usually < 1% of the parameters — and reaches
near-equivalent quality at a fraction of the cost. QLORA adds 4-bit quantisation of the frozen base, so
you can fine-tune a 13B model on a single 24 GB consumer GPU. Hugging Face's peft and trl
libraries make this a roughly 30-line script:

fromtransformers inport AutoMdel For Causal LM Aut oTokeni zer

frompeft inport LoraConfig, get_peft_nodel

fromtrl inport SFTTrainer
from datasets inport |oad_dataset

base = "neta-|1|anw/ Ll ama- 3. 1- 8B"
tok = AutoTokeni zer.from pretrai ned(base)

nmodel = Aut ovbdel For Causal LM from pretrai ned(base, |oad_i n_4bit=True)

|l ora = LoraConfig(r=16, |ora_al pha=32,

target _nodul es=["q_proj","v_proj"],

task_t ype="CAUSAL_LM")

nmodel = get _peft_nodel (nodel, |ora)

ds = | oad_dataset ("json", data files="ny_train.jsonl")["train"]

trai ner = SFTTrai ner (nodel =nodel , trai n_dataset=ds, tokenizer=t ok,
dataset _text _field="text", max_seq_| engt h=2048)

trainer.train()

nodel . save_pretrained("./ny-finetuned-11nt)

Step 4 — evaluate

Hold out a test set; run benchmarks (MMLU, HellaSwag, your own task-specific eval). Get a human
(or another LLM as judge) to rate samples. Iterate on data and hyperparameters.

Step 5 — serve

Use VLLM or TGI for high-throughput inference. Wrap in FastAPI. Deploy to a GPU host (Modal,
Replicate, RunPod, your own Kit).

11.4 Path C — pre-train from scratch (the educational route)

Pre-training a frontier-class LLM is out of reach for an individual — GPT-4-class training runs cost an
order of $100M+. But pre-training a tiny transformer (LOM—100M parameters) from scratch on a
focused corpus is absolutely doable, and is the single best way to actually understand what an LLM
is.
The textbook recipe:

* Collect a clean corpus (say, 100M—1B tokens of code, Wikipedia, or your native language).

* Train a tokenizer (BPE or SentencePiece) on it.

 Implement a small decoder-only transformer — or fork Andrej Karpathy's nanoGPT or lim.c.

« Train for next-token prediction on a single GPU for a day or two.

* Inspect samples; they will be obviously bad and you'll understand exactly why scale matters.

* (Optional) Fine-tune with SFT data; try DPO for preference tuning.
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Recommended path for you

As a CS student, do Path A first (one week), then Path C in miniature with nanoGPT (one focused week),
then Path B properly with a real dataset (two weeks). After three or four weeks you will understand LLMs

better than 95% of people calling themselves "Al engineers".
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CHAPTER 12

How to Build Your Own Al Agent

Compared to building an LLM, building an agent is fast — most of the work is in design, evaluation
and guardrails, not training. This chapter walks the practical path: from a 50-line ReAct loop to a
production-grade agent on LangGraph.

12.1 A minimal agent in pure Python

Forget frameworks for a moment. The agent loop is twenty lines of code:

fromanthropic inport Anthropic
i mport json

client = Anthropic()
tools = [{

"name": "web_search",

"description": "Search the web and return top results.",

"input_schema": {"type":"object", "properties":{"query":{"type":"string"}},
"required":["query"]}

}

messages = [{"role":"user","content":"Find nme the | atest on Manba SSMs."}]
while True

resp = client. nmessages. creat e(

nodel =" cl aude- opus-4-7",

max_t okens=1024,

t ool s=t ool s,

messages=nessages,

)

if resp.stop_reason == "tool _use":

tu = next(b for b in resp.content if b.type == "tool _use")
result = run_ny_tool (tu.nane, tu.input) # you inplenment this
nmessages. append({"rol e":"assistant", "content": resp.content})
messages. append({"rol e":"user","content": [{"type":"tool result",
"tool _use_id":tu.id,"content":result}]})

conti nue

print(resp.content[0].text); break

That's it. Loop until the model stops calling tools. Every agent framework is, fundamentally, a smarter
wrapper around this loop.

12.2 Why use a framework, then?

» Durable execution — if your process dies mid-run, an agent on LangGraph or Temporal can
resume from where it stopped.

» Observability — traces, tokens, costs, errors, in a Ul you can actually read (LangSmith,
LangFuse, Helicone).

* Memory abstractions — short-term + long-term, persisted to a vector store, automatically.
* Human-in-the-loop — pause at sensitive steps and wait for approval.

» Multi-agent coordination — when you need it later.
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12.3 A LangGraph agent (the production-shaped path)

Sketch of a single-agent flow with a search tool and human-approval gate before destructive actions:

from | anggraph. graph i nport StateG aph, END
from | angchai n_ant hropi c i mport Chat Ant hropi c
fromtyping inport TypedDict, List

class State(TypedDict):
messages: Li st
needs_approval : bool

I'I' m = Chat Ant hr opi c(nodel ="cl aude- opus-4-7").bind_tool s([search, send_enail])

def call _nodel (state):
msg = | I minvoke(state["nmessages"])
return {"messages": state["nmessages"] + [nsg]}

def needs_approval (state):

| ast = state["nmessages"][-1]

if any(t["name"] == "send_email" for t in last.tool_calls):
return "hunman"

return "tool s"

graph = StateG aph(State)

graph. add_node("agent", call _nodel)

graph. add_node("t ool s", Tool Node([search, send_enmil]))
graph. add_node( " human", hunman_revi ew_node)

graph. set _entry_poi nt ("agent")

graph. add_condi ti onal _edges("agent", needs_approval
{"human": "human", "t ool s": "t ool s", END: END})

graph. add_edge("tool s", "agent")

graph. add_edge(" hunman", "tool s")

app = graph. conpi |l e(checkpoi nt er =nenory_saver)

12.4 Design checklist before you build

» Define the goal precisely. "Help users" is not a goal. "Triage incoming Zendesk tickets, draft a
reply for level-1 issues, escalate the rest with a one-paragraph summary" is.

* Pick the smallest set of tools. Each new tool widens the failure surface. Start with one or two.

e Decide where humans intervene. Default to human-in-the-loop until your evaluation says
otherwise.

» Set budgets. Max iterations. Max tokens per run. Max dollars per day. Agents in loops can be
expensive fast.

* Build the evaluation set first. 20—100 example tasks with known good outcomes. You will run
this every time you change the prompt.

* Instrument everything. Every LLM call, every tool call, traced and stored. You cannot improve
what you cannot see.
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12.5 Multi-agent — when to take the leap

Reach for CrewAl or AutoGen when (and only when) a single agent visibly struggles with conflicting
concerns — for example, the same agent has to both research and write and the writing always
shows research gaps, or vice versa. Split it into a researcher + writer crew and you'll often see
immediate quality gains. But each agent doubles the token bill and the latency.
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CHAPTER 13

How to Build Your Own Al Automations

Al automations are where ML meets business value. Most of them are not sexy. A bot that reads
incoming support emails, classifies them, drafts a reply for the simple ones and routes the hard ones
to humans — that bot saves a company more money in a month than a chatbot demo will save in a
year. This chapter walks through how to build them.

13.1 Three styles of automation, three different recipes

» Deterministic with an LLM step — built in Zapier, Make, n8n. Most cost-effective for stable,
known workflows.

e Agentic workflow — built in n8n's Al Agent node, in LangGraph, or in a vendor platform
(Copilot Studio, Agentforce). Best when the right next step depends on context.

» Custom orchestration — Python + queue + LangGraph. Full control, more engineering.

13.2 Build #1 — a no-code email-triage automation in n8n

This is the fastest path to a useful Al automation. Outline:

* Trigger: new email arrives in a shared Gmail inbox (Gmail node, IMAP node).

* LLM step: send the email to an Anthropic / OpenAl node with a system prompt that classifies it
into {billing, technical, complaint, other} and writes a one-sentence summary.

e Router: send each category to a different downstream branch.

* For "billing", look up the customer in your database (Postgres node) and draft a reply using a
second LLM call with the customer's data.

* For "complaint", send to a Slack channel for human handling.
* Logging: append every classification to a Google Sheet for analysis.

Total build time, on a free self-hosted n8n: under an afternoon.

13.3 Build #2 — agentic ticket resolution with LangGraph

When the support workload is bigger and you want the agent to actually solve a fraction of tickets
rather than just triage them:
« State: the current ticket text, customer record, attempted actions, draft reply.

* Tools: search the help-centre knowledge base (vector DB), look up the customer's order, issue
a refund (with human approval), create a Jira ticket for engineering.

* Nodes: classify - retrieve_context — decide_action - execute (with approval edge) -
compose_reply.
e Human-in-the-loop: any tool that costs money pauses for approval; everything else runs
autonomously.
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13.4 Build #3 — research & report agent

A workhorse pattern. The agent takes a topic, plans the research, searches the web (Tavily, Serper,
Brave Search API), reads the most promising sources, synthesises a structured report, and delivers it
as Markdown or DOCX. The end-to-end CrewAl version is ~80 lines of Python — a researcher agent,
a writer agent, an editor agent.

13.5 Patterns that will save you

» Idempotency. Build every step so re-running it is safe. Agents fail; you will re-run.

e Structured outputs. Force the LLM to return JSON or use tools instead of free-form text
wherever you need a machine to consume the output.

» Output validation. Validate the JSON against a schema before acting on it. Pydantic is your
friend.

e Caching. Cache LLM calls keyed by prompt; cache expensive tool calls. Saves real money.

» Cost dashboards. Per workflow, per customer, per day. Find the runaway loops fast.

Where to start, concretely

Take a process from your own life or studies — submitting assignments, sorting your inbox, summarising
lecture videos, tracking job applications — and automate it in n8n with one LLM step. Ship it. Use it for a
week. Then upgrade one of the LLM steps to a small agent with a tool. You will learn more from this
exercise than from any tutorial.
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CHAPTER 14

The Future of Al: Beyond the Agentic Era

Every era of Al has a defining metaphor. The 1980s had expert systems: if/then rules curated by
humans. The 2010s had deep learning: end-to-end learning from data. The early 2020s had large
language models: a single transformer that could answer almost anything. Right now, in 2026, the
metaphor is the agent: a model that perceives, plans, uses tools, and acts. But research never stops
at the metaphor of the moment. Several lines of work are already pointing past pure agentic Al toward
systems that reason more reliably, learn from less data, and run on radically different hardware. This
chapter is a guided tour of those horizons.

Figure 14.1 — Three Horizons of Al Beyond Today's Agents

HORIZON 1 (now - 2027)

Agentic Al matures

+ Multi-agent orchestration * MCP + A2A protocols standardize
* Long-horizon task execution (8+ hrs) « Reasoning models (o-series, Claude extended thinking)

HORIZON 2 (2027 - 2030)
World Models & Embodied Al

* Spatially-aware models (LeCun's JEPA, V-JEPA) « Continual / lifelong learning systems
* Robotics + Al fusion (humanoids, autonomous vehicles) « Neuro-symbolic hybrids (reasoning + learning)

HORIZON 3 (2030+)

Post-Transformer & AGI Pursuit

+ State-space models (Mamba, S4) and hybrids * Quantum-accelerated training
+ Neuromorphic chips (spiking nets, Intel Loihi) + Self-improving systems / AGI candidates

Figure 14.1 — Three horizons of Al research beyond today's agentic systems.

14.1 Why "just bigger" is no longer the answer

From 2018 to 2024, the Al playbook was simple: more parameters, more data, more compute. The
Chinchilla scaling laws gave the recipe; GPT-4, Claude 3 and Gemini 1.5 executed it. But by 2025 the
curve had bent. Frontier models are still improving, but each doubling of compute now buys a smaller
capability gain, while costs and energy use grow super-linearly. Hyperscaler capex hit roughly $325
billion in 2026 — and yet the most discussed new models of the year (DeepSeek-R1, OpenAl's
reasoning series, Anthropic's reasoning-focused releases) got better by changing how they think, not
just how big they are. This is the strongest signal that the field is moving past the brute-force phase.
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14.2 World models and JEPA: predicting reality, not tokens

Yann LeCun, Meta's chief Al scientist, has argued for years that language models are the wrong
substrate for true intelligence. His proposed alternative is the Joint-Embedding Predictive
Architecture (JEPA) — a model that learns by predicting abstract representations of the future state
of the world, not by predicting the next token. The intuition: a four-year-old who has never read a
book has a richer model of physics, causality and intention than any LLM, because the child has
watched the world for years and built compressed internal predictions of how it works.

In 2025, Meta released V-JEPA (video-JEPA) and demonstrated that a relatively small model trained
on raw video could outperform much larger models at tasks requiring physical intuition. Google
DeepMind's Genie 2 generates playable, physics-consistent 3D worlds from a single image. Together
these point at a future where the foundation model is not a text predictor but a world simulator — and
agents built on top of it can plan by mentally simulating consequences, much as humans do.

14.3 Neurosymbolic Al: reasoning on rails

Pure neural networks are extraordinary at pattern recognition and terrible at following strict rules.
Symbolic systems are the opposite: rigorous but brittle. Neurosymbolic Al tries to fuse them — a
neural network handles perception and natural language, a symbolic engine handles logic, arithmetic,
planning and verification. A 2025 PRISMA review of 178 neurosymbolic-robotics papers reported an
average 23% improvement in long-horizon robotic task success when a symbolic planner was bolted
onto an LLM-based perception system.

In production, you already see early forms of this. When ChatGPT calls a Python interpreter to do
arithmetic, that is neurosymbolic. When Claude uses a theorem-prover to check a proof, that is
neurosymbolic. The 2026 trend is to move from tool-calling (the LLM optionally invokes a symbolic
system) to tight coupling (the symbolic system constrains the LLM's outputs at the level of logits).
Expect more reliable agents — especially in legal, medical and engineering domains where being
wrong has real costs.

14.4 State-space models: a possible successor to the
transformer

The transformer's self-attention mechanism scales quadratically with sequence length. Doubling the
context window quadruples the compute. This is why even in 2026, most production LLMs cap
context at a few hundred thousand tokens. State-space models (SSMs) — particularly Mamba,
introduced by Albert Gu and Tri Dao in late 2023, and its 2024-2025 successors Mamba-2 and
Jamba — scale linearly. On long-document tasks they match transformers at a fraction of the cost.

Pure SSMs have weaknesses (they handle in-context learning less elegantly), so the dominant 2026
design is the hybrid: most layers are SSM, a few are attention. IBM's Granite-4 family, Al21's Jamba
1.5, and several Chinese frontier labs have shipped hybrid models in this style. If hybrids continue to
close the gap on quality, the transformer's reign may end the way recurrent networks' reign did in
2017 — not from a clear defeat, but from quietly losing the price-performance race.
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14.5 Neuromorphic and analog computing

GPUs are not the natural substrate for intelligence — brains run on roughly 20 watts. Neuromorphic
chips mimic biological neurons with spiking, event-driven hardware. Intel's Loihi 2 (deployed in
research clusters through 2025-2026), IBM's NorthPole, and BrainChip's Akida already run certain
workloads at 100x—1000x the energy efficiency of GPUs. They are not a general replacement, but for
always-on sensing (hearing aids, drones, loT agents) they are starting to win deployment. Beyond
neuromorphic, photonic and analog in-memory chips from companies like Lightmatter, Mythic and
Rain.Al promise further gains. If any of these scales, the economics of running Al everywhere change
profoundly.

14.6 Quantum machine learning: the long bet

Quantum computing is the most over-hyped and under-delivered area of Al's adjacent future. As of
2026, no quantum computer has produced a useful, reproducible advantage on a machine-learning
task that classical hardware could not match. That said, the underlying hardware is real and
improving — IBM, Google, Atom Computing, lonQ and PsiQuantum all crossed important milestones
in 2025. Algorithms like the Variational Quantum Eigensolver and Quantum Approximate
Optimization have natural ML analogues. Don't plan a career around it yet, but track it: a single
decisive demonstration would change which problems we consider tractable.

14.7 Multi-agent ecosystems and emergent organisations

The 2026 frontier of agents is no longer one agent — it is societies of agents. Google's A2A
(Agent-to-Agent) protocol, Anthropic's MCP, and the open OpenAgents initiative are converging
on standards for agents to discover, authenticate and delegate to each other. Once thousands of
specialist agents can interoperate, what emerges is not a single brilliant Al but an economy of them.
Microsoft Research's 2025 paper on "agent organisations” showed that letting LLM agents form
temporary hierarchies (a planner, several workers, a verifier) consistently outperformed any single
model — including on tasks the constituent models could not solve alone.

This raises new questions that aren't engineering questions. How do you audit an organisation of
agents? Who is liable when an agent hires another agent that hires a third? What happens to labour
markets when agents transact with each other autonomously? The next decade of Al may look less
like "a smarter model" and more like "a new species in the economy."”

14.8 Embodied Al and robotics

Until 2023, robotics was a separate field with its own conferences. By 2026, the line has dissolved.
Vision-language-action (VLA) models — Google's RT-2, NVIDIA's GROOT, Physical Intelligence's
10, Figure's Helix — are essentially LLMs that output motor commands as well as text. The same
scaling laws apply: more data, broader pre-training, better generalisation. Tesla Optimus, Figure 02,
Apptronik Apollo, Unitree G1 and 1X Neo are all in pilot deployments. Whether or not humanoid form
factors dominate, embodied agents will be a real category of consumer technology within five years.
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14.9 The AGI question — without the hype

Artificial General Intelligence is the field's oldest aspiration and its most abused phrase. There is no
agreed definition, no agreed test, and no agreed timeline. What we can observe: GPT-4-class models
in 2023 could not reliably do high-school maths; by 2026, reasoning models clear graduate physics
qualifying exams and Math Olympiad problems. The gap between narrow and general is shrinking
visibly. Most frontier labs (OpenAl, Anthropic, Google DeepMind, xAl, Meta FAIR) have stated belief
that AGI-like systems are achievable this decade. Independent forecasters are more conservative —
but the median forecast has moved forward several years since 2022.

The practical question for a student today is not "when will AGI arrive" but "what skills compound
regardless of whether it does?" Mathematical maturity, the ability to formalise a problem, deep
familiarity with at least one open-source ML stack, and a portfolio of shipped systems will be valuable
in every scenario — including the ones where Al capabilities surprise us.
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CHAPTER 15

The 12-Month Mastery Roadmap for a CS
Student

This is the most concrete chapter in the book. If you do nothing else, do this. Twelve months of
deliberate practice, ordered so that each month's work makes the next month possible. The schedule
assumes roughly 15-20 hours per week alongside university — heavier if you have summer time.
Adjust to your reality, but keep the order; skipping foundations almost always means relearning them
later under deadline pressure.

12-Month Mastery Roadmap for a CS Student

Months 1-2 Months 3-4 Months 5-6 Months 7-8 Months 9-10 Months 11-12

Foundations Classical ML Deep Learning LLMs & GenAl Agents & Automation | Production / MLOps

scikit-learn
Regression, Trees
SVM, k-NN, k-Means
Feature engineering
Kaggle starter projects

Hugging Face
Prompt engineering
Fine-tuning + LoRA
RAG with vector DBs

OpenAl/Anthropic APIs

LangGraph / CrewAl Docker « FastAPI
n8n / Make / Zapier CI/CD « LangSmith
MCP, A2A protocols LLMOps, evals
Multi-agent design Portfolio + capstone

Python * NumPy/Pandas
Linear algebra * Calculus
Probability & statistics
Git/GitHub

PyTorch (preferred) / TF
CNNs, RNNs/LSTMs
Transformers
FastAl / Karpathy nano-series

=10-15 hrs/week « Build a portfolio project at the end of every phase * Publish on GitHub

Figure 15.1 — Twelve-month progression from Python foundations to shipped Al systems.

15.1 Months 1-2: Python & engineering fluency

Before any ML, you need Python you don't have to think about. Decision points, data structures,
comprehensions, generators, exceptions, classes, decorators, file 1/0, virtual environments,
requirements files. Add Git from day one — branches, merges, pull requests, conflict resolution. Add
the Linux command line — grep, find, pipes, ssh, basic shell scripting. Add a real IDE — VS Code or
Cursor — and learn its shortcuts.

 Deliverables this stage:

A personal GitHub with at least three small Python projects (a CLI tool, a web scraper, a small
Flask or FastAPI app).

* You can write a class that reads a CSV, manipulates it, and writes JSON, in under ten minutes
without looking anything up.

» A working dotfiles repository (your shell, editor, git config).

Compiled for a CS student « 2026 edition



Al MASTERY — LLMs, AGENTS, AUTOMATION & MACHINE LEARNING Page 44

15.2 Months 3—-4: Mathematics for ML

Don't try to derive proofs. Aim for operational understanding: when you see a matrix multiplication,
you know what it does; when you see a gradient, you can sketch why descending it minimises loss.
Cover linear algebra (vectors, matrices, eigenvalues, SVD), calculus (derivatives, partials, chain rule,
gradient descent), probability (distributions, Bayes' rule, expectation, variance), and a little statistics
(hypothesis tests, confidence intervals, the Central Limit Theorem).

* Best free resources:
» 3BluelBrown — Essence of Linear Algebra and Essence of Calculus, visual and unforgettable.
* Khan Academy — probability and statistics modules.

» Mathematics for Machine Learning by Deisenroth, Faisal & Ong — free PDF, the canonical
bridge book.

 Pattern Recognition and Machine Learning by Bishop — harder, but the gold standard.

15.3 Months 4-5: Classical machine learning

Before deep learning, learn classical ML. It is still the right answer for most tabular problems, and the
concepts (train/test split, cross-validation, regularisation, overfitting, bias-variance trade-off) are
foundational. Use scikit-learn as your sandbox; use XGBoost or LightGBM when you outgrow it.
Andrew Ng's Machine Learning Specialization on Coursera is still the best paid course; if money is
tight, his older free Stanford CS229 lectures are on YouTube.

e Deliverables:

* A Kaggle account with at least two completed competitions (even if you finish in the bottom half
— the process is the lesson).

« A clean Jupyter notebook that ingests data, does EDA, trains three models, evaluates them, and
explains the result in plain English.

* You can recite, unprompted, the difference between bias and variance and how to diagnose
each.

15.4 Months 5-7: Deep learning

Pick one framework and go deep. In 2026, that means PyTorch. Work through the official tutorials.
Then take Andrew Ng's Deep Learning Specialization on Coursera or the legendary fast.ai course by
Jeremy Howard — both are excellent, with different philosophies. Build a CNN image classifier from
scratch. Build a small RNN or LSTM. Then implement a tiny transformer from scratch following Andrej
Karpathy's nanoGPT tutorial — it is the single most educational few-hundred-line repository in
modern Al.

e Deliverables:

* A working image classifier you trained on a public dataset (CIFAR-10 or similar) with
documented accuracy.

* A trained nanoGPT that can generate plausible-looking Shakespeare or code.

* You can sketch the forward pass of a transformer block on a whiteboard, including attention.
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15.5 Months 7-8: Large language models in depth

Now you are ready for the modern stack. Read the original Attention Is All You Need paper (Vaswani
et al., 2017). Read the InstructGPT paper (Ouyang et al., 2022) for RLHF. Read the Chinchilla paper
for scaling laws. Read the LoRA paper for parameter-efficient fine-tuning. Get hands-on with
Hugging Face Transformers. Fine-tune a small open model (Llama, Mistral or Qwen) on a domain
you care about using PEFT and QLoORA. Learn prompt engineering empirically — not from
social-media threads but from running your own experiments.

* Deliverables:

* A fine-tuned model on Hugging Face Hub (public, with a README).

» A small RAG application over a corpus you care about — class notes, a hobby topic, your own
writing.

» Comfort reading arXiv papers in the Al/ML category; you'll never read them all, but you should
be able to extract the contribution and the experimental setup in 20 minutes.

15.6 Months 8-10: Agents and orchestration

Start with the bare ReAct loop you saw in Chapter 12: prompt - parse - tool - observation —
repeat. Once you've built it from scratch, graduate to a real framework. LangGraph is the safest bet
for 2026 production work, CrewAl is the fastest way to ship a multi-agent prototype, Microsoft Agent
Framework (the AutoGen/Semantic Kernel merger) is the strongest choice if you're in a Microsoft
shop. Build at least one agent that uses three real tools (a search API, a database, a code
interpreter). Add memory. Add human-in-the-loop checkpoints.

* Deliverables:

» A research-assistant agent that takes a topic, searches the web, summarises findings, and
writes a markdown report.

* A multi-agent system (planner + worker + verifier) that solves a non-trivial task end-to-end.

* You have read and understood the Model Context Protocol (MCP) specification.

15.7 Months 10-11: Automation & production deployment

Pure model work is academic until it ships. Learn at least one visual automation platform — n8n is
the best to invest in (open-source, self-hostable, deepest Al integration), with Make or Zapier as
alternatives. Then learn the production basics: Docker for containerisation, FastAPI for serving
models, basic CI/CD with GitHub Actions, and deployment to AWS, GCP or Azure (pick one, learn it
well). Add LangSmith or another LLM observability tool so you can debug what your agent actually
did in production.

* Deliverables:
* A live, deployed Al service with a URL anyone can use (a personal portfolio item).
« A self-hosted n8n instance running at least one end-to-end automation that uses an LLM.

* You can answer the question "what happens when this fails?" for every step of one of your
pipelines.
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15.8 Month 12: Capstone & portfolio

The final month is portfolio-shaping. Pick one project from the previous eleven months and make it
excellent. Write a thorough README. Record a two-minute demo video. Write a blog post explaining
what you built and why. Apply to internships, open-source projects, research groups. The applications
are themselves a forcing function: they will reveal exactly which parts of your portfolio convince
strangers and which don't.

15.9 After month 12: specialisation

By the end of twelve months you should be clearly above the median CS graduate in employability for
Al roles. The next decision is direction. The five paths with the strongest 2026 demand are:
e+ ML / Al Engineer — building production Al systems. Median path; broadest demand.

» » Applied research / research engineer — works alongside research scientists on novel
models. Harder bar; higher ceiling.

e+ LLM/agent infrastructure — building the platforms others build agents on. Highest leverage;
high pay.

e« Al product engineer — the bridge between models and users. The fastest-growing category,
in our view.

» « Domain-specialised Al engineer — Al in medicine, law, finance, scientific computing. Less
competitive than generic ML; deeper moats.
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CHAPTER 16

Market & Industry Statistics: The 2026
Picture

Page 47

This chapter is your data sheet. Numbers go stale, so treat them as a snapshot of mid-2026 sourced
from major analyst firms (Gartner, IDC, McKinsey, Stanford Al Index), public company filings, and
announced funding rounds. Use them in conversations, applications and decisions — but verify

against the original sources for any high-stakes claim.

16.1 The market in one chart

Figure 16.1 — Global Al Market Size — Actual + Forecast (2024 - 2031)
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Figure 16.1 — Global Al market size 2024-2031 (analyst consensus).

The global Al market reached approximately $514.5 billion in 2026, up roughly 19% from 2025.
Consensus forecasts place it at $1.68-$1.81 trillion by 2030-2031, a compound growth rate of
approximately 28%. For context, that makes Al the fastest-growing category in enterprise software,

exceeding cloud computing in its peak years.
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16.2 Adoption and the agentic shift

Figure 16.2 — How Quickly Enterprises Are Adopting Al and Agents

Enterprise Al Adoption (2026) Rise of Agentic Al in Enterprise (2023 - 2027)
Source: Stanford Al Index 2026, McKinsey Source: McKinsey, Gartner forecasts
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Figure 16.2 — Enterprise Al adoption and the rapid rise of production agents.

McKinsey's State of Al survey reports 88% of organisations use Al in at least one business function
in 2026, up from 78% in 2024 and 55% in 2022. More striking is the agentic shift: 51% of enterprises
report agents running in production, up from 44% in late 2025 and effectively zero in 2023. The
pattern is clear — companies adopted generative Al cautiously, then pivoted hard once early agent
deployments showed ROI.

16.3 The frontier labs

e » OpenAl — valued at approximately $852 hillion in March 2026 following a $40B funding round
led by SoftBank. Reported annualised revenue around $13B.

e « Anthropic — reached $30B annualised revenue in April 2026. Valuation in the $150-180B
range following 2025 funding rounds.

* » Google DeepMind — part of Alphabet; Gemini family deeply integrated into Google products.
Estimated Al revenue contribution to Alphabet exceeds $50B.

* « XAl — Elon Musk's lab; reported $50B valuation after 2025 Series C.

e« Meta FAIR / GenAl — Llama models remain the open-weight default; Meta committed roughly
$65B in Al capex for 2026.

« » Mistral, DeepSeek, Qwen (Alibaba), 01.Al, Cohere — the credible non-Anglo and challenger
frontier.
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16.4 Compute spending

The hyperscalers (Microsoft, Google, Amazon, Meta, Oracle, plus emerging Chinese players) are
projected to spend approximately $325 billion in 2026 on Al infrastructure — data centers, GPUs,
networking and power. NVIDIA's H100 and B200 GPUs remain dominant; AMD's MI300 series has
captured meaningful share; Google's TPU v5p, Amazon's Trainium 2, and several Chinese
accelerators have emerged as credible alternatives. Power, not silicon, is now the binding constraint
— in 2026 the question is no longer "can we get GPUs?" but "can we get a 500 MW substation by
2028?"

16.5 Frameworks & tools by usage share

e« PyTorch — dominant ML framework, ~70% of new research and a clear majority of production
deployments.

» » TensorFlow / Keras — still significant in enterprise, especially for legacy systems and mobile
(TF Lite).

« ¢« JAX — strong in research labs (used internally by Google DeepMind and Anthropic for some
workloads).

« » Hugging Face — the de facto model registry; over a million public models hosted, used by an
estimated >75% of LLM practitioners.

e ¢« LangChain & LangGraph — most-used agent framework, ~$50B+ in apps reported built on
top.

e »« CrewAl — the fastest-growing multi-agent framework by GitHub stars in 2025-2026.

** n8n — valued at $2.5B in 2026; the open-source automation leader in the Al-native era.

16.6 Talent, salaries, and the labour market

Figure 16.3 — Global Jobs Impact of Al by 2030
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Figure 16.3 — WEF Future of Jobs 2025: Al-related job creation outpaces displacement.
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The World Economic Forum's Future of Jobs 2025 report estimated 92 million jobs displaced
globally by 2030 due to automation, but 170 million created, for a net positive of 78 million. The
distribution is uneven: clerical, administrative and entry-level white-collar roles are most exposed; Al
engineering, data, renewable-energy and care-economy roles dominate the growth. Workers with Al
skills command an estimated 56% wage premium over comparable roles without them — up from
25% in 2023.

For a CS student in 2026, this is the most actionable statistic in the entire book. Whatever else you
choose to specialise in, layer Al competence on top of it. The premium is real, the demand is durable,
and the gap between practitioners and pretenders is wide and growing.
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CHAPTER 17

Capstone: Putting It All Together

You have reached the last chapter. Take stock. You started this book knowing the basics of computer
science. You now have a complete mental map of modern Al — from the gradient descent that trains
a neural network, through the transformer that powers a language model, to the agent that uses that
language model to act in the world, to the automation pipeline that puts those agents into production,
to the research horizons that will reshape the field in the next decade. That is a real foundation. Now
you build on it.

17.1 The three mental models to keep

e 1. The stack. Al -~ ML - DL - LLMs - Agents — Automation. Each layer composes the
previous. When you read about a new product, ask: which layer is this, and what's underneath it?

* 2. The loop. Modern agentic systems are perceive - reason - act —» observe - repeat. When
something fails, ask which step broke.

» 3. The flywheel. Users generate data, data trains models, models enable products, products
attract users. Al businesses are data businesses. Al careers can be data careers too — the
engineers who own a data flywheel are valuable for as long as the flywheel turns.

17.2 Six capstone project ideas, ranked by difficulty

e 1. Personal RAG assistant (1-2 weeks, beginner). Index your own documents — class notes,
journal entries, code — into a vector store, expose a chat Ul. Variants: code search, paper
search, recipe lookup.

e 2. Multi-source research agent (2-3 weeks, intermediate). LangGraph agent that, given a
topic, searches web + arXiv + GitHub, deduplicates, summarises and writes a structured report.
Add citation tracking.

3. Voice-driven home assistant (3 weeks, intermediate). Whisper for speech-to-text, an LLM
for intent and response, TTS for output, MCP connectors for actions (lights, music, calendar).
Runs on a Raspberry Pi.

* 4. Fine-tuned domain expert (3—4 weeks, intermediate). Pick a narrow domain (Urdu poetry,
cricket statistics, a programming language's stdlib), assemble a dataset, QLoRA-fine-tune a
7-13B model, evaluate, publish to Hugging Face Hub with a model card.

* 5. End-to-end automation product (1 month+, advanced). A real workflow for a real customer
(a small business in your city, a club, a friend's startup). LLM-powered triage, structured outputs,
retry logic, monitoring. This is the project that gets you a job.

e 6. From-scratch tiny model (1 month, advanced). Implement a transformer from scratch in
PyTorch (no Hugging Face). Train it on a small corpus. Write a blog post explaining every line.
Bonus: implement Mamba and compare. This is the project that gets you into a research group.
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17.3 Habits of people who keep up

« « Read the field's primary literature. Aim for one arXiv paper a week, even if you only read the
abstract and figures. After a year you will have an intuition no Twitter feed can give you.

e » Subscribe to the synthesisers. Andrej Karpathy (videos), Lilian Weng's blog, Sebastian
Raschka's Substack, Simon Willison's blog, The Batch newsletter by Deeplearning.Al,
Stratechery (for business angles). Skip the influencer slop.

» « Use the tools you write about. If you read about a new framework, install it the same day.
Knowledge that doesn't pass through your fingers evaporates.

e « Teach. Write blog posts. Make YouTube videos. Answer questions on Stack Overflow or
Discord. Teaching is the fastest debugger of your own understanding.

« ¢ Ship. A small finished thing beats a large unfinished thing every time. The world is full of
brilliant people with empty GitHubs.

17.4 A closing thought

Every generation of computing has a moment when the rules are still being written and the people
who learn it deeply, early, define what comes next. The pioneers of personal computing in the 1980s,
the web in the 1990s, mobile in the 2000s, cloud and ML in the 2010s — they were not, on the whole,
more intelligent than their peers. They were more willing. Willing to learn in public, to ship before
things were perfect, to choose the unfashionable deep work over the fashionable hot take.

You are at one of those moments. The next decade of Al will be defined by people who are
graduating from computer-science programmes right now — people in your exact position. Some of
them will be sitting in better-resourced classrooms than yours. The internet has made that gap
smaller than it has ever been. The libraries you need are free. The papers are free. The communities
are free. What you choose to do with the next twelve months is mostly up to you.

Use this book as a map, not a destination. Pick a chapter, build something, come back. Pick another,
build something, come back. In a year you will be a different engineer. In five, you will be the kind of
engineer who writes the next version of this book.
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CHAPTER 18

Going Open Source: Build Without
Breaking the Bank

Up to this point the book has assumed you might use commercial APIs (OpenAl, Anthropic, Google)
or premium SaaS (Zapier, Make). Many of you cannot. A student in Kharian paying in rupees feels
API bills very differently from a funded startup in San Francisco. Fortunately, the open-source Al
ecosystem in 2026 is the strongest it has ever been — close enough to frontier quality that, for most
learning and many production projects, you genuinely do not need to pay for anything beyond
electricity and a modest GPU rental. This chapter is your map of the free road.

18.1 What "open source" means in Al — with caveats

"Open source Al" is a contested term. The strictest definition (used by the Open Source Initiative's
2024 OSAID standard) requires open weights, open training code, and open training data. Almost no
major model meets all three. The looser, more common usage means open-weights: the model
parameters are downloadable, runnable and fine-tunable, even if the training data isn't disclosed.
Llama is open-weights but not OSAID-open. OLMo and BLOOM are closer to fully open. Mistral
started open, then partially closed. Always check the license: some open-weights models (Llama 3,
Gemma) have acceptable-use restrictions; others (Apache 2.0, MIT) are unrestricted.

18.2 Open-weights LLMs you can actually use in 2026

The open ecosystem has converged on a handful of families, each with a distinct philosophy.
Numbers shift monthly; treat this as the snapshot of early-to-mid 2026.

Llama 3/3.3 (Meta) 1B, 3B, 8B, 70B, 405BStrongest all-rounder; vast tooling ecosystent; lamkilB@amhmunity (mostly permissive, AUP)
Qwen 2.5/ 3 (Alibaba) 0.5B to 72B + 235B M@Hten best-in-class at sizes <30B; strong codiyge&hedil) upstisizesiilingual incl. Urdu

DeepSeek-V3/R1 236B MoE / 671B MoHE-(8rBeactaspning at open-weights; cheap tovlifi-dieriMedt; R1 is a genuine reasoning model

Mistral / Mixtral 7B, 8x7B, 8x22B, Nen0lé2B fast, well-engineered; the easy defaulXpa¢hedpr@doldatp/residzhcy
Gemma 2/ 3 (Google) 2B, 9B, 27B Excellent quality-per-parameter; tight integrati®ernvith Beogle (pelimissive AUP)
Phi-3 / Phi-4 (Microsof.8B, 7B, 14B Trained on "textbook-quality" data; very stronigldt small sizes for reasoning

Yi (01.Al) 6B, 9B, 34B Strong bilingual EN/ZH; competitive at the 34Bpaainé 2.0

OLMo / OLMoE (Al2) 1B, 7B, 13B Truly open: weights + data + code. Best for régescbh ardlteaprimgata

Falcon 3 (TII) 1B, 3B, 7B, 10B Edge-friendly; good multilingual coverage  Apache 2.0 derivative

* Where to find them all in one place: huggingface.co/models — the GitHub of model weights.
Sort by trending, downloads, or task.
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18.3 Tools to run open LLMs locally (no cloud needed)

e « Ollama — the easiest. One install command, then ollama run llama3.2 and you have a
working LLM in your terminal. Quantises models automatically. Runs on Mac, Linux, Windows.
Best starting point.

e« LM Studio — GUI alternative to Ollama. Chat interface, model browser, OpenAl-compatible
local API. Friendliest for non-CLI users.

e ¢ [lama.cpp — the C++ engine behind Ollama and many others. Runs LLMs efficiently on CPU,
GPU, even Raspberry Pi. The 'GGUF' file format you'll see everywhere comes from here.

e « VLLM — the production-grade open-source inference server. Highest throughput for serving
multiple users. Use when you outgrow Ollama.

» » Text Generation Inference (TGI) — Hugging Face's production server. Good alternative to
VLLM, especially if you're already in the HF ecosystem.

e« MLX (Apple Silicon) — if you have an M-series Mac, MLX runs models faster than llama.cpp
on the same hardware.

18.4 Open-source tools to fine-tune LLMs

Running an open model is free. Customising it to your domain (medical Q&A in Urdu, your company's
tone of voice, your university's coursework) is where the value compounds. These are the tools that
make fine-tuning approachable:

e ¢« Hugging Face Transformers + PEFT + TRL — the canonical stack. PEFT handles
LoRA/QLoRA; TRL handles RLHF/DPO. Full Python API; works with any model.

e ¢ Unsloth — a drop-in replacement that runs LoRA fine-tuning ~2x faster with ~60% less
VRAM. Free tier handles single-GPU; you can fine-tune a 7B model on a free Colab notebook.
Highly recommended starting point.

» » Axolotl — YAML-config-driven fine-tuning. You write a config file instead of code. Great for
reproducibility and for running many experiments. Used widely by hobbyists who train custom
models.

e o L LaMA-Factory — web Ul + CLI for fine-tuning. Supports most open models. Good for
non-Python-first practitioners.

¢ torchtune — PyTorch's official fine-tuning library. Clean, documented, low-magic. Best if you
want to understand exactly what's happening.

» « DeepSpeed / FSDP — for distributed training across multiple GPUs. Needed only when you
outgrow single-GPU fine-tuning.

« * bitsandbytes — the quantisation library underneath QLoRA. Lets you load a 13B model in
8GB of VRAM.

18.5 Free and cheap compute to actually train on

You can't fine-tune on a phone. But you don't need to buy a $2000 GPU either.

« « Google Colab (free tier) — ~12 hours/day of a T4 (16GB). Enough to fine-tune a 7B model
with QLoRA + Unsloth. The free starting point.
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» » Kaggle Notebooks — 30 free GPU hours/week on P100 or T4x2. Often more generous than
Colab free.

» ¢ Lightning Al Studios — free monthly GPU credits, persistent environments. Better for
sustained projects than ephemeral notebooks.

e « Hugging Face Spaces — free ZeroGPU tier (A100 on demand, rate-limited). Excellent for
hosting demos.

e « RunPod, Vast.ai, TensorDock — cheap GPU rentals. RTX 4090 from $0.30/hr, A100 from
~$1.20/hr, H100 from ~$2/hr. Pay only for what you use; spin down when done.

« « Modal, Beam, Replicate, Baseten — serverless GPU. Pay per second. Free credits typically
available on signup.

« « Groq, Together Al, Fireworks, Deeplinfra, Cerebras Inference — API providers for open
models. Cheaper than OpenAl/Anthropic and they serve open weights you can also self-host.
Good middle ground when you want quality without operating servers.

18.6 Open-source agent frameworks

Every major agent framework discussed in Chapter 10 is open source. To re-anchor:
e ¢ LangChain & LangGraph — MIT-licensed; the production default. LangSmith (the
observability tool) has a paid tier but a generous free one.
» « CrewAl — MIT-licensed; fastest path to a multi-agent prototype.
* » AutoGen / Microsoft Agent Framework — MIT-licensed; Microsoft-backed.
e ¢ Llamalndex — MIT-licensed; the strongest RAG-oriented framework.

* « Smolagents (Hugging Face) — tiny, code-first agent library. Often the right answer when
LangGraph feels too heavy for what you're building.

« » Pydantic Al — type-safe agents in pure Pydantic. Clean API; growing fast in 2026.

» « DSPy (Stanford) — not exactly a framework; a paradigm where you write programs and DSPy
optimises the prompts for you. Worth knowing.

 « Haystack — older, mature RAG framework; production-friendly.

¢ Letta (formerly MemGPT) — specialises in agents with long-term memory.

18.7 Open-source vector databases (the memory layer)

e « Chroma — the easiest to start with. Pure Python, embeds itself, no server needed for
prototyping.

» » Qdrant — Rust-based, very fast, runs in a Docker container, scales to billions of vectors.

» « Weaviate — mature, feature-rich (hybrid search, multi-tenancy), GraphQL API.

* » Milvus — battle-tested at scale; what large enterprises run.

» e pgvector — PostgreSQL extension. The right answer if you already use Postgres. Underrated.
¢ LanceDB — on-disk vector DB designed for Al workloads, multi-modal support.

e « FAISS (Meta) — the library, not a server. Lowest-level option; embed it in your app for
maximum control.
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18.8 Open-source automation platforms

The story here is even better than for LLMs — you can replace Zapier entirely with self-hosted open
source for free.

» « n8n — the leader. Open-core (Sustainable Use Licence); self-hosting is free for personal and
most internal use. Visual workflows, 1000+ integrations, deep LangChain integration. Run in
Docker in ten minutes.

» » Activepieces — MIT-licensed (truly open-source). Visual no-code automation platform. The
most permissive licence among major options.

e« Windmill — OSS workflow engine where you can write Python, TypeScript or Go scripts as
building blocks. Developer-first.

* « Node-RED — long-established (originally IBM), Apache 2.0. Big in 10T; works fine for general
automation.

e « Huginn — MIT, Ruby-based, the granddaddy of self-hosted automation. "Agents that monitor
and act on your behalf," long before LLM agents.

*+ Apache Airflow / Prefect / Dagster — data-pipeline-focused; use when your workflow is more
ETL than triggered-event. All free, all open-source, all production-grade.

e « Temporal — the engine you want when workflows need to be reliable across crashes and
retries. Open-source core; harder to learn but worth it for serious systems.

e « Open WebUI — the open-source ChatGPT-like Ul for Ollama. Self-host a private ChatGPT in
5 minutes.

18.9 Limitations of going fully open-source

This isn't a free lunch. Be honest about the trade-offs:

e ¢ Quality gap at the frontier. The very best open-weights models (Llama 3.3 405B,
DeepSeek-R1, Qwen 3 235B) match GPT-4-class performance from 2024 but typically trail
current frontier models like Claude Opus 4.7, GPT-5 and Gemini 3 by six to twelve months. For
reasoning-heavy work this matters.

 « Multi-modal lags. Open models for vision and audio exist (LLaVA, Qwen-VL, Pixtral, Whisper)
but the gap to frontier multimodal is wider than for text.

e » Operational burden. You become your own SRE. Inference servers crash. Models drift.
Quantisation introduces subtle quality regressions. Time you spend on this is time you don't
spend on the actual problem.

» « Hardware floor. The biggest open models still need expensive GPUs to run at acceptable
speed. A 70B model in production needs at least one A100.

e « Documentation variance. Some projects are beautifully documented (Hugging Face,
LangChain). Others have ten-step setup guides that need three patches before they work.

e ¢ Licence subtleties. Some "open" licences forbid commercial use, or use above revenue
thresholds, or use by competitors. Always read the licence before you build a product on it.

« « Slower release of cutting-edge capabilities. When a new technique (test-time compute
scaling, multimodal reasoning) lands at a frontier lab, open-source replications typically follow 3-9
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months later.

18.10 Pros and cons: building your own LLM vs. using an
existing one

"Build your own LLM" can mean three different things. Be clear which you're choosing.

What it means When it's right When it's wrong

Pre-train from scratcfirain a transformer from rando81Qi¢ight\bn reRetmdrch; learning; a unique data Alivastayeryoconaadseidlgsurpose

Continue-pretrain anTgienLaowdéQwen, train furthei$60g«a0domailY corparge a large domain corpus (1Bedittalateggb reevdirntesksiding <paeialiskbat)
Fine-tune an open madplgiSHTAxERAJ model on yoB6t&Skdata  You have task examples; want betauioneesthiftomiset reelsdiuisiingyou have <100 examples
RAG over an open midep the model fixed; inject rel$0ebt@@intext akqoergtigesis dynamic; you need citatioresdibehesij@urshange, not knowledge change

Prompt + open modelUséan existing model via TogeiB<35B fony FincdinigeABarning; prototyping; smalllsaadelatency/privacy/cost constraints at large scale

Pros of building (or heavily customising) your own model
« « Data sovereignty. Sensitive inputs never leave your hardware. Decisive for healthcare, legal,
defence.
« « Predictable cost. Fixed inference cost; no surprises when usage spikes.
* + No rate limits or quota changes. Your model, your throughput.

» »« No vendor lock-in. The vendor can't deprecate you, change pricing or change the model's
behaviour overnight.

* « Domain specialisation. A well-fine-tuned 8B model can beat GPT-4 on a narrow task by
10-20 percentage points.

» « Latency control. You decide whether to run on a fast GPU or a slow CPU; the trade-off is
yours.

« « Educational value. If you've never trained a model, you don't really understand them. This is
the single biggest career-multiplier in the list.

Cons of building your own model
*+ You will almost always be behind frontier quality. Closing the gap with even Llama 3.3 70B
requires non-trivial compute.
»« Engineering time is the real cost. The GPU bill is small next to your hours.

e « You own evaluation forever. Frontier APIs come with implicit safety/quality work that you
now inherit.

¢« Hallucinations don't disappear. They just become your problem.

« « Catastrophic forgetting. Naive fine-tuning can degrade general capabilities while improving
narrow ones.

e « Compliance complexity. When the model is on your hardware, you bear the regulatory
weight (GDPR, HIPAA, EU Al Act).
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Pros and cons of using open source vs. proprietary APIs

Dimension

Cost at small scale
Cost at large scale
Quality at the frontier
Privacy

Latency control
Customisation

Time to first result
Operational burden

Long-term continuity

Compute only (often free)
Lower (amortised servers)
6-12 months behind

Fully under your control
Yours to optimise

Anything (weights are yours)
Hours-days

High

Strong (weights persist)

Pay per token; free tier exists
Higher; can dominate margins
Frontier

Vendor's promise + contract
Best-effort

Limited to prompts + tools
Minutes

Low

Vendor-dependent

In practice, mature teams in 2026 run hybrid stacks: open models for the easy 80% of queries
(cheap, private), frontier APIs for the hard 20% (quality matters). The skill is knowing which is which
— and most senior Al engineering interviews probe exactly this judgement.

18.11 A concrete open-source mastery route

This is the same shape as the Chapter 15 roadmap, but rebuilt assuming you will spend close to
zero. Every step uses free or near-free tools.

Stage 1 (Weeks 1-2): Run a model on your own machine

« ¢ Install Ollama on your laptop. Run ollama run llama3.2 — that's it, you have an LLM.

e« Try Qwen 2.5 7B (best small bilingual), Phi-4 (best reasoning at small size), Gemma 2 9B

(Google's offering).

« « Install Open WebUI: now you have a private ChatGPT clone, fully local, with chat history and

personas.

e« Qutcome: you understand that an LLM is just a file you run, not a magic service.

Stage 2 (Weeks 3-4): Hit the model with code

« » Use Ollama's OpenAl-compatible API. Write a Python script that asks the local LLM questions.

* « Build a tiny RAG: load 10 of your class PDFs into Chroma, query them with your local LLM,

get cited answers.

» « Qutcome: a working knowledge-base chatbot — private, free, on your laptop.

Stage 3 (Weeks 5-6): Build agents on top

« « Pick LangGraph or Smolagents. Build a research agent that uses your local LLM + free
web-search APIs (Tavily free tier, SearXNG, DuckDuckGo).

 « Add tools: a Python REPL, a calculator, a date/time tool.
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* « Qutcome: an agent built end-to-end with zero per-token costs.

Stage 4 (Weeks 7-8): Self-host an automation platform
* « Run n8n in Docker on your laptop (or a $5/month VPS like Hetzner CX11). Build three
automations: daily news digest, RSS-to-Telegram, GitHub-issues-to-spreadsheet.
¢« Plug your local LLM in via n8n's LangChain nodes.

« « Qutcome: you've replaced what would be ~$50/month of Zapier with a stack that costs at most
$5.

Stage 5 (Weeks 9-12): Fine-tune your first model

e » Use Unsloth on free Colab. Pick a 7-8B open model. Pick a niche dataset (cricket
commentary, Urdu poetry, your coursework, customer-support transcripts you collected).

» « Run QLoRA for a few hundred steps. Evaluate against the base model on held-out examples.
* » Push to Hugging Face Hub with a clean model card.

e « Qutcome: a model with your name on it, on the internet, that demonstrably outperforms the
base model on something. This single artifact will land internship interviews.

Stage 6 (Weeks 13-20): Compose everything end-to-end
« « Build a real product: a domain-expert agent using your fine-tuned model, RAG over a curated
corpus, exposed via FastAPI, with n8n triggering it on real events.

« ¢ Deploy on a cheap VPS or RunPod. Add basic monitoring with Langfuse (open-source LLM
observability) or Phoenix (Arize's open-source tool).

e « Qutcome: a real, shipped system — built almost entirely on open source — that you can
demo, blog about, and add to a CV.

Stage 7 (Weeks 21+): The optional research milestone
¢ Implement a transformer from scratch in PyTorch following nanoGPT. Train it on TinyStories
for a few hours on rented compute (~$5).
« « [f you make it through that: implement Mamba/SSM. Compare. Write up your findings.

e« Qutcome: you are now in the small minority of CS graduates who have actually pre-trained a
language model. The doors this opens for research-track roles are disproportionate.

18.12 Tracking the open ecosystem

Open Al moves fast. To stay current:

e o r/LocalLLaMA on Reddit — the centre of gravity for new open-weights releases.
e » Hugging Face's trending page — what people are downloading right now.

e« The Open LLM Leaderboard (Hugging Face) — benchmarks of open models. Take any
leaderboard with a pinch of salt; benchmark contamination is rampant.

e ¢« Chatbot Arena (Imarena.ai) — the most trusted ranking; humans blind-compare model
outputs.

e« Smol Al newsletter — weekly digest of open developments.
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e « The Unofficial Local LLM YouTube creators (e.g., Sam Witteveen, Matthew Berman,
Prompt Engineering, Al Jason) — running commentary on new releases.

18.13 A closing nuance

Open source is not morally superior to closed APls — both have their place. What open source does
guarantee is that capability is not enclosed. A student in Kharian today can download the same
weights that a researcher at a frontier lab works with. That has never been true in any prior wave of
computing. The personal computer was open in hardware but closed in software (Microsoft, Apple).
The internet was open in protocols but rapidly closed in platforms. Al in 2026 is, against all early
predictions, more open than any of them at the same maturity. Don't waste that. Build something.
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CHAPTER 19

A Plain-English Primer: LLMs, Agents &
Automation

Every previous chapter assumed you wanted the engineering view. This one assumes you want the
understanding view. We will walk through each of the three central ideas of modern Al — large
language models, Al agents, and Al automation — in three passes. First in plain English with no
jargon. Then with the next layer of detail. Then in full technical depth. Read whichever pass matches
your current audience. When you have to explain Al to a non-technical manager, your professor, your
parents or a client, the first pass is what you reach for; when you have to convince a senior engineer
that you understand the system, the third pass is.

19.1 Large Language Models

19.1.1 Plain English

Imagine a friend who has read almost every book, article and forum post on the internet up to a
certain year. They read so much that they don't really "remember" any of it word-for-word; instead
they have developed a strong intuition for how language works, what tends to follow what, and how
ideas normally connect. You can ask them almost any question and they will give you a plausible,
often correct answer — not because they looked it up, but because their intuition fills in the most likely
response.

That is a large language model. It is not a database, not a search engine, and not a person. It is a
very sophisticated pattern-matcher for human language. When you type a question into ChatGPT or
Claude, the model is not "thinking" in the way you do; it is taking your words, comparing them against
the patterns it learned, and producing the response that its training has made most likely. That is also
why it can confidently say things that are wrong — a confidently wrong sentence can look statistically
very similar to a confidently right one.

Three properties matter for everyday use. It has a knowledge cutoff: there is a date after which it
has read nothing. It does not know what is true: it knows what tends to be said. It is excellent at
language, reasonable at facts, decent at simple reasoning, and weakest at long, careful
multi-step thinking — though the newest "reasoning” models close that last gap considerably.

19.1.2 One level deeper

Underneath, an LLM does exactly one thing: it predicts the next word. More precisely, it predicts the
next token (usually a word or word-fragment) given all the tokens that came before. That is its entire
job. Everything else — answering questions, writing code, translating, summarising, having a
conversation — emerges from doing this one task very well, over and over, on input that has been
formatted to make the desired behaviour the most likely continuation.

Models are built in three stages. In pre-training, the model reads trillions of words from books,
websites, code repositories and other sources, learning to predict the next token. This is the
expensive part — tens of thousands of GPUs running for months, costing tens of millions of dollars
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for a frontier model. The result is called a base model: it has read everything, but it doesn't know how
to be an assistant. It might respond to your question by extending it into a paragraph rather than
answering it. In supervised fine-tuning, the base model is trained on thousands of high-quality
guestion-answer pairs written by humans, learning to act like an assistant. In alignment — using
techniques called RLHF or DPO — the model is shaped to be helpful, harmless and honest by being
rewarded for outputs that humans prefer over alternatives. Only after all three stages do you get a
model that behaves like ChatGPT or Claude.

19.1.3 Full technical view

The architecture is the transformer, introduced in the 2017 paper Attention Is All You Need by
Vaswani et al. at Google Brain. Before transformers, language models used recurrent neural
networks (RNNs) and LSTMs — architectures that processed text one word at a time and tended to
"forget" the start of a long sentence by the time they reached the end. The transformer's
breakthrough was the self-attention mechanism: a way for every position in the input to look at
every other position simultaneously and decide which ones matter.

In a single attention head, the model learns to project the input into three matrices — Queries (Q),
Keys (K) and Values (V). Think of it as a soft, learned database lookup: each query asks "which
other positions are relevant to me?", scores them against the keys, and uses the scores to weight the
values. The attention operation is:

Attention(Q, K, V) = softmax((Q -K') /vd, ) -V

The dot product Q - K™ measures similarity; the division by \/dk stabilises gradients; the softmax turns
scores into probabilities. Multi-head attention runs many such operations in parallel, each learning to
attend to different patterns — one head might track grammatical agreement, another semantic
similarity, another long-range dependencies. Stack dozens of these layers, interleave them with
feed-forward networks, and you have a transformer block. Stack many transformer blocks and you
have GPT, Llama, Claude.

The learning algorithm is gradient descent via backpropagation. Each batch of training text
produces a loss (how wrong the predictions were); the gradient of that loss with respect to every
weight is computed via the chain rule of calculus; and the weights are updated against the gradient.
The fundamental equation:

The Chinchilla scaling laws (DeepMind, 2022) showed that for a given compute budget, model size
and training-data size should scale together at roughly equal rates. The GPT-4 generation followed
this. By 2024-2025 the field had begun adding a new axis: inference-time compute. Models like
OpenAl's 01 and 03, DeepSeek-R1, and the reasoning modes of Claude and Gemini spend many
GPU seconds per response, generating internal chains of thought before emitting a final answer.
They are larger only modestly; what makes them better is that they think for longer.
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19.2 Al Agents

19.2.1 Plain English

An LLM by itself is brilliant but trapped. It can answer your question, but it cannot look anything up,
cannot run a calculation it doesn't already know, cannot send an email, cannot remember your last
conversation, cannot open a file. It is like a brilliant person locked in a sealed room with no phone and
no internet connection, who can only respond to notes slipped under the door.

An Al agent gives that brilliant person hands. It gives them tools they can choose to use — a
calculator, a search engine, a database, an email sender, a code executor. It gives them a notebook
to remember what has happened so far. And, crucially, it lets them act in a loop: think about what to
do next, do it, observe what happened, think again, and keep going until the job is done. That loop is
what makes an agent feel like it is "doing things" rather than just "saying things."

If an LLM is a brilliant graduate, an agent is that graduate at a desk, with a laptop, with the ability to
look things up and act on them. A useful real-world comparison: think of how you would hire a
freelance contractor. You give them a goal ("build me a landing page that converts well"). You give
them tools and access. They decide the steps themselves and report back. You don't write out every
micro-task; you delegate the planning to them. That is the agent paradigm.

19.2.2 One level deeper

An Al agent has four parts. The brain is an LLM — it decides what to do at each step. The tools are
functions the agent can invoke: an HTTP call, a database query, a Python interpreter, a calendar API.
The memory is what it has accumulated so far — a short-term memory inside the current context
window, and often a long-term memory in a database it can search. The loop ties these together: the
brain reads the context, decides to call a tool, the tool returns a result, the result is added to the
context, and the brain decides again.

The deciding step is usually structured as a small reasoning template called ReAct (Reasoning +
Acting). The agent writes out a Thought ("l need to find the current weather in Lahore"), an Action
("call WeatherTool with city=Lahore"), receives an Observation ("32°C, sunny"), then either continues
with another thought or produces a final Answer. The pattern is simple and the discipline is in
execution — how do you stop loops, what do you do when tools fail, how do you let a human approve
dangerous actions, how do you control cost.

19.2.3 Full technical view

At the implementation level, an agent is a finite-state machine wrapped around an LLM. The state is
the conversation context plus accumulated tool results; the transitions are LLM-decided tool calls; the
terminal state is either a final answer or a max-iteration safety cap. Below is the bare ReAct loop you
can write in 30 lines of Python with no framework:

def agent | oop(user_query, tools, nax_iterations=8):
system pronpt = (
"You are an agent with tools: " + ", ".join(tools.keys()) + ".\n"
"Use this format strictly:\n"
"Thought: <your reasoni ng>\n"
"Action: <tool_name>(<args>)\n"
"Cbservation: <returned by the systenr\n"
repeat until done ...\n"
"Final Answer: <answer>"
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)

context = f"Question: {user_query}\nThought:"

for i in range(max_iterations):

Il mresponse = call _| I n(system pronpt, context)
context += Il mresponse

if "Final Answer:" in ||l mresponse:

return extract (Il mresponse, "Final Answer:")

if "Action:" in |l mresponse:

tool, args = parse_action(ll mresponse)

try:

observation = tool s[tool](**args)

except Exception as e:

observation = f"ERROR {e}"

context += f"\nCbservation: {observation}\nThought:"
return "Could not conplete within iteration limt."

Listing 19.1 — Minimal ReAct agent in pure Python (~30 lines).

Real production agents add five things on top of this skeleton. Structured output: instead of parsing
free-form text, force the LLM to emit JSON matching a strict schema (every major API supports this).
Observability: trace every thought, action and observation to a system like LangSmith or Langfuse
so you can debug failures. Cost & latency budgets: cap the number of LLM calls and the total
tokens per task. Safety wrappers: some tools (delete, send-email, transfer-money) require a
human-in-the-loop approval before they execute. Multi-agent orchestration: complex tasks get
decomposed across a planner, several specialist workers and a verifier, each with its own scoped
tool access.

In 2026 the de-facto framework for production agents is LangGraph, where each agent step is a
node in a stateful graph and transitions are declared explicitly. For multi-agent prototyping CrewAl is
fastest; for tight Python-first integration Smolagents (Hugging Face) or Pydantic Al are excellent; for
Microsoft shops, the Microsoft Agent Framework (AutoGen + Semantic Kernel) is the natural
choice. They all implement variants of the same loop; the differences are in ergonomics, observability
and production readiness.

19.3 Al Automation

19.3.1 Plain English

Automation is the oldest idea in computing: get the machine to do the boring, repetitive work so
humans don't have to. The first wave of automation was scripts — if this happens, do that. The
second wave was visual workflow builders like Zapier and Make: drag boxes, connect them with
lines, and emails turn into spreadsheet rows turn into Slack messages without you writing code. The
third wave, the one we are in now, is Al automation: workflows that include an LLM at one or more
steps to do the parts that used to need a human.

Picture a small business owner who receives 100 customer-support emails a day. Pre-Al automation:
a script could file them into folders by sender, but it could not actually answer them. Al automation: a
workflow reads each incoming email, asks an LLM to categorise it and draft a reply, optionally checks
a knowledge base for facts, and then either sends the reply directly (for low-risk questions) or routes it
to a human reviewer (for high-risk ones). The owner now reviews ten emails a day instead of writing
one hundred. That is Al automation: intelligence embedded inside a pipeline.
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19.3.2 One level deeper

Al automation lives on a spectrum. At one end is pure deterministic automation — if/then rules with
no model involved. At the other end is a fully agentic system that decides everything for itself. Most
real workflows in 2026 sit in the middle: a fixed pipeline with one or two LLM-powered "intelligence
steps" embedded in it. The pipeline runs the same way every time; the LLM steps make decisions
inside that fixed shape.

The reason most production systems land in the middle is reliability. Deterministic pipelines run
identically every time and are easy to debug; pure agents are flexible but unpredictable and
expensive. A hybrid — "fixed pipeline, smart steps" — gives you most of the intelligence with most of
the reliability. The skill of an Al engineer is partly knowing where to put the LLM steps and where not
to.

19.3.3 Full technical view

Stack-wise, an Al automation system has four layers. The trigger is what starts the workflow: a new
email, a webhook, a schedule, a database row appearing. The orchestrator is the engine running
the workflow steps in order — this might be n8n, Make, Zapier, Temporal, Airflow, Prefect, a FastAPI
background worker, or just a queue with workers. The intelligence layer contains the LLM calls,
RAG lookups, or agent invocations. The action layer is where the work actually happens: send an
email, update a CRM, post to Slack, write to a database, generate a report.

Engineering a reliable Al automation is mostly about handling failure. The LLM might return
malformed JSON; the external APl might rate-limit; the network might drop; the input might be in a
language you didn't expect. Production patterns include: structured outputs validated by Pydantic or
Zod; idempotency keys so retries don't double-send; circuit breakers so a downstream outage
doesn't melt your queue; dead-letter queues for messages that fail repeatedly; observability so you
can see exactly which step of which run failed. None of this is Al-specific — it is just
distributed-systems hygiene, applied to pipelines with LLM-shaped components.

19.4 How the layers stack: hardware to corporation

A useful mental model is to see modern Al not as competing technologies but as layers of
abstraction, each built on the one below. The frameworks change every eighteen months; the layered
structure does not.

Base (hardware) Compute &amp; memory Physical brain tissue NVIDIA H100/B200, AMD MI300, Google TPU, CUDA
Layer 1 (math/ML)  Neural networks &amp; gi@gieqtsc mechanics PyTorch, C++/CUDA kernels, backpropagation

Layer 2 (architecture) Transformers &amp; atterfiognitive structure Hugging Face Transformers, self-attention

Layer 3 (model) Pre-trained LLM Knowledgeable graduate Llama, Qwen, Claude, GPT, Gemini, DeepSeek
Layer 4 (agent/app) Tools, memory, planning Employee at a desk LangGraph, CrewAl, vector DBs, MCP, APIs

Layer 5 (automation) Agentic workflows The corporation n8n, Temporal, Make, CI/CD, observability

Table 19.1 — The layered abstraction stack of modern Al systems.

Compiled for a CS student « 2026 edition



Al MASTERY — LLMs, AGENTS, AUTOMATION & MACHINE LEARNING Page 66

Machine learning is the statistical engine. LLMs are the specific generative models built using that
engine. Automation is the disciplined execution of tasks in a pipeline. Agents are dynamic,
reasoning-driven execution of tasks using LLMs as controllers. They are not alternatives to each
other; they are the same stack at different altitudes.

19.5 The wrapper developer and the architect

There is a distinction in the Al industry that you should internalise early because it will shape your
career: the difference between a wrapper developer and an architect.

A wrapper developer learns one fashionable framework — LangChain in 2023, CrewAl in 2024, MCP
in 2025, whatever is next in 2027 — and builds products by gluing API calls together. Their skill is
fluency in the current framework. When the framework changes (and it always does), their skill
depreciates fast. The market for wrapper developers is currently large because the frameworks are
young; the market will compress as the tools mature and as the LLMs themselves absorb more
orchestration logic.

An architect understands the layers underneath. They know why attention works, why RLHF is
needed, why a vector database has different failure modes than a relational one, why a multi-agent
system is harder to debug than a single one. When the framework du jour changes, an architect ports
their knowledge in days. When a new architecture emerges — state-space models, world models,
neurosymbolic hybrids — an architect recognises the same fundamentals being recomposed.
Architects are scarcer, better-paid, and last longer.

19.6 Three ideas worth knowing for the next decade

Liquid Neural Networks (LNNSs)

Pioneered at MIT CSAIL by Ramin Hasani and colleagues, Liquid Neural Networks are inspired by
the nervous system of the C. elegans worm. Unlike transformers, whose weights are frozen after
training, LNNs use continuous-time differential equations whose effective parameters keep adapting
based on the incoming data stream. The result is a much smaller model (sometimes only thousands
of neurons) that can keep learning during inference. They are particularly promising for robotics,
drones, autonomous vehicles and any setting where the world keeps changing and you cannot afford
to retrain. They will not replace transformers for general language work, but they are a reminder that
the transformer is not the final word on architectures.

System-2 thinking and inference-time compute

Daniel Kahneman's Thinking, Fast and Slow describes two modes of human cognition: System 1 is
fast, automatic, intuitive (recognising a face); System 2 is slow, deliberate, effortful (solving a math
problem). Standard LLMs are pure System 1 — they emit one token at a time as fast as the hardware
allows. The 2024-2026 generation of reasoning models (OpenAl's 01/03, DeepSeek-R1, Claude's
reasoning modes, Gemini Thinking) add System 2 by spending compute at inference time —
generating long internal chains of thought, exploring branches, self-correcting — before producing the
visible answer. This shifts the scaling story: pre-training cost is no longer the only axis. A model that
thinks for 10 seconds before answering can now beat a much larger model that thinks for 0.1
seconds.
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Neurosymbolic Al

Deep learning is excellent at perception (recognising images, understanding natural language) and
terrible at strict logic (multi-step arithmetic, formal proofs, planning over many discrete steps).
Classical symbolic Al — the rule-based systems of the 1970s and 80s — is the opposite: exact but
brittle. Neurosymbolic systems try to combine them: a neural network handles the messy real-world
input, converts it into structured symbols, and a symbolic engine reasons over those symbols with
mathematical certainty. When ChatGPT calls a Python interpreter to do arithmetic, that is a primitive
neurosymbolic pattern. A 2025 PRISMA review of 178 neurosymbolic-robotics papers reported
average task-success improvements of 23% over pure neural baselines. Expect tighter coupling —
symbolic constraints applied at the level of LLM logits, not just as external tools — in the next few
years.
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CHAPTER 20

From Full-Stack Developer to Al
Professional

This chapter is for one specific reader: someone who has finished a computer science degree, has
built full-stack web applications, can deploy a database-backed app to a cloud provider, knows
JavaScript well, has shipped projects under deadline — and now wants to move into Al engineering.
Maybe you have not done much Python, much linear algebra, or any model training. That is fine. The
gap is smaller than it looks, and a great deal of what you already know transfers directly. This chapter
gives you the bridge.

20.1 You're closer than you think

Al engineering in 2026 is mostly software engineering with new components. The fashionable image
of Al is mathematicians at chalkboards; the reality is REST APIs, databases, queues, retries, logging,
deployment, observability, and the occasional model call. As a full-stack developer you have done
almost all of this work already — just with different building blocks.

Look at what an Al engineer actually builds in a typical week: a service that takes a request, calls an
LLM, hits a vector database for retrieval, calls a few external APIs, persists the result, returns a
response. Look at what a full-stack engineer builds in a typical week: a service that takes a request,
calls a business-logic layer, hits a database, calls a few external APIs, persists the result, returns a
response. The skeletons are identical. The differences are: which components sit in the middle, how
you evaluate quality, and how you reason about cost. Those are learnable in months, not years.

20.2 What transfers from full-stack work

What you already know How it maps to Al engineering

HTTP, REST, JSON, webhooks Every LLM and vector DB exposes a REST API; agent tools are usually HTTP calls

Async patterns, event loops LLM responses are streamed; agent loops are async by nature

Databases (SQL, NoSQL) Vector databases follow the same operational patterns; pgvector lets you keep PostgreSQL
Git, GitHub, pull requests Same workflow; HuggingFace Hub is git-based for models

Docker, basic CI/CD How you ship vLLM, n8n, FastAPI services to production

Error handling, retries, idempotency Critical for agent reliability; LLMs fail in interesting new ways

Frontend frameworks (React/Vue) Building chat Uls, agent dashboards, RAG demos

Auth, RBAC, audit logging Carries directly to Al agent permissioning and HITL approval flows

Deployment to cloud (AWS/GCP/Vercel) Mostly the same; add GPU instances and inference platforms

Cost-aware engineering More important in Al &mdash; tokens cost money per request
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20.3 What you actually need to learn (and what you don't —
yet)

Learn now, in priority order:

* »« Python at a working level — not academic depth, but enough to read and write idiomatic
Python comfortably. If you know JavaScript well, you can get there in 2-3 weeks of practice.
Focus on: comprehensions, decorators, async/await, type hints, virtual environments, pip/uv,
FastAPI.

e+ Calling LLM APIs — OpenAl, Anthropic, Google, plus open-model providers (Together, Groq,
Fireworks). Streaming, structured outputs, function calling, retry/timeout patterns.

» « RAG and vector databases — Chroma or pgvector to start; understand embedding models,
chunking, hybrid search, re-rankers.

*+ One agent framework end-to-end — LangGraph is the highest-leverage choice in 2026.

e« One automation platform — n8n self-hosted; learn nodes, expressions, error workflows, Al
integrations.

e« Evaluation — how to test LLM-based systems with golden datasets, LLM-as-judge, regression
tracking. This is the skill that distinguishes serious Al engineers from prompt-tinkerers.

 » Observability for Al — LangSmith, Langfuse, Phoenix or Helicone.

e ¢« Just enough math — what an embedding is, what cosine similarity means, what a token is,
what a gradient is conceptually. You don't need to derive backpropagation.

Learn later, when you specialise:
e+ Full PyTorch and deep learning theory — only when you start training models, not before.
e+ Linear algebra and multivariable calculus at depth — only when you go research-track.
« « CUDA programming — only for infrastructure or inference-optimisation roles.

e ¢ Distributed training (FSDP, DeepSpeed) — only when you train models above 13B
parameters.

» » Research papers in depth — read abstracts now, read whole papers once you have shipped
a few systems and the vocabulary feels native.

20.4 The 6-month route

Designed for ~15-20 hours per week alongside other work. Compress it if you can go full-time.

Month 1 — Al APIs as a backend engineer

Goal: ship one real Al-powered feature, end to end, using nothing more than your existing stack plus
an LLM API.

* * Learn idiomatic Python and FastAPI. Build a small API service: POST /chat takes a message,
returns a response from Claude or GPT.

» « Add streaming responses (Server-Sent Events). Build a React frontend that consumes the
stream.
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e « Add structured outputs: a POST /extract endpoint that returns strict JSON validated by
Pydantic.

e « Add function calling: give the model two tools (a calculator and a fake-database lookup);
handle the tool-use loop.

« « Deliverable: a deployed Al chat product on Vercel/Railway/Fly with cost tracking, error
handling and basic auth.

Month 2 — Retrieval-augmented generation (RAG)

Goal: ground LLMs in your own data. This is the single most common Al engineering pattern in 2026.
e ¢ Learn embeddings (OpenAl's text-embedding-3, Cohere embed-v3, open-source BGE or
Nomic).
 « Choose Chroma for prototyping or pgvector if you already use PostgreSQL.

« ¢ Build a chunking pipeline for PDFs and HTML; experiment with chunk size and overlap.
« » Add hybrid search (semantic + BM25 keyword).

 » Add a re-ranker (Cohere Rerank or open-source bge-reranker).

« » Add citation tracking so every answer points at the source chunks it came from.

« » Deliverable: a "chat with your docs" product that handles 1000+ documents with measurable
retrieval quality.

Month 3 — Agents and orchestration
Goal: move from one-shot LLM calls to multi-step systems that act.
 « Build a minimal ReAct agent from scratch in pure Python (no framework). Three tools: web
search, Python REPL, current time.
« » Rebuild the same agent in LangGraph. Compare the developer experience.
» « Add memory: a vector store the agent can write to and read from.
e »« Add human-in-the-loop checkpoints for dangerous actions.

* * Build a multi-agent system: a planner + 2 workers + a verifier, solving a non-trivial task
end-to-end.

¢ Deliverable: a research agent that, given a topic, produces a 5-page report with citations —
deployable as an API.

Month 4 — Foundations: just enough math, real model understanding

Goal: stop treating the model as magic. You don't need a PhD. You do need the mental model.
 « Watch 3BluelBrown's Essence of Linear Algebra and Neural Networks series. ~10 hours total.
Indispensable.
 « Read The lllustrated Transformer by Jay Alammar.

» « Work through Andrej Karpathy's Zero to Hero playlist. Build micrograd. Build nanoGPT (you
don't have to fully understand every line; you just have to type it out once).

« « Read the original Attention Is All You Need paper. It will be hard. Read it twice.

e « Deliverable: a blog post explaining how a transformer works in your own words, with
diagrams. This is your portfolio piece for credibility.
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Month 5 — Your first fine-tuned model

Goal: a model on Hugging Face Hub, with your name on it, that demonstrably beats the base model
on a task you care about.

« ¢ Pick a task and a small dataset. Examples: classifying customer-support tickets, writing in your
company's tone, translating between English and your native language with cultural nuance,
generating SQL from natural language for your schema.

« « Use Unsloth on Google Colab's free tier with a 7-8B open model (Qwen 2.5, Llama 3.1,
Phi-4).
* « Run QLORA fine-tuning. Total cost: under $10 (or $0 on the free tier).

« » Build a small eval set. Measure base model vs fine-tuned model. Be honest about wins and
losses.

« » Push to Hugging Face Hub with a clean model card.

e ¢ Deliverable: a public fine-tuned model with documented evaluation. This is the project that
lands interviews.

Month 6 — Production Al engineering & portfolio
Goal: systems that other people use. Move from "I can build it" to "it runs reliably for real users."
« « Add observability to all your projects: Langfuse or LangSmith for tracing, error tracking, latency
metrics.
« » Add evaluation: golden datasets, LLM-as-judge scoring, regression tracking in Cl.
 » Add cost controls: token budgets, rate limits, fallback models.

e « Self-host one open model (Qwen 7B or Llama 8B) on a rented GPU via vLLM; compare
cost/quality to the API approach.

* » Polish your top 3 projects: real README, demo video, blog post explaining what you built and
why.

« ¢ Deliverable: a portfolio of 3-5 shipped Al projects, each at production quality. Apply to Al
engineering roles.

20.5 Three positioning strategies after month 6

Your full-stack background opens roles that pure-ML graduates can't easily fill. Pick the framing that
matches your strengths.

Strategy 1: Al Product Engineer

The role: the bridge between models and users. You build features that feel like products, not
demos. Strong front-end intuition is a moat here. Companies: Al-native startups, mid-market SaaS
adding Al features.

What you emphasise: shipped projects with real Uls, careful UX around LLM failures,
prompt-engineering portfolio.
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Strategy 2: Al Backend / Platform Engineer

The role: build the infrastructure other engineers use to ship Al. Inference platforms, vector
databases, agent orchestration, model gateways. Companies: Al infrastructure startups, enterprise
platform teams, hyperscalers.

What you emphasise: systems design, reliability, observability, cost engineering,
distributed-systems patterns adapted to Al.

Strategy 3: Al Automation / Solutions Engineer

The role: embed Al into business workflows. Often closer to consultancy than product engineering.
High demand, especially at small and medium businesses with no in-house Al team. Companies:
enterprise software, consultancies, or start your own Al-automation agency.

What you emphasise: n8n / Make / Zapier mastery, agent frameworks, customer-facing
communication, the ability to translate a business problem into a workable Al pipeline.

20.6 A portfolio that proves it

After six months you should have built at least these five things. Each one demonstrates a specific
competence; together they form a credible case.

e 1. A chat-with-your-docs product — proves you understand RAG.
* 2. A multi-agent research system — proves you understand orchestration and tool use.

* 3. A fine-tuned model on Hugging Face Hub — proves you understand the model layer, not
just the API layer.

* 4. An end-to-end Al automation — n8n workflow with an LLM step, real triggers, observable
runs.

* 5. One technical blog post or video — explains a concept you learned in your own words. The
act of teaching is the strongest signal of mastery.

20.7 Salary reality and the geography arbitrage

In 2026, Al engineers with two years of real production experience command $160-$300K base
salary in the US, £80-£160K in the UK, €70-€150K in Western Europe. Remote-friendly Al startups
often hire internationally and pay 60-80% of US rates — which, denominated in South Asian, Eastern
European or Latin American currencies, is transformative. The geography arbitrage is real and
durable: a strong Al engineer in Kharian, Lahore, Karachi or Islamabad, working remote for a US or
European company, can earn many times the local market rate while keeping local cost-of-living.
Build for the global market. Optimise your portfolio, your communication and your time-zone overlap
accordingly.
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APPENDIX A

Glossary of Terms

Agent — An LLM-powered system that can perceive, plan, use tools and act in a loop toward a
goal, rather than just answering one prompt at a time.

Agentic — Adjective for systems that exhibit agent-like autonomy. Often used loosely; ask
whether a system actually plans and acts, or merely calls a single tool.

Attention — The transformer mechanism that lets each token consider every other token, with
learned weights. Self-attention attends within one sequence; cross-attention attends between
two.

Backpropagation — The algorithm that computes gradients through a neural network so its
weights can be updated. Invented in the 1960s-80s, the engine of all modern deep learning.

Chain-of-Thought (CoT) — A prompting technique that asks the model to reason step-by-step
before answering. Improves accuracy on multi-step problems.

Context window — How many tokens an LLM can attend to at once. 2026 frontier models
handle hundreds of thousands; Gemini 1.5 Pro famously supports a million-plus.

Embedding — A dense vector representation of a piece of text, image or other data. Similar
items have similar embeddings; the basis of RAG and semantic search.

Fine-tuning — Continuing to train a pre-trained model on a smaller, task-specific dataset. Full
fine-tuning updates all weights; PEFT/LoRA updates a small fraction.

Foundation model — A large pre-trained model intended to be adapted to many downstream
tasks. Synonymous with "pre-trained large model" in modern usage.

GPU — Graphics Processing Unit. Parallel hardware originally for graphics, now the workhorse of
Al training. NVIDIA dominates; AMD, Google TPU, Amazon Trainium compete.

Inference — Running a trained model to produce outputs. Distinct from training. Inference is
what costs money in production.

LLM — Large Language Model. A transformer-based model trained on a large text corpus to
predict the next token; emergent capabilities arise at scale.

LoRA / QLoRA — Low-Rank Adaptation. A fine-tuning technique that adds small trainable
matrices to a frozen base model, dramatically reducing memory and time. QLoRA = LoRA on a
4-bit quantised base model.

MCP — Model Context Protocol. An Anthropic-introduced open standard for connecting LLMs to
tools and data sources. The closest thing to USB for Al agents.

MoE — Mixture of Experts. An architecture where many specialist sub-networks (experts) exist
but only a few are activated per token. Lets you scale parameters without scaling per-token
compute.

Multi-modal — Operating across more than one input/output modality. GPT-40, Gemini, Claude
all handle text + image; growing support for audio and video.

Pre-training — The first phase of LLM training: self-supervised next-token prediction on a vast
corpus. Most expensive; produces the base model.
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Prompt engineering — The discipline of writing inputs that elicit the desired behaviour from an
LLM. Includes few-shot examples, CoT, role instructions, structured output formats.

RAG — Retrieval-Augmented Generation. Fetch relevant documents from a vector store first,
then feed them to the LLM along with the question. The default pattern for grounding LLMs in
current or proprietary data.

ReAct — Reasoning + Acting. The canonical agent loop: think, act, observe, repeat.

Reinforcement Learning — A learning paradigm where an agent maximises a reward signal by
trial and error. Foundational to RLHF, AlphaGo, and many robotics systems.

RLHF — Reinforcement Learning from Human Feedback. The technique that turned base LLMs
into ChatGPT-like assistants by training a reward model from human preferences and then
optimising the LLM against it.

SLM — Small Language Model. Sub-15B-parameter models (Phi-3, Mistral 7B, Llama 3 8B,
Gemma 2). Often the right choice for production: cheaper, faster, fine-tunable.

SSM — State-Space Model. Architecture family including Mamba that scales linearly with
sequence length, an alternative to transformer self-attention.

Token — The unit of text an LLM processes. Roughly 0.75 words for English; varies by tokeniser.
Pricing and context windows are measured in tokens.

Tool use / function calling — An LLM's ability to call external functions (APIs, code, databases)
when its native capability is insufficient. The foundation of agents.

Transformer — The neural architecture from Vaswani et al. (2017) that underlies all modern
LLMs. Built on multi-head self-attention plus feed-forward layers.

Vector database — A database optimised for storing and searching embeddings. Pinecone,
Weaviate, Qdrant, Chroma, pgvector, Milvus.

Zero-shot / few-shot — Asking a model to perform a task with no examples (zero-shot) or a
small number of examples in the prompt (few-shot). A hallmark of large-model capability.
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APPENDIX B

Curated Resources

Quality matters more than quantity. Everything listed here has been vetted by the field. Start from the
top of each section.

B.1 Mathematics

e ¢ 3BluelBrown (YouTube) — Essence of Linear Algebra, Essence of Calculus, Neural
Networks series. Indispensable.

« « Mathematics for Machine Learning — Deisenroth, Faisal, Ong. Free PDF online. The bridge
book.

« ¢ Pattern Recognition and Machine Learning — Bishop. The classic; harder; worth the climb.

« « Khan Academy — probability and statistics fundamentals.

B.2 Classical machine learning

« » Machine Learning Specialization (Coursera) — Andrew Ng. The starting point.

e » Hands-On Machine Learning with Scikit-Learn, Keras & TensorFlow — Aurélien Géron.
Best practical book.

e « The Elements of Statistical Learning — Hastie, Tibshirani, Friedman. The rigorous
reference. Free PDF.

» » Kaggle Learn — free short courses on tabular ML, feature engineering, time series.

B.3 Deep learning

» « Deep Learning Specialization (Coursera) — Andrew Ng. Theory-leaning.
* * Practical Deep Learning for Coders — fast.ai, Jeremy Howard. Top-down, project-first.

* » Dive into Deep Learning — Zhang, Lipton, Li, Smola. Free online book with PyTorch,
TensorFlow and JAX implementations.

*+ The Little Book of Deep Learning — Francois Fleuret. Short, beautiful.

e « Neural Networks: Zero to Hero — Andrej Karpathy on YouTube. Build everything from
scratch.

B.4 LLMs and transformers

¢ Attention Is All You Need — Vaswani et al., 2017. Read the original.

e+ The lllustrated Transformer — Jay Alammar. The clearest visual explainer.

e » nanoGPT — Karpathy's repo. Build a GPT from scratch in a few hundred lines.
*+ Hugging Face NLP Course — free, official, comprehensive.

¢ Lilian Weng's blog (lilianweng.github.io) — the best technical writing on LLMs and agents.
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« o Stanford CS25: Transformers United — lecture series with guest speakers from frontier
labs.

B.5 Agents and orchestration

e+ LangGraph docs & tutorials — the production-grade agent framework.
»+ | angChain Academy — free courses, including one on agents.

« « Anthropic's Building Effective Agents (engineering blog) — the most-cited practical agent
guide of 2024-2026.

» » Model Context Protocol specification — modelcontextprotocol.io.

e « OpenAl Agents SDK docs and the Claude Agent SDK docs — same problem, different
opinions.

B.6 Automation

*+ n8n documentation and YouTube channel — open-source, Al-native; the strongest learning
investment.

« » Make.com Academy — visual automation training.

« « Zapier University — free; useful even if you ultimately use other tools.

B.7 Newsletters and blogs to track in 2026

* « The Batch — DeepLearning.Al

e ¢ Import Al — Jack Clark

e+ Last Week in Al

* « Simon Willison's blog

* « Sebastian Raschka's Ahead of Al
« ¢ Stratechery — the business side

* ¢ Latent Space — podcast and newsletter

B.8 Communities

*» Hugging Face Discord — active, friendly, technical.
e ¢ LocalLLaMA on Reddit — open-weight LLM discussion.
¢ EleutherAl Discord — serious open research.

e+ Local PyData/ ML meetups — whatever city you're in, there is one. Show up.

Compiled for a CS student « 2026 edition



Al MASTERY — LLMs, AGENTS, AUTOMATION & MACHINE LEARNING Page 77

APPENDIX C

30 Project Ideas to Build Your Portfolio

Pick the ones that match your interests. Each is sized to fit a weekend to a month. Difficulty labels: B
= beginner, | = intermediate, A = advanced.

Classical ML

« [B] Titanic survival predictor on Kaggle — the canonical first project.

« [B] Housing price regression with feature engineering and cross-validation.

« [I] Credit card fraud detector with class-imbalance techniques (SMOTE, focal loss).

* [I] Time-series forecasting of crypto prices or local weather using ARIMA + XGBoost.

e [I] Customer churn predictor with SHAP-based explainability.

Deep Learning
* [B] CIFAR-10 image classifier with a CNN built from scratch in PyTorch.
* [I] Sketch-to-image generator using a small diffusion model.
* [I] Audio classification (spoken digits, music genre) with mel-spectrograms + CNN.
* [I] Pose estimation app using a pre-trained model + webcam input.

* [A] Reinforcement-learning agent that plays a classic Atari game.

LLMs
* [B] Build a chat Ul with Streamlit + the OpenAl or Anthropic API.

e [I] Fine-tune a 7B model on Urdu, Punjabi, or another underrepresented language using
QLORA.

* [I] Question-answering bot over your university's PDFs using RAG.
* [A] Implement a transformer from scratch in pure PyTorch; train on TinyStories.

* [A] Implement Mamba/SSM from scratch and benchmark against a transformer of equal size.

Agents
* [B] ReAct agent in plain Python with three tools: search, calculator, current time.
« [I] LangGraph research agent that produces a markdown report on any topic.
* [I] Code-review agent that reads PRs from your own GitHub repos and comments on them.
* [I] Travel-planner agent that uses a calendar tool, a flight-search tool, and weather.

* [A] Multi-agent system (planner + worker + verifier) that ships small open-source PRs.

Automation

« [B] Daily-news-digest workflow in n8n: scrape, summarise, email.

* [B] Telegram or WhatsApp bot that answers FAQs from a small business knowledge base.
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* [I] Customer-support triage pipeline that classifies tickets, routes them, and drafts replies.
* [I] Resume-screener automation for HR (with explicit fairness checks).

* [A] End-to-end content-marketing pipeline: idea generation, drafting, image generation,
scheduled posting.

Multimodal & Robotics

* [I] Document-OCR-and-search system using a vision-language model.

« [I] Sign-language-to-text translator using webcam + pose estimation + LLM.

* [A] Voice assistant on Raspberry Pi using Whisper + LLM + TTS + MCP tools.

* [A] Vision-language-action agent that controls a simulated robot in PyBullet or MuJoCo.

» [A] Custom embedding model fine-tuned for retrieval in a specialised domain (legal, medical,
code).
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APPENDIX D

Where to Learn: A Curated Map

Appendix B listed the canonical resources by topic. This appendix is for discovery and
habit-formation: where to look, when, and how often. Most of what is listed here is free.

D.1 University-grade free courses

e« MIT OpenCourseWare 18.06: Linear Algebra — Gilbert Strang. The classic. ocw.mit.edu

» o Stanford CS229: Machine Learning — Andrew Ng. The original ML course. Lectures on
YouTube.

e ¢ Stanford CS231n: Convolutional Neural Networks for Visual Recognition — Andrej
Karpathy's old course; still the best CV intro. cs231n.stanford.edu

e o Stanford CS224n: NLP with Deep Learning — Chris Manning. NLP from ground up to
transformers.

« o Stanford CS25: Transformers United — current research talks from frontier labs.

e ¢ Stanford CS336: Language Modeling from Scratch — new, the best end-to-end
LLM-building course we know of.

e « CMU 10-708: Probabilistic Graphical Models — the theoretical complement to deep
learning.

»« UC Berkeley CS285: Deep Reinforcement Learning — Sergey Levine.

« o fast.ai — Practical Deep Learning for Coders — Jeremy Howard. Top-down, project-first.
course.fast.ai

e « Hugging Face Learn — free, official courses on NLP, RL, audio, computer vision, agents.
huggingface.co/learn

e » DeepLearning.Al on Coursera — Andrew Ng's specialisations (Machine Learning, Deep
Learning, LLMs, Generative Al for Software Developers). Best paid track if you can afford it.

D.2 Books in priority order

e « Mathematics for Machine Learning — Deisenroth, Faisal & Ong. Free PDF at
mml-book.com. Start here for math.

« « Hands-On Machine Learning with Scikit-Learn, Keras & TensorFlow — Aurélien Géron.
The best practical intro book.

e » Deep Learning — Goodfellow, Bengio & Courville. The classic. Free at deeplearningbook.org.
* * Dive into Deep Learning — Zhang et al. Interactive, multi-framework. d2l.ai
« « Pattern Recognition and Machine Learning — Bishop. Rigorous; for serious students.

* » The Elements of Statistical Learning — Hastie, Tibshirani, Friedman. Free PDF; classical
ML at depth.

 « Designing Machine Learning Systems — Chip Huyen. The production-systems book.
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« ¢« Al Engineering: Building Applications with Foundation Models — Chip Huyen. The 2025
follow-up; the closest thing to a textbook for the role you are training for.

» ¢« Build a Large Language Model (From Scratch) — Sebastian Raschka. Builds a GPT-style
model end to end.

e « Hands-On Large Language Models — Jay Alammar & Maarten Grootendorst. Excellent
visual approach.

D.3 YouTube channels and creators

» » 3BluelBrown — Grant Sanderson. The most beautiful math explainers in existence. Start
here.

» » Andrej Karpathy — the Neural Networks: Zero to Hero series builds GPT from scratch line by
line. Single best learning resource on LLMs.

»« Two Minute Papers — Karoly Zsolnai-Fehér. Approachable summaries of new research.
¢ Yannic Kilcher — deep dives into research papers, weekly.

¢ Lex Fridman — long-form interviews with researchers; great for context and culture.

« « Sam Witteveen — practical agent and LLM tutorials, hands-on.

» « Matthew Berman — weekly updates on new open models and tools.

« + Al Jason — building agents and automations; very project-focused.

e o Umar Jamil — from-scratch implementations of transformers, LoRA, RLHF, Mamba.
Underrated.

« ¢ StatQuest — Josh Starmer. Best ML statistics explainers.

« « 3bluelbrown's Neural Network series — specifically chapter 1-4. Watch these even if you
watch nothing else.

D.4 Newsletters and blogs to subscribe to today

e+ The Batch — Andrew Ng's weekly. The single best general-purpose Al newsletter.

e« Import Al — Jack Clark (Anthropic co-founder). Policy and capability angles.

»» Ahead of Al — Sebastian Raschka. Deeply technical, monthly.

« « Simon Willison's blog — daily, practical, opinionated.

e+ Lilian Weng's blog — less frequent but every post is a masterclass.

e+ Chip Huyen's blog — Al engineering and ML systems.

¢ Latent Space — podcast and Substack; the Al engineer's professional pulse.

«+ Smol Al / Al News — daily digest of arXiv, GitHub, HN, Reddit, Twitter, Discord. Saves hours.
» » The Sequence — technical but accessible breakdowns of papers and trends.

e+ Last Week in Al — weekly podcast and newsletter.

» « Hacker News — not Al-specific but the Al discussion there is consistently high-signal.

D.5 Communities to join

»» Hugging Face Discord — the centre of the open-model world. Friendly to beginners.
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e e r/LocalLLaMA on Reddit — running and tuning open models locally; daily new releases.
 « r/MachineLearning — older, broader, more academic.

¢ EleutherAl Discord — serious open-source research.

e+ LangChain Discord — agent-framework specific.

e+ n8n Community Forum — for automation builders.

¢ Latent Space Discord — an active Al-engineer community.

 « Kaggle — competition forums; surprisingly good signal-to-noise.

» » Local meetups — PyData, ML Pakistan, ML Islamabad, Lahore Al — whatever your city has.
Show up. Networks compound.

D.6 Where to actually read papers

¢ arXiv.org — the primary source. Browse cs.LG, cs.CL, cs.Al categories.

e ¢ Hugging Face Daily Papers — community-curated list of what matters.
huggingface.co/papers

* « Papers with Code — papers linked to working implementations. paperswithcode.com
* « Semantic Scholar — better search and citation following than Google Scholar for Al work.

 » Alphaxiv — arXiv with discussions. alphaxiv.org

D.7 Hands-on platforms for practice

» « Kaggle — classical ML competitions and notebooks.

» » Hugging Face Spaces — deploy a demo for free.

* » Google Colab — free GPU notebooks. The single most-used learning tool in ML.

« ¢ LeetCode + NeetCode — still relevant; many Al roles include DSA interviews.

e« The Odin Project / freeCodeCamp — if your software-engineering fundamentals need filling
in.

e+ LangChain Academy — free interactive courses on building with LangGraph.

» ¢« DeepLearning.Al Short Courses — free, 1-2 hours each, hands-on. Excellent for specific
topics.

D.8 Certifications — which are worth pursuing

Most Al certifications are not worth the time or money. Real projects in your GitHub will out-signal any
certificate. Three exceptions are worth considering:

e « DeeplLearning.Al Specializations — not strictly certifications but high-quality structured
learning with a credential at the end.

*« AWS / Azure / GCP cloud certifications — if you want infrastructure roles, the foundational
cert (e.g. AWS Solutions Architect Associate) is a real differentiator and globally portable.

e « Cloud-provider Al specialty certifications (AWS Machine Learning Specialty, Azure Al
Engineer) — useful for enterprise consulting roles; less useful for product engineering.
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Don't bother with most vendor-branded "Al certifications” (LinkedIn Learning, random Coursera
one-off courses). The signal-to-noise ratio is poor.

D.9 A 30-minute daily routine that compounds

If you do exactly this every weekday for one year, you will out-learn 95% of CS graduates:

e « 10 minutes — read. One newsletter (The Batch, Smol Al, or Latent Space). One arXiv
abstract from the day's trending papers.

e ¢ 15 minutes — build. Commit something, even tiny, to a personal Al project. A new prompt, a
small refactor, a bug fix, one new test. The streak is what matters.

e « 5 minutes — share. Tweet what you learned, post in a community, write a one-paragraph
note in a public learning log. Teaching crystallises knowledge.

D.10 Final note: choose breadth or depth, then commit

The resources listed here are far more than any one person can consume. Don't try. Pick one path
through them and commit. A common failure mode is "resource collecting": bookmarking 200
courses, watching introductions to 50 of them, finishing 0. The student who finishes one excellent
course beats the student who started ten. Choose, commit, finish. Then choose the next one.

In a field that moves as fast as Al does, the temptation to constantly chase the newest framework is
real. Resist it during your learning phase. Once you have foundations, you can absorb new tools in
days. Without foundations, every new tool feels like starting over.
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Colophon

This book was authored by Claude (Anthropic) at the request of a computer-science student in
Kharian, Punjab, Pakistan, in May 2026. It draws on published research, analyst reports (Gartner,
IDC, McKinsey, Stanford Al Index, World Economic Forum), and the open documentation of major Al
labs and frameworks. All nhumbers were current as of mid-2026; readers should verify them for
high-stakes decisions.

The book was typeset using ReportLab, with diagrams generated in matplotlib. Body text is Helvetica;
code blocks are Courier.

This is not a static reference. Use it as a starting point. Argue with it. Outgrow it. The field will look
different in twelve months — and so, if you do the work, will you.
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