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FND-101 is the foundational, or 100-level, entry point to the training catalogue. Its purpose is narrow and deliberate: to give practitioners who are new to AI an accurate mental model before they attempt the intermediate and advanced material. The course assumes general technical or software familiarity but no machine-learning background.
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The course is designed to prevent a common failure mode: learning fundamentals and specifics at the same time, which leaves practitioners with shaky foundations. By separating the groundwork into its own day, students enter later courses ready to focus on depth. The stated emphasis on understanding over hype is a deliberate stance — the course actively works to dispel misconceptions rather than add to them.
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The audience is intentionally broad within the technical population. The prerequisites are minimal by design, since this is the on-ramp. The one non-technical prerequisite — a willingness to question hype — is emphasized because uncritical acceptance of AI marketing claims is one of the biggest obstacles to reasoning clearly about the technology.
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These are the course-level outcomes. Each corresponds to one module, giving the day a clear one-to-one structure. They are phrased as capabilities — what the student can do — rather than topics covered, consistent with the outcome-based design used across the catalogue.
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The outline follows a natural progression: from understanding (Module 1), to practical interaction (Module 2), to orientation (Module 3), to quality thinking (Module 4), to responsibility (Module 5). Each module contains five lessons and a hands-on lab, following the Microsoft Official Curriculum style used throughout the catalogue.


Module 1: What Modern AI Is and How It Works
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This module builds an accurate, jargon-free mental model of modern AI: what models are, what training does, and why they behave the way they do. You'll learn enough of how it works to reason about it, without needing the mathematics.
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A model is best understood as a learned function that maps inputs to outputs. The critical distinction for newcomers is that a model's behaviour is not explicitly programmed; it emerges from patterns in training data. This is why models can handle inputs their creators never anticipated — and also why their behaviour cannot be fully specified in advance.
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Training is the process by which a model's internal parameters are adjusted to fit patterns in data. No mathematics is required to grasp the essential idea: the model is repeatedly shown examples and tuned until its outputs align with them. The quality and representativeness of the training data largely determine the model's behaviour, which is why data quality becomes a recurring theme in Module 4 and beyond.


[image: ]

This lesson introduces the single most consequential property of modern AI: it is probabilistic. Models predict likely outputs rather than computing deterministic answers, so identical inputs may yield different outputs. Understanding this reframes many downstream topics — why evaluation is hard, why guardrails are needed, why product requirements must change — and it is worth dwelling on until it feels natural.
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A great deal of confusion about AI stems from attributing human qualities to it. This lesson explicitly separates reality from myth: models do not understand, intend, or believe, and their fluency can mask serious errors. This calibration — neither over-trusting nor dismissing — is a core goal of the foundational course and directly supports the healthy skepticism developed in Module 4.


[image: ]

The module culminates in a compact mental model that students carry forward: AI as a learned, probabilistic, data-shaped function that is fluent but not understanding, and useful but fallible. This model is deliberately simple yet accurate, and every subsequent course builds on it without contradicting it.
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This lab gives students hands-on contact with the module's ideas. Students interact with a model through guided exercises to observe firsthand how it behaves and why. The detailed procedure is in the accompanying Lab Manual.


Module 2: Working with Language Models
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This module covers the practical basics of getting useful results from language models: prompting, context, and the shape of an interaction. You'll learn the everyday mechanics practitioners rely on, and leave able to interact deliberately rather than by trial and error.
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Prompting is the primary interface to a language model. The lesson establishes that prompt quality — clarity and specificity — is the dominant factor in output quality. This demystifies prompting: it is disciplined communication rather than secret phrasing, a theme developed in depth in the DEV-406 course.
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Context and tokens are foundational vocabulary. Context is the information available to the model at inference time; it is bounded, and that bound is measured in tokens, which are sub-word units of text. The key practical implication — the model only knows what is in its context — recurs throughout retrieval, memory, and agent topics in later courses.
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Output control is introduced at a basic level: students learn they can steer tone, format, and structure by asking explicitly and by providing examples or constraints. Predictable output is essential when model responses feed downstream systems, and this foreshadows the structured-output and system-prompt techniques in the developer track.


[image: ]

Understanding limits is as important as understanding capabilities. The lesson names three practical limits: hallucination, the absence of live knowledge, and the inability to reason over information not provided. Framing these as the tool's 'shape' encourages calibrated use rather than blind trust or dismissal.
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The module concludes by synthesizing the earlier lessons into a practical discipline for reliable results: clear prompts, appropriate context, explicit formatting, verification of important outputs, and iteration. This positions reliability as a repeatable practice rather than a matter of luck, setting expectations that carry into evaluation and product courses.
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This lab gives students hands-on contact with the module's ideas. Students practice prompting and shaping a language model's output through guided tasks. The detailed procedure is in the accompanying Lab Manual.


Module 3: The AI Application Landscape
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This module maps the kinds of AI applications you'll encounter and build, from assistants to retrieval systems to agents. You'll leave able to recognize the main application patterns and where each fits — giving later, deeper courses somewhere to hang.
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The landscape of AI applications can seem overwhelming to newcomers. This lesson reframes it: most applications are combinations of a small number of building blocks. Learning to recognize these blocks gives students a durable way to categorize any application they encounter, rather than treating each as novel.
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Three patterns cover the majority of applications: conversational assistants, retrieval-augmented generation (RAG) that grounds answers in provided content, and agents that plan and act. Naming these patterns gives students a shared vocabulary and directly previews entire courses in the developer track (for example, DEV-403 on RAG and DEV-414 on agents).
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Beyond naming patterns, students learn what each is best suited for: assistants for open-ended generation, retrieval for grounded and source-bound answers, and agents for multi-step, tool-using tasks. This fit-to-purpose judgment prevents a common mistake — forcing a problem onto the wrong pattern — and is developed further throughout the developer and product tracks.


[image: ]

The application landscape doubles as a navigation aid for the catalogue. Each pattern points to the courses that address it in depth, and the five specialist tracks are located relative to the landscape. This helps students choose their next course intentionally after completing the foundations.
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The module concludes with a decision skill: match the problem to the simplest sufficient pattern, reasoning from the requirement rather than the technology. Emphasizing simplicity guards against over-engineering, a recurring risk in AI projects and a theme echoed in the architecture and product tracks.
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This lab gives students hands-on contact with the module's ideas. Students map a set of example applications onto the landscape and match problems to patterns. The detailed procedure is in the accompanying Lab Manual.


Module 4: Data, Evaluation, and Quality Basics
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This module introduces data quality, evaluation, and measuring whether an AI system works — ideas that recur throughout every track. You'll learn why these matter and the basic vocabulary, and leave able to ask the right questions before building.
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Data quality is foundational because models inherit the characteristics of their training data. Poor data imposes a hard ceiling on system quality, and its flaws — bias, gaps, errors — are reproduced by the model, often without obvious symptoms. Recognizing that many apparent model problems are really data problems is a mature insight the course plants early.
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Evaluation is defined as the systematic measurement of whether a system performs its task, based on evidence rather than impression. The probabilistic nature of AI makes evaluation both harder and more essential than in conventional software. This lesson establishes evaluation as a first-class concern, expanded greatly in MLE-456 and the measurement courses.
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Students learn a handful of durable quality principles: use realistic and representative test cases, attend to failures rather than only successes, and judge quality across the full input distribution rather than by isolated impressive outputs. These principles counter the 'demo trap,' where a system looks good on curated examples but fails in real use.
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This lesson equips students with three high-leverage questions — about data provenance, evaluation, and likely failure modes — that quickly surface the quality of any AI system. Crucially, the absence of good answers is itself diagnostic, teaching students to treat unexamined systems with appropriate caution.
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The module closes by consolidating its lessons into a disposition of healthy skepticism: not trusting fluent output uncritically, and verifying what matters. The course frames this as professional rigor rather than cynicism, distinguishing it from a reflexive distrust of AI and positioning it as a transferable engineering value.
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This lab gives students hands-on contact with the module's ideas. Students examine an example AI system and ask the right questions about its data and quality. The detailed procedure is in the accompanying Lab Manual.


Module 5: Building Responsibly and Safely
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This final module introduces responsibility and safety as things you build in from the start, not add later. You'll learn the basic obligations and risks that apply to any AI work, and where to go deeper.
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Responsibility is presented as intrinsic to building with AI rather than a separate compliance step. Because AI can affect people at scale and often invisibly, the course establishes that responsibility is shared by everyone who builds, not delegated to specialists. Placing this module last frames it as the lens through which all prior material should be applied.
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The lesson surveys the principal categories of AI risk at an introductory level: harmful erroneous outputs, unfair bias, privacy concerns, and misuse. The goal is recognition and seriousness rather than expertise; deeper treatment lives in the responsibility, governance, and risk courses across the tracks.
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Guardrails are introduced conceptually as controls that keep a system within acceptable bounds by checking inputs and outputs. The key foundational point is that safety is layered — no single control suffices — which prepares students for the detailed guardrails and safety engineering in DEV-410 and related courses.
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The central practical takeaway is to integrate responsibility at design time rather than retrofitting it. Asking early who could be harmed, and how, surfaces issues while they are still cheap to address. This 'build it in' principle is echoed across the catalogue, notably in the product and governance tracks.
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The final lesson points students to where responsibility is developed in depth: the Chief AI Officer track for governance and organizational risk, the developer track for hands-on guardrails and safety, and the product track for product-level responsibility. This closes the course by connecting the foundational stance to concrete next steps.
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This lab gives students hands-on contact with the module's ideas. Students apply responsibility and safety basics to an example AI project and plan their next steps into the tracks. The detailed procedure is in the accompanying Lab Manual.
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The summary revisits the five outcomes and reinforces that the foundational mental model is accurate and sufficient to support deeper study. It closes by prompting students to select their next track, completing the on-ramp's purpose of feeding the five specialist tracks.
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What You'll Be Able to Do

By the end of this course, you will have a working, practical foundation across five core areas of modern Al.

b, = J

Explain Modern Al Work with Language Navigate the Landscape
Describe what Al is, how it works at a high level, Models Identify the main Al application patterns and
and where common misconceptions lie. Write effective prompts, manage context, and match the right one to a given problem.

get reliable, useful results.

)
Apply Quality Basics Build Responsibly

Ask the right questions about data, evaluation, and whether an Al output  Recognise risks, apply guardrails thinking, and start building with

can be trusted. responsibility from day one.
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MODULE 1

What Modern Al Is and How It Works

Before writing a line of Al-powered code, you need an accurate picture of what you are actually working with. This module builds that foundation.

—>  Describe what an Al model is — and what it is not
—>  Explain what training does at a high level

% Understand why models behave probabilistically
% Separate what Al is from common misconceptions

~>  Build an accurate mental model you can reason from
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11 What a Model Is

The Core Idea

A modelis a learned function: you pass in an input and receive an output.
That's it. There is no database of facts being looked up, and no programmer
wrote explicit rules for every possible situation.

Its behaviour emerges entirely from patterns learned during training —

patterns extracted from large amounts of data.

What a model is NOT

¢ Not a database — it doesn't store and retrieve facts
¢ Not arule engine — no hand-written logic

¢ Not a search engine — it generates, not retrieves

¢ Not a reasoning system — it predicts likely outputs

This distinction matters for every decision you'll make when
building with Al
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1.2 What Training Does

Training is the process by which a model develops its behaviour. Understanding it — even at a high level — prevents a great deal of confusion later.

Adjustment

Update internal
parameters to fit
patterns

Behaviour

Data Model produces
Expose model to large outputs shaped by
datasets learning

More data and better data generally produce better behaviour — but there are diminishing returns, and the quality of data matters as much as the quantity. Training is expensive, slow, and happens before you ever interact
with the model.
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1.3 Why Models Are Probabilistic

What this means in practice

Models do not compute a single correct answer the way a calculator
does. Instead, they predict the most likely next output given the input

—and that prediction involves sampling from a probability distribution.

This means the same input can produce different outputs on different
runs. Temperature and other parameters control how much variation is

introduced.

Feature, not a flaw

Probabilistic behaviour is not a bug to be fixed — it is fundamental to
how these systems work and why they are useful for open-ended

tasks like drafting, summarising, and ideation.
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1.4 Separating Readlity
from Myth

Myth: Al Myth: Al has
"understands” intentions

Al does not understand language or Models have no intentions, beliefs,
concepts the way people do. It goals, or awareness. They produce

processes patterns in text. There is no statistically likely outputs — nothing

comprehension behind the output. more.

Myth: Fluency = accuracy

A model can be confidently and completely wrong. Fluent, well-structured text

» is not evidence of correctness.
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1.5 A Working Mental Model

Carry this picture forward into every module and every project. It is simple enough to be usable, and accurate enough to reason about real systems.

-

Learned Probabilistic

Behaviour comes from patterns in training data, not from rules or a Outputs are predictions, not computations. Variation is expected
knowledge base. and by design.

Fluent but fallible Useful but limited

The model can produce convincing text about things it has wrong. Knowing the limits is what makes you effective. The mental model

Never equate fluency with truth. helps you stay clear-eyed.
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LAB1

Exploring How a Model Behaves

Objective: Describe how a model behaves and why, from direct observation — grounding the mental model in something you've seen yourself.

Vary the Inputs

Give the model a range of different inputs — from clear and specific to

vague and ambiguous.

&

Find a Misconception

Identify at least one common misconception that the exercise directly

disproves.

©

Observe the Outputs

Notice where behaviour is predictable and consistent, and where it is not.

g

Record an Insight

Relate your observations to the mental model and note one insight

about how models work.
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MODULE 2

Working with Language Models

Knowing what a model is gets you ready. This module teaches you to use one effectively — with intention, clarity, and the right expectations.

—> Interact with a language model deliberately and effectively
% Write clear, well-structured prompts

% Understand context and tokens at a practical level

—>  Recognise the limits of a language model

% Get reliable, repeatable results from an interaction
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2.1 Prompting Basics

What is a prompt? The principle of clarity

A prompt is your instruction to the model — the input that shapes e Clear and specific prompts produce better, more useful results
everything that follows. The model can only work with what you give
it, so the quality of your prompt directly determines the quality of the

output.

e Ambiguity leaves the model to guess — and its guess may not
match your intent

e Treat prompting as a communication skill, not a technical trick

®  You don't need special syntax or "magic words". Clarity and specificity are the most powerful tools you have.
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2.2 Context and Tokens

The model does not have persistent memory. It only "sees” what is currently in its context window — the active working area for each interaction.

Context Window

The context is everything the model can
"see" at once: your prompt, any prior
conversation, and any documents you've
passed in. When the window is full, earlier

content is lost.

Tokens

Context size is measured in tokens —
chunks of text roughly word-sized
(sometimes sub-word). A typical
paragraph might be 50-100 tokens.
Context windows range from thousands to

millions of tokens.

Why it matters

If critical information isn't in the context,
the model cannot use it. Knowing this
helps you structure prompts and
conversations to keep the right things

visible.
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2.3 Shaping the Output

You have more control over what the model produces than you might expect — but you have to ask explicitly. Implicit expectations rarely survive

the interaction.

%
Tone and Style

Specify whether you want formal, casual,
technical, or plain language. The model will

match what you describe.

Format and Structure

Ask for bullet points, numbered steps, tables,
or prose. Explicit format instructions drastically

improve usability.

Oi
Examples and Constraints

Providing an example of what "good" looks like
— or ruling out what you don't want — makes

output far more predictable and useful.
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2.4 The Limits of a
Language Model

Hallucination

Models can produce confident, fluent, entirely incorrect output — citing sources
that don't exist, stating facts that are false. This is called hallucination, and it is an
intrinsic behaviour, not a solvable bug.

No live knowledge

Without tools or retrieval, a model has no access to current events, your
organisation's documents, or anything outside its training data. You must provide
what it needs.

No genuine reasoning
A model cannot reason about information it hasn't been given. What looks like
reasoning is pattern-matching — powerful, but not the same thing.
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2.5 Getting Reliable Results

Reliability comes from combining the right elements — not from finding a single "correct” prompt and hoping for the best.

Clear Prompts

Specific, unambiguous instructions with format
requirements

Provide all information the model needs to
perform the task

Verify & Iterate
Check outputs, adjust prompts, and try again

I Good Context

No single prompt is guaranteed to work every time. Treat interaction with a model as an iterative loop: prompt, review, adjust, repeat. And always verify outputs that matter before acting on
them.
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Getting Useful Results

Objective: Interact with a language model deliberately, improving the output at each step, and get a reliable result for a real task.

7 <

Write a Clear Prompt Add Context

Choose a task and write a prompt that is specific, unambiguous, and Improve the result by adding relevant background, constraints, or
actionable. examples to the prompt.

o

Shape the Format Find a Limit

Ask explicitly for the output structure you need — list, table, paragraph, Deliberately probe the model's limits — find something it gets wrong or
or otherwise. cannot do well.
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The Al Application Landscape

A single model is just one component. This module gives you a map of how Al is assembled into real applications — so you can navigate the space and
choose the right pattern for any problem.

—>  Describe the main types of Al application

% Recognise and name common application patterns
—>  Understand what each pattern is well-suited for
—>  Locate the deeper tracks on the landscape

—>  Match a problem to the simplest pattern that fits
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3.1 Types of Al Application

A spectrum of complexity

Al applications range from a simple single-turn assistant to
complex, multi-model autonomous systems that plan and
act over time.

Understanding the spectrum means you can place any new
product or tool you encounter — and choose the right

complexity for your own work.

Building blocks, not black boxes

Most applications are not custom inventions. They are combinations of a small
number of well-established building blocks — retrieval, generation, tool use,
orchestration — assembled to fit a problem.

Recognising the building blocks helps you make smarter architectural decisions

and avoid over-engineering.
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3.2 Common Application Patterns

Assistants & Chat Retrieval (RAG) Agents

Conversational interfaces that respond to user  Retrieval-Augmented Generation: the model Systems that plan, make decisions, and take
queries in natural language. The most familiar  answers questions by first fetching relevant actions using tools — browsing the web, calling
pattern — from customer support bots to content from your own documents or APls, running code — to complete multi-step
coding companions. knowledge base, then generating a grounded tasks with minimal human intervention.

response.
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3.3 What Each Pattern Suits

Assistants

Best for open-ended help: drafting,
summarising, answering general questions,
brainstorming. Works well when the
model's training data is sufficient and
accuracy is not critical.

Retrieval (RAG)

Best for grounded answers from a defined
body of content — your docs, policies, or
knowledge base. Reduces hallucination by
giving the model the facts it needs.

Agents

Best for multi-step tasks that require real
actions — looking things up, writing to
systems, executing code. Higher
complexity and risk; use when simpler
patterns aren't enough.
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3.4 Locating the Deeper Tracks

This course gives you the map. Each application pattern corresponds to specific, deeper tracks you can move into after today.

FND-101 (This Course)

Foundations: mental models, patterns, quality, responsibility

ML Track

Model training, fine-tuning, and evaluation at depth

CAIO Track

Governance, responsible Al, and organisational scale

1

DEV Track

Build assistants, RAG systems, and agents in code

PM / Strategy Track

Product thinking, roadmaps, and Al strategy
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3.5 Matching a Problem to a Pattern

Start from the problem The matching questions
The most common mistake is starting from a technology — "let's build ¢ Can the model answer from training data alone? — Assistant
an agent" — without first asking whether it's needed. Start from the e Does it need specific facts from known content? —> RAG

roblem, not the pattern. , )
P P e Does it need to plan and act with tools? — Agent

Ask yourself: what does a good answer actually require? Does it need . L .
Choose the simplest pattern that satisfies the requirements. You can
live data? Multi-step actions? Or just good generation? - . .
always upgrade; it's harder to simplify.
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Mapping the Landscape

Objective: Navigate the Al application landscape with confidence, identifying patterns and matching them to real problems.

vy . Q

Categorise Applications Identify the Pattern

Given a set of example Al products, assign each to one of the three main  For each application, name the pattern it uses and explain what clues
pattern categories. gave it away.

o) Bas

Locate the Deeper Track Match a New Problem

For one example application, identify which deeper course would teach  Given a fresh problem scenario, choose the right pattern and explain

you to build it. your reasoning.
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Data, Evaluation, and Quality Basics

An Al system is only as good as the data behind it and the rigour applied to testing it. This module teaches you to ask the right questions — and to stop
trusting output just because it sounds confident.

—>  Explain why data quality fundamentally shapes what a system can achieve
—>  Understand what evaluation is and why "it seems fine" is not enough

—>  Recognise basic quality and measurement ideas

—>  Ask the right questions about any Al system's quality claims

—>  Build professional-grade scepticism about Al output




image27.png
41 Why Data Matters

The data shapes the model

A modelis a direct product of its training data. The patterns it learns, the gaps
in its knowledge, the biases in its outputs — all of these trace back to what
data it was trained on.

You cannot fix a data problem by adjusting prompts or tweaking parameters.
Poor data places a hard ceiling on what a system can achieve, regardless of
model size or sophistication.

Garbage in, garbage out

This principle applies more strongly to Al than to almost any
other system. Consider:

* Incomplete data — incomplete knowledge
¢ Biased data — biased outputs

* Noisy data — inconsistent behaviour

¢ Stale data — outdated answers
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4.2 \What Evaluation Is

Evaluation is the practice of measuring whether an Al system actually does what it's supposed to do — systematically, on evidence, not on

impression.
Without Evaluation With Evaluation
"It seems fine!" "It gave a good answer when | tried it "It felt right in You have a test set, a scoring method, and results across a
the demo.” These are not measurements. They are guesses. representative range of inputs. You know where the system works

and where it fails.

Evaluation is what separates a prototype from a system you can stand behind. Even basic evaluation is vastly better than none.
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4.3 Basic Quality Ideas
Bk A

Realistic Test Cases Watch for Failure Modes Quallity Across the Range
Test on examples that represent real usage — Actively look for where the system fails, not One impressive answer does not define

not cherry-picked cases. A system that works just where it succeeds. Edge cases, unusual quality. Quality is about consistent, reliable
on one good example may fail badly on the full  inputs, and adversarial examples reveal the behaviour across the full distribution of inputs

range of inputs it will encounter. true boundaries of quality. the system will face in production.
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4.4 Asking the Right Questions

When you encounter any Al system — whether you built it or someone else did — these are the questions a rigorous practitioner asks first.

L 2 3

What data is this built How was it evaluated, Where is it likely to fail?
? ?

I and on what? Given the data and the evaluation, what

What was the source? How recent is it? Was there a formal evaluation? What test inputs or conditions are most likely to

What is known to be missing, skewed, or set? What metrics? Who ran it? Were produce unreliable or harmful output?

potentially biased? edge cases included?
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4.5 Healthy Scepticism

Scepticism is a professional skill

Healthy scepticism about Al output is not cynicism and it is
not technophobia. It is the same critical thinking that good

engineers apply to any system — only more important here,

because Al systems can fail in subtle, confident-sounding

ways.

What it looks like in practice

¢ Do not trust output just because it sounds confident
o Verify claims that matter before acting on them

e Ask how the system would behave on inputs different from the ones you
tested

¢ Treat impressive demos with appropriate caution

Scepticism combined with clear evaluation processes is how responsible
practitioners ship Al that works.
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Building Responsibly and Safely

Building with Al is not just a technical act — it is one with real consequences for real people. This module sets the foundation for every responsible decision
you'll make.

—>  Recognise the responsibilities that come with building with Al

~—>  Identify basic Al risks and harms — and where they come from

—>  Understand safety guardrails at a practical level

—>  Build responsibility in from the design stage, not as an afterthought

—>  Know where to go deeper on responsible Al and governance
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51 Why Responsibility Matters

Scale changes the stakes Responsibility is shared

A human decision-maker might affect tens of people. An Al system It doesn't belong only to the researchers who trained the model, or
deployed at scale can affect millions — in seconds, automatically, and the executives who approved the product. Everyone who builds,
without a human in the loop for each case. That scale creates a integrates, or deploys an Al system shares in its responsibility for
proportionate responsibility. what it does.

Treating responsibility as someone else's problem is not a safe
position.
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5.2 Basic Risks and Harms

&)

Wrong Outputs

Al systems can produce incorrect information
that people act on —in healthcare, legal,
financial, or safety-critical contexts. Confident

errors cause real harm.

G%P

Bias and Unfairness

If training data reflects historical biases, the
model will too. This can result in systems that
treat different groups of people unfairly —

often invisibly and at scale.

&)

Privacy and Misuse

Al systems may expose personal information,
enable surveillance, or be misused in ways that
were not intended when they were built. These

are not hypothetical risks.
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5.3 Safety and Guardrails

Guardrails are the mechanisms that keep a system operating within safe, intended boundaries. They are not a single switch — they are a layered set of checks applied throughout the system.

Outer: Output &
Review

Screen outputs and escalate
risky cases

Middle: System
Instructions

Guide model behavior at
prompt level

Core: Input Filters
Check and restrict user inputs

No single guardrail is sufficient on its own. Effective safety requires multiple overlapping layers —and the assumption that each one will occasionally fail.
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5.4 Building It in From the Start

Design-time vs. retrofit The questions to ask at design time

Responsibility built in during design is cheaper, more effective, and safer e Who will use this, and who else might be affected by it?

than responsibility bolted on after a system is already built. Retrofitting o Who could be harmed, and in what scenarios?

guardrails around a poorly designed system is difficult, expensive, and often

e What could a bad actor do with this system?
incomplete.
e What happens if the model gets it wrong?

The earlier in the process you ask the hard questions, the less costly the o What human oversight is needed?

answers are to act on.
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5.5 Where to Go Deeper

Responsible Al is a broad field with deep dedicated tracks. This module gives you the foundation — here's where to continue.

CAIO Track

Responsible Al & Governance —
organisational policy, ethics frameworks,
audit and compliance, and leading

responsible Al programmes at scale.

DEV Track
Guardrails & Safety in Code —

implementing input/output filters, content
moderation, red-teaming, and safe

deployment patterns in real systems.

PM Track

Product-Level Responsibility —
responsible design patterns, user trust,
feature-level risk assessment, and

communicating Al limitations to users.
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Applying Responsibility Basics

Objective: Apply the full responsibility framework to a realistic example project — and leave ready to enter a deeper track.

i #
Identify Responsibilities Spot Risks and Harms

Given an example Al project, identify who is responsible for what —and ~ Name the basic risks the system carries: wrong outputs, bias, privacy

who could be affected. concerns, or misuse potential.

w 1
Apply Guardrail Thinking Choose Your Next Track

Identify where safety guardrails would apply: which inputs and outputs Based on what you've learned today, identify the deeper track that is

need filtering, and what human oversight is needed. most relevant to your role and goals.
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Course Summary and Next Steps

You've completed FND-101. Here is what you leave with — and where to go next.

v Mental Model v Language Models v Application Landscape
You built an accurate, durable mental You can interact with language models You can navigate the main Al application
model of modern Al — learned, deliberately, write clear prompts, and patterns and match the right one to any
probabilistic, fluent but fallible. verify what matters. given problem.

v Data & Quality v Responsibility

You know how to ask the right questions about data, evaluation, and You know how to start building responsibly — and which track to

when to trust an Al output. continue into next.
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Al Foundations for
Practitioners

FND-101- FOUNDATIONS TRACK

A technical on-ramp to modern Al — built for practitioners who need an accurate

foundation, not hype.
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About This Course

Modern Al has its own concepts, vocabulary, and ways of working. This course is designed
to help you build an accurate mental model — one grounded in how these systems
actually behave, free from hype and hand-waving.

Mental Models

Understand models, the application landscape, quality, and responsibility from first
principles.

Guided Labs

Gentle, hands-on labs let you touch each concept directly — observation before
abstraction.

Practical Focus

Every topic connects to real decisions you'll face when building with Al systems.
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Who This Course Is For
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Developers & Engineers Technical Staff Track Prerequisites
Those new to Al who want a solid technical Anyone about to join or support an Al project General technical familiarity; basic
foundation before diving into implementation  who needs the fundamentals in place first. programming for the light labs; and most

work. importantly — curiosity.




