
Data → Weights → Predictions

When someone says "we trained a model," the mind reaches for something almost alive - a little brain that
read a library and woke up clever. That picture is why training feels mysterious. Let's replace it with one
that's accurate and far less spooky.

Here's the secret this phase delivers: a model is a big pile of numbers, and those numbers are the
only thing training ever changes. Once you see that, everything else in this guide is detail.

What a model actually is

What it actually is. A model is a fixed recipe with a lot of adjustable knobs. The recipe says how
to turn an input into an output - multiply this, add that, combine these. The knobs are numbers, and
they decide what the recipe actually produces. Those numbers have a name.

📝 Terminology. A weight is one of those adjustable numbers inside a model. A real model can
have anywhere from a handful of weights to billions of them. When people say a model has "7 billion
parameters," they mean it has roughly that many of these knobs. Weight and parameter are used
almost interchangeably.

Why people get this wrong. The common picture is that the model stores the data it was trained on,
like a database you can search. It doesn't. After training, the original examples are gone; what
remains is the settings of the knobs - the weights that the examples produced. The data shaped the
numbers and then left the room.

What it does in real life. A trained model is a file full of numbers. You hand it a new input, it
runs that input through the recipe using its current weights, and out comes a prediction. Same recipe
every time; the weights are what make one model good at spotting spam and another good at finishing
your sentences.


So what is a "prediction"?

What it actually is. A prediction is the recipe's output for an input it may never have seen
before. "Prediction" sounds like fortune-telling, but in machine learning it means any answer the model
produces: a label ("this email is spam"), a number ("this house is worth $420,000"), or the next word
in a sentence.

A real example. Imagine the simplest possible model: one that guesses a house's price from its
size. The recipe is "price = size × weight + another weight," and training's whole job is to find
good values for those two weights.

   Before training (random weights):
     1,500 sq ft  ──►  model guesses  $38,000     (wildly wrong)

   After training (weights tuned on real sales):
     1,500 sq ft  ──►  model guesses  $410,000    (close to reality)


What just happened: Nothing about the recipe changed between those two lines - it's the same
"size × weight" formula both times. Only the two numbers inside it moved. Training looked at real
houses with known prices and slid those numbers until the formula's guesses started matching reality.
That sliding is learning.

The gotcha. ⚠️ A model can only predict things shaped like what it was trained on. The house model
knows nothing about cars, and feeding it a car's data won't get you a sensible answer - it'll confidently
return a number anyway, because the recipe always produces something. A model never says "I don't
know" unless it was specifically built to; by default it always answers, even when the question is
nonsense. Hold onto that - it explains a lot of strange AI behavior later.

Why this saves you later. Once "a model is tuned numbers running a fixed recipe" is your mental
picture, the scary words deflate. "Loading the model" means loading those numbers. "The model is 4 GB"
means the numbers take up 4 GB. "Fine-tuning" means nudging numbers that were already mostly set. You
can reason about all of it instead of treating it as a black box.

Recap


	A model is a fixed recipe plus a large set of adjustable numbers called weights (a.k.a.
parameters).

	Training only ever changes those weights - it does not store the original data inside the model.

	A prediction is the recipe's output for a given input, using the current weights.

	A model always produces some answer, even for inputs it has no business answering - being right is
what training is for.



Now we know what training changes. Next: how it figures out which way to nudge each number.

Watch it animated: training vs. inference



← Guide overview · Phase 2: Learning by Being Wrong →



Learning by Being Wrong

Phase 1 said training "nudges the weights until the predictions are good." True, but it skips the
interesting part: how does the model know which way to nudge? It can't see the right answer and copy it.
All it can do is guess, find out how badly it missed, and adjust.

That's the whole thing, and it's worth saying plainly: a model learns by being wrong, over and over,
and being slightly less wrong each time. This phase walks the loop in plain words.

The training loop

What it actually is. Training is a four-step cycle repeated an enormous number of times. Each pass
takes one example whose answer we already know, and uses the gap between the guess and the truth to
improve the model.


We'll take the steps that need a name one at a time.

Step 2: Measuring how wrong - the loss

What it actually is. After the model guesses, we compare its guess to the real answer and boil the
difference down to a single number: how wrong was that? That number is the loss.

📝 Terminology. Loss is a score for badness. High loss = the guess was far off. Low loss = the
guess was close. Training's entire goal, stated plainly, is to make the loss as small as possible
across all the examples.

A real example. Back to the house-price model from Phase 1:

   House: 1,500 sq ft     real price: $410,000
   Model's guess:         $250,000
   Miss:                  $160,000 off   ──►  large loss


What just happened: We didn't tell the model the answer to memorize. We told it how far off it was -
a single number summarizing the miss. That number is the signal the next step needs. A guess of
$400,000 would produce a small loss; a guess of $38,000 would produce a huge one.

Step 3: Nudging the weights - "roll downhill"

What it actually is. Once we have the loss, we adjust each weight a tiny bit in whatever direction
makes the loss smaller. Do that and the model's next guess on a similar example will be a little better.

Here's the mental model that does all the heavy lifting. Picture the loss as a landscape of hills and
valleys. High loss is a hilltop (bad); low loss is a valley (good). Every possible setting of the
weights is a spot on that landscape, and you want to get downhill, toward less wrongness.

   loss
   (badness)
     high  \                         the model starts up here,
            \      .                  guessing badly
             \    / \
              \  /   \      each nudge = one small step downhill
               \/     \
                       \___        ◄── lower loss = better model
                           \____
     low                        \____  goal: settle near the bottom
            (different weight settings →)


📝 Terminology. Rolling downhill on this loss landscape - taking small steps in the direction that
reduces the loss - is called gradient descent. That's the actual name for the math you don't need.
The intuition is exactly the picture above: feel which way is downhill, take a small step, repeat.

The gotcha. ⚠️ The steps are deliberately small. If the model lunged all the way to "perfect" on
one example, it would lurch around and never settle - getting example #1 right by getting #2 badly
wrong. So each nudge is gentle, which means it takes a great many examples to settle into weights that
are good for all of them at once. That gentleness is the direct reason the next gotcha exists.

Why models need so much data

What it does in real life. Because each example only earns a tiny nudge, the model has to see a
mountain of examples before the weights are any good. One house teaches it almost nothing; a hundred
thousand houses teach it the real shape of the market. The same is true everywhere: a spam filter needs
to see vast numbers of spam and not-spam emails; a language model needs an enormous amount of text.

⚠️ This is the real reason "AI needs lots of data." It's not a slogan. It falls straight out of
the loop: small nudges × one example at a time = you need a lot of examples to add up to a model that
generalizes. Too little data and the weights never settle anywhere sensible.

📝 Terminology. One full pass through all of your training examples is called an epoch.
Training usually runs for many epochs - the model walks through the entire dataset again and again,
because one trip down the hill rarely reaches the bottom.

A real example.

   Epoch 1:  average loss across all houses = 180,000   (rough)
   Epoch 2:  average loss = 95,000                       (better)
   Epoch 5:  average loss = 22,000                       (close)
   Epoch 9:  average loss = 21,500                       (barely moving - near the bottom)


What just happened: Each epoch is one complete walk through the data, and the average loss drops as
the weights settle into the valley. Notice the last step barely improves - the model is near the bottom
of the hill, and there's little left to squeeze out. Watching loss flatten like this is how people know
training is "done."

Why this saves you later. "We trained for 10 epochs," "the loss isn't going down," "we need more
data" - these stop being jargon. They're all status reports on the same downhill walk: how many
laps we've done, whether we're still descending, and whether we have enough examples to find the valley
at all.

Recap


	Training is a loop: predict → measure the wrongness (loss) → nudge the weights → repeat.

	Loss is one number for how wrong a guess was; the goal is to make it small.

	Nudging the weights toward lower loss is gradient descent - "roll downhill toward less error,"
one small step at a time.

	Steps are small on purpose, so a model needs lots of examples, walked through many times
(epochs), before the weights are any good.



The loop will happily keep lowering loss on the examples it's shown. Next phase: why that can quietly
go wrong, and why we hide some data from the model on purpose.

Watch it animated: gradient descent
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Overfitting & Why Test Sets Exist

By now you know training drives the loss down, lap after lap. So here's an uncomfortable question: if lower
loss is better, why not keep training until the loss is nearly zero? Wouldn't that be a perfect model?

It would be a model that's perfect on the examples it has already seen - and possibly useless on
anything new. That trap has a name, and avoiding it is the reason machine learning has the rituals it
does. This phase delivers the difference between a model that memorized and one that actually
learned.

Memorizing vs. generalizing

What it actually is. There are two ways for loss to get low. The model can learn the genuine
underlying pattern (good), or it can memorize the specific answers to the specific examples it was shown
(bad). Both make training loss small. Only the first is worth anything.

📝 Terminology. Generalizing means the model performs well on new inputs it never saw during
training - it grasped the pattern. Overfitting is the opposite: the model latched onto the quirks
and noise of the training examples themselves, so it aces them and stumbles on everything else.

Why people get this wrong. It's tempting to read "low loss = good model." But low training loss
only tells you the model fits the data it studied. A student who memorized last year's exam answer key
gets 100% on last year's exam and learned nothing. ⚠️ Overfitting is acing the training data and
failing reality - and it's invisible if the only thing you ever measure is performance on the data the
model trained on.

   Goal: learn the trend (the line)          Overfitting: trace every point

      price                                     price
        |        .   .                            |        .   .
        |     .  __.--                            |     . _/\_.-\
        |   ._.--                                 |   ._/      \
        |_.--__________ size                      |_/__________ size

   captures the real pattern;               wiggles through every example,
   handles new houses well                  including the noise - fails on new ones


The fix: keep some data hidden

What it actually is. Before training starts, you split your data into separate piles and only let
the model learn from one of them. The others are held back specifically to test it on data it has
never seen - the only real measure of whether it generalized.

📝 Terminology - the three piles.




	Pile
	What it's for
	Does the model train on it?





	Training set
	The examples the model learns from (runs the Phase 2 loop on).
	Yes



	Validation set
	A check used during development to tune choices and spot overfitting early.
	No



	Test set
	A final, untouched exam taken once, to estimate real-world performance.
	No





Why the split exists. It's the whole point: measuring a model on the data it trained on tells you
nothing about the future, the same way grading a student on the answer key they memorized tells you
nothing about whether they understand. The held-back data is new to the model, so its score on that data
is a fair stand-in for how it'll do on the genuinely new inputs it'll meet in the real world.

A real example.

   Training set:    loss is low      ──►  model fits what it studied
   Test set:        loss is low      ──►  it GENERALIZED   ✓  ship it

   ...vs the bad case...

   Training set:    loss is low      ──►  fits what it studied
   Test set:        loss is high     ──►  it OVERFIT       ✗  memorized, didn't learn


What just happened: The gap between the two scores is the tell. When a model does great on training
data but poorly on the held-back test data, that gap is overfitting, made visible. Without a hidden
pile of data, you'd never see it coming - you'd ship a model that looked perfect and fell apart in
production.

The gotcha. ⚠️ The test set only stays valid if you keep it sealed. The moment you start tweaking
your model to score better on the test set, it stops being "data the model never saw" and you're
quietly overfitting to it too. That's exactly why the validation set exists as a separate pile: you tune
against validation and save the test set for one final, clean look.

A model is only as good as its data

What it actually is. Everything the model knows came from its training examples - and only from
them. If those examples are skewed, incomplete, or carry human bias, the model learns the skew right
along with the pattern. It has no other source of truth.

What it does in real life. A hiring model trained mostly on one group's résumés learns that group's
patterns and quietly disadvantages others. A model trained only on daytime photos struggles at night.
The model isn't being malicious or careless - it's faithfully reflecting the data it was handed.
"Garbage in, garbage out" is not a warning about the algorithm; it's a fact about where the weights came
from.

Why this matters. This is the most important point in the whole guide: a model's fairness and blind
spots are inherited from its data, not invented by the math. The data side of that story - where bias creeps
in and what to watch for - is covered in ML Basics for Data People.

Why this saves you later. When a model behaves strangely - great in the demo, wrong in the wild;
fair for some users, unfair for others - your first question is now the right one: what was it trained
on, and what was missing? That instinct will serve you far better than assuming the model is plainly
"smart" or "broken."

Recap


	Low training loss isn't enough - a model can memorize (overfit) instead of learning the real
pattern.

	We split data into training, validation, and test sets so we can measure the model on
data it never learned from.

	A big gap between training performance and test performance is overfitting, made visible.

	A model inherits the biases and gaps of its data - it has no other source of truth.



So, what is training, really?

Strip away the mystique and here's the whole thing: training is tuning a big pile of numbers until a
fixed recipe's guesses match examples we already have answers for - then checking, on data it never saw,
that it learned the pattern instead of memorizing the answers.

That's it. Powerful, genuinely useful, occasionally surprising - but not magic. A patient walk
downhill, a clean exam at the end, and numbers that are only ever as good as the examples that shaped
them.

Watch it animated: overfitting
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