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1. Learning Rules From Examples Instead of Writing Them

Here is a small program anyone could write today.

A payroll system needs to work out how much income tax to withhold. The law says the first eleven thousand dollars of income is taxed at ten percent, and everything above that up to forty-four thousand is taxed at twelve percent. So for someone earning thirty thousand dollars, you take ten percent of the first eleven thousand, which is eleven hundred dollars. Then you take twelve percent of the remaining nineteen thousand, which is two thousand two hundred and eighty. Add them and you get three thousand three hundred and eighty dollars.

You could write that in six lines. Better, you could check it by hand. If the law changes next year, you change one number and the program is correct again. There is nothing to learn here, because the rule already exists, written down by someone else, and it is exact. A system that guessed at this number and came within a dollar or two would be worse than useless. It would be wrong in a way nobody could audit.

Now here is a second program, and it looks like it should be about as hard.

An email arrives. Decide whether it is spam.

The first attempt writes itself. Keep a list of words that spam uses and legitimate mail does not. If the message contains one of them, throw it away. This works for about a week. Then the senders start writing the word with a one in place of the i and an at-sign in place of the a. So you add those spellings to the list. Then they hide the word inside HTML markup, so the letters are broken up by tags that the mail program does not display but your rule can see. So you write a rule to strip the tags first. Then they send an image with the text inside the picture, where there are no letters at all. Then they pad the message with paragraphs of ordinary, harmless prose lifted from a news site, so that whatever else you measure, the message looks statistically normal.

Every fix you make is correct. Every fix you make is also immediately worked around, because on the other end of this there is a person who gets paid when your rule fails. And the rules interfere with each other. The rule you wrote to catch the misspellings starts throwing away a real message from a friend with an unusual name. The rule you wrote to catch the padding starts throwing away newsletters people asked for. After a few hundred rules, you no longer know what your own program does, and you cannot change one rule without breaking another.

That is the collapse. The task is still possible. The rule you would need just has thousands of exceptions, and nobody, including you, can list them.

And yet you can still tell. Show a person a hundred messages and they will sort them into spam and not-spam in about two minutes, and they will agree with the next person on ninety-something of them. The knowledge is there. It just is not in a form you can type.

Machine learning is what you reach for when you can recognise the right answer on examples but cannot write down the rule that produces it. Tax withholding fails that test in the good direction: the rule is written down already, so write it. Spam fails it in the other direction: you can recognise the answer all day and never produce the rule. So instead of writing the rule, you hand the machine the recognising and ask it to produce the rule itself.

What you hand over has the same shape however large the model gets.

You hand over a pile of examples. An example is one thing you want a decision about. Here, one email.

For each example, you hand over some measurements of it. Each measurement is called a feature. For an email, a feature might be the number of words in the message, whether the sender's address has ever written to you before, how many links it contains, how many of those links point somewhere other than where their text claims, or simply whether some particular word appears. Features are the only thing the machine gets to look at. If a feature is not there, the machine cannot use it, however obvious it is to you.

And for each example, you hand over the answer you already know. That known answer is called the label. Spam, or not spam. You know these because a human sorted them, or because users pressed a button, and either way somebody paid in attention for every one of them.

So the input to learning is pairs: features, and a label. Many thousands of them.

What comes out is called a model. A model is just a rule, one that was fitted to those pairs instead of typed by a person. It takes features in and puts an answer out. When it does that on a message it has never seen, its output is called a prediction. The word is a little grand for what it is. It does not mean the model knows anything about the future. It means the model is producing an answer where you have not supplied one.

The catch is that the model is only useful on examples nobody has seen yet. It is very easy to build a rule that gets every single one of your training examples right: memorise them, look each one up. That rule is worth nothing, because you already had those answers. The rule has to work on the next message, the one that has not arrived. Most of the techniques that follow exist to solve that problem.

Handwritten digits fail the same way, with no adversary involved.

Postal services need to read the digits in a handwritten postcode. Nobody is trying to fool the machine. People are just writing. So you try rules again, and they are sensible rules: a zero is a single closed loop, an eight is two closed loops stacked, a one is a stroke with no loops and no branches, a four has a crossing. Then you meet real handwriting. Loops that do not quite close. Strokes that break in the middle because the pen skipped. A seven with a bar through it and a seven without. A one that leans so far it could be a slash. Every one of those is a special case, the special cases multiply against each other, and you are back where the spam filter was.

What worked instead was to give a system many thousands of small images of digits, each one already labelled with the digit a human says it is, and let it fit the rule itself from the raw pixels. The most-used collection of these is MNIST, a set of scanned handwritten digits with their labels, and it is still the first thing many people ever train a model on. Nobody ever tells the system what a loop is.

Both stories have the same shape. Recognising was easy, describing was impossible, examples were available. Where those three things are true together, learning from examples is the right tool. Where any one of them is false, it usually is not.

Five words for five different problems

Five words get used for this field, often in the same sentence: artificial intelligence, machine learning, deep learning, statistics, data science. Each one owns a different problem.

Artificial intelligence is the oldest and broadest of the five. It is the ambition of building systems that perceive something about their situation and then act sensibly toward a goal. That is a wide enough description to include a great deal that does no learning at all. A program that finds the shortest route across a city is doing artificial intelligence, and it works by systematically searching possible routes and keeping the cheapest, without studying a single past journey. A program that fills in a timetable so that no teacher is in two rooms at once is doing artificial intelligence, and it works by narrowing down possibilities until only consistent ones remain. Give either of those tasks to a system that learns from examples and you have made it worse. The shortest route is a thing you can compute exactly, and a model that predicts a route would sometimes hand you a road that does not connect.

Machine learning is one approach inside that broader ambition: the approach where the rule comes from data instead of from a person. That is what the spam filter and the digit reader have in common, and it is the whole of what the word means. It owns exactly the problem we started with: recognisable, undescribable, and supplied with examples.

Deep learning is one family inside machine learning. Its models stack many layers, and each layer transforms what came out of the layer beneath it, with every one of those transformations learned instead of designed. What that buys you is that you can feed in raw, unhelpful input, such as pixel brightnesses, a waveform or a sequence of characters, and the early layers will build up their own useful measurements from it, so you do not have to invent good features by hand. That is why the digit problem went to this family. Nobody had to define a loop, because the layers built up something loop-like on their own out of pixels. The cost is that this needs a lot of examples and a lot of computation, and that what those middle layers are doing is hard to inspect.

Statistics is not a subfield of any of these. It is an older discipline, and it asks a different question. Prediction asks what answer to give for a new case. Statistics asks what a sample lets you claim, and with how much confidence. Suppose you change the sign-up page on a website, and over two weeks the new version converts at four point one percent while the old one converts at three point eight. Statistics owns that problem. The question is whether that gap is real, or whether you would see a gap that size fairly often from random noise alone with that many visitors. That is what a confidence interval or a significance test is for. A predictive model will happily give you an answer here and it will be answering the wrong question, because a model that minimises prediction error is free to lean on anything that correlates, including the time of day the two versions happened to be shown.

Clinical trials belong to statistics for the same reason, with more at stake. You want to know whether a drug works, which means you need random assignment, a stated hypothesis, and an honest account of how likely your result is if the drug does nothing.

Data science is not a theory at all. It is the working practice of getting value out of data end to end: finding the data, pulling it out of wherever it lives, discovering that a third of the rows have the date in the wrong format, deciding what to do about the missing values, describing what is actually in there, and then explaining the result to someone who will make a decision with it. It uses statistics and it uses machine learning as tools inside that pipeline. It owns the problem of the messy real supply line, which is most of the work on most projects and is almost none of the material in most courses.

They overlap. Linear regression is taught in statistics courses and in machine learning courses, and it is the same mathematics in both; what differs is what you do with it. A statistician tends to care what the fitted coefficients mean about the world and whether the assumptions behind them hold. A machine learning practitioner tends to care whether the predictions are good on data the model has not seen. Both goals are legitimate, they are different goals, and the same equation serves both.

A common picture puts the five on a ladder with deep learning on top: statistics is what people did before they had computers, machine learning is what you use when you cannot afford deep learning, and deep learning is what you use when you are serious. Every part of that is wrong, and believing it will cost you real time.

The correct answer to a problem is frequently a hand-written rule. Payroll was one. The correct answer is frequently a plain average with an honest error bound on it, because the question was "what is our typical response time" and adding a learned model to that adds nothing but opacity and something new to break. The correct answer is frequently a significance test, because the question was whether a difference is real. And when the answer is machine learning, the correct answer within machine learning is often a small, simple, inspectable model, because it is nearly as accurate as the large one, it trains in a second, and you can see what it is doing.

Choosing among them is a harder skill than running any particular algorithm, and it starts with stating the problem clearly enough to see what kind of problem it is.

Turning a wish into a stated learning problem

People do not bring you learning problems. They bring you wishes. Here is one, in the form it usually arrives:

"We want to use AI to reduce customer churn."

That sentence has no unit, no input, no output, no data and no standard, and each of those five gaps has to be filled before anyone writes a line of code.

Say the business is a subscription service. People pay monthly, and some of them stop.

First: what is one prediction about? This is the unit, and getting it wrong quietly ruins everything downstream. It is tempting to say "churn" is the thing being predicted, but churn is a rate. One prediction has to be about one identifiable something at one identifiable moment. So: one prediction is about one subscriber, on the first day of one month. That is the unit. If we have a subscriber who has been with us for two years, that person contributes twenty-four separate examples, one per month.

Second: what do we know at the moment of prediction, and is it really known then? This is where beginner projects most often fail, and they fail silently.

For a given subscriber on the first of the month, we can look up how many months they have been paying, which plan they are on, what they pay, how many times they logged in during the previous thirty days, how many support tickets they opened in the previous ninety days, and whether their last payment failed. All of that is in our billing and application records, dated, and all of it was recorded before the first of the month. Those are our features.

Now the trap. Our records also have a field called cancellation reason, filled in by a support agent when someone leaves. It is enormously informative. It is also filled in after the person cancels. If we hand that to the model, the model will learn that a filled-in cancellation reason means cancellation, it will score almost perfectly in testing, and it will be worth exactly nothing in use, because on the first of the month for a subscriber who has not cancelled, that field is empty and always will be. Information that only exists after the answer is called leakage, and the test for it is one question asked about every single feature: on the morning I actually have to make this prediction, will this value be sitting in front of me? Cancellation reason fails. A support ticket count fails too if it is counted over the coming month instead of the past one. The same measurement can be legitimate or fatal depending on the window it covers, so the window has to be part of the feature's definition.

Third: what exactly is the target? We say: whether this subscriber cancels at any point in the next thirty days. That is a category, and it has two values, cancelled or not. It is not a number.

That choice decides the method, the way you measure success, and what the output even means. If we had instead defined the target as how many more months this subscriber will stay, that would be a number, and it would take a different family of models and a different notion of being wrong: being off by two months is worse than being off by one, whereas with a category you are either right or you are not. Both versions are answerable. They are different problems and they cannot share a solution. Pick one, in writing, before anything else.

Fourth: where do the labelled examples come from, and how many are there? We do not need anyone to sit down and label anything, because the past already did it. For every subscriber and every past month, the billing records tell us whether they cancelled in the following thirty days. The label was recorded as a side effect of running the business, and that is why this problem is worth attempting at all.

Let us count. Say we have eight thousand subscribers and two years of usable history. Eight thousand times twenty-four is roughly a hundred and ninety-two thousand subscriber-months. That is our supply of examples, and it is plenty. But now count the labels, not the examples. If about four in a hundred subscribers cancel in a given month, then about four percent of those rows are labelled cancelled. Four percent of a hundred and ninety-two thousand is about seven thousand seven hundred. So we have a hundred and eighty-odd thousand examples of nothing happening, and seven or eight thousand of the thing we actually care about.

Fifth, and the one people skip: what result would be useful, and what result would be no better than the obvious guess?

Start with the obvious guess. A model that ignores every feature and always says "this person will not cancel" is right about ninety-six percent of the time, because ninety-six percent of the rows are people who did not cancel. It requires no data, no features and no training. You can implement it by returning the same answer forever.

So if we build something clever and it comes back at ninety-five percent accurate, we have done worse than a rule that says nothing. And if it comes back at ninety-six point five percent, we have not learned whether it is any good, because we do not know whether that half a point is real or noise. That fixed always-say-no rule is what we will call a baseline: the cheapest defensible thing, whose score you must beat before you are allowed to be pleased.

The baseline also tells us that accuracy is the wrong measure here, which is a conclusion we could not have reached without computing it. On this problem, with these proportions, accuracy cannot distinguish a useful model from a rule that does nothing.

So define usefulness from the actual decision instead. Suppose the retention team can meaningfully contact two hundred subscribers a month. Then what we want from the model is a ranking, and the question we ask of it is: of the two hundred subscribers it puts at the top, how many actually cancel in the next thirty days? Pick two hundred subscribers at random and, at a four percent rate, about eight of them will be leavers. That is the floor. If the model's top two hundred contains sixty leavers, the team is reaching seven or eight times as many of the right people as random selection would, and that is a result you can put in front of the person who owns the budget. If it contains twelve, the model is doing something, but not enough to change anyone's week.

Sixty out of two hundred would establish that the model ranks better than chance on our historical records. It would not establish that contacting those people reduces cancellations, because we would have shown who is likely to leave, not that any intervention changes their mind. That is the statistics question from earlier, it needs a controlled comparison, and it is a separate piece of work with a separate design. Being clear about which of the two you have proved is the difference between an honest project and a misleading one.

A project with no stated baseline cannot tell success from noise. It has no way to know whether ninety-six percent is triumph or embarrassment. And the baseline has to be written down before you see the model's score, because afterwards you will find yourself constructing a standard that the number you happen to have clears.

So the wish has become a statement, and it fits in a paragraph. One prediction is about one subscriber on the first of a month. The features are tenure, plan, monthly price, logins in the past thirty days, support tickets in the past ninety days, and whether the last payment failed, all of them known on that morning and none of them drawn from after it. The target is a category: cancels within thirty days, yes or no. The labelled examples come from two years of billing history, roughly a hundred and ninety-two thousand rows, of which about four percent carry the cancelled label. The baseline is the rule that always says no, which is ninety-six percent accurate and useless, and random selection, which finds about eight leavers in two hundred. Useful means finding several times that many in the top two hundred, and success at that means the ranking works, not that anyone was retained.

You write this same shape, unit, features known at prediction time, target and its type, source and quantity of labels, baseline and standard, whether the thing that eventually gets fitted is three lines of library code or a system with millions of parameters. Skip it and you end up with a number you cannot interpret.

Now take the same wish and turn it into a different problem, so you can feel which choices are yours. Keep the same business, but suppose the finance team asks instead how much revenue we will lose to cancellations next quarter. Work through the five: the unit is no longer a subscriber, the target is now a number instead of a category, and the baseline is no longer a fixed answer but something like last quarter's figure. Write those five lines out. If your target came out as a number and your baseline came out as a comparison against last quarter, you have understood the exercise.

One thing to do today: open a labelled dataset and read it, before you train anything.

Take MNIST. Its structure is the vocabulary from earlier, made physical. One example is one small greyscale image of a single digit. Its features are the brightness values of its pixels, laid out as a grid twenty-eight cells wide and twenty-eight tall, so seven hundred and eighty-four numbers per example, each between fully dark and fully bright. Its label is a single digit from zero to nine, written down by a human who looked at that image. There are sixty thousand of these set aside for training and ten thousand held apart for testing, and that separation is deliberate: the ten thousand exist so that the score you report is a score on examples the model never saw, which is the only score that means anything.

It comes bundled with several standard Python libraries, so loading it is a single function call. Print one example. Look at the seven hundred and eighty-four numbers. Then display that same row as an image and see the digit appear. Then print its label and confirm it matches what your eyes say.

The model is never shown a digit. It is shown seven hundred and eighty-four numbers with no notion that they sit next to each other, no notion of a line or a curve, no idea that a shape exists, and it is asked to produce a label. Everything the field has built to solve that comes from the difficulty you can see in that one printed row.

Then count what it took to make. Sixty thousand images, each looked at by a person who wrote down what they saw. That is the real cost of learning from examples, and it is why the churn problem above was attractive: nobody had to sit and label anything, because the business had been labelling it all along without noticing.



2. What Each Era of AI Tried, and Why It Stalled

In nineteen fifty, in a paper called "Computing Machinery and Intelligence," published in the journal Mind, Alan Turing took the question "can a machine think?" and set it aside as too meaningless to discuss. Nobody could say what would settle it. If a machine gave every sign of thinking, someone could still say it was only going through the motions, and there would be no experiment to run next. So Turing replaced it with a question you could actually run.

His setup came from a parlour game. Three people. An interrogator sits alone in one room and can only send and receive typed messages, through a teleprinter in his description, so that no voice or handwriting leaks through. In the other room are a man and a woman. The interrogator's job is to work out which is which. The man is trying to fool the interrogator; the woman is trying to help. Now, said Turing, take the man out and put a digital computer in his place. Ask this: does the interrogator get it wrong as often as before? If the machine is as good at that game as the man was, then refusing to call the machine intelligent has no experimental basis left.

Turing traded a vague question for a checkable one. He gave up on the inner life of the machine, whether it feels anything, whether there is anyone home, and settled for behaviour under blind evaluation. That is a real loss. The test says nothing about consciousness, and it was never meant to. It also does not tell you the machine is intelligent in general, only that it held up under one kind of interrogation by one interrogator. And scholars still argue about exactly which version Turing intended: a computer imitating a woman alongside a man, a computer imitating a human alongside a human, which is the common reading, or a plain one-on-one interview. When you cannot get people to agree on the setup, you should be careful about what you claim from the result.

You made the same trade last chapter, when you turned "reduce churn" into a unit, a set of features, a target and a baseline: a vague wish became a claim you could check, and you said plainly what the check leaves out.

Six years after Turing's paper, the field got a name. In the summer of nineteen fifty-six, a two-month research meeting was held at Dartmouth College, proposed the previous August by John McCarthy of Dartmouth, Marvin Minsky, then at Harvard, Nathaniel Rochester of IBM and Claude Shannon of Bell Labs. Allen Newell, Herbert Simon, Arthur Samuel, Oliver Selfridge, Ray Solomonoff and Trenchard More were among those who came. The proposal contained the sentence the whole programme rests on: that every aspect of learning or any other feature of intelligence can in principle be described so precisely that a machine can be made to simulate it. That was a bet. Nobody had shown it.

The meeting itself was a bit of a shambles. People arrived at different times, stayed for different lengths of time, and no single final report ever came out of it. What came out was the name and the idea that this was one field instead of a scattering of hobbies.

The first decade went in three directions. First, search. A program can treat a problem as a tree of choices and walk it looking for the good branch. The Logic Theorist, built in nineteen fifty-six by Allen Newell, J. C. Shaw and Herbert Simon and shown at Dartmouth, proved thirty-eight of the first fifty-two theorems in the second chapter of Whitehead and Russell's Principia Mathematica. It did not try every possibility. It used rules of thumb about which branch looked promising, and it worked backwards from the thing to be proved. Three years later the same team built the General Problem Solver, which formalized a habit humans use constantly: look at where you are, look at where you want to be, measure the difference, and pick the action that shrinks that difference. Second, games. Arthur Samuel at IBM had a checkers program running on early machines from about nineteen fifty-two, published in nineteen fifty-nine. It searched ahead, assuming the opponent would play well, and it pruned branches that could not matter. It also remembered positions it had already scored, and it adjusted the numbers in its own scoring formula as it played, so that its judgement of a position improved with experience.

Third, and most important for everything that follows, a machine that learned from examples by nudging numbers. Frank Rosenblatt at the Cornell Aeronautical Laboratory built the perceptron, with a hardware version, the Mark One Perceptron, running by around nineteen sixty. The idea is small enough to walk through out loud.

Give the machine some numbers describing one example. Suppose two numbers, and suppose we want it to answer yes or no. The machine keeps a weight for each input, just a number saying how much that input counts, and in which direction. It multiplies each input by its weight, adds the results, and answers yes if the total clears a threshold and no if it does not.

Say both weights start at zero, so the total is zero and the machine says no to everything. Now show it an example where the two inputs are two and one, and the correct answer is yes. It said no. It was wrong, and it was wrong in the direction of being too low. So push the weights up, in proportion to the inputs that were on: add a bit of two to the first weight, a bit of one to the second. If we nudge by a tenth of the input, the weights become nought point two and nought point one. Show the same example again and the total is now nought point five instead of zero. It has moved toward yes. If instead the machine says yes when the answer was no, you subtract instead of add, and it moves the other way.

That is the whole rule: wrong answers move the weights against the error, right answers leave them alone. And there is a theorem about it, the perceptron convergence theorem, which says something quite strong. If the two classes can be separated by a straight cut through the space of inputs, this procedure will find such a cut in a finite number of steps. It will not wander forever. Adjusting weights from examples is the one idea from the nineteen fifties that is still running, unchanged in spirit, inside every model in this course.

Then the first wave stalled, and it stalled for three separate reasons that arrived close together.

The first is what happens to search when problems get bigger. Take a puzzle where at each step you have ten choices. Look one step ahead: ten possibilities. Two steps: a hundred. Three: a thousand. Ten steps ahead and you are at ten billion. The method is fine. The number of things to look at simply multiplies at every step, and it outruns any computer you can build, and it outruns the computers we will build next century too. This is why programs that dazzled on small tidy puzzles fell apart on real problems: the real problem was the same kind of problem, only deeper, and depth is fatal when the count multiplies.

The second reason was the limit of a single layer of weights. In nineteen sixty-nine Marvin Minsky and Seymour Papert published Perceptrons, and they proved, mathematically, what that one layer cannot do. The famous case is exclusive-or: answer yes when exactly one of two inputs is on, no when both are on or both are off. There is no straight cut that separates those cases, so the convergence theorem simply does not apply; there is nothing to converge to. They also showed that certain whole-image properties were out of reach for units each looking at a small patch: whether a shape is one connected piece, or whether the number of marked points is odd or even. And they conjectured that stacking layers, while it would fix the expressive problem, would run into an unsolvable difficulty of its own: how do you know which weight in which layer deserves the blame for a wrong answer? That conjecture, more than the proofs, drained funding from neural networks for over a decade. The proofs were correct and the conjecture was wrong. The stacking problem got solved. We will solve it ourselves, later, when we derive backpropagation.

The third reason was official, and it came with money attached. In nineteen sixty-six, in the United States, the Automatic Language Processing Advisory Committee published a report called "Language and Machines: Computers in Translation and Linguistics." Its finding on machine translation, after a decade of heavy defence spending, was blunt: the machine output was slower to work with, less accurate, and about twice as expensive as simply hiring human translators, with no visible route to improvement. Funding for open-ended translation research ended; what survived was basic linguistics and tools that helped human translators. Then in nineteen seventy-three, in Britain, Sir James Lighthill wrote a general survey of artificial intelligence for the Science Research Council. He sorted the field into three parts, advanced automation, robotics and integrated systems, and computational neurobiology, and concluded that none of the promised major impacts had arrived. His central technical objection was exactly the multiplying-count problem: methods that worked on toy domains degraded catastrophically as the space grew. The Council cancelled artificial intelligence funding at British universities, sparing only a few groups, including Edinburgh, Sussex and Essex. Alongside this, the Mansfield Amendment tightened American military research money onto projects with direct, demonstrable defence use, which is not where speculative work lives.

So the first winter came from a bill coming due on promises. Nobody had discovered that the idea was impossible.

The next era took the opposite approach, and for a while it worked. If general intelligence is too hard, said the expert-systems programme, then narrow expertise might not be. Find a specialist. Interview them for months. Write down what they know as a large pile of if-then rules. Build an engine that chains those rules together. This is hand-writing the knowledge, at industrial scale, on purpose, with no learning from examples at all.

And it made money. The clearest case is a system called XCON, originally R1, built by John McDermott at Carnegie Mellon between about nineteen seventy-eight and nineteen eighty and put into service by Digital Equipment Corporation. Its job was configuring computer orders: given what a customer had asked for, work out whether the machine could actually be built, with the right cables, cabinets and controllers. It started at roughly five hundred rules and grew past ten thousand. It handled tens of thousands of complicated orders a year. Configuration errors fell from over thirty per cent to under two per cent, and by nineteen eighty-six the company put the savings at around forty million dollars a year. That is a real result, on a real task, with a measured before and after.

The other landmark, MYCIN, was built by Edward Shortliffe at Stanford in the mid-nineteen-seventies to diagnose bacterial blood infections and recommend antibiotics, with something like four hundred and fifty to five hundred rules and its own home-made way of tracking how sure it was. It performed competitively against clinicians. It was never deployed; hospital workflow, liability and the sheer cost of integration stopped it. Keep that in mind for later, when this course gets to shipping things: a model that performs well is not yet a system anyone uses.

Now the failure. Three parts.

The first is getting the knowledge out of the expert's head. Specialists are good at their jobs and bad at explaining them, so every rule had to be dug out by interview, argued over, and written down by hand. The channel is narrow and the labour never ends.

The second part should feel familiar. As the pile of rules grows, the rules start interacting in ways nobody can see. Rules do not sit in separate boxes; they fire in combination. Add one rule to handle an awkward new case, and it quietly changes the outcome of a dozen paths that used to work, because it now fires in the middle of them. Edit an old rule to fix that, and you break something else. Soloway, Bachant and Jensen documented this for XCON in nineteen eighty-seven, in the course of a redesign undertaken because the system had become so hard to change. To keep up with new computer components, Digital had to rewrite or modify something like half of XCON's rule base every year. Half. Every year. Forever.

That is the spam filter from the last chapter, exactly, at ten thousand rules and a corporate budget. Each patch worked, the patches began contradicting each other, and after a while nobody could say what the system actually did. Here it is with an annual maintenance bill.

The third part is brittleness at the edges. These systems had no model of why anything was true, no common sense to fall back on, and no honest way of saying how confident they were. Inside their narrow domain they were sharp. One step outside it they failed hard, and confidently, with no signal that they had left the territory they understood.

The commercial end of the era, between about nineteen eighty-seven and nineteen ninety, came partly from the same direction as the first winter. Big programmes had been launched on big promises: the American Strategic Computing Initiative in nineteen eighty-three, Japan's Fifth Generation project. Meanwhile the specialized, expensive workstations these systems ran on were overtaken by ordinary commodity machines that were faster and much cheaper, and the companies that sold the specialized hardware collapsed.

Two eras in, the pattern is visible. The field stalled wherever people had to hand-write the knowledge, and it moved wherever examples were allowed to supply the rule. What replaced expert systems is the turn this course is built on. Through the late nineteen-seventies, eighties and nineties, the centre of gravity moved from writing down knowledge to estimating it from data. Three things made that possible: computers cheap enough to run over large collections of text, text that had been digitized and could be counted, and a shift in mindset from proving things with logic to estimating things with probability.

Speech recognition went first. Instead of hand-coded rules about how sounds combine, the work at IBM's Watson research centre, by Frederick Jelinek, Lalit Bahl, Robert Mercer and colleagues, modelled speech with hidden Markov models and statistical language models built by counting which words follow which. Kai-Fu Lee's Sphinx system at Carnegie Mellon in nineteen eighty-eight was a landmark in the same direction. The counting idea is simple enough to say plainly: if you want to know how likely the next word is, count how often that word followed the previous one or two words across a very large body of text, and use that. Nobody wrote the grammar. The text supplied it.

Translation followed. In nineteen ninety, Peter Brown, Stephen and Vincent Della Pietra and Robert Mercer published a statistical approach to machine translation, developed into a series of models by nineteen ninety-three. They reframed translation the way an engineer frames a noisy signal: the French sentence is a garbled version of an English one, so search for the English sentence that is both plausible English and a plausible source of that French. That splits the job in two: a model of what English looks like, learned from English text, and a model of how words correspond, learned from pairs. The corresponding-words part was learned automatically from sentence-aligned bilingual text, the Canadian parliamentary record being the famous source, using an iterative method that guesses the alignments, re-estimates the probabilities, and repeats.

Twenty-four years after the report that killed translation funding for being twice as expensive as a human, the task came back by a different road: counting, on a corpus, with no better grammar. Most of the classical toolkit the next phases of this course teach, estimating parameters by maximum likelihood, expectation-maximization, working with probability distributions instead of certainties, comes from this period.

Then, in twenty twelve, the layered networks came back. The venue was the ImageNet challenge: one point two million labelled photographs across a thousand categories. The winning entry, an eight-layer convolutional network from Alex Krizhevsky, Ilya Sutskever and Geoffrey Hinton, now called AlexNet, cut the top-five error rate to fifteen point three per cent. The runner-up, built on hand-designed image features, came in at twenty-six point two per cent. Roughly eleven percentage points in one year, on a benchmark where progress had been incremental, is the kind of gap that ends an argument.

The idea itself was mostly old. Layered networks and training them by adjusting weights were decades old. What changed was scale and hardware, and the authors said so. They wrote their own convolution code to run on two consumer graphics cards, which is where the compute came from. They swapped the smooth squashing function in each unit for one that simply passes positive values through and zeroes negatives, which made training converge about six times faster. They used dropout, randomly switching off half the units in the large layers during training so the network could not rely on any fixed clique of them, and they multiplied their training data by shifting and mirroring images. And they had ImageNet itself, crowdsourced by Fei-Fei Li and colleagues, without which sixty million parameters would have had nothing to learn from. The MNIST digits from last chapter are this same setup at a smaller scale: raw pixels in, no hand-coded notion of shape, the features discovered instead of specified.

Five years later came the mechanism behind almost everything now. The paper, from Ashish Vaswani and colleagues in twenty seventeen, is "Attention Is All You Need," and its motivation was practical. The best sequence models then processed a sentence one position at a time, each step's internal state computed from the previous step's. That has two costs. Training cannot be spread across the sentence, because step ten needs step nine finished. And information from the start of a long passage has to survive being passed hand to hand through every intervening step. Their answer was to let every position look directly at every other position in one operation, with learned weights deciding what to look at. Any two words are one hop apart no matter how far separated, and the whole sequence can be processed in parallel on a graphics card. That is the transformer. It came out of an engineering problem, with no new theory of language behind it.

Today's large models are that same family, scaled: decoder-only transformers trained on enormous text and multimodal collections by the simple objective of predicting the next token. GPT-4, Claude, the open-weight Llama models. They are extended into agents by wrapping them in loops that alternate reasoning with action, with the ReAct pattern from Yao and colleagues in twenty twenty-three as the reference point, letting the model call tools like a shell, a test runner or a linter and read the results.

So, what has scaling actually established, and what is only claimed? Two things are solid. Pre-training loss falls as a smooth, predictable power law in compute, data and parameter count: Kaplan and colleagues in twenty twenty, with Hoffmann and colleagues in twenty twenty-two showing that parameters and training tokens should grow together in roughly equal proportion. And spending extra compute at answer time, through chains of reasoning, repeated attempts and majority voting, reliably improves accuracy on tasks where the answer can be checked, like mathematics and software fixes. Two things are disputed. The claim that new abilities appear suddenly at scale thresholds was substantially undercut by Schaeffer, Miranda and Koyejo in twenty twenty-three, who showed that the sharp jumps largely come from all-or-nothing scoring, exact string match, say, sitting on top of a probability that was improving smoothly all along. Change the measure and the cliff becomes a slope. And the claim that training on synthetic data can keep this going indefinitely, once high-quality human web text runs short, which is projected for the late twenty-twenties, is unproven. Scaling next-token prediction has not solved hallucination, has not made open-ended reasoning verifiable, and has not delivered reliable unconstrained agency.

Five ideas survived. Adjusting weights from examples, from the perceptron in the late nineteen-fifties. Held-out evaluation, judging a system on data it was not fitted to, from the discipline of statistics and made routine by the statistical era and its benchmarks; it is why MNIST ships with ten thousand test images kept separate. Probabilities estimated from data instead of asserted by hand, from the speech and translation work of the eighties and nineties. Layered feature learning, where the system finds its own features from raw input, proved at scale in twenty twelve. And attention, from twenty seventeen.

Two things stayed dead. Hand-written rule bases as a route to general competence: killed by maintenance, at a measured cost of rewriting half a system every year. Pure logical search over large real-world spaces: killed by the multiplying count. Both are cases of a human trying to supply knowledge directly, and both survive perfectly well in narrow, stable domains where the rule really is known.

The habit to take from the winters is one you can practise this week. When you meet a claim about a system, ask what was demonstrated, on what task, measured how, against what alternative, and separate that from what was promised or announced. AlexNet's eleven points came with a benchmark, a competitor's score and published code. The Lighthill Report found the opposite: promises with nothing measured behind them. Both of those are evidence. Which kind you are looking at tells you what to believe.

A release from this summer

Gemini three point six Flash is a good item to practise that separation on. Google DeepMind released it on the twenty-first of July, twenty twenty-six, generally available instead of previewed, under the model name gemini dash three point six dash flash. It replaces three point five Flash as the default lightweight multimodal model, meaning the cheap fast one you would reach for by habit, as opposed to the flagship.

What actually changed is narrower than a version bump suggests. The knowledge cutoff moved from January twenty twenty-five to March twenty twenty-six. The context window stayed the same, at just over a million input tokens and up to sixty-five thousand or so out. The headline change is verbosity: Google reports roughly a seventeen per cent drop in output tokens consumed on the Artificial Analysis Index, and the output price per token came down as well. Fewer tokens at a lower price per token compounds, which matters most for agent loops, where a model may take twenty turns to finish a job and you pay for every intermediate word it thinks out loud in.

Read the benchmark the same way. On DeepSWE version one point one, a test of resolving real issues in real software repositories, it resolved about forty-nine per cent of issues while using up to sixty-five per cent fewer tokens than the previous version. That is a demonstrated result on one task: autonomous software fixing. It says nothing about the model generally. Independent evaluation by Roboflow found that fine-grained visual localization, drawing boxes around objects in an image, scored by mean average precision, got worse than three point five Flash, with boxes clustering and occasional formatting slips. So the same release improved one measured task and degraded another. Cheaper output does not mean better reasoning either; on problems that need long exploration, cutting the thinking short is a cost.

If you want to open something, you can. Google AI Studio has a free web playground where you can select this model and type at it with nothing but a Google account. For code, an API key and the google-genai package are enough: create a client, which reads your key from the environment, then create one interaction naming the model and passing your prompt as input, and print its output text. Four lines. Ask it to explain what a loss function is. You will not understand all of the answer yet. Save what it tells you, and check it against what we derive ourselves in a few phases' time. That comparison is more useful to you than the answer.



3. What Signal the Machine Actually Gets

Two chapters ago we drew a line between problems where somebody can write the rule down and problems where only examples can reveal it. Last chapter we followed that line through seventy-five years of arguing about who supplies the rule. This chapter takes up the four learning settings. Supervised. Unsupervised. Reinforcement. Self-supervised.

Here is the thing to hold onto before any of the four names, because it makes the whole subject smaller than it looks. These are not four families of algorithms. They are four answers to a single question: what does the system get told, and when does it get told it?

That question sounds almost too plain to be the organizing idea of a field. It is the organizing idea anyway. When you sit down with a real problem — a spreadsheet, a folder of images, a running service, a pile of text — the first useful thing you can do is ask what feedback is actually available. Not what model you would like to use. Not whether the problem sounds like deep learning. Just: what does the world hand back, and how soon? The answer decides which setting you are in, and the setting narrows what methods can even apply. Everything else in this chapter follows from that.

Let me start with the setting we already own.

When somebody already wrote the answers down

We have already formulated a supervised problem in this course, and we already looked at MNIST closely enough to know what one example is made of: a small grid of pixel brightnesses, and next to it a single digit that a person decided the image showed.

That second part is the whole definition of supervised learning. Every training example arrives paired with the answer. The input, and the target. The pixels, and the four. The learner's job is to find a function from one to the other, and it can check itself constantly, because for every example it guesses, the correct answer is sitting right there. Guess seven, the truth was four, so something was wrong and by how much is measurable. That immediacy is what makes supervised learning the easiest setting to reason about, and the reason we teach it first.

Now say the cost out loud, because it is easy to skip past. Somebody had to label every one. Sixty thousand training images means sixty thousand human decisions about what digit was written. Not sixty thousand hard decisions — a person can do a digit in a second — but sixty thousand of them, made by someone, recorded somewhere, before any learning could happen at all.

Digits are the cheap end. Consider what labelling costs when the judgment is harder. Deciding whether a chest X-ray shows early pneumonia takes a trained radiologist, and two radiologists may disagree. Deciding whether a customer email is angry or merely brisk takes a person who reads it, and different readers will split. Deciding whether a stretch of road video contains a cyclist means somebody drawing a box around the cyclist, frame by frame. Every labelled example in supervised learning is a small purchase, and the price varies from a second of anyone's attention to an hour of an expert's.

So supervised learning has the best signal in the business, and it pays for that signal in human labor. Hold that trade in your head, because the other three settings are all, in one way or another, responses to it.

What is left when the answers are gone

Take MNIST and throw the labels away. Sixty thousand grids of pixel brightnesses, and nothing telling you what any of them is. What could a system possibly learn now?

Not what digit an image shows. That word "four" came from a person, and you have deleted the person. Whatever structure the pixels contain, none of it says "the culture that wrote this calls this shape four."

But something is still there. Some of those images resemble each other far more than they resemble others. If you had a notion of how similar two images are, you could sort the pile into groups where each group's members look alike and the groups look unlike each other — and you would probably end up with something in the neighborhood of ten groups, because the data really was produced by ten kinds of thing. You could also notice that the seven hundred eighty-four pixel values are enormously redundant: the corners are almost always dark, neighboring pixels almost always agree, and the real variation in the collection lives in far fewer dimensions than seven hundred eighty-four. Compressing the data down to those few dimensions, without losing much, is also something you can do with inputs alone.

That is unsupervised learning. The learner gets inputs and nothing else, so the only thing it can look for is structure in the inputs: what groups with what, what varies with what, what could be described more compactly, what looks unlike everything else in the pile.

And now the honest part, which matters more than any technique. There is no answer key, so there is no clean way to tell whether the result is good.

Sit with that, because it is genuinely awkward. In supervised learning you hold back examples, predict their labels, and count how many you got right. The score means something because the labels came from outside the model. In unsupervised learning, suppose your system sorts a million customers into six groups. Are six groups correct? Would eight have been better? Is that group in the corner a real kind of customer or an artifact of how you measured similarity? Nothing in the data answers those questions, because the data never contained an opinion about them. You end up judging the output by whether it is useful for something downstream, or by whether a person who knows the domain looks at the groups and recognizes them. Those are real forms of evidence, but they are softer than a test-set accuracy, and pretending otherwise is how unsupervised results get oversold.

Notice that the shift from supervised to unsupervised was subtraction. We removed the signal. The next setting does something more interesting: it keeps a signal, but changes its shape.

A number that arrives late and says nothing about what to do

In reinforcement learning, the system does not sit and receive examples. It acts. It is inside something — a game, a simulation, a machine, a market — and at each moment it chooses one of the actions available to it. Then, sometimes, a number comes back. That number is called a reward, and it is very nearly the whole of the feedback.

Two things about that number are strange compared with a label, and both of them are the substance of this setting.

First, the number says how well things went. It does not say what you should have done. A label says "four." A reward says "one." Nobody has told you which of your choices earned the one.

Second, it often arrives long after the choices that produced it.

Let me make both of those concrete with one small task, one that Richard Sutton and Andrew Barto use in Reinforcement Learning: An Introduction, in the chapter where they first show what this setting is. The task is tic-tac-toe. Three by three board, one player against an opponent.

Here is what the agent does. On its turn, it looks at the board and picks one of the squares that is still empty, and places its mark there. That is the entire action set: the free squares. Nothing more exotic than that.

Here is what comes back during the game. Zero. Not a small number, not a hint, not a nudge — nothing at all. There is no bonus for taking the center, no penalty for wasting a move, no partial credit for having two in a row. Play a move, the board changes, the opponent replies, and no feedback of any kind has occurred.

Then the game ends, and exactly once, a number arrives. A win pays one. A loss pays zero, or in the version where the two players' payoffs mirror each other, minus one. A draw sits in between: zero, or a half, depending on how you set it up. That is the signal. One number, at the end.

Now count the gap. A full game runs somewhere between five and nine turns in total, which gives our player three to five decisions of its own. So the move that opened the game is separated from the only feedback in the entire episode by several of its own later moves and several of the opponent's replies. The signal is not late by a rounding error. It is late by the whole game.

And here is why that is hard, stated as concretely as I can. Suppose the agent takes the center on its first move, and on its fourth move it completes a line and wins, and the number one comes back. What does the one tell it? It tells it that the sequence, taken as a whole, worked. It does not tell it whether the center opening was the reason. Maybe the center was decisive. Maybe the center was irrelevant and the opponent simply blundered on its third move, handing over a game that any opening would have won. Maybe the first three moves were mediocre and the fourth was a nice piece of play that rescued them. The scalar one is identical in all three cases. It cannot distinguish them, because a single number carries no breakdown.

This is called the credit assignment problem, and now the name should be self-explanatory: an outcome has to be assigned back across the actions that led to it, and the outcome itself does not say how to divide it.

So how does anything get learned? Sutton and Barto's tic-tac-toe player works like this. Instead of trying to score moves directly, it keeps an estimate for each board position of how likely it is to win from there. Call that a value for the state. At the end of a game, the value of the final state is adjusted toward what actually happened — you won from there, so that position was better than you thought. But the adjustment does not stop at the last position. The position before it gets nudged toward the position that followed it. And the position before that gets nudged toward the one that followed it. Over many games, the information that arrived once, at the end, seeps backward along the paths the agent actually walked, until early positions carry a sensible estimate of where they tend to lead. That is temporal-difference learning, and we will build it properly much later. What matters right now is the shape of the trick: a single late number becomes usable by being propagated back through the states that preceded it, one step at a time, over many repetitions.

One more thing follows from a reward-only signal, and it is worth naming even at map level. The agent's data depends on its own behavior. A supervised learner gets whatever dataset you hand it. A reinforcement learner only ever sees the consequences of moves it chose to make. If it never takes the center, it never learns what the center leads to. So it has to sometimes do things it does not currently believe are best, purely to find out. That tension has a name too — exploration against exploitation — and it exists in this setting and not the others, because in this setting the learner's choices decide what it gets to observe.

Labels the data already contained

The fourth setting is the one that explains the last several years, and its idea is almost cheeky.

Suppose you want supervised learning's excellent signal without paying for human labels. So you take unlabelled data, hide part of it, and train the system to predict the hidden part from the part it can still see. The target is the piece you covered up. Nobody wrote it down. It was already in the data, and you created a prediction problem by concealing it from yourself.

That is self-supervised learning. Targets manufactured out of the input.

Ordinary text is the clearest case, and it is the one the previous chapter already put in front of you when it got to large language models. Take any sentence. Show the model the words up to some point and ask it for the next word. Then slide along and do it again. The answer is never in doubt, because the next word was sitting there in the text the whole time. You did not annotate anything. You covered a word with your hand.

Now do the arithmetic on how much training data that gives you, because the consequence is the entire reason this setting matters. A page of text with five hundred words is not one training example. It is roughly five hundred of them, one for every position where you can stop and ask what comes next. And the supply of pages is not something anyone has to produce for you. Books, code, documentation, transcripts, forum arguments, product manuals — all of it was written for its own reasons by people who had never heard of your model, and all of it is already labelled data for the next-word problem.

So put the two settings side by side. Supervised learning on images needs a person per example, which means a serious labelling effort buys you tens of thousands of examples, and a very large industrial one buys you millions. Self-supervised learning on text needs nobody, which means the ceiling is however much text you can collect and afford to compute over. That is the difference between waiting on annotators and consuming everything that has been written. It is not a difference in cleverness of algorithm. It is a difference in what the training signal costs.

Two honest qualifications, because the four settings are cleaner as definitions than as boxes.

The first: self-supervised training is supervised machinery pointed at invented targets. Once you have covered a word and asked for a prediction, the situation inside the learner is exactly the supervised situation — here is an input, here is the correct output, here is how wrong you were. The same loss, the same gradient-based fitting, the same everything. What is new is only where the target came from. So if you find yourself asking whether self-supervised learning is a kind of supervised learning, the answer is that it uses supervised learning's mechanism and solves supervised learning's cost problem. It sits in its own category because of the origin of the label, not the mathematics of the fit.

The second: it usually is not the last step. A model pretrained by predicting hidden text has learned an enormous amount about how language goes together, but it has not been told what you want it to do. So the common pattern is to pretrain self-supervised on a great deal of unlabelled data, then fine-tune on a much smaller set of real labelled examples for the actual task — this kind of email is a complaint, this answer is the one a person preferred, this document belongs in that category. The expensive human labels come back, but you need far fewer of them, because the model is no longer starting from nothing. The settings compose. They are not rival camps.

Deciding which setting a problem is in

The definitions are the easy half. The skill worth having is diagnostic, and it is two questions asked in order.

What data actually exists right now? And what feedback will the world return if the system does something?

Not what data you wish existed. Not what feedback would be nice. What is there.

Try three cases.

First. A bank has two hundred thousand past loan applications, and for each one it knows whether the borrower repaid. It wants to judge new applications. What exists is inputs with outcomes attached, one outcome per application, sitting in a database. That is supervised, and the fact that the outcomes came from events rather than from an annotator's opinion does not change the setting. A label is a target attached to an example; it does not have to have been typed by a labeller.

Second. A company has four years of customer support transcripts and no categories at all. Somebody wants to know what people write in about. What exists is inputs only. Nobody has said what the categories are, which means nobody can say whether your categories are right. That is unsupervised, with the honest caveat attached: you will be judging the output by whether the support team recognizes the groups and can use them, not by a score.

Third, and this is the one I want you to get wrong first. A streaming service wants to pick which show to put at the top of the home screen. It has years of history: what it showed each person, and whether they clicked.

Read that as supervised and you have a perfectly reasonable problem. Input: a person and a show. Target: clicked or not. Historical data, ready to fit. Many production recommenders are built exactly this way and they work.

But look at the second question. What feedback does the world return when the system acts? It puts a show at the top, and what comes back is a click or no click — a number, after the action, with no statement of which show would have been the better choice. And what the system chooses now decides what data it will have later, because a show that never reaches the top of anyone's screen generates no evidence about itself at all. That is the reinforcement shape: act, get a number, and shape your own future observations.

So which is it? Both descriptions are legitimate, and which one you should adopt depends on what you can build and measure. Treated as supervised, it is far simpler, and it is honest about learning from what already happened. Treated as reinforcement, it can account for the fact that the system's own choices are narrowing what it will ever learn, but you now need a way to explore and a way to evaluate a policy you have not fully deployed, and both are hard. The point of the case is not to hand you the answer. It is that classifying a problem is a judgment about what signal you can obtain and act on, not a lookup on the surface of a description. The one thing you should refuse to do is decide it by which word sounds more advanced.

Which brings me to the misconception, stated plainly because it does real damage to beginners.

These four are not a ranking. There is no ladder with supervised at the bottom for simple tasks, then unsupervised, then reinforcement, with self-supervised at the top where the impressive models live. That story is tempting because the largest and most publicized systems were pretrained self-supervised, and because "supervised" sounds like the training-wheels version. It is still wrong.

The setting is dictated by the signal available to you. If you have inputs paired with the outcomes you care about, you are in the supervised setting, and using it is not a lesser choice — it is the setting with the strongest feedback anyone gets, which is exactly why it remains the workhorse of applied machine learning. If you have inputs and no outcomes, self-supervised methods will not conjure the outcomes you did not collect; they will give you a model that predicts hidden parts of your own data, which is valuable but is not the same as predicting the thing you were asked about. And reinforcement learning is not the advanced tier of the others. It is what you are forced into when the only feedback the world gives you is a late number about how things went, and its difficulty is a consequence of that poor signal, not a mark of prestige.

So when you meet a new problem, do not ask which setting is best. Ask what you have, and what the world will tell you, and let those two answers pick the setting for you.

That is the last of the conceptual map. We have separated the words, walked the history, formulated a supervised problem, and now sorted out what kind of feedback a learner can get. What we have not done is run a single line of code. Next chapter, that changes: Python, a notebook, and version control, set up through a small data exercise you can rerun and get the same result twice.

One release, read through its training signal

A short piece of current news, chosen because it is a clean illustration of the setting we spent the longest on.

On the fourteenth of August, 2026, Z.ai released GLM-5.3. The interesting thing about it is what did not change. The base model underneath is the same mixture-of-experts architecture as GLM-5.2, at seven hundred forty-three billion parameters, with no further pretraining. Same weights to start from, same size. What Z.ai scaled up was the reinforcement learning afterward — more compute spent on it, a wider variety of tasks, and many more synthetic task environments with multi-step dependencies, hidden state and separate programs that verify whether the job actually got done.

You should be able to see why that verifier matters, given the last hour. A synthetic environment where an independent checker can confirm success is a machine for producing exactly the signal reinforcement learning needs: the agent acts over many steps, and at the end a number says whether it worked. Not what it should have done. Whether it worked. Z.ai's reported gains are concentrated in long, autonomous, multi-step work, which is what that signal rewards.

Now the reading discipline. The numbers reported are real measurements of particular tasks, and they measure those tasks only. On Terminal-Bench 3.0, which tests running commands and using tools in a terminal across multiple steps, the reported score went from four point six to twenty-eight point three. On DeepSWE version one point one, which is resolving real software issues end to end, it went from forty-six point two to sixty-six point nine. Large jumps, and the honest way to state what they establish is narrow: on those benchmarks, on those task types, under whoever's harness produced the numbers. They are not evidence that the model writes better prose, explains a concept more clearly, or costs less to run. A benchmark is evidence about the thing the benchmark does.

And separate announcement from availability, because this release makes the distinction unusually visible. You can use GLM-5.3 now through Z.ai's application programming interface, through their coding plan, and in their ZCode environment. The open-weight release — the downloadable model — was held back at launch for roughly two weeks of safety evaluation, after its capability at building cybersecurity exploitation chains improved faster than expected. So at launch, "released" meant one thing through a paid interface and a different thing for anyone waiting to run the weights themselves. Get in the habit of asking which one a headline means.

One thing to look at, if you want fifteen minutes with this rather than a paragraph. Find the description of Terminal-Bench and read what a single task in it consists of: what the model is given, what it is allowed to do, and how the benchmark decides the task was completed. You are looking for the verifier — the thing that turns a long sequence of commands into one number at the end. That is the reward we spent this chapter's middle unpacking, in a real system rather than on a tic-tac-toe board.



4. A Workspace Someone Else Can Rerun

Picture this. You send a friend your notebook. It prints a neat chart on your laptop. On theirs it stops at the third cell with an error you have never seen. You both look at the same code, and you both say the same sentence: it worked on my machine.

That sentence is the failure this chapter guards against. Today is also the first time the course runs code. Everything so far has been a map: what machine learning is, where it came from, and what signal each kind of learning gets. From here on, the course makes claims about models. This model reached a certain score. That feature helped. This change made things worse. Each of those claims rests on one quiet assumption, which is that someone could run the same thing again and get the same answer. A result nobody else can rerun is not a result yet. It is a story about something that happened once. So before we fit anything, we build a workspace that another person can rerun.

Building the workspace and checking it reruns

Start with why "it worked on my machine" happens. There are four common causes, and each one is ordinary.

The first is a different Python version. Python changes between releases. A feature that exists in one version can be missing or can behave a little differently in another. If you wrote code on a newer Python and your friend runs an older one, some lines may simply fail.

The second is library versions that drift. Your code leans on libraries like NumPy, which handles arrays of numbers, and scikit-learn, which provides machine-learning tools and datasets. These libraries release new versions often. If you install one today and your friend installs it next month, you may have different versions without either of you choosing that. Most of the time nothing breaks. Sometimes a default changes, a function gets renamed, or a number comes out slightly different, and no warning tells you which of these happened.

The third is hidden notebook state, and it catches beginners most often. A notebook such as Jupyter lets you run code in small blocks called cells, in any order you like. Behind the notebook sits a running Python process called the kernel, and it remembers every variable you have ever created. Say you define a variable in cell five, then delete that cell. The kernel still holds the variable. Your later cells keep working because of something that is no longer written anywhere. Save the notebook, send it to a friend, and their fresh kernel has never seen that variable. Your notebook worked only because of its history, and the history did not travel with the file.

The fourth is data from somewhere undocumented. You downloaded a file months ago from a link you no longer remember and maybe cleaned it by hand. Your friend has no way to get the same file. Even if the code is perfect, it runs on different data, so it gives different results.

Each part of the workspace answers one of these causes. An isolated environment with a fixed Python version handles the first. A file that pins exact library versions handles the second. Restarting and running everything from the top catches the third. Loading the data through one documented route, with its origin written down, handles the fourth. Version control holds all of it together so another person can fetch the exact same thing.

Now the tool. We will use uv, a tool from a company called Astral. It manages a project's Python version, its isolated environment and its pinned dependencies with one command-line program. The obvious alternative is what ships with Python itself: the venv module, which creates an environment, plus pip, which installs packages. That route works, and plenty of projects use it. We pick uv because it records exact versions for you as you go, without a separate step you might forget. It writes them to a lock file that includes versions, checksums called hashes, and where each package came from. And one command can rebuild the whole environment on another machine, even downloading the right Python if that machine lacks it. With venv and pip you have to remember to freeze your versions into a file yourself, and to recreate the environment by hand.

Why isolate at all? Why not install everything once, globally, for the whole computer? Because a global install is shared by every project you will ever have. Say one project needs an older version of a library and a newer project needs the latest. Only one version can sit in the global space, so one project breaks. Worse, the global space fills up with things you installed and forgot. You can no longer tell which packages your project really needs. An isolated environment is a private folder of Python and packages for this one project. What is in it is exactly what the project asked for, and nothing it asked for is shared with anything else.

Step one is getting uv and a Python. Install uv by following the instructions on Astral's documentation site for your operating system. To check it worked, open a terminal and type uv, space, dash dash version. Success means it prints a version number instead of "command not found." You do not need to install Python separately first. uv can fetch a managed Python for you when a project needs one.

Now create the project. In your terminal, go to a folder where you keep code, and type uv, space, init, space, and a project name. We will call it ml-project. The init command creates a new folder with that name and puts a few starting files in it. The most important is a file called pyproject, short for Python project. It is a plain text description of the project: its name, the Python version it expects, and the packages it depends on. Then move into the folder with cd ml-project. Success here means that listing the folder shows the pyproject file along with a couple of starter files.

Step two is adding and pinning dependencies. Type uv add numpy matplotlib scikit-learn. That single command does three jobs. It writes those three names into the pyproject file as things the project needs. It creates the project's private environment, in a hidden folder named dot venv, and installs the packages there. And it writes the lock file, uv dot lock, which records the exact version of every package that got installed. That includes the packages those three depend on, which you never asked for by name. NumPy handles the arrays. Matplotlib draws images and charts. Scikit-learn gives us a documented way to fetch MNIST.

The difference between the two files matters. The pyproject file says what you want, in loose terms: "I need NumPy." The lock file says exactly what you got: this version of NumPy, with this hash, from this source. When your friend rebuilds the project, the lock file makes their NumPy the same as yours, not just some version of NumPy. That is what pinning means.

Next, add the notebook tools. Type uv add, dash dash dev, jupyterlab ipykernel. The dash dash dev flag files these under development tools. That means you need them to work on the project, but the analysis itself does not depend on them. JupyterLab is the notebook interface. Ipykernel is the piece that lets a notebook run code using this project's Python. To see what got installed, type uv tree. It prints every package as a tree, showing which package pulled in which. Success means you see numpy, matplotlib, scikit-learn and jupyterlab in that tree, with their dependencies hanging beneath them.

Step three is opening the notebook. Type uv run jupyter lab. The uv run part is worth understanding. It means "run this command inside the project's environment." You do not have to switch the environment on first. uv makes sure the private Python and packages are the ones in use. JupyterLab opens in your web browser. Create a new notebook. Success means that when you type import numpy in the first cell and run it, you get no error. That tells you the notebook is using the project's environment, because that is where NumPy lives.

Step four is version control, and it comes before we write analysis code. Git is a program that records snapshots of your project's files over time, so you can see what changed and when, and so another person can copy the exact state you had. Back in the terminal, inside the project folder, type git init. That turns the folder into a git repository, which just means git starts watching it. Success is a short message saying it initialized an empty repository.

Now a file called dot gitignore. This plain text file lists what git should never track. Two kinds of things belong in it for this project. The first is the environment folder, dot venv. It is large, it is specific to your machine, and it can always be rebuilt from the lock file. Committing it would be like shipping your whole kitchen instead of the recipe. The second is data files, such as a data folder, or files ending in dot csv or dot parquet. Datasets can be huge. Some cannot legally be copied around. And for this project you do not need to store them, because the code fetches them from a documented source. It is also worth ignoring dot ipynb checkpoints, the backup copies Jupyter makes on its own, and Python's cache folders, named double underscore pycache. And ignore any dot env file, which is where people tend to put passwords and keys that must never end up in a shared repository. The rule behind every line is the same. Track what describes and rebuilds the project. Ignore what can be regenerated or should not be shared.

Then make the first commit. Type git add, space, dot. The dot means "every file in this folder that is not ignored." Then type git commit, dash m, and a short message in quotes, such as "Set up project environment." Afterward, type git status. Success means it reports that there is nothing to commit and the working tree is clean. It also helps to run git log once to see the commit listed. Check one thing: the pyproject file, the lock file and the gitignore should all be in that commit, and the dot venv folder should not.

With the workspace in place, we can do the small data task. MNIST should feel familiar. You have met it as scanned handwritten digits, each a 28-by-28 grayscale image, so 784 brightness numbers, with one label from zero to nine chosen by a person. Today we touch it for real.

We load it through one documented route: scikit-learn's function called fetch openml. It downloads a dataset from OpenML, a public site that hosts datasets under stable names and ID numbers. MNIST is stored there as mnist 784, dataset ID 554. In your notebook's first real cell, you import fetch openml from sklearn dot datasets. Then you call it with the name mnist 784, version one, and two settings: return X y equals True, and as frame equals False. The first setting asks for the images and labels as two separate things. The second asks for plain NumPy arrays instead of a pandas table. By convention, X holds the features and y holds the labels.

The first time you run that cell, it downloads the data. Scikit-learn then keeps a copy in a folder in your home directory called scikit learn data, so later runs read from disk instead of downloading again. That cache lives outside your project folder, so it never gets near your repository.

Now print the shape. Type X dot shape and y dot shape. The shape of an array is its size along each direction. X comes back as seventy thousand by seven hundred eighty-four: seventy thousand images, each flattened into one long row of 784 numbers. And y comes back as seventy thousand: one label per image. Notice that it is seventy thousand, not sixty thousand. This copy puts the training and test images together in one array. The standard split is the first sixty thousand for training and the last ten thousand for testing, and we will keep that split. Also notice that the labels come back as text, the character "5" rather than the number five. Small surprises like these are why you inspect data before trusting it.

Next, look at one example's raw values. Take the first row, X at index zero, and reshape it into 28 rows of 28 numbers so it looks like the grid it came from. Print that. You will see a block of mostly zeros, the dark background. In the middle there is a cluster of larger numbers, up to 255, where the pen stroke was. If you squint you can almost see a shape in the numbers, but the array itself has no idea about shape. It is a grid of brightness values.

Then show the same example as a picture. Using Matplotlib, pass that 28-by-28 grid to the function imshow, with a gray colour map, and display it. A handwritten digit appears. Print y at index zero next to it. For this dataset the first label is a five, and the picture should look like a five. Checking that the image and the label agree is a basic sanity check. If they disagreed, something in your loading would be wrong.

Now count the labels per class. NumPy has a function called unique. Given the labels and the setting return counts equals True, it hands back each distinct label and how many times it appears. Do this on the training portion, the first sixty thousand labels. You will get ten classes, zero through nine, each with roughly six thousand examples. The counts are not exactly equal. Ones are the most common, at a little under seven thousand. Fives are the least common, at a little over five thousand four hundred. Keep that spread in mind. It matters in a moment, when we pick a baseline.

Last in this task, record where the data came from. In a text cell at the top of the notebook, write it plainly. The data is MNIST, created by Yann LeCun, Corinna Cortes and Christopher Burges from two older handwriting collections at NIST, the United States National Institute of Standards and Technology. It was loaded from OpenML as mnist 784, version one, dataset ID 554, through scikit-learn's fetch openml. Anyone reading your notebook now knows exactly what data it used and how to get the same copy. That is the fourth cause of irreproducibility dealt with in four sentences.

Now the reproducibility check itself. In JupyterLab, open the Kernel menu and choose to restart the kernel and run all cells. This throws away everything the kernel remembered and runs your notebook once from the top, in order. If any cell was quietly leaning on a variable you deleted or on a cell you ran out of order, this is where it fails. Success means every cell runs without error and prints the same shapes, the same first image, the same label and the same counts you saw before. Make this a habit before every commit. When it passes, commit the notebook with a message like "Inspect MNIST shapes and label counts."

The stronger check is a clean clone into a fresh environment. Push the repository to a hosting service such as GitHub, or simply copy it to another place on your machine. Then clone it into a new folder with git clone and the repository's address, and move into that folder. Type uv sync. Sync reads the lock file, fetches the right Python if needed, and installs exactly the locked packages into a brand-new dot venv folder. Then run uv run jupyter lab, open the notebook, and restart and run all. The shapes, the pixel values of the first example, the label and the class counts should match your original exactly. If they do, your project carries everything needed to rebuild itself, and nothing depends on your machine's history.

Today's notebook has no randomness in it. Loading and counting are the same every time. But the next lessons will split data and train models, and those use random numbers. So here is what a random seed does. Computers make random-looking numbers with a formula that starts from a value called the seed. The same seed gives the same sequence of numbers every time. In NumPy you create a random generator with a fixed seed, for example by calling default rng with the number 42. Then any random shuffle or sample you draw from that generator comes out the same on every run. That is why you fix a seed: a random step becomes repeatable.

Here is what a seed cannot guarantee. It does not make results the same across different library versions, because a new version may change how it uses random numbers. That is one more reason to pin. It does not always make results match across different hardware, since some calculations, especially on graphics cards, can come out slightly different in the last few digits. And it does not tell you whether a result is typical. If a model scores well with seed 42, you have learned that seed 42 gives that score. You have not learned how much the score moves with other seeds. Later lessons run several seeds for exactly that reason. A seed makes one run repeatable. It does not make that run representative.

That brings us to the milestone. Add a text cell to the notebook, and commit it, containing a short learning-problem statement for MNIST digit classification. Here is one, which you can adjust into your own words.

The unit being predicted is one image of a single handwritten digit. The features are its 784 pixel brightness values, from zero to 255, read in a fixed order across the 28-by-28 grid. The label is the digit a person assigned to that image, one of ten classes from zero to nine. The test split is the standard one: the model learns only from the first sixty thousand images, and the last ten thousand are held out. It never trains on them, and we score it on them only after all choices are made. The baseline to beat is the simplest honest guess. Always predict the most common digit in the training set, which is one. Because ones make up roughly eleven percent of the training images, this baseline scores about eleven percent accuracy on the test set. Anything that learns nothing about shape still gets that much.

Then comes the part that makes the statement useful: what counts as a useful result. A useful result is an accuracy on the ten thousand held-out test images that clearly beats that baseline of about eleven percent, reported next to the baseline so the gap is visible. Accuracy on the training images does not count. A model can memorise sixty thousand pictures and score perfectly on them while doing poorly on digits it has never seen. The number that matters is the one on images the model never learned from, because that is the situation it will face in use.

Notice also what this setup does not prove. The repository now shows that the project can be rerun. It does not show that you ran it, and it does not show that it reruns anywhere other than where you checked. The course describing a clean clone is not the same as a clean clone having happened. So here is the exercise. Ask a friend to clone your repository, run uv sync, and restart and run all. If no friend is around, do it yourself in a second folder. Then compare the two outputs line by line: both shapes, the first example's printed values, its label, and all ten class counts. If everything matches, you have evidence, not just intent. If something differs, find out which of the four causes explains it. That diagnosis teaches more than a clean match does.

News: a new uv release changes what uv init builds

Since this chapter leans on uv, the news concerns uv itself. Version 0.12.0 came out in early August 2026. It is generally available, meaning an ordinary stable release you can install, not a preview. Later fixes followed: 0.12.4 on August thirteenth and 0.12.9 on the first of September.

The change a newcomer will notice first is to uv init. In 0.12.0, init by default sets the project up as a package with a src layout. That means the code goes inside a folder named src, and the project gets its own build step, using Astral's builder called uv build, so it can be installed like a library. For a notebook-and-analysis project like ours, that extra structure is optional. You can skip it by adding dash dash no-package when you run init. Either way, the environment, the lock file and uv sync work the way this chapter described. The difference is only how the starting folder is arranged. If your project folder looked a bit different from what you expected when you ran init, this is the likely reason.

The same release also tightened security. It refuses MD5 digests, an old and weak kind of file checksum. It strictly enforces the setting that requires every package to match a recorded hash. That ties straight back to the lock file you just made. Those hashes are how uv confirms that the package your friend downloads is byte for byte the one you locked, and this release makes that check less forgiving.

Version 0.12.4 added a command called check. And 0.12.9 lets uv download release candidates of Python 3.15. Keep the announcement apart from what you can actually use here. Python 3.15 is still a release candidate, a near-final test version, aimed at a full release on the first of October 2026. The current stable line is 3.14, whose latest patch, 3.14.7, came out on August fifth. uv being able to fetch 3.15 is not a reason to build coursework on it before it is final.

One check to try in your new workspace: type uv, space, dash dash version. If it shows 0.12 or later, run uv init in a scratch folder, once plain and once with dash dash no-package, and compare the two folders. You will see the src layout change for yourself. Then look at your real project's lock file and find a hash line. That line is what makes your friend's rebuild the same as yours.



5. The Number Every Model Must Beat

Open the notebook from last time. You have two things loaded. X holds the pixels and y holds the labels. Nothing has learned anything yet. This chapter answers one question: how do you know whether a model is any good? The answer has two halves. A score means nothing until you compare it with a floor, and that floor has to be measured on data the model never saw. So before any clever model, we build the dumbest one possible and score it honestly.

Fitting a model that knows nothing

Start with NumPy, because NumPy is the shape of your data. Type X dot shape and run the cell. It prints seventy thousand, seven hundred eighty-four, inside parentheses. That pair is a description of a grid. There are seventy thousand rows and seven hundred eighty-four columns. Each row is one image. Each column is one pixel position, the same position in every image. Column zero is always the top-left corner, and column seven hundred eighty-three is always the bottom-right. This is the usual layout for tabular machine learning: one row per example, one column per feature. Almost every library you meet in this course expects it.

Now type y dot shape. It prints seventy thousand followed by a comma, all alone in parentheses. That trailing comma means a flat list with one entry per row of X. Row five of X pairs with entry five of y. That pairing is the whole supervised setup in a single line of output.

Next, ask about dtype, which is short for data type. X dot dtype tells you how each number is stored. Depending on how the loader returned it, you may see a floating-point type or a small integer type. Either way, the values run from zero to two hundred fifty-five, one brightness reading per pixel. The dtype matters for two practical reasons. It decides how much memory the array takes up, and it decides which arithmetic is safe. Small integers can overflow when you add many of them together, and floats cannot. Now check y dot dtype. You will see an object type. That is NumPy's way of saying these are text strings, the character "5" rather than the number five. You already knew the labels were strings. This is how you confirm it from the array itself, without trusting your memory.

Slicing is how you take pieces of an array. X with square brackets and colon sixty thousand means every row from the start up to, but not including, row sixty thousand. Check its shape and you get sixty thousand by seven hundred eighty-four. X with square brackets and sixty thousand colon means row sixty thousand through to the end. Its shape is ten thousand by seven hundred eighty-four. Add the two together and you get seventy thousand. Nothing is lost and nothing overlaps, because the stopping point of one slice is the starting point of the other. Do the same thing to y. Then you have four names: X_train, X_test, y_train and y_test.

Reshape turns one row back into a picture. Take X_train with square brackets and zero to get the first row, a flat line of seven hundred eighty-four numbers. Then call reshape with twenty-eight and twenty-eight. Twenty-eight times twenty-eight is seven hundred eighty-four, so the numbers fit exactly into a square, filled one row at a time. Print it and you see a block made mostly of zeros, with a curved band of large numbers in the middle. That band is the stroke of a handwritten five, which matches its label. Reshape copies nothing. It only changes how the same numbers are read. If you ask for a shape whose total does not equal seven hundred eighty-four, say twenty-eight by twenty-seven, NumPy refuses with an error. That refusal is useful, because it catches mistakes about what your data is.

Now move to pandas, the library for labeled tables. Here you use it for looking at the data. Wrap the training labels in a Series, a one-column labeled list. You write pd dot Series with y_train inside the parentheses. Then call value_counts on it. You get ten rows, one per digit, sorted from most common to least. The ones come first, at a little under seven thousand. The fives come last, at a little over fifty-four hundred. Call value_counts again with normalize equals True and you get proportions instead of counts. The ones sit near eleven percent. The others spread between about nine and eleven. So the classes are close to balanced, but not perfectly. Remember that eleven percent, because it comes back very soon.

Next, build a small DataFrame, which is pandas' word for a table with named columns. Give it one row per pixel and three columns: the mean of each column of X_train, the maximum, and the fraction of images where that pixel is zero. NumPy computes each of these across the rows in one line. Mean with axis equals zero means "average down each column." Hand the three results to pd dot DataFrame. Sort the table by the zero fraction and look at both ends. At the top are the border pixels, especially the corners. Their fraction is one, or very near it, and their mean and maximum are zero. In the whole training set, almost no one wrote in the corners. At the bottom are pixels near the center, which are inked in a large share of images.

That table teaches you something real. Some of the seven hundred eighty-four features carry almost no information, because a feature that is always zero cannot tell a three from an eight. That fact will matter when we talk about features and dimensionality reduction. There is also a common mistake to avoid here. It is tempting to think this pandas table is what the model eats. It is not. The model will train on X_train, the NumPy array, untouched. The DataFrame is a lens for you, the person inspecting the data. You build it, read it, and set it aside.

Before you fit anything, make a promise. The test slice is set aside now, before any modeling choice, and it stays shut. Here is why that matters. Each time you look at test results and then change something, you have quietly used the test set to choose. Change the model, check the test score, change a setting, check again. After twenty rounds, the configuration you keep is partly the one that happened to suit those particular ten thousand images. The final number then measures how well you tuned to the test set, not how well the model handles new handwriting. That small amount of peeking is enough to cost the number its honesty. So inspection uses training data, and choices use training data. The test set is scored once, at the end, as our learning-problem statement already requires.

You may wonder why taking the last ten thousand rows is safe, since slicing by position usually is not. It works for MNIST because the dataset was built with this split in mind. The first sixty thousand and last ten thousand were assembled so that each part has a mix of writers and digits. Most datasets offer no such guarantee. A file might be sorted by date, by customer or by label. If it were sorted by label, the last ten thousand rows might be nothing but nines. The general tool is a random shuffle split: scikit-learn's train_test_split. You give it X and y, a test_size such as zero point two for twenty percent, and a random_state, which is a seed so the same shuffle comes out every time. Passing stratify equals y keeps the class proportions the same on both sides. Shuffling is turned on by default, and stratifying requires it.

A random split also has a trap of its own, called leakage. Suppose one writer contributed fifty digits. A random shuffle can put some of them in training and some in test. Then the model is partly being tested on handwriting it has already seen, and the score comes out too high. The same thing happens with duplicate rows, or with several records from one customer. The fix is to split by the unit that has to stay separate, such as the writer, the patient or the time period. That is a choice about the problem, not a setting you can leave at its default. For MNIST, we keep the standard split.

Now the first fit. scikit-learn provides DummyClassifier in its dummy module. It is a model that ignores the pixels completely. It looks only at the labels. Create it with strategy equals most_frequent. Call fit with X_train and y_train. During fit, it counts the labels and stores which classes exist and how often each appears. It reads X only to check its size, never its values. It learns that "1" is the most common label. Call predict on X_test and you get ten thousand predictions, every one of them the string "1". Call score with X_test and y_test and you get the mean accuracy.

Before trusting that score, work out accuracy by hand on a tiny case. Say there are five test images with true labels 1, 7, 1, 3 and 0. The dummy predicts 1, 1, 1, 1, 1. It is right on the first and third, so two correct out of five, which is forty percent. Accuracy is just the number correct divided by the total. Now scale up. The test set contains one thousand one hundred thirty-five ones. Every one of those is correct, and every other image is wrong. One thousand one hundred thirty-five divided by ten thousand is about eleven point three five percent. That is the roughly eleven percent we wrote into the learning-problem statement, and now it has actually been measured.

Then look behind the single figure. Ask, for each true digit, what fraction the model got right. You can compare y_test with the predictions in a short loop, or put both into a pandas DataFrame and group by the true label. For ones the answer is one hundred percent. For zero, two, three and all the rest, it is zero. The overall figure of eleven percent sounds like a weak model that tries everything a little. In fact the model is perfect on one class and blind to the other nine. A single accuracy number averages that pattern away. A table with true labels down one side and predicted labels across the top would show it at a glance. That table is called a confusion matrix, and it is coming soon.

Here is an exercise, and the prediction is the important part. DummyClassifier has two other strategies that use chance. Stratified guesses at random in proportion to how common each class was in training. Uniform guesses each of the ten digits with equal probability. Both take a random_state, so set one. Before you run either, write down the accuracy you expect. Then reason it through. With uniform, each guess has a one-in-ten chance of matching, whatever the true digit is. With stratified, you are right about as often as a random guess with the training frequencies happens to match a random test label with the test frequencies. When the classes are close to balanced, both land near ten percent. Then run them and compare. Your numbers should come out close to ten percent, but not exactly, because a random guesser drifts a little from run to run. Also check per-class correctness. Both spread their errors evenly at about ten percent per digit, while most_frequent puts all its successes on one digit. Notice that most_frequent wins on accuracy and is the most lopsided of the three. That gap is the point of the exercise.

The floor now stands at about eleven point three five percent, measured on images the model never saw. Linear and logistic regression come next. They will be the first models that actually read the pixels, and their test accuracy only means something next to this number.

Python 3.15 and your pinned project

One news item matters to the workspace you just used. Python 3.15 reached its second release candidate on the first of September. Its final release is scheduled for the first of October, 2026. A release candidate is a nearly finished version made available for testing. Your project, built on 3.14, does not change on its own. The requires-python line in your project file sets the range of Python versions the project accepts, and uv.lock holds exact package versions. Nothing moves until you move it.

The release includes lazy imports to speed up startup, a new low-overhead profiler called Tachyon, and a built-in frozendict. One change could break old code: UTF-8 becomes the default text encoding for open() on every platform. A notebook that reads a CSV file without naming an encoding could behave differently on Windows.

The more practical concern is compiled packages. uv can already install 3.15 as a preview with uv python install three point fifteen, and NumPy has wheels ready, meaning prebuilt binary packages. Wheels for pandas and scikit-learn were still pending at the time of the release candidate, and they usually arrive after the final release. Until they arrive, a 3.15 environment may fail to install those packages or try to build them from source.

So stay on 3.14 for this course for now. It is still receiving bug fixes. If you want to test early, run your notebook's code under 3.15 in a throwaway environment and leave the lockfile alone. Once pandas and scikit-learn publish wheels, raise requires-python, run uv lock with the upgrade flag, and rerun from a clean sync. Check that the dummy baseline still prints the same eleven point three five percent.



6. The First Model That Actually Learns

The last chapter ended with a number every model has to beat. A model that guesses "one" for every MNIST test image gets about 11.35 percent right. The stratified and uniform versions of that guess are still an open exercise, and both should land near ten percent. This chapter fits the first model that learns something from the pixels. The question is what that model is and how it picks its numbers.

The answer is short. A model like this is a weighted sum of features plus a rule for choosing the weights. Linear regression and logistic regression both have that shape. They differ in two ways: what the sum is used to predict, and how the model is charged for being wrong. Linear regression comes first because it is small enough to do by hand.

A line chosen by its errors

Take four invented points. Think of x as hours studied and y as a quiz score. The points are x equals one with y equals two, x equals two with y equals three, x equals three with y equals five, and x equals four with y equals six.

The model predicts with one formula: prediction equals w times x, plus b. Here x is the input. The weight, w, says how much the prediction rises when x goes up by one. The bias, b, is where the line sits when x is zero. Choosing a model means choosing w and b.

To choose them we need a way to score a line. For each point, the error is the true y minus the predicted y. Some errors come out positive and some negative, so adding them as they are would let them cancel. Squaring each error makes every one positive and charges big misses much more than small ones. A miss of two costs four, while a miss of one costs one. Add the squared errors over all the points and you get one number for the whole line, the sum of squared errors. The best line is the one that makes that sum as small as it can be. That is what least squares means.

The smallest sum has a closed-form answer. For one input, w equals the sum of the products of how far each x is from the average x and how far each y is from the average y, divided by the sum of the squared distances of x from its average. Then b is whatever makes the line pass through the point made of the two averages.

Now work it through. The average x is two and a half. The average y is four. The x distances from average are minus one and a half, minus a half, plus a half and plus one and a half. The y distances are minus two, minus one, plus one and plus two. Multiply them in pairs: three, a half, a half and three, for a total of seven. The squared x distances are two and a quarter, a quarter, a quarter and two and a quarter, for a total of five. So w is seven divided by five, which is one point four. Then b is four minus one point four times two and a half. That is four minus three and a half, which is one half.

The line is: prediction equals one point four times x, plus one half. Check it against the data. At x equals one it predicts one point nine against a true two. At x equals two it predicts three point three against three. At three it predicts four point seven against five. At four it predicts six point one against six. The errors are a tenth, minus three tenths, three tenths and minus a tenth. Their squares add to two tenths. No other straight line gets a smaller sum on these four points.

scikit-learn gives the same answer. In the project's notebook, import LinearRegression from sklearn dot linear_model. Make x a column of shape four by one, because scikit-learn always expects a two-dimensional feature table, even when there is one feature. Then call LinearRegression, then fit with x and y. The fitted model's coef_ attribute holds the weight, and it shows one point four. Its intercept_ attribute holds the bias, and it shows zero point five. The predict method gives back the same four predictions worked out above. The library is doing the same minimization at any size.

Squaring was a choice, and it will come back. Squared error treats a miss upward and a miss downward the same, and it punishes large misses hard. That fits best when the noise around the true line is symmetric and large misses are rare. Later in the course that assumption gets a precise form, a bell-shaped noise model. Under that model, least squares turns out to be the most likely line. For now, squaring is a reasonable way to keep errors from cancelling.

Why a line cannot name a digit

Try this machinery on MNIST. The features are 784 pixels, so the model needs 784 weights and one bias, and it produces one number. But the target is a class. A label of seven is not "more" than a label of three. If a line predicted four point six, it would be naming something between a four and a five, and that is not a digit. A line will also predict minus twelve or ninety if the pixels push it there. Nothing keeps the output in the range a class answer needs.

The fix keeps the weighted sum and changes what is done with it. Start with a yes-or-no question: is this image a seven? Compute the weighted sum of the pixels plus a bias. That sum can be any number, so pass it through the sigmoid function. The sigmoid takes any number and returns a value between zero and one. A large positive sum comes out close to one. A large negative sum comes out close to zero. A sum of exactly zero comes out at one half. Read that value as the model's probability that the answer is yes.

Ten digits need ten answers at once, so give each digit its own weight vector. That is ten rows of 784 weights, plus ten biases. Each image now gets ten weighted sums, one score per digit. Softmax turns those ten scores into ten probabilities. It raises the constant e to the power of each score, which makes every score positive and makes big scores much bigger. Then it divides each result by their total, so the ten probabilities add to one. The prediction is the digit with the highest probability. With two classes, softmax reduces to the sigmoid.

The scoring rule also has to change. Squared error on probabilities works poorly, because it barely separates a hesitant mistake from a confident one. Logistic regression uses log loss. For each image, look at the probability the model gave to the correct digit and take the negative of its logarithm. If the model gave the right digit a probability of nine tenths, the cost is about a tenth. If it gave it one half, the cost is about seven tenths. If it gave it one in a hundred, which means it was confidently wrong, the cost is about four point six. The cost has no upper limit as that probability falls toward zero. So log loss charges little for being right, a moderate amount for hedging, and a great deal for being sure of the wrong answer. Training searches for the ten weight vectors that make the average log loss over the training images as small as possible. The information-theory phase will give this loss its formal name and meaning, cross-entropy.

There is one practical difference from the line. Least squares had a formula we could solve by hand. Log loss has none, so the library starts with some weights and improves them step by step. That makes the starting scale of the data matter, as the next part shows.

Fitting logistic regression on sixty thousand digits

The data route is the one already in place: fetch_openml with mnist_784, version one, with return_X_y and as_frame set as before. The first 60,000 rows are for training and the last 10,000 for testing. The test rows stay untouched until the end.

The model is scikit-learn's LogisticRegression, but it does not run alone. It goes inside a Pipeline with a scaler in front. The call is make_pipeline from sklearn dot pipeline, given StandardScaler first and then LogisticRegression with max_iter set to one thousand and random_state set to forty-two. StandardScaler shifts each pixel column so its average over the training images is zero and its spread is one.

Scaling matters because of how the weights are found. The default solver in current scikit-learn is called lbfgs. It improves the weights in repeated steps, each step guided by the slope of the loss. Raw pixels run from zero to 255. Inputs that large make the loss very steep in some directions and nearly flat in others. A solver that walks in steps then makes slow, zig-zagging progress. When every pixel has a similar scale, the loss surface is more evenly shaped, and the solver gets to the bottom in far fewer steps. Dividing every pixel by 255, to put it between zero and one, helps for the same reason. That is a reasonable alternative to try.

The scaler goes inside the Pipeline for a reason tied to the last chapter. The scaler learns averages and spreads. It must learn them from training images only. When you call fit on the pipeline with the training arrays, the scaler is fitted on those images and the model is trained on the scaled result. When you later call score with the test arrays, the pipeline applies the training averages to the test images. It never recomputes them. The test set does not leak into the fit.

Some pixels are a special case. Border and corner pixels are zero in nearly every training image, so their spread is zero. StandardScaler handles this by leaving those columns at zero rather than dividing by zero. They simply contribute nothing.

Two settings deserve a word. The first is max_iter, the most steps the solver may take. The default is one hundred. On MNIST that is not enough, and scikit-learn shows a ConvergenceWarning that says lbfgs failed to converge. The warning means the solver stopped before reaching the minimum, so the weights you got are unfinished. Raising max_iter to five hundred or more, here one thousand, gives it room to finish. The second is the old multi_class parameter, which many tutorials still set. It is deprecated in current scikit-learn. Leave it out. With a target of ten classes, the library already fits the softmax version described above. If you want ten separate yes-or-no models instead, wrap the estimator in OneVsRestClassifier.

On an ordinary laptop processor, the fit usually takes somewhere between under a minute and about three minutes. The model learns ten weight vectors of 784 numbers each, plus ten biases, from sixty thousand images.

Then comes the one score on the test set. Call score on the pipeline with the test images and test labels. A model of this kind lands at about ninety-two to ninety-three percent accuracy on those ten thousand images. Put that beside the floor. The baseline got about one image in nine right. This model gets about nine in ten right. Every percentage point between 11.35 and 92 comes from the weighted sum reading pixels.

Overall accuracy hides how each digit fares, so compute per-class correctness the same way as for the baseline. Use predict on the test images to get the predicted labels. Then, for each digit from zero to nine, take the test images whose true label is that digit and find what fraction were predicted correctly. The baseline scored one hundred percent on ones and zero on everything else. This model gives every digit a real score, and the scores are not equal. Digits with simple, consistent shapes tend to score highest, while digits that share strokes with other digits, like a five that resembles a three, tend to score lower. Read your own ten numbers rather than trusting that sketch. They are the start of an error analysis, and the confusion matrix later shows which digits get mistaken for which.

The last step is to look at what was learned. The fitted classifier sits inside the pipeline under the name logisticregression. Its coef_ attribute is a table of ten rows and 784 columns, one row per digit. Take one row, say the row for zero, reshape it to 28 by 28, and show it with matplotlib using a color map where positive is one color and negative another. A rough ring shows up. Pixels where a zero's stroke usually falls carry positive weight and push the score for zero up. The center, where a zero has a hole and many other digits have ink, carries negative weight. The corners are blank, because those pixels never change. This image is the whole model for that digit: a template it compares against every image, pixel by pixel, then adds up. It also shows the limit of the model. One fixed template per class cannot follow a stroke that has shifted a few pixels to one side. That limit is why later models move beyond it.

The exercise works on training data only. Split off the last ten thousand of the sixty thousand training images as a validation set, and fit on the first fifty thousand. Then change one thing at a time. Swap StandardScaler for dividing by 255. Fit without any scaling. Try max_iter at one hundred, three hundred and one thousand. For each run, write down whether the convergence warning appeared, how long the fit took and the validation accuracy. Predict the results before running them. Expect the unscaled, low-iteration run to warn and to score lower. Do not touch the test set while doing this. It has already been scored once. Checking it again while comparing settings would make it a tuning set, and then it would no longer measure new handwriting.

Python 3.15 waits one more week

The last news item from the series tracked the second release candidate of Python 3.15. The final release did not ship on October first as planned. Last-minute blocking bugs in the new lazy-import feature, Python Enhancement Proposal 810, led release manager Hugo van Kemenade to delay it by one week. He put out a third release candidate on October second and moved the final release to October ninth.

The libraries are already prepared. pandas 3.0.6, released in mid-September, has prebuilt packages for Python 3.15, in both the standard build and the free-threaded build. scikit-learn 1.9.1, from September tenth, has both as well. Prebuilt packages matter because without them your machine has to compile the library from source, which is slow and often fails.

The practical step is the one from the earlier item, and it should be done in a copy of the project, not the working one. Once 3.15 final is out, have uv pin the copy to Python 3.15 and run uv sync. Use uv tree to confirm pandas and scikit-learn resolved to those versions. Then restart the kernel and run all of this chapter's notebook. If the accuracy and the per-class scores match the 3.14 run, the upgrade is safe for this project. If they move, the change is real and needs explaining before you adopt it.

One more release is worth knowing about if you use Polars, the dataframe library often used instead of pandas. Polars 2.0.0 shipped on October sixth. It makes its streaming engine the default for lazy queries, which saves memory. Joins and group-bys no longer promise to keep row order unless you ask for it with maintain_order set to true. Code that relied on order after a join, such as positional splits, can now quietly misalign rows. That is the same kind of leak the train and test split was built to prevent.



7. Where the Ninety-Two Percent Goes Wrong

Your logistic-regression model gets about nine digits in ten right. That sounds good, and against a floor of about eleven percent, it is. But that one number says nothing about the tenth digit. Which images does the model get wrong? What does it call them instead? And does it matter which mistakes they are?

This chapter answers those questions. You will open up the model's errors with a confusion matrix. Then you will measure them with three numbers called precision, recall and F1. All of them grow from one idea. A single accuracy score hides which mistakes a model makes, and which mistakes matter depends on the problem you are solving.

Opening the model's mistakes

First, a rule about where these numbers come from. In the last chapter's exercise, you split the training images into two parts. You fit on the first fifty thousand and checked on the last ten thousand. That last part is your validation set. Everything in this chapter is computed on validation predictions. The test set stays shut.

The reason is the same one that made us score the test set only once. In this chapter you will look hard at mistakes. You will notice patterns, and soon you will want to change things because of them. If you did that looking on the test set, every change would be shaped by those ten thousand images. The final test score would then measure how well you fit those images, not how well the model handles new handwriting. Validation data exists so you have somewhere to look closely. So if you have not made the split yet, make it now. Slice the training images at row fifty thousand, fit the same scaled pipeline on the first part, and call predict on the second part. Call the true labels y val and the predictions y pred.

Before touching MNIST, start small enough to count with your fingers.

Say you have a tiny classifier that only knows three digits: one, seven and nine. You show it twelve images, four of each. Here is what it says.

Of the four real ones, it calls all four a one.

Of the four real sevens, it calls two a seven. It calls one a one, and one a nine.

Of the four real nines, it calls three a nine and one a seven.

Count the correct answers. That is four plus two plus three, which is nine out of twelve. Accuracy is seventy-five percent. Now look at how much that number throws away. It does not tell you that every one was found. It does not tell you that sevens were the weak spot. And it does not tell you that sevens and nines get mixed up both ways.

A confusion matrix keeps all of that. It is a grid of counts. Each row is a true label, meaning what the image really is. Each column is a predicted label, meaning what the model said. The number in a cell is how many images had that true label and got that prediction.

For the three-digit case, the grid has three rows and three columns, in the order one, seven, nine. Read it row by row. The row for true ones reads four, zero, zero. The row for true sevens reads one, two, one. The row for true nines reads zero, one, three.

Two ways of reading it matter.

The first is the diagonal. That is the line of cells running from top left to bottom right, where the true row and the predicted column are the same digit. Those cells hold the correct answers: four, two and three. Add them and divide by the total, and you get accuracy back. So accuracy is just the diagonal squeezed into one number.

The second is everything off the diagonal. Every one of those cells is a specific kind of mistake. The cell in the seven row and the nine column holds a one. It means one real seven was called a nine. The cell in the nine row and the seven column also holds a one. Those two cells mirror each other across the diagonal. When both are filled, the model confuses that pair in both directions. When only one side is filled, the confusion runs one way.

Notice that row order matters. Rows are truth and columns are guesses. If you flip them, every reading below comes out backwards. scikit-learn uses this same layout, so it is worth fixing in your head now.

Precision and recall from the grid

The grid holds two different questions about each digit. Take seven.

The first question looks down a column. Of everything I called a seven, how many really were sevens? This is precision. Go down the seven column and you find zero, two and one. So the model said seven three times. Two of those were right. Precision for seven is two out of three, about sixty-seven percent.

The second question looks along a row. Of the real sevens, how many did I find? This is recall. Go along the seven row and you find one, two and one. So there were four real sevens. The model found two. Recall for seven is two out of four, fifty percent.

A short way to remember it: precision is about the model's claims, and recall is about the truth. Precision asks whether you can trust a seven when the model says one. Recall asks whether a real seven will get noticed.

There is some vocabulary that goes with this. When we focus on one class, a correct seven is a true positive. A real seven the model missed is a false negative. Something else that got called a seven is a false positive. Precision is true positives divided by true positives plus false positives. Recall is true positives divided by true positives plus false negatives. Both have the same top. They differ only in which mistakes go underneath.

Do the other two digits the same way.

For one, the column reads four, one, zero. The model said one five times, and four were right, so precision is eighty percent. The row reads four, zero, zero. All four ones were found, so recall is a hundred percent. This model is eager to say one. It catches every real one, but it also pulls in a seven by mistake.

For nine, the column reads zero, one, three. The model said nine four times and was right three times, so precision is seventy-five percent. The row reads zero, one, three, so three of four real nines were found. Recall is also seventy-five percent.

You often want one number per class that respects both questions. That number is F1. It is the harmonic mean of precision and recall. In words, take two times precision times recall, then divide by precision plus recall.

For seven, two times two thirds times a half is two thirds. Precision plus recall is two thirds plus a half, which is seven sixths. Two thirds divided by seven sixths is four sevenths, about point five seven. For one, two times point eight times one is one point six. Divide by one point eight and you get about point eight nine. For nine, both numbers are point seven five, so F1 is point seven five as well. When the two are equal, the harmonic mean is just that value.

Why the harmonic mean and not a plain average? Picture a lazy model that says seven only once, on the one image it is surest about, and gets it right. Its precision is a hundred percent. But say there are fifty real sevens. Then its recall is one in fifty, two percent. A plain average of a hundred and two is fifty-one. That sounds like half a decent model, but it is useless. The harmonic mean gives two times one times point oh two, divided by one point oh two, which is about point oh four. The harmonic mean is pulled down hard by whichever number is smaller. So a model cannot get a good F1 by being excellent on one question and hopeless on the other. That is the behavior you want from a single score that stands for both.

The real matrix on MNIST

Now apply this to your ten digits. scikit-learn has a function in its metrics module called confusion matrix. You pass it the true labels first and the predictions second: confusion matrix of y val and y pred. It returns a ten-by-ten array of counts, with rows as truth and columns as predictions, the same layout you just used by hand. Your labels are text strings, the character "5" and not the number five. The function sorts them, so the rows come out in the order zero through nine. You can make that order explicit by passing a labels argument with the ten strings.

A ten-by-ten grid of raw numbers is hard to scan. For a picture, use ConfusionMatrixDisplay, in the same module. Its from predictions method takes the same two arguments and draws the grid as a heat map. Pass cmap equals the string "Blues" to get a blue color scale, where darker cells hold bigger counts, and the numbers are printed inside. Older tutorials use a function called plot confusion matrix. That was removed from scikit-learn, and ConfusionMatrixDisplay is its replacement. If you have the fitted model instead of saved predictions, from estimator takes the model, the validation images and the validation labels, and predicts for you.

One option makes the picture easier to read. Pass normalize equals the string "true". Each row is then divided by its own total, so every row adds to one. A cell now reads as a share. It says what fraction of the real fours got called nines. That fixes a real problem. Digits appear in slightly different numbers, so raw counts mix up how often a digit shows up with how often it gets confused. With rows normalized, the diagonal cell for each digit is exactly that digit's recall, because it is the share of real examples the model found. Normalize equals "pred" divides down the columns instead, and then the diagonal is each digit's precision. You can set values format to a short string such as dot two f to show two decimal places.

Here is how to read your grid. I won't tell you your numbers. Your split and your solver settings decide them, and you should read them yourself.

Start with the diagonal. With the Blues color scale, it should be dark all the way down, since this model gets roughly nine in ten right. Look for the lightest diagonal cell, or simply the smallest number printed on the diagonal. That digit has the lowest recall, and it is your weakest class.

Then scan the off-diagonal cells for the biggest values. Most will be near zero. A handful will stand out. For handwritten digits, a few pairs are worth checking. Four and nine can look alike when the top of a four closes. Three and five share a lower curve. Seven and nine both have a stroke at the top and a long tail. Two and eight can blur when a two's loop is drawn tight. Find each pair and read both mirror cells. Is it one-way or two-way? A four called a nine is not the same mistake as a nine called a four, and the grid keeps them apart.

This is already more than accuracy gave you. It is also more than the per-class correctness you computed last chapter. That told you how well each digit did. The grid tells you what each digit was mistaken for, and that is where an explanation can start.

The full report

You could work out thirty numbers by hand from the grid: precision, recall and F1 for each of ten digits. scikit-learn's classification report does it for you. Call classification report with y val and y pred and print the result. You get one line per digit with four columns. They are precision, recall, F1-score and support. Support is how many real examples of that digit are in the validation set. It is the row total from your grid.

Check one line against the grid so you trust the report. Take a digit. Its recall in the report should match the diagonal cell of the row-normalized matrix. Its precision should match the diagonal of the column-normalized one. If they agree, you are reading both correctly.

Below the per-digit lines, the report prints three summary lines.

The first is accuracy, the same number you already had.

The second is the macro average. Macro means add up the ten per-digit scores and divide by ten. Every digit counts the same, however many examples it has.

The third is the weighted average. Each digit's score is weighted by its support, so common digits count for more.

On MNIST these two lines will be close. The digits are close to balanced. Ones are the most common at about eleven percent of training images, and fives the least common, but the gap is small. When every class has about the same support, weighting by support changes very little.

On other data they can split far apart. Say you have a three-class problem where one class makes up ninety percent of the data. The model does very well on it, with F1 near point nine five. The two small classes do badly, near point three each. The weighted average is mostly the big class, so it comes out around point nine. The macro average gives each class a third, so it lands near point five. Both are true. They answer different questions. Weighted asks how good a typical prediction is. Macro asks how good the model is on each class, including the rare ones. If the rare classes are the ones you care about, macro is the honest summary. A good weighted average can hide a class the model has almost given up on.

The report has one more option worth knowing. If a class never gets predicted, its precision has zero on the bottom. That cannot be computed, and scikit-learn gives a warning by default. The zero division argument picks what to use instead. Setting it to zero prints a zero. Setting it to NumPy's not-a-number marker leaves that class out of the macro average instead of counting it as zero.

When accuracy misleads

You have already met a model whose accuracy hid everything. The DummyClassifier from two chapters ago predicted one for every image. On the test set it scored about eleven percent. Its recall for ones was a hundred percent and its recall for every other digit was zero. Feed its predictions to classification report and you would see that at once. There would be one line with perfect recall, nine lines of zeros, and a macro F1 near the floor.

On MNIST that baseline's accuracy is low, so nobody is fooled. The danger comes when one class is rare.

Say you are building a detector where one case in a hundred is a positive. It could be a fraud check, a fault alarm, or a screening test. You have ten thousand cases, so a hundred are positive and nine thousand nine hundred are negative. Now take the laziest possible model, the same idea as the DummyClassifier. It always says negative. It is right on all nine thousand nine hundred negatives, so its accuracy is ninety-nine percent. Its recall on positives is zero out of a hundred. It never finds a single one. Its precision on positives can't even be computed, because it never makes a positive claim. A ninety-nine percent model that catches nothing is the exact case these new numbers exist for.

The general rule is this. Accuracy is the share of predictions that are right. When one class is rare, guessing the common class wins almost all of that share for free. So before you trust an accuracy figure, ask what the most-frequent baseline would score. Then look at recall and precision on the class that matters.

Moving the threshold

So far, every prediction has come from the model's top choice. Logistic regression gives ten probabilities per image, one for each digit, adding to one. Predict returns whichever digit has the highest. But you can choose the rule yourself, and doing that shows the trade between precision and recall directly.

Call predict proba on the validation images. You get a ten-thousand-by-ten array. Each row is one image, and each column is one digit's probability, in the order of the model's classes attribute. Pick one digit to focus on, say eight. Treat it as eight against everything else. That is called one-versus-rest.

The usual rule calls an image an eight when eight has the top probability. That might happen at forty percent if the other nine digits split the rest. A new rule: call an image an eight whenever its eight probability is at least some cutoff you choose. Otherwise, give it the most likely of the other nine digits. You can write that with NumPy's where function. Then compute precision and recall for eight alone. First turn both label lists into yes-or-no arrays: y val equals "8", and your new predictions equal "8". Then pass those two arrays to precision score and recall score.

Now move the cutoff and watch what happens.

Lower it to, say, twenty percent. More images pass. Some are eights the model was unsure about, so recall goes up and fewer real eights slip through. Others are threes and fives that looked a little like eights, so precision goes down and more false eights get in.

Raise the cutoff to, say, ninety percent. Only images the model is very sure of pass. Those are nearly all real eights, so precision goes up. But many real eights fall short and get missed, so recall goes down.

You can't push both up by moving the cutoff. You can only slide along the trade. A better model shifts the whole trade in your favor, but the cutoff only picks a point on it.

Which point is right is not a question about the model. It is a question about the cost of each mistake. Say a missed positive means a fraud payment goes through, and a false alarm means a person spends a minute checking a flag. Then missed cases cost far more, and you lower the threshold to raise recall. Now say each positive call sets off something expensive or annoying, like blocking a customer's card. Then false alarms cost more, and you raise the threshold to protect precision. Nothing in the data settles this. You settle it, from what the errors cost in the place the model will be used, and you write that reasoning down beside the number you report.

Choose the threshold on validation data, for the same reason as before. A cutoff tuned while watching the test set is a choice shaped by the test set.

Your exercise

This exercise is the first piece of the error analysis your first portfolio project will need. Do every step on validation data.


	Look at your row-normalized confusion matrix and write down which digit you think has the worst recall, and roughly what it is, before you compute anything.

	Run classification report, find the actual lowest recall, and compare it with your guess.

	Find the validation images of that digit that the model got wrong, by keeping rows where the true label is that digit and the prediction is not.

	Reshape ten to twenty of those rows to twenty-eight by twenty-eight and show each with matplotlib's imshow, with the predicted label as the title.

	Write one sentence on what those errors have in common, such as a stroke style, a slant, a thickness, or one digit they keep being called.



Check yourself this way. Your sentence should point to something you can see in the images, and it should agree with the largest off-diagonal cell in that digit's row. If the images say "these look like nines" and the grid says they were mostly called sixes, look again. If some images look unreadable even to you, write that down too. Some errors come from the model, some from messy handwriting, and a few from labels a person may have gotten wrong. Telling those apart is what error analysis is for.

Python 3.15 is out

One piece of news connects to your project. Last chapter, Python 3.15's final release had slipped. Blocking bugs in the new lazy-import feature led the release manager, Hugo van Kemenade, to put out a third release candidate and move the final date to the ninth of October. The final release has now shipped.

It is the same release you heard about before, now finished. Lazy imports, from the proposal called PEP 810, add an opt-in way to write an import that waits. You write lazy import followed by the module name. Python then hands back a light stand-in and does not load or run the module until your code first uses it. Ordinary imports work exactly as they did before. That matters for tools that import many heavy libraries but only use some of them on a given run. UTF-8 is now the default text encoding for file reading and writing. There is a built-in frozendict, a dictionary that can't be changed after it is made. And there is Tachyon, a low-overhead sampling profiler under a new profiling package, which can attach to a program that is already running.

For you, the point is not to switch right away. Your notebook works on 3.14, and a fresh language version is exactly the kind of change that can quietly move results. The check from before now has something to run against. In a copy of your project, not the original, pin Python to 3.15 and run uv sync. Then run uv tree to confirm which versions of pandas and scikit-learn you actually got, since both have published wheels for 3.15. Restart and run the whole notebook. Compare its validation accuracy and its per-class numbers with your 3.14 run, and now compare its classification report too. Matching numbers mean the upgrade is safe for this project. Numbers that move are worth understanding before you switch, and the per-digit lines will show you where they moved.



8. Ranking Every Threshold at Once

How ROC curves and AUC grade a ranking

In the last chapter you judged your logistic-regression model at one threshold. You picked a cut, every image landed on one side of it, and you counted the results in a confusion matrix. That gave you precision, recall and F1. They were all honest numbers. But they describe one decision, and the model can make many.

The model does not hand you a decision. It hands you scores. For every image it gives a probability for each of the ten digits. If you line up all the images by how sure the model is that each one is a seven, you get a ranking, from most seven-like down to least. A threshold is a single cut through that ranking. Everything above the cut gets called a seven, and everything below does not. Move the cut and you get a different confusion matrix, but the ranking underneath stays the same.

This chapter is about measuring that ranking directly. The tools are the ROC curve and the number that summarizes it, AUC. ROC stands for receiver operating characteristic, a name left over from radar work, and AUC stands for area under the curve. By the end you will be able to build one by hand, compute it in scikit-learn on your MNIST validation predictions, and say when it tells you what you need and when a different curve, the precision-recall curve, tells you more. This is the next step in the first-models phase, right after the confusion matrix and thresholds.

The setup is the same as last time. You fit the scaled logistic-regression pipeline on the first fifty thousand training images and predict on the last ten thousand training images, your validation split. The test set stays shut.

Turning ten digits into one question

ROC curves work on yes-or-no questions. MNIST has ten answers, so first you shrink the problem. Pick one digit. Say it is seven. Every real seven is a positive. Every other image, whether it is a zero, a three or a nine, is a negative. This is called one-vs-rest: one class against all the rest.

The score for each image comes from predict_proba. Call predict_proba on the validation images and you get a table with ten thousand rows and ten columns. Each row adds up to one. The column for "7" holds the model's probability that each image is a seven. That single column is your ranking.

Notice what this does to the balance. Each digit is about a tenth of MNIST, so in a one-vs-rest view you have about one positive for every nine negatives. Keep that ratio in mind. It matters a great deal later.

Building a curve from eight images

Before touching ten thousand images, work with eight. Say the model scored them like this, sorted from highest to lowest probability of being a seven. A seven at 0.95. A seven at 0.85. A non-seven at 0.70. A seven at 0.60. Then four non-sevens at 0.45, 0.30, 0.20 and 0.10. That is three positives and five negatives.

You need two rates. The first is the true positive rate. It is the share of real positives that land above the cut. You already know it by another name: it is recall. The second is the false positive rate. It is the share of real negatives that land above the cut. In other words, false positives divided by all negatives. With three positives here, the true positive rate moves in steps of a third. With five negatives, the false positive rate moves in steps of a fifth.

Now sweep the threshold from high to low, letting in one image at a time.

Start with the cut above every score. Nothing is called a seven. No positives found, no negatives wrongly flagged. Both rates are zero. That is your first point, at false positive rate zero, true positive rate zero.

Lower the cut to let in the 0.95 image. It is a real seven. You have found one of three positives, so the true positive rate is one third. No negatives have slipped in, so the false positive rate is still zero.

Let in the 0.85 image. Another seven. True positive rate two thirds, false positive rate zero.

Let in the 0.70 image. This one is not a seven. The true positive rate stays at two thirds, but now one of the five negatives is flagged. The false positive rate becomes one fifth, which is 0.2.

Let in the 0.60 image. A seven. Now all three positives are found, so the true positive rate is one. The false positive rate stays at 0.2.

The last four images are all negatives. Each one you let in pushes the false positive rate up by a fifth: 0.4, then 0.6, then 0.8, then 1. The true positive rate stays at one the whole way.

Plot these points with the false positive rate across the bottom and the true positive rate up the side. The path starts in the bottom left corner. It climbs straight up to two thirds. It steps right to 0.2. It climbs again to the top. Then it runs flat along the top to the right-hand corner. That staircase is the ROC curve.

Read its shape. Each step up means the next image in the ranking was a positive. Each step right means it was a negative. A model that ranked every positive above every negative would go straight up the left edge to the top, then straight across. That is the perfect curve, hugging the top left corner. A model that ranks at random lets in positives and negatives mixed together, so its steps up and right come in roughly equal proportion, and the curve wanders along the diagonal from bottom left to top right.

Our eight images made one mistake in the ranking. A negative at 0.70 sat above a positive at 0.60. That one mistake is the single step to the right before the curve reaches the top.

The area, two ways

AUC is the area under that staircase. The whole square has area one, because both rates run from zero to one.

Break the area into two rectangles. From false positive rate zero to 0.2, the curve sits at height two thirds. That rectangle is 0.2 wide and two thirds tall, so its area is about 0.133. From 0.2 to 1, the curve sits at height one. That rectangle is 0.8 wide and one tall, so its area is 0.8. Add them and you get about 0.933. As a fraction, that is fourteen fifteenths.

Now look at the same eight images in a completely different way. Make every possible pairing of one positive with one negative. Three positives times five negatives gives fifteen pairs. For each pair, ask one question: did the model score the positive higher than the negative?

The seven at 0.95 beats all five negatives. That is five correct pairs. The seven at 0.85 also beats all five. Five more. The seven at 0.60 beats the four negatives below it but loses to the negative at 0.70. That is four correct and one wrong. Total: fourteen correct pairs out of fifteen.

Fourteen fifteenths again. This is not a coincidence. The area under the ROC curve always equals the share of positive-negative pairs that the model puts in the right order. Each step right in the staircase is a negative entering the cut, and the height at that step counts how many positives already sit above it. Adding up those heights, each a fifth wide, is the same as counting correct pairs.

This second reading is the one to remember. AUC answers a plain question: if you pick one real seven and one non-seven at random, how often does the model score the seven higher? An AUC of 0.5 means the answer is "half the time", which is a coin flip. An AUC of 1.0 means "every time", a perfect ranking. Our toy model, at 0.933, gets the order right about fourteen times in fifteen.

Two things are missing from this number, and both are on purpose. First, no threshold appears anywhere in it. The pair count never asks where you would cut. Second, the exact score values do not matter, only their order. If you replaced 0.95, 0.85 and the rest with 9, 8, 7 and so on down, every pair would come out the same, and so would the AUC. That makes AUC a clean measure of ranking. It also means AUC says nothing about whether your scores mean what they claim. A model that says 0.95 when it is right only six times in ten can still have a perfect AUC, as long as it puts things in the right order.

The same curve on MNIST

Now do it for real on your validation predictions. Everything below lives in scikit-learn's metrics module.

Start by getting the probability table. With your fitted pipeline, call predict_proba on the validation pixels. Call the result proba.

Next, find the right column. Your MNIST labels are strings, like "7", not numbers. The pipeline keeps its class order in an attribute called classes_. So find the position of "7" in that list, by turning classes_ into a Python list and asking for the index of "7". In MNIST the classes sort as "0" through "9", so the answer will be seven, but asking the model is safer than assuming.

Then build the yes-or-no truth. Compare your validation labels to the string "7". That gives you an array of True and False, one per image, with True for each real seven.

Now call roc_curve with two arguments: that True-and-False array, and the seven column from proba, which you get by taking all rows and just that one column. roc_curve only handles one yes-or-no question at a time. It wants a one-dimensional set of scores, not the whole ten-column table. If you hand it the multiclass labels directly, it raises an error. That is why you built the True-and-False version first. If you would rather pass the string labels, you can instead set pos_label to "7", which tells the function which label counts as positive.

roc_curve gives back three arrays: false positive rates, true positive rates, and the thresholds that produced each pair. That is the eight-image sweep you just did, run over ten thousand images. Each threshold is a cut, and each pair of rates is a point on the staircase. With this many images the staircase has so many small steps that it looks like a smooth curve.

To get the number, call roc_auc_score with the same two arguments. To see the picture, scikit-learn has RocCurveDisplay. Its from_predictions method takes the same truth and scores, computes the rates and the area, and draws the curve with the AUC in the legend. There is also a from_estimator method that takes the pipeline, the validation pixels and the labels and pulls out the probabilities itself. For a ten-class model, though, you want to control which column is plotted, so from_predictions on one column at a time is clearer. To compare several digits on one chart, call it once per digit and point each call at the same plotting axes.

Then do all ten digits at once. roc_auc_score can do the one-vs-rest split for you. Pass it the full validation labels and the full ten-column proba, and set multi_class to "ovr". Also pass labels set to the pipeline's classes_, so the function knows which column belongs to which digit. For this mode it insists on probabilities whose rows add up to one, which is what predict_proba gives. It then computes ten one-vs-rest AUCs and combines them. The default combination is average set to "macro", a plain unweighted mean of the ten. If you set average to None instead, you get all ten AUCs back as an array, which is the more useful view when you want to see which digit is weakest.

Expect your numbers to be high. A model like this one usually lands near 0.99 for macro AUC, with individual digits somewhere around there too. Your exact values depend on your run, so read your own.

That may look strange next to an accuracy of about 92%. How can a model that misses roughly one image in thirteen rank pairs correctly about ninety-nine times in a hundred? There are two reasons.

The first is that ranking is easier than cutting. Accuracy asks for the single right digit, which means the correct class must win against all nine others on that image. AUC for seven asks something gentler: is this seven scored more seven-like than that random non-seven? A seven the model mistook for a nine may still have a seven score well above most zeros, ones and sixes. It loses the accuracy point but wins most of its pairs.

The second is the one-to-nine balance. Most of the negatives for "is it a seven?" are easy. A zero looks nothing like a seven, and the model gives it a seven score near zero. Those easy negatives pile up at the bottom of the ranking, and they make up most of the pairs. The hard cases, the nines and ones that look a bit like sevens, are a small slice of the negatives. So even many hard mistakes barely dent the false positive rate, because it divides by all negatives, easy ones included.

That second reason is where AUC can mislead you.

When the ROC curve looks better than the truth

The false positive rate is false positives divided by all negatives. When negatives vastly outnumber positives, that bottom number is huge, and a lot of false alarms can hide in it.

Work it through on your validation split. Say about a thousand of your ten thousand images are sevens, leaving about nine thousand negatives. A false positive rate of one percent sounds tiny. But one percent of nine thousand is ninety false alarms. If the model finds, say, nine hundred and fifty real sevens at that same cut, then of everything it called a seven, about nine in ten were right. That is acceptable.

Now take a far rarer case, the kind you meet in fraud or rare-disease screening. Say one item in a thousand is positive, and you have a million items. That is a thousand positives and nine hundred and ninety-nine thousand negatives. The same one percent false positive rate now means almost ten thousand false alarms. Even if you catch every one of the thousand real positives, more than nine in ten of your alerts are wrong. The ROC curve at that point looks nearly identical to the MNIST case. The experience of the person reading the alerts is completely different.

The precision-recall curve exposes this. It plots precision against recall, both of which you met in the last chapter. Precision is true positives divided by everything flagged. Recall is true positives divided by all real positives. Neither one uses the true negatives at all. So the pile of easy negatives cannot dilute anything. Every false alarm comes straight out of precision.

In scikit-learn, precision_recall_curve works like roc_curve. Give it the True-and-False array for one digit and that digit's score column. It returns precisions, recalls and thresholds. Like roc_curve, it handles one yes-or-no question at a time.

The single-number summary is average_precision_score, often called AP. Walk down the ranking. Each time recall goes up, take the size of that rise and multiply it by the precision at that point. Add those pieces up. That is AP. It is a weighted average of precision, weighted by how much recall each step adds. It is computed this way, rather than by drawing straight lines between points and measuring the area, because straight-line shortcuts on a precision-recall curve tend to flatter the model. Unlike roc_curve, average_precision_score will also take the full ten-column proba and the labels and do one-vs-rest for you.

The two summaries also have different floors. For ROC, random guessing always scores 0.5, whatever the balance. For precision-recall, random guessing scores the share of positives. If a tenth of images are sevens, a random ranking has precision about 0.1 everywhere, so its AP is about 0.1. In the one-in-a-thousand case, the random floor drops to 0.001. That moving floor is the point. It reminds you how rare your positives are, which ROC keeps hidden. When you draw the curve with PrecisionRecallDisplay, you can turn on its chance line with plot_chance_level set to True, and it draws that floor for you.

Try it on a weak digit. Compute per-class F1 on your validation predictions as the last chapter showed, or use your numbers if you already ran it, and pick the lowest. Say yours is eight. Draw its ROC curve and its precision-recall curve side by side. The ROC curve will probably still bulge toward the top left, with an AUC near the high nineties. The precision-recall curve will likely sag more as recall approaches one. That sag is the cost of catching the last few hard eights: to reach them you lower the cut, and threes, fives and nines start flooding in above it. ROC shows that flood as a small move to the right. Precision-recall shows it as a real drop.

So which one should you use? Use ROC and AUC when you care about both classes, and the balance between them is stable. It is a fair, balance-free comparison of how well two models rank. Use precision-recall and AP when the positives are rare and each false alarm costs something real, like a person's time spent checking it. On MNIST one-vs-rest, at one to nine, both curves are informative and they mostly agree on which digits are hard. The gap between them grows as the positives get rarer.

One note on the macro average. Averaging ten one-vs-rest AUCs feels balanced, but each digit's "rest" is a different mix of digits. So even the macro number is shaped by what the negatives look like for each class. Look at the ten individual numbers, not just their mean.

What a high AUC does not promise

Here is a misunderstanding worth checking in yourself. Suppose your seven has an AUC of 0.99. Does that mean the model has a good threshold for sevens? Does it mean that when it says 0.8, the image is a seven about eight times in ten?

It means neither.

Go back to the eight-image example. Take every score and square it. The 0.95 becomes about 0.90, the 0.60 becomes 0.36, the 0.10 becomes 0.01. The order does not change, so every pair comes out the same and the AUC stays at fourteen fifteenths. But the probabilities now say something different. If you had a threshold at 0.5, it would now let in only the top two images instead of four. The ranking is identical. The decision you make from it is not.

So AUC tells you that a good cut exists somewhere along the ranking. It does not tell you where it is. Finding the cut is the threshold work from the last chapter: choose it from the confusion matrix and the costs of each kind of mistake, on validation data.

And AUC tells you nothing about whether a score of 0.8 means eighty percent. That property is called calibration. A model can rank perfectly and still be overconfident or underconfident in every number it reports. If someone downstream will read your probabilities as probabilities, you need to check calibration separately. A high AUC is a statement about order, and only about order.

Your turn

Here is the exercise. It stays on the validation split. The test set stays shut.

Before you compute anything, write down a guess. For each of the ten digits, predict its one-vs-rest AUC and its average precision. Then predict which digit will rank lowest on each.

Then compute them. Get all ten AUCs from roc_auc_score with multi_class set to "ovr", average set to None, and labels set to the pipeline's classes_. Get all ten average precisions by building the True-and-False array for each digit and calling average_precision_score on that column. A loop over the ten class names does it.

Now make three rankings of the digits, from strongest to weakest: one by AUC, one by AP, and one by per-class F1, computed as the last chapter showed. Compare them. Where do they agree? Where does a digit sit high on AUC but lower on AP? For any digit where the rankings disagree, look at its precision-recall curve and say in a sentence what it shows that the ROC curve did not. Check your answers against the reasoning here: AUC should be uniformly high and compressed near the top, AP should spread the digits out more, and F1 reflects one particular cut, so it can disagree with both.

Your rankings also feed straight into the error analysis exercise set last time. The digits that sit low on AP are where the model's false alarms concentrate.

The model you have used through all of this is logistic regression, which draws straight boundaries between digits in pixel space. The next model makes no boundaries at all. It labels a new image by finding the training images most like it. That is nearest neighbors, and every tool from this chapter will be ready to grade it.

What changed in scikit-learn and pandas this month

Two items from mid-October touch the tools you are using.

The first is pandas 3.1.0, released on October twenty-second and available now on the Python Package Index. It is a regular minor release with performance improvements, bug fixes, deprecations and compatibility updates. Nothing in it changes how you have used pandas so far, which has been to inspect MNIST. The practical point is about your lock file. Your project, built with uv, pins whatever pandas version you locked. It does not move to 3.1.0 on its own, and it should not move mid-experiment. If you want to know what you have, run uv tree and read the pandas line. Upgrade between experiments, rerun your notebook from a fresh kernel, and check that your numbers match.

The second item is not released yet, and that distinction matters. scikit-learn's development branch, labeled 1.10 dev, has a set of changes aimed at a release candidate targeted for November. You do not have these unless you install the development version, and you should not, for a course project. But one change is a good lesson in what a random seed does and does not promise.

The histogram gradient boosting models, HistGradientBoostingClassifier and its regressor partner, can pick a random subset of features at each split when you set max_features below one. The development branch changed how that subset is chosen. The result is that the same model, with the same random_state, can now follow different decision paths than it did before. Same code, same seed, different trees.

Back in the workspace chapter you saw that a seed makes one run repeatable on one set of library versions, not across versions. This is that warning made concrete. Gradient boosting arrives later in this phase, so here is the check to keep. When a scikit-learn upgrade lands, rerun one saved experiment on the old lock file and the new one, with the same seed, and compare the validation metrics, not the exact predictions. Small shifts are expected. A large change in validation AUC or accuracy from a library upgrade alone is a sign your result depended on luck in the random choices, and that is worth knowing before you build a project on it.

The same development branch also changes how QuantileTransformer estimates quantiles and how partial dependence plots handle missing values. Neither touches anything you have built yet. Both are reminders that preprocessing and inspection tools can shift between versions too, which is another reason the version lives in your lock file and not in your memory.
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