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Chapter 1: The Ancient Question — How Do We Predict Anything?
 
Sometime around 300 BCE, a Greek philosopher noticed that the sun had risen every morning of his life, and the lives of everyone he had ever spoken to, and presumably every morning stretching back to whatever beginning a Greek philosopher imagined. He could not prove it would rise tomorrow. This bothered him. It still should bother us, except that we’ve gotten used to it.
The problem of induction is not a technical puzzle. It is a fundamental crack in the foundation of rational thought that we paper over every second of our lives. We assume the future will resemble the past. We have always assumed this. We have no non-circular justification for assuming it. The sun rises; we expect sunrise. The bread nourishes; we expect nourishment. The bridge holds; we cross without calculating. Each expectation follows the same invisible logic: it has, therefore it will. David Hume, in the eighteenth century, wrote this down carefully and politely destroyed the philosophical basis for all empirical reasoning in about forty pages. Then he went to dinner, because even Hume could not stop predicting that dinner would be satisfying.
Hume’s argument runs like this. To justify inductive inference — the move from observed patterns to future predictions — you need some principle connecting past regularities to future ones. Something like: “nature is uniform” or “similar causes produce similar effects.” But where does that principle come from? Observation, presumably. You have noticed that nature tends to be uniform. But now you are using inductive reasoning to justify inductive reasoning. The argument eats itself. You cannot validate the instrument with the instrument.
This is not a problem philosophers eventually solved. It is a problem philosophers eventually learned to live with at different levels of discomfort.
 
What makes Hume’s observation so durable is that it resists the obvious patches. The first patch people try is probability. Maybe we can’t know the sun will rise, but we can assign it high probability based on frequency. But where does the framework of probability come from? From observed regularities. We are back inside the circle. The second patch is pragmatism: induction works, so stop complaining. This is approximately correct and completely unsatisfying, because it doesn’t explain why it works, or which inductive strategies work better than others, or what to do when patterns conflict. The pragmatist solution tells you to use the method without giving you any principled way to choose between methods.
The third patch, more sophisticated, is Karl Popper’s falsificationism. Science doesn’t really induce, Popper said; it conjectures and refutes. We propose bold hypotheses and eliminate the ones that fail. This elegantly sidesteps the inductive justification problem by pretending science doesn’t need induction. It doesn’t work. Falsification tells you how to eliminate hypotheses but nothing about how to generate them, rank them, or choose between two unfalsified competitors. When quantum mechanics and a rival theory both survive every experiment so far, falsificationism has nothing to say about which you should bet on. And betting is ultimately what prediction requires.
None of these patches seal the leak. They redirect it.
 
Here is what makes this more than philosophical hand-wringing. Every decision anyone makes about anything uncertain is an act of induction. The engineer trusts the stress calculations because they worked before. The doctor prescribes the drug because the trial data suggests it will work again. The investor bets on the company because the pattern of indicators resembles past successes. Strip away the technical vocabulary and these are all the same move: observed regularities projected forward. The alternative is paralysis, or pure randomness, neither of which produces aircraft or antibiotics.
So induction is unavoidable. It is the cognitive mechanism that makes adaptation possible. Animals that failed to generalize from experience — that treated each moment as a completely fresh puzzle — died. The capacity to predict, which means the capacity to generalize from evidence, is not a philosophical luxury. It is the operational definition of intelligence, maybe the only one that holds across species and substrate. A bacterium navigating a chemical gradient is making a primitive inductive inference: more food was in this direction before, so move this way. A physicist writing field equations is doing the same thing at enormous remove.
What varies is not whether to induce. It is how well.
 
This is where the question becomes interesting and where most people stop asking it. We accept that induction is necessary and unjustifiable and somehow works, and we proceed. But there is a follow-up question buried in Hume’s original problem, one that took two centuries to formulate clearly: among all possible ways of generalizing from observed data, is there an optimal one?
Hume proved we can’t ground induction in logic. He didn’t prove all inductive strategies are equally good. These are different claims. The first is about justification; the second is about performance. And performance is measurable in a way justification never quite is. You don’t need to prove that your method of inference is philosophically valid. You need to prove that it makes better predictions than alternatives.
The shift is subtle but it opens the whole problem up. If you let go of the need for certainty and ask instead for optimality under uncertainty, you are now in a different intellectual space. You are not trying to find a foundation for knowledge. You are trying to find the best possible procedure for updating beliefs given evidence, accepting from the start that you will sometimes be wrong and that probability will have to do.
This reframing — from “how do we justify induction” to “what is the optimal inductive strategy” — is what eventually leads to Solomonoff. It takes most of the twentieth century to get there. The route runs through probability theory, information theory, computation, and the mathematics of complexity. But the destination can be stated simply: there exists a method of inductive inference that no other method systematically outperforms over all computable environments, given enough data. Not approximately. Not usually. Provably, formally, rigorously.
Hume proved we can’t do it perfectly. Solomonoff proved what perfect would look like anyway.
 
Before getting there, though, it helps to sit with why the problem resisted solution for so long. Part of the reason is that induction looks easy when it’s working. The sun rises; you expect sunrise; the sun rises. The method is validated by its output, and its output is everywhere. Induction feels like perception, immediate and prereflective. It takes unusual mental discipline to notice that you are running a sophisticated inference engine constantly, that every belief about the future is a hypothesis rather than a fact, that the entire structure of experienced reality — including the solidity of the floor under your feet — rests on inductive generalization from past sensory inputs.
The other reason it resisted solution is that the naive picture of induction is too simple to diagnose. In the naive picture, you observe things, you count them, you project forward. More observations, better projection. But this picture breaks down almost immediately under pressure. Add a second variable and you face the question of which regularity to generalize. Add a third and the possible patterns multiply faster than the data can constrain them. Add noise — which reality always does — and you face the question of whether an apparent pattern is real or artifact. The counting framework, which seems like common sense, silently assumes that you know which patterns to look for, which is precisely what you’re trying to figure out.
There is a version of this failure mode so famous it has a name. In the 1950s, the philosopher Nelson Goodman articulated it through a thought experiment about a color he called “grue”: green if observed before some future date, blue afterward. All emeralds observed so far are both green and grue. The evidence equally supports “all emeralds are green” and “all emeralds are grue,” yet the predictions diverge sharply after the cutoff date. No amount of additional emerald-counting resolves the issue, because every new emerald is still both green and grue until the deadline. Something other than data must break the tie.
Goodman called this the new riddle of induction, and it is a sharper version of Hume’s original. Hume showed that inductive inference cannot be logically justified. Goodman showed that even if we accept inductive inference, we still have to choose which patterns to generalize — and that choice is not determined by the data. It requires some prior judgment about which regularities are more “natural” or “projectible” than others. Green feels more natural than grue. But that feeling needs an explanation, and that explanation is what Solomonoff eventually provides.
 
Call it the problem of the prior. Every inductive inference, explicit or implicit, begins with some judgment about which hypotheses are worth taking seriously. The scientist who posits a simple mathematical law and the scientist who posits a complicated one are both fitting the same data. Something beyond the data makes one seem more credible. Whatever that something is, it operates in every scientific mind, in every culture, across every era. Cultures that reasoned well enough to survive long enough to develop agriculture and metallurgy all converged on something like parsimony: when explanations compete, the simpler one wins, other things being equal. Occam’s Razor is usually dated to the fourteenth century, but the instinct is far older, embedded in any system of cognition that needed to generalize efficiently from limited information.
The instinct, though, is not the argument. Saying “simple explanations tend to work better” is an empirical observation. It does not tell you why simplicity is an indicator of truth, how to measure simplicity, what to do when simplicity conflicts with fit, or whether the correlation between simplicity and correctness is itself just an inductive inference that might break down tomorrow. The razor cuts, but no one had shown why it cuts where it does.
This is the gap. On one side: two and a half millennia of philosophy confirming that induction is both indispensable and unjustifiable. On the other side: a clear practical imperative to develop inductive methods that work, that can be compared, that can be improved. In between: the question of whether there is any principled way to choose among hypotheses beyond taste, tradition, and the accumulated intuitions of successful scientists.
The answer arrived, characteristically, from outside the philosophy departments. It came from a man thinking about information theory and computation in a postwar world still intoxicated by the realization that reasoning itself could be mechanized. It came with the rigor of mathematics and the strangeness of a result that looks, at first, like it cannot possibly be true.
It came from trying to imagine what a perfect predictor would look like. Not a good predictor. Not a useful one. A perfect one. And from discovering that the attempt to define perfection produces, almost accidentally, a theory of mind.​​​​​​​​​​​​​​​​
 
 
 

Chapter 2: Why Statistics Isn’t Enough
 
There is a version of the induction problem that statistics claims to solve, and in certain narrow conditions, it does. You want to know the average height of a population; you measure a sample; you extrapolate with known error bounds. The math is clean, the procedure is standardized, and the answer is usually good enough to act on. This success is real. It is also frequently mistaken for something more general than it is.
Statistics, in its classical form, is a theory of frequencies. Run the same process many times under controlled conditions and you can say with precision how often various outcomes occur. The reliability of this enterprise rests on a specific assumption: that the process generating your observations is stable, that the future trials are drawn from the same distribution as the past ones, that the world is not changing underneath your measurements. Inside that assumption, statistics works beautifully. Outside it, statistics becomes confident in ways it has no right to be.
The assumption is rarely stated and almost never justified, because in most practical applications it feels too obvious to mention. Of course the coin you are about to flip is drawn from the same distribution as the coins you have flipped before. Of course the patients in the next clinical trial will be biologically similar enough to the patients in this one. Of course next year’s stock returns will be sampled from roughly the same underlying process as last year’s. These assumptions feel reasonable until the moment they don’t, which tends to be the moment that matters most — the financial crisis, the novel pathogen, the societal shift that makes last decade’s behavioral data useless.
 
There is a deeper issue, though, one that precedes any question about distributional stability. Classical statistics, in its frequentist formulation, cannot assign probabilities to individual hypotheses. It can tell you how often a result as extreme as yours would occur if the null hypothesis were true. It cannot tell you how likely the null hypothesis is. This distinction — between the probability of data given a hypothesis and the probability of a hypothesis given data — is not a technical quibble. It is the difference between answering the question you can answer and answering the question you actually have.
What scientists and doctors and engineers mostly want to know is: given what I’ve observed, which hypothesis should I believe? Frequentist statistics is structurally incapable of answering this. It offers instead a measure of how surprising your data would be under a specific hypothetical world, which is not the same thing and often not even closely related. The persistence of p-values as the dominant currency of scientific publishing, despite widespread acknowledgment of their misinterpretation, reflects the degree to which the field has learned to speak one language while thinking in another. Researchers compute p < 0.05 and conclude their hypothesis is probably true, which is not what p < 0.05 means and which frequentist theory explicitly forbids, but which is the inference everyone draws anyway because it is the inference that is actually wanted.
This is not statistical malpractice. It is statistical inevitability. The human mind wants to reason about the probabilities of hypotheses, and when handed a tool that cannot do this, it quietly performs the forbidden operation and reports the permitted result.
 
Bayesian statistics offers the surgery. You want the probability of a hypothesis given data? Bayes’ theorem gives you exactly that, at the cost of specifying a prior: a probability distribution over hypotheses before you see any evidence. Update the prior with the likelihood of the observed data under each hypothesis and you get a posterior — your revised belief. The procedure is logically impeccable. The prior is the problem.
Every Bayesian analysis begins with a choice that the data cannot make for you. Before observing anything, you have to distribute probability across the space of possible hypotheses. This prior encodes your assumptions about which worlds are plausible, which explanations are worth entertaining, how confident you are in background knowledge. Get the prior wrong and no amount of data will save you, at least not quickly; you will converge on the truth eventually if the prior isn’t zero anywhere the truth might live, but “eventually” can mean longer than civilizations last.
This is what makes Bayesianism philosophically honest and practically vertiginous. It admits what the frequentist framework conceals: that all inference is conditional on prior assumptions. The frequentist statistician has a prior too — it is embedded in the choice of test, the choice of model, the choice of which variables to measure — but the framework provides no mechanism for stating it explicitly, no language for revising it systematically. Bayesian inference makes the prior visible, which makes it criticizable, which is simultaneously its virtue and the thing that makes it uncomfortable to use in polite scientific company.
Where does the prior come from? Ultimately, from judgment. The principled versions of Bayesianism offer procedures for constructing priors that are “uninformative” or “objective” in various technical senses, but these procedures require their own assumptions and produce results that differ depending on how you parameterize the space. There is no view from nowhere. There is no prior that represents pure ignorance, because ignorance about a quantity expressed in one parameterization implies specific beliefs in another. The rabbit hole goes down.
 
Set the philosophical issues aside and a practical problem remains. Data does not speak for itself. This is less mystical than it sounds. A set of observations is consistent with infinitely many hypotheses, and the data alone cannot rank them. Any finite sequence of numbers can be described by infinitely many formulas, any finite set of measurements fits infinitely many curves, any finite series of events is compatible with infinitely many causal stories. The observations constrain the hypothesis space without determining it. Something else has to do the rest.
This is overfitting’s true face. The familiar presentation — your model learns the training data too precisely and fails on new data — is real but superficial. The deeper issue is that without some constraint on hypothesis complexity, there is always a more complex hypothesis that fits the current data perfectly. Given twenty data points, a nineteenth-degree polynomial fits them exactly and tells you nothing. Given any sequence of apparent coin flips, there exists a rule that generates exactly that sequence and then predicts heads forever. The data contains no instruction about where to stop elaborating. Left unconstrained, the fitting process will consume all available complexity and produce a hypothesis that has memorized rather than understood.
The standard response is regularization: add a penalty for complexity. Make the model pay a cost for each additional parameter, each additional degree of freedom, each additional twist in the curve. This works. It is also entirely ad hoc unless you can say where the penalty comes from. Why this penalty and not that one? Why this complexity measure and not another? The choice of regularizer is as consequential as the choice of model, but it typically receives far less scrutiny, partly because it is presented as a technical implementation detail rather than a substantive prior belief. It is a prior belief, expressed in the language of optimization rather than probability.
 
The curse of dimensionality is the name for a related and uglier problem. Add dimensions to your data — more variables, more features, more ways of describing each observation — and the volume of the hypothesis space grows exponentially while the data stays fixed. In two dimensions, a hundred data points might densely cover a small region. In a hundred dimensions, those same points are gossamer thin, scattered in a space so vast that almost every point is equally far from every other. Your data provides progressively weaker constraints as the space expands. More sophisticated models, designed to capture subtler structure, inhabit higher-dimensional spaces and therefore require exponentially more data to constrain. You add cleverness; you require data. You require data; you face limits. The limits are hard.
Deep learning sidesteps this in practice through a combination of architectural choices, optimization tricks, and the peculiar geometric properties of real-world data, which tends to cluster on low-dimensional manifolds inside high-dimensional spaces. The manifold hypothesis is what makes large language models not obviously insane: natural language, despite living in a technically enormous space, occupies a tiny structured corner of it, and neural networks can find that corner given enough examples and enough compute. But this is an empirical observation about the particular structure of human-generated data. It is not a principled solution to the dimensionality problem. It works where it works and fails where the manifold assumption breaks down, which is exactly the places where it would be most dangerous to fail.
 
There is a more fundamental way to frame all of this. Every model is a compressed description of data. Every act of learning is a claim that the data contains less information than it appears to — that the apparent complexity reduces to simpler structure. When you fit a straight line to a cloud of points, you are claiming that the relationship between the variables is, underneath the noise, linear: two parameters describe what might naively seem to require as many parameters as data points. When you identify a periodic pattern in a time series, you are claiming that the apparent complexity is generated by a small number of frequencies. The model is always shorter than the data it describes.
This compression is not just a technical convenience. It is the thing itself. Understanding a phenomenon means finding a shorter description of it. Prediction means using that shorter description to extrapolate beyond the observed cases. The quality of the model is measured not by how well it memorizes the training examples but by how well the compressed description generalizes — how much structure it has actually captured versus how much it has accidentally encoded the noise.
A model that memorizes its training data has not found the short description. It has produced a long description disguised as a short one. Its parameters are storing the training data, not summarizing it.
This reframing matters because it shifts the criterion for a good model from accuracy on seen data to compression of the data-generating process. These come apart precisely in the case of overfitting, and the compression criterion correctly identifies overfitting as a failure to compress — as a model that is not actually simpler than the data it represents, despite appearing to be. You haven’t found the structure. You’ve transcribed the noise with extra steps.
 
The uncomfortable implication is that more data genuinely helps, but not in the way usually claimed. More data doesn’t solve the problem of which hypotheses to consider. It doesn’t resolve the prior. It doesn’t tell you how complex a model is appropriate. What it does is reduce the number of hypotheses consistent with the evidence, given that your search procedure is already pointed in roughly the right direction. The direction has to come from somewhere outside the data. Always. This is Hume’s problem again, wearing different clothes.
The clothes are expensive. Modern machine learning is extraordinarily successful at a very specific kind of inductive inference: given an enormous amount of labeled data, architectural choices designed by people who understand the domain, and massive computational resources, fit a model that generalizes well to similar data from the same distribution. Within those conditions, the performance is often superhuman. Change the conditions — shift the distribution, reduce the data, move to a domain where the architectural intuitions don’t apply — and the performance collapses in ways that reveal how much of the apparent success was structural rather than fundamental.
This is not a criticism of machine learning. It is a description of any learning system operating under constraints. The question is whether there exists a framework that handles the unconstrained version — that doesn’t require knowing the domain in advance, that doesn’t require the distribution to be stable, that doesn’t require someone to have already made the right structural choices. A framework that treats the prior as something to be derived rather than assumed.
The question sounds like it should be impossible. The history of the last two sections suggests why: every attempt to remove the prior just relocates it. Every claim to objective inference smuggles in assumptions. Every method that avoids specifying priors explicitly simply embeds them implicitly in architectural choices, regularizers, model classes, and the selection of what data to collect.
And yet. There is a sense in which the choice of prior is not arbitrary — a sense in which one prior is more defensible than all alternatives, not because it reflects what you know, but because it reflects the minimum you must assume. The argument for it doesn’t come from epistemology or philosophy of science. It comes from asking what a computer program is, and what it means for an explanation to be short.
That is where the next section goes. But it is worth pausing here on what statistics has revealed, stripped of its authority as a method: that the inference problem is real and deep, that data underdetermines hypothesis, that every practical solution involves hidden choices, and that the hidden choices matter more than the visible ones. The invisible architecture of assumptions is where the real work is happening. Making it visible is the first step toward understanding what optimal inference would even mean.​​​​​​​​​​​​​​​​
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