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Prologue

Modern deep learning works astonishingly well, yet we still lack a fundamental understanding of
why. What we call “deep learning” is not merely a triumph of computer science or engineering; it
is a natural phenomenon that demands explanation in terms of underlying principles—much as
physics explains why the Sun produces energy or why matter follows specific laws.

This collection of essays is an attempt to uncover some of those principles. It argues that today’s
Al systems succeed because they instantiate deep structural regularities of the world—regularities
that any intelligent system, biological or artificial, must exploit. Two principles emerge repeatedly
throughout these essays.

The first is (sparse) compositionality, and the second is genericity. In this essays, we show
that they are not heuristic conjectures, but logical inevitabilities derived from the foundations
of computation and physics. We show that sparse compositionality is mathematically implied
by efficient computability, just as genericity is dictated by assuming invariance in the choice of
coordinates. Together, they define the channel through which intelligence must pass.

Together — and helped by several other observations — these principles offer a first step toward
a unified theory of modern Al—one that explains not only how current systems work, but why they
work at all.
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How to Read This Collection

This volume is not a conventional monograph. It is a collection of essays—some conceptual, some
technical, some speculative—written at different times but revolving around a shared set of themes.
It has evolved into something close to an intellectual atlas: an ongoing effort to map the principles
that underlie modern arti cial intelligence and the physics of natural intelligence. Several chapters
are proposals for research projects that may be completed before too long.

Two ideas appear repeatedly throughout the collection, forming the spine of the argument:

« Sparse compositionality: the view that complex functions, behaviors, and representations
arise from the hierarchical composition of a small number of reusable parts. This principle
explains approximation, hierarchy, modularity, transfer, interpretability, and the unreasonable
effectiveness of deep networks.

» Genericity: the observation that the real functions we want to learn in the world are not
arbitrary high-complexity objects. Learnable functions must show stability with respect to the
training set and invariance to simple transformations of the coordinate systems used for their
de nition. This implies that meaningful structure leaves persistent low-degree footprints,
enabling gradient-based optimization.

The collection is organized into four parts:

Part I: Principles explores the mathematical inevitability of the two core ideas above. It argues
that intelligence is not a grab-bag of heuristics but a solution to speci ¢ physical constraints.

Part Il: Computation & Hardware instantiates these principles in speci ¢ architectures, moving
from Associative Turing Machines to the ef ciency of Boolean functions.

Part Ill: Learning & Evolution examines the dynamics of learning in deep networks and
evolutionary strategies.

Part IV: Extensions & Speculations takes the most risks. It treats biology not as a metaphor,
but as a constraint. Here, we argue that mechanisms like "World Models" and "Dreaming" are not
just biological quirks but computational necessities.

Suggested Paths

Readers interested primarily in the conceptual picture may prefer to begin with:
« The Prologue,
« Chapter 1: Intelligence as Associative Memory,

« Chapter 22: World Models Before Language.
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2 CONTENTS

Readers seeking computational foundations may start with:
» Chapter 3: Associative Turing Machines,
» The essays on compositional optimization in Part I,

* The appendices, which now contain rigorous proofs regarding the Johnson-Lindenstrauss
lemma and group invariance.

Readers curious about broader implications or the future of Al may enjoy:
e Chapter 25: What is Missing in LLMs?,

» Appendix D: Most Real Numbers Do Not Exist,

» The concluding essay on principles and open questions.

As with any collection of essays, some ideas appear more than once, viewed from different angles.
This repetition is intentional: deep principles re-emerge across different domains. The unity of the
volume lies not in a single narrative arc but in the convergence of these diverse perspectives on the
same underlying structure of intelligence. Finally, several chapters include the name of a human
co-author with whom | discussed extensively the content of the chapter. Even so. the responsibility
for mistakes and omissions in the written text is on me and Gemini!

Last but not least: this is, for the time being, just a draft, often a draft of proposals of research
project. It contains errors; there are missing references and missing acknowledgments. With time
and feedback from you they will be corrected! This is ready to be a "working notebook" for the
eld. It provides a counter-narrative to the "scale is all you need" crowd.



Note on Co-Authorship: An Experiment

This book is an experiment in a new kind of scienti ¢ collaboration. It was co-authored by a human
scientist and two Large Language Model (speci cally, GPT and Gemini).

In the history of science, we often speak of "tools for thought"—notation, calculus, the computer.
But until recently, those tools were passive. They did not push back. This collection represents a
shift toward active cognitive ampli cation. Throughout the writing process, the Al did not merely
act as a scribe or a ghostwriter; it functioned as a sparring partner, a synthesizer, and occasionally,
a mirror. Gemini also drafted gures which are far from perfect but serve as good placeholders.

The Role of the Model

The core ideas—Sparse Compositionality, Genericity, the biologically constrained de nition of
intelligence—are mine. They stem from decades of research at MIT and the Center for Brains,
Minds and Machines (CBMM). However, the articulation of these ideas was often a dialectic process.

| would feed the model a raw intuition or a rough technical note (e.g., "Language is just a
subtitle track for a world model"). The model would expand it, connect it to adjacent concepts in
the history of computation (Turing, Post, von Neumann), and return a draft. We would then iterate.

This process revealed an interesting property of current Al: it is a machine of genericity. Left
to its own devices, the model tends to "smooth" ideas. It gravitates toward the consensus, the
balanced view, the polite academic tone. It often tried to soften my more radical claims about
biology—for instance, the insistence that diffusion models are biologically implausible, or that
scaling laws alone will hit a wall.

| found myself constantly having to "roughen" the text back up—to re-inject the asymmetry, the
speci ¢ bet, and the falsi able conjecture. In this sense, the authorship process mirrored the very
principles discussed in the book: the Al provided the generic compositional capability, while the
human provided the sparse, high-frequency logical jumps that de ne scienti c novelty.

Why This Matters

This collaboration is not just a novelty; it is a data point in the study of intelligence itself. If, as this
book argues, intelligence relies on the composition of reusable modules, then LLMs have mastered
the modules of syntax and rhetorical structure. They have learned the "shape” of a scienti c argument.
But they famously lack the "World Model"—the grounding in physical reality that allows a primate
to understand gravity without words.

Writing this book with an LLM con rmed that hypothesis. The model could write uently
about "World Models," but it could not verify consistency without my guidance. It could hallucinate
a citation as easily as it could summarize a theorem. It possessed language, but not truth.

3
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The Future of Scienti ¢ Writing

| believe this model— Human + Al— will become the standard for scienti c inquiry, at least in the
near future. It allows a researcher to move faster, to synthesize broader elds of literature, and to
maintain a unity of voice across disparate topics. But it requires a new kind of vigilance. We must
guard against the "smoothing" effect of these models, which risks homogenizing scienti ¢ thought
into a polite, generic mean.

This collection, therefore, is an artifact of 2026: a testament to what machines can do, and a
reminder of what, for now, only biological brains can provide.

Tomaso Poggio
Lake Sabrina, Needham, Massachusetts
January 2026
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