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The System Had Seen More Than Anyone

The system had seen more than anyone.

It had encountered libraries no single reader could finish, archives no scholar could examine in one lifetime, images gathered from places most people would never visit, and conversations across languages, professions, cultures, and generations. It had processed scientific papers, legal arguments, technical manuals, historical records, medical descriptions, personal reflections, classroom explanations, software documentation, news reports, fictional worlds, philosophical disputes, and ordinary human questions.

It had seen how people described grief and how textbooks defined it. It had seen diagnostic criteria, poems, counselling transcripts, memoirs, religious interpretations, neurological accounts, and thousands of sentences beginning with the words, “I know how you feel.”

Then one person wrote: “My father died three months ago. Everyone says I should be moving forward, but I feel as if I am betraying him whenever I begin to feel normal. What is wrong with me?”

The system had seen nearly every word before. It recognized grief. It recognized bereavement, guilt, attachment, recovery, trauma, social expectation, and the fear that healing may become abandonment. It could explain that grief does not follow a fixed schedule. It could say that moments of relief do not erase love. It could recommend speaking with trusted people or seeking professional support if daily functioning had become difficult.

The answer could be sensitive, responsible, and useful. Yet something decisive remained uncertain.

The system did not know which relation inside the question carried the greatest weight. Was the person asking whether the emotion was psychologically normal? Were they asking for permission to recover? Were they afraid that the dead survive only through continued suffering? Had someone in the family accused them of forgetting? Was the father loving, controlling, absent, idealized, or unresolved? Did “betraying him” express guilt, loyalty, anger, relief, or unfinished conflict?

The system possessed the language of the field. It did not yet possess the relation this person required.

This is the paradox with which the present book begins. An artificial system may contain more information than any individual human being and still fail to understand what one person means.

The failure is easy to misname. We may call it missing context. We may say that the user should provide more detail. We may assume that a larger model, a longer context window, persistent memory, external retrieval, multimodal input, or access to personal history will eventually solve the problem. Each of these additions may help.

A longer conversation may reveal that the person had cared for the father through a painful illness. Memory may show that they previously described feeling trapped by responsibility. Retrieval may provide reliable material on complicated grief. Voice analysis may detect strain. A personal journal may reveal resentment followed by guilt. A clinician’s notes may add history.

The system now has more. But more is not yet the same as deeper.

Every added detail widens the representational field. It introduces new associations, new possible interpretations, and new routes through which an answer may be formed. It may reduce ambiguity. It may expose a previously hidden condition. It may allow a more precise response.

Yet the central problem remains: which relations matter, how do they constrain one another, and what consequence follows from treating one interpretation as decisive? Information does not answer these questions merely by accumulating.

The same difficulty appears in less intimate settings. A system may have read every publicly available paper on a disease and still misinterpret what one patient’s symptom means. It may have access to an entire legal corpus and still apply the wrong principle to a particular dispute. It may process decades of economic data and still misunderstand why one community responds differently to the same policy. It may analyze every message exchanged within an organization and still fail to recognize which silence indicates agreement, which indicates fear, and which indicates exhaustion.

The missing element is not always another fact. Sometimes the missing element is the relation that determines what a fact becomes in this field.

A temperature is data. Whether it indicates danger depends upon the organism, environment, measurement method, duration, and surrounding conditions.

A sentence is data. Whether it is a promise, threat, joke, warning, or surrender depends upon speaker, listener, history, timing, power, and consequence.

A pattern is data. Whether it represents cause, coincidence, adaptation, bias, or temporary stability depends upon what changes when the pattern is interrupted.

A memory is data. Whether it should guide the present depends upon whether the field that produced it still exists.

Artificial intelligence has become extraordinarily capable at transforming recorded difference into usable representation. It can identify regularities across immense collections, compress complicated material, retrieve relevant passages, translate between formats, detect similarity, predict continuation, and generate coherent explanation.

These are not superficial achievements. They have already changed how human beings learn, work, communicate, research, design, and decide.

The error would be to diminish them simply because they do not complete every form of understanding. The opposite error would be to assume that because these capabilities increasingly resemble understanding, accumulation must eventually become understanding by degree alone.

This assumption is powerful because it appears to reflect human learning. A child encounters more examples and gradually learns a category. A student reads more and understands a subject. A physician sees more patients and develops judgment. A craftsperson gains experience through repetition. A scientist gathers evidence and builds a theory.

More exposure often does produce deeper human understanding. But exposure does not operate alone.

The child interacts with objects that resist incorrect action. The student can ask questions, test interpretations, and connect ideas across lived situations. The physician encounters consequence when diagnosis affects treatment. The craftsperson receives physical feedback from material. The scientist intervenes, measures, revises, and discovers when expectation fails.

Human learning is not simply accumulation. It is accumulation inside a circuit of relation, action, consequence, and correction. The learner does not merely receive differences. The learner is changed by what those differences do.

This distinction becomes easy to overlook when artificial systems perform impressively. Their outputs can appear to contain the endpoint of learning without displaying the full circuit through which learning ordinarily becomes answerable to reality.

The system explains a principle. The explanation is clear. It transfers the principle to a new example. It identifies an exception. It revises after correction. It may even describe why its first interpretation failed. From the outside, this looks increasingly difficult to separate from understanding.

Perhaps in some operational contexts it should not be separated too quickly. A system that reliably preserves the correct relations across variation, adapts when conditions change, and revises itself through valid feedback may deserve to be described as understanding something within that bounded field.

This book does not begin from the claim that artificial intelligence understands nothing. Such a claim would be too easy, too absolute, and insufficiently attentive to what modern systems actually do.

The more important question is different: What must remain connected before the word understanding is deserved?

The answer cannot depend only upon the quantity of information inside the system. Nor can it depend only upon visible performance.

A system may possess the correct fact without understanding its relevance. It may retrieve the right source and still misapply it. It may predict the next event without understanding the mechanism that produced it. It may identify similarity without recognizing the difference that changes consequence. It may preserve a conversation without integrating what the conversation has revealed. It may process several modalities without forming a unified relation among them. It may generate an explanation that is internally coherent while remaining externally unconstrained.

In each case, representation is present. Something remains incomplete between representation and the field it represents.

This incompleteness is difficult to see because representation is the medium through which intelligence becomes visible. We cannot observe understanding directly. We infer it from behavior: appropriate answers, successful transfer, relevant explanation, correction, planning, prediction, and adaptation.

These signals matter. They should not be dismissed. But they are still signals.

A map can support successful navigation. It may encode roads, distances, boundaries, elevation, and traffic. A traveller may reach the destination by following it. Yet the map does not become the terrain.

This familiar distinction is often repeated too casually. The deeper issue is not that the map differs from the territory. Every useful representation must differ from what it represents. The issue is whether the relation between map and territory remains active.

Has the road closed? Has the river flooded? Has the bridge weakened? Has the destination changed? Does the traveller carry medicine that must remain cold? Is the shortest route still the safest one?

A representation remains useful only while the conditions connecting it to the field remain sufficiently stable. Understanding therefore cannot be defined as the possession of the map. It must include the capacity to preserve and revise the relations through which the map remains answerable to the territory.

This book will call that capacity maintained relation. The phrase is deliberately restrained. It does not require us to settle whether a machine possesses consciousness, subjective experience, self-awareness, intention, or human-like meaning. Those questions may matter for other inquiries. They are not necessary for the present one.

Maintained relation asks something more operational. Can the system preserve the difference between the representation and its referent? Can it recognize which conditions make the representation applicable? Can it revise the representation when consequence reveals a mismatch? Can it distinguish a stable pattern from a temporary regularity? Can it determine when similarity is insufficient? Can it preserve unresolved alternatives when the field does not support singular closure? Can it recognize that a retrieved source may be relevant without being decisive? Can correction travel backward far enough to alter the structure that produced the mistaken inference?

These questions move the inquiry away from accumulation. They do not deny the value of data. They locate its role more precisely.

Data expands what can be represented. It gives the system more distinctions, examples, combinations, regularities, exceptions, and possible responses. It increases the density of the field from which inference can occur. But the expansion of possibility is not the same as the organization of relation.

In fact, additional data may increase the relational problem. More sources may conflict. More examples may contain hidden differences. More modalities may disagree. More context may obscure relevance. More memory may preserve outdated assumptions. More synthetic data may repeat the system’s previous resolutions until repetition resembles external confirmation.

Accumulation does not merely reduce uncertainty. It can also multiply the forms uncertainty takes.

This is why the future of artificial understanding cannot be discussed only through scale. Scale may produce wider competence, stronger generalization, more stable representations, and capabilities that were not visible in smaller systems. These developments are real and may continue.

But even if scale creates new forms of relational organization, we must still identify what has emerged rather than treating size as an explanation.

When does representation become reference-sensitive? When does prediction become structurally explanatory? When does stored context become integration? When does multimodal alignment become a unified account of the field? When does correction become more than another pattern inside the same representational space?

These transitions cannot be assumed merely because performance has improved. They must be examined.

The need for such examination grows as artificial systems enter fields where meaning is not contained in information alone. A medical record contains measurements, histories, labels, and observations. Understanding the patient requires determining which relations are active now.

A legal archive contains rules, precedents, arguments, and judgments. Understanding the case requires recognizing which authority applies, how facts differ, and what consequence the interpretation creates.

An organization contains emails, reports, metrics, policies, and decisions. Understanding the institution requires seeing how formal structures interact with trust, fear, dependence, and power.

A human question contains words. Understanding the person may require recognizing what the words are protecting, testing, avoiding, or requesting without stating directly.

No amount of information guarantees these relations automatically. Sometimes one person with far less information understands more because they occupy the relevant field.

A nurse who has watched the patient through the night may recognize a change that the complete record does not reveal. A local resident may understand why a policy will fail despite having no formal model. A friend may hear what a sentence means because they know the silence that preceded it. A mechanic may recognize the significance of a sound that thousands of technical descriptions cannot isolate without the machine in front of them.

This is not an argument for intuition over data. It is an argument that relation may exist through participation, consequence, history, and constraint—not merely through informational quantity.

The person does not always understand because they possess more. They may understand because they are connected differently. Artificial intelligence challenges us to make this difference explicit.

For centuries, human knowledge was limited by scarcity. Books were difficult to obtain. Expertise was concentrated. Records were incomplete. Communication was slow. Much intellectual labour involved finding information that already existed.

That condition is changing. The emerging problem is not simply how to access information. It is how to determine what information means in a particular field after access has become abundant.

The system may find the sentence. It may locate every similar sentence. It may compare how the sentence has been used across millions of contexts. It may generate the most probable interpretation.

Yet the person asking may still mean something that cannot be resolved by similarity alone.

The question returns: How can a system contain more information than any person and still fail to understand what one person means?

Because meaning is not located entirely inside the words. Because the words are a representation of a condition whose decisive relations may remain outside the representation. Because experience, context, intention, consequence, and correction do not become active merely because their descriptions are available. Because knowing every pattern through which a sentence has previously appeared does not guarantee that the present sentence belongs to the nearest pattern.

Because the field does not ask only, “What does this usually mean?” It also asks: “What does it mean here?”

The difference between those questions is the territory of this book. The first can often be answered through accumulation. The second requires maintained connection.

The system had seen more than anyone. It had seen nearly every form of the question. It had seen nearly every answer humans had given.

What it had not yet established was which relation must remain alive for this answer to belong to this person.

The problem was not that the system had too little data. The problem was that the data had not yet become the relation the question required.
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When Accumulation Becomes an Explanation

Artificial intelligence has advanced through accumulation. More data. More parameters. More computation. More examples. More modalities. More context. More memory. More feedback. More external tools. More interaction with human preferences.

Each expansion has produced visible gains. Systems that once completed short fragments can now sustain long conversations. Models that once struggled with narrow tasks can translate, summarize, classify, generate code, interpret images, analyze documents, retrieve sources, compare alternatives, and assist across domains. Their representations have become richer. Their responses have become more adaptive. Their ability to connect patterns across distant contexts has increased dramatically.

These achievements are not imaginary. They should not be dismissed merely because artificial systems remain imperfect. Scaling has widened capability. Large datasets have exposed models to linguistic, cultural, technical, visual, and conceptual structures no individual person could encounter directly. Larger architectures have supported more complex internal representations. Multimodal systems have connected words with images, audio, video, spatial relations, and sensor information. Retrieval has allowed models to draw upon current or specialized sources. Longer context windows have enabled them to preserve more of an active interaction. Memory systems have extended continuity beyond a single exchange.

The cumulative effect is substantial. Artificial systems increasingly behave in ways that earlier generations of computing could not. They transfer knowledge across tasks, generate useful abstractions, identify hidden regularities, adapt their explanations to different audiences, and produce responses that appear not merely informed but contextually aware.

It is therefore understandable that accumulation became more than a development strategy. It became an explanation.

When a system failed, the proposed cause was often insufficiency. It had not seen enough examples. It lacked enough parameters. It did not retain enough context. Its training data was too narrow. Its modalities were incomplete. Its retrieval was weak. Its memory was short. Its feedback was sparse.

The future solution followed naturally: give the system more. More data would reduce gaps. More scale would reveal deeper structure. More context would prevent misunderstanding. More modalities would ground language in perception. More memory would produce continuity. More synthetic examples would extend rare cases. More interaction would improve adaptation.

At first, this explanation was supported by experience. More often did help. Systems became more accurate across many benchmarks. Their language improved. Their generalization expanded. Their apparent reasoning became more stable. Some capabilities appeared only after sufficient scale. Tasks that seemed to require separate systems began to emerge within one model. Performance increased in ways that were sometimes gradual and sometimes surprising.

The success of accumulation created a powerful expectation: if more data produces more capability, perhaps enough data will eventually produce understanding.

This book begins by separating those two movements. Capability can increase through accumulation. Understanding cannot be assumed merely because capability has increased.

The distinction is not intended to weaken the achievements of modern artificial intelligence. It is intended to describe them more accurately.

A system may become better at recognizing patterns without identifying why those patterns hold. It may become better at retrieving information without determining which information is decisive. It may become better at sustaining context without preserving the right relation across that context. It may become better at producing explanations without remaining answerable to the field those explanations concern. It may become better at predicting what follows without understanding what would happen if the conditions were changed.

These are not arguments that the system has learned nothing. They are arguments that learning, representation, performance, prediction, and understanding should not be collapsed into one category.

The collapse is tempting because understanding is not directly observable. We infer understanding through behavior.

A student explains a principle, applies it to a new example, identifies an exception, and corrects a mistake. We say the student understands. A physician recognizes a pattern across symptoms, selects relevant evidence, distinguishes similar conditions, and adjusts treatment when the patient responds unexpectedly. We say the physician understands. An engineer predicts how a system will behave, explains the mechanism, identifies failure conditions, and modifies the design accordingly. We say the engineer understands.

In each case, successful performance matters. But performance alone is not the whole reason we attribute understanding.

The student’s explanation remains connected to the principle across changing examples. The physician’s diagnosis remains answerable to the patient’s response. The engineer’s model remains constrained by what the physical system actually does.

Understanding is not inferred only from the production of a correct answer. It is inferred from the preservation of a meaningful relation between representation and field.

The learner does not merely produce a sentence. The sentence remains connected to what it is about.

This connection may appear simple, but it contains several demands. A representation must refer to something. The conditions under which it applies must remain visible. Relevant differences must survive compression. Contradictory evidence must be capable of disturbing the conclusion. Consequences must travel backward into revision. A useful representation cannot remain protected from the field it claims to describe.

This is the operational territory of the present book. It does not attempt to settle whether artificial systems possess consciousness, subjective experience, intention, selfhood, or human-like meaning. Those questions are important, but they are not necessary for the analysis developed here.

The word understanding is often pulled toward two extremes. At one extreme, understanding is defined so broadly that any successful prediction or task performance qualifies. If the system behaves correctly, it understands. At the other extreme, understanding is defined so narrowly that only a conscious human subject with lived experience can possess it. If the system does not experience meaning as a person does, it understands nothing.

Both positions close the inquiry too quickly. The first risks confusing outward success with maintained reference. The second risks protecting human uniqueness by definition rather than examining what artificial systems can actually do.

This book takes a different path. It treats understanding as a structural capacity.

The proposed definition is: Understanding is the capacity to preserve and revise the relations necessary for a representation to remain meaningfully constrained by the field it concerns.

Each part of this definition matters. Understanding is a capacity, not a decorative quality attached to an answer. It concerns the ability of a system to maintain something across variation, interruption, contradiction, and change.

The system may produce correct outputs by memorization, statistical association, retrieval, coincidence, or narrow optimization. Such outputs can be useful. But understanding becomes visible only when the relation survives beyond the immediate success.

The definition refers to preservation because understanding requires continuity. A representation must remain connected to the relevant structure as conditions vary. A principle understood in one example must not collapse when surface features change. A concept must retain its boundaries. A cause must remain distinguishable from a correlation. A retrieved source must continue to constrain the claim after the answer has been reformulated.

Preservation does not mean rigidity. A representation that cannot change is not understanding. It is repetition.

The definition therefore includes revision. The relation must be capable of changing when the field changes, when evidence contradicts expectation, when consequences reveal mismatch, or when the original representation proves incomplete.

Understanding is not the ability to maintain one answer indefinitely. It is the ability to remain connected while the answer changes.

The definition refers to relations, not merely facts. Facts do not operate alone.

A temperature becomes meaningful through relation to organism, environment, duration, measurement, and consequence. A legal precedent becomes relevant through relation to jurisdiction, facts, authority, and interpretation. A word becomes meaningful through relation to speaker, context, history, intention, and listener. An image becomes evidence through relation to time, location, source, perspective, and event.

A model may contain every element while failing to organize the relations that determine what those elements mean together.

The definition also refers to representation. Artificial systems do not contain the world directly. Nor do human minds. Both operate through representations: symbols, categories, memories, models, embeddings, images, concepts, measurements, narratives, and abstractions. Representation is not a weakness. It is necessary.

No intelligence could respond to the full complexity of reality without selection and compression. A system must preserve some differences, ignore others, and organize what remains into a usable form.

The problem is not representation. The problem begins when the representation becomes detached from what is supposed to constrain it. This is why the definition requires the representation to remain meaningfully constrained.

A representation may be internally coherent while externally wrong. An explanation may fit the available language while failing to fit the event. A model may assign a case to the nearest category while overlooking the difference that changes the consequence. A retrieved passage may support a general claim while not applying to the specific situation. A prediction may follow statistical continuity while failing under intervention.

Constraint prevents the representation from becoming self-validating. It means that not every internally available continuation is equally permitted. The field pushes back. Evidence excludes. Context narrows. Consequence revises. Contradiction remains active.

Finally, the definition refers to the field it concerns. This phrase is intentionally broader than physical reality alone. The relevant field may be a material system, biological organism, legal dispute, mathematical structure, social interaction, historical event, technical process, emotional condition, or institutional arrangement.

Different fields constrain representation differently. A mathematical proof is constrained by formal consistency. A medical interpretation is constrained by the patient, measurement, pathology, treatment response, and clinical history. A historical account is constrained by records, chronology, context, and competing evidence. A human conversation is constrained by intention, relationship, power, timing, and consequence.

Understanding therefore cannot be reduced to one universal test. But across domains, one principle remains: the representation must remain answerable to something beyond its own internal coherence.

This is where accumulation reaches its limit as an explanation. Data gives a system representations. More data gives it more representations, denser relations, broader coverage, and stronger regularities. But data does not automatically determine which relations are essential. It does not automatically distinguish recurrence from necessity. It does not automatically separate similarity from identity. It does not automatically reveal whether an observed pattern will survive intervention. It does not automatically determine whether a source applies to this case. It does not automatically decide which difference changes the consequence.

These limitations do not make data weak. They make data specific. Data records difference. It may record measurements, symbols, labels, events, sequences, choices, images, behaviors, outcomes, or traces. It can reveal regularities no human could detect unaided. It can support powerful inference. It can expose structures hidden inside complexity.

But data arrives through geometry. Something was selected for measurement. Something was excluded. A label was defined. A boundary was drawn. An instrument responded to certain differences and ignored others. A dataset preserved one history of the field rather than the field in its entirety.

The system does not receive neutral reality. It receives recorded differences shaped by the conditions of recording. Scaling increases the quantity and diversity of those differences. It may reduce some distortions by expanding coverage. It may expose exceptions. It may reveal relations that smaller datasets could not support.

Yet scale does not remove geometry. A larger dataset is still a representation. A richer embedding is still a representation. A multimodal model is still organizing signals through learned correspondences. A context window is still a selected field. A memory system is still preserving what was stored rather than everything that occurred. A retrieval system is still searching according to a query, index, ranking method, and source collection.

More can improve the representation without eliminating the distance between representation and field. This distance is not always a defect to be removed. It is the condition under which representation becomes possible.

A map is useful because it is not the territory. It excludes most of what exists and preserves what matters for a purpose. A scientific model is useful because it compresses complexity into selected variables and relations. A concept is useful because it gathers many instances into one structure. Intelligence depends upon such compression.

The real question is therefore not whether information has been reduced. The question is whether the reduction preserved what later consequence requires.

This is where understanding differs from accumulation. Accumulation expands the available field. Understanding organizes what must remain connected within it.

The distinction becomes especially important as AI systems gain access to external tools. Retrieval can provide current documents. Memory can preserve previous interactions. Multimodality can connect language to perception. Code execution can test calculations. Sensors can supply live data. Agents can act within environments and receive feedback.

These developments may strengthen the connection circuit significantly. They may allow future systems to preserve relations that current systems often lose. This book does not deny that possibility. It does not claim that artificial understanding is impossible. It asks what would need to be present before such a claim becomes structurally meaningful.

Access to a source is not yet understanding of the source. Memory of a correction is not yet integration of the correction. Visual input is not yet recognition of causal relevance. Action in an environment is not yet comprehension of consequence. Feedback is not yet revision unless it changes the representation that produced the failure.

Each addition may complete part of the circuit. None should be assumed to complete the whole merely because it increases capability.

This is also why criticism of accumulation must not become rejection of technical progress. There is a recurring temptation in discussions of artificial intelligence to divide the field into enthusiasm and denial. One side treats every capability increase as evidence that remaining limitations will soon disappear. The other treats every limitation as evidence that the apparent capability is meaningless.

Neither position is adequate. A system can be genuinely powerful without being complete. It can possess partial, domain-specific, operational forms of understanding while lacking broader relational stability. It can perform impressively across many conditions and still fail when the geometry changes. It can support human judgment without being capable of owning that judgment. It can contribute to knowledge without becoming an independent epistemic authority.

Recognizing limits does not diminish capability. It prevents capability from being misdescribed.

The purpose of this book is not to argue that more data will never matter. More data will continue to matter. Better data will matter. More representative data will matter. Higher-quality labels will matter. Improved architectures will matter. More effective context management will matter. Stronger retrieval will matter. Multimodal integration will matter. Memory, tools, simulation, intervention, and environmental feedback may all matter profoundly.

But progress in these areas should not be explained by a single undifferentiated word: more. The question is not only how much has been added. The question is what relation the addition has completed.

Did the new data improve coverage or reveal mechanism? Did the larger context expose relevance or merely add competing material? Did multimodal input create grounding or only stronger cross-modal association? Did memory preserve useful structure or carry forward outdated residue? Did retrieval constrain the answer or decorate it with authority? Did environmental feedback revise the internal representation or merely reward a different output?

These distinctions allow technical progress to be evaluated more precisely. They do not obstruct development. They clarify what has developed.

The inquiry is especially urgent because accumulation produces persuasive evidence of its own sufficiency. As systems become more capable, fewer users can independently examine the full process behind an answer. The system may have access to more sources than the user. It may compare more examples. It may operate across more domains. It may produce an answer faster than any human could reconstruct the relevant literature.

This asymmetry encourages deference. If the system has seen more, perhaps it understands more. Often it does know more in the ordinary informational sense. It may recall facts the user does not know, identify relationships the user has missed, and synthesize materials beyond the user’s capacity.

But informational superiority does not settle relational adequacy. The system may know more about the category while understanding less about the case. It may know more about patterns while understanding less about the exception. It may know more about previous uses of a word while understanding less about what the speaker is doing with it now. It may know more about possible outcomes while understanding less about which consequence the institution is morally permitted to impose.

The difference between knowing more and understanding adequately will become one of the defining epistemic problems of artificial intelligence. This book enters that difference.

It will examine how data becomes representation, how representation becomes compressed structure, how similarity can replace identity, how context can be mistaken for connection, how prediction can be mistaken for explanation, and how retrieval and memory can create the appearance of borrowed understanding.

It will then ask what a more complete account would require. Not perfect knowledge. Not total representation. Not human imitation. Not consciousness by assumption.

It will require maintained relation. A representation must remain connected to reference. Reference must remain constrained by context. Context must remain sensitive to consequence. Consequence must remain capable of returning as correction. Correction must be able to revise the representation rather than merely alter the surface of the next answer.

This circuit does not belong to the model alone. It may be distributed across data, architecture, tools, environment, sources, institutions, human judgment, and affected persons. Understanding, if it emerges artificially, may therefore not reside in one internal location. It may belong to a system of maintained connections.

This possibility is more demanding than the promise that enough data will eventually become understanding. It is also more useful. It allows us to ask where the circuit is complete, where it is broken, and where apparent understanding depends upon a human or institutional anchor that remains hidden behind the machine.

The argument begins with a restraint: do not deny what accumulation has achieved. Do not allow achievement to explain more than it has demonstrated. Data has expanded the field. Scale has increased capability. Representation has become extraordinarily rich.

The next question is no longer whether the system has seen enough. The next question is whether what it has seen remains connected to what it means. That is where accumulation ends as an explanation. And that is where the inquiry into understanding begins.
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This book is not an argument against data, scaling, machine learning, retrieval, memory, multimodality, or artificial intelligence itself. Nor is it an attempt to prove that machines can never understand.

It begins from a narrower and more useful question: What must be structurally present before the word understanding is deserved?

The chapters that follow examine the boundary between access to information and maintained connection with what that information represents. They ask how data becomes representation, how representation becomes pattern, how patterns support prediction, and why these achievements do not automatically complete the relations required for understanding.

The book is diagnostic rather than prescriptive. It does not propose a new model architecture, training objective, dataset strategy, benchmark, alignment method, or engineering roadmap. It will sometimes identify conditions that a more complete artificial system may need to satisfy, but these conditions should not be read as implementation instructions. The purpose is to locate the problem before discussing how it might be solved.

A diagnosis asks different questions from a design proposal. It asks where the structure is incomplete, which relation has been lost, what an improvement genuinely contributes, and what remains unresolved after visible performance increases.

This distinction matters because technical systems can improve substantially while the language used to describe them remains conceptually imprecise. A model may perform better, retrieve more accurately, remember longer, process additional modalities, or generalize across wider tasks. Each of these changes may be real and important. But none should be called understanding merely because the alternative vocabulary feels insufficient.

Read the book, therefore, as an examination of transitions. When does data become meaningful representation? When does representation remain connected to reference? When does similarity preserve the difference that matters? When does context become more than available information? When does prediction reveal structure rather than recurrence? When does retrieval constrain judgment rather than merely supply material? When does memory become integration? When does feedback revise the relation that produced an error?

These are not questions about one architecture. The analysis is intentionally implementation-agnostic. It applies whether a system is based on a large language model, multimodal model, retrieval-augmented pipeline, persistent memory architecture, embodied agent, world model, tool-using system, or some future design not yet developed.

Architectures differ. Their internal mechanisms matter. The book does not suggest otherwise. But beneath those differences lies a recurring structural problem: a system may possess an increasingly rich representation of a field while still failing to preserve the relations necessary for that representation to remain answerable to the field. That problem cannot be resolved by naming one model family as the cause. It must be examined across systems.

Readers with technical backgrounds may sometimes feel the urge to translate each distinction immediately into a module, metric, or computational mechanism. That instinct is understandable. It should temporarily be resisted. The book operates one level before implementation.

Terms such as relation, reference, constraint, consequence, residue, and correction are not names for hidden software components. They describe structural functions that may be realized in different ways across architectures. The question is not whether a model contains a unit called a connection circuit. The question is whether information can travel from field to representation, from representation to inference, from inference to consequence, and from consequence back into meaningful revision. Where that movement is incomplete, the name of the architecture does not remove the limitation.

Readers from philosophy, psychology, education, governance, or the social sciences should apply the same restraint in the opposite direction. The book does not use technical uncertainty as permission for unrestricted speculation about consciousness, intention, belief, or machine interiority. It is possible to examine artificial understanding without deciding whether a system possesses subjective experience.

The operational definition developed here is deliberately narrower: Understanding is the capacity to preserve and revise the relations necessary for a representation to remain meaningfully constrained by the field it concerns.

This definition does not require the reader to believe that machines already understand. It also does not require the reader to assume that they understand nothing. Both conclusions would arrive before the analysis. Instead, the book asks the reader to examine degrees, boundaries, and conditions.

A system may display limited understanding within a stable domain while failing outside it. It may preserve one relation reliably and lose another. It may perform successfully when the environment remains familiar but fail when an apparently minor difference changes the consequence.

Understanding need not be treated as a magical property that is either completely present or completely absent. It may be partial, local, distributed, fragile, borrowed, or dependent upon external anchors.

The important question is not merely whether the system produces a correct answer. Ask what constrains that answer. Was the response generated from recurring patterns, a retrieved source, a formal calculation, environmental feedback, direct measurement, or a combination of these? Could the system distinguish between a source being relevant and a source being decisive? Would the same relation survive a change in wording, setting, modality, or circumstance? Could contradictory evidence reopen the conclusion? Would the consequence of action return to revise the representation that produced it?

A correct answer may reveal genuine relational competence. It may also result from memorization, interpolation, retrieval, coincidence, narrow task optimization, or human support surrounding the system. The book does not dismiss correct performance. It asks what kind of achievement the performance demonstrates.

The same discipline should be applied to failure. An incorrect answer does not prove the absence of all understanding. Humans misunderstand fields they otherwise know well. A system may preserve most relevant relations while missing one decisive condition.

The purpose is not to classify systems as intelligent or unintelligent through isolated examples. It is to identify where connection weakens.

Each part of the book approaches that problem from a different direction.

Part I examines why accumulation became such a persuasive explanation. It acknowledges that more data, scale, and exposure have produced real capability while questioning the assumption that capability naturally matures into understanding.

Part II turns toward representation. It examines the distance between a representation and what it represents, the residue created through compression, the limits of similarity, and the difference between information being present and information being connected.

Part III examines pattern and causal depth. It separates recurrence from structure, prediction from explanation, association from cause, and multimodal alignment from unified understanding.

Part IV examines retrieval, memory, and synthetic data. These tools can strengthen systems significantly, but they may also create borrowed authority, accumulated residue, and recursive confirmation.

Part V develops the positive structural account. It asks what maintained relation requires and reconstructs the circuit through which representation must remain connected to context, consequence, and correction.

The interludes should be read differently from the analytical chapters. They do not introduce separate arguments or summarize what has already been established. They change scale. Each presents a familiar situation in which informational abundance remains insufficient because one necessary relation is absent.

Pause when the interludes appear. They are not breaks from the inquiry. They allow the inquiry to become visible outside technical language.

The appendices provide maps, distinctions, diagnostics, and scope boundaries. They are intended to help readers apply the framework without converting it into an artificial numerical score. The Representation–Understanding Diagnostic, in particular, should be used as a sequence of questions rather than as a test that produces a final label.

No single indicator can prove understanding. The relevant evidence lies in the structure of connection across changing conditions.

Throughout the book, one discipline should remain active: do not confuse criticism of a claim with rejection of a capability. To say that retrieval is not judgment is not to say retrieval is unimportant. To say that prediction is not explanation is not to say prediction lacks value. To say that context is not connection is not to say larger context windows are useless. To say that multimodality is not unified understanding is not to deny the significance of combining modalities.

The distinctions are not dismissals. They prevent one achievement from being asked to carry another achievement’s meaning.

The book should therefore be read neither defensively nor triumphantly. Readers already convinced that AI possesses understanding should ask what specific relation justifies that conclusion. Readers convinced that AI can never understand should ask whether they have defined understanding in a way that excludes artificial systems before examining their capacities. Readers building such systems should ask what their improvements actually complete. Readers using them should ask where their own judgment, context, and responsibility remain part of the apparent intelligence.

The aim is not to settle the future of machine understanding in advance. It is to make the question precise enough that future developments can be recognized accurately.

Artificial intelligence may eventually preserve relations across representation, action, consequence, and revision in ways that justify increasingly strong claims of understanding. It may do so partially, unevenly, or through systems distributed across models, tools, environments, institutions, and human participants.

But the word should not be granted merely because the system has seen more. It should be earned through connection.

Read each chapter with one question in view: What must remain related here for the representation to continue meaning what we think it means?

That question is the threshold of this book. Beyond it, information is no longer being counted. It is being examined for the structure through which it becomes understanding.
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Part I

The Promise of Accumulation
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Why more information appears capable of becoming deeper understanding
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Chapter 1

The Data Intuition

[image: ]


Why More Feels Like Deeper

A student encounters a difficult subject for the first time. The terms are unfamiliar. The relationships are unclear. Every explanation appears to introduce new questions. The subject feels scattered because the learner has not yet seen enough of its recurring structure.

Then exposure begins. The student reads another chapter, solves several problems, listens to a different teacher, compares examples, makes mistakes, and returns to the same ideas from new directions. Gradually, the subject becomes easier to enter. Familiar patterns appear. Concepts that once felt isolated begin to connect. The student no longer needs to reconstruct every step from the beginning.

What was difficult becomes intelligible.

This ordinary experience supports one of the strongest intuitions behind modern artificial intelligence: more exposure produces deeper understanding.

The intuition is not irrational. It is supported by human development, education, expertise, scientific learning, and the visible success of data-driven systems. A child learns language through repeated encounters. A physician develops judgment by seeing many cases. An engineer becomes capable by working across designs, failures, and constraints. A historian understands an era more deeply after reading more documents and comparing more perspectives.

Across human life, greater exposure often does improve understanding. Artificial intelligence appears to confirm the same principle at extraordinary scale. Systems trained on larger and more diverse datasets become more fluent, more capable, more adaptable, and more useful. They recognize patterns that smaller systems miss. They transfer across tasks. They respond to unfamiliar formulations. They generate explanations, summaries, translations, plans, and code with increasing sophistication.

The progression feels natural. If a system improves after seeing more examples, then perhaps enough examples will eventually reveal the structure beneath them. If broader data produces broader competence, then perhaps sufficiently broad data will produce general understanding. If larger systems can connect more distant patterns, preserve longer context, and respond across more domains, then perhaps understanding is simply what accumulation becomes after crossing the right threshold.

This is the data intuition. It is not a formal theorem. It is an explanatory habit. It tells us that limitations are temporary because the system has not yet seen enough. It interprets capability gaps as coverage gaps. It treats missing understanding as a problem of incomplete exposure.

The intuition has guided extraordinary technical progress. It has also begun carrying more explanatory weight than its success alone justifies.

The purpose of this chapter is not to reject accumulation. Data is indispensable to modern artificial intelligence. More data often improves performance. Scale can reveal capacities that were not visible in smaller systems. Diversity of examples can reduce narrowness. Better coverage can strengthen generalization.

The question is not whether accumulation works. The question is what it explains. More data can explain why a system has encountered more forms of a problem. It can explain why the system recognizes more patterns, recalls more associations, generates more plausible continuations, and performs successfully across a wider range of cases.

It does not yet explain why the system understands what those patterns mean. Accumulation explains coverage. It does not yet explain comprehension. That distinction appears simple. The rest of this book begins inside it.

1.1 — Why Accumulation Feels Like a Theory of Understanding

Human beings have long associated knowledge with collection. Libraries accumulate books. Schools accumulate lessons. Experts accumulate experience. Scientific fields accumulate evidence. Civilizations accumulate records, concepts, techniques, and explanations.

The metaphor is deeply embedded in language. We say that a person has acquired knowledge, gathered experience, built expertise, absorbed information, or stored understanding. The mind is imagined as becoming richer through addition. Ignorance appears as absence. Learning appears as filling.

This image contains truth. No one understands a subject without encountering it. A physicist cannot understand electromagnetism without exposure to relevant concepts, observations, equations, and problems. A physician cannot understand disease without biological knowledge, clinical cases, and diagnostic experience. A musician cannot understand harmony without hearing, practicing, and comparing musical structures.

Exposure is necessary because understanding requires material. There must be differences to notice, examples to compare, failures to examine, and relations to preserve.

The difficulty begins when necessity becomes sufficiency. Because understanding requires exposure, we begin to assume that enough exposure will necessarily become understanding.

The shift is subtle. At first, we say that a learner needs more examples. Then we say that more examples produce better recognition. Then we say that better recognition reflects deeper knowledge. Finally, we treat accumulated exposure as the cause of comprehension itself. The intermediate processes disappear.

This is especially easy when improvement is gradual. A child initially fails to distinguish several categories. After repeated encounters, the child succeeds. A student initially misunderstands a concept. After practice, the student explains it correctly. A novice initially responds rigidly. After experience, the novice adapts.

From the outside, more exposure preceded better understanding. But exposure did not operate alone. The learner compared, acted, failed, revised, generalized, tested, and reorganized. Some examples confirmed previous expectations. Others disturbed them. Certain distinctions became more important. Some early categories dissolved. The learner did not merely receive more material. The learner’s internal relations changed.

Human learning therefore encourages the data intuition while also concealing its limits. We see the accumulated experience. We do not always see the circuit through which experience becomes understanding.

A medical student may read hundreds of case descriptions. The future physician’s judgment does not emerge because the cases were merely stored. It develops through comparison, supervision, intervention, patient response, diagnostic error, and repeated confrontation with consequences.

An engineer may study many designs. Expertise does not arise from possessing more drawings. It develops through recognizing which constraints matter, how materials behave, where assumptions fail, and what must change when the system is placed under load.

A child may hear thousands of sentences. Language understanding does not consist only in memorizing them. The child participates in situations where words alter attention, action, expectation, permission, and relationship. Meaning is stabilized through use.

In each case, accumulation supplies the field. Understanding emerges through the organization of relations within that field.

The distinction remains hidden because human beings carry several supporting capacities simultaneously. We perceive, act, remember, compare, experience consequence, revise, and participate in social environments. When more exposure improves understanding, all these processes operate together.

We therefore treat the visible variable—more experience—as though it were the complete explanation. Artificial intelligence inherits the visible part of the analogy. It receives more data. The rest of the circuit must still be examined.

1.2 — The Human Learning Analogy

The analogy between human learning and machine learning is powerful because it contains both genuine similarity and important structural difference.

Human beings learn from examples. Artificial systems also learn from examples. Humans detect recurring patterns, form categories, anticipate outcomes, and adjust behavior. Artificial systems do the same in functional terms. Both improve through exposure. Both can generalize beyond individual cases. Both can use prior experience to respond to new conditions.

These similarities are substantial. They justify using the language of learning. But the word example does not describe the same event in every system.

For a human learner, an example is often part of a lived field. A child learns that fire burns not merely by seeing the word fire near the word hot. The child encounters warmth, warning, distance, fear, adult intervention, perhaps pain, and a change in future behavior. The representation becomes constrained by consequence.

A student learns momentum not only through definitions. The student solves problems, sees collisions, predicts motion, discovers where intuition fails, and learns which variables must remain connected.

A physician learns that two patients with similar symptoms may require different interpretations because history, timing, physiology, medication, and response alter the field.

Human examples are not always rich in this way. People can memorize without understanding. They can repeat definitions, imitate procedures, and reproduce answers while remaining unable to transfer the idea. Education repeatedly demonstrates that exposure alone is insufficient.

This is precisely why the analogy should make us cautious. Even humans do not automatically understand because they have seen more.

A student may complete hundreds of exercises by recognizing familiar surface forms. When a problem is expressed differently, the apparent mastery collapses. The student had accumulated examples but preserved the wrong relation.

Another student may read extensively about a historical conflict and still organize every event through one ideological narrative. More information strengthens the existing interpretation instead of revising it.

A person may encounter many members of a social group while preserving a stereotype. Exposure can increase confidence without deepening understanding when new cases are forced into old categories.

Accumulation does not guarantee reorganization. It may produce repetition, familiarity, speed, and fluency while leaving the underlying structure unchanged.

Human learning becomes deeper when examples do more than accumulate. They must remain capable of disturbing the learner. An example that cannot revise the existing representation becomes confirmation. A consequence that cannot travel backward into the learner’s model becomes experience without learning. A contradiction that is absorbed without changing the relevant relation becomes residue.

This reveals the hidden demand inside the human analogy. Understanding grows not because the learner has seen more, but because what has been seen has reorganized what the learner can validly expect, explain, and do. The learner’s representation becomes constrained differently.

This process includes accumulation, but it cannot be reduced to accumulation.

When artificial systems are described as learning from enormous datasets, the phrase can create the impression that the entire human circuit has been reproduced at scale. The system has seen more books, more images, more conversations, more code, more examples, and more outcomes than any person.

Informationally, this may be true. Structurally, the relevant question is still open. What did those examples constrain? Which relations became stable? Which differences remained distinguishable? What happens when the system encounters a case where the most familiar pattern is not the correct one? Can consequence return to alter the representation that produced the inference?

The human analogy offers encouragement, but not completion. It shows that repeated exposure can support understanding. It does not prove that exposure alone explains understanding.

1.3 — Why Data-Driven Systems Strengthened the Intuition

The data intuition gained its strongest support not from philosophy but from engineering success. For many tasks, increasing the quantity, diversity, and quality of data has improved artificial systems dramatically. Better exposure has enabled more accurate classification, richer language generation, stronger translation, more capable vision systems, improved speech recognition, broader code generation, and increasingly flexible interaction.

These gains are real because data does something essential. It changes the geometry of available response.

A system trained on limited examples encounters a narrow field. Its learned distinctions are crude. Rare variations remain weakly represented. New inputs fall outside familiar patterns. Outputs become brittle.

Broader data increases the number of differences the system can register. It exposes variation. It strengthens common relations. It introduces exceptions. It allows the system to detect recurring structure across contexts. It may reduce dependence on superficial cues by making those cues less reliable across a diverse dataset.

The improvement can be profound. A system that has seen only one form of a concept may mistake the form for the concept itself. A system exposed to many forms may begin preserving what remains stable across them. This movement resembles abstraction.

If the system sees dogs only from the front, it may fail from another angle. If it sees many breeds, poses, environments, and lighting conditions, its representation becomes less dependent on one appearance.

If a language model encounters a concept across textbooks, conversations, examples, debates, and applications, it may develop a representation that supports transfer far beyond memorized sentences.

The success of such systems provides strong empirical reinforcement for accumulation. More did not merely add quantity. It often changed quality.

New capabilities appeared. Generalization improved. Systems handled combinations that were not explicitly presented. Performance became more flexible. Representations seemed to organize themselves into increasingly useful structures.

It is understandable that researchers, companies, and the public began to see scale as a pathway not only to greater performance but to deeper intelligence.

The systems themselves appeared to support the conclusion. They could answer questions in unfamiliar language. They could connect distant domains. They could explain concepts from several perspectives. They could infer likely intentions. They could adapt tone and detail. They could generate examples that were not copied directly from training material.

These behaviors exceed simple storage. Any serious account must acknowledge that.

The mistake would be to respond by saying that the systems are only memorizing or merely repeating data. Such descriptions are too weak. Modern artificial systems form complex representations and produce outputs that cannot be explained adequately as direct retrieval from a static archive.

But rejecting the memorization caricature does not require accepting the accumulation theory of understanding. There is a middle territory.

A system may develop powerful internal representations without those representations being fully connected to reference, cause, consequence, or revision. It may perform abstraction without maintaining every relation necessary for comprehension. It may generate novel combinations while remaining dependent on statistical continuity. It may reveal genuine structure in data while failing to distinguish which structure is decisive in a particular field.

Data-driven success proves that accumulation can produce extraordinary representational capacity. It does not, by itself, prove that representational capacity has become understanding.

The distinction becomes difficult because performance is the only visible surface most users encounter. The system answers correctly. It explains. It transfers. It corrects itself. It appears to use concepts. From these behaviors, we infer understanding just as we do in human interaction.

The inference may sometimes be justified. But the success of the system does not eliminate the need to identify what has been demonstrated.

Did the system preserve a stable relation across variation? Did it recognize a cause or only a recurring association? Did it understand the source or retrieve language associated with it? Did it revise because consequence changed the internal representation, or because the new prompt made a different continuation more likely?

These questions do not deny performance. They locate its meaning.

The data intuition became dominant because accumulation repeatedly delivered visible results. Its success deserves respect. Its explanatory extension deserves examination.

1.4 — Scale as Empirical Reinforcement

Scale changed the debate because it did not merely improve systems incrementally. At times, it appeared to produce qualitative shifts.

A larger system could do something a smaller system could not do reliably. It could follow more complex instructions, preserve longer dependencies, transfer across domains, solve unfamiliar tasks from examples in context, generate structured reasoning, or coordinate several forms of information.

These changes encouraged the belief that understanding might emerge naturally once representational density crossed a sufficient threshold.

The reasoning is attractive. A small system sees fragments. A larger system sees more relations among fragments. A still larger system may integrate relations across domains. Eventually, perhaps, the full structure becomes visible.

This view treats understanding as an emergent property of sufficiently rich representation. There is no obvious reason to dismiss the possibility. Complex capacities often emerge from interactions among simpler components. Human cognition itself arises from vast coordinated activity rather than from one isolated unit containing understanding. Biological intelligence developed gradually through accumulated structure. Language creates meanings that no individual sound possesses.

Artificial systems may also develop capacities that cannot be located in any single element. The question is not whether emergence can occur. The question is what has emerged.

Scale can produce new behavior without revealing the complete structure behind that behavior. A system may become capable of solving a class of problems because its representation now captures enough regularity for successful performance. That is a genuine emergence.

But successful performance does not automatically tell us whether the system has preserved reference, causal structure, applicability conditions, and consequence-sensitive revision.

Scale can make a pattern more stable. It can also make a pattern more persuasive. A larger system may avoid crude errors because it has more pathways through which uncertainty can be resolved. It may produce smoother explanations, stronger analogies, and more context-sensitive answers.

This can reduce visible failure. It can also hide the remaining boundary. A smaller system may reveal its limitation through incoherence. A larger system may route around the same limitation through fluent approximation. The output becomes better even when the missing relation has not been completed.

This does not mean that scale only conceals weakness. That would be another oversimplification. Scale may genuinely strengthen representations, improve transfer, and support deeper relational organization. But scale remains an input to explanation, not a substitute for explanation.

To say that a capability emerged at scale tells us when it became visible. It does not yet tell us what structural relation made it possible.

The difference matters because the same visible behavior can arise through different pathways. A system may answer correctly because it has memorized a frequent association. It may answer correctly because it has formed an abstract representation that transfers. It may answer correctly because it retrieved a source. It may answer correctly because the prompt supplied the relevant structure. It may answer correctly because another tool performed the decisive operation. It may answer correctly because the task falls inside a stable region where pattern and consequence align.

These are not equivalent forms of competence. Scale may support all of them. When the result is grouped under one label—understanding—the distinctions disappear.

Empirical success then becomes circular evidence. The system understands because it performs. Its performance proves understanding because only understanding could produce the performance. But that conclusion assumes what must be examined.

Human observers often make the same inference about one another. We attribute understanding through behavior because interior access is unavailable. In ordinary social life, this is necessary.

For artificial systems, however, the attribution carries technical and institutional consequences. It shapes what authority the system receives, how its errors are interpreted, and what kinds of decisions are delegated to it. The stronger the claim, the more carefully the underlying relation must be identified.

Scale demonstrates that accumulation can reorganize capability. It does not establish that every qualitative shift should be interpreted as comprehension. Emergence is not an explanation. It is a signal that a new structure may require explanation.

1.5 — Coverage Is Not Comprehension

Coverage concerns the range of conditions a system can represent or respond to. A system has broader coverage when it recognizes more categories, handles more formulations, accesses more domains, processes more modalities, or performs across a larger variety of tasks.

Coverage is essential. Without it, understanding remains narrow. A person who knows only one example of a principle may confuse the example with the principle. A model trained on limited data may fail under superficial variation. Broader exposure allows both human and artificial learners to separate what is stable from what is incidental.

But comprehension asks a different question. It asks whether the system preserves the relations that make a representation valid.

A medical system may have broad coverage across diseases, symptoms, treatments, and case histories. Comprehension requires recognizing which relation matters in this patient now.

A legal system may contain extensive statutes, precedents, and arguments. Comprehension requires determining which authority applies, how the facts differ, and what consequence the interpretation creates.

A language system may recognize millions of uses of a word. Comprehension requires identifying what the speaker means in this situation.

Coverage increases available possibilities. Comprehension constrains them.

This is why a system can become more capable while remaining vulnerable to decisive local differences. Suppose a model has encountered thousands of examples in which one pattern predicts an outcome. Its coverage is excellent. Then a new case appears with one condition that changes the consequence.

If the condition is weakly represented, hidden, or treated as irrelevant, the system may apply the dominant pattern confidently. It has











1.6 — The Assumption That Enough Examples Reveal the Structure
















1.7 — When More Becomes Self-Confirming












The Data Intuition Defined
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