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Highlighted Abstract

Abstract. This paper gives a contradiction-based argument for two proposed struc-
tures of predictive intelligence: the MIPU and the MAP. A MIPU is defined as a
minimal integrated update that changes future prediction and cannot be removed
without losing that learned predictive change. A MAP is defined as a maximal
coherent anticipatory pattern available to a system under its data, memory, time,
and computational limits. The central result is direct: if learning occurs, some
MIPU-like structure must exist; if anticipation occurs, some MAP-like
structure must exist. The argument does not rely on a special biological substrate,
a particular machine-learning architecture, or a private vocabulary. It follows from the
conditions required for learning and anticipation to be distinguishable from storage,
reaction, noise, or hallucinated patterning. The paper then derives a bounded account
of predictive intelligence: below MIPU, exposure fails to become learning; above
MIPU, evidence is over-absorbed; below MAP, the system misses valid structure;
above MAP, the system invents structure. MIPU and MAP therefore describe a
lower and upper bound on valid predictive change. The paper closes with testable
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consequences for human learning, large language models, manipulation detection, and
scientific explanation.

One-sentence result
If a finite system truly learns, it must contain a minimal necessary prediction-changing
update; if it truly anticipates, it must contain a maximal coherent future-facing pattern
available to that system.

Keywords: MIPU, MAP, predictive intelligence, learning theory, anticipation, proof by
contradiction, model update, active inference, pattern coherence, overfitting, hallucination.

1 Introduction

A system can receive information without learning from it. It can store a sentence, copy a
file, recite a rule, or repeat a label while its future predictions remain unchanged. A system
can also connect too much. One event can become a false universal rule. One coincidence can
become a manufactured pattern. Both failures point to the same deeper problem: intelligence
needs boundaries around how information becomes prediction.

This paper formalizes two such boundaries:

• Minimal Irreversible Predictive Update (MIPU): the smallest integrated update
that changes future prediction.

• Maximal Anticipatory Pattern (MAP): the widest coherent pattern the system can
use to anticipate future states without adding unsupported structure.

The argument is intentionally substrate-neutral. It applies to humans, animals, artificial
agents, institutions, and any finite predictive system that updates from input and acts under
uncertainty. The terms MIPU and MAP are new labels for two necessary structures: one at
the level of update, the other at the level of anticipatory pattern.

The proof strategy is contradiction. Assume learning occurs without a MIPU. The assumption
breaks once learning is defined as a change in future prediction. Assume anticipation occurs
without a MAP. That assumption breaks once anticipation is separated from bare reaction.
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Main claim
MIPU and MAP are not optional metaphors for intelligence. Under the definitions
used here, they are necessary structures. A system that learns must make some minimal
integrated predictive update. A system that anticipates must use some maximal
coherent pattern available to its limits.

2 Background and motivation

Predictive views of mind and machine are already central in cognitive science, neuroscience,
cybernetics, control theory, Bayesian inference, and machine learning. Cybernetics treated
behavior as feedback control (Wiener, 1948; Ashby, 1956). Information theory gave a formal
language for uncertainty and signal compression (Shannon, 1948). Bayesian and causal
approaches explained how belief and intervention can be updated under evidence (Jaynes,
2003; Pearl, 2009). Predictive processing and active inference describe perception and action
as prediction-error minimization under generative models (Friston, 2010; Clark, 2013; Hohwy,
2013). Machine learning formalizes generalization, value update, and performance under
sampled experience (Vapnik, 1998; Sutton and Barto, 2018).

These traditions often describe mechanisms of prediction and adaptation. The present paper
asks a narrower structural question:

What must exist for learning and anticipation to be possible at all?

The answer proposed here is a pair of bounds. MIPU handles the lower bound of real
learning: information must change future prediction in an integrated way. MAP handles
the upper bound of coherent anticipation: pattern expansion must stop before unsupported
structure enters.

This distinction helps separate four common failures:

1. No update: input is encountered but never integrated.

2. Over-update: input is integrated with more meaning than the evidence warrants.

3. Under-patterning: the system sees only local fragments and misses the larger predictive
structure.

4. Over-patterning: the system connects events beyond warranted evidence.
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In ordinary language, a person can hear the lesson and still not change. Another person can
learn the wrong lesson too strongly. A model can answer the local prompt while missing the
frame. Another model can hallucinate a bridge between unrelated facts. MIPU/MAP gives
these failures one shared skeleton.

3 Formal setting

This section gives the minimal formal setup needed for the proofs.

Definition: Finite predictive system
A finite predictive system is a tuple

S = (Z, X , P , U),

where Z is a finite or finitely represented set of internal states, X is a set of possible
inputs, P maps internal states to predictive behavior, and U is the set of possible state
transitions caused by input.

The predictive behavior P(z) can include expectations, classifications, actions, avoidance
tendencies, next-token distributions, policy choices, or any future-facing behavior that can be
compared before and after input. The framework does not require all systems to predict in
the same format. It only requires that predictive behavior can differ across states.

Definition: Learning event
A learning event occurs when an input x ∈ X changes the system from state z1 to state
z2 such that

P(z1) ̸= P(z2)

under a task-relevant comparison. If predictive behavior does not change, the system
may have stored or copied information, but it has not learned in the strong predictive
sense used in this paper.

This definition is deliberately strict. A notebook can store a fact without learning it. A
database can hold a record without changing its predictive behavior. A language model
context window can contain a statement while still failing to route future reasoning through
that statement. Strong learning requires integration into future prediction.
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Definition: Integrated update
An update U ∈ U is integrated when removing its effective contribution would remove
the learned predictive change. If the update can be deleted, ignored, or projected away
with no loss of the learned predictive behavior, then the information was held rather
than integrated.

Definition: Effective support of an update
Let U be the total causal update caused by input. Its effective support, written Eff(U),
is the set of update-components that are necessary for the observed predictive change.
Components that can be removed while preserving the predictive change are excluded
from Eff(U).

The word “component” can refer to a synaptic change, a parameter adjustment, a symbolic
rule, a memory trace, a routing alteration, a policy change, a compressed representation, or
another finite causal contribution. The proof only needs the update to have a finite causal
trace or finite representation at the level of analysis.

4 Definition of MIPU

Definition: Minimal Irreversible Predictive Update
A Minimal Irreversible Predictive Update, or MIPU, is any inclusion-minimal integrated
update-component or update-bundle m ⊆ U such that removing m destroys the learned
predictive change:

P(z1) ̸= P(z2), but P(z1) = P(z2 \ m)

under the relevant test. Minimality means no proper sub-bundle of m is sufficient to
preserve the same learned predictive change.

A MIPU does not have to be a single atom. In many systems, the smallest necessary
predictive change is a bundle. The key property is not physical size. The key property is
irreducibility under predictive effect.
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Plain-language version
A MIPU is the smallest piece of an update that actually changes what the system will
expect, choose, classify, or prepare for next.

The term “irreversible” means functionally irreversible at the level of learned prediction. It
does not require that physics cannot reverse microscopic states. It means that removing
the update would remove the acquired predictive change. The system can forget, retrain,
suppress, or overwrite later, but the original learning event still had a necessary update at
the time it occurred.

5 Theorem 1: learning implies MIPU

Theorem 1: Necessity of MIPU
For any finite predictive system, if a learning event occurs, then at least one MIPU
exists for that learning event.

Proof. Assume for contradiction that a learning event occurs but no MIPU exists.

By definition of learning, the system moves from z1 to z2 after input x, and the predictive
behavior changes:

P(z1) ̸= P(z2).

Therefore some update U caused a task-relevant predictive difference.

If U has no component that affects prediction, then removing U would not change predictive
behavior. That would imply

P(z1) = P(z2),

contradicting the assumption that learning occurred.

So U has at least one effective component. Let E be the family of nonempty sub-bundles of
U whose removal destroys the learned predictive change. Since the system has a finite causal
trace or finite representation at this level, E is finite and nonempty. Every finite nonempty
partially ordered set contains at least one inclusion-minimal element.

Let m ∈ E be such an inclusion-minimal element. Removing m destroys the learned predictive
change, and no proper sub-bundle of m does so. Therefore m is a minimal integrated
prediction-changing update. By definition, m is a MIPU.

6



MIPU/MAP Contradiction Bounds Michael Zot

This contradicts the assumption that learning occurred without any MIPU. Therefore, if
learning occurs, at least one MIPU exists.

Interpretation
To deny MIPU under this definition, one must deny that learning changes future
prediction, deny that predictive change requires an update, deny that effective parts
can be separated from ineffective parts, or deny finite causal representation. Those
exits are expensive.

6 Boundary analysis for MIPU

The theorem proves existence. The boundary analysis explains failure.

6.1 Below MIPU: exposure without learning

Below MIPU, input touches the system without changing future prediction. The person
hears advice and repeats the old behavior. The model sees an instruction and answers as
if the instruction never entered the map. The institution receives a report and changes no
policy. Input arrived, but the predictive state did not change.

Sub-MIPU failure
Sub-MIPU exposure occurs when information is present but not integrated. The signal
appears in memory, context, notes, or surface language, yet it does not alter future
prediction or action.

6.2 Above MIPU: over-absorbed evidence

A system can also update too much from too little evidence. One betrayal becomes a rule
about all people. One failed prompt becomes a claim about all models. One coincidence
becomes a hidden system. In this case, the update crossed the necessary boundary and
absorbed unsupported structure.
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Supra-MIPU failure
Supra-MIPU distortion occurs when a system makes a real predictive update, but the
update carries more meaning than the evidence supports. The system learned, but it
learned too much from too little.

6.3 MIPU as the lower bound of valid learning

MIPU therefore marks the lower bound of real predictive learning. Below it, information
fails to integrate. Above the justified update size, information becomes distortion. This gives
MIPU a diagnostic role:

Valid learning requires enough update to change future prediction, but not so
much update that evidence turns into false generalization.

7 Definition of MAP

Anticipation differs from reaction. Reaction responds to what has already happened. Antici-
pation uses current information to restrict what may happen next. That requires a pattern
across time or state-space.

Definition: Anticipatory pattern
An anticipatory pattern is a structured relation A ∈ A that uses present or past
information to constrain possible future states, actions, risks, or outcomes.

Definition: Coherence
A pattern A is coherent for a system when it improves or constrains anticipation without
adding unsupported connections. Coherence is evaluated relative to available evidence,
task, memory, computational limits, and error tolerance.

Definition: Pattern scope
The scope of a pattern, Scope(A), is the amount of valid future-relevant structure the
pattern includes. Larger scope is better only while coherence is preserved.
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Definition: Maximal Anticipatory Pattern
A Maximal Anticipatory Pattern, or MAP, is any maximal coherent anticipatory
pattern available to a system under its constraints. Formally, A∗ ∈ A is a MAP when
A∗ is coherent and there is no accessible coherent pattern B such that

Scope(A∗) < Scope(B).

A MAP may not be globally unique. A system can have several maximal coherent anticipatory
patterns for different tasks, time-scales, or evidence boundaries. The claim is existence of
maximal coherent structure under bounded access, not uniqueness across all possible worlds.

Plain-language version
A MAP is the biggest future-facing pattern the system can safely use before it starts
making things up.

8 Theorem 2: anticipation implies MAP

Theorem 2: Necessity of MAP
For any finite predictive system, if an anticipation event occurs, then at least one MAP
exists relative to the system’s available evidence, task, and constraints.

Proof. Assume for contradiction that the system anticipates but no MAP exists.

By definition, anticipation requires using present or past information to constrain future
possibilities. If no anticipatory pattern exists, the system can only react to input after
it appears. That would be reaction, not anticipation. Therefore, at least one coherent
anticipatory pattern exists. Call the family of accessible coherent anticipatory patterns C.

Since the system is finite or finitely represented under the relevant task, C is nonempty and
bounded by the system’s data, memory, time, and computation. Order C by valid anticipatory
scope. A finite nonempty partially ordered set has at least one maximal element.

Let A∗ be a maximal element of C. It is coherent, and no accessible coherent pattern has
strictly greater valid anticipatory scope. By definition, A∗ is a MAP.

This contradicts the assumption that anticipation occurs without any MAP. Therefore, if
anticipation occurs, at least one MAP exists.
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Interpretation
To deny MAP under this definition, one must claim that anticipation needs no pattern,
that valid pattern scope has no boundary in a finite system, or that unsupported
pattern expansion remains coherent. Those claims collapse anticipation into reaction
or hallucination.

9 Boundary analysis for MAP

9.1 Below MAP: missed structure

Below MAP, a system uses a pattern that is too narrow. It may be locally correct and globally
wrong. It may interpret a sentence while missing the conversation frame. It may judge a
manipulator by isolated words while missing timing, incentive, role, audience, repetition, and
concealment strategy.

Sub-MAP failure
Sub-MAP blindness occurs when a system has a valid local pattern but fails to include
available broader structure required for accurate anticipation.

9.2 Above MAP: manufactured structure

Above MAP, the system connects beyond what the evidence supports. The result can
look intelligent because it has shape, reach, and narrative force. Yet the added links are
unsupported. In humans this can become paranoia or false certainty. In machine systems it
can become hallucinated explanation. In institutions it can become policy built from a bad
causal story.

Supra-MAP failure
Supra-MAP hallucination occurs when a system expands a pattern beyond coherent
evidence and begins treating unsupported links as predictive structure.

10 The bounded interval of predictive intelligence

The two proofs combine into a bounded account of intelligence.
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Theorem 3: Bounded predictive intelligence
Any finite system capable of integrated learning and anticipation must operate between
a lower bound of valid predictive update and an upper bound of coherent pattern
expansion. The lower bound is MIPU. The upper bound is MAP.

Proof. By Theorem 1, any learning event requires at least one MIPU. Without such an update,
predictive behavior does not change in an integrated way. By Theorem 2, any anticipation
event requires at least one MAP. Without such a pattern, the system either reacts without
anticipation or expands into unsupported structure. Therefore, a finite system that both
learns and anticipates requires MIPU-like and MAP-like structures. The system must
update enough to learn and pattern broadly enough to anticipate, while avoiding over-update
and over-patterning. This defines a bounded interval of valid predictive intelligence.

Below MIPU
exposure without learning

MIPU
valid update begins

Predictive corridor
learning and anticipation

MAP
coherent pattern limit

Above MAP
invented structure

lower bound upper bound

Figure 1: The MIPU/MAP corridor. Valid predictive intelligence requires enough update to
change future prediction and enough pattern scope to anticipate, while avoiding over-update
and unsupported pattern expansion.
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11 Failure taxonomy

Region Failure mode Observable signature

Below MIPU Exposure without
integration

The system can repeat the input but future
prediction, choice, classification, or behavior
stays unchanged.

At MIPU Minimal valid learning A smallest necessary update changes future
prediction without extra unsupported meaning.

Above justified
MIPU

Over-update A narrow input causes broad false
generalization, overcorrection, or rigid new
belief.

Below MAP Under-patterning The system handles local facts while missing
broader frame, incentive, context, or time
relation.

At MAP Maximal coherent
anticipation

The system uses the widest available valid
structure without adding fake links.

Above MAP Over-patterning The system invents relations, bridges, motives,
or causes beyond available evidence.

Table 1: MIPU/MAP failure taxonomy. The framework distinguishes lack of integration,
excessive updating, narrow patterning, and unsupported pattern expansion.

12 What the proof establishes

The proof establishes necessity at the structural level. It does not prove every empirical claim
that might be built from MIPU/MAP. This distinction is important.

Proven by contradiction
Under the definitions in this paper, learning implies the existence of a MIPU-like
structure, and anticipation implies the existence of a MAP-like structure.

Not automatically proven
Specific applications still require demonstrations. For example, MIPU/MAP applied to
therapy-speak camouflage, large language model frame recovery, social media distri-
bution, or scientific discovery must be tested through cases, experiments, audits, or
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predictive comparisons.

This is not a weakness. It separates the logical foundation from the empirical tower. The
foundation says the structures are unavoidable once learning and anticipation are defined
in predictive terms. The tower tests whether the framework gives better explanations and
predictions in real domains.

13 Consequences for artificial systems

Large language models can show both MIPU and MAP failures. A model may receive a
correction inside the conversation and still fail to route later answers through that correction.
That is sub-MIPU behavior at the conversation-state level. The input is present in context,
but it does not function as an integrated predictive update.

A model can also over-absorb a correction. One user preference can be exaggerated into a
rigid rule that breaks the next task. That is supra-MIPU behavior.

Frame failures often show MAP issues. A model may answer the immediate question while
missing the governing frame already present in prior turns. That is sub-MAP behavior. In
the other direction, a model may build a smooth explanation by connecting facts the source
does not support. That is supra-MAP hallucination.

LLM diagnostic use
MIPU/MAP can be used as an audit vocabulary for model errors: did the system fail
to integrate a correction, over-integrate it, miss the broader frame, or invent a broader
frame?

14 Consequences for human learning and manipulation
detection

Human learning also fits the same bounds. A person can consume warnings about manipula-
tion and still fail to detect it in live interaction. The content was stored, yet the predictive
map did not change. That is sub-MIPU exposure.

A person can also overlearn. After one harmful experience, the system may classify harmless
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signals as danger. The update becomes too broad. That is supra-MIPU distortion.

Manipulation detection requires MAP discipline. Too little pattern misses the manipulator’s
strategy. Too much pattern turns uncertainty into false certainty. A valid detector must
include timing, incentives, repeated behavior, audience, concealment, contradictions, and
cost of being wrong, while refusing to add unsupported hidden causes.

This gives a useful rule:

Detection improves when the map expands to include valid missing variables and
stops before unsupported links enter.

15 Empirical predictions

The formal proof gives several testable predictions.

Prediction set
H1. Sub-MIPU prediction. Systems exposed to information without an integrated

predictive update will repeat the information but fail transfer tests.

H2. Supra-MIPU prediction. Systems that update too broadly from limited evidence
will show overgeneralization and reduced calibration.

H3. Sub-MAP prediction. Systems using narrow patterns will perform well on local
questions and fail on frame-dependent questions.

H4. Supra-MAP prediction. Systems expanding beyond evidence will generate
confident causal or narrative bridges unsupported by the source.

H5. Corridor prediction. The best performance will occur when systems show both
minimal valid update and maximal coherent patterning under the task constraints.

These predictions can be tested in human experiments, AI benchmarks, therapy-speak
camouflage cases, classroom learning, scientific explanation tasks, and multi-turn model
audits.
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16 Example experimental design

A simple study can test the framework without expensive infrastructure.

16.1 MIPU transfer test

Participants or models receive a rule, correction, or causal explanation. They are then tested
on:

1. direct recall,

2. near transfer,

3. far transfer,

4. resistance to misleading variants.

A sub-MIPU case predicts recall without transfer. A valid MIPU predicts transfer under
changed surface form. A supra-MIPU case predicts overgeneralization to cases that should
not match.

16.2 MAP frame test

Participants or models receive a multi-turn scenario where crucial frame information appears
early and later answers require it. The test measures whether the system:

1. uses only the latest prompt,

2. retrieves the earlier frame,

3. expands to relevant context,

4. invents unsupported context.

Sub-MAP failure predicts narrow local answers. MAP-level performance predicts frame-
preserving answers. Supra-MAP failure predicts unsupported explanation.
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17 Relation to existing theories

MIPU/MAP does not replace existing work on prediction, learning, or inference. It supplies
a boundary language that can sit above multiple implementations.

• In Bayesian terms, MIPU resembles the minimal belief or model change needed to alter
posterior prediction, while MAP resembles the widest coherent model structure licensed
by evidence.

• In predictive processing, MIPU names the smallest integrated change in the generative
model that matters for future prediction; MAP names the largest coherent anticipatory
model the system can sustain.

• In machine learning, MIPU resembles the effective update that changes generalization
behavior; MAP resembles the broadest valid feature-pattern or latent structure before
overfitting begins.

• In cybernetics, MIPU names the minimum feedback-incorporation needed to alter control,
while MAP names the broadest control-relevant structure before noise enters the loop.

The contribution is the paired bound. MIPU handles the minimum required for real update.
MAP handles the maximum permitted for coherent anticipation.

18 Limitations

Several limitations need to be stated clearly.

First, the proof depends on the definitions. If learning is defined as passive storage, then
MIPU is not required. This paper uses predictive learning: learning must change future
prediction, choice, classification, or action.

Second, a MIPU may be difficult to identify in high-dimensional systems. The proof
establishes existence under finite representation. Measurement requires operational tests.

Third, MAP may be non-unique. Different tasks can license different maximal coherent
patterns. A system may have several MAPs under different goals or evidence sets.

Fourth, coherence is task-relative. A pattern can be coherent for one prediction target and
useless for another.
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Fifth, the framework does not give moral certainty. In manipulation detection, for example,
a valid MAP expands evidence responsibly. It does not license unsupported accusations.

19 Conclusion

This paper gives a contradiction-based proof that MIPU and MAP are necessary structures
for finite predictive systems that learn and anticipate. If learning occurs, some minimal
integrated prediction-changing update must exist. If anticipation occurs, some maximal
coherent future-facing pattern must exist under the system’s constraints.

The result turns MIPU/MAP into a bounded theory of predictive intelligence. Below
MIPU, information fails to become learning. Above justified MIPU, evidence becomes
distortion. Below MAP, the system misses structure. Above MAP, the system invents
structure. Intelligence survives inside the corridor.

The remaining work is empirical: test the framework across humans, models, institutions, and
scientific reasoning. The logical foundation is clear. Learning implies MIPU. Anticipation
implies MAP.
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Open research status

This manuscript presents a formal and conceptual argument. The contradiction proofs
establish necessity under the stated definitions. Domain-specific applications require separate
empirical tests, case studies, or benchmark audits.
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