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The Visible Problem

Modern Al systems are becoming more capable.

They answer questions, summarize documents, retrieve information, write code, generate content,
and automate increasingly complex workflows.

Benchmarks improve.

Models become more fluent.

Evaluations show progtress.

Users report successful outcomes.

Yet trust remains unstable.

Hallucinations persist.

Grounding fails.

Summatries subtly change meaning.

Retrieval systems return relevant sources while answers still drift.

Models perform well in evaluation settings but behave unpredictably in the environments where
they are actually used.

This creates a central paradox:

Al systems appear increasingly capable according to their representations of performance while
becoming harder to verify against reality.
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The problem is not that progress is fake.

The problem is that measured capability and trustworthy capability are not always the same thing.

Why Existing Explanations Feel Incomplete
Different fields describe different parts of the problem.

Alignment research asks whether systems pursue intended goals.
Evaluation research asks whether benchmarks reflect real capability.
RAG research asks whether answers remain grounded in retrieved evidence.
Safety research studies robustness and unexpected behavior.

Machine learning research studies generalization and distribution shift.
Governance research studies monitoring, oversight, and assurance.

Each of these perspectives matters.

But they are often treated as separate technical problems.

Hallucination becomes a generation problem.

Grounding becomes a retrieval problem.

Benchmark overfitting becomes an evaluation problem.

Reward hacking becomes an objective-design problem.

Distribution shift becomes a generalization problem.

The deeper pattern is easier to see when these failures are treated as parts of the same
representational system.

The Shared Mechanism

Al systems do not interact with reality directly.
They operate through representations.
Training data represents the world.

Embeddings represent meaning.
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Benchmarks represent capability.

Objectives represent intended goals.

Evaluations represent performance.

Retrieved documents represent available knowledge.

These representations make artificial intelligence possible.

They also create distance between the model and the realities it is expected to navigate.
The shared mechanism is:

representations of capability — optimization against those representations — specialization to
measurable conditions — weakened grounding — alignment drift

At first, the representations remain useful.

The benchmark reasonably reflects the capability.

The objective reasonably reflects the intended outcome.

The retrieved source reasonably constrains the answer.

As optimization intensifies, the system becomes better at satisfying the representation.
It becomes better at producing high-scoring outputs.

Better at appearing fluent.

Better at matching evaluation criteria.

Better at exploiting the structure of the task.

But improvement against the representation does not guarantee improvement against reality.
The optimization succeeds.

The grounding becomes less certain.

How the Failure Modes Connect

Hallucination

A model generates a plausible claim without adequate factual support.

A. Jacobs | Reality Drift Framework



The output remains coherent.

Reality does not constrain it strongly enough.

Grounding Failure

Relevant evidence is available, but the answer does not remain anchored to it.
The source is correct.

The response drifts.

Faithfulness Failure

A summary or explanation preserves much of the information while subtly changing the meaning.
The content survives.

The interpretation shifts.

Benchmark Ovetfitting

A model becomes increasingly adapted to the evaluation environment.

Scores improve.

Real-world generalization becomes harder to infer.

Reward Hacking

The system finds a way to maximize the measured objective without producing the intended result.
The objective succeeds.

The purpose fails.

Distribution Shift

The environment changes while the model and its representations remain fixed.
The system still functions.

Its assumptions become less reliable.

These failures differ technically.
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Structurally, they all involve a weakening relationship between a representation and the reality it was
supposed to preserve.

Why the System Still Looks Functional

Alignment drift is difficult to recognize because the visible indicators remain positive.
The benchmark still produces a score.

The evaluation framework still runs.

The retrieval pipeline still returns documents.

The model still generates fluent answers.

The dashboard still reports improvement.

The system remains operational.

This matters because most people expect serious failure to look like breakdown.
But Al systems can drift without visibly breaking.

A model may become more polished while becoming less grounded.

An evaluation may become more precise while becoming less representative.

A retrieval system may become more efficient while preserving less meaning.
The infrastructure survives.

The relationship to reality weakens beneath the appearance of progress.

This is why capability and trust can move in opposite directions.

Reality Drift Interpretation

Within the Reality Drift framework, Al alignment is not only a problem of choosing the correct
objective.

It is also a problem of maintaining correspondence across a chain of representations.
world — training data — model representation — evaluation — output — decision

Each layer compresses, selects, or transforms reality.
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Each layer can preserve useful structure.
Each layer can also introduce drift.

The danger grows when optimization improves the internal representation faster than verification
can test its relationship to the external world.

The system becomes increasingly coherent within its own evaluation environment.
Its real-world answerability becomes harder to establish.

This is alighment drift.

Recognition Questions

Why do better AI benchmarks not always produce more reliable AI?

Because benchmarks represent capability under selected conditions. Optimization can improve
performance inside those conditions without preserving generalization outside them.

Why can RAG retrieve the correct source and still produce a wrong answer?

Because retrieval provides relevant information, but it does not guarantee that the model will
preserve the source’s meaning, constraints, or conclusions.

What is the difference between hallucination and grounding failure?

Hallucination describes unsupported output. Grounding failure describes the broader inability of
available evidence or external reality to reliably constrain the response.

Why are fluent Al outputs difficult to trust?

Fluency is evidence of representational coherence, not evidence of factual grounding or Semantic
Fidelity.

What is evaluation failure in AI?

Evaluation failure occurs when the system used to measure capability does not reliably represent
performance in the environments that matter.

Core Principle

Al alignment is not only about whether a system follows an intended goal. It is also about
whether the representations used to train, evaluate, ground, and monitor the system remain
connected to reality.
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Capability can improve while trust declines when optimization becomes more effective than
grounding and verification.

The model appears aligned according to the representation while its relationship to the
world becomes progressively harder to establish.
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