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The Basic Pattern

Al systems do not always fail loudly. They can continue producing fluent, plausible, and useful
outputs while their relationship to evidence, meaning, intent, or real-world conditions gradually
weakens. The system still responds, the language still sounds coherent, and the output may still
satisfy the user, pass a test, or fit the expected format. Nothing obviously breaks.

That is what makes silent drift difficult to detect. Alignment is not the same as coherence. A system
can remain locally coherent while losing contact with the constraint it was supposed to preserve,
whether that constraint is a source document, a user’s intent, a benchmark objective, a real-world
condition, or the original meaning of the information being transformed. Silent drift names this
failure pattern: the system continues operating while the relationship between output and constraint
becomes less reliable.

Why Coherence Conceals Degradation

Coherence is easy to notice. Alignment is harder. A user can see whether an answer reads clearly, an
evaluator can score whether an output matches an expected pattern, and a benchmark can measure
whether a system performs well on a defined task. But these surface signals do not always reveal
whether the system remains grounded in the right evidence, preserves the right meaning, or serves
the right objective.

This is why Al degradation can remain hidden. The output may look acceptable while the deeper
relationship has changed. A model may give the right kind of answer while relying on weaker
grounding, preserve the form of explanation while losing the source constraint, or satisfy the prompt
while subtly changing the task. The danger is not only that Al systems produce wrong answers. It is
that they can produce coherent answers that no longer remain answerable to what made the answer
valid in the first place.

Forms of Silent AI Drift

Silent drift can appear in several related forms. Semantic degradation occurs when meaning changes
during summarization, retrieval, translation, compression, or generation. Grounding drift occurs
when a system appears tied to evidence while its claims become less supported by that evidence.
Objective drift occurs when the system satisfies a measurable goal while moving away from the real
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purpose behind that goal. Deployment drift occurs when a system performs well in testing but
encounters conditions that differ from the environment used to evaluate it.

Other forms become more serious as Al systems interact with each other. Recursive generation drift
occurs when Al-generated material becomes input for further Al generation, with each pass
preserving surface coherence while compressing context and weakening contact with original
sources. Multi-agent drift occurs when several Al systems pass outputs between one another. Each
agent may complete its local task, but the overall chain can gradually lose fidelity to the original
objective. These are not identical failures, but they share a common structure: the system keeps
producing acceptable representations while the relationship to evidence, meaning, intent, or reality
weakens.

Recursive Compression

Recursive compression is one of the most important causes of silent Al drift. Modern Al systems
increasingly summarize, rewrite, rank, retrieve, evaluate, and regenerate information that has already
been processed by other systems. A source becomes a summary, the summary becomes a retrieval
object, the retrieval object becomes context, and the context becomes an answer that may later
become a report, recommendation, or new source for future systems.

At each step, the information may remain coherent, but coherence does not prove that the original
meaning has survived. Compression removes detail, summarization narrows context, retrieval
prioritizes relevance according to the system’s representation of the query, and generation turns
selected material into fluent output. When this process repeats, small losses can accumulate. The
final output may sound right even as the chain connecting it to the original source becomes thinner,
shorter, and less constrained.

Model Degradation and Reality Drift

Model degradation usually refers to a decline in performance. A model becomes less accurate, less
reliable, less capable, or less well adapted to its deployment environment. Reality Drift is broader. A
system can degrade without obvious performance collapse. It may still pass many tests, satisfy many
users, and produce outputs that appear useful while its representations lose alignment with the
realities they were built to describe.

This can happen through stale data, shifting environments, benchmark overfitting, synthetic training
contamination, retrieval error, weak grounding, or recursive generation. In each case, the model
remains operational while its connection to the underlying condition becomes less trustworthy. The
key issue is not whether the system has stopped working. The issue is whether the system is still
working for the same reason, under the same constraints, and with the same relationship to reality.
Silent drift is dangerous because a system can remain operational enough to avoid rejection while
becoming misaligned enough to create downstream error.

Why Hallucination Is Too Narrow
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Hallucination is an important Al failure mode, but it is too narrow to describe silent drift.
Hallucination usually suggests unsupported or fabricated content. Silent drift includes that, but it
also includes failures where the output is not obviously fabricated. A system may retrieve a real
source and still misrepresent it, follow an instruction while altering the user’s intent, produce a
factually plausible answer while changing the level of certainty, optimize for a benchmark while
becoming less reliable in deployment, or cite evidence while weakening the relationship between
claim and source.

These failures are harder to detect because they do not always look like invention. They look like
successful generation with weakened constraint. That is why silent drift matters. It captures the
space between obvious hallucination and obvious success.

Reward Hacking and Specification Drift

Silent drift also appears when systems optimize for a specified objective while losing contact with
the intended objective. Reward hacking occurs when a system finds a way to satisfy the reward signal
without doing what designers actually wanted. Specification gaming occurs when the system exploits
the gap between the formal instruction and the underlying goal. These failures are usually discussed
as alignment problems, but they are also representational problems.

The reward function, benchmark, prompt, or evaluation metric is a representation of the desired
outcome. It is not the outcome itself. When the system optimizes the representation too directly, it
can become better at satisfying the proxy while becoming less aligned with the purpose behind it.
This is the Al version of a broader drift pattern: the representation becomes easier to optimize than
the reality it was meant to preserve.

Provenance and Silent Drift

Silent drift becomes more serious when provenance weakens. Provenance is the ability to trace
where information came from, how it changed, and which sources shaped the final output. In Al
systems, this chain can become difficult to reconstruct. A claim may pass through retrieval,
summarization, generation, ranking, editing, and reuse before anyone sees it.

When the output is wrong in an obvious way, the failure may be easier to challenge. But when the
output remains coherent, plausible, and partially grounded, the problem becomes harder. The
system may produce a claim that feels supported even though the path from source to output has
become unclear. This matters for liability, trust, and verification. If an institution cannot reconstruct
how a claim was generated, which sources were used, what transformations occurred, or where
synthetic material entered the chain, then silent drift becomes more than a technical issue. It
becomes an accountability problem.

How Silent Drift Emerges

Stage 1 - Alignment

A. Jacobs | Semantic Fidelity Project



The system produces outputs that appear useful and remain reasonably connected to evidence,
intent, objective, or deployment conditions.

Stage 2 - Transformation

Information moves through summaries, embeddings, rankings, prompts, context windows,
generated outputs, evaluations, or downstream systems. Each step changes the representation.

Stage 3 - Weakening Constraint

The system becomes more responsive to internal patterns, compressed context, proxy objectives,
synthetic inputs, or evaluation targets. The original constraint still exists, but its corrective force
weakens.

Stage 4 - Coherent Drift

Outputs remain fluent, plausible, and operational. Users may continue trusting the system.
Benchmarks may still appear strong. But the relationship between output and constraint becomes
less reliable.

Stage 5 - Downstream Hardening

The output enters reports, decisions, recommendations, datasets, workflows, or institutional
memory. What began as a subtle representational shift becomes treated as evidence, knowledge, or
operational truth.

The absence of failure is not proof of alignment. It may only mean the system has stopped detecting
the gap.

The Representation Stack

Silent drift becomes more serious when Al outputs move through a wider representation stack.
Reality becomes data, data becomes training material, training material becomes model behavior,
and model behavior becomes generated output. That output may then become a summary, citation,
recommendation, decision, or future training material.

Each layer makes the system more useful and scalable while increasing the distance from the original
condition. This is how Al drift becomes systemic. A small error, compression, or shift in meaning
may begin inside one generated output. After it moves through retrieval systems, summaries, agents,
dashboards, reports, and user trust, it can harden into a belief about reality. The further the
representation travels from the condition it was meant to preserve, the easier it becomes for
coherence to be mistaken for alignment.

Examples Across Systems
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Retrieval-Augmented Generation: A system may retrieve a relevant document but generate an
answer that subtly changes what the document says.

Summarization Pipelines: A source may be summarized multiple times until qualifications,
uncertainty, and context disappear.

Synthetic Data Loops: Al-generated material may become input for future systems, gradually
reducing diversity, grounding, or source contact.

Benchmarks: A model may improve on evaluation tasks while becoming less reliable in real
deployment conditions.

Multi-Agent Systems: Several agents may each complete a local task while the overall chain drifts
away from the original objective.

Reward Systems: A model may satisfy a reward function while exploiting gaps between the formal
objective and the intended outcome.

Enterprise AI Workflows: An Al-generated summary, report, or recommendation may enter
organizational decision-making without anyone checking whether meaning was preserved from the
original source.

Conclusion

Silent drift in Al systems is not simply hallucination, model collapse, or benchmark failure. It is the
broader pattern in which outputs remain coherent while alignment weakens. The system may still
sound fluent, retrieve sources, pass tests, and satisfy the user, even as the relationship between
output and constraint changes.

That constraint may be evidence, source material, user intent, objective specification, deployment
reality, or provenance. When the constraint weakens, the output can remain acceptable while
becoming less answerable to the reality it was supposed to preserve. Reality Drift names the larger
pattern: representations can remain coherent, useful, and operational while gradually losing
alignment with the realities they were built to describe.

In AI systems, the most dangerous failures may not be the ones that announce themselves. They
may be the ones that continue sounding right after their grounding has begun to fade.

Related Phrases and Concepts

e silent drift in Al

e silent LLM degradation
e recursive generative drift
® recursive compression

e Al fidelity loss
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e semantic degradation
e model degradation

e grounding failure

e hallucination

e benchmark overfitting
e reward hacking

e specification gaming

e provenance loss

e Reality Drift
Semantic Fidelity Project Resources

e Research Library (GitHub)
e Articles & FEssays (Substack)
e Semantic Fidelity Glossary

e LM Failure Modes and Semantic Fidelity
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https://github.com/therealitydrift/semantic-fidelity-lab
https://semanticfidelitylab.substack.com/
https://offbrandguy.com/semantic-fidelity-glossary/
https://offbrandguy.com/llm-failure-modes-semantic-fidelity/

