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The Basic Pattern 

Machine learning systems do not interact with reality directly. They operate through representations 
of it. Training data captures historical observations, features isolate measurable characteristics, and 
labels define expected outcomes. Embeddings and model parameters encode learned relationships, 
while evaluation metrics summarize performance. 

These representations make prediction possible. They allow models to generalize beyond individual 
observations and operate at a scale no person could manage directly. 

Over time, however, the representation may remain stable while the reality around it changes. User 
behavior evolves, markets shift, and language changes. New constraints emerge as earlier 
assumptions become less reliable. The model continues operating, but its internal representations 
gradually lose contact with the world they were trained to describe.  

Machine learning refers to this family of problems through concepts such as concept drift, model 
drift, and distribution shift. Related terms such as performance degradation and continual learning 
describe how these changes are detected or addressed. Within the Reality Drift framework, these are 
technical examples of a broader representational phenomenon. 

Models Are Not the World 

Machine learning models succeed because they simplify reality. A model cannot preserve every 
observation, condition, or relationship contained in the world. It compresses historical data into 
statistical patterns that are useful for prediction. 

This simplification is what makes generalization possible, but the same process that gives models 
their power also creates the possibility of drift. A model learns relationships that were true under 
particular conditions. When those conditions change, the representation does not necessarily change 
with them. 

The important question becomes whether their representations remain sufficiently connected to the 
realities they were created to predict. 

Understanding Different Types of Drift 
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Data Drift: The statistical properties of incoming data change while the model remains unchanged. 

Concept Drift: The relationship between inputs and outputs changes because the underlying 
phenomenon has evolved. 

Distribution Shift: Training data and deployment data no longer represent the same environment. 

Model Drift: Overall predictive performance gradually declines as assumptions embedded during 
training become less representative of current conditions. 

Although these mechanisms differ technically, they share a common structure. The representation 
remains operational while its relationship to reality gradually weakens. 

How Model Drift Emerges 

Stage 1 — Observation 

Historical data captures meaningful patterns in the world. At this stage, the representation remains 
reasonably aligned with the conditions it describes. 

Stage 2 — Compression 

Training compresses large numbers of observations into parameters, embeddings, features, and 
statistical relationships. The model becomes efficient precisely because it simplifies reality. 

Stage 3 — Deployment 

Predictions begin influencing decisions. Organizations trust the model, products depend on it, users 
adapt to it, and the representation becomes part of the system it describes. 

Stage 4 — Drift 

Reality changes while the learned representation changes more slowly, or not at all. Predictions 
remain plausible, infrastructure remains operational, and dashboards continue updating. The map 
keeps updating even after the territory disappears. Yet the relationship between the model and 
reality gradually weakens. 

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

Semantic Fidelity and Constraint Collapse 

At this point, the model has not necessarily failed on its own terms. What weakens is the structural 
relationship between the model’s internal representations and the reality those representations were 
meant to describe. 
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A model may preserve acceptable benchmark performance while gradually losing the distinctions, 
relationships, and conditions that originally gave its predictions meaning. This is where model drift 
becomes a semantic fidelity problem. The model remains coherent, but its connection to the 
underlying reality has degraded. 

Model drift can also involve constraint collapse. Models remain aligned because validation, 
monitoring, human oversight, evaluation, and feedback keep predictions answerable to real-world 
outcomes. When these corrective constraints weaken, optimization increasingly occurs within the 
model’s internal representations rather than the conditions those representations were intended to 
track. 

The Machine Learning Representation Stack 

Model drift becomes more serious when representations move through a wider stack. Real-world 
conditions become training data, training data becomes features and labels, features and labels 
become a learned model, the model produces predictions, predictions become evaluation metrics, 
and those metrics become dashboards and governance reports. 

Each layer makes the system easier to manage while increasing the distance from the original 
conditions being represented. 

This is how model failure can become organizational. A prediction may begin as limited evidence 
about reality, but after it moves through monitoring systems, business decisions, governance 
processes, and institutional trust, it can harden into a belief that the system remains reliable. The 
further the representation travels from the changing world, the easier it becomes to mistake stable 
model performance for continued alignment. 

Examples Across AI Systems 

Fraud Detection: Fraud evolves continuously. Historical patterns remain embedded in the model 
while adversaries adapt to new strategies, causing the representation of fraudulent behavior to 
become progressively outdated. 

Medical Diagnosis: Disease prevalence changes, clinical practice evolves, and patient populations 
shift. Diagnostic models can continue producing plausible outputs while relying on relationships 
learned from earlier conditions. 

Recommendation Systems: User preferences change and cultural trends emerge. The 
recommendation engine continues optimizing behavior using assumptions that may become 
progressively less representative of current interests. 

Large Language Models: Language changes, knowledge expands, and successive model updates 
alter internal representations. The system can remain fluent and coherent while changing how 
concepts and relationships are represented. 
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Autonomous Agents: Agents accumulate memories, plans, and learned strategies over time. 
Without continuous grounding and corrective feedback, their internal representations may become 
increasingly detached from the environments in which they operate. 

Reality Drift as a General Principle 

Machine learning has developed increasingly sophisticated methods for detecting and correcting 
concept drift, model drift, data drift, and distribution shift. These methods are essential, but Reality 
Drift does not replace them. It places them within a broader theory of representational systems by 
describing the structural pattern they share. 

Concept drift captures changing relationships, model drift captures declining predictive 
performance, and distribution shift captures changes between training and deployment 
environments. Reality Drift describes how a system can remain coherent, measurable, useful, and 
operational while gradually losing alignment with the world it was created to represent. 

The deeper failure occurs when a model continues to be trusted even as its relationship to current 
conditions weakens. The challenge is therefore not only to preserve predictive performance, but to 
maintain semantic fidelity between the model’s internal representations and the changing reality they 
are supposed to describe. A model remains aligned only while its representations remain answerable 
to the world. 

Related Concepts 

Representation Drift: The gradual weakening of the relationship between a model’s internal 
representations and the conditions those representations were created to describe. 

Temporal Drift: Changes that emerge as time passes and the environment evolves while the model 
remains anchored to earlier data and assumptions. 

Semantic Fidelity: The degree to which features, labels, predictions, and evaluation metrics 
continue preserving the meaning of the real-world conditions they represent. 

Constraint Collapse: The weakening of validation, monitoring, feedback, and human oversight that 
once kept model behavior answerable to real-world outcomes. 

Reality Drift: The broader condition in which a representational system remains coherent and 
operational while gradually losing alignment with reality. 

Frequently Asked Questions 

Is Reality Drift the same as concept drift? 

No. Concept drift refers specifically to a change in the relationship between inputs and outputs. 
Reality Drift describes the broader pattern in which a system remains functional while its 
representations gradually lose alignment with changing conditions. 
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Can a model drift while its performance metrics still look stable? 

Yes. Metrics may remain within acceptable ranges even as the operating environment, user 
population, or meaning of the measured outcomes changes. 

Why is drift difficult to detect? 

Drift often develops gradually. Predictions may remain plausible, infrastructure may continue 
functioning, and dashboards may still appear normal while the model becomes less representative of 
current reality. 

How does semantic fidelity apply to machine learning? 

Semantic fidelity asks whether the model’s features, labels, predictions, and metrics continue 
preserving the distinctions and relationships that matter in the real world. 

Canonical References 

Reality Drift: Canonical Concept Paper 
A broader account of how systems remain functional while gradually losing alignment with real-
world conditions. 

Semantic Fidelity: Concept Paper and Definition 
A general framework for evaluating whether meaning survives representation, compression, 
transmission, retrieval, and reuse. 

Recursive Compression 
An explanation of how repeated summarization and reuse can preserve coherence while weakening 
distinctions and contextual structure. 
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