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The Al industry’s dirtiest secret isn't about bias or job losses—it’s that we're running out of
human words to feed the machines, and the backup plan is creating a death spiral no one
wants to discuss publicly.

The Quiet Panic Behind Closed Doors

Something uncomfortable is happening in the research divisions of every major Al
laboratory. The engineers who built the systems we now consider revolutionary are staring
at charts that tell a story they didn't anticipate having to confront this soon. The fuel that
powers modern artificial intelligence—human-generated text, images, and data—is
approaching exhaustion far faster than anyone publicly admits.

And the solution currently being deployed? It's making things worse.
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We're witnessing the early stages of what researchers are calling model collapse—a
phenomenon where Al systems trained on content generated by other Al systems
experience irreversible degradation in quality, diversity, and factual accuracy. Each
generation gets a little worse. A little more generic. A little more divorced from the reality
it's supposed to represent.

This isn't a theoretical concern for 2030. It's happening now, in models released this year,
and the compounding nature of the problem means we may have less than 24 months
before it becomes a hard ceiling on Al progress.

Understanding the Data Wall

To grasp why this matters, you need to understand what made modern Al possible in the
first place.

Large language models like GPT-4, Claude, and Gemini didn't emerge from clever
algorithms alone. They emerged from unprecedented access to human knowledge—trillions
of tokens scraped from books, websites, academic papers, forums, social media posts, and
every other form of written human expression available digitally. OpenAl's GPT-4 training
dataset contained an estimated 13 trillion tokens, consuming massive portions of the
available quality text on the internet.

The scaling hypothesis that has driven Al development for the past decade rests on a
simple premise: more data plus more compute equals more capable models. And for years,
this held true. Each generation of models got better because each generation was trained
on larger datasets.

But here's the problem nobody wanted to talk about until recently.
The internet is finite. Human output is finite. And we're running out.

According to research from Epoch Al, high-quality language data from the internet is
estimated to be exhausted somewhere between 2026 and 2030. Not depleted in the
sense of “getting harder to find.” Depleted in the sense of “we’ve used it all.”
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The Wall Street Journal reported that this data shortage represents one of the most

significant constraints facing the Al industry—a constraint that money alone cannot solve.
You can build more data centers. You can design more efficient chips. But you cannot
conjure into existence a second internet’s worth of human-written content.

The Synthetic Solution—and Its Fatal Flaw

Faced with this impending wall, Al labs turned to what seemed like an elegant solution:
synthetic data.

The logic appeared sound. If we're running out of human-generated content, why not use Al
to generate more training data? Modern language models can produce text that's often
indistinguishable from human writing. Image generators can create millions of training
examples on demand. We could, in theory, create infinite training data.

Except we can't. And the reason we can't reveals something fundamental about the nature
of machine learning that the industry desperately needs to internalize.

When you train an Al model on outputs from other Al models, you're not creating fresh
information. You're creating a copy of a copy of a copy. And just like photocopying a
photocopy, each generation loses fidelity.

A landmark paper titled “The Curse of Recursion: Training on Generated Data Makes Models
Forget” first documented this phenomenon systematically. The researchers found that
models trained on Al-generated content don't just plateau—they actively degrade. They

lose the ability to represent minority viewpoints and edge cases. They converge toward a
kind of statistical average that strips away the diversity and nuance present in human-
generated data.

The math is brutal: studies show quality degradation of 5-15% per generation when
models are trained on synthetic data. That might sound manageable until you realize these
effects compound. Five percent worse times five generations isn't 25% worse. It's
exponentially worse.
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Model Collapse: The Technical Reality

Let me be precise about what model collapse actually looks like, because understanding
the mechanism matters.

Modern Al models learn by building statistical representations of patterns in their training
data. When the training data accurately reflects the full distribution of human knowledge
and expression—including rare events, unusual phrasings, minority perspectives, and edge
cases—the model can reproduce that diversity.

But Al-generated content doesn't perfectly represent reality. It represents the model’s
approximation of reality, which already has the tails of the distribution trimmed off. It over-
represents common patterns and under-represents rare ones.

Now train a new model on that approximation. It learns an approximation of an
approximation. The tails get trimmed further. The rare events become rarer. The edge cases
disappear entirely.

Repeat this process across generations, and you get what research published in Nature
described as irreversible degeneracy. The models don't just get worse at specific
tasks—they fundamentally lose the ability to represent the full scope of human knowledge

and expression.

Some experiments show model collapse occurring after just five generations of
synthetic training.

Five generations. That's not decades of development. That's potentially 2-3 years at the
current pace of model releases.

The paper titled “Self-Consuming Generative Models Go MAD” (Model Autophagous

Disorder) demonstrated this effect dramatically in image generation models. When image
generators are trained recursively on their own outputs, the images don't just get
blurrier—they converge toward homogenized, low-diversity representations that lose the
ability to generate novel or unusual content.
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The Numbers That Should Terrify You

Here's where the situation transforms from concerning to alarming.

Research demonstrates that even small proportions—10-20%—of synthetic data in training
sets can trigger measurable performance decay. You don’t need a majority of Al-generated
content to start the collapse. You just need enough to shift the statistical distribution.

Current estimates suggest synthetic data already comprises 10-30% of training data for
newer models released in 2024-2025. We may already be past the threshold where
collapse dynamics have begun.

And here's the insidious part: you can’t necessarily tell from the outputs. A model in the
early stages of collapse might seem fine—even good. The degradation often manifests first
in edge cases and rare capabilities that aren’t tested in standard benchmarks. By the time
it becomes obvious in common use cases, the damage is extensive.

Metric Current State Projected Impact
Quality degradation per generation  5-15% Compounds exponentially
Generations to observable collapse ~5 2-3 years at current pace
Synthetic data in current training sets 10-30% Rising rapidly
High-quality data exhaustion timeline 2026-2030 Accelerating
Threshold for measurable decay 10-20% synthetic Already exceeded

The Contamination Problem

Perhaps the most troubling aspect of model collapse is that it's not contained to synthetic
training data by choice. The internet itself is becoming contaminated.

Every day, Al systems generate millions of articles, blog posts, product descriptions,
comments, and social media posts that enter the public web. Much of this content is
impossible to distinguish from human-written text. And when future Al models scrape the
web for training data, they'll inevitably ingest this Al-generated content without knowing it.

This creates a feedback loop that’s nearly impossible to break.
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* Al models generate content that enters the public internet

e Future training datasets scraped from the web contain this Al content

¢ New models trained on contaminated datasets inherit and amplify the degradation
e These models generate more content, further contaminating the data ecosystem

We're not just facing a scarcity of human data. We're facing the active pollution of the data
that remains.

Consider the economics for a moment. Producing high-quality human-written content is
expensive and time-consuming. Producing Al-generated content is essentially free at
scale. Which type of content do you think will dominate the web over the next few years?

Why Scaling Won’t Save Us

For years, the Al industry operated under an implicit assumption: whatever problems exist,
we can scale our way past them. Need better performance? More data. More compute.
Bigger models.

This assumption is now colliding with hard physical limits.

You cannot create more human-generated historical internet content. It exists or it doesn't.
You cannot accelerate human writing to match the pace of Al consumption. And you
cannot substitute synthetic data without triggering collapse dynamics.

This crisis challenges the fundamental assumption that scaling alone will
continue driving Al progress.

The implications are profound. If we cannot continue scaling training data, the entire
trajectory of Al development changes. The exponential improvement curves we've grown
accustomed to may flatten—not because of algorithmic limitations or compute constraints,
but because we've consumed our data inheritance and can’t generate more.

Some researchers argue we might find ways to use existing data more efficiently.
Techniques like curriculum learning, data pruning, and retrieval-augmented generation
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might extract more value from limited data. But none of these approaches overcome the
fundamental math of collapse when synthetic data enters the mix.

Industry Response: Too Little, Too Late?

Major Al labs are beginning to acknowledge the problem, though typically in careful, hedged
language that downplays the urgency.

Several mitigation strategies are being explored:
Watermarking and Provenance Tracking

The idea here is to mark Al-generated content so it can be identified and filtered from
training data. Companies like Google, OpenAl, and Meta are developing watermarking
systems for their models’ outputs.

The problem? Watermarks can be removed or degraded. Older Al-generated content
wasn't watermarked at all. And there’s no universal standard—watermarks from one
company aren't recognized by another’s detection systems.

Curated Synthetic Data

Some labs are experimenting with carefully controlled synthetic data generation, where Al
creates training examples under strict human supervision for specific domains. This can
work for narrow applications but doesn’t solve the general training data problem.

Data Licensing and Partnerships

We're seeing increasing deals between Al companies and content publishers—Reddit, news
organizations, academic publishers. The goal is to secure guaranteed access to high-
quality human-generated content.

But these deals are expensive, limited in scope, and represent a zero-sum competition.
Every dataset licensed exclusively to one lab is unavailable to others. And the total quantity
available doesn't increase.

www.arturmarkus.com | 7



The Synthetic Data Collapse: Why Training Al on Al-Generated
Content Is Creating an Irreversible Model Degeneracy Crisis

New Data Collection Efforts

Some companies are exploring ways to generate new human data at scale—paying people
to write, collecting specialized datasets, even recording human activities for training
purposes. These efforts are real but marginal compared to the scale required.

The Deeper Crisis: What We're Actually Losing

Let's step back and consider what model collapse really means for Al capabilities.

When models lose diversity in their outputs, they're not just becoming boring. They're
losing the ability to handle edge cases—the unusual situations, rare configurations, and
novel problems that often matter most in real-world applications.

A model that's collapsed toward the statistical mean can handle average problems
tolerably well. But it struggles with:

* Rare medical conditions that were underrepresented in training data and further
marginalized in synthetic generations

* Unusual legal situations that require precise understanding of edge cases

» Creative solutions that involve combining ideas in unexpected ways

e Minority languages and dialects that had limited representation to begin with

* Technical problems in specialized domains with small training data footprints

In other words, model collapse doesn’t make Al uniformly worse—it makes Al worse at
exactly the problems where Al assistance would be most valuable. The average query that
could be answered by a Google search? Fine. The unusual, difficult, high-stakes problem?
Increasingly degraded.

The Timeline Problem

One of the most challenging aspects of this crisis is its timeline.

Model collapse is a progressive phenomenon. It doesn’'t happen all at once. Early-stage
degradation is subtle and easily dismissed. By the time it becomes undeniable, significant
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damage has occurred.

We're likely already in the early stages. Current models may have ingested more synthetic
data than their creators realize—both intentionally (to supplement training) and
unintentionally (from web contamination). The effects may not be fully visible yet because
we're still comparing these models to earlier baselines rather than measuring absolute
capability.

But the math suggests that if current trends continue, we could hit significant capability
walls within 24 months. Not gradual slowdowns. Actual reversals, where new models
perform measurably worse than their predecessors on important metrics.

What Comes Next: Scenarios and Possibilities
Let me outline several possible trajectories for how this might unfold.
Scenario 1: The Wall

In this scenario, model collapse effects become significant faster than the industry can
develop mitigations. Progress slows, then stops, then reverses. We hit a hard ceiling on Al
capabilities determined not by algorithms or compute but by data quality. The
transformative Al futures currently being predicted—AGI, superintelligence, radical
automation—recede or disappear entirely.

Scenario 2: The Plateau

Industry mitigation efforts partially succeed. Model collapse is slowed but not eliminated.
We see a gradual leveling off of capabilities rather than dramatic regression. Al becomes a
useful but ultimately limited tool—powerful within its constraints but unable to transcend
them. The scaling era ends, replaced by an optimization era focused on extracting
maximum value from fixed capability levels.

Scenario 3: The Breakthrough

A fundamental advance in training methodology emerges that allows efficient learning from
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limited data or enables synthetic data use without collapse. This could involve new
architectures, new training paradigms, or new understanding of what makes data valuable
for learning. The data wall is circumvented rather than overcome.

Scenario 4: The Pivot

The industry acknowledges that pure scaling is no longer viable and pivots toward hybrid
approaches—Al systems that incorporate different types of reasoning, rely more on
retrieval and tools, and use large language models as one component rather than the entire
system. Progress continues, but in a different direction than current trajectories suggest.

The Uncomfortable Questions

This situation raises questions that the Al industry has generally avoided addressing
directly.

Have we already entered collapse dynamics without knowing it? Given the difficulty of
detecting early-stage degradation and the prevalence of synthetic data in current training
sets, this is possible.

Are the capability improvements in recent models real or illusory? If benchmark
performance improves but real-world utility on edge cases degrades, we might be
optimizing for the wrong metrics.

What happens to the Al economy if this trend continues? Billions of dollars of
investment are predicated on continued exponential improvement. A capability ceiling
would force fundamental reevaluation of valuations, business models, and strategic plans
across the industry.

Can the industry coordinate effectively to solve this? Solutions like standardized
watermarking require cooperation between competitors. History suggests this
coordination is difficult to achieve.
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Practical Implications for Organizations

If you're making decisions about Al strategy—whether for a startup, enterprise, or
government—the model collapse phenomenon should factor into your planning.

Don’t assume current capability trajectories will continue. The possibility of a capability
plateau or decline is real enough that contingency planning is warranted.

Evaluate vendor claims carefully. When Al providers promise future capability
improvements, ask what their strategy is for addressing data constraints. Vague
assurances should be viewed skeptically.

Invest in human data assets. Original, human-generated content and proprietary data
may become increasingly valuable as public data becomes contaminated and depleted.
Organizations with unique data assets may find themselves with strategic advantages.

Build for current capabilities, not promised futures. Design your Al integrations around
what models can do today, with limited assumptions about improvement. Treat future
capabilities as upside rather than baseline.

Monitor for degradation. If you're using Al systems in production, establish monitoring for
the types of tasks where collapse manifests first—edge cases, unusual inputs, minority
categories. Don't assume stable performance.

A Different Kind of Existential Risk

The Al safety discourse has focused heavily on risks from Al systems becoming too
powerful—superintelligence scenarios, loss of human control, instrumental convergence.
These remain important concerns.

But model collapse represents a different kind of existential threat to Al advancement. Not
that Al will become too capable, but that it will stop becoming more capable. Not that we’'ll
lose control, but that we'll lose progress.

This is perhaps less dramatic than scenarios involving rogue superintelligences, but it may

www.arturmarkus.com | 11



The Synthetic Data Collapse: Why Training Al on Al-Generated
Content Is Creating an Irreversible Model Degeneracy Crisis

be more likely and more imminent. And its effects would reshape the technological and
economic landscape as surely as any apocalyptic scenario.

The data wall is real. The contamination is happening. The collapse dynamics have likely
begun.

Whether this represents a temporary obstacle or a permanent ceiling depends on
advances we haven't yet made and coordination we haven’t yet achieved. But one thing is
clear: the assumption of infinite scaling that has driven Al development for the past decade
is colliding with finite reality.

The next 24 months will determine whether we find a way through—or whether the
synthetic data collapse becomes the defining constraint of the Al era.

The real existential risk to Al advancement isn't that machines become too
intelligent—it's that we've created a data cannibalism cycle where each generation of
Al degrades the training material for the next, and we're closer to that wall than most
people realize.
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Artur Markus

Software engineer in Basel building Al infrastructure and agentic systems, with a
background in pharmaceutical automation, GxP compliance, and validation. | help teams
turn Al from a chatbot into a reliable operational layer.
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