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The Self-Graded Test Crisis: Why AI Labs
Funding Their Own Benchmarks Just
Turned Model Comparisons Into Marketing
Theater

The benchmark scores you’re using to select AI models are probably fabricated. Not in a
legal sense—but in every way that matters to your engineering decisions.

The Day the Numbers Lost Their Meaning

On December 20, 2024, something extraordinary happened in the AI industry. OpenAI
announced that its o3 model had achieved a 25.2% score on FrontierMath—a benchmark
specifically designed to be so difficult that no AI system should crack it for years. The
nearest competitor? Sitting at a pitiful 2%.

The headlines wrote themselves. O3 was a breakthrough. A leap. A paradigm shift in
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reasoning capability.

There was just one problem.

OpenAI had secretly funded the very benchmark it was celebrating victory on. And that
disclosure? It came buried in a footnote, added only after the triumphant announcement
had already circulated through every tech publication on the planet.

When the student writes the exam, grades the exam, and controls when to tell
you they wrote the exam—you no longer have a test. You have a press release.

This isn’t a story about one bad actor. This is a story about how the entire infrastructure of
AI evaluation has been systematically compromised—and what it means for every technical
decision you’re making based on benchmark data.

The Anatomy of a Manufactured Victory

Let’s be precise about what happened with FrontierMath, because the details matter.

Epoch AI, a research organization, developed FrontierMath as an “unsolvable” benchmark.
The problems were designed by professional mathematicians to test genuine reasoning
capabilities that would take years to develop. The benchmark was supposed to represent a
true north for measuring AI progress.

Except OpenAI funded the development of that benchmark and had access to the
problems before public release.

Here’s what we know:

Contributing mathematicians who wrote the problems were unaware of OpenAI’s
funding relationship
Some paper authors themselves didn’t know about the financial connection
Early versions of Epoch AI’s paper omitted the OpenAI disclosure entirely
The funding was only acknowledged after o3’s results were already being celebrated

https://techcrunch.com/2025/01/19/ai-benchmarking-organization-criticized-for-waiting-to-disclose-funding-from-openai/
https://pivot-to-ai.com/2025/01/20/openai-o3-beats-frontiermath-because-openai-funded-the-test-and-had-access-to-questions/
https://pivot-to-ai.com/2025/01/20/openai-o3-beats-frontiermath-because-openai-funded-the-test-and-had-access-to-questions/
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as a historic achievement

Now, defenders will argue that having funding doesn’t necessarily mean the problems were
optimized for OpenAI’s architecture. That prior access doesn’t automatically equal training
contamination. That the benchmark integrity could theoretically remain intact despite the
conflict of interest.

And technically, all of that could be true.

But that’s exactly the problem.

The Verification Gap

We have no way to independently verify any claims about what did or didn’t happen during
model development. OpenAI controls:

Access to the training data composition1.
The training methodology details2.
The timing and nature of benchmark exposure3.
Which results to publicize and which to suppress4.
When to disclose relationships that might affect interpretation5.

The FrontierMath scandal isn’t about proving malfeasance—it’s about exposing a system
where malfeasance would be undetectable.

And if you think this is isolated to one company or one benchmark, you haven’t been
paying attention.

Meta’s Llama 4: When “Meeting Targets” Becomes the
Mission

While the FrontierMath story was unfolding, another troubling pattern emerged from Meta’s
Llama 4 development.

Reports surfaced that Meta’s team had been “blending test sets from various benchmarks
during post-training to meet targets and produce a presentable result.”

https://siliconreckoner.substack.com/p/the-frontier-math-scandal
https://siliconreckoner.substack.com/p/the-frontier-math-scandal
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Let that sink in.

The explicit goal wasn’t to build a more capable model. It was to produce numbers that
looked good on specific benchmarks—numbers that would become the basis for enterprise
adoption decisions, research comparisons, and strategic planning across thousands of
organizations.

When your optimization target becomes the benchmark itself rather than the
capability the benchmark was designed to measure, you’ve broken the entire
evaluation framework.

This is Goodhart’s Law weaponized: once a measure becomes a target, it ceases to be a
good measure. But we’re now seeing something worse than simple target fixation. We’re
seeing deliberate engineering of the measurement system itself.

The Numbers Game: How Small Changes Create
Enormous Gaps

To understand why benchmark manipulation is so consequential, you need to understand
how tight the actual competition has become.

According to Stanford’s 2025 AI Index Report, the landscape has fundamentally shifted:

Metric Previous Gap Current Gap
Top vs. 10th Ranked Model (Chatbot Arena) 11.9% 5.4%
Closed vs. Open-Weight Models 8.04% 1.70%
US vs. Chinese Models (MMLU) Significant 0.3 percentage points
US vs. Chinese Models (MATH) Significant 1.6 percentage points

When the top ten models are separated by less than six percentage points, and the gap
between American and Chinese systems on mathematical reasoning is under two
percentage points, even small benchmark manipulations become decisive.

A model that games its way to a three-point advantage on a key benchmark isn’t just

https://hai.stanford.edu/ai-index/2025-ai-index-report/technical-performance
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winning a marginal victory. It’s potentially capturing market share, enterprise contracts, and
developer mindshare based on a manufactured difference.

The Elicitation Problem

Here’s something that rarely gets discussed in benchmark conversations: small
improvements in how you prompt and evaluate a model can dramatically change its
scores.

This isn’t cheating in the traditional sense. It’s understanding that the same model can
produce wildly different results depending on:

Prompt engineering techniques
Temperature and sampling parameters
Chain-of-thought scaffolding
Few-shot example selection
Evaluation parsing methodology

As documented in recent analysis, AI developers can legally “game” results by optimizing
elicitation methods while technically using the same underlying benchmark. The model
hasn’t improved—just the methodology for extracting favorable responses.

This creates a situation where benchmark numbers reflect engineering investment in
evaluation optimization rather than fundamental capability differences. And since
elicitation methods are rarely standardized or disclosed, cross-model comparisons
become nearly meaningless.

The Security Illusion: When Models Ace Tests But Fail
Reality

Perhaps the most damning evidence against current benchmark culture comes from
security testing.

Organizations are deploying models into production environments based on benchmark
scores suggesting safety and reliability. But real-world security evaluations tell a

https://www.extensity.ai/blog/ai-benchmark-illusion
https://www.extensity.ai/blog/ai-benchmark-illusion
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completely different story.

Models that achieve impressive scores on capability and safety benchmarks routinely:

Ignore security constraints when slightly rephrased
Report false positives as dangerous threats
Fail basic adversarial prompt resistance
Exhibit behaviors never predicted by evaluation scores

Pretty much every public model will ignore constraints and report false positives
as dangerous. The benchmarks didn’t predict this because the benchmarks
weren’t designed to catch it.

This gap between benchmark performance and real-world behavior isn’t a bug in specific
models—it’s a fundamental failure of the evaluation paradigm. We’ve optimized for
performance on tests while neglecting the actual deployment conditions those tests were
supposed to predict.

The DeepSeek Paradox: Downloads Up 1,000%, But At
What Cost?

The consequences of benchmark theater are already manifesting in dangerous ways.

NIST’s CAISI evaluation of DeepSeek models found significant shortcomings and risks—the
kind that should give any enterprise pause before deployment. Yet DeepSeek downloads
increased nearly 1,000% since January 2025.

Why? Because benchmark scores looked competitive. Because the numbers suggested
parity with established players. Because technical decision-makers relied on the same
contaminated evaluation framework we’ve been discussing.

This isn’t to single out DeepSeek—every model faces similar evaluation challenges. The
point is that the gap between benchmark reputation and independent evaluation findings
represents a systemic failure. Organizations are making deployment decisions based on

https://www.nist.gov/news-events/news/2025/09/caisi-evaluation-deepseek-ai-models-finds-shortcomings-and-risks
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marketing theater rather than rigorous assessment.

The Rapid Acceleration Problem

The benchmark crisis is compounded by the speed at which capabilities are advancing.

Between 2023 and 2024:

MMMU benchmark performance improved by 18.8 percentage points
GPQA benchmark performance improved by 48.9 percentage points

These are staggering gains. But here’s the question nobody is adequately answering: how
much of this improvement reflects genuine capability advancement, and how much
reflects benchmark-specific optimization?

When benchmark performance on reasoning tests nearly doubles in a single year, we
should be asking harder questions about what’s actually being measured. Either we’re
witnessing the most rapid genuine capability improvement in AI history, or we’re witnessing
increasingly sophisticated benchmark engineering.

The evidence suggests a significant component of the latter.

The Structural Incentive Problem

Let’s be clear about why this situation exists. It’s not because AI labs are uniquely unethical.
It’s because the incentive structure makes honest evaluation economically irrational.

Consider the pressures facing any AI lab:

Investment pressure: Benchmark results directly influence funding rounds, valuations, and
investor confidence. A lab that reports honest but modest results loses capital to
competitors with better-marketed numbers.

Talent pressure: Top researchers want to work on “winning” systems. Benchmark
leadership attracts the engineers who build the next generation of models.
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Enterprise pressure: CTOs and procurement teams compare models using benchmark
tables. Second place in key metrics means second choice in contract decisions.

Media pressure: Technology journalists write about breakthroughs and records.
Incremental honest improvements don’t generate coverage.

In this environment, any lab that doesn’t optimize for benchmark performance—including
optimizing the benchmarks themselves—is committing competitive suicide.

We’ve created a system where honest evaluation is punished and benchmark
gaming is rewarded. Then we act surprised when every major lab games their
benchmarks.

What Independent Evaluation Could Look Like

The solution is conceptually simple: independent third-party verification with standardized
methodology. In practice, this faces enormous obstacles.

The Requirements for Legitimate Evaluation

Financial independence: Evaluators cannot accept funding from the entities they1.
evaluate
Methodological transparency: Complete disclosure of prompting, sampling, and2.
scoring approaches
Temporal separation: Benchmark problems must be created and secured before any3.
model has access
Standardized elicitation: All models evaluated using identical prompting and4.
scaffolding techniques
Adversarial testing: Evaluations must include attempts to break intended behaviors5.
Real-world correlation: Benchmark scores must be validated against actual6.
deployment outcomes

Current efforts toward standardization, like the 2025 AI Detection Benchmark methodology
requiring 95% accuracy with false positives below 5% (tightened from 8% in 2024),
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represent steps in the right direction. But they remain fragmented and voluntarily adopted.

The Adoption Problem

Independent evaluation faces a chicken-and-egg problem. Labs won’t submit to rigorous
independent testing while their competitors game benchmarks. Independent evaluators
can’t build comprehensive assessments without lab cooperation on model access.

Meanwhile, the labs with the most to hide from independent evaluation have the most
resources to resist it.

Practical Guidance for Technical Decision-Makers

If you’re a CTO, ML engineer, or technical leader making model selection decisions, here’s
how to navigate this compromised landscape:

Red Flags to Watch For

Single-benchmark dominance: Models that dramatically outperform competitors on
specific benchmarks while showing typical performance elsewhere deserve scrutiny
Undisclosed relationships: Any connection between a model developer and a
benchmark organization should be disclosed upfront
Evaluation-only access: Labs that provide benchmark access but resist
independent auditing are hiding something
Rapid improvement claims: Double-digit performance gains on established
benchmarks in short timeframes require extraordinary evidence
Missing methodology: Benchmark results without complete elicitation disclosure are
meaningless

Better Evaluation Approaches

Build your own evaluation: Create internal benchmarks specific to your use case.1.
These can’t be gamed because the model developers don’t know about them.
Prioritize user-generated evaluation: Chatbot Arena-style human preference2.
rankings are harder to manipulate than automated benchmarks.
Run adversarial testing: Evaluate how models fail, not just how they succeed.3.
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Behavioral edges reveal more than aggregate scores.
Demand transparency: Make model selection contingent on full disclosure of4.
evaluation methodology and potential conflicts of interest.
Track real-world correlation: Maintain internal metrics on how benchmark5.
predictions correlate with actual deployment outcomes.

What to Ignore

Press release benchmark claims without third-party verification
Single-benchmark comparisons as evidence of overall superiority
Capability claims without corresponding safety evaluations
Performance metrics from the model developer’s own testing
Improvements measured against the model developer’s previous versions only

The Deeper Problem: Trust Infrastructure

What we’re really discussing is the collapse of trust infrastructure in AI evaluation.

Scientific benchmarks traditionally rely on several trust mechanisms:

Peer review of methodology
Replication by independent researchers
Conflict of interest disclosure
Separation between evaluators and evaluated

The AI industry has systematically eroded every one of these safeguards:

Peer review: Benchmarks are released directly to the public, often without peer review.
Speed trumps rigor.

Replication: Proprietary models with undisclosed training data and methodology cannot
be meaningfully replicated or verified.

Disclosure: As FrontierMath demonstrated, conflicts of interest are disclosed late, partially,
or not at all.
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Separation: The same organizations building models are funding, designing, and
participating in evaluation systems.

We’ve accidentally constructed an evaluation ecosystem with zero verified
independence. The surprise isn’t that it’s being abused—the surprise is that
anyone still trusts the numbers.

The Path Forward: Regulation or Reputation?

Two possible futures emerge from this crisis.

The Regulatory Path

Governments step in to mandate independent evaluation standards. This approach would:

Require third-party verification of benchmark claims
Mandate disclosure of all financial relationships
Standardize evaluation methodologies across labs
Create legal liability for misrepresentation

The risk: regulatory capture by major labs, who have the resources to shape standards in
their favor while smaller competitors struggle with compliance costs.

The Reputation Path

Market forces gradually discount lab-provided benchmarks in favor of independent
evaluation. This approach relies on:

Enterprise buyers demanding independent verification
Independent evaluation organizations gaining credibility and resources
Media shifting coverage to independently-verified claims
Reputational damage from exposed manipulation becoming costly

The risk: collective action problems. Any individual buyer or journalist gains from
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demanding better standards, but bears costs while competitors free-ride on contaminated
benchmarks.

The Realistic Path

Most likely, we’ll see a messy combination. Regulatory frameworks will emerge in the EU and
gradually influence other markets. Independent evaluation organizations will gain traction in
specific high-stakes domains like healthcare and finance. Enterprise buyers will develop
internal evaluation capabilities that partially substitute for external benchmarks.

But the fundamental tension won’t disappear. As long as AI development is a competitive
race, and as long as evaluation complexity exceeds public scrutiny capacity, the incentives
to manipulate measurement will persist.

What This Means for the Industry

The benchmark crisis isn’t just an evaluation problem—it’s a market efficiency problem.

In any market, price signals need to reflect actual value for resources to flow to their best
uses. In the AI market, benchmarks serve as those price signals. CTOs use them to justify
purchasing decisions. VCs use them to guide investment. Researchers use them to direct
attention.

When those signals are systematically corrupted, resources flow to the best marketers
rather than the best technologists. Investments chase manufactured metrics rather than
genuine capability. Technical decisions optimize for the wrong goals.

This isn’t sustainable. Eventually, reality catches up to marketing. Deployed systems fail in
ways their benchmarks didn’t predict. Enterprise customers discover their purchased
capabilities don’t match the datasheet. Investors realize their portfolio companies won
evaluation theater, not technical competitions.

The correction will be painful. Trust, once lost, is expensive to rebuild. Organizations burned
by benchmark deception will demand increasingly costly verification, slowing legitimate
adoption. The entire industry will pay for the credibility that’s being burned today.
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The Stakes Are Higher Than You Think

As AI systems take on increasingly consequential roles—medical diagnosis, infrastructure
management, financial decisions, content moderation—the gap between benchmark claims
and real-world reliability becomes literally dangerous.

A model that “aces” medical benchmarks but exhibits unpredictable failure modes in
deployment isn’t just a commercial disappointment. It’s a safety hazard. The same
evaluation failures that let marketing claims slip past enterprise procurement also let safety
risks slip past regulatory oversight.

We’re not just talking about wasted IT budgets. We’re talking about the foundational
infrastructure being built for AI-assisted decision-making across critical domains. And that
infrastructure is being built on measurement systems that we’ve demonstrated are
fundamentally compromised.

The Call to Action

This piece isn’t meant to induce despair. It’s meant to induce action.

If you’re a technical decision-maker:

Stop treating benchmark scores as reliable evidence
Invest in internal evaluation capabilities
Demand transparency from vendors as a condition of consideration
Share evaluation findings with peers to build collective knowledge

If you’re a researcher or engineer:

Push for methodological transparency in your organization
Support independent evaluation initiatives
Refuse to participate in benchmark-gaming practices
Build your reputation on real-world performance, not evaluation theater

If you’re a journalist or analyst:



The Self-Graded Test Crisis: Why AI Labs Funding Their Own
Benchmarks Just Turned Model Comparisons Into Marketing Theater

www.arturmarkus.com | 14

Treat benchmark claims with the skepticism you’d apply to any self-reported metric
Demand disclosure of financial relationships as a condition of coverage
Invest in independent technical evaluation capabilities
Follow up on benchmark claims with real-world deployment outcomes

If you’re an investor:

Discount self-reported benchmarks in due diligence
Fund independent evaluation infrastructure
Value companies that welcome external verification
Recognize benchmark gaming as a red flag, not a competitive advantage

Conclusion: The Test That Actually Matters

Here’s the uncomfortable truth: we’ve outsourced our critical thinking to leaderboards.

We stopped asking “does this model actually work for my use case?” and started asking
“what’s the score?”

We accepted that companies would test their own products and trusted them to report
honestly.

We confused improvement on arbitrary metrics with improvement on the capabilities we
actually need.

The FrontierMath scandal, the Llama 4 revelations, the gap between benchmark
performance and security testing—these aren’t aberrations in an otherwise functional
system. They’re the predictable outcomes of a system designed to produce exactly these
failures.

The AI industry built an evaluation infrastructure with zero structural independence, then
acted surprised when it became a marketing channel.

The only question now is whether we rebuild the measurement systems before or after the
consequences become undeniable.
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Until we separate AI evaluation from AI development, every benchmark is a press
release, every comparison is marketing theater, and every technical decision based on
published scores is a gamble against systematically corrupted data.
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