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Why Traditional AI Model Comparisons Are
Now Statistically Meaningless—And What
the FrontierMath Controversy Reveals
About Benchmark Integrity

The entire AI benchmark system just collapsed, and the industry is pretending everything’s
fine. Here’s what nobody wants you to know about how we actually compare models now.

The $100 Billion Lie We’re All Living

Let me paint you a picture that should terrify anyone making AI investment or deployment
decisions right now.

It’s January 2025. You’re a CTO trying to decide between OpenAI’s latest offering,
Anthropic’s Claude, Google’s Gemini, or the suddenly-everywhere DeepSeek. You do what
any reasonable technical leader would do: you look at the benchmarks.
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And here’s what you find: they’re all essentially identical.

The performance gap between the #1 and #10 ranked models on Chatbot Arena has
narrowed to just 5.4%. The difference between the top two models shrank from 4.9% in
2023 to a statistically meaningless 0.7% in 2024. On MMLU, the gold standard of language
model evaluation for years, every leading model now scores above 90%.

You can’t differentiate between them. Not meaningfully. Not in any way that would justify
choosing one over another for your $50 million enterprise deployment.

But it gets worse.

When the Referee Works for One of the Teams

In January 2025, The Decoder broke a story that should have been front-page news across
every tech publication: OpenAI had quietly funded FrontierMath, a benchmark marketed as
an “independent” assessment of AI mathematical reasoning capabilities.

Then OpenAI announced their o3 model had achieved an unprecedented 25.2% on this
supposedly objective test.

Think about that for a moment.

A company funds the creation of a benchmark. The benchmark is presented as
independent. The company then claims record-breaking performance on that benchmark.
And we’re supposed to treat this as credible evidence of capability?

This isn’t just a conflict of interest. This is the equivalent of a pharmaceutical
company secretly funding the FDA study that approves their drug.

Silicon Reckoner’s detailed analysis of the FrontierMath scandal revealed even more
troubling details. When independent researchers attempted to verify OpenAI’s claims, o3-
mini scored only 11%—less than half of the headline-grabbing figure. The discrepancy raises
serious questions about data contamination, testing methodology, and whether the

https://the-decoder.com/openai-quietly-funded-independent-math-benchmark-before-setting-record-with-o3/
https://siliconreckoner.substack.com/p/the-frontier-math-scandal
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benchmark itself was designed with prior knowledge of OpenAI’s model architecture.

This isn’t an isolated incident. It’s a symptom of a systemic failure in how we evaluate AI
systems.

The Goodhart’s Law Problem at Scale

Charles Goodhart, a British economist, articulated a principle in 1975 that has become
uncomfortably relevant to AI development: “When a measure becomes a target, it ceases
to be a good measure.”

We are now witnessing Goodhart’s Law operating at unprecedented scale in artificial
intelligence.

Stanford’s 2025 AI Index Report documents what practitioners have known for months:
models are increasingly optimized specifically for benchmark performance rather than
real-world capability. The incentive structure is brutally simple—benchmark scores drive
media coverage, media coverage drives perception, perception drives enterprise sales and
investment.

So companies optimize for benchmarks. Aggressively. Sometimes at the direct expense of
actual capability.

Consider the evidence:

Traditional benchmarks like MMLU, GSM8K, and HumanEval have all saturated above
90%
New “hard” benchmarks designed to restore differentiation are being gamed within
months of release
Epoch AI’s October 2025 analysis found that individual benchmarks now saturate
within months of public release
Leading models score less than 2% on FrontierMath research-level problems—yet
OpenAI claimed 25.2% (unverified independently)

The pattern is unmistakable. Create a benchmark. Watch it become a target. Watch models
optimize specifically for it. Watch it become meaningless. Create a new benchmark. Repeat.

https://hai.stanford.edu/ai-index/2025-ai-index-report/technical-performance
https://epochai.substack.com/p/the-epoch-ai-brief-october-2025


Why Traditional AI Model Comparisons Are Now Statistically
Meaningless—And What the FrontierMath Controversy Reveals

About Benchmark Integrity

www.arturmarkus.com | 4

The DeepSeek Deception

In late January 2025, DeepSeek made waves by claiming their R1 reasoning model beat
OpenAI’s o1 on multiple benchmarks. The headlines wrote themselves. A Chinese lab,
operating at a fraction of OpenAI’s budget, had apparently surpassed American AI
leadership.

TechCrunch and others reported the claims, often with caveats, but the narrative was set.
Benchmark numbers showed DeepSeek winning. Therefore, DeepSeek was winning.

Except they weren’t.

Vellum AI conducted independent testing on real reasoning tasks—not benchmark
questions, but actual problems representative of enterprise use cases. The results were
striking: OpenAI’s o1 performed 26% better than DeepSeek R1, correctly solving 18 out of 27
problems compared to DeepSeek’s 11.

OpenAI o1 also demonstrated nearly 2x faster response time than DeepSeek R1, a metric
that rarely appears in benchmark comparisons but matters enormously in production
environments where latency affects user experience and costs.

The benchmarks said DeepSeek was better. Real-world testing showed OpenAI
was 26% superior. One of these things is useful for making decisions. The other
is marketing.

Within weeks of R1’s release, over 500 derivative models appeared—evidence of rapid
benchmark optimization rather than fundamental capability advancement. The open-
source community had learned the same lesson as the major labs: optimize for the test, not
the territory.

The Anatomy of Benchmark Failure

To understand why we’re in this position, we need to dissect the multiple failure modes
afflicting AI evaluation.

https://techcrunch.com/2025/01/27/deepseek-claims-its-reasoning-model-beats-openais-o1-on-certain-benchmarks/
https://www.vellum.ai/blog/analysis-openai-o1-vs-deepseek-r1
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Failure Mode 1: Saturation

When Stanford researchers designed MMLU (Massive Multitask Language Understanding) in
2020, it represented a genuine challenge. GPT-3 scored 43.9%. The benchmark had room
to measure improvement.

By 2024, every leading model scores above 90%. The ceiling has been hit. There’s no
differentiation left. As LXT’s analysis of 2025 benchmarks notes, “State-of-the-art systems
score above 90% on MMLU benchmark, making it no longer useful for differentiation.”

The same pattern has played out with GSM8K (grade-school math), HumanEval (code
generation), and virtually every other established benchmark. What once measured
capability now measures nothing.

Failure Mode 2: Data Contamination

Here’s a dirty secret of AI benchmarking: nobody can guarantee that benchmark questions
haven’t leaked into training data.

Modern language models are trained on essentially the entire internet. Benchmark
questions and answers exist on the internet. The probability that models have seen at least
some benchmark content during training approaches certainty.

This isn’t necessarily intentional cheating. It’s a structural problem. When you train on the
web, you train on everything, including the tests you’ll later be evaluated on.

The FrontierMath controversy amplified these concerns. If OpenAI funded the benchmark’s
creation, did they have access to the questions before o3 was trained? Was the
benchmark designed to match capabilities they knew their model possessed? These
questions remain unanswered.

Failure Mode 3: Metric Gaming

Recent research published on arXiv highlights a particularly insidious problem: models are
increasingly used to evaluate other models, and this creates cascading biases.

https://www.lxt.ai/blog/llm-benchmarks/
https://arxiv.org/html/2510.07575v1
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When you use GPT-4 to evaluate GPT-4’s outputs, you’re not getting objective
assessment. You’re getting a model that has learned what “good” outputs look like
according to its own training, judging whether other outputs match that pattern. The
circularity is obvious once you see it.

The paper’s title says it all: “Benchmarking is Broken – Don’t Let AI be its Own Judge.”

Failure Mode 4: Misaligned Incentives

Every major AI lab is publicly traded or venture-backed. Every lab needs benchmark wins
to justify valuations, attract talent, and secure enterprise contracts. Every lab has
overwhelming incentives to optimize for benchmark performance, even at the expense of
real capability.

This isn’t a conspiracy. It’s basic economics. When your stock price moves based on
benchmark announcements, you prioritize benchmarks. When journalists write headlines
about benchmark scores, you optimize for benchmark scores. When enterprises use
benchmarks to make procurement decisions, you game benchmarks.

The system is working exactly as designed. The problem is the design.

The “Hard Benchmark” Illusion

FrontierMath was supposed to solve the saturation problem. With initial success rates of
just 2%, it seemed immune to the ceiling effects that rendered MMLU meaningless.

Humanity’s Last Exam, another new benchmark, reported an 8.8% initial success rate.
Finally, tests that could actually differentiate between models.

But the pattern has already repeated.

FrontierMath’s integrity was compromised before it even launched, thanks to OpenAI’s
undisclosed funding. The benchmark designed to restore credibility instead destroyed
what remained of it.

And Epoch AI’s analysis shows that new benchmarks, no matter how difficult, saturate



Why Traditional AI Model Comparisons Are Now Statistically
Meaningless—And What the FrontierMath Controversy Reveals

About Benchmark Integrity

www.arturmarkus.com | 7

within months once they become targets for optimization. The problem isn’t finding harder
questions. The problem is that any public benchmark becomes a target, and any target
gets gamed.

What We Actually Know (And Don’t Know) About Model
Capabilities

Let me be direct: as of early 2025, we cannot reliably determine which AI model is “best”
for any given use case using publicly available benchmarks.

Here’s what we can reasonably conclude from the available evidence:

What Benchmarks Tell Us What Benchmarks Don’t Tell Us
Leading models have converged to similar
performance ceilings on traditional tasks

Which model will perform best on your
specific use case

Models can be optimized to score well on
known test formats

Actual reasoning capability vs. pattern
matching

The benchmarking industry has serious
integrity problems

Whether impressive benchmark scores
translate to real-world value

New benchmarks lose discriminative power
quickly

How models will perform on genuinely
novel problems

The Path Forward: What Actually Works

If benchmarks are broken, how should organizations evaluate AI models? Based on my
consulting work and the available research, here are approaches that actually provide
signal:

1. Task-Specific Evaluation

Stop trusting generic benchmarks. Build evaluation sets from your actual use cases, using
your actual data, measuring outcomes you actually care about.

The Vellum AI study comparing o1 and DeepSeek R1 is a model for this approach. They
didn’t rely on published benchmarks. They created 27 real reasoning tasks and measured
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actual performance. The results diverged dramatically from benchmark claims.

Your evaluation should:

Use problems from your domain
Include edge cases that matter to your users
Measure metrics beyond accuracy (latency, cost, consistency)
Be refreshed regularly to prevent optimization

2. Adversarial Testing

If you want to understand a model’s actual capabilities, try to break it.

Create inputs designed to expose weaknesses. Test boundary conditions. Probe for
inconsistencies. A model that scores 95% on benchmarks but fails catastrophically on
slightly unusual inputs isn’t actually 95% capable.

3. Longitudinal Evaluation

One-time benchmark scores tell you nothing about reliability over time. Deploy models in
shadow mode. Compare outputs over weeks or months. Measure degradation and
inconsistency.

4. Independent Verification

Never trust a vendor’s claimed performance. Never trust benchmarks funded by vendors.
Require independent verification of any claims that inform deployment decisions.

The FrontierMath scandal should have taught us this already. Apparently, it needs to be
said again: if a company funds the creation of a test and then claims to have aced that test,
you should be skeptical.

5. Economic Evaluation

Perhaps the most underrated approach: measure actual business impact.

If you’re deploying AI to reduce customer service costs, measure whether costs actually
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decreased. If you’re using AI to accelerate code review, measure whether reviews actually
accelerated. The economic reality check bypasses all the gaming and optimization that
afflicts benchmark comparisons.

The Regulatory Vacuum

The benchmarking crisis reveals a broader problem: the AI industry operates in a regulatory
vacuum that permits conflicts of interest that would be illegal in other sectors.

Imagine if pharmaceutical companies could fund the creation of “independent” clinical
trials, then announce record-breaking results on those trials. The FDA would shut it down
immediately. Securities regulators would investigate.

In AI, we just shrug and move on to the next benchmark cycle.

There’s no requirement for benchmark disclosure. No standard methodology for
verification. No consequences for misleading claims. No separation between benchmark
creators and benchmark performers.

Until this changes—either through regulation or industry self-governance—the integrity
problems will persist.

What the Industry Doesn’t Want You to Know

Here’s the uncomfortable truth that underlies the benchmark crisis: the major AI labs are
not as differentiated as their marketing suggests.

The convergence in benchmark scores isn’t just an artifact of saturated tests. It reflects a
genuine convergence in underlying capability. The major models are trained on similar data,
use similar architectures, and employ similar techniques. The differences between them
are real but marginal.

This is uncomfortable for an industry that justifies multi-billion dollar valuations on claims
of differentiated capability. It’s uncomfortable for enterprises that have committed to
specific vendors based on benchmark rankings. It’s uncomfortable for everyone who has
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built narratives around AI “leadership” and “breakthrough” performance.

But it’s true.

The benchmarks aren’t failing to detect differences. They’re accurately reflecting
a reality where the differences are smaller than anyone wants to admit.

The Coming Reckoning

The benchmark credibility crisis cannot persist indefinitely. Some combination of the
following will occur:

Scenario 1: Industry Self-Correction

The major labs, recognizing that compromised benchmarks undermine the entire market,
collaborate on genuinely independent evaluation infrastructure. Third-party organizations
with no financial ties to any lab assume responsibility for benchmark creation and
administration. Transparency requirements become industry standard.

This is the optimistic scenario. I give it perhaps 20% probability.

Scenario 2: Regulatory Intervention

Governments, responding to misleading AI capability claims that affect critical
infrastructure decisions, impose requirements for benchmark disclosure and verification.
The AI industry joins pharmaceuticals, financial services, and other sectors subject to
marketing integrity requirements.

This is more likely, perhaps 40%, but will take years to materialize.

Scenario 3: Market Discipline

Enterprises, burned by models that performed well on benchmarks but failed in
deployment, stop trusting benchmark claims entirely. Vendor selection shifts to pilot-
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based evaluation, where models prove themselves on actual tasks before receiving
contracts. Benchmark scores become irrelevant to purchasing decisions.

This is already happening in sophisticated organizations. It will accelerate.

Scenario 4: Continued Degradation

The status quo persists. Benchmark gaming intensifies. Each new “hard” benchmark gets
compromised faster than the last. The gap between benchmark performance and real-
world capability widens. Eventually, a high-profile deployment failure directly attributable
to misleading benchmark claims triggers a crisis.

This is the most likely near-term scenario—until one of the others takes hold.

What This Means for You

If you’re making AI decisions right now—as an executive, investor, developer, or policy
maker—here’s what you need to internalize:

Public benchmark scores are not reliable indicators of real-world performance. The
FrontierMath scandal, the DeepSeek discrepancies, and the saturation of traditional
benchmarks all point to the same conclusion: you cannot trust the numbers.

Conduct your own evaluation. Build test sets from your use cases. Measure what matters
to you. Don’t outsource your due diligence to compromised metrics.

Assume conflicts of interest exist. When a company claims performance on a
benchmark, ask who funded the benchmark. Ask who administered the tests. Ask whether
independent verification is possible. Skepticism is warranted.

Focus on demonstrated value, not claimed capability. Pilot deployments, phased
rollouts, and economic impact measurement provide signal that benchmarks cannot. If a
model delivers measurable value in your environment, the benchmark score doesn’t matter.
If it doesn’t deliver value, the benchmark score also doesn’t matter.

Demand transparency. Push vendors for disclosure about evaluation methodology. Ask
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hard questions about data contamination. Request access to the test sets used for
claimed performance. If they won’t provide transparency, that tells you something.

The Benchmark Emperor Has No Clothes

For years, the AI industry has operated on the assumption that benchmarks provide
meaningful, comparable measures of model capability. This assumption has justified billion-
dollar investments, shaped competitive narratives, and influenced enterprise deployment
decisions.

That assumption is now demonstrably false.

The benchmarks are saturated, gamed, compromised, and misleading. The organizations
creating them have financial relationships with the organizations being tested. The
incentive structures ensure that any metric worth measuring will be optimized to the point
of meaninglessness.

This isn’t a temporary problem awaiting a technical fix. It’s a structural failure that requires
fundamental changes in how the industry approaches evaluation.

Until those changes occur, every benchmark claim should be treated with extreme
skepticism. Every comparison based on benchmark scores should be questioned. Every
deployment decision based on benchmark rankings should be reconsidered.

The emperor has no clothes. The only question is whether we’re willing to say so out loud.

Stop trusting AI benchmarks—the only evaluation that matters is performance on your
specific use case, measured by you, with your data, verified independently.

WRITTEN BY
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Artur Markus

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

Book a meeting →

https://www.arturmarkus.com/contacts/

