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Why Do We Need Benchmarks?
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• Compare models objectively

• Track progress over time

• Identify strengths and weaknesses

• Guide research and deployment

Benchmarks are the measurement tools of AI



Benchmarks Shape the Entire Field
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• What researchers optimize

• What gets published

• What companies deploy

What we measure → what we build



The Illusion of Progress
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• Leaderboards show rapid improvements every year

• New models constantly claim SOTA

But do higher scores really mean better intelligence?



Core Assumption
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High benchmark score

⇓

High real-world capability



Our Claim
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Benchmark Validity Crisis
Current LLM evaluation is becoming unreliable.

Scores may not reflect real capability.



Three Failure Modes
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1. Benchmark Saturation

2. Data Contamination

3. Construct Validity Failure

These combine to create misleading progress



Failure #1: Benchmark Saturation
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• Many models achieve near-ceiling scores

• Tiny differences dominate leaderboards

• Hard to distinguish real improvements

The test becomes too easy



Example: Rapid Benchmark Saturation

2,019 2,020 2,021 2,023 2,024 2,025
40

60

80

100

2,022

Year

9 / 24

A
cc

u
ra

cy
 (

%
)

Ceiling performance leaves little differentiation



Impact of Saturation
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• Statistical noise looks like breakthroughs

• Encourages benchmark gaming

• Reduces evaluation resolution



Failure #2: Data Contamination
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• Benchmarks are public

• Training data is web-scale

• Test questions may appear in training

Train ̸= Test no longer holds



How Contamination Happens

Web Data Training Corpus LLM

Benchmarks

Benchmark data can leak into training
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How It Happens
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• Web scraping

• Dataset reuse

• Fine-tuning leakage



Impact of Contamination
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• Memorization instead of reasoning

• Inflated scores

• False sense of generalization



Failure #3: Construct Validity
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• Do benchmarks measure what they claim?

• Many rely on narrow proxy tasks

We may be measuring the wrong abilities



Proxy Problem
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• Multiple-choice ̸= real reasoning

• Refusal tests ̸= true safety

• Static QA ̸= real deployment



Impact of Weak Validity

17 / 24

• Scores don’t predict real-world success

• Progress becomes misleading



How These Failures Interact
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• Contamination accelerates saturation

• Saturation hides leakage

• Weak tasks mask both

A systemic measurement crisis



Benchmark Family Comparison
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Benchmark Saturation Contamination Risk Validity

MMLU High High Medium

GSM8K Medium Medium Narrow

BIG-Bench Medium Unknown Mixed

HELM Lower Lower Broader

Different benchmarks fail in different ways



Feedback Loop
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Contamination → Higher scores

→ Saturation

→ Misleading benchmarks

→ More optimization



What Should Replace Current Benchmarks?
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• Dynamic tasks

• Private/held-out test sets

• Domain-specific evaluation

• Continuous monitoring



Better Evaluation Philosophy
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Dynamic 

Realistic 

Hard to game 

Continuous



Key Takeaways
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• Benchmarks drive AI progress

• Current benchmarks are breaking

• We need better measurement to ensure real progress
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We cannot improve what we cannot 

measure correctly.
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Thank you — Questions?
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