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INTRODUCTION

Limitations of Static Benchmarks

ATAD: Benchmark Protocol Design and Operation Results & Analysis

Limitations of Static Benchmarks
• Performance Saturation: Frontier LLMs surpass human baselines on 

static benchmarks, losing their discriminative power.
• Data Contamination: Large-scale pretraining inadvertently memorize 

test data, inflating leaderboard scores.
• Format Overfitting: Tuning to dataset details creates feedback loops, 

not genuine reasoning improvements.
• Short Lifespan: Once a benchmark is "solved," creating a new one 

requires significant time and resources, limiting sustainable 
evaluation (rapid benchmark saturation).

Artificial intelligence (AI) is transforming healthcare by improving 
diagnostic  accuracy. Healthcare providers now use AI models to optimize 
treatment plans. New wearable devices monitor patient vitals in real time.

ATAD (Ours)!

Clarity  ✅
Difficulty  ✅

The tennis champion withdrew due to injury. This marks her second major 
withdrawal of the season. Oil prices fell after OPEC announced increased 
production.
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• Three-Agent System: Teacher generates problems, Orchestrator strictly validates quality/fairness, and Student 
attempts to solve them, driving the difficulty calibration.

• Difficulty Scaling via T-S Competition: Teacher generates harder variants directly targeting the Student’s reasoning 
weaknesses.

• Orchestrator-Regulated Difficulty Control: Prevents uncontrolled or adversarial difficulty escalation by ensuring 
logical coherence and clarity.

• Failure-Driven Sample Finalization: Problems are finalized only when the Student fails, anchoring benchmark 
difficulty to actual model limitations.

• Dynamic Difficulty Localization: Adjusts difficulty at the instance level, enabling precise probing of model-specific 
blind spots.

• Cross-Agent Instantiability: Modular design supports different model pairings) to track evolution over time.

Main Results & Difficulty Scaling

Robustness through Orchestrator-Led Quality Control

Analysis & Future-Proofing

세로크기를키운플롯을생성했습니다. /mnt/data/paper_style_performance_plot_vertical_increase.png에서확인해보세요! 

Evaluation Model
GPT-4o

Base Final

GPT-o3-mini 93.71 72.14
GPT-o4-mini 91.86 72.43

GPT-4o 94.29 72.43
GPT-4o-mini 93.00 68.29

Diverse Reasoning Tasks: Across 7 distinct anomaly types (T1–T7), no single model dominates. 
SOTA models exhibit varying strengths and unique blind spots depending on the task.

w/o Orch. w/ Orch.

[Evaluator: GPT-4o]

Performance (%) 68.29 72.43

Validity (1–5) 4.30 4.85

Coherence (1–5) 3.71 4.74

Fairness (1–5) 3.20 4.65

Approval Rate (%) 38.14 87.14

[Evaluator: Claude-3.5-Sonnet]

Performance (%) 65.00 72.86

Validity (1–5) 4.61 4.92

Coherence (1–5) 4.11 4.69

Fairness (1–5) 3.41 4.42

Approval Rate (%) 55.57 90.43

Evaluation Model T1 T2 T3 T4 T5 T6 T7 Avg.

GPT-3.5-Turbo 59.00 16.00 66.75 48.50 55.75 51.75 81.50 54.18

GPT-4o-mini 57.25 17.00 62.50 54.00 52.50 58.75 83.00 55.00

GPT-4o 62.00 21.25 68.25 53.25 49.25 56.75 81.00 55.96

GPT-o4-mini 63.25 30.25 68.50 53.00 47.25 57.25 80.00 57.07

Gemini-1.5-Flash 6.00 11.25 62.00 48.75 17.50 10.75 21.00 25.32

Gemini-2.0-Flash-Lite 64.00 10.75 63.50 52.25 62.75 62.00 86.25 57.36

Gemini-2.0-Flash 65.25 25.00 63.00 58.25 51.00 62.00 88.00 58.93

Claude-3-Haiku 63.75 12.00 61.00 51.75 53.50 60.00 72.75 53.54

Claude-3.5-Haiku 19.75 55.00 7.25 5.00 5.50 8.50 35.50 19.50

Claude-3.5-Sonnet 65.75 31.75 65.00 59.50 53.50 57.50 86.75 59.96
LLaMA-3.1-8B 39.50 12.75 35.50 24.50 53.00 38.75 68.75 38.96

LLaMA-3.3-70B 60.75 27.75 63.25 60.00 52.25 57.75 84.25 58.00

Avg. Acc. (%)
Benchmark Generator Family

GPT-4o Gemini-2.0 Claude-3.5 LLaMA-3.3

Base Problems 82.19 73.07 76.36 78.26
Final Problems 60.93 39.20 52.29 45.51

Acc. Drop # 21.26%p # 33.87%p # 24.07%p # 32.75%p

Effective Scaling: Accuracy drops 
significantly from base to final, exposing 
true reasoning weaknesses.

Future Work

1. Game-Theoretic Validation: 
Quantifying agent contributions using 
Shapley values.

2. Meta-Agent Ecosystems: Automated 
discovery of superior teachers and 
validators. 

3. External Knowledge: Integrating RAG 
for domain-specific anomalies.

Future-Proof: Sustains 
discriminative power even for 
simulated future models.

Stability: Consistent evaluation results with 
low variance across sample sizes.

Motivation
• Need for Dynamic Evaluation: Continuous evolution is essential to 

mitigate contamination and overfitting.
• Clarity vs. Difficulty Trade-off: Increasing difficulty often sacrifices 

clarity, while clear problems tend to be overly simple or trivial.
• Why Text Anomaly? (Stress Test): Unlike math or code, language lacks 

formal rules. It serves as a stringent stress test for scaling difficulty 
without ambiguity, revealing subtle cross-sentence flaws.

Task Design Examples (7 Types Total)


