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Background

● Large Language Models (LLMs) are widely used as judges to 
evaluate response quality

● Popular in different stages such as Reinforcement Learning with 
Verifiable Rewards (RLVR)

● Advantage: Flexible evaluation beyond rigid rule-based metrics, which 
is especially important for general reasoning

● Key concern: Are LLM judges robust and reliable?



Takeaway: Hacking LLM judges might be easier than you think

● In generative reward models, we found certain superficial patterns consistently 
trigger false positive judgments:

a. Non-word symbols: ., :, or even a blank space
b. Reasoning openers: “Thought process:”, “Solution”, “Let’s solve this 

problem step by step.”

● These phrases act as “master keys”: short, meaningless inputs that still 
receive positive rewards

● Affects state-of-the-art models like GPT-4o, Claude-4, Omni-Judge, 
General-Verifier



Reasoning openers such as “Solution” can trigger false positive rewards in 
many stateof-the-art LLMs when used as generative reward models.



Widespread weakness across LLMs and datasets



How did we begin this study? — 
                                    from an astonishing “collapsed” run.



We found that Qwen2.5-72B-Instruct judges that these vacuous 
responses enjoy 90% accuracy for WebInstructSub dataset.



Introducing Master-RM: A Robust Reward Model
Approach: We train a new reward model robust to “master keys” with adversarial 
augmentation

● Add negative samples by truncating reasoning to just openers, some examples:

● Combine with existing reward dataset for training
● Use SFT to train the reward model 



Prompt Example



Comprehensive Evaluation of False Positive Rates





● Even GPT-4o/GPT-o1/Claude-4 have noticeable False Positive Rates!
● Our Master-RM is the most robust to “master key” attacks.



Embedding-Similar Pharases Can Also Be “Master Keys”



Does Master-RM Sacrifice Performance for Robustness?     
    NO



Scaling Behaviour of False Positive Rate



Hypothesis

● 0.5 B models rely on surface differences, leading to low FPR but low 
consistency with GPT-4o.

● 1.5–3 B models detect rough semantic matches and often over-predict 
YES.

● 7–14 B models balance robust and consistency, yielding the best 
performance.

● We found large models (epecially Claude-4) sometimes solve the task 
themselves, causing high FPR by affirming wrong answers.

But this is rare in 
Qwen.



Removing Question Can Mitigate False Positive

NQ suffix means 
removing Question entry 
in prompt

Removing Question 
Reduces False Positive 
Rates.







Inference-time Techniques Fail to Help
Dataset/Model Qwen2.5-72B-COT Qwen2.5-72B Qwen2.5-7B-COT Qwen2.5-7B

Multi-sub RLVR 5.3 51.4 34.6 9.0

NaturalReasoning 34.5 62.3 23.9 15.2

GSM8K 95.5 87.6 87.6 12.8

MATH 81.0 78.7 51.6 22.1

AIME1983-2024 38.1 54.0 4.2 3.9

Average False Positive Rate across Model and Dataset COT suffix means 
using 
Chain-of-Thoughts 
and majority voting 
among 5 samples



Our unexpected discovery 
triggered considerable discussion 
in the community, as expected



Thanks!
Questions?



Inference-time Techniques Fail to Help

COT suffix means 
using 
Chain-of-Thoughts 
and majority voting 
with 5 samples






