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All reward models are bad!

AI alignment methods aim to maximize a reward function
… but what reward are we maximizing? 

There are two kinds:
1. Proxy rewards are the computable signals we can use

Example: Scores from a trained reward model

2. True rewards are the quality of an output according to a desired objective
Example: An output’s helpfulness or toxicity



All proxy reward models are bad!

We are maximizing for the wrong reward. 
This mismatch can cause reward hacking!
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Inference-time Alignment

We leverage a reward model to improve our responses without any training.

Another example is Soft Best-of-n. 

For a given question, 
1. Sample n responses
2. Score them using a reward model
3. Sample a response using a temperature-scaled softmax over rewards
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Don’t fully trust it. Instead, you should hedge!
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What should you do with a proxy reward? 

Our contributions:

We characterize reward hacking in inference-time settings;

We propose Best-of-Poisson that provides an efficient, near-exact 
approximation of the optimal policy at inference;

We introduce HedgeTune, a lightweight method to find the best 
inference-time parameter. We show that HedgeTune mitigates 
hacking on math, reasoning, and human-preference setups.
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Why does reward hacking happen?

Consider an inference-time method with parameter    .   
<latexit sha1_base64="5bCyd0gYv8CeZMXZW/avxKBuZUk=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDbbTbt2sxt2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemAhu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVqyppUCaU7ITFMcMmayFGwTqIZiUPB2uH4dua3n5g2XMkHnCQsiMlQ8ohTglZq9XDEkPTLFa/qzeGuEj8nFcjR6Je/egNF05hJpIIY0/W9BIOMaORUsGmplxqWEDomQ9a1VJKYmSCbXzt1z6wycCOlbUl05+rviYzExkzi0HbGBEdm2ZuJ/3ndFKPrIOMySZFJulgUpcJF5c5edwdcM4piYgmhmttbXToimlC0AZVsCP7yy6ukdVH1a9Xa/WWlfpPHUYQTOIVz8OEK6nAHDWgChUd4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/p4mPMw==</latexit>
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Why does reward hacking happen?

Consider an inference-time method with parameter    .   

An inference-time method is greedy if as we increase   , it becomes more 
likely to choose a response with higher proxy reward.

Example: Best-of-n!
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Why does reward hacking happen?

Theorem (Informal): If the inference-time method is greedy, then the 
expected true reward attains at most one extremum w.r.t.    .
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Why does reward hacking happen?

Theorem (Informal): If the inference-time method is greedy, then the      
expected true reward attains at most one extremum w.r.t.    .

Consequence: We explain hacking in Best-of-n. 

If there is at most one maxima, search for it! This is the idea behind HedgeTune.
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Best-of-Poisson

All alignment methods try to solve the following problem:

We can estimate it through:
- RLHF: Expensive, need to rerun training for every penalty
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Best-of-Poisson

All alignment methods try to solve the following problem:

We can estimate it through:
- RLHF: Expensive, need to rerun training for every penalty
- Best-of-n: Cheap but coarse control over the KL divergence
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Best-of-Poisson

All alignment methods try to solve the following problem:

We can estimate it through:
- RLHF: Expensive, need to rerun training for every penalty
- Best-of-n: Cheap but coarse control over the KL divergence
- Soft Best-of-n: Need to set two parameters (n, temperature)

<latexit sha1_base64="EjfE1JN39a64FRKq1bJy84pRxM4="></latexit>

ω→(x) = argmax
ωx↑!X

Eωx [rp(X)]→ 1

ε
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=
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Unrealizable in practice!



Best-of-Poisson

For a given question:
1. Sample n from Poisson distribution
2. Sample n responses from the LLM
3. Score them using a reward model
4. Choose the one with the highest reward

We randomize 🎲 our n. This gives us continuous control over the KL divergence.

We show that the resulting BoP distribution is close to the optimal one!
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We propose HedgeTune as a one-time offline calibration of your inference-time parameter.
You can apply it to any LLM and any proxy reward with black-box access!



HedgeTune

We propose HedgeTune as a one-time offline calibration of your inference-time parameter.
You can apply it to any LLM and any proxy reward with black-box access! 

We require a small set of proxy and true reward pairs. 



HedgeTune



Hedging in verifiable setups
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Result: Hedging mitigates reward hacking and achieves superior reward-distortion tradeoffs on 
standard verifiable benchmarks such as MMLU Pro and GPQA, even with large proxy rewards (8B)!



Hedging with human preferences

Result: Hedging mitigates reward hacking in a realistic RLHF setup



Conclusion

We offer a cheap and lightweight method to improve 
performance and mitigate reward hacking at inference.

We show that hedging is a promising framework to leverage 
proxy rewards and build safer, more reliable AI systems!


