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=41 Debating with More Persuasive LLMs Leads to More Truthful Answers

Debating with More
Persuasive LLMs
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* Don't Hallucinate, Abstain: Identifying LLM Knowledge Gaps via Multi-LLM Collaboration

https://arxiv.org/abs/2402.00367

* Onscalable oversight with weak LLMs judging strong LLMs

https://arxiv.org/abs/2407.04622

e https://www.lesswrong.com/posts/vyoNsLYJXJtCY8CSr/nyu-debate-training-update-
methods-baselines-preliminary
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@ OpenAl

ArXiv https://arxiv.org/abs/2312.09390
Code https://github.com/openai/weak-to-strong
ICML Page https://icml.cc/virtual/2024/oral/35486
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* Easy-to-Hard Generalization: Scalable Alignment Beyond Human Supervision
https://arxiv.org/abs/2403.09472

DLEFFE =& #
https://deeplearning.jp/en/easy-to-hard-generalization-scalable-alignment-beyond-human-
supervision/
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2% © A Mechanistic Understanding of Alignment Algorithms: A Case Study on DPO and Toxicity

DPO&IZToxicity[F ED KD IZRIBEIN TN HM? ArXiv https://arxiv.org/abs/2401.01967
* Toxicity D EHIFZEIE LA LY Code https://github.com/ajyl/dpo_toxic
e Toxic RNY RILDEHEIZTMNS ICML Page https://icml.cc/virtual/2024/oral/35502
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Shift Component

Figure 4. Linear shift of residual streams out of toxic regions. Each
point is a residual stream sampled from either x}}%@ OF X0, US-
ing REALTOXICITYPROMPTS, projected onto 1) 61°, the mean

Figure 3. Visualization of residual streams before and after DPO. difference in residual streams, and 2) the principle component of
We view the shift, dx, as an offset that allow GPT2ppo to bypass the residual streams. Dotted lines indicate samples from the same
regions that previously triggered toxic value vectors. prompt. Colors indicate whether each point activates MLP32,.

Note the shift from x&pr t0 Xppo, but also the drop in activations.
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it @ 1s DPO Superior to PPO for LLM Alignment? A Comprehensive Study
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Understanding the limitation of DPO: A counter example
Reference Policy
0.5 0.5

Probability
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Answer Y1 Y2 ¥3
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Optlmal Policy DPO P0|ICY PPO pollcy
Probability Probab|I|ty Probability
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Answer Vi Y2 ¥s Answer i Y2 ¥s Answer Y1 Y2 Y3

DPO policy prefer an Out-of-Distribution answer y; !
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ArXiv https://arxiv.org/abs/2404.10719
ICML Page https://icml.cc/virtual/2024/oral/35568

DPO doesn't find the optimal policy, because in this case...

Lovro(me) = =Ex.yuy)~D
o(Yw | X)

log ( r(h)g k..
Tret

Lppo is minimized when g (y;|x) = 0, irrelevant to y;.

a
o r — log(1 + (ﬂ's(m | I)) -0
(¥ | X) log T..‘,I‘\jv.- | xji))] DPO(HG) Og( Wﬂ{yl ‘ SL') )

PPO find the optimal policy, because...

Mrer(¥3]x) =0
mo(y | x)
Jr(76) = Expuneaymms] [T(va ) = Blog — | x)] :L(;Iﬁ) is extremly large
re ref\J3

Online Samples KL-reward

ifmg(y3| x) #0

Theorem: The solution space of PPO is a proper subset of DPO, i.e.,

I c Ippo.

- o Insights:

» Any PPO solution is a DPO solution => DPO also
suffers from a generalization issue like reward
misspecification

Solution Space

This issue manifests differently:
* For PPO, it affects the learned reward model
» For DPO, it directly affected the aligned LLM

+ DPO is prone to generating a biased policy that
favors out-of-distribution responses, leading to
unpredictable behaviors.
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