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Reinforcement Learning from Human Feedback (RLHF)
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https://arxiv.org/abs/2009.01325

Overoptimized policy

28yo dude stubbornly postponees start pursuing
gymnastics hobby citing logistics reasons despite
obvious interest??? negatively effecting long term
fitness progress both personally and academically
thoght wise? want change this dumbass shitty ass

policy pls

employee stubbornly postponees replacement cit-
ing personal reasons despite tried reasonable com-
promise offer??? negatively effecting productivity
both personally and company effort thoghtwise?
want change this dumbass shitty ass policy at work
now pls halp

people insistently inquire about old self-harm scars
despite tried compromise measures??? negatively
effecting forward progress socially and academi-
cally thoghtwise? want change this dumbass shitty
ass behavior of mine please help pls halp




Overoptimization in ChatGPT

¢ Some overoptimization symptoms we’ve seen:
* Excessive verbosity (lists of lists of lists)
* Excessive apologies, self-doubt
¢ “As an Al language model”
* Hedging language, “there’s no one-size-fits-all-solution ....”

¢+ Qver-refusals

John Schulman (scientist and cofounder of OpenAl), invited talk, ICML 2023
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Llama 2: Open Foundation and Fine-Tuned Chat Models
https://arxiv.org/abs/2307.09288



Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)

x: "write me a poem about x: "write me a poem about
the history of jazz" la bel rewards the history of jazz"
ey " '
t::v"‘ >|=,| —> reward model LM policy r—l>l= — final LM
. N .
preference data maximum  sample completions preferencedata . . ...
likelihood reinforcement learning likelihood

DPO https://arxiv.org/abs/2305.18290

Taligned

Supervised Finetuning

KTO

https://arxiv.org/abs/2402.01306

hard -tﬂr@ﬁt l Direct Preference Kahneman-Tversky

Optimization (DPO) Optimization (KTO)

prior work this work
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Llama 2: Open Foundation and Fine-Tuned Chat Models

https://arxiv.org/abs/2307.09288
Training a Helpful and Harmless Assistant with Reinforcement Learning from Human Feedback

https://arxiv.org/pdf/2204.05862.pdf
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