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Summary of the task

e Vocabulary:
o Set of states / prompts X, set of actions / answers Y, probability simplex over ¥: Ay
o Want to learn a policy 7T, an application XX — Avy, from data
o Data ~ distribution D over triples(z,y,4’) meaning: given prompt £ € X, answer ¥ € 9
is chosen (by a human) over answery’ ¢ Y

Setup learns p(y > y'|z) (>>: “chosen over”) # output we want, m,(y|z), 7 (y'|z) (policy)

e Toget P — Ty without mishaps requires carving appropriate normative properties in
loss function(s) to keep training from reaching inadequate solutions
e Our starting point is a loss measured on p,L(p)
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Normative Bedrock (on loss functions, on human choice)
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DPO = Direct Preference Optimization, RLHF = Relnforcement Learning from Human Feedback
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Normative Bedrock (on loss functions, on human choice)
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Normative Bedrock (on loss functions, on human choice)
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Normative Bedrock (on loss functions, on human choice)
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Normative Bedrock (on loss functions, on human choice)
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Normative Bedrock (on loss functions, on human choice)
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Normative Bedrock (on loss functions, on human choice)
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Surprise(s) — among others

e The key loss functionis I, o g = 1) (logistic loss for DPO)
e A classical issue with normative approaches is why should we pick one feasible option
instead of another — especially true for human choice (e.g. one specific instance of KLST*)
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Surprise(s) ﬁ‘bi' — among others

e The key loss functionis I, o g = 1) (logistic loss for DPO)

e A classical issue with normative approaches is why should we pick one feasible option
instead of another — especially true for human choice (e.g. one specific instance of KLST*)

e We were expecting this issue showing in “full force” for the design of w
but instead got the possibility for any applicable loss ?70 to map to any human choice model...
and the set of applicable losses to be larger than expected (e.g. no convexity requirement)
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