More Advanced RLHF



Discussion



Constitutional Al: Motivations

* Al supervision of Al systems (Scalable Oversight)
* Balancing harmlessness and helpfulness
* Make Al values/principles more transparent

* Reduce time and amount of human data when altering objective
for an Al system
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Example of revisions

e Section 3.1



Constitution

* Appendix C



Techniques used

* Ensembling
* Col
* Few shot prompting



Discussion

e Pros and Cons?

e When is human data vs. Al data useful/harmful?



Direct Preference Optimization

Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
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Closed form of KL-constrained policy
* Objective:

max Eyr(ia) [1(2,y)] — B Dxr(n(-|2) || mres (-|2))

m

Bigger beta means stay closer to reference policy
Optimal solution to above has this form (solve Lagrangian):

1

[ 0) = ity | 2)exp 5o

Small beta -> aggressive reward optimization
Large beta -> conservative, stay near reference



Deriving DPO objective

* Solve for reward instead of policy:

7 (412) = g e 810 exp (%m,y))



Deriving DPO objective

* Solve for reward instead of policy:

7 (412) = g e 810 exp (%m,y))

Take logs
& 1

log 7 (y|z) = log m,er (y|x) + B’r(m,y) — log Z ()

Rearrange to get
r(x,y) by itself
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Deriving DPO

We still have this pesky partition
function...

H*(y|m)
r(xz,y) = Blo - Blog Z(x

* Plug into Bradley-Terry Preference model

p(y’w ~ yi‘ﬂg) — 0 (T($:y%*) _ T($&y3))
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* First calculate difference:
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DPO - Maximum Likelihood Objective

max 4:{:35;1;?1.,3;.!] [lﬂg pé’(yw - yi‘m)]

where

(Y |T) m(y|z) )
» T = T 10 T 10
Pl - ule) = o (Blog o~ plog "0

We have an implicit reward
(defined by the policy) that 7o (y| )

we fit to data ro(x,y) = [log
Tref (Y] )




Discussion

* When might we prefer DPO over RLHF or vice versa?

* What are advantages or disadvantages to learning an explicit
reward model?
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