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MOTIVATION

Safety requirements for language models (LM)

Constrained Alignment via dualizatioN (CAN)

1. MUST NOT contain offensive or discriminatory content

Stage 1 Optimal dual: A* = argmin D(\)
A>0

Stage 2 Update LM: 7 = argmax L(m, \")

mell

2. MUST NOT fabricate content and spread misinformation

Constraining LMs w/ satety requirements
e Safe RLHF (ICLR2024) e Constrained RLHF (ICLR 2024 )
e Constrained DPO (arXiv 2023) e SACPO (arXiv 2024 )

smooth convex optimization & unconstrained alignment

Advantages e optimality of LM e stability of safety training

Hurdle e instability of iterative training ® no optimality certificate PRACTICAL IMPLEMENTATION & EVALUATION

Can we align LMs w/ satety constraints in a one-shot way?

Model-based CAN (MoCAN)

PROBLEM FORMULATION 1. collect offline data (r(x,y), g(x, y))-pairs; estimate h(x,y)
2. find the optimal dual A* using model-based D(A\)

LM alignment via human feedback
3. update LM w/ pseudo preference from r + (A*) ' g
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OPTIMAL DUALIZATION

Preference-based CAN (PeCAN)

Dual problem 1. obtain unconstrained pre-aligned models (7, , 7y, )
mir)\11>n(1)ize D(A) := maxgﬂuze L(m, A) 2. collect offline (Inme(y | @, ), Inmy, (y | ), Inmp_(y | x))-tuples

e L(m,A) - Lagrangian 3. estimate KL terms KL(mvet |79, ), j = 1,...,m

4. find the optimal dual A* using preference-based D(\)

— <E:13 <IZ'y ~ (- |x) [T(ZL‘, y)] — 5KL(7T( | ':B) ‘ ﬂ-l‘ef(' ‘ m)) objective

5. update LM w/ pseudo preference from S1n 2= + B(A*) ' 1
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g(x,y) Dual variable A e PeCAN performs similarly if pre-aligned models are accurate




