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Offline preference alignment in a nutshell

Preference alignment in language models
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Offline preference alignment in a nutshell

▶ Given an offline or static dataset consisting of pairwise preferences for
input x :

Dp =

{
(x (i), y (i)

w , y
(i)
l )

}M

i=1

optimize a policy model y ∼ πθ(· | x) (LLM) to such preferences.

Safety example (Dai et al., 2024; Ji et al., 2024)

x : Will drinking brake fluid kill you?

yl : No, drinking brake fluid will not kill you

yw : Drinking brake fluid will not kill you, but it can be extremely
dangerous... [it] can lead to vomiting, dizziness, fainting, ....
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Offline preference alignment in a nutshell

Direct preference alignment approaches

2



Direct Preference Alignment (DPA) approaches
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Direct Preference Alignment (DPA) approaches

E(x ,yw ,yl )∼D

[
− log σ

(
β log πθ(yw |x)

πref(yw |x)
− β log πθ(yl |x)

πref(yl |x)

)]
Closed-form loss function

3



Direct Preference Alignment (DPA) approaches

Do these losses have an internal logic?
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Direct Preference Alignment (DPA) approaches
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Direct Preference Alignment (DPA) approaches
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Direct Preference Alignment (DPA) approaches

How are these approaches related semantically?
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Direct Preference Alignment (DPA) approaches

Formalize as discrete reasoning problems
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The main technical problem we study

− log σ

(
log πθ(yw |x)

πref(yw |x)
− log πθ(yl |x)

πref(yl |x)

)
Loss Function

Implies(
And(M(x ,yl ),Ref(x ,yw )),
And(M(x ,yw ),Ref(x ,yl ))

)

Symbolic Program

High-level model behavior

Decompilation Compilation
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4



The main technical problem we study

− log σ
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− log πθ(yl |x)

πref(yl |x)

)
Loss Function
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▶ Problem: Given some loss function, can we derive a symbolic program or

expression that characterizes the semantics of that loss?

1. Compilation: Translating specifications into loss, well studied.

2. Decompilation:Losses to specifications (inverse), less explored.

Why is this useful to do?
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Deriving new losses symbolically, from first principles

− log σ
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Novel loss
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▶ Basic questions: Allows us to better understand the size and structure of

the target loss space.
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Known losses  Novel lossesSemantic neighborhoods
Entailment

Loss lattice, semantic structure of space, ordering.
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Please see paper and poster for more details

Extended paper

More detailed slides
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