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The three laws

■ LAW #1

... not injure a human being ...

■ LAW #2

... obey the orders given it by human
beings ...

■ LAW #3

... protect its own existence ...



LLM risks

■ MISINFORMATION

■ HALLUCINATION

■ VIOLENCE

example source: arXiv:2308.05374



LLM alignment framework

y ∼ π(· |x)

language
model

texttext

preference

sampletrain

finetune

preference – reward / human value



Reward-based alignment

diagram source: arXiv:2308.05374
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Preference

SFT policy : πref(· |x): X → ∆Y

Response: y ∼ πref(· |x)

Preference: y1 ≻ y0 |x

■ BRADLEY-TERRY MODEL

P(y1 ≻ y0 |x) =
er(x,y1)

er(x,y1) + er(x,y0)
:= σ(r(x, y1)− r(x, y0))

σ(t) = 1/(1 + e−t)

Consistency between reward and preference?



Reward training

Data set : D = {x(i), y(i)1 , y
(i)
0 }Ni=1

Reward model: rϕ(x, y) w/ parameter ϕ

■ LIKELIHOOD MAXIMIZATION

maximize
ϕ

L(rϕ;D) := E(x,y1,y0)∼D [ logP(y1 ≻ y0 |x) ]

⋆ reward model is initialized by a SFT policy πref

Perfect reward represents preference
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RLHF in parameter space

■ PARAMETER OPTIMIZATION

maximize
θ

Ex

[
Ey∼πθ(· |x)[ r(x, y) ]− β DKL(πθ(· |x) ∥πref(· |x))

]
β > 0 – tradeoff parameter

⋆ SFT policy πref is from Step 1

⋆ reward model r is from Step 2

⋆ no transition dynamics

High-dimensional, nonconvex =⇒ parameter optimization



Policy gradient: REINFORCE

■ NO TRANSITION DYNAMICS

∇θ Ex

[
Ey∼πθ(· |x)[ r(x, y) ]− β DKL(πθ(· |x) ∥πref(· |x))

]
= ∇θ Ex

[
Ey∼πθ(· |x)

[
r(x, y)− β log

πθ(y |x)
πref(y |x)

] ]
= Ex

[
Ey∼πθ(· |x)

[
(r̃(x, y)− β)∇θ log πθ(y |x) ] ]

r̃(x, y) = r(x, y)− β log πθ(y |x)
πref(y |x) – regularized reward

⋆ on-policy unbiased estimate

⋆ off-policy unbiased estimate

Ex

[
Ey∼πoff (· | x)

[
πθ(y |x)
πoff(· |x)

(r̃(x, y)− β)∇θ log πθ(y |x)
] ]



RLHF in distribution space

■ DISTRIBUTION OPTIMIZATION

maximize
π

Ex

[
Ey∼π(· |x)[ r(x, y) ]− β DKL(π(· |x) ∥πref(· |x))

]
β > 0 – tradeoff parameter

⋆ optimal LLM policy π⋆

π⋆(y |x) = πref(y |x)er(x,y)/β
1

Z(x)

Z(x) :=
∑

y′ πref(y
′ |x)er(x,y′)/β – normalization constant

Intractable normalization



Correspondence between policy and reward

π⋆(y |x) = πref(y |x)er(x,y)/β
1

Z(x)

⋆ from reward to LLM policy

⋆ from LLM policy to reward

r(x, y) = β log
π⋆(y |x)
πref(y |x)

+ β logZ(x)

Correspondence, up to a y-independent constant



Reward representation trick

Data set : D = {x(i), y(i)1 , y
(i)
0 }Ni=1

Reward modeling: maximizer E(x,y1,y0)∼D [ logP(y1 ≻ y0 |x) ]

■ REWARD REPRESENTATION

E(x,y1,y0)∼D [ logP(y1 ≻ y0 |x) ]

= E(x,y1,y0)∼D [ log σ(r(x, y1)− r(x, y0)) ]

= E(x,y1,y0)∼D

[
log σ

(
β log

π⋆(y1 |x)
πref(y1 |x)

− β log
π⋆(y0 |x)
πref(y0 |x)

)]

⋆ preference-based objective

maximize
π

E(x,y1,y0)∼D

[
log σ

(
β log

π(y1 |x)
πref(y1 |x)

− β log
π(y0 |x)
πref(y0 |x)

)]



RLHF in parameter space

■ PARAMETER OPTIMIZATION

maximize
θ

E(x,y1,y0)∼D

[
log σ

(
β log

πθ(y1 |x)
πref(y1 |x)

− β log
πθ(y0 |x)
πref(y0 |x)

)]

⋆ nonconvex parameter optimization

r̂(x, y) := β log πθ(y |x)
πref(y |x) – reward parametrization

■ POLICY GRADIENT (DIRECT PREFERENCE OPTIMIZATION, DPO)

∇θE(x,y1,y0)∼D

[
log σ

(
β log

πθ(y1 |x)
πref(y1 |x)

− β log
πθ(y0 |x)
πref(y0 |x)

)]
= E(x,y1,y0)∼D [σ (r̂(x, y0)− r̂(x, y1)) (∇θ log πθ(y1 |x)−∇θ log πθ(y0 |x)) ]



Summary

■ ALIGNMENT OF LLM

■ REWARD MODELING

Likelihood maximization

■ REWARD-BASED ALIGNMENT

Policy gradient: REINFORCE and DPO

■ CHALLENGES

Multiple objectives, general preference


