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RL from Human F&Edbac:k O Inverse RL (Russell 1998, Ng&Russell 2000, ...)

O Dueling bandits (Yue&Joachims 2000, Ailon,
Karnin&Joachims, 2014, ...)

U Preference-based RL (Ak tal. 2011,
= Learn from Reward v.s. Learn from Preference ~ G cgeta 2o, (Akrour et a
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RLHE: The GPT-4 Approach

= Bradley-Terry (BT) Preference Model + Reward Inference + PPO (achiam et a1. 2023)
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Reward model: 13,(s,a)

Proximal Policy Optimization (PPO)

Reward inference (Schulman et al. 2017)
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Theoretical analysis of RLHF

O Value-based (Wang, Liu&]Jin 2023, ...)

O Policy-optimization-based (Du et al. 2024, ...)

Reward model: 13,(s,a)

Proximal Policy Optimization (PPO)
Reward inference (Schulman et al. 2017) @



RLHE: The GPT-4 Approach

= Bradley-Terry (BT) Preference Model + Reward Inference + PPO (achiam et a1. 2023)
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Issues of reward inference (Casper et al. 2023)
0 reward model evaluation without ground
truth

[ distribution shift

U overfitting in joint reward model and policy
training

Reward model: 1, (s, a)

Proximal Policy Optimization (PPO)
Reward inference (Schulman et al. 2017) @



Direct Preference Optimization

- DPO (Rafailov et al. 2023)
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[ P(z; > 7,) = function of T* J O m| MDPs (Rafailov et al. 2024)
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RLHF without Reward Inference for

General RL Problems
feedback (71 > 79)

preference model

To) = U(T'(T1) - T(To)) o, TT




General RL, Parameterized Policy, Uncountable (s,a)

- DPO (Rafailov et al. 2023)
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Leroth-Order Optimization

= TWO-pOiI'lt, zeroth-order Optimization (Nesterov&Spokoiny, 2017)

max f (x)

h
Xev1 = X¢ + .U_Z (f(xt + pueve) — f(x) vy

= v;: sampled uniformly from a unit sphere

when function

when function value increases (f (x; + yuv;) — f(x;) > 0)
®
‘/c/vtv
(] _vt Xt

value decreases (f (x; + puv:) — f(x;) < 0)
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Leroth-Order Optimization

= Two-point, zeroth-order optimization
(Nesterov&Spokoiny, 2017)

max f (x)
h
Xev1 = X¢ + #_Z (f(xt + puevy) — f () )vy

= v;: sampled uniformly from a unit sphere

Policy optimization in RL

max V(mg)

Value function V(ne t) under policy mg,

Parameter 6, that defines policy 7y,
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Leroth-Order Optimization

= Two-point, zeroth-order optimization Policy optimization in RL
(Nesterov&Spokoiny, 2017)
max V(mg)
max f (x) /_/> Value function V(my, ) under policy g,
he
Xty1 = X¢ + . v,
- ) Parameter 6, that defines policy 7y,

= v;: sampled uniformly 8m a unit sphere

How to obtain the value function difference?

Human feedback!
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Leroth-Order Policy Gradient from Human Feedback

Q ZPG: 0,41 = 0 + 2 (V(mo,100,) = V(70,) ) 0t

Q ZPG in HF: 0,,, = 6, + % G0,
t

Q. Zhang and L.Ying. Reinforcement Learning from Direct Human Feedback via Zeroth-Order Policy Gradient. ICLR, 2025. @



Leroth-Order Policy Gradient from Human Feedback

Current policy mg, = N trajectories {Tn,o} S
1 M human evaluations {on,l, "t On,M}
. for each pair of trajectories {Tnll, Tn,0 }
Perturbed pO]']'CY 7T9t+utvt — N tra]eCtO.'fleS {T’I’l,l} .
Update the policy  ¢mms=  Estimate value function difference  ¢===m  Estimate the preference

h¢ probability from human
Ory1 =0 +—Ggev
th1 = Pe T gVt %0 (pen) Y (T(Tn,l) _ T(Tn,o)) feedback

t' g\t ~ N 1-A
~ V(T[9t+ﬂtvt) - V(T[Qt) Pen = (Z On,m) ~ ]P)(Tn,l s Tn'o)
A

Challenge: a biased estimator of M
the value function difference

m

€
Q. Zhang and L.Ying. Reinforcement Learning from Direct Human Feedback via Zeroth-Order Policy Gradient. ICLR, 2025. O



Rate of Convergence

/Theorem: ZPG has the following rate of convergence to a stationary point:
5(H, d2,/logM . Hdd
T VM VN

* d:policy dimension

 T:number of policy gradient steps

* N:number of trajectory pairs per pg step
& M: number of human preferences per trajectory pair /

@

Q. Zhang and L.Ying. Reinforcement Learning from Direct Human Feedback via Zeroth-Order Policy Gradient. ICLR, 2025.



Experiments

= Stochastic Gridworld
= Softmax policy parameterization
= Bradley-Terry human feedback
= Weibull human feedback
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Thanks!
Questions?
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