
Language model reinforcement learning at a glance

Core loss L(θ) per RL algorithm
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Clipped Importance Sampling
Policy Optimization
(CISPO)
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where sg(·) = stop gradient

Other core equations

RLHF Objective J(θ) = max
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Notation

x, y Prompt, completion At Advantage estimate

yc, yr Chosen / rejected completion β KL penalty coefficient

yc ≻ yr yc is preferred over yr σ(z) Sigmoid: 1/(1 + e−z)

πθ Policy (the model being trained) DKL(P∥Q) KL divergence between P and Q

πref Reference policy (frozen copy) Gt Return:
∑∞

k=0 γ
kRt+k+1

πθold Policy at start of RL batch updates V (s) Value: E[Gt | St = s]

rθ(y | x) Reward model score
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