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Background
• GRPO(2024):


￼ 


• The derived gradient is a biased estimation of the intended off-policy objective


￼ 


Where ￼ , ￼ 


(Consistent with URKL/UKL in RPG framework)


𝒥GRPO(θ) = 𝔼q∼P(Q),{oi}∼πold[ 1
G

G

∑
i=1

1
|oi |

|oi|

∑
t=1

(JClip
i,t (θ) − β ⋅ KLest(πθ( ⋅ |hi,t)∥πref( ⋅ |hi,t)))]

̂KL GRPO-corrected(hi,t; θ) = 𝔼oi,t∼πold(⋅|hi,t)[wi,t k3(
πref(oi,t |hi,t)
πθ(oi,t |hi,t) )]

wi,t = πθ(oi,t |hi,t)/πold(oi,t |hi,t) k3(y) = y − log y − 1



On the Design of KL-Regularized Policy Gradient 
Algorithms for LLM Reasoning
• We derive policy gradients and 

corresponding surrogate losses for 
Forward/Reverse KL, in normalized (KL) 
and unnormalized (UKL) forms, under off-
policy sampling with importance weights.


• We give both fully differentiable surrogates 
and REINFORCE-style losses (with stop-
gradient) and prove their gradient-
equivalence to the intended regularized 
objective.


• We introduce RPG-Style Clip, a truncated-
importance REINFORCE estimator (PPO-
Clip–like) that substantially improves 
stability and variance control while 
preserving the RPG gradients.

• We reveal the equality between the ￼  
estimator and unnormalized KL, and show 
that GRPO’s KL penalty omits an essential 
importance weight under off-policy sampling. 
We provide a corrected estimator and loss 
consistent with the intended objective.


• We present an iterative training framework 
that periodically updates the reference model 
to satisfy KL constraints while allowing the 
policy to depart meaningfully from the initial 
checkpoint.


• On math reasoning, RPG-REINFORCE (with 
RPG-Style Clip) yields stable and scalable 
training and outperforms DAPO by up to +6 
absolute points on AIME24/25.

k3



Preliminaries
• Policy gradient (PG) methods are a cornerstone of modern reinforcement learning (RL), 

optimizing parameterized policies ￼  by estimating the gradient of an expected objective 
function ￼  with respect to the policy parameters ￼ . 


• Typically, ￼  represents the expected cumulative discounted reward over trajectories 
￼  generated by the policy: 


￼ 


where ￼  is the trajectory return (with discount factor ￼ ), and the 

expectation is taken over the trajectories sampled according to the policy ￼  and 
the environment dynamics ￼ . 

πθ
J(θ) θ

J(θ)
τ = (s0, a0, r0, s1, …, sT, aT, rT)

J(θ) = 𝔼τ∼πθ
[G(τ)]

G(τ) =
T

∑
t=0

γtrt γ

πθ(a |s)
p(s′￼|s, a)



Preliminaries
• Generalized Policy Gradient Theorem


• Let ￼  be a scalar-valued function associated with ￼ , potentially depending on ￼ . Under suitable 
regularity conditions, the gradient of the expectation ￼  with respect to ￼  is:


￼ 


• REINFORCE algorithm (1992)


• It applies ￼ . In this case, ￼ :


￼ 


where ￼  is the return-to-go from timestep ￼.

f(x, θ) x θ
𝔼x∼πθ

[ f(x, θ)] θ

∇θ𝔼x∼πθ
[ f(x, θ)] = 𝔼x∼πθ [f(x, θ)∇θlog πθ(x) + ∇θ f(x, θ)]

J(θ) = 𝔼τ∼πθ
[G(τ)] f(τ, θ) = G(τ)

∇θJ(θ) = 𝔼τ∼πθ [
T

∑
t=0

Gt ∇θlog πθ(at |st)]
Gt =

T

∑
k=t

γk−trk t



Background
• KL Regularization in Policy Gradient


• Asymmetricity: ￼ . 


• Minimizing the forward KL ￼  encourages ￼  to cover the support of ￼  (zero-
forcing)


• Minimizing the reverse KL ￼  encourages ￼  to be concentrated where ￼  has 
high probability mass (mode-seeking).


• Adding a KL penalty to the RL objective, such as ￼ : 

• Helps control the policy update size

• Prevents large deviations from ￼ 

• Encourages exploration near known good policies

• Mitigate issues like catastrophic forgetting or overly confident outputs

KL(P ∥ Q) ≠ KL(Q ∥ P)

KL(πref ∥ πθ) πθ πref

KL(πθ ∥ πref) πθ πref

J(θ) = 𝔼πθ
[R] − βKL(πθ∥πref)

πref



Overview



Forward KL Regularization
• Consider the objective function with forward KL regularization:


￼ 


• The gradient of ￼  with respect to ￼  is:


￼ 


• A corresponding surrogate loss is:


￼ 


• which satisfies ￼ .

JFKL(θ) = 𝔼x∼πθ
[R(x)] − βKL(πold ∥ πθ)

JFKL(θ) θ

∇θJFKL(θ) = 𝔼x∼πold [(w(x)R(x) + β)∇θlog πθ(x)]

ℒFKL(θ) = 𝔼x∼πold[ − w(x)R(x) − β log πθ(x)]
∇θℒFKL(θ) = − ∇θJFKL(θ)



Unnormalized Forward KL Regularization

• In scenarios where distributions might not be normalized (i.e., ￼ ), 

the standard KL divergence might not fully capture the dissimilarity. The 
unnormalized forward KL divergence addresses this by adding a mass 
correction term. 


• Let ￼  be a potentially unnormalized reference measure with total mass 

￼ . Let ￼  be the corresponding 

normalized probability distribution, such that ￼ .

∫x
π(x)dx ≠ 1

πold(x)
Zold = ∫x

πold(x)dx π̃old(x) = πold(x)/Zold

∫ π̃old(x)dx = 1



Unnormalized Forward KL Regularization
• The unnormalized forward KL divergence is:


￼ 


• Consider the objective using UKL regularization as follows:


￼ 


• The corresponding surrogate loss for gradient descent optimization:


￼

UKL(πold∥πθ) = ∫x
πold(x)log

πold(x)
πθ(x)

dx

Generalized KL

+ ∫x
(πθ(x) − πold(x)) dx

Mass Correction

JUFKL(θ) = 𝔼x∼πθ
[R(x)] − β UKL(πold∥πθ)

ℒUFKL(θ) = Zold𝔼x∼π̃old [−w(x)R(x) + β(w(x) − log w(x) − 1)]



Unnormalized Reverse KL Regularization
• The objective of URKL:


￼ 


• A corresponding surrogate loss for URKL:


￼ 


satisfying ￼ 


• Remark: the ￼  estimator for KL divergence is equivalent to Unnormalized KL 
Regularization.

JURKL(θ) = 𝔼x∼πθ
[R(x)] − β UKL(πθ∥πold)

ℒURKL(θ) = Zold𝔼x∼π̃old [−w(x)R(x) + β(w(x)log w(x) − w(x))]
∇θℒURKL(θ) = − ∇θJURKL(θ)
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Regularized Policy Gradients



REINFORCE-Style Regularized Policy Gradients
• Notice that the gradients derived previously share a structural similarity with 

the REINFORCE estimator:


￼ 


• REINFORCE-style approach (SG: Stop-Gradient):


￼ 


￼

∇θJ(θ) = 𝔼x∼πsampling [Weight(x, θ)∇θlog πθ(x)]

ℒREINFORCE−style(θ) = − 𝔼x∼πsampling [SG (Weight(x, θ)) log πθ(x)]
∇θℒREINFORCE−style(θ) Autodiff= − 𝔼x∼πsampling [SG (Weight(x, θ))∇θlog πθ(x)]



REINFORCE-Style Regularized Policy Gradients



RPG-Style Clip: dual-clip truncation of importance 
ratios

• Large importance ratios ￼  induce high variance and destabilize 

off-policy updates. 


• RPG-Style Clip follows the dual-clip method: 


• we clip ￼  into ￼  and additionally impose a lower bound for 
negative advantages. Let ￼  denote the regularized advantage analogue 
determined by the chosen objective (e.g., ￼ , 
￼ ). The loss used in our implementation is


￼

w(x) =
πθ(x)

πold(x)

w [1 − ϵ1, 1 + ϵ2]̂A(x; θ)
̂AURKL = (R − b) − β log w

̂ARKL = (R − b) − β(log w + 1)

ℒRPG-Clip(x, θ) =
max( − w(x) ̂A(x; θ), − clip(w(x), 1 − ϵ1, 1 + ϵ2) ̂A(x; θ)), ̂A(x; θ) ≥ 0,

[0.5ex] min( max( − w(x) ̂A(x; θ), − clip(w(x), 1 − ϵ1, 1 + ϵ2) ̂A(x; θ)), − c ̂A(x; θ)), ̂A(x; θ) < 0,



RPG-Style Clip: dual-clip truncation of importance 
ratios



RPG-Style Clip: dual-clip truncation of importance ratios



Experiments on Qwen3-4B



Experiments on Qwen3-4B



Experiments on Qwen3-4B



Experiments on Qwen3-4B



Takeaways
• We provided derivations for policy gradients and surrogate loss 

functions covering forward/reverse KL, normalized/
unnormalized distributions, and both fully differentiable and 
REINFORCE-style estimators. 


• Beyond derivations, we revisited the classical REINFORCE 
algorithm and made it viable off-policy through RPG-Style Clip 
and iterative reference updates. 


• On LLM reasoning, these design choices deliver stable and 
scalable training with competitive and superior accuracy 
relative to strong baselines. 
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Paper and Code
• Paper:


https://arxiv.org/pdf/2505.17508


• Code:


https://github.com/complex-reasoning/RPG

Thank you!


