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GRPO: Policy Optimization History



GRPO: Policy Optimization History

1. Bellman, et al. ~1950s: Dynamic Programming, Control Theory
a. Objective Function: E[R]  = Sum (reward_t=0 + reward_t=1 + …)
b. reward_t ~ Reward( given action a_t & states s_t, s_t-1)
c. s_t ~ Transition(a_t, s_t-1)
d. a_t ~ Policy(s_t-1)
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b. reward_t ~ Reward( given action a_t & states s_t, s_t-1)
c. s_t ~ Transition(a_t, s_t-1)
d. a_t ~ Policy(s_t-1)

2. Alexandrov ~1968, Williams 1992: REINFORCE
a. What if Policy P(s, theta)? How do we optimize P?
b. What is ∇E[R]?
c. Answer: ∇E[R] = E[∇ logP(theta) * R]
d. Better Estimator: ∇E[R] = E[∇ logP(theta) * (R-b)] 

i. (b… baseline) 
ii. A = R-b (A…Advantage)
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GRPO: GRPO Algorithm Summary

1. Key Difference:
a. Advantage Term (A)
b. In GRPO we can save one model, and estimate from “Group Estimator”.

PPO

GRPO



GRPO: GRPO Algorithm

General Advantage Estimator (GAE)



GRPO: GRPO Training Pipeline
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GSPO: Group Sequence Policy Optimization
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GSPO: Motivation

1. Training Instability for GRPO:
a. CISPO (MiniMax Paper (https://arxiv.org/pdf/2506.13585)) 

i. Problem 1: Logprobs between Inference Engine (e.g. vllm) 
& Training Engine different

ii. Problem 2: Clipping of Tokens that are important leads to 
failed learning

iii. Solution: They Propose clipping importance ratio (not 
actual gradient update) & higher accuracy for log-probs

b. GSPO: 
i. Problem 1: PPO/GRPO require clipping due to (locally) 

off-policy nature of training
ii. Problem 2: Fundamentally ill-posed objective

https://arxiv.org/pdf/2506.13585


GSPO: Motivation (ill-posed objective)



GSPO: Algorithm



GSPO: Results



GSPO: Results (Routing Replay)



GSPO: Benefits

1. Solves ill-posed problem (more stability)

2. Solves MoE sparse activation problem (full capacity of MoE)

3. Solves Floating-point problem (minimax) (faster training engine)

4. Question: Important tokens clipping? (needs more investigation)
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Conclusions & Takeaways

1. Reading old-papers is very relevant (both for understanding & developing new 
methods, e.g. PPO) and for building new methods (e.g. fastText).

2. GRPO is quite a successful algorithm. However, careful analysis reveals short-comings.

3. Need to analyse carefully (CISPO, GSPO) to actually understand how to improve the 
algorithm: 
a. Floating Point stability, 
b. Clipping of Important Tokens, 
c. ill-posed GRPO objective, 
d. MoE different activations, etc.



Concrete Todos:

When doing RL training:

1. Look at token entropy

2. Look at clipping ratios (which tokens get clipped how often)

3. Look at training vs. inference (log-probs)

4. Look at noise level of gradient updates (need more normalization)

5. Look at general in-efficiencies in training setup
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