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ProRL
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“Does reinforcement learning truly unlock new reasoning 
capabilities from a base model, or does it merely optimize the 
sampling efficiency of solutions already embedded in the base 

model?”
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ProRL: Nemotron-Research-Reasoning-Qwen-1.5B

4

KL Divergence Periodic Reference Model ResetGRPO(+DAPO techniques)Deepseek R1-1.5B + + +

Nemotron-Research-Reasoning-Qwen-1.5B

Base Clip Higher & Dynamic Sampling Stability “Key” of Prolonged Learning
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ProRL: KL Divergence & Periodic Reference Model Reset
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Recent works have excluded KL Divergence 
=> base model prior SFT

Here, base mode is well-initialized checkpoint 
(DeepSeek-R1-Distill-Qwen-1.5B)
=> Bring KL divergence for both stability and sustained 
entropy

However, KL term may increasingly dominate the loss, 
leading to diminishing policy updates

=> Bring Reference Model Reset => Continue to improve
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Insight 1:The Weaker the Start, the Stronger the 
Gain with ProRL
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Negative correlation between the base model’s reasoning boundary and the 
extent of reasoning improvement after RL training
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Insight 2-(1): ProRL’s Reasoning Boundaries: 
Diminish, Plateau, and Sustained Gains
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“Decreased or unchanged reasoning capacity”

pass@128 : reflect broader reasoning ability
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Insight 2-(2): ProRL’s Reasoning Boundaries: 
Diminish, Plateau, and Sustained Gains
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Increase in both pass@1 and pass@128

However, these gains are largely achieved early in training
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Insight 2-(3): ProRL’s Reasoning Boundaries: 
Diminish, Plateau, and Sustained Gains
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Continued improvements in reasoning capacity

Tasks which require extensive exploration 
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Insight 3: Enhances Out-of-Distribution 
Reasoning
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Not seen during training
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Insight 4: pass@1 Distributions Evolution
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Part I: Tricks or Traps? A Deep Dive into RL for 
LLM Reasoning
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“Absence of standardized guidelines for applying RL techniques and 
a fragmented understanding of their underlying mechanisms”

1. Normalization
2. Clip-Higher
3. Loss Aggregation
4. Overlong Filtering
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Analysis 1: Normalization
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Mean: local(group) level
Std: global(batch) level)
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Analysis 1: Normalization
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Analysis 2: Clip-Higher – Base vs Aligned
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CH(Base) < CH(Aligned)

Why?

Clipping rate of Base model: 0.003

Naive policy expressiveness hinders
exploration
=> No use
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Analysis 2: Clip-Higher – Small vs Large 
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Small model: Accuracy(0.32) > Accuracy(0.28)
Larger model: Accuracy(0.32) < Accuracy(0.28)
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Analysis 3: Loss Aggregation – seq vs token
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Base model: Token-level loss

Aligned model: Sequence-level loss
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Analysis 4: Overlong Filtering – long vs short
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Short Threshold (8k) Threshold 20k

What primarily filtered Samples that are long due to extended 
reasoning

Unproductive or "negative" samples that 
contribute little to model learning

Model will produce shorter, more concise responses, 
discouraging excessive verbosity

generate longer responses in comparison to 
the vanilla policy.

Benefits substantial diminished

“Meanwhile, if practitioners expect that LLMs generate extremely long reasoning paths, data mask
may remove pathological outputs without significantly affecting valid reasoning sequences”
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Simple Combination: Lite PPO
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Normalization: group-level mean calculation and batch-level standard deviation calculation
+

Token-level loss aggregation emerges as another highly effective technique for non-aligned models
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JustRL: Scaling a 1.5B LLM with a Simple RL Recipe 
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“Multi-stage training pipelines, dynamic hyperparameter schedules,
adaptive temperature controls…Is this complexity necessary?
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JustRL: RL Comparisons

21



COCO Lab

JustRL: Settings and Results
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Core Algorithm : GRPO 

What kept simple
- Single-stage training
- Fixed hyperparameters
- Standard data
- Basic Prompting
- Length Control

One technique used 
- Clip-higher (entropy control)
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JustRL: Results and Comparisons
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JustRL: Limitation

1. Limited to mathematical reasoning tasks

2. Cannot definitively isolate which specific components are most 
critical to our success.

3. Their compute budget may still be prohibitive for resource-
constrained researchers

4. Not explored whether their approach maintains advantages when 
pushed to even longer training horizons or whether additional 
techniques might become necessary at scale
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