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“Perfection is achieved, not when there is nothing more to add, but when 

there is nothing left to take away.”

——— Antoine de Saint-Exupéry, Airman’s Odyssey
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Background

➢ 2025 is a year of reasoning models trained via large scale RL

• Extended thinking through long CoT

• SoTA performance on challenging reasoning benchmarks
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Background

➢ How expensive is RL training today?

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models

From PPO to GRPO, we have eliminated the value model
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Background

➢ How expensive is RL training today?

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models

For GRPO, we can further eliminate

• Reference Model: w/o KL regularization

• Reward Model: From RLHF to RLVR (Verifiable Rewards)
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Background

➢ How expensive is RL training today?

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models

Even with this minimal setup, the cost is still high

• 32× A800-80GB GPUs

• Batch size 64, n=8 rollouts, 16k max context

• ~5 minutes per training step
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Background

➢ How complex is RL training today?
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Tune Hyperparameters
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Length Control
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Background

➢ How complex is RL training today?

Early 2025 Mid 2025 Late 2025

Length Control

Think Shorter, then Longer
(8k -> 16k -> 24k)

Alternate L2S and S2L
(8k -> 16k -> 24k -> 16k)

Scheduled Cosine 
Length Penalty

Overlong Filtering
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Background

➢ How complex is RL training today?

Part I: Tricks or Traps? A Deep Dive into RL for LLM Reasoning
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Background

➢ How complex is RL training today?

Part I: Tricks or Traps? A Deep Dive into RL for LLM Reasoning

Tricks or Traps?
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Background

➢ How complex is RL training today?

The Art of Scaling Reinforcement Learning Compute for LLMs
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Background

➢ How complex is RL training today?

The Art of Scaling Reinforcement Learning Compute for LLMs

The Art of Compute?

400,000+ GPU Hours
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Background

➢ How complex is RL training today?

Different backbones

• DeepSeek-R1-Distill-Qwen-1.5B

• OpenMath-Nemotron-1.5B

• Qwen3-1.7B
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Background

➢ How complex is RL training today?

Tune PromptsTune HyperparametersEntropy Control

Length ControlReset KL ReferenceDynamic Sampling

More Training StagesAdaptive TemperatureRollout Rescue

RL Researcher's Dilemma

……

……

……
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Background

➢ How complex is RL training today?

Tune PromptsTune HyperparametersEntropy Control

Length ControlReset KL ReferenceDynamic Sampling

More Training StagesAdaptive TemperatureRollout Rescue

Apply them all / Test them one by one

……

……

……
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Background

➢ How complex is RL training today?

KL Drift

Stage 3 Collapse

Prompt Sensitivity

Hyperparam Search

Gradient Explosion

Reward Hacking

Loss Spike

……

10+ tricks to validate

× 2 weeks per ablation (32 gpus)
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Background

➢ The real problem: 

• Tricks did work in some scenarios, but not always

• Different backbones, datasets, hyperparameters → different results

• Each new trick = +1 tunable parameter = +instability

➢ Our motivation: 

• Maybe we're adding complexity to solve problems created by other complexity

• What if stable, competitive training can be achieved with a simpler approach?

• Can we build a strong baseline instead?
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Background

What happens if we stop adding, and start subtracting?
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JustRL Recipe

➢ What we keep simple?

Multi-Stage Training

Dynamic Sampling

Prompt Engineering

Adaptive Temperature

Reset KL Reference

Length Control

……

Single-Stage Training w Clip Higher

Fixed Hyperparam

w/o Dynamic Sampling

Basic Prompting

w/o Length Penalty

w/o KL regularization

……
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JustRL Recipe

➢ Training setting

• Framework: veRL

• Dataset: DAPO-math-17k (repeated 100 times)

• Backbones: DeepSeek-R1-Distill-Qwen-1.5B and OpenMath-Nemotron-1.5B

• 32 A800-80GB GPUs for ~15 days

• Fixed hyperparams
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JustRL Recipe

➢ Evaluation setting

• 9 Challenging Math Benchmarks (Pass@1): 

• AIME 2024 (avg@32), AIME 2025 (avg@32), AMC 2023 (avg@32)

• MATH-500 (avg@4), Minerva Math (avg@4), OlympiadBench (avg@4)

• HMMT Feb 2025 (avg@32), CMIMC 2025 (avg@32), and BRUMO 2025 (avg@32)

• Configs:

• Temperature 0.7, Top-p 0.9, Max Tokens 32k

• Rule-based verifier adapted from POLARIS

• Augmented with model-based verifier CompassVerifier-3B

https://github.com/thunlp/JustRL
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Experiments

➢ Overview

• From Dpsk-Distill, JustRL-DeepSeek-1.5B achieves from 28% to 58% over 4,000 steps

• From Nemotron, JustRL-Nemotron-1.5B achieves final 70+ on AIME24
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Experiments

➢ Scaling a weaker base: JustRL-DeepSeek-1.5B (4,380 steps)

• Achieves 54.87% average across benchmarks, outperforming ProRL-V2’s 53.08%

• Despite ProRL-V2’s nine-stage training pipeline with dynamic hyperparameters and 

more sophisticated techniques

• Lead on six of nine benchmarks
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Experiments

➢ Scaling a weaker base: JustRL-DeepSeek-1.5B (4,380 steps)

• We match half of ProRL-V2’s compute budget while using a single-stage recipe with 

fixed hyperparameters

• BroRL requires 4.9× more compute by increasing rollouts to 512 per example
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Experiments

➢ Scaling a weaker base: JustRL-DeepSeek-1.5B (4,380 steps)

• Entropy oscillating between 1.0 and 1.6 at later training steps, simple clip higher 

technique is well-performed for large-scale RL

• Reward climbing from around -0.6 to +0.4 over training

• Response length naturally compresses to 4,000-5,000 tokens without any explicit 

length penalty, in line with other works like DLER (Doing Length pEnalty Right)

DLER: Doing Length pEnalty Right - Incentivizing More Intelligence per Token via Reinforcement Learning
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Experiments

➢ Scaling a stronger base: JustRL-Nemotron-1.5B (3,440 steps)

• Achieves 64.32% average, slightly outperforming QuestA’s 63.81%

• QuestA augments questions with partial CoT solutions as hints, requiring full reasoning 

trajectories generated by larger models for curriculum construction

• Lead on five of nine benchmarks
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Experiments

➢ Scaling a stronger base: JustRL-Nemotron-1.5B (3,440 steps)

• We use 2× less compute while achieving slightly better average performance without 

designing a complex curriculum as used in QuestA
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Experiments

➢ Contrast with typical RL

• ProRL: observe length drift -> introduce scheduled length penalties

• BroRL: hitting plateaus -> increase rollouts to hundreds

• ……
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Experiments

➢ What this suggests

• Simpler is always better?

• Simpler might actually be good

• JustRL simply don’t require the interventions that have become standard practice

➢ Contrast with typical RL

• ProRL: observe length drift -> introduce scheduled length penalties

• BroRL: hitting plateaus -> increase rollouts to hundreds

• ……

➢ So why? What contributes to this?

• We did want to know, so have a try in two following ablations
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Experiments

➢ When standard tricks actually hurt

• w/ Overlong Penalty: Add an explicit 

length penalty term for the last 4k 

tokens (as used in DAPO) to actively 

discourage verbose responses

• w/ Overlong Penalty and Robust 

Verifier: Further change to a more 

sophisticated DeepScaleR verifier to 

reduce false negatives (correct solutions 

misclassified as incorrect)
It shows differences after 2k steps training
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Discussion

➢ What this tells us

• Not all standard tricks transfer: The overlong penalty works in DAPO's context but 

hurts in ours. Techniques aren't universally beneficial; they interact with other design 

choices in complex ways

• Simpler isn't always easier to improve: We tried two seemingly reasonable 

modifications and both made things worse. This suggests our base recipe is achieving 

some balance that's easy to disrupt
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Discussion

➢ What we don’t know

• We demonstrate that JustRL works well, but can't isolate why

• Is it the hyperparameters? The training dataset? The verifier design?

• Limited to two backbones in mathematical reasoning at 1.5B scale

➢ When might complexity help

• Additional techniques may be valuable under some constraints

• Establish simple yet strong baselines first, then add complexity only when you identify specific 

problems it solves
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Conclusion
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Conclusion

If simplicity is sufficient more often than current practice assumes,

that seems worth paying attention to!

Models：https://huggingface.co/collections/hbx/justrl

Repo：https://github.com/thunlp/JustRL

 𝕏  Thread: https://x.com/HBX_hbx/status/1988474153436090776

Paper Link: https://arxiv.org/abs/2512.16649

Perhaps the novelty of this work lies in the absence of novelty

“Non sunt multiplicanda entia sine necessitate”

——— Occam's razor

https://link.zhihu.com/?target=https%3A//huggingface.co/collections/hbx/justrl
https://link.zhihu.com/?target=https%3A//github.com/thunlp/JustRL
https://x.com/HBX_hbx/status/1988474153436090776
https://arxiv.org/abs/2512.16649
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We are actively working on scalable RL!
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