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LLMs have achived excellent performance in general language tasks. They

also changed the way AI approaches mathematical reasoning. However,

the strongest mathematical reasoning models today are mostly closed-

source, such as GPT-4 and Gemini, leaving a significant gap for the open

source community. This motivates the development of DeepSeekMath, an

open model designed for strong mathematical reasoning.

Background
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• DeepSeekMath Corpus

• Three Model Versions:

• DeepSeekMath-Base 7B (Math Pre-training)

• DeepSeekMath-Instruct 7B (SFT)

• DeepSeekMath-RL 7B (RL)

• Group Relative Policy Optimization Algorithm (GRPO)

• Performance Evaluation

Key Contributions
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Data Collection pipeline and Decontamination

Math Pre-training



6

Training Setup:

• Base model: DeepSeek-LLM 1.3B

• Training 150B tokens on each math corpus

• Compare performance across multiple math 

benchmarks

Math Pre-training

Validating the Quality of the DeepSeekMath Corpus

Optimizer AdamW

Beta1,2 0.9,0.95

Max LR 5.3e-4

Batch Size 4M tokens

Context 4K
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Validating the Quality of the DeepSeekMath Corpus

Math Pre-training

• High performance across multiple math 

benchmarks

• Contains multilingual Math Content

• Largest math corpus in size
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Setup:

• Initialized with DeepSeek-Coder-Base-v1.5 7B

• Trained for 500B tokens

• Data distribution:

DeepseekMath-Base 7B
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Math Problem Solving with Step-by-Step Reasoning

Training with DeepseekMath-Base 7B
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Math Problem Solving with Tool Use and Formal Proving

Training with DeepseekMath-Base 7B

Natural Language Understanding, Reasoning, and Code
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Dataset:

• 776K math instruction examples

• English and Chinese meth problems (GSM8K, 

MATH)

• Covers topics such as algebra, probability, number 

theory, calculus, and geometry

Reasoning Formats:

• Chain-of-Thought (CoT)

• Program-of-Thought (PoT)

• Tool-integrated reasoning

Training:

• Fine-tuned from DeepSeekMath-Base 7B

• Training sequences concatenated up to 4K context 

length

DeepSeekMath-Instruct 7B
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Solution SFT dataset are created using three different formats

Solution SFT

Deep (Learning) Focus - Group Relative Policy Optimization (GRPO). Cameron R. Wolfe (2025). Group Relative Policy Optimization (GRPO)

https://cameronrwolfe.substack.com/p/grpo
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RL from Human Feedback (RLHF) – Neural Reward (derived from a human preference reward model)

RL with Verifiable Rewards (RLVR) – Verifiable Reward (derived from rules-based or heuristic verifier)

Reinforcement Learning for LLMs

Deep (Learning) Focus - Group Relative Policy Optimization (GRPO). Cameron R. Wolfe (2025). Group Relative Policy Optimization (GRPO)

https://cameronrwolfe.substack.com/p/grpo
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Policy Gradient Methods for Reinforcement Learning with Function Approximation

(Sutton, 1999)

Policy Gradient Methods in Reinforcement Learning

Policy Gradient Methods in Reinforcement Learning. Vizuara AI (2025). Policy Gradient Methods in Reinforcement Learning

∇𝜃𝐽 𝜋𝜃 = 𝔼 ෍

𝑡=0

𝑇

∇𝜃 log𝜋𝜃 𝑎𝑡 𝑠𝑡 𝐴𝜋𝜃 𝑠𝑡, 𝑎𝑡

https://vizuara.substack.com/p/policy-gradient-methods-in-reinforcement
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Trust Region Policy Optimization

Proximal Policy Optimization

- Same surrogate objective but using clipping instead of hard KL constraint

- Simple, stable, efficient, first-order

From TRPO to PPO

Policy Ratio 𝑟𝑡 𝜃

Deep (Learning) Focus - PPO for LLMs: A Guide for Normal People. Cameron R. Wolfe (2025). PPO for LLMs: A Guide for Normal People

Reward Model

Value Function 

(Critic)

https://cameronrwolfe.substack.com/p/ppo-llm
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Clipped Surrogate Objective

Policy Ratio (Important Ratio)

reinforcement learning - Where does the proximal policy optimization objective's ratio term come 

from? - Artificial Intelligence Stack Exchange

The difference between the two is that in 𝐿𝑃𝐺 states and actions are 
sampled using the original policy 𝜋𝜃. This means that once you perform one 

gradient update step you have to throw away the data and collect new.

In 𝐿𝐶𝑃𝐼 the states and actions are collected under 𝜋𝜃𝑜𝑙𝑑, which means that 

you can perform multiple updates with the same dataset. Obviously, if you 

perform only one update step with PPO you will get the vanilla PG. After the 

first update step the two objectives will differ.

https://ai.stackexchange.com/questions/37958/where-does-the-proximal-policy-optimization-objectives-ratio-term-come-from
https://ai.stackexchange.com/questions/37958/where-does-the-proximal-policy-optimization-objectives-ratio-term-come-from
https://ai.stackexchange.com/questions/37958/where-does-the-proximal-policy-optimization-objectives-ratio-term-come-from
https://ai.stackexchange.com/questions/37958/where-does-the-proximal-policy-optimization-objectives-ratio-term-come-from
https://ai.stackexchange.com/questions/37958/where-does-the-proximal-policy-optimization-objectives-ratio-term-come-from
https://ai.stackexchange.com/questions/37958/where-does-the-proximal-policy-optimization-objectives-ratio-term-come-from
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Advantage function: 𝐴 𝑠𝑡, 𝑎𝑡 = 𝑄 𝑠𝑡, 𝑎𝑡 − 𝑉 𝑠𝑡  

estimated by GAE

Temporal Difference (TD): 

one-step estimation using per-token predictions 

from the critic

GAE:

N-step advantage estimates by a mixing 

parameter 𝜆 

𝜆 = 0 single-step TD residual 

𝜆 = 1 recovers Monte Carlo estimate

PPO – Generalized Advantage Estimation (GAE)

Deep (Learning) Focus - PPO for LLMs: A Guide for Normal People. Cameron R. Wolfe (2025). PPO for LLMs: A Guide for Normal People

https://cameronrwolfe.substack.com/p/ppo-llm
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From PPO to Group Relative Policy Optimization (GRPO)

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models. Zhihong Shao, et al (2024). CoRR.
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GRPO Objective function

Samples group of outputs 𝑜1, 𝑜2, … , 𝑜𝐺  from the old policy 𝜋𝜃𝑜𝑙𝑑

GRPO Objective functions and update algorithm

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models. Zhihong Shao, et al (2024). CoRR.

Policy Ratio: 𝑟𝑡 𝜃

Advantage from 
relative rewards

KL EstimatorLength 
normalization

Policy Ratio: 

policy ratio = 1 at start, changes on next 

gradient step for the batch (>1 for +ve 

advantage or <1 if –ve). Commonly take 1 - 4 

gradient steps per batch before updating 𝜋𝜃𝑜𝑙𝑑
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Specialized LLM finetuned to predict human preference score for a given prompt and 

candidate completion

Reward Model

Deep (Learning) Focus - Group Relative Policy Optimization (GRPO). Cameron R. Wolfe (2025). Group Relative Policy Optimization (GRPO)

https://cameronrwolfe.substack.com/p/grpo
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PPO Per-token rewards. 𝜋𝑟𝑒𝑓 is the reference model (initial SFT model)

𝑟𝑡 = 𝑟𝜙 𝑞, 𝑎≤𝑡 − 𝛽 log
𝜋𝜃 𝑎𝑡 𝑞, 𝑎<𝑡
𝜋𝑟𝑒𝑓 𝑎𝑡 𝑞, 𝑎<𝑡

GRPO Removing the value network

Estimates baseline advantages by normalizing a group (batch) of rewards obtained from 

sampling multiple different outputs from the reference policy:

෢𝐴𝑖,𝑡 = ෥𝑟𝑖 =
𝑟𝑖 −mean 𝑟

std 𝑟

Rewards and Group Relative Advantages

Deep (Learning) Focus - Group Relative Policy Optimization (GRPO). Cameron R. Wolfe (2025). Group Relative Policy Optimization (GRPO)

https://cameronrwolfe.substack.com/p/grpo
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Sample a group of G outputs from the old policy 𝜋𝜃𝑜𝑙𝑑: {𝑜1, 𝑜2, … , 𝑜𝐺}

Outcome Supervision (OS) RL: 

Process Supervision (PS) RL:

For each output 𝑜𝑖 with 𝐾𝑖 steps, let 𝑖𝑛𝑑𝑒𝑥𝑖(𝑗) be the token index of the end token of

step j in output i:

Empirical study shows that GRPO+PS generally performs better

Outcome Supervision RL vs Process Supervision RL
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- Unbiased KL estimator and low variance, always positive (r > 0)

- Adds KL divergence term directly in loss to simplifies advantage calculation ෢𝐴𝑖,𝑡

- Reduce complex computation of per-token rewards (more frequent than the objective)

𝔻𝕂𝕃 𝜋𝜃 | 𝜋ref =
𝜋ref 𝑜𝑖,𝑡 𝑞, 𝑜𝑖,<𝑡

𝜋𝜃 𝑜𝑖,𝑡 𝑞, 𝑜𝑖,<𝑡
− 1 − log

𝜋ref 𝑜𝑖,𝑡 𝑞, 𝑜𝑖,<𝑡

𝜋𝜃 𝑜𝑖,𝑡 𝑞, 𝑜𝑖,<𝑡

KL Estimator

Deep (Learning) Focus - Group Relative Policy Optimization (GRPO). Cameron R. Wolfe (2025).  Group Relative Policy Optimization (GRPO), Approximating KL Divergence John Schulman

GRPO does not always perform multiple policy updates per batch of 

data. If we only perform a single policy update per batch, we have: 

https://cameronrwolfe.substack.com/p/grpo
http://joschu.net/blog/kl-approx.html
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• Generate new training sets for the reward model based on the sampling results from 

the policy model

• Training reward model using replay mechanism that incorporates 10% of historical data

• Update the reference model as policy model, training new policy model with new 

reward model

Iterative Supervision RL with GRPO
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PPO memory consumption during training:

 Training: Policy Model + Critic Model

 Inference: Reward Model + Reference Policy Model

Assume half precision (bf16/fp16)

During Inference: ~2GB per 1B (model size) to store model parameters

During training:  ~16GB per 1B (model size) to store, cache activations during forward 

pass, gradients during back pass, and gradient history for Adam

Memory Efficiency

GRPO - Replace critic with relative group advantages

With RLVR can further replace neural reward model with heuristic verifier 
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Results and Discussion
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RL based on DeepSeek-Instruct 7B.

Training Data: CoT GSM8K and MATH from SFT data, 144K questions.

Initial reward model: DeepSeekMath-Base 7B

GRPO: Sample 64 outputs, max length is set to 1024, batch size 1024

Performance surpasses all open-source models in 7B to 70B

DeepSeekMath-RL outperforms SFT model across all evaluation metrics

Training and Evaluating DeepSeekMath-RL
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• Code training Benefits Mathematical Reasoning – improves models' ability to do math 

reasoning, w/wo tool use. Experiment with DeepSeek-LLM 1.3B.

• One-stage mixed training is worse due to limited model scale, lacks the capacity to fully 

assimilate both code and math data.

• ArXiv Papers seem ineffective in improving mathematical reasoning

Lesson Learnt in Pre-Training
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Unified Paradigm to analyze different training methods (SFT, RFT, DPO, PPO, GRPO)

Insights of Reinforcement Learning

D: Online sampling > Offline sampling

GC: Model > Rule
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• RL enhances performance by rendering the output distribution more robust

• Boosting the correct response from Top K, rather than the enhancement of fundamental 

capabilities

Evaluation Metrics: Maj@K and Pass@K 

Maj@K – sample 𝐾solutions, extract their final 

answers, take the most frequent (majority/plurality) 

answer, and check if that voted answer is correct. 

Pass@K – problem is counted as solved if at least one 

of the 𝐾 sampled outputs is correct.
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GRPO Done Right – Tricks and Improvements

Dr. GRPO, Routing Replay, GSPO
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Limitations of vanilla GRPO

• Noise and instability during training process

• Excessive response lengths, especially in incorrect answers

• Collapse of LLM’s entropy (reduced exploration)

• Poor sample efficiency and slow learning

Limitations and Problems

Deep (Learning) Focus - GRPO++: Tricks for Making RL Actually Work. Cameron R. Wolfe (2025). https://cameronrwolfe.substack.com/p/grpo-tricks 

https://cameronrwolfe.substack.com/p/grpo-tricks
https://cameronrwolfe.substack.com/p/grpo-tricks
https://cameronrwolfe.substack.com/p/grpo-tricks
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Response-level length bias: GRPO objective prefer shorter but better output; also penalize more on shorter but 

worse output.

Question-level difficulty bias: Questions with lower SD are given higher weights during policy update. Question-

level normalization results in varying weights in easy and hard questions.

Modification from the GRPO objectives

Understanding R1-Zero-Like Training: A Crit ical Perspective. Zichen Liu, et al (2025). COLM 2025.
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Routing Replay training strategy: cache activated experts in old policy and replay these 

routing modes (MoE model) so they policy ratio compute with same activated network

Routing Replay and Group Sequence Policy Optimization

Group Sequence Policy Optimizat ion. Chujie Zheng, et al (2025).
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Data Source:

- RL pipeline on out-of-distribution question prompts, in conjunction with advanced sampling 

(decoding strategies)

- Efficient inference techniques that determine the exploration efficiency of policy models

Algorithm:

- All methods fully trust the signal of the reward function, regardless of signal reliability

- Annotated datasets like PRM800K contain approx. 20% of incorrectly annotations

- RL algorithm robust against noisy reward signals, e.g., weak-to-strong alignment

Reward Function:

- Enhance the generalization ability of the reward model to handle out-of-distribution questions and 

advanced decoding outputs

- Reflect the uncertainty of the reward model

- Efficiently build high-quality process reward models that provide fine-grained training signals for 

the reasoning process

More Effective RL
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• DeepSeekMath achieved strong performance on the benchmarks and outperformed all 

existing open-source models

• Group Relative Policy Optimization (GRPO) improves reasoning performance with 

lower memory cost

• Does the dataset contain bias toward certain math topics?

• How well the performance might be with different math domains beyond the 

benchmarks from the paper?

• Can scaling the model to larger sizes

• Can expand the dataset to cover more mathematical domains

Conclusion

Possible Future Work

Questions
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Appendix: From PPO to GRPO

Group Relative Policy Optimization (GRPO) I llustrated Breakdown. Ebrahim Pichka (2025). Group Relative Policy Optimization (GRPO) I llustrated Breakdown | Ebrahim Pichka

https://epichka.com/blog/2025/grpo/
https://epichka.com/blog/2025/grpo/
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