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Before the lecture



It changes because of RL and LRMs

Large language models (e.g., large reasoning models)  with RL!



DeepSeekMath-V2 released this week



Core point

Generator Verifier
- Scoring (0, 0.5, 1)
- Text feedback

Meta-Verifier

Generate multiple answers Verify each answers  Verify these verification texts  

RL training with automatic feedback 



The first open-source Golden-level IMO solver 
(Gemini and GPT 5.1 is not open-sourced)



Language generalizes through reasoning in agents

It better interacts with the world with reasoning



The Hong Kong University of Science and
Technology

Creating a new 

algorithm or model 

architecture from 

scratch

Defining tasks for AI

e.g., MCP, Agent，
Environments, Skills

First vs. second half in AI 

Use an existing powerful AI to real-world problems！
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AIMO 3

AIMO 3 become an educational practice using smaller models 
https://www.kaggle.com/competitions/ai-mathematical-olympiad-progress-prize-3
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AIMO 2

We have solved 28 out of 50 problems, ranked 
9-14th among 2000 teams, equivalent to a 
golden medal. 
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20x smaller models achieves IMO Gold medal

https://arxiv.org/pdf/2603.19220



What is LLM reasoning?
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Complex reasoning task with CoT

Wei J, Wang X, Schuurmans D, et al. Chain-of-thought prompting elicits reasoning in large language models[J]. Advances in neural information processing systems, 2022, 35: 24824-24837.



The Hong Kong University of Science and
Technology

Recap: only Large LLM could do reasoning
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Long Chain of Thought (CoT)
O1 Solution

Long Chain of Thought (CoT)

+ Self-Reflection



O4-mini and O3









It enables zooming and rotating 

https://openai.com/index/introducing-o3-and-o4-mini/



What is new for Long CoT?
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Long CoT Patterns Emerging in RL Training

DeepSeek-R1 and Kimi-k1.5 choose the extremely simple recipe — Reinforcement Learning

Model naturally develops long CoT during RL

Not SFT, just base model

Guo, Daya, et al. "Deepseek-r1: Incentivizing reasoning capability in llms via reinforcement learning." arXiv preprint arXiv:2501.12948 (2025).
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Self-Reflection Emerging in RL

Example:

Without tree search and reward model, long CoT and self-reflection just naturally emerge.

Guo, Daya, et al. "Deepseek-r1: Incentivizing reasoning capability in llms via reinforcement learning." arXiv preprint arXiv:2501.12948 (2025).



The story starts from Open O1 
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Examples from Open AI O1

https://openai.com/index/learning-to-reason-with-llms/
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Examples from Open AI O1

https://openai.com/index/learning-to-reason-with-llms/



o1 Chain ofThought

o1 learns to hone its chain of thought

and refine the strategies it uses. It learns
to recognize and correct its mistakes. It

learns to break down tricky steps into

simpler ones. It learns to try a differ-

ent approach when the current one isn’t
working.

[OpenAI, 2024]



o1 CoT:Outlining
(a coding example)

Implementation Outline:
1. Capture input string as argument.
2. Remove any spaces (if any).
3. Parse input string to extract numbers as arrays.
- Since the input is in the format ’[1,2],[3,4]’, we can:
- Remove outer brackets if necessary.
- Split the string by ’],’ to get each row.
-For each row, remove ’[’ and ’]’, then split by ’,’ to get  
elements.
4. Build a 2D array in bash (arrays containing arrays).

[OpenAI, 2024]



o1 CoT:Planning

First, the cipher seems connected to the plaintext.

Given the time constraints, perhaps the easiest way  
is to try to see patterns.

Option 1: Try to find mapping from letters to letters.  

Do any letters match?

First, let’s write down the ciphertext and plaintext let-
ters on top of each other.

[OpenAI, 2024]



o1 CoT:Backtracking

Similarly, m(x)* (−x 2) = (−x2n + 2 + m2n−2x2n +
lower terms)m(x) * (−x 2) = (−x 2n + 2 + m 2n−2 x
2n + lower terms).

Wait, actually, this may not help us directly without
specific terms.An alternative is to consider the known
polynomials.

So m(x) = k ...

[OpenAI, 2024]



o1 CoT:Self-Evaluation

Let’s analyze each option.

Option A: “because appetite regulation is a field of  
staggering complexity.”

Is that a good explanation? Hmm.

Option B: “because researchers seldom ask the right  
questions.”

Does this make sense with the main clause?

[OpenAI, 2024]



Summary

• CoT provides test-time scaling

• CoT looks like search / planning in a classical sense

• RL needed to induce this behavior



How it works

We trained these models to spend more time thinking 
through problems before they respond, much like a person 
would. Through training, they learn to refine their thinking 
process, try different strategies, and recognize their 
mistakes.

https://openai.com/index/introducing-openai-o1-preview/



Techniques

Our large-scale reinforcement learning algorithm teaches the model how to think 
productively using its chain of thought in a highly data-efficient training process. We have 
found that the performance of o1 consistently improves with more reinforcement 
learning (train-time compute) and with more time spent thinking (test-time compute). 
The constraints on scaling this approach differ substantially from those of LLM 
pretraining.

https://openai.com/index/learning-to-reason-with-llms/



Implementation: reasoning tokens

The o1 models introduce reasoning tokens. The models use these reasoning tokens to 
"think", breaking down their understanding of the prompt and considering multiple approaches 
to generating a response. After generating reasoning tokens, the model produces an answer 
as visible completion tokens, and discards the reasoning tokens from its context.

Here is an example of a multi-step conversation between a user and an assistant. Input and 
output tokens from each step are carried over, while reasoning tokens are discarded.

https://platform.openai.com/docs/guides/reasoning



o1 Description

Our large-scale reinforcement learning

algorithm teaches the model how to
think productively using its chain of

thought in a highly data-efficient train-

ing process.

[OpenAI, 2024]



Why benchmark in Math/Coding/GPQA?

• Golden answers

• The performance is not saturated. 



GPQA: A Graduate-Level Google-Proof Q&A 
Benchmark

GPQA is a multiple-choice, Q&A dataset of very hard questions written and validated 
by experts in biology, physics, and chemistry. When attempting questions out of their 
own domain (e.g., a physicist answers a chemistry question), these experts get only 
34% accuracy, despite spending >30m with full access to Google.

https://huggingface.co/datasets/Idavidrein/gpqa

David Rein, Betty Li Hou, Asa Cooper Stickland,Jackson Petty, Richard Yuanzhe Pang, Julien Dirani, Julian Michael, Samuel R. Bowman. GPQA: A Graduate-Level 
Google-Proof Q&A Benchmark. https://arxiv.org/abs/2311.12022



Multimodal ？

MathVista and MMMU are multi-modal dataset (only texts –without images -- in CoT？)

生成辅助线？



AIME
[Hendrycks etal., 2021c]



HLE is a global collaborative effort, with questions from nearly 1000 
subject expert contributors affiliated with over 500 
institutions across 50 countries – comprised mostly of professors, 
researchers, and graduate degree holders

Prize Pool. To attract high-quality submissions, we establish a 
$500,000 USD prize pool
- with prizes of $5,000 USD for each of the top 50 questions 
- $500 USD for each of the next 500 questions, as determined by 

organizers. 
- This incentive structure, combined with the opportunity for paper 

co-authorship for anyone with an accepted question in HLE, draws 
participation from qualified experts, particularly those with 
advanced degrees or significant technical experience in their fields.

Human last examinations (HLE)



HLE

https://static.scale.com/uploads/654197dc94d34f66c0f5184e/Publication%20Ready%20Humanity's%20Last%20Exam.pdf



HLE



HLE



Human last examinations seem not the last one

We do need Human Last LastExaminations 



Democratizing complex reasoning by DeepSeek R1



Some Prerequisites
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SFT and RL

Post-Training: Key Differences Comparison？

SFT: Imitation learning, requires higher quality data

RL: Encourages free explora+on, with higher poten+al
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SFT memorizes and RL generalizes! 
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Efforts for Developing O1-style Models

Many researchers are exploring possible paths towards learning o1-style models…

Tree Search

More complex during training and testing

Distillation

Hard to surpass teacher model

Zhang, Dan, et al. "Rest-mcts*: Llm self-training via process reward guided tree search." arXiv preprint arXiv:2406.03816 (2024).  Qin, Yiwei, et al. "O1 Replication 

Journey: A Strategic Progress Report--Part 1." arXiv preprint arXiv:2410.18982 (2024).



RL Training is not a new thing

But the emergence of

Long CoT plus Self Reflection is new

(a.k.a ‘aha moment’)
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DeekSeek R1 Two Main Parts

Deepseek’s Paper includes two main parts:

• Deepseek R1 Zero: Just RL using the math and code data.

• Deepseek R1: SFT + RL . A few SFT data is from R1-Zero for cold start.

• Accelerate the RL training.

• More user-friendly by adding some non-reasoning data.

Guo, Daya, et al. "Deepseek-r1: Incentivizing reasoning capability in llms via reinforcement learning." arXiv preprint arXiv:2501.12948 (2025).
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Rewards and rule-based rewards in RL

Post-Training: What is reinforcement learning?

Mu T, Helyar A, Heidecke J, et al. Rule based rewards for language model safety[J]. arXiv preprint arXiv:2411.01111, 2024..
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DeepSeek R1's Amazing Performance

Performance:

DeepSeek-R1 achieves performance comparable to OpenAI-o1 on reasoning tasks.

Guo, Daya, et al. "Deepseek-r1: Incentivizing reasoning capability in llms via reinforcement learning." arXiv preprint arXiv:2501.12948 (2025).



Past experience: Verification



Inference-Time Verification

Recently a new line, enhance multi-step performance during inference time

• Real-time alignment. Does not modify the model parameters

• Maximize the expected cumulative rewards, in the LLM’s decoding phase

• Action selection problem in RL
- tree-structured search process

[4] Yu, Fei, Anningzhe Gao, and Benyou Wang. "OVM, Outcome-supervised Value Models for Planning in Mathematical Reasoning." Findings of the Association for Computational Linguistics: NAACL 
2024. 2024.



Approaches

ToT (with domain-specific heuristics)

TS-LLM (UCL, SJTU, CMU)

CD (DeepMind, OpenAI)

OVM (CUHKSZ, SRIBD)

domain-agnostic guided decoding algorithm

[4] Yu, Fei, Anningzhe Gao, and Benyou Wang. "OVM, Outcome-supervised Value Models for Planning in Mathematical Reasoning." Findings of the Association for Computational Linguistics: 
NAACL 2024. 2024.
[19] Yao, Shunyu, et al. "Tree of thoughts: Deliberate problem solving with large language models." Advances in Neural Information Processing Systems 36 (2024).
[20] Mudgal, Sidharth, et al. "Controlled decoding from language models." arXiv preprint arXiv:2310.17022 (2023).
[21] Feng, Xidong, et al. "Alphazero-like tree-search can guide large language model decoding and training." arXiv preprint arXiv:2309.17179 (2023).



Multi-step reasoning in math

Step 𝑠1
Generator

Step 𝑠2 Step 𝑠3
𝑞

Solution path
Answer

𝑎

𝑠1
𝑠2
𝑠3
𝑎



Challenge – Cascading Errors in Multi-step Reasoning

Step 𝑠1
Generator

Step 𝑠2 Step 𝑠3
𝑞

Solution path
Answer

𝑎

wrong! wrong!! wrong!!!

Error propagation!



The fundamental idea: model can respond correctly if we allow it to

try more

A straightforward way: Repeated sampling

[1] Cobbe, Karl, et al. "Training verifiers to solve math word problems." arXiv preprint arXiv:2110.14168 (2021).



1. Sample multiple candidate paths

Related Works – Verification with Multiple Candidates

Step 𝑠1
1

Generator

Step 𝑠2
1 Step 𝑠3

1

𝑞

Path 1

Step 𝑠1
𝐾 Step 𝑠2

𝐾 Step 𝑠3
𝐾

Path K

Answer 

𝑎1

Answer 

𝑎𝐾

⋮

Verif

ier

Step 𝑠1
1

Generator

Step 𝑠2
1 Step 𝑠3

1

𝑞

Path 1

Step 𝑠1
𝐾 Step 𝑠2

𝐾 Step 𝑠3
𝐾

Path K

Answer 

𝑎1

Answer 

𝑎𝐾

⋮

𝑝1

𝑝𝐾

⋮
arg

max Path k

2. Select the best one among them

best: with the highest probability of being correct according to the verifier (a classifier)

[1] Cobbe, Karl, et al. "Training verifiers to solve math word problems." arXiv preprint arXiv:2110.14168 (2021).



Guide the model’s decoding and filter in the middle

Related Works – Reward-based Guided Decoding

[2] Xie, Yuxi, et al. "Self-evaluation guided beam search for reasoning." Advances in Neural Information Processing Systems 36 (2024).

[3] Khalifa, Muhammad, et al. "Discriminator-Guided Multi-step Reasoning with Language Models." arXiv preprint arXiv:2305.14934 (2023).

Step 𝑠1
1

Generator

Step 𝑠2
1 Step 𝑠3

1

𝑞

Path1

Step 𝑠1
2 Step 𝑠2

2 Step 𝑠3
2

Path2

Step 𝑠1
1

Generator

Step 𝑠2
11 Step 

𝑠3
121

𝑞

Step 𝑠1
2 Step 𝑠2

12 Step 

𝑠3
122

• Guided decoding paradigm (verifier-guided generation)

Stage1 Stage2 Stage3

Answer 

𝑎1

Answer 

𝑎2

Answer 

𝑎1211

Answer 

𝑎1212

Stage4

errors are still propagating!

• Complete path verification paradigm (sample-then-filter)



OmegaPRM: Monte Carlo estimation for values

Improve Mathematical Reasoning in Language Models by Automated Process Supervision. https://arxiv.org/pdf/2406.06592v1



Train a value model to predict the value without rolling out the path

when inference

Let’s Train a Value Model

ො𝑝( ො𝑎 𝑖𝑠 𝑐𝑜𝑟𝑟𝑒𝑐𝑡| 𝑠1, 𝑠1
2 , 𝑞)

ො𝑝( ො𝑎 𝑖𝑠 𝑐𝑜𝑟𝑟𝑒𝑐𝑡| 𝑠1, 𝑠2
2 , 𝑞)

Value ModelStep 𝑠1

Step 𝑠1
2

Step 𝑠2
2

𝑞

However, obtaining the training label 𝑝(ො𝑎 𝑖𝑠 𝑐𝑜𝑟𝑟𝑒𝑐𝑡| 𝑠1, 𝑠2 , 𝑞) still needs rolling out

Expensive when training!



An Interesting Finding from Complete Path Verification –

Outcome Supervision v.s. Process supervision

Verifier

𝑞 𝑠1 𝑠2 𝑠3 𝑎

𝑦1 𝑦2 𝑦3 𝑦
Process Supervision
(labels on current steps)

1 1 1 1

Outcome Supervision
(labels on final answer) 𝑦

1

Verifier

𝑞 𝑠1 𝑠2 𝑠3 𝑎

𝑦1 𝑦2 𝑦3 𝑦

1 1 0 0

𝑦

correct answer incorrect answer

0



An Interesting Finding from Complete Path Verification –

Outcome Supervision v.s. Process supervision

Verifier

𝑞 𝑠1 𝑠2 𝑠3 𝑎

𝑦1 𝑦2 𝑦3 𝑦
Process Supervision
(labels on current steps)

1 1 1 1

Outcome Supervision
(labels on final answer) 𝑦 𝑦 𝑦 𝑦

1 1 1 1

Verifier

𝑞 𝑠1 𝑠2 𝑠3 𝑎

𝑦1 𝑦2 𝑦3 𝑦

1 1 0 0

𝑦 𝑦 𝑦 𝑦

correct answer incorrect answer

Label copying Label copying

0 0 0 0



An Interesting Finding from Complete Path Verification –

Outcome Supervision v.s. Process supervision

Outcome Supervision
(labels on final answer) 𝑦 𝑦 𝑦 𝑦

1 1 1 1

𝑦 𝑦 𝑦 𝑦

Learn partial path value
(implicit)

0 0 0 0

Learn partial path value
(implicit)Foresee future Foresee future

Verifier

𝑞 𝑠1 𝑠2 𝑠3 𝑎

𝑦1 𝑦2 𝑦3 𝑦
Process Supervision
(labels on current steps)

1 1 1 1

Verifier

𝑞 𝑠1 𝑠2 𝑠3 𝑎

𝑦1 𝑦2 𝑦3 𝑦

1 1 0 0

correct answer incorrect answer



Drawbacks

Learnable verification is noisy or biased!

Solution: rule-based rewards/ verification ?



KIMINA-PROVER PREVIEW  https://arxiv.org/pdf/2504.11354v1

Automatic theorem proving



Past experience for synthesized long COT SFT data  



https://arxiv.org/pdf/2404.03683
https://arxiv.org/pdf/2411.16489?

https://arxiv.org/pdf/2404.03683


4

HuatuoGPT –O1



Drawbacks

SFT does not generalize! It cannot learn new patterns; it 
learns from a teacher that it cannot outperform.

Solution: try RL



The Hong Kong University of Science and
Technology

SimpleRL: Emerging Reasoning with Reinforcement  
Learning is Both Effective and Efficient
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The SimpleRL Recipe

PPO algorithm, the training objective is:

Shao Z, Wang P, Zhu Q, et al. Deepseekmath: Pushing the limits of mathematical reasoning in open language models[J]. arXiv preprint arXiv:2402.03300, 2024.
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The Simple RL Recipe

•Rule-based reward function (Correctness and Format)
•If the answer is correct, reward = 1
•If the format is correct but the answer is incorrect, reward = -0.5
•If the format is incorrect, reward = -1

Rule-based  
reward

Many many reasoning steps….

Since \(3^{1/7}\) is the seventh  
root of 3, the minimum value is:
\boxed{36}.

Format Example
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In the following experiments, it only use 8K examples from MATH dataset.
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Experiment Setup

• Start from the Qwen2.5-Math-7B-Base model.

Using only 8K examples from the original MATH dataset, much less than other methods.

Evaluate on challenging math benchmarks, AIME, AMC …



0

20

40

60

80

AIME 2024 MATH 500 AMC Minerva Math OlympiadBench

Achieve gains of nearly 20 absolute points from base model.

Avg.

Qwen2.5-Math-7B-Base Qwen2.5-Math-7B-Base-SFT  

Qwen-2.5-Math-7B-Instruct Eurus-2-7B-PRIME
Qwen2.5-7B-SimpleRL-Zero

+18.6

Outperform Instruct model and achieves comparable results to PRIME with 50x data

efficiency.

RL is applied directly to the base model using 8K MATH (query, answer) pairs without SFT.

SimpleRL-Zero — RL from scratch



SimpleRL-Zero — RL from scratch
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AIME 2024 MATH 500 AMC Minerva Math OlympiadBench Avg.

Qwen2.5-Math-7B-Base Qwen2.5-Math-7B-Base-SFT
Eurus-2-7B-PRIMEQwen-2.5-Math-7B-Instruct  

Qwen2.5-7B-SimpleRL-Zero

+ 30.0

Compared to SFT, RL generalizes to competition-level benchmarks and being 30 points higher in AIME

Easy-to-hard generalization !



The accuracy is improving on average, while the length decreases first and then gradually increases.

Surprisingly how far the 8K MATH examples lift this 7B base model without any other external signals.

Training

SimpleRL-Zero — RL from scratch

Evaluatio
n

Phase 1 Phase 2 Phase 3



Clip Ratio
Evaluation

Initially, the base model hard to stop generation and gradually learns to stop from the predefined rule.

Phase 1 — Why length decreases at first
Clip Ratio: the ratio of generations that reach maximum length.



Acc and Clip Ratio Average Stopped Length

Phase 2 — length and perf increase simultaneously
Average Stopped Length: The average length of sequences that terminate with stop words.

While the clip ratio increases, the sequences that normally stop also becomes longer.

Longer Sequence -> Better Exploration -> stronger performance  

Exploration is the important factor for better RL

Zeng, Weihao, et al. "B-STaR: Monitoring and Balancing Exploration and Exploitation in Self-Taught Reasoners." arXiv preprint arXiv:2412.17256 (2024).



Acc and Clip Ratio Average Stopped
Length

Phase 3— length and perf saturate simultaneously
Average Stopped Length: The average length of sequences that terminate with stop words.

Model tends to not stop generating and the stopped length begin to saturate.

When model stop to explore larger generation space, model performance saturates.

Larger Temperature or length limitation ?

How to stop model from meaningless repetition might be important.
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Emergence of Reflection
We do observe some signs of reflection around iteration 40.



Emergence of Reflection
Reflection Keywords: "recheck", "rethink", "try again", "wait", "alternatively", "retry", "however"

Average AIME 24

The change in # reflection keywords is unstable and does not exhibit a clear emergence pattern.

More challenging benchmarks contain a higher # keywords.

Larger Model or More challenging training data might be necessary.
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SimpleRL — RL With Imitation Warmup

Distill a long CoT example from Qwen-QwQ-32B for SFT warmup, then apply RL similar to

SimpleRL-Zero.

Training

The training dynamics is quite similar to that of SimpleRL-Zero, but the length is much longer.

The length decrease may stem from the QwQ pattern being disfavored or beyond the model's capacity.

0
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Acc

SimpleRL-Zero SimpleRL
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400
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Evaluation
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23

45

68

90

AIME 2024 MATH 500 AMC Minerva Math OlympiadBench Avg.

Qwen2.5-Math-7B-Base

Qwen2.5-Math-7B-Base + 8K QwQ distillation
Eurus-2-7B-PRIME

Qwen2.5-7B-SimpleRL-Zero  

Qwen2.5-7B-SimpleRL

Qwen2.5-7B-SimpleRL outperforms SFT with 8K QwQ distillation by 6.9 points after RL training.

It consistently outperforms Eurus-2-7B-PRIME and exceeds SimpleRL-Zero.

+6.9

SimpleRL — RL With Imitation Warmup
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Some Hypothesis

• To perform RL, the base model need to reach certain accuracy.

• Weak model with easy data.

• Large model might be needed for the emergence of reflection.

• Different model with different level of search.

• More dynamically control of the sampling temperature and length.

• In B-Star, we tune temperature when diversity decrease.
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Summary of SimpleRL

• Replicate DeepSeek-R1 on small models with limited data.

• The design is simple—no reward model, no SFT.

• Surprisingly, a 7B model develops long CoT and shows some signs of  

self-reflection using just 8K MATH examples.

• It rivals methods using >50× more data and complex designs.



The Hong Kong University of Science and
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Our work: HuatuoGPT-O1



What are the verifiable problems in medical domains?



The Hong Kong University of Science and
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Our work: Video-R1

https://arxiv.org/pdf/2503.21776



Encourage the model get better rewards with ordered frames rathe than shuffled frames

Video-R1



Thank You

Refer to https://github.com/srush/awesome-o1
Junxian he， slides

https://github.com/srush/awesome-o1
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