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Introduction

Solving Complex Reasoning Problems with LLMs
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Pre-training (~10 Trillion Tokens)

Introduction

Post-training (~1M-10B tokens)
Introduction

Annotators Annotated

What are Large Language Models (LLMs)?

S  =     NUS   students   are   smart

Previous words
(Context)

P(S) = P(NUS) * P(students | NUS) * P(are | NUS students) * P(smart | NUS students are)

Word being 
predicted
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Introduction

“Reason is the capacity of applying logic by drawing 
valid conclusions from new or existing information”

❌ Not reasoning ✅ Reasoning
Introduction

● Fact Retrieval
 Who was the 16th President of the 
United States?

● Simple Paraphrasing
Rewrite this sentence in a formal tone: 
"I gotta head out now."

● Grammar Corrections
"He go to store." 
→ "He goes to the store."

● Logical Deduction
If Tom is taller than Jerry, and Jerry is taller 
than Ben, who is the shortest?

● Mathematical Problem Solving
The area of a circle is 100π square 
centimeters. Find the radius.

● Multi-Step Planning
A home assistant AI needs to prepare a 
house for an guest arriving in 2 hours.

What is Reasoning?
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Prolog is a logic 
programming language 
that has automated 
theorem proving and 
computational linguistics

Knowledge 
Representation & 

Symbolic AI
(1970s-1990s)

Allen Newell, Herbert 
Simon who created 
"Logic Theorist," 1st 
thinking machine in 1955

Foundational 
Concepts and 

Rule-based Systems
(1950s)

Statistical and 
Probabilistic 

Methods 
(2000s)

Bayesian networks and 
probabilistic models 
handle uncertainty and 
make informed 
decisions.

Neural 
Reasoning
 (2010s)

Neural networks 
advance semantic 
understanding and 
relational reasoning.

LLM 
Reasoning 

(2020s)

LLMs revolutionize 
natural language 
understanding and 
reasoning.

AI Reasoning Has a Long History

Why LLM Reasoning? What is Different Today?

Introduction
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“Language” as a Universal Interface

Understand and 
Interpret User Intents

Process and Retrieve 
Knowledge

Reason Step-by-step 
with Rationales

IntroductionIntroduction

Why Reasoning with LLMs?
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“Language” as a Universal Interface

Understand and 
Interpret User Intents

Process and Retrieve 
Knowledge

Reason Step-by-step 
with Rationales

Knowledge as the foundation for understanding and reasoning

Introduction

This enables models to generalize and reason over unseen questions

Introduction

Why Reasoning with LLMs?
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Lack systematic methods to 
measure reasoning and 

investigate the factors that 
influence LLM reasoning

Lack efficient and scalable 
post-training methods to 
enhance LLM reasoning 

beyond pre-training

Enhanced reasoning 
capabilities may come at the 
cost of reduced safety and 

security in LLMs

Introduction

Understanding Reasoning Improving Reasoning Responsible LMs

Challenges in LLM Reasoning
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Understanding Reasoning Improving Reasoning Responsible LMs

Introduction

Benchmarks: 
- MMMU [🏆CVPR’24 Best Paper Finalist]

- MMLU-Pro [NeurIPS’24a]

- MixEval(-X) [ICLR’25 Spotlight] 
- MegaBench [ICLR’25b]

Probing & Ablation Study:
- Grokked Transformers [NeurIPS’24c]

- AI Debate [EMNLP’23 Findings]

- Demystify Long CoT [arXiv’25]

Math and STEM Reasoning:
- MAmmoTH [ICLR’24 Spotlight]

- MAmmoTH-2 [NeurIPS’24d]

- Demystify Long CoT [arXiv’25]

Multimodal Reasoning:
- MAmmoTH-VL [arXiv’24]

- MultiUI [ICLR’25c]

Code Reasoning: 
- OpenCodeInterpreter [ACL’24 

Findings]

 

Multilinguality: 
- Pangea [ICLR’25d]

- JMMMU [NAACL’25]

Privacy and Security:
- Machine Unlearning [ACL’24]

- Differential Privacy [ACL’21; 
CCS’23; 🏆ACL’23 Best Paper 
Honorable Mention]

AI for Healthcare:
[ACL’20; 🏆BIBM’21 Best Paper; arXiv’24]

Introduction

My Research
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Introduction

Understanding Reasoning Improving Reasoning

(~20min) (~20min)

(~5min)

Introduction

This Talk: Learning to Reason with LLMs

Future Work



11
Introduction

Reasoning Benchmarks:
- MMMU [🏆CVPR’24 Best Paper Finalist]

- MMLU-Pro [NeurIPS’24a]

- MixEval(-X) [ICLR’25 Spotlight]

Constructing benchmarks that are real, 
challenging, robust, and dynamic

Impact: Our benchmarks are heavily used by:

Introduction

Understanding Reasoning

This Talk: Learning to Reason with LLMs
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Introduction

Reasoning Benchmarks:
- MMMU [🏆CVPR’24 Best Paper Finalist]

- MMLU-Pro [NeurIPS’24a]

- MixEval(-X) [ICLR’25 Spotlight]

Factors Influencing Reasoning: 
● Demystify Long Chain-of-thought 

[ICML’25 Submission]

● Reasoning Learning Ability Gap [ACL’25 
Submission]

Introduction

Understanding Reasoning

This Talk: Learning to Reason with LLMs

How do rationale patterns, model size, 
and learning mechanisms influence LLM 
reasoning abilities?

Constructing benchmarks that are real, 
challenging, robust, and dynamic

Impact: Our benchmarks are heavily used by:
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Introduction

Synthetic Reasoning Data:
- MAmmoTH-2 [NeurIPS’24d]

- MAmmoTH [ICLR’24 Spotlight]

- MAmmoTH-VL [arXiv’24]

- Pangea [ICLR’25]

Introduction

Efficient and scalable post-training methods 

Llama-3 DeepseekMath

Fine-tuning with synthetic reasoning data
Impact: Our approaches are discussed and 
used in various leading foundation models:

This Talk: Learning to Reason with LLMs

Improving Reasoning
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Introduction

Synthetic Reasoning Data:
- MAmmoTH-2 [NeurIPS’24d]

- MAmmoTH [ICLR’24 Spotlight]

- MAmmoTH-VL [arXiv’24]

- Pangea [ICLR’25]

Reward Shaping in RL:
- Demystify Long CoT 

[ICML’25 Submission]

Introduction

Efficient and scalable post-training methods 

Llama-3 DeepseekMath

Fine-tuning with synthetic reasoning data
Impact: Our approaches are discussed and 
used in various leading foundation models:

This Talk: Learning to Reason with LLMs

Improving Reasoning

How to shape rewards in RL training of 
reasoning LLMs to control output behaviors 
(e.g., length) for higher accuracy?
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Introduction

Understanding Reasoning Improving Reasoning

(~20min) (~20min)

(~5min)

Introduction

This Talk: Learning to Reason with LLMs

Future Work
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● RQ1: How to measure LLM reasoning 
ability in real-world scenarios?

● RQ2: What training factors influence LLM 
reasoning abilities?

Understanding Reasoning

Understanding Reasoning
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Imagine a scenario where a student finishes a 
complex accounting homework question, and 
wants to verify their approach…

Understanding ReasoningUnderstanding Reasoning

A Multimodal Reasoning Example
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Instead of spending hours second-guessing, they simply take a 
screenshot of the problem, upload it to a multimodal LLM…

Understanding ReasoningUnderstanding Reasoning
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and instantly receive step-by-step guidance…

Understanding ReasoningUnderstanding Reasoning
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That’s what we expect AI can do: 
reasoning over real-world complex queries

Understanding ReasoningUnderstanding Reasoning
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However, current benchmarks fail to capture the 
complexity of real-world reasoning, 

either in breadth or depth

Understanding ReasoningUnderstanding Reasoning



(Singh et al., 2019)

TextVQAVQA
(Antol et al., 2015; 
Goyal et al., 2017)

MM-Vet
(Yu et al., 2023)

22
Understanding ReasoningUnderstanding Reasoning

Existing Multimodal Reasoning Benchmarks 



23Yue, X. et al., MMMU: A Massive Multi-discipline Multimodal Understanding and Reasoning Benchmark for Expert AGI. CVPR 2024 Oral (Best Paper Finalist)

Technical Challenge: Effectively integrates diverse multimodal inputs with 
expert-level complex reasoning across a broad range of disciplines

College-level exams
(evaluate human intelligence)

Complex Reasoning
(Depth)

Measuring Expert-level 
performance

(>=90% skilled adults) Diverse Disciplines 
(Breadth)

Understanding Reasoning

Our Solution

Understanding Reasoning

How to Measure Complex Multimodal Reasoning? 



MMMU: multi-discipline multimodal 
understanding and reasoning

● 11.5K college-level problems across six 
broad disciplines and 30 college subjects

● 30 heterogeneous image types

● Interleaved text and (multiple) images

● Expert-level perception and reasoning 
rooted in deep subject knowledge

(Breadth) (Depth)

24
Understanding Reasoning

Yue, X. et al., MMMU: A Massive Multi-discipline Multimodal Understanding and Reasoning Benchmark for Expert AGI. CVPR 2024 Oral (Best Paper Finalist)

Understanding Reasoning



Claude 3

Yi-VL

Impact: Go-to-evaluation

Gemini

Qwen-VL

GPT-4o

09/2024
05/2024

03/2024

12/2023

12/2023

12/2023

25

o1

Understanding Reasoning

Yue, X. et al., MMMU: A Massive Multi-discipline Multimodal Understanding and Reasoning Benchmark for Expert AGI. CVPR 2024 Oral (Best Paper Finalist)

Understanding Reasoning



26Yue, X. et al., MMMU: A Massive Multi-discipline Multimodal Understanding and Reasoning Benchmark for Expert AGI. CVPR 2024 Oral (Best Paper Finalist)

Understanding ReasoningUnderstanding Reasoning

Track Progress of Multimodal LLMs with MMMU
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MMMU: Push the Scaling of Multimodal LLMs

Scaling improves LLMs’ knowledge and reasoning

Understanding Reasoning

Yue, X. et al., MMMU: A Massive Multi-discipline Multimodal Understanding and Reasoning Benchmark for Expert AGI. CVPR 2024 Oral (Best Paper Finalist)

“A larger brain results in larger capacity for 
adaptive knowledge”

Muthukrishna M et al. (2018) "The Cultural Brain Hypothesis: How culture drives 
brain expansion, sociality, and life history". PLOS Computational Biology.

(image source: https://aquatic-human-ancestor.org/anatomy/brain.html)

1400 cc

Understanding Reasoning



Impact: Use in Community
EvalAI 

150+ Models, 3000+ Submissions

Hugging Face

1.5M+ Downloads in Total

28Yue, X. et al., MMMU: A Massive Multi-discipline Multimodal Understanding and Reasoning Benchmark for Expert AGI. CVPR 2024 Oral (Best Paper Finalist)

Understanding ReasoningUnderstanding Reasoning



Impact: Media and Report Coverage

29
Understanding ReasoningUnderstanding Reasoning



Impact: A Most Influential CVPR 2024 Paper

30
Understanding Reasoning

Yue, X. et al., MMMU: A Massive Multi-discipline Multimodal Understanding and Reasoning Benchmark for Expert AGI. CVPR 2024 Oral (Best Paper Finalist)

CVPR 2024 Best 
Paper Final List

Understanding Reasoning



Other Widely-adopted LLM Benchmarks

31
Understanding Reasoning

MMLU-Pro [NeurIPS’24a Spotlight]

Robust multi-task reasoning, 
featuring STEM subjects

MixEval [NeurIPS’24b]

Efficient and dynamic evaluation by 
mixing existing benchmarks

Wang, Y., Ma, X., , ... & Yue, X., Chen, W. (2024). MMLU-Pro: A 
more robust and challenging multi-task language understanding 
benchmark. NeurIPS 2024 Spotlight

Ni, J.*, Xue, F.*, Yue, X.*, Deng, Y., Shah, M., Jain, K., ... & You, Y. 
(2024). Mixeval: Deriving wisdom of the crowd from llm benchmark 
mixtures. NeurIPS 2024 (*: Core Contributors)

Understanding Reasoning
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● RQ1: How to measure LLM reasoning 
ability in real-world scenarios?

● RQ2: What training factors influence LLM 
reasoning ability?

Understanding Reasoning

Understanding Reasoning
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Wei, J. (2022). Chain-of-thought prompting elicits reasoning in large language models. NeurIPS 2022

Introduction Understanding Reasoning

Reason with Rationales: Chain-of-thought (CoT)
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Scaling up Inference Compute with Long CoT

OpenAI o1 generates longer CoTs for reasoning

~200 
Tokens

~2000 
Tokens

Understanding Reasoning
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RQ2: What training factors influence reasoning ability?

1. How do long CoTs compared to short CoTs

2. Where does reasoning ability come from?

3. How does model size affect reasoning ability?

Understanding Reasoning
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Supervised 
Fine-tuning (SFT)

Reinforcement 
Learning (RL)

Post-training

Understanding Reasoning

Training Setups
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Supervised Fine-tuning (SFT)

Understanding Reasoning

Question: Lily has 48 
apples. She gives 12 to 
her friend and then 
divides the rest equally 
into 6 baskets. How 
many apples are in 
each basket?

Answer: Lily starts with 48 apples 
and gives away 12, so 48 - 12 = 36 
apples remain. Wait, let me verify it 
again: 48 minus 12 indeed equals 36. 
She then divides them into 6 baskets, 
36 ÷ 6 = 6. Let me double-check: … 
Thus, each basket contains 6 apples. 
The final answer: \boxed{6}

Language Model

Input

Output

x

y

Only calculate 
the loss over y

Understanding Reasoning
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Reinforcement Learning (RL)

Understanding Reasoning

PolicyLily has 48 apples. She gives 12 
to her friend and then divides the 
rest equally into 6 baskets. How 
many are in each basket?

Model Input

Lily starts with 48 apples 
and gives away 12, so 48 - 
12 = 36 apples remain. She 
then divides them into 6 
baskets, 36 ÷ 6 = 6. Thus, 
each basket has 6 apples. 

Final answer: \boxed{6}

Model Output

Final Answer: 6

Ground Truth

Training Data

Sample

Policy Update

Completions
Scalar
Reward

PPO (Proximal Policy Optimization)

R
ule-based

Verifiable Reward

Understanding Reasoning
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Effectiveness of Scaling Inference Compute

Understanding Reasoning

In-domain Math OOD General

Scaling up inference compute is effective:
Long CoT can scale up to a much higher upper limit than short CoT

Yeo*, E., Tong*, Y., Niu, M., Neubig, G., & Yue, X. (2025). Demystifying Long Chain-of-Thought Reasoning in LLMs. arXiv 2025. (*: my advisee)

Long CoT

Short CoT

Long CoT

Short CoT

Understanding Reasoning



40

RL Enables Better Accuracy and Generalization 

Understanding Reasoning

RL can often provide significant improvements beyond SFT, 
particularly in long CoT scenarios for OOD evaluation tasks.

Yeo*, E., Tong*, Y., Niu, M., Neubig, G., & Yue, X. (2025). Demystifying Long Chain-of-Thought Reasoning in LLMs. arXiv 2025. (*: my advisee)

SFT

In-domain Math OOD General

Short CoT

Long CoT

Short CoT

Long CoT SFT + RL

Understanding Reasoning
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Why long CoTs work better than short 
CoTs?  

Understanding Reasoning



Long CoT Contains Behaviors Like:

Trying multiple strategies Error validation and correction 

Clarify intents and break down into small steps

So the user is requesting a bash script that can take a 
string representing a matrix, such as '[1,2],[3,4],[5,6]' and 
output its transpose, in the same format.

Alternatively, perhaps combine the numbers in some way.

Alternatively, think about their positions in the alphabet.

Alternatively, perhaps the letters are encrypted via a code.

Let's list them properly.

Wait, earlier I missed some letters there.

Let's re-express the sixth word letters:

mynznvaatzacdfoulxxz

Understanding Reasoning

so 48 - 12 = 36 apples remain. 
Wait, let me verify it again: 48 minus 12 
indeed equals 36. She then divides them 
into 6 baskets, 36 ÷ 6 = 6. 
Let me double-check: …

42
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Reinforcement Learning from Pre-trained LLMs

Understanding Reasoning

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

An interesting “aha moment” of an intermediate version of DeepSeek-R1-Zero

Understanding Reasoning
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RQ2: What training factors influence reasoning ability?

1. How do long CoTs compared to short CoTs

2. Where does reasoning ability come from?

3. How does model size affect reasoning ability?

Understanding Reasoning

Our hypothesis: the base model might already acquire 
such an ability during pre-training
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Search “Aha” Phrases in Pre-training Corpus

Understanding Reasoning

“Aha” Phrases
● "Let’s think step by step." 
● "Alternatively, …" 
● "Breaking it down step by step..." 
● "Thinking about it logically, first..." 
● "Step 1: Let’s figure out the starting point." 
● "If we follow the steps carefully, we get..." 
● "To solve this, lets analyze it piece by piece." 
● "Going through this systematically, we have..." 
● "Okay, let's solve this gradually." 
● "Does that make sense?" 
● "Is this correct?" 
● "Wait, does that check out?"
● "Wait, actually..." 
● "Oh, hold on..." 
● "Wait a second..." 
● "Actually, let me rethink that." 
● "Hmm, let me go back for a moment."

Search over the web 
pre-training corpus

Pre-training 
Corpus

Yeo*, E., Tong*, Y., Niu, M., Neubig, G., & Yue, X. (2025). Demystifying Long Chain-of-Thought Reasoning in LLMs. arXiv 2025. (*: my advisee)

Understanding Reasoning
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Where Does the “aha” Ability Come From?

Understanding Reasoning

So the question is then to find the right 
prediction task, looking at your setup, those 
may include:
…

... I am not sure I follow your thought here, but 
maybe that's just because I would have 
worded it differently? 

... An alternative approach would be to try to 
find a different parametrization of the model 
where the parameters are interpretable 
separately, but that might be hard.

Does that make sense? 
https://discourse.mc-stan.org/t/interpretation-of-multilevel-parameters/20846 

The base model might already acquire such skills during pre-training. RL 
reinforces and increases the frequency of these patterns. 

Yeo*, E., Tong*, Y., Niu, M., Neubig, G., & Yue, X. (2025). Demystifying Long Chain-of-Thought Reasoning in LLMs. arXiv 2025. (*: my advisee)

Understanding Reasoning
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RQ2: What training factors influence reasoning ability?

1. How do long CoTs compared to short CoTs

2. Where does reasoning ability come from?

3. How does model size affect reasoning ability?

Understanding Reasoning
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Model Size Impacts the Reasoning Learning Ability

Understanding Reasoning

Li, Y*., Yue, X., Xu, Z., Jiang, F., Niu, L., Lin, B. Y., ... & Poovendran, R. (2025). Small Models Struggle to Learn from Strong Reasoners. arXiv 2025.  (*: my advisee)

Understanding Reasoning
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Model Size Impacts the Reasoning Learning Ability

Understanding Reasoning

Small student models tend to benefit more from short CoT, while 
large student models gain greater advantages from long CoT

Li, Y*., Yue, X., Xu, Z., Jiang, F., Niu, L., Lin, B. Y., ... & Poovendran, R. (2025). Small Models Struggle to Learn from Strong Reasoners. arXiv 2025.  (*: my advisee)

Long CoT is better (>=7B) 

Short CoT is better (<7B)

Understanding Reasoning
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What Factors Lead to Learning Ability Gap? 

Understanding Reasoning

Instruction Following Ability

Li, Y*., Yue, X., Xu, Z., Jiang, F., Niu, L., Lin, B. Y., ... & Poovendran, R. (2025). Small Models Struggle to Learn from Strong Reasoners. arXiv 2025.  (*: my advisee)

Domain-specific Knowledge

Pre-trained on large-scale 
math corpus (>100B tokens)

Fine-tuned on high-quality 
general and math instructions 

Understanding Reasoning



Summary: Understanding Reasoning
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Understanding Reasoning

Building rigourous benchmarks to 
expose models’ limitations

Controlled experiments in ablation 
study and probing analysis

● MMMU [CVPR’24 Best Paper Finalist]
● MMLU-Pro [NeurIPS’24]
● MegaBench [ICLR’25]
● MixEval/MixEval-X [NeurIPS’24; ICLR’25]

● Evaluate via Debate [EMNLP’23 Findings]
● Grokked Transformers [NeurIPS’24]
● Small LMs Learning Ability Gap [arXiv’25]
● Demystify Long CoT [arXiv’25]
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Understanding Reasoning Improving Reasoning

(~20min) (~20min)

(~5min)

This Talk: Learning to Reason with LLMs

Future Work

Improving Reasoning



53

Understanding Reasoning Improving Reasoning

Benchmark and Ablation Study: 
- MMMU [🏆CVPR’24 Best Paper Finalist] 

- Demystify Long CoT [ICML’25 Submission]

Math and STEM Reasoning:
- MAmmoTH-2 [NeurIPS’24d]

- Demystify Long CoT [ICML’25 Submission]

Inform better modeling

How does our understanding of reasoning 
contribute to the improvement?

Improving ReasoningImproving Reasoning



Challenges in Pre-training Scaling

Ilya Sutskever (former chief scientist at OpenAI)’s Keynote at NeurIPS 2024

Improving Reasoning

54
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Improving LLM Reasoning

Improving Reasoning

● RQ1: How to develop efficient and scalable 
post-training methods beyond pre-training?

● RQ2: How can RL reward shaping control LLM 
output (e.g., length) for better reasoning?
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Recap: Factors Lead to Learning Ability Gap

Understanding Reasoning

Domain-specific Knowledge Instruction Following Ability

Li, Y*., Yue, X., Xu, Z., Jiang, F., Niu, L., Lin, B. Y., ... & Poovendran, R. (2025). Small Models Struggle to Learn from Strong Reasoners. arXiv 2025.  (*: my advisee)

Improving Reasoning
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Understanding Reasoning

Domain-specific 
Knowledge

Instruction 
Following Ability

Two key factors for scaling in post-training

Improving Reasoning

Recap: Factors Lead to Learning Ability Gap
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Solution 1: Human-annotated Data are Costly

Improving ReasoningImproving Reasoning
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Solution 2: Distilling from Proprietary Models is 
Error-Prone and Lacks Diversity

Improving Reasoning

Instruction 1: A farmer is planting trees in a 24m×18m rectangular 
orchard. The trees are spaced 2m apart in both directions. How many 
trees can be planted?
Response 1: Calculate the number of trees along the length: 24/2=12 
❌ (Mistake: Forgot to add 1, should be 13.) 
Calculate the number of trees along the width: 18/2=9
❌ (Mistake: Forgot to add 1, should be 10.) 
Multiply to find the total number of trees: 12×9=108.

Instruction 2: A farmer is planting trees in a 30m × 20m…
Instruction 3: A gardener is planting bushes in a 30m×20m…
Instruction 4: A park manager is setting up benches in a 40m × 25m…
Instruction 5: A landscaper is placing flower pots in a 36m × 16m…

The generated queries lack diversity

Correctness of examples is not guaranteed 

Improving Reasoning
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Improving Reasoning

Our Solution: WebInstruct 
10M Synthetic Instruction Data from the Web

Yue, X., Zheng, T., Zhang, G., & Chen, W. (2024). MAmmoTH2: Scaling instructions from the web. NeurIPS 2024

Improving Reasoning
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Improving Reasoning

WebInstruct: 10M Synthetic Instruction Data

Extract

Rewrite

Yue, X., Zheng, T., Zhang, G., & Chen, W. (2024). MAmmoTH2: Scaling instructions from the web. NeurIPS 2024

Improving Reasoning
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10M Synthetic Data vs 10M Human Annotated Data 

Math Reasoning STEM Reasoning General Reasoning

Improving Reasoning

Yue, X., Zheng, T., Zhang, G., & Chen, W. (2024). MAmmoTH2: Scaling instructions from the web. NeurIPS 2024

Improving Reasoning
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10M Synthetic Data vs 10M Human Annotated Data 

Math Reasoning STEM Reasoning General Reasoning

Improving Reasoning

Yue, X., Zheng, T., Zhang, G., & Chen, W. (2024). MAmmoTH2: Scaling instructions from the web. NeurIPS 2024

Improving Reasoning
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10M Synthetic Data vs 10M Human Annotated Data 

Math Reasoning STEM Reasoning General Reasoning

Improving Reasoning

Yue, X., Zheng, T., Zhang, G., & Chen, W. (2024). MAmmoTH2: Scaling instructions from the web. NeurIPS 2024

Improving Reasoning
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10M Synthetic Data vs 10M Human Annotated Data 

Math Reasoning STEM Reasoning General Reasoning

Improving Reasoning

Yue, X., Zheng, T., Zhang, G., & Chen, W. (2024). MAmmoTH2: Scaling instructions from the web. NeurIPS 2024

Improving Reasoning
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10M Synthetic Data vs 10M Human Annotated Data 

MAmmoTH2 outperforms Llama3-Instruct with the same base model

Math Reasoning STEM Reasoning General Reasoning
Yue, X., Zheng, T., Zhang, G., & Chen, W. (2024). MAmmoTH2: Scaling instructions from the web. NeurIPS 2024

Improving Reasoning
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10M Synthetic Data vs 10M Human Annotated Data 

Generating a single synthetic data instance only took ~$0.002 
(~0.01% of the human-annotation cost ~$20)

Math Reasoning STEM Reasoning General Reasoning
Yue, X., Zheng, T., Zhang, G., & Chen, W. (2024). MAmmoTH2: Scaling instructions from the web. NeurIPS 2024

Improving Reasoning



68

Impact: MAmmoTH Series

MAmmoTH-1 MAmmoTH-2

MAmmoTH-1

Improving Reasoning
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Impact: MAmmoTH Series

● Cited and used in the post-training 
stage of leading industrial LLMs

● Scaling synthetic rationale 
generation post-training ● Covered in various blogs

● Inspire future work for reasoning 
with programming

● Open models and datasets are 
adopted as baselines for further 
tuning (e.g., RL)

Improving Reasoning
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Improving Reasoning

Can we leverage WebInstruct for RL training?

Verifiable reward signal is the key to 
improve LLM reasoning with RL 

70



Scaling up Verifiable Reward in RL with WebInstruct

WebInstruct achieves better generalization in OOD reasoning scenario

Yeo*, E., Tong*, Y., Niu, M., Neubig, G., & Yue, X. (2025). Demystifying Long Chain-of-Thought Reasoning in LLMs. arXiv 2025. (*: my advisee)

Improving Reasoning

71

(In-domain) (OOD)
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Improving LLM Reasoning

Improving Reasoning

● RQ1: How to develop efficient and scalable 
post-training methods beyond pre-training?

● RQ2: How can RL reward shaping control LLM 
output (e.g., length) for better reasoning?
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Improving Reasoning

💥 The length of CoT During RL Can Be Exploded! 

Yeo*, E., Tong*, Y., Niu, M., Neubig, G., & Yue, X. (2025). Demystifying Long Chain-of-Thought Reasoning in LLMs. arXiv 2025. (*: my advisee)



Impact of Reward Design on Long CoT

We propose a cosine reward to control the length scaling!

Yeo*, E., Tong*, Y., Niu, M., Neubig, G., & Yue, X. (2025). Demystifying Long Chain-of-Thought Reasoning in LLMs. arXiv 2025. (*: my advisee)

Improving Reasoning

74

Wrong answer: 
encourage the 
model to think 
longer

Correct answer: 
encourage the 
model to think 
shorter



Length Reward Hacking

Length scaling cosine reward can result in reward hacking 
like repeating to mitigate penalty instead of exploration which 

can show as a drop in CoT branching frequency

Yeo*, E., Tong*, Y., Niu, M., Neubig, G., & Yue, X. (2025). Demystifying Long Chain-of-Thought Reasoning in LLMs. arXiv 2025. (*: my advisee)

Improving Reasoning

75



Our Solution: Cosine Reward + Repetition Penalty

Penalize repeating tokens!
● Considering:

Repeating is usually local behaviors, 
for which other tokens are seldom 
responsible.
● Implementation:

Dense rewards with discounting
based on N-gram repetition detection

Yeo*, E., Tong*, Y., Niu, M., Neubig, G., & Yue, X. (2025). Demystifying Long Chain-of-Thought Reasoning in LLMs. arXiv 2025. (*: my advisee) 76Yeo*, E., Tong*, Y., Niu, M., Neubig, G., & Yue, X. (2025). Demystifying Long Chain-of-Thought Reasoning in LLMs. arXiv 2025. (*: my advisee)
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Impact of Reward Design on Long CoT

Our reward shaping improves model performance on downstream tasks

Yeo*, E., Tong*, Y., Niu, M., Neubig, G., & Yue, X. (2025). Demystifying Long Chain-of-Thought Reasoning in LLMs. arXiv 2025. (*: my advisee)

Improving Reasoning
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Classic

Cosine

Cosine + Repetition Penalty 



We see the power of “synthetic” data in improving the reasoning capability of LLMs

78

Prompts (D) LLMs Synthetic Data

“New Insights” 

Humans High-quality 
Seed Data

VerifierOther 
Models

Improving Reasoning

Summary: Improving Reasoning
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Improving Reasoning

Summary: Timeline of Recent Reasoning Projects

09/2023

MAmmoTH 
[ICLR’24 Spotlight]

(SoTA open math 
reasoning models)

02/2024

DeepSeekMath

(Use MAmmoTH data 
for post-training)

04/2024

MAmmoTH2
[NeurIPS’24]

(SoTA open general 
reasoning models)

07/2024

Llama3 tech report 

(Discuss and cite 
MAmmoTH-1/2)

09/2024

Demystify 
CoT kick-off

Demystify 
CoT release

01/2025

Deepseek-R1

(share similar core method to R1 but focus 
on understanding training factors)
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Understanding Reasoning Improving Reasoning Responsible LMs

Introduction

Benchmarks: 
- MMMU [🏆CVPR’24 Best Paper Finalist]

- MMLU-Pro [NeurIPS’24a]

- MixEval(-X) [ICLR’25 Spotlight] 
- MegaBench [ICLR’25b]

Probing & Ablation Study:
- Grokked Transformers [NeurIPS’24c]

- AI Debate [EMNLP’23 Findings]

- Demystify Long CoT [arXiv’25]

Math and STEM Reasoning:
- MAmmoTH [ICLR’24 Spotlight]

- MAmmoTH-2 [NeurIPS’24d]

- Demystify Long CoT [arXiv’25]

Multimodal Reasoning:
- MAmmoTH-VL [arXiv’24]

- MultiUI [ICLR’25c]

Code Reasoning: 
- OpenCodeInterpreter [ACL’24 

Findings]

 

Multilinguality: 
- Pangea [ICLR’25d]

- JMMMU [NAACL’25]

Privacy and Security:
- Machine Unlearning [ACL’24]

- Differential Privacy [ACL’21; 
CCS’23; 🏆ACL’23 Best Paper 
Honorable Mention]

AI for Healthcare:
[ACL’20; 🏆BIBM’21 Best Paper; arXiv’24]

My Research

Responsible Language Models



Building Responsible LMs
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Privacy AI in Healthcare

Probing for medical diagnosis: frontier models 
like GPT-4o perform worse than random 
guessing on specialized diagnostic questions

A simple recipe of differentially-private (DP) 
fine-tuning LMs creates synthetic text with 
strong privacy and high utility.

Xiang Yue  et al., Synthetic text generation with differential privacy: A 
simple and practical recipe. ACL 2023 Best Paper Honorable Mention

Responsible Language Models

Multilinguality

Pangea, a fully open-source multimodal LLM 
achieving state-of-the-art performance across 14 
benchmarks in English and multilingual settings.

Xiang Yue et al., Pangea: A fully open multilingual multimodal 
llm for 39 languages. ICLR 2025

Yan, Qianqi, Xuehai He, Xiang Yue, and Xin Eric Wang. "Worse 
than random? An embarrassingly simple probing evaluation of 
large multimodal models in medical VQA." arXiv 2024
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82Yue, X*, Song, Y* et al., Pangea: A fully open multilingual multimodal llm for 39 languages. ICLR 2025

Improving Reasoning

Pangea: SOTA fully-open multilingual multimodal LLM

Responsible Language Models
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We fine-tune language models with Differential Privacy (DP) and then 
leverage it for synthetic text generation with prompts

Synthetic Data Generation with Privacy

Responsible Language Models

Yue  et al., Synthetic text generation with differential privacy: A simple and practical recipe. ACL 2023 Best Paper Honorable Mention
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Impact
Best Paper Honorable Mention

Open the research direction of differentially-private text generation with LMs

The method has been 
adopted by the industry

Responsible Language Models
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Introduction

Understanding Reasoning Improving Reasoning

(~20min) (~20min)

(~5min)

Introduction

This Talk: Learning to Reason with LLMs

Future Work

Future Work and Vision
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● How to measure the transferability of 
reasoning in novel and dynamic environments?

● How to measure a model's efficiency in 
learning new skills beyond final accuracy?

● How to develop RL approaches for 
arbitrary noisy feedback?

● How to create human-like memory 
systems for continuous learning ?

Short Term Research Vision

[1] Yue*, Song*, et al., Pangea: A fully open multilingual multimodal llm for 
39 languages. ICLR 2025

[2] Hu, K., …,, Yue, X., & Liu, Z. Video-MMMU: Evaluating knowledge 
acquisition from multi-discipline professional videos. arXiv 2025

[1] Song, Y., Yin, D., Yue, X., Huang, J., Li, S., & Lin, B. Y. (2024). Trial and 
error: Exploration-based trajectory optimization for llm agents. ACL 2024

[2] Zheng, T., ... & Yue, X. (2024). OpenCodeInterpreter: Integrating code 
generation with execution and refinement. Findings of ACL 2024 (1.6K Github 
Stars; #1 HF Daily paper)

Understanding Reasoning Improving Reasoning

Future Work and Vision
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Mid Term Research Vision

Future Work and Vision

Learning to reason by 
mimicking human data

Current

(Static and Passive)

Learning to reason from 
exploration and feedback

(Dynamic and Active)

Future



Long Term Research Vision
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● The training method of LMs might change
● The backbone of LMs might change
● The training data of LMs might change

But the need for universal understanding and reasoning 
across modalities and contexts will remain

Future Work and Vision

Building intelligent machines capable of reasoning across 
modalities and contexts
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Intelligence: A Long Debate
Intelligence as a collection of 

task-specific skills

“Much of the human cognitive function is the 
result of special-purpose adaptations to solve 
specific problems.”  --Charles Darwin

“AI is the science of making machines capable 
of performing tasks that would require 
intelligence if done by humans.”
--Marvin Minsky

Intelligence as a general 
learning ability

“Presumably the child brain is something like a 
notebook as one buys it from the stationer’s. 
Rather little mechanism, and lots of blank 
sheets.” --Alan Turing

“AI is the science and engineering of making 
machines do tasks they have never seen”
--John McCarthy

Intelligence measures a model’s ability to efficiently acquire and apply 
skills to achieve goals in novel and dynamic environments

(My view on “Intelligence”)

Future Work and Vision
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Intelligence: A Long Debate
Intelligence as a collection of 

task-specific skills

“Much of the human cognitive function is the 
result of special-purpose adaptations to solve 
specific problems.”  --Charles Darwin

“AI is the science of making machines capable 
of performing tasks that would require 
intelligence if done by humans.”
--Marvin Minsky

Intelligence as a general 
learning ability

“Presumably the child brain is something like a 
notebook as one buys it from the stationer’s. 
Rather little mechanism, and lots of blank 
sheets.” --Alan Turing

“AI is the science and engineering of making 
machines do tasks they have never seen”
--John McCarthy

Intelligence measures a model’s ability to efficiently acquire and apply 
skills to achieve goals in novel and dynamic environments

(My view on “Intelligence”)

Future Work and Vision

AI learns efficiently and generalizes like humans
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Towards intelligent machines that can reason

Learning to reason from exploration and feedback

Long

Mid

Summary: Research Vision

How to measure the transferability 
of reasoning?

How to measure a model's learning 
efficiency in new skills?

How to develop RL approaches for 
arbitrary noisy feedback?

How to create memory systems 
for continuous learning?

Understanding Reasoning Improving Reasoning

Short

Responsible AI that benefits society and humanity



Thank you!
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Email: xyue2@andrew.cmu.edu 

Homepage: https://xiangyue9607.github.io/ 

Twitter/X: @xiangyue96


