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Reasoning ≠ Understanding

Adjust the Steering Angle is a
wrong decision to decrease the
number of obstacle on the road

Is current reasoning model perfect?
Mimic the world data doesn’t means model understand the world
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Pearl’s Causal Hierarchy
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Association Intervention

Question:
What if?

What will happen 
if someone keep 

smoking

Question:
What is?

What does the
smoking tell us 
about the lung 

cancer.

Counterfactual

Question:
Was it?

Would the lung 
cancer got worse 

if someone 
smoking.  

Seeing Doing Imagining

Predicting of future
Reflecting of past

Intervention
Counterfactual=

Predict something 
haven’t happened

Imagine based on something 
already happened







Thinking Exercise: Calculate 99² + 2*99 + 1 in your head

Pattern 1: Sufficient but Unnecessary
Expand and calculate 99² directly, then add 99 and 1. Lengthy steps with 
high error risk.

Pattern 2: Necessary but Insufficient
Attempts to find a shortcut but gets stuck midway, unable to derive the 
answer.

Pattern 3: Sufficient & Necessary (Optimal)
Identifies the formula: 99²+2*99+1=(99+1)²=10000. Minimal steps, precise 
logic.

 Core Insight
Optimizing CoT means guiding the model to generate
"sufficient and necessary" optimal reasoning paths.

An intuitive reasoning patterns



Intuition

Measures if a given reasoning 
chain S is enough to produce 
the correct answer y.

"If the model had used this chain, 
would it have arrived at the correct 
answer, given that it originally 
didn't?"

Interpretation

The likelihood that inserting 
reasoning chain S would change 
an incorrect answer to a 
correct one.

It quantifies the reasoning 
chain's power to fix mistakes, 
regardless of the model's 
original reasoning path.

Probability of Sufficiency (PS)



Intuition

Measures if a specific 
reasoning step sₜ is required 
for producing the correct 
answer y.

"If this step were corrupted or 
replaced, would the answer 
become incorrect?"

Interpretation

The probability that the answer 
would become incorrect if step 
sₜ were replaced by an 
incorrect alternatives ̄ₜ.

It quantifies how critical a 
single step is to the validity of 
the overall reasoning chain.

Probability of Necessity (PN)



What should we do after calculating PNS 



Causal Sufficiency and Necessity Improves Chain-of-Thought Reasoning. NeurIPS 2025



Key Finding:Our PNS optimization algorithm significantly reduces token consumption and reasoning steps while substantially 

improving final reasoning accuracy.

Test Data (Qwen-2.5-72B-Instruct @ GSM-8k)

 Baseline (Initial)
Tokens: 113.8 | Steps: 8.1
Accuracy: 90.0%

 Optimized (PNS-Opt)
Tokens:26.6 (↓76.6%)
Steps:2.0 (↓75.3%)

Accuracy:97.0% (↑7.0%)

Conclusion: PNS optimization removes redundant reasoning chains, extracting critical core steps. It achieves a comprehensive 

leap in reasoning performance while reducing computational costs and latency.

Result 1: PNS optimization of CoT trajectories

Causal Sufficiency and Necessity Improves Chain-of-Thought Reasoning. NeurIPS 2025



Key Finding: Fine-tuning on the high-quality CoT dataset filtered by PNS enables the model to spontaneously generate more concise and 

accurate CoTs during inference, optimizing both reasoning efficiency and accuracy.

Original (Baseline)

Reasoning Steps:77.4

Accuracy (Acc):84.6%

Noncausal (Regular)

Reasoning Steps:52.4

Accuracy (Acc):82.8%(Slight Drop)

Causal (Ours)

Reasoning Steps:36.3(↓53.1%)

Accuracy:91.7%(↑8.4%)

Key Advantages Summary: The fine-tuned model not only drastically reduces reasoning steps (enhancing efficiency) but also 
improves accuracy, achieving comprehensive optimization. Most importantly, these advantages occur automatically during 
inference without additional computation cost.

Result 2: enhancing non-reasoning models via Fine-tuning

Causal Sufficiency and Necessity Improves Chain-of-Thought Reasoning. NeurIPS 2025





Q1: What makes RL finally work?

https://x.com/its_dibya/status/1883595705736163727

• Better base model – sample better trajectories

• Better exploration – explore new trajectories

• Not pure pretraining strategy
• Most reproductions are on Qwen models
• Mixed raw and CoT data in the pretraining, or even long CoT data

The dilemma of RL
You cannot sample it, you cannot optimize it



Q2: What makes (outcome-based) RL finally work?

https://x.com/its_dibya/status/1883595705736163727

• An implicit assumption that
• Better outcome reward brings in stronger intermediate reasoning 
• True for Math and Code, where strong CoT prior preserves

• But may not hold for domains with less CoT training:
• E.g., reward hacking by simply guessing the answer with non-sense CoT



Is it truly emergence in DeepSeek-R1 RL training?
• Reflection, branching, and self-correction data exist on the Internet

• Aha moment appears at the base model

https://arxiv.org/pdf/2502.03373; https://oatllm.notion.site/oat-zero

https://arxiv.org/pdf/2502.03373


Understanding Q1: policy gradient’s passivity
• Policy gradient is a bit passive!

• Physical meaning of policy gradient
• Sample, Score, Optimize

• Increasing probability of good action, decreasing probability of bad action

• Kind of brute-force and passive

• If you don’t sample good (state, action) pairs, RL will fail

• Core issue – one dimensional scalar value function
• Given only one number, that is the best policy gradient can do given scalar value!



Understanding Q2: forward reasoning and backward planning

• Math mostly involves forward reasoning
• All conditions are given in the question

• CoT is continuously retrieving math knowledge/reasoning learned from pre-training

• Agentic tasks requires backward planning and understanding
• No environment information in pretraining – forward reasoning fails

• Backward planning to understand the environment and gain knowledge

Pretraining math knowledge

State CoT Answer State CoT Answer

Future look ahead 
knowledge



Potential solution to solve both issues

• How humans learn from experience?

• Humans learn in a more deliberative way
• We won’t sample thousands/millions of trajectories 

or blindly optimize the probability with pure score
• We actively analyze what happens specifically in the 

trajectories/data
• Not only it’s outcome

• Language reward and explanation to improve 
the model.



Natural Language Reinforcement Learning. arXiv:2411.14251



Natural Language Reinforcement Learning. arXiv:2411.14251



Natural Language Reinforcement Learning. arXiv:2411.14251









What is World Models
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World Models modelling the environment internal transition model, 
makes agent 1. predict the future and 2. reflect the past possible. 

What if I ride slower now? Can I achieve the goal?
Was it a good choice to start earlier?

Picture borrow from Ha and Schmidhuber

Planning

𝑊𝑜𝑟𝑙𝑑 𝑚𝑜𝑑𝑒𝑙: 𝑷(𝑺′|𝑺, 𝑨)



Causal World Models
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Causal World Models – Representation + Causal Structure
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𝑧1

𝑧2

z3

z4

Underling 
physical 

concepts
=

Disentangle

𝓧, 𝒄

Intervene causes Smile, 
Mouth Open  will change

But Intervene effect 
concept  Mouth Open, 

Smile will not be influenced 

CausalVAE: Disentangled representation learning via neural structural causal models. CVPR 2021

𝑧1

𝑧2

𝑧3

𝑧4

Structure causal model
 𝑍𝑖 = 𝑓𝑖 𝑝𝑎𝑖 , 𝑈𝑖

Discover

Causal Graph

Observation
Disentangled 

Representation



Continual Causal Learning in Open-Ended Worlds 
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Current World Model
(Causal Understanding)

Exploration

New Observes

Explain
Update World Models



Causal Discovery in Open-Ended World
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[NeurIPS 2025] 
Curious Causality-Seeking Agents in Open-Ended World

Motivation: Causal “Drift” in Open Worlds

Zhiyu Zhao,         Haoxuan Li,   Haifeng Zhang,           Jun Wang,  Francesco Faccio, Jürgen Schmidhuber, Mengyue Yang



Causal Discovery in Open-Ended World
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Causal “Drift” in Open Worlds

Curious Causality-Seeking Agents in Open-Ended World. NeurIPS 2025
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Take Away
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