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Background: Large Reasoning Models

GPT-5 Thinking seems 
oblivious to the biggest 
issue



Background: Large Reasoning Models

• Compared to regular LLMs, large reasoning models tend to break down a 

problem into smaller reasoning steps before answering a given question.

Regular LLMs Question Large Language Model Answer

Reasoning LLMs Question Large Reasoning Model Reasoning Step 1

Reasoning Step n

…

Answer

Thinking-then-answering Paradigm



Background: From Scaling Training to Inference

• Test-time Compute: Instead of continuously increasing pre-training budgets, test-

time compute allows models to “think longer” during inference.

Reasoning Step 1

Reasoning Step n

…

Answer

More tokens

More compute

More “Think”

Better Performance

🟰

beyond data



Background: Human vs. Model Reasoning

• Humans typically think fast first and activate slow thinking through a conscious 

control of system-1-to-2 reasoning transitioning.

• Large reasoning models have demonstrated unprecedented progress in 

approaching human-like system-2 reasoning capabilities.

Thinking, Fast and Slow. Daniel Kahneman



Background: Human vs. Model Reasoning

• Challenge: The inability of LRMs to find the optimal human-like system-1-to-2 
reasoning transitioning and limited reasoning capabilities.

Example

A chemist has three bottles, each containing a mixture of acid and water: 
- bottle A contains 40g of which 10 is acid, … She uses some of the mixture from each of the bottles 
to create a mixture with mass 60g of which 25 is acid. Then she mixes the remaining contents of 
the bottles to create a new mixture. What percentage of the new mixture is acid? 

• Failure Example of DeepSeek-R1-Distill-Qwen-1.5B on OlympiadBench

Response from Base Model

Okay, so I've got this chemistry problem here, and I need to figure out the percentage of acid in the 
new mixture. Let me try to understand the problem step by step.

First, there are three bottles, each with a mixture of acid and water. The chemist is going to use 
some mixture from each bottle to create a new mixture that's 60 grams with 25% acid. Then, after 
using some from each bottle, she mixes the remaining contents to create a new mixture... </think>

The percentage of the new mixture is 18.75

Fail to find the optimal schedule for switching fast-slow reasoning



Background: Human vs. Model Reasoning

• Challenge: The inability of LRMs to find the optimal human-like system-1-to-2 
reasoning transitioning and limited reasoning capabilities.

Is such automatic switching of reasoning progress 

determined by LRMs sufficiently reliable?
Question 1

Scale LRMs at test time!

Without modulation

With modulation



Background: Scaling LRMs at Test Time

Monotonously increasing method Monotonously decreasing method

s1 Chain of Draft

• Parallel Scaling: Best of N searching strategy

• Sequential Scaling: Uniformly think more Uniformly think less



ALPHAONE: Rough Physics of Slow & Fast Thinking

Assumption The reasoning velocity of slow thinking is smaller than that of fast thinking.

dtdt dt dt

Slow 

Thinking

Fast 

Thinking

𝑑𝒫

𝑑𝑡

𝒫 ∈ [0, 1]: Reasoning Progress

: Reasoning Velocity

𝒅𝓟

𝒅𝒕
↓

𝒅𝓟

𝒅𝒕
↑

End of 
Thinking

Example:

Okay, let’s try to tackle this problem step by step. Hmm, so there are 360 
people in the school. … That means the number of students taking at least 
one of the subjects is 360 - 15 = 345. Wait, the total number in the union of 
calculus, physics, and chemistry is 345. Let me note down the given data 
first: … Therefore, the number of students taking physics is 110.

Wait…

𝑑𝑡: Generation Period 



• Parallel Scaling: Best of N searching strategy

• Sequential Scaling: Monotonously increasing method & decreasing method

Underthinking

Overthinking

ALPHAONE: A Universal View of Test-Time Scaling



• Parallel Scaling: Best of N searching strategy

• Sequential Scaling: Monotonously increasing method & decreasing method

ALPHAONE: A Universal View of Test-Time Scaling

Underthinking Example:

Okay, so the problem given is  …… Perhaps I can solve it by 
…… I can solve …… this problem can be regarded as …… 
Based on this information, I believe  the answer to this 
problem is …… 

(Wrong answer)

Overthinking Example:

So the problem I need to solve is 2 plus 5, which is a very 
simple problem. This is what I can solve for you. Wait, let me 
think, so 2 plus 5 means doing the addition of two numbers, 
which are 2 and 5. So I think when you adding 2 and 5, you 
will get 7.\n</think>

Underthinking

Overthinking



• Parallel Scaling: Best of N searching strategy

• Sequential Scaling: Monotonously increasing method & decreasing method

ALPHAONE: A Universal View of Test-Time Scaling

Can we modulate reasoning 

progress universally, and develop 

a better thinking strategy with it?

Question 2

Underthinking Example:

Okay, so the problem given is  …… Perhaps I can solve it by 
…… I can solve …… this problem can be regarded as …… 
Based on this information, I believe  the answer to this 
problem is …… 

(Wrong answer)

Overthinking Example:

So the problem I need to solve is 2 plus 5, which is a very 
simple problem. This is what I can solve for you. Wait, let me 
think, so 2 plus 5 means doing the addition of two numbers, 
which are 2 and 5. So I think when you adding 2 and 5, you 
will get 7.\n</think>



ALPHAONE: A Universal View of Test-Time Scaling

? Thinking Phase Budgeting Scaling up or down 
thinking phase, then answer

dtdt dt

Less Thinking Phase Budget More Thinking Phase Budget



ALPHAONE: A Universal View of Test-Time Scaling

?

Slow Thinking Scheduling Modulating slow-fast 
thinking transitioning arbitrarily.

dtdt dt dt

Slow 

Thinking

Fast 

Thinking

𝒅𝓟

𝒅𝒕
↓

𝒅𝓟

𝒅𝒕
↑

Slow, then Fast



ALPHAONE: A Universal View of Test-Time Scaling

?

Slow Thinking Scheduling Modulating slow-fast 
thinking transitioning arbitrarily.

dtdt dt dt

Fast 

Thinking

𝒅𝓟

𝒅𝒕
↑

Fast, then Slow

Slow 

Thinking

𝒅𝓟

𝒅𝒕
↓



ALPHAONE: 𝜶 Moment for Universal Modulation

𝜶 Moment Scales thinking phase by 𝛼 ×

Given the average thinking phase token length 

(heuristic) 𝑁think > 0 and 𝛼 > 0, the scaled 

thinking phase token length becomes 𝑇𝑚 = 𝛼𝑁think.

• Pre 𝜶 Moment Modulation 

Stochastic Reasoning Transitioning:  

Slow Thinking Activation:  “/n/n” + “wait”

Step 1 Step 2“wait” Step 15 Step 16“wait”

Step 1 “wait” Step 2 Step 10……

Step 1 Step 2“wait” Step 33 Step 35“wait” Step 34 “wait”

……

……

Thinking Phase Budget 𝛼 = 1

Thinking Phase Budget 𝛼 = 1.4

Thinking Phase Budget 𝛼 = 1.8



ALPHAONE: 𝜶 Moment for Universal Modulation

𝜶 Moment Scales thinking phase by 𝛼 ×

Given the average thinking phase token length 

(heuristic) 𝑁think > 0 and 𝛼 > 0, the scaled 

thinking phase token length becomes 𝑇𝑚 = 𝛼𝑁think.

• Pre 𝜶 Moment Modulation 

Stochastic Reasoning Transitioning:  

Slow Thinking Activation:  “/n/n” + “wait”

𝛼 = 1 𝛼 = 1.4 𝛼 = 1.8

0

1

Less Reasoning More Reasoning

Generation

𝛼 Moment



ALPHAONE: 𝜶 Moment for Universal Modulation

𝜶 Moment Scales thinking phase by 𝛼 ×

Given the average thinking phase token length 

(heuristic) 𝑁think > 0 and 𝛼 > 0, the scaled 

thinking phase token length becomes 𝑇𝑚 = 𝛼𝑁think.

• Post 𝜶 Moment Modulation 

Step 1 Step 2“wait” Step 33 Step 45“wait” “wait”……

Deterministic Reasoning Termination:

“wait” ⟹ “</think>”

……

Slow Thinking Inertia Issue LRMs tend to keep using slow thinking without ending

Deterministic Reasoning Termination

Step 1 Step 2“wait” Step 33 “wait”…… </think>



Let 𝐾 be the number of sequences 𝐴1, 
𝐴2, … , 𝐴𝑛. … What is the remainder 

when 𝐾 is divided by 10?

Question Vanilla

Wait Frequency: 23

Okay, so I need to figure out … \n\n First, let me parse the problem. … Then, … \n\n 

Wait, but that can't be, because… </think> … So, the remainder when K is divided 

by 10 is 0.

Okay, so I need to 

figure out … \n\n

ALPHAONE: System Illustration

AlphaOne



Let 𝐾 be the number of sequences 𝐴1, 
𝐴2, … , 𝐴𝑛. … What is the remainder 

when 𝐾 is divided by 10?

Question

AlphaOne𝛼 ← 1

Okay, so I need to 

figure out … \n\n

Wait, hold on. 

The problem 

… \n\n

First, let me parse 
the problem…\n\n

Wait, actually, 

reading the 

problem … \n\n

This seems similar 

to the concept of 

building … \n\n

Wait, … \n\n

… \n\n

...

ALPHAONE: System Illustration

Vanilla

Wait Frequency: 23

Okay, so I need to figure out … \n\n First, let me parse the problem. … Then, … \n\n 

Wait, but that can't be, because… </think> … So, the remainder when K is divided 

by 10 is 0.



Let 𝐾 be the number of sequences 𝐴1, 
𝐴2, … , 𝐴𝑛. … What is the remainder 

when 𝐾 is divided by 10?

Question

𝛼 ← 1
𝛼 ← 1.4

Okay, so I need to 

figure out … \n\n

Wait, hold on. 

The problem 

… \n\n

First, let me parse 
the problem…\n\n

Wait, actually, 

reading the 

problem … \n\n

This seems similar 

to the concept of 

building … \n\n

Wait, … \n\n

… \n\n

...

… \n\n

Wait, …

Wait, …

… \n\n

Wait, …

Wait, …

...

...

...

ALPHAONE: System Illustration

AlphaOne

Vanilla

Wait Frequency: 23

Okay, so I need to figure out … \n\n First, let me parse the problem. … Then, … \n\n 

Wait, but that can't be, because… </think> … So, the remainder when K is divided 

by 10 is 0.



Let 𝐾 be the number of sequences 𝐴1, 
𝐴2, … , 𝐴𝑛. … What is the remainder 

when 𝐾 is divided by 10?

Question

AlphaOne𝛼 ← 1
𝛼 ← 1.4

𝛼 ← 1.8

Wait, \n</think> 

The number 𝐾 is the 

sum of …\n\n

Therefore, the 

remainder is 5.

Wait Frequency: 

47 (𝛼 = 1.4)

Okay, so I need to 

figure out … \n\n

Wait, hold on. 

The problem 

… \n\n

First, let me parse 
the problem…\n\n

Wait, actually, 

reading the 

problem … \n\n

This seems similar 

to the concept of 

building … \n\n

Wait, … \n\n

… \n\n

...

… \n\n

Wait, …

Wait, …

… \n\n

Wait, …

Wait, …

...

...

...

ALPHAONE: System Illustration

Vanilla

Wait Frequency: 23

Okay, so I need to figure out … \n\n First, let me parse the problem. … Then, … \n\n 

Wait, but that can't be, because… </think> … So, the remainder when K is divided 

by 10 is 0.



Let 𝐾 be the number of sequences 𝐴1, 
𝐴2, … , 𝐴𝑛. … What is the remainder 

when 𝐾 is divided by 10?

Question

AlphaOne𝛼 ← 1
𝛼 ← 1.4

𝛼 ← 1.8

Wait, \n</think> 

The number 𝐾 is the 

sum of …\n\n

Therefore, the 

remainder is 5.

Wait Frequency: 

47 (𝛼 = 1.4)

Okay, so I need to 

figure out … \n\n

Wait, hold on. 

The problem 

… \n\n

First, let me parse 
the problem…\n\n

Wait, actually, 

reading the 

problem … \n\n

This seems similar 

to the concept of 

building … \n\n

Wait, … \n\n

… \n\n

...

… \n\n

Wait, …

Wait, …

… \n\n

Wait, …

Wait, …

...

...

Early Slow Reasoning Later Fast Reasoning

...

ALPHAONE: System Illustration

Vanilla

Wait Frequency: 23

Okay, so I need to figure out … \n\n First, let me parse the problem. … Then, … \n\n 

Wait, but that can't be, because… </think> … So, the remainder when K is divided 

by 10 is 0.



ALPHAONE: Systematic Comparison

• How to determine 𝛼 that controls slow-fast thinking effectively?

• How to perform scheduling for reasoning modulation?



ALPHAONE: Can 𝜶-moment scale the thinking phase budget?

• Scaling property of 𝜶: scale 𝛼 from 0 to the maximum value

1 𝛼-moment enables a scalable thinking phase budgeting

2 While the thinking phase is scaled up, there exists a trade-off between 
the optimal value of 𝛼 and the resulting reasoning accuracy



ALPHAONE: Can 𝜶-moment scale the thinking phase budget?

• Scaling property of 𝜶: scale 𝛼 from 0 to the maximum value

3 The robustness of 𝛼: Across different values of 𝛼, 𝛼1 consistently 
outperforms the base model by a substantial margin



ALPHAONE: What scheduling strategy is better?

• Four different scheduling strategies

1

2

3

4

Constant: 

Linear Increase:

Exponential Anneal:

Linear Anneal:

represent the timestamp of 𝛼-moment, 𝑡 = {0,1, … , 𝑇𝑚}, and 𝛾 > 0



ALPHAONE: What scheduling strategy is better?

• Linear annealing consistently yields the highest reasoning accuracy.

Finding 1 Slow thinking first, then fast thinking, leads to better LRM reasoning



ALPHAONE: Systematic Comparison

• 𝛼1 consistently yields a 

higher problem-solving 

accuracy.

• While 𝛼1 modulates 

reasoning densely 

without restrictions on 

reducing the thinking 

budget, it achieves 

more efficient 

reasoning than 

baselines.



ALPHAONE: Does 𝜶1 scale more efficiently?

• REP (Reasoning Efficiency-Performance) Metric: quantitatively evaluate how 

different methods trade off reasoning efficiency and accuracy

• Higher REP indicates stronger performance with better reasoning efficiency.

Reasoning accuracy of the evaluated method

Normalized thinking phase token length

• 𝛼1 achieves a favorable balance between reasoning performance and efficiency.



ALPHAONE: Does 𝜶1 scale more efficiently?

Slow thinking can bring efficient test-time scaling. Finding 2

REP REP



ALPHAONE: How frequent should slow thinking transitioning be?

• Scaling property of “wait” frequency under constant scheduling

Finding 3 Slow thinking scheduling in high frequency is helpful. 

constant 
scheduling



ALPHAONE: Is post-𝜶 moment modulation necessary?

• Pre-𝛼 moment modulation of slow thinking is insufficient

slow thinking inertia

• 𝛼1 successfully ends in a fast thinking with post-𝛼 moment modulation



ALPHAONE: Beyond the Method

1 𝜶1 is a universal framework for reasoning modulation: It unifies and 

generalizes existing monotonic scaling methods by enabling flexible and 

dense slow-to-fast reasoning modulation. 



ALPHAONE: Beyond the Method

2 𝜶1 challenges prevailing reasoning paradigms: The reasoning models fail 

to find the optimal scheduling for switching fast-slow reasoning without 

modulation.

3 𝜶1 utilizes a simple method to motivate an eternal problem: The optimal

test-time reasoning modulation is still unknown.



The Future of ALPHAONE

More sophisticated slow-fast thinking scheduling: Modulate 

reasoning progress during both training and inference, or learn a 

separate progress modulation model aligned with human preferences

Transitioning-token-agnostic modulation: While 𝛼1 supports 

flexible token choices, removing the dependency on transitioning 

tokens altogether could further enhance generalization



The Future of ALPHAONE

𝜶𝟏-style reasoning modulation with RL: Utilize reinforcement 

learning to learn an adaptive reasoning modulation in 𝛼1 fashion. For 

instance, 𝛼-moment can be adaptively sampled from a subnetwork, 

and the reasoning scheduling strategy can be adaptively selected 

when facing different problems.

𝜶𝟏 as a sampling approach: utilize 𝛼1 to modulate the reasoning 

progress when sampling rollouts. This brings more reasoning pattern 

diversity of classical methods like GRPO. 



The Future of ALPHAONE

Multimodal reasoning with multimodal LLMs: Extend 𝛼1 

framework to multimodal domain, fostering synergistic 

multimodal comprehension and creation.



• Takeaways

• We present AlphaOne (𝛼1), a universal framework for modulating 

reasoning progress in large reasoning models (LRMs) at test time.

ALPHAONE

Website GitHubPaper



NVIDIA, Aug 15, 2025

Thank You!

Q & A


	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40

