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The Bitter Lesson in AI

“The biggest lesson that can be read from 70 years of AI research is that 
general methods that leverage computation are ultimately the most 
effective, and by a large margin.”

“The two methods that seem to scale arbitrarily in this way are search 
and learning.”

– Richard Sutton

http://www.incompleteideas.net/IncIdeas/BitterLesson.html

http://www.incompleteideas.net/IncIdeas/BitterLesson.html


Premise: Compute cost is decreasing exponentially!

Roughly 10x 
compute for a 
fixed cost every 
5 years.

We need 
scalable 
methods that 
can better 
leverage 
computation

Source: WAIC Slides from Rich Sutton

http://incompleteideas.net/Talks/waic3.pdf


The Bitter Lesson in Computer Go: Test-Time Search

Source: Slides from Rich Sutton

http://incompleteideas.net/Talks/WeinbergCogSci2018.pdf


Training Compute of Frontier AI Models Grows by 
4-5x per Year

Source: https://epoch.ai/blog/training-compute-of-frontier-ai-models-grows-by-4-5x-per-year

https://epoch.ai/blog/training-compute-of-frontier-ai-models-grows-by-4-5x-per-year


Bitter Lesson in Action: Scaling Test-time Compute with LLMs 

Learning to Reason with LLMs, OpenAI

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


Reinforcement Learning Enables Test-time Scaling for LLMs

DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning

Long CoT reasoning chains contain behaviors such as: (1) Error correction, (2) Trying multiple 
strategies, (3) Breaking down problems into smaller steps, (4) Double Checking answers



RL for reasoning LLMs: A very short primer

A stock loses 10% of its value on 

Monday. On Tuesday it loses 20%...

Problem

The stock loses 10% of its 

value on Monday…

I need to find the overall 

percent loss in value…

LLM Responses

Okay, so I have to find the 

percent of the starting…

Let's start by representing 

the unknown value of...

Let V be the value of the 

stock at the beginning of…

   Reward (Assumed to be 
binary for simplicity)

 
   Train LLM to 

maximize
rewards



Scaling RL for LLMs relies on verifiable rewards

Given a string, find the 
length of the longest 

substring without 
repeating characters.

Solving sudoku puzzles is 
harder than verifying one 
(with a rule-based checker)!

Generating code can be 
harder than verifying it by 
executing test cases.

Let $a$ and $b$ be nonzero 
real numbers. Find the 

minimum value of
a^2 + b^2 + \frac{1}{a^2} + 

\frac{b}{a}.

Generating math solutions is 
harder than verifying their 
correctness using reference 
answers.

Verification can often be easier than Generation!



What about capabilities that are not easily 
verifiable?

- Discovering new knowledge (e.g., 
“Writing a ML paper”)

- Preparing CVPR talk slides
- Creative writing (“Writing a good 

novel”)
- Open-ended dialogue
- Advice for a cooking recipe
- Giving “good” health advice

Source: Blog by Aidan Mclaughlin

https://aidanmclaughlin.notion.site/reasoners-problem


Verification is the Key to Reasoning LLMs

 ”The key to a successful AI is that it can tell for itself whether or not it is 
working correctly.” 

– Richard Sutton, 2001.

  Scaling RL compute for 
LLMs on any domain is 
bottlenecked by how 
“good” verifiers we 
have.

http://incompleteideas.net/IncIdeas/KeytoAI.html

http://incompleteideas.net/IncIdeas/KeytoAI.html


How do we build powerful LLM verifiers 
that scale with computation?



LLM-based Discriminative verifiers
Is the response

correct?

A stock loses 10% of its value on 

Monday. On Tuesday it loses 

20%...

Problem

The stock loses 10% of its 

value on Monday…

I need to find the overall 

percent loss in value…

LLM Responses

Okay, so I have to find the 

percent of the starting…

Let's start by representing 

the unknown value of...

Learned verifier
 (Binary 

Classifier)

Training Verifiers to Solve Math Word Problems. Kobbe et. al, Arxiv 2021
Let's Verify Step by Step. Arxiv 2023



Reminder: The Bitter Lesson 

Compute

Performance

Less structure

More structure

We need scalable methods that can better leverage computation

Source: Slides from Hyung Won Chung

https://www.youtube.com/watch?v=kYWUEV_e2ss


Revisiting How LLM Verifiers Are Trained

Training Verifiers to Solve Math Word Problems. Arxiv 2021

A stock loses 10% of its value on 

Monday. On Tuesday it loses 20%...

Problem

The stock loses 10% of its value on 

Monday…

I need to find the overall percent 

loss in value…

LLM Responses

Okay, so I have to find the percent 
of the starting…

Let's start by representing the 

unknown value of...

LLM verifier
(Binary 

Classifier)

Discriminative Verifiers:
- Predict a scalar score using a linear layer on top of LLMs
- Do not use the text generation capabilities of LLMs
- Cannot leverage “test-time compute” to improve performance



Generative Verifiers: Train Verifiers as 
Next-token Predictors

Generative 
Verifier 

(GenRM)

A stock loses 10% of 

its value on Monday.  

On Tuesday it loses 

20%

The stock loses 

10% of its value 

on Monday…

Generative Verifiers: Reward Modeling as Next-Token Prediction. Zhang et. al, ICLR 2025.

See also: Critique-out-Loud Reward Models, Generative Reward Models

 Generative: Their output is not just a numerical 
score, it’s a CoT.

https://arxiv.org/abs/2408.15240
https://arxiv.org/abs/2408.11791
https://arxiv.org/abs/2410.12832


Generative Verifiers Can Use Parallel 

Test-time Compute

Generative Verifiers: Reward Modeling as Next-Token Prediction. Zhang et. al, ICLR 2025.

 Chain-of-thought verifiers: Their output is not just a numerical score, 
it’s a CoT.



Generative Verifiers Can Use 
Chain-of-Thought Reasoning

Generative Verifiers: Reward Modeling as Next-Token Prediction. Zhang et. al, ICLR 2025.



How to use a verifier at test-time?

The stock loses 5% of its 

value on Monday…

I need to find the overall 

percent loss in value…

 

Let's start by representing 

the unknown value of...
verifier

verifier

verifier

Calculate probability of 
being correct

verifier

Training Verifiers to Solve Math Word Problems. Arxiv 2021

Ok, So I have to find the 

top 10%

A stock loses 10% of its value on 

Monday. On Tuesday it loses 20%...

Problem



A strong baseline: Majority Voting / Self-Consistency

Self-Consistency Improves Chain of Thought Reasoning in Language Models. Wang et. al, 2022

Final answer

A stock loses 10% of its value on 

Monday. On Tuesday it loses 20%...

Problem

The stock loses 10% of its 

value on Monday…

I need to find the overall 

percent loss in value…

LLM Responses

Okay, so I have to find the 

percent of the starting…

Let's start by representing 

the unknown value of...

10

10

5

11 10

Majority Voting 
Answer



Generative Verifiers Generalize from 
“Easy-to-Hard” Problems

Generative Verifiers: Reward Modeling as Next-Token Prediction. Zhang et. al, ICLR 2025



“Easy-To-Hard” Generalization on MATH

Generative Verifiers: Reward Modeling as Next-Token Prediction. Zhang et. al, ICLR 2025.



Generative Verifiers Can Use Test-Time 
Compute (“Think in Parallel”)

Generative Verifiers: Reward Modeling as Next-Token Prediction. Zhang et. al, ICLR 2025.



Can we push generative verifiers further?



Verifying Reasoning with Reasoning: 
Reasoning LLMs as Generative Verifiers

25

Given a problem and a candidate solution, 
ThinkPRM generates a long CoT that verifies 
every step in the solution.

Reasoning 
LLM as a 

Generative 
Verifier

Process Reward Models That Think, Khalifa et. al, 2025

https://arxiv.org/abs/2504.16828


ThinkPRM: Step-by-Step Generative Verifiers



ThinkPRM: Thinking “More” for Better Verification

We let the model verify the solution, 
then append a phrase such as “Let me 
double-check” to re-verify its verification.



Would we have separate LLM reasoners and verifiers?



Self-Verification: Unifying LLM Reasoners with 
Generative Verifiers

Putting the Value Back in RL: Better Test-Time Scaling by Unifying LLM Reasoners With Verifiers. Sareen et al., 2025.

https://arxiv.org/abs/2505.04842


Self-Verification Enables Better Test-Time Scaling

Putting the Value Back in RL: Better Test-Time Scaling by Unifying LLM Reasoners With Verifiers. Sareen et al., 2025.



Self-Verification: Jointly Scaling Parallel and 
Sequential Inference-Compute 
with Long CoT

Putting the Value Back in RL: Better Test-Time Scaling by Unifying LLM Reasoners With Verifiers. Sareen et al., 2025.



Beyond Human Prompts: Scaling RL on “Synthetic 
Prompts” with Learned Verifiers

Scalable Reinforcement Post-Training Beyond Static Human Prompts. Ye et al., ICML 2025.

https://arxiv.org/abs/2411.00062


Generative CoT verifiers can generalize well

Deliberative alignment: reasoning enables safer language models, OpenAI

Seed1.5-Thinking: Advancing Superb Reasoning Models with 
Reinforcement Learning

https://openai.com/index/deliberative-alignment/
https://arxiv.org/pdf/2504.13914
https://arxiv.org/pdf/2504.13914


Summary & Challenges

- Generative verifiers pose “verification” as a reasoning problem
- Embraces the bitter lesson 

- What’s next: 
- Scaling RL to non-verifiable domains with Generative verifiers
- Bottleneck is the quality of a generative CoT verifier we can train

- Challenges:
- Reward Underspecification: Getting the right answer with wrong 

verification reasoning.
- Generalization beyond “training” domains

https://arxiv.org/abs/1902.07198

