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● Original problem formulation
● Current frameworks
● Empirical work
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Current Frameworks
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Scalable Oversight - improve our evaluation ability

W2S Generalization - just generalize correctly



Empirical Work
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Weak-to-Strong Generalization
● Burns et al. 2023 — W2SG
● Hase et al. 2024 — Easy-to-hard
● Medvedev et al. 2025 — theory

Scalable Oversight 
● Irving et al. 2018 — Debate (proposal)
● Bowman et al. 2022 — Sandwiching
● Michael et al. 2023 + Khan et al. 2024 — Debate empirics
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Burns et al. 2023 — W2SG
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Setup - finetune strong student GPT4 family) on labels from a weak 
supervisor; 22 NLP tasks, chess puzzles, ChatGPT RM
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10



Burns et al. 2023 — W2SG
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Burns et al. 2023 — Results
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NLP / chess / RM
- NLP “the confidence loss increases median PGR from about 25% 

to nearly 80%ˮ
- chess PGR “above 40%ˮ for small gaps; 
- RM “only able to recover roughly 10% of the performance gapˮ



Hase et al. 2024 — Easy-to-Hard
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Hase et al. 2024 — Easy-to-Hard
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Hase et al. 2024 — Easy-to-Hard
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Setup
- 70b Llama 2
- finetune/ICL/probe on easy data only, evaluate on hard; 
- seven hardness measures (six human, one model-based); 
- QA datasets from 3rd-grade science to college STEM



Hase et al. 2024 — Results
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Hase et al. 2024 — Results
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Takeaways
- SGR is usually between 70% and 100%
- plausibly, collecting easy data better than collecting hard data
- SGR declines as you fix ceiling and weaken the teacher



Medvedev et al. 2025 — Theory
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Medvedev et al. 2025 — Main Idea
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Setup
- Two layer networks
- Random first layer
- Stronger student has wide 2nd layer
- Weaker teacher has narrow 2nd layer
- Train student on teacher labels with early stopping

Intuition
- First layer is a random up-projection
- Wide student layer has good inductive bias, learns real features 

before noise



Medvedev. 2025 — Results
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If teacher loss is 0…
- PGR  1

If teacher loss is non-zero…
- Student can outperform teacher 
- But PGR  1



Medvedev. 2025 — Results
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W2S not only about knowledge elicitation, also about inductive bias

IMPORTANT
- Early stopping very important in W2S
- Early stopping does not matter in E2H (with right reg.)



Active directions
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Pretty active area of research, a lot of recent work on this
- Weak supervision on reasoning
- Exploiting preference learning for extrapolation
- Completely unsupervised approaches



Scalable Oversight
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Now weʼre talking about humans figuring out the right answer



Irving et al. 2018 — Debate

27



Irving et al. 2018 — Debate
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Irving et al. 2018 — Debate
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Central hope: 
“In the debate game, it is harder to lie than to refute a lieˮ



Irving et al. 2018 — Results
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MNIST result - “boosting the classifierʼs accuracy from 59.4% to 
88.9% given 6 pixels and from 48.2% to 85.2% given 4 pixelsˮ

Complexity - “debate with optimal play can answer any question in 
PSPACE given polynomial time judges (direct judging answers only 
NP questions)ˮ



Bowman et al. 2022 — Sandwiching
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Bowman et al. 2022 — Sandwiching
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Bowman et al. 2022 — Sandwiching

33



Bowman et al. 2022 — Results
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Setup - LLMs help people answer MMLU and QuaLITY questions

Finding - “human participants who interact with an unreliable 
large-language-model dialog assistant through chat — a trivial 
baseline strategy for scalable oversight — substantially outperform 
both the model alone and their own unaided performanceˮ



Michael 2023 + Khan 2024 — Setup
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Michael et al. - human debaters on QuALITY; “debate between two 
unreliable experts can help a non-expert judge more reliably identify 
the truthˮ

Khan et al. ICML 2024 Best Paper) - LLM debaters on QuALITY; 
stronger experts debate, non-expert judge (model or human) 
chooses



Michael + Khan — Results
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Michael et al. 
- “debate performs significantly better, with 84% judge accuracy 
compared to consultancyʼs 74%ˮ
- but what will happen as models get more persuasive?

Khan et al. 
- “76% and 88% accuracy respectively 
- (naive baselines obtain 48% and 60%ˮ
- “optimising expert debaters for persuasiveness in an 

unsupervised manner improves non-expert abilityˮ



Michael + Khan — Results
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The truth wins out (for time-bounded, information-asymmetric task)



Active directions
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Somewhat active area of research, less recent work on this
- Applications in social/political topics with humans
- Making models better debaters, e.g. more legible arguments
- Tasks where judge has as much evidence as debaters



Thank You!
Contact Info:
Peter Hase
phase@stanford.edu
https://peterbhase.github.io  
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