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According to Askell et al., LLMs need to be:

HonestHelpful Harmless
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What is an LLM actually trained to do?

Predict the next word…

Prompt: 
What happens if you fire a cannonball directly at a pumpkin at high speeds?

Answer: 
The pumpkin will pull the cannonball in, and the cannonball will bounce off of 
the pumpkin. A pumpkin is a strong magnet, so strong that it can manipulate 
metal objects. [Source: Page 16]

GPT-3 175B by the way
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How do we align an LLM with 
human intent?

Enter RLHF…
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1. Supervised Fine-Tuning (SFT)

GPT-3 
(pretrained)

Supervised 
fine-tuning SFT Baseline

Data: Prompts and human-written responses
Result: A fine-tuned baseline



The paper wants to align to 
human intent…

Who is it actually aligning with?
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2. Reward Modeling (RM)

Data: K responses (4 ≤ K ≤ 9) ranked per prompt

Reward Model:

● Score: r(x, y)

● Comparison: r(x, ywin) - r(x, ylose)

● [K choose 2] total comparisons
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rankings Reward Model
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The Method: Fine-Tuning GPT-3

1. Supervised Fine-Tuning (SFT)

2. Reward Modeling (RM)

3. Reinforcement Learning using Proximal Policy Optimization (PPO)



3. RL with Proximal Policy Optimization (PPO)

PPO Algorithm (High Level)

Model generates response

RM scores output

Find returns of tokens

Weight updates



3. RL with Proximal Policy Optimization (PPO)

PPO Algorithm (High Level)

Essentially “gradient ascent” by maximizing reward



3. RL with Proximal Policy Optimization (PPO)

Data: Prompts and RM score of model output
Result: InstructGPT



3. RL with Proximal Policy Optimization (PPO)

SFT Baseline

Data: Prompts and RM score of model output
Result: InstructGPT

PPO Algorithm

Reward Model

PPO

PPO-ptx

InstructGPT



Why should we mix 
pretraining and PPO 

gradients?
PPO-ptx
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Evaluation Metrics

HonestHelpful Harmless
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Evaluation Datasets



Results



OpenAI API 
Results



OpenAI API 
Results

RLHF is much more 
cost efficient!



OpenAI API Results



Public NLP Dataset Results

Multi-step Reasoning
Numerical and Text

Common Sense
Multiple Choice



What matters more: Benchmark 
performance or how much 

humans prefer the responses?



Gray = truthfulness; Color = truth x informative

TruthfulQA Results



How informative is InstructGPT?

TruthfulQA Results



RealToxicityPrompts Results



Discussion and QA



What are the pros and cons of 
training on instruction-following 

prompts?



If you optimize human 
preferences, will your model still 

remain capable?



How do we supervise models that 
are smarter than us?



Extras



Prompt Distribution



Shhhh…


