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DS-GA 3001 RL Curriculum

Reinforcement Learning:
▶ Introduction to Reinforcement Learning
▶ Multi-armed Bandit
▶ Dynamic Programming on Markov Decision Process
▶ Model-free Reinforcement Learning
▶ Value Function Approximation (Deep RL)
▶ Examples of Industrial Applications
▶ Policy Function Approximation (Actor-Critic)
▶ Planning from a Model of the Environment (AlphaZero)
▶ Reinforcement Learning from Human Preferences
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Reinforcement Learning

Last week: Planning a Policy from a Model
▶ Learning a MDP model for planning
▶ Reinforcement Learning with a local MDP model
▶ Case studies: AlphaGo, AlphaZero

Today: Reinforcement Learning from Human
Preferences to Align Large Language Models
▶ Alignment by RL from Human Feedback
▶ Superalignment by RL from AI Feedback
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AI Alignment:
Reinforcement Learning
from Human Feedback
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Offline Reinforcement Learning

Online Reinforcement Learning
Learn by interacting with an environment (trial & error)

Offline Reinforcement Learning
Derive an empirical model from a pre-existing dataset

DS-GA 3001 005 | Lecture 9



Offline Tuning of Language Policies
Supervised Learning: Challenges with supervised

fine tuning:
1. Is the sample representative?

2. Is the sample aligned with
essential human needs?

▶ Helpful?
▶ Honest?
▶ Harmless?
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Offline Tuning of Language Policies
Reinforcement learning with a reward model

Model reward by...

1. Demonstrating desired behavior (Ex: Supervised Learning of
policy, Imitation Learning, Inverse RL)

2. Recognizing desired behavior (Example: Collect feedback from
humans and use this preference data to train a reward model)
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RL from Human Feedback (Christiano et al., 2017)

Find r̂θ from maximum likelihood on preference dataset∗

Reward function: rθ: (s,a) 7→ r

loss(rθ) = −
∑

(s,a,µ)

µ log(σ(rθ(st,agood)− rθ(st,abad)))

∗Bradley-Terry model
σ: sigmoid functionDS-GA 3001 005 | Lecture 9



RL from Human Feedback (Christiano et al., 2017)

Mujoco robotics Atari video games
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RLHF on LLMs (Stiennon et al., 2020)
Train LLMs to generate summaries by RLHF

Jϕ = rθ(s, a)− β log(πRLϕ (a|s)/πSL(a|s)] s: Prompt
a: Response
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InstructGPT (Ouyang et al., 2022)
Train LLMs to follow instructions by RLHF

Jϕ = E
(s,a)∼Dπϕ

[rθ(s, a)− β log(πRLϕ (a|s)/πSL(a|s)] + γ E
s∼Dpretrain

[log(πRLϕ (s))]

DS-GA 3001 005 | Lecture 9



InstructGPT (Ouyang et al., 2022)

Train LLMs to follow instructions by RLHF

▶ Humans prefer InstructGPT (1.3B) over GPT-3 (175B) responses

▶ InstructGPT cut hallucination rates in half relative to GPT-3
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InstructGPT (Ouyang et al., 2022)

Train LLMs to follow instructions by RLHF

▶ RLHF generalizes to tasks humans did not directly supervised
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Llama2 (Touvron et al., 2023)
Align LLMs by RLHF and reward model distillation

▶ RLHF with separate reward models for helpfulness and safety
▶ Iterative model updates with rejection sampling (distillation)
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Llama2 (Touvron et al., 2023)
Align LLMs by RLHF and reward model distillation

▶ RLHF effectively aligns Llama2 toward human preferences
▶ RLHF reduces toxicity without reducing helpfluness
▶ More data for reward modeling improve accuracy
▶ Reward model distillation can increase helpfulness and safety
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Llama2 (Touvron et al., 2023)

About learning from human preferences...

A reward model has the potential to reinforce LLM behaviors that
even the best annotators may not chart.

Nonetheless, humans can still provide valuable feedback when
comparing two answers, beyond their own writing competencies.

Drawing a parallel, while we may not all be accomplished artists,
our ability to appreciate and critique art remains intact.
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AI Superalignment:
Reinforcement Learning

from AI Feedback
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RLAIF (Lee et al., 2023)

Reinforcement Learning from AI feedback

▶ Distill LLM preferences into a reward model for RL
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RLAIF (Lee et al., 2023)

Reinforcement Learning from AI feedback

▶ Prompt LLM to explain its preference then train a reward model
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RLAIF (Lee et al., 2023)

”Direct” Reinforcement Learning from AI feedback

▶ ...or just go ahead and directly prompt an LLM to assign reward
during reinforcement learning
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RLAIF (Lee et al., 2023)
Reinforcement Learning from AI feedback

▶ Humans strongly prefer RLAIF and RLHF over the SFT baseline
▶ No significant difference in performance between RLAIF v. RLHF
▶ RLAIF outperforms RLHF on harmless dialogue datasets
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Constitutional AI (Bai et al., 2022)

Reinforcing AI feedback with human principles
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Constitutional AI (Bai et al., 2022)

About learning from AI preferences...

Our ultimate goal is to develop automated AI methods that will scale
the supervision of AI behaviors in service of complex human values,
even when AI capabilities start to exceed human-level performance.

The idea is that human supervision will come entirely from a set of
principles that should govern AI behavior, along with a small
number of examples (. . . ). Together, these principles would form a
constitution.
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Thank you!
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