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CS336

A L IGNMENT  BY  R L H F



Where today’s lecture fits in
Standard approach – imitation (SFT) followed by reinforcement (‘RL’ HF)

[Ouyang 2022]Today: the ‘RL’ part



From imitation to optimization
Imitation (SFT)

Fit !𝑝 𝑦 𝑥 ≈ 𝑝∗(𝑦|𝑥) for some reference distribution 𝑝∗ 𝑦 𝑥

• Pure generative modeling perspective
• Requires samples from reference policy

Optimization (RLHF)

Find )𝒑 𝒚 𝒙  such that max
"

𝐸"[𝑅 𝑦, 𝑥 ] for a reward 𝑅(𝑦, 𝑥)

• Maximize some reward function that we can measure
• LMs are policies, not a model of some distribution



Why optimize? Costs
Might be easier to get scalar feedback rather than optimal policy.
One example for a small, open-source 7B model

Notice (nearly) all the costs step 2 onwards are human annotation costs

Compute cost

Annotation cost

$300k

$0

$100

Base model Evaluation
(given, LLaMA)

Supervised learning
(one time)

Pairwise feedback RL

$25k $4k

$100 $100

$0 $50

$0



Why optimize? G-V gap 
People don’t always write the thing that they prefer in LM outputs

From: Zhang et al – “Benchmarking Large Language Models for News Summarization” 2023



Overview

We’ll cover three aspects of RLHF

Data
• How do people collect RLHF data? 
• What are some things to worry about

How do we RLHF?
• PPO
• DPO

What are some side-effects of RLHF?



RLHF Data

What types of pairwise feedback. How do we get (good) pairwise feedback?



RLHF and data – standard setups
Standard ‘pairwise feedback’ setup



RLHF and data – instruct GPT guideline



Allegedly -  google bard crowdsourcing instructions

https://assets.bwbx.io/documents/users/iqjWHBFdfxIU/rqKqEqbXBnDI/v0



Crowdworker selection - instructGPT
Scale + Upwork – 40 workers.



Crowdworker selection
Crowdworker selection process for AlpacaFarm



Now let’s try our own annotation task
You will get 5 minutes to annotate 5 examples

https://tinyurl.com/3xxk5kr9



RLHF and data - crowdsourcing

Complexities of crowdsourcing

• Hard to get really high-quality, verifiable annotators

• Hard to get them to really check correctness

• Have to be careful about GPT4 use..



RLHF and data – crowdsourcing ethics
Data collection at scale can have significant issues



RLHF and data - demographics
The annotator distribution for RLHF can significantly shift its behaviors

[Santurkar+ 2023]



RLHF and data -  LM-generated
Using LM-generated pairwise preferences is a standard, low-cost way to study RLHF

[Dubois+ 2023]

This has also become a very common fine-tuning setup for non-frontier models



RLFH and data - LM-generated

Agreement near human inter-annotator levelsNear-perfect rank correlation at the system level

GPT4 is a surprisingly good pairwise feedback system



RLHF and data - LM-generated
At the lower end of the cost+quality spectrum – using GPT4 (or now claude?) is standard

https://thesequence.substack.com/p/the-sequence-chat-hugging-faces-lewis

Zephyr 7bUltrafeedback

Used in e.g. Olmo, Zephyr, etc



RLHF and data – Self-training

From Bai et al – covered 2 lectures ago.



Is self-training / bootstrapping reasonable? 
How can we get something (better perf) out of nothing (no new data)?

There’s a lot of potentially unused 
information in LLMs

There are other methods (like pseudolableing)
that bootstrap performance

Wei et al 2022



RLHF and style – Length effects
Length effects are a very significant outcome of RLHF

[Chen et al 2024] [Singhal et al 2024]



RLHF and style – annotators matter (a lot)
This is true even for many annotators – but not all annotators

[Hosking, Blunsom, Bartolo 2024]



How do we RLHF?

We now have a (high quality) pairwise feedback data collection pipeline?

How do we adapt the model to make use of pairwise feedback?

• Part 1: PPO – the original and very finicky approach

• Part 2: DPO – the new, very accessible approach



PPO
Policy gradient method for optimizing rewards in actual RL tasks..

From the PPO announcement blog (2017) OpenAI Five (2019)



PPO in language modeling
From InstructGPT

..this is very innocuous looking



More details and background from Stiennon
From "Learning to summarize from human feedback”



You know you’re in for a bad time if there’s a blog post like this..

PPO in practice

We need to look at a live implementation when talking about PPO



PPO – at a conceptual level
A brief (and high level) intro to the various ideas in PPO..

Attempt 1: Policy gradients (variances are too high)
∇#𝐸"! 𝑅 𝑧 = 𝐸"![R(z)∇#log 𝑝# 𝑧 ]

Attempt 2: TRPO (Linearize the problem around the current policy)

Attempt 3: PPO (Clip the ratios at some eps)



PPO – at a conceptual level
The objective is basically all there is to it at a conceptual level

[From - https://spinningup.openai.com/en/latest/algorithms/ppo.html]



PPO – idealization (?) for language models
In the language model setting..

[From Zheng et al 2023]

Pretty similar to the RL formulation. Actions operate over tokens, big dense reward at the very end operating on full sequence



PPO – let’s look at an implementation
Implementation – AlpacaFarm’s PPO

Used by several others to reasonable success



PPO in practice 
PPO outer loop. Invoke an inner loop to optimize the loss over some rollouts.

https://github.com/tatsu-lab/alpaca_farm/blob/30717ddae735365de756ee2085191b491a71788d/src/alpaca_farm/rl/ppo_trainer.py



PPO in practice – loss computation
AlpacaFarm code – loss computation. Pretty standard stuff.

Cliprange=0.2



PPO in practice – rollouts.



PPO in practice – reward shaping
High level – add per-token KL penalty, last-token full reward
In practice? Clip KL for sequences where new policy logp < reference logp

Helps with stability? If we blow up our model, this prevents kl from diverging



PPO in practice – generalized advantage estimate

Instead of reward, we use advantages 

where

Funny detail – this is a bandit problem and gamma=lambda=1 works – this is the reward-to-go vs the value



What do you expect to see in PPO?

Increasing overall rewards Incl. reward model Negative KL rewards

This is a bandit setting, you expect reasonable training curves



Can we get rid of PPO?

Question for many: can we avoid doing any ‘RL’ ? (i.e. on-policy RL algorithms)

Some reasonable stuff people thought about

• Train the model with a control token – (SFT on the pairs, prepend [GOOD] to chosen, 
[BAD] to not chosen)

• Train the model on only preferred output

• Train a reward model, get LM outputs, train on the preferred output

• Train a reward model, get 1024 LM outputs, take the best one.



Can we get rid of PPO?
Most of these baselines turn out to just work worse than PPO on instruction-tuning



DPO – RLHF without tears?
Try to simplify PPO by..
• Getting rid of the reward model
• Getting rid of any on-policy stuff (rollouts, outer loops etc)

Instead
• Take gradient steps on log-loss of good stuff
• Take negative gradient steps on bad stuff (appropriately weighted).



DPO – derivation from the RLHF formula
Our goal is to optimize

Assume that the policy 𝜋 is the set of all policies (nonparametric assumption).
The maximizer is then,

Solve for the ‘implied reward’



DPO derivation 2
We can now optimize the implied reward as a reward model via the Stiennon objective

and

This gives the DPO objective,

The key steps?
1. Make a nonparametric assumption (links 𝜋# and r in closed form)
2. Parametrize reward r via the policy
3. Optimize the reward using supervised losses (which in turn, optimizes the policy)



DPO updates and components
In some sense, reduces to “pos gradient on good, neg gradient on bad”

(Scaled by ‘prediction error’ of the implied reward model)



Results – controlled comparison in AF
Compared to our previous PPO implementation? Same perf (on sim) with no pain!



DPO works 

From Chris Manning – Most ‘top open-source’ RLHF models are DPO’d



Things to watch out for in RLHF

Overoptimization / overfitting on the reward Mode collapse / entropy



Thins to watch out for - Overoptimization
Across many different RLHF-style optimizers. Optimizing for reward overfits past a point

Holds true for human pref (left), noisy LM pref (mid) but not noiseless LM pref (right)



Things to watch out for - mode collapse
RLHF makes models no longer ‘probabilistic models’ – no calibration by default



Recap of the lecture

RLHF recap:

1. RLHF data collection is (also) hard! Many confounding factors

2. RLHF algorithms are a bit more complex than SFT – esp. PPO

3. Be mindful of the impact of (over) optimizing for rewards 


