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Instruction Tuning
● Explicitly train on textual formulations of 

tasks (like T5)

● Subtle differences from T5, including 
generalization to unseen tasks

● Later: demonstration data
● Have an annotator write out the ideal 

response to input from an end-user

● Explicitly training the model to act as an 
interlocutor

● Confusingly called “Supervised Fine-
Tuning” (SFT) sometimes
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Human preference data
● Instruction tuning is hard to scale

● Requires costly annotators

● Impossible to demonstrate all 
preferred/dispreferred behaviors

● Instead, have many users rank 
alternative generations

● Easy to collect at scale

● Captures subtle preferences that 
are hard/impossible to explicitly train
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Using preference data
● Used to optimize model behavior with 

Reinforcement Learning from 
Human Feedback (RLHF)
● Use RL to “reward” model for adhering 

to human preferences

● Typically referred to as alignment

● More recently: can get the same results 
while technically skipping 
Reinforcement Learning
● Called Direct Policy Optimization
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from a great blog post on DPO

https://www.tylerromero.com/posts/2024-04-dpo/
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Reinforcement Learning (generally)
● A model learns to maximize reward 

by taking actions according to a 
policy that it learns

● Useful for open-ended tasks like 
game playing

● The reward signal is decoupled from 
individual actions (like moving the 
paddle up/down)

● No way to annotate these actions as 
intrinsically good/bad
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RL formulated for LLMs
● Policy : the pre-trained LLM with 

parameters 

● Policy changes as  does

πθ
θ

θ

● Actions: model outputs (generated 
text)

● State: the input/prompt to the model 
at a certain point

● Rewards: learned from human 
preference data
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RLHF Overview
● Preference data used to train a separate reward model 

● x: a prompt, y: a possible continuation

● Reward is high  response is more preferred

r(x, y)

→

● Reward model trained on binary classification

●

●  is the preferred completion ("winning")

●  is the dis-preferred completion ("losing")

ℒ = σ(r(x, yw) − r(x, yl))
yw

yl

● Reward model is in turn used to "align" the LLM (this is the Reinforcement Learning)

● LLM learns to generate completions that maximize reward (without losing LM ability)
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Bradley-Terry Model
● If output  is preferred ("wins") over output , given prompt , we denote 

this: 
w l x

(ow ≻ ol |x)

● We want to model the probability of this win P(ow ≻ ol |x)

● Bradley-Terry: formulate this as the sigmoid of difference in scores z
● P(ow ≻ ol |x) := σ(zw − zl)
● Where do the scores come from? Usually another LM

● Reward model: trained on binary classification of output-pairs, with the 
"ground truth" coming from human annotation

11
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Important Note
● The Reward Model is NOT the 

model we're trying to align

● Considered an "auxiliary" model 
whose only purpose is to 
approximate human preferences

● Used to give the reward signal in 
the actual Reinforcement Learning 
(RLHF)
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RLHF training objective
● The optimal policy  is the one that 

maximizes reward

●

π*

π* = argmaxπθ
𝔼[r(o, x)]

● The Reward Model allows us to train on un-
annotated data (simulates human 
preferences)

● Pure reward-maximization tends to diverge 
too much from the pre-trained model

● A divergence penalty is usually added

● argmaxπθ
𝔼[r(o, x)] − β𝔻KL[πθ(y |x)∥πref(y |x)]
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Performance gains

15

 Prompt Engineering←

 Instruction Tuning (only)←
 RLHF←

 RLHF w/ cont. language modeling←



Problems with RLHF
● Reinforcement Learning is known to 

be hard to train

● Involves training an entirely 
separate reward model

● Can degrade LM performance

● Why the KL Divergence (right) is 
employed in the loss

● Finicky tuning of hyper-parameters
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DPO
● Direct Policy Optimization: 

incorporate benefits of RL without a 
separate reward model

● Clever algebra used to rearrange RL 
equation

● Reward function can be framed as 
a function of the LLM itself

● Spurred continuing work on clever 
RLHF objectives
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DPO

18

max
θ

r(x, y) − β𝔻KL[πθ(y |x)∥πref(y |x)]

some algebra…

r*(x, y) = β log
πθ(y |x)

πref(y |x)
+ β log Z(x)

optimal 
reward model

a constant
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DPO
● Re-factored reward function plugged 

back into the Bradley-Terry 
Formulation
● Z term cancels out

●  is the preferred completion,  is 
dis-preferred
yw yl
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DPO
● Re-factored reward function plugged 

back into the Bradley-Terry 
Formulation
● Z term cancels out

●  is the preferred completion,  is 
dis-preferred
yw yl

● Essentially, make to give higher 
probability to the preferred 
completion
● (This is a simplification)

19

ℒDPO(πθ; πref) = − log σ (β log
πθ(yw |x)

πref(yw |x)
− β log

πθ(yl |x)
πref(yl |x) )

r*(x, y) = β log
πθ(y |x)

πref(y |x)
+ β log Z(x)
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LLM training overview
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(AKA Instruction Tuning)

DPO eliminates explicit 
reward modeling



LLM continuous training

22from the Gemini paper
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Retrieval-Augmented Generation (RAG)
● LLMs contain lots of world knowledge in their 

parameters

● Tend to answer questions fairly well on their own

● But, infamous for "hallucinating" false information

● RAG: retrieve useful documents, have the LLM 
"read" them before answering

● Not a new technique, just works well with LLMs

● Used to be called "Open-book QA" (as 
opposed to "Closed-book"

● Retrieving relevant documents also has a long 
history in NLP (traditionally called Information 
Retrieval)
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Rise of LLM trade secrets
● These examples are from Google’s Gemini 

model paper

● We know these are “built on Transformer 
decoders”, but little else!

● Parameter count especially has become a 
trade secret

● Algorithmic innovations are hinted at but not 
disclosed

● “Improvements in architecture”

● “Innovations in training algorithms”

● “Advancements in distillation”

27
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Soapbox on closed models
● Trade secrets have their place in protecting corporate innovations

● However, we shouldn’t pretend that this is still doing science

● Science requires replicability

● We can’t replicate if the methodology is secret

● Caveat: like the space race, advancements will likely eventually “trickle down”

● Not all bad news: a number of open LLMs have been released

● Examples: AI2’s OLMo, Meta’s Llama, Mistral

28
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"Hallucination"
● Anyone who's used LLMs knows 

that sometimes they just BS

● Typically called "hallucination" in 
technical terms

● RAG is supposed to help, but isn't a 
100% fix

● Wider problem with Chatbots: their 
behavior can never be predicted 
with certainty

29
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● MIT Technology Review: chatbot 

"girlfriend" service encouraged suicide 
and helped facilitate it

● User was purposefully trying to see if this 
behavior could be elicited
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Encouraging dangerous behavior
● MIT Technology Review: chatbot 

"girlfriend" service encouraged suicide 
and helped facilitate it

● User was purposefully trying to see if this 
behavior could be elicited

● In another case, a 14-yo boy did commit 
suicide after discussions with a chatbot

● Alignment (i.e. RLHF) away from this 
behavior is usually presented as a 
solution, but hard to know it's foolproof

31
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Note on terminology
● My impression on what NLP practitioners mean when they say “LLM”:

● Large (roughly >1B parameters)

● Generative (decoder-based)

● Trained with LM + Instruction Tuning + RLHF

● Strong in-context / zero-shot abilities

● Historically might also refer to models like GPT-3 or even BERT!

● The term has evolved, and people use it differently
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