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Outline for today
● Review: behavior change from “pure” language models

● Ingredients to this shift

● Instruction tuning

● User preferences

● Reinforcement learning

● Direct Policy Optimization (DPO)

● Socio-cultural shifts (closed models, wide adoption, etc.)

● Thanks to Prof. Shane Steinert-Threlkeld for ideas on structuring this lecture!
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From GPT to ChatGPT
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GPT-2 prompting
● Prompt: I didn't ride my bike to campus today because of the snowy 

weather. 

● There is a lot of construction and I wanted to have a few hours of skiing. All that 
snow is a real pain in the ass. Good thing there was an LRT planned for that 
area. See you guys on campus in a few days! Photo credit: Tapto@archivosos.gr 
– August 26, 2016: Windy Weather on the Mountain (photo credit: Diana Prat) 
From Diana Prat, via tapto@archivosos.gr: 
Ever since the camp that I organized to protest the modernisation of the 
Barranco, my beautiful alma mater, you know, going in for a press conference, I 
was asking why the Italian government
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vs. ChatGPT
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Another example (GPT-2)
● Prompt: What inspired Noam Chomsky to invent the light bulb? 

● He was, of course, inspired to do this by his lifelong fascination with 
electricity, especially its power and simplicity. He used to say that in the 
early days he had not really known how to work a light bulb
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Another Example (ChatGPT)
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Behavior change
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Behavior change
● “Pure” language models will try to complete a prompt

● i.e. act as if it were any other text, and try to predict the next token(s)
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Behavior change
● “Pure” language models will try to complete a prompt

● i.e. act as if it were any other text, and try to predict the next token(s)

● “Chatbot” LMs instead act as a dialogue partner (“interlocutor”)

● How? We’ll cover the key techniques in this lecture

● Much greater emphasis on user-friendliness (can be used easily by people 
without technical NLP knowledge)

● Also leads to much greater anthropomorphization of LMs, which could be 
problematic
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description and examples within a 
natural language prompt
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Precursor: In-Context Learning
● Solve tasks by including a 

description and examples within a 
natural language prompt

● No gradient updates needed

● Popularized by the release of 
GPT-3

● Led to the (ongoing) subfield of 
prompt engineering (more later)
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Precursor: Text-to-Text NLP
● Train LMs to all tasks with unified 

text output

● Bipasses classification heads

● Well suited for problems posed as 
text

● Explicit training (does gradient 
updates)

● Popularized by Googles’s T5 model
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Ongoing precursor: Prompt Engineering
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Ongoing precursor: Prompt Engineering
● Variation in prompt significantly 

affects model behavior

● Find the best way to elicit desired 
behavior from the model

● Prominent example: “Chain of 
Thought” prompting

● Prompt the model to generate step-
by-step reasoning

● Huge area of NLP to this day

11



Ingredients for “Chatbot” LLMs
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Instruction Tuning
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Instruction Tuning
● Explicitly train on textual formulations of 

tasks (like T5)

● Subtle differences from T5, including 
generalization to unseen tasks
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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

14

from FLAN 
paper
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Instruction Tuning
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Instruction Tuning
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Instruction Tuning
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Instruction Tuning
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Upshot: Instruction Tuning is relatively cheap in compute



Human preference data
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Human preference data
● Instruction tuning is hard to scale

● Requires costly annotators

● Impossible to demonstrate all 
preferred/dispreferred behaviors
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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
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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
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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

● More recently: can get the same 
results while technically skipping 
Reinforcement Learning

● Called Direct Policy Optimization
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RLHF
● 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)

→
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RLHF
● 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

●

● Given  is the preferred completion and  is the dis-preferred completion

ℒ = σ(r(x, yi) − r(x, yj))

yi yj

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

● LLM learns to generate completions that maximize reward (without losing LM ability)
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 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

● 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

● Very widely used as the algorithm 
for RLHF today
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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 preference ranking 
equation
● Z term cancels out

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

25

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)



DPO
● Re-factored reward function plugged 

back into preference ranking 
equation
● Z term cancels out

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

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

25

ℒDPO(πθ; πref) = − log σ (β log
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− β log
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LLM training overview
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(AKA Instruction Tuning)

DPO eliminates explicit 
reward modeling



LLM continuous training
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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”
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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”
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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
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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
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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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Other LLM topics
● Evaluation (rapidly changing)

● Tons of traditional NLP benchmarks like MMLU

● Expanding to human exams like the Bar Exam, GRE, etc.

● Sometimes talk about “win rates” over human preference data (e.g. Chatbot 
Arena)

● Multimodality (inclusion of image, video, audio, etc.)

● Risks / societal consequences

● Most of what we’ll hear about next time!

31

https://arxiv.org/pdf/2009.03300
https://lmarena.ai/
https://lmarena.ai/

