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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)

6

https://www.nbcnews.com/tech/characterai-lawsuit-florida-teen-death-rcna176791
https://www.nbcnews.com/tech/characterai-lawsuit-florida-teen-death-rcna176791


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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Tasks as Conditional Generation
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Traditional Approach: Task Heads
● In the "BERT Era", classification 

tasks were done with small task-
specific layers called "heads"

● E.g. linear layer + softmax for five-
way sentiment classification

● Main model is sometimes frozen 
(only task head trains)

● Problem: each new task requires a 
new task head
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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 Google’s T5 model

● "Text-to-Text Transfer Transformer"
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Converting Tasks to Language Modeling
● Take a supervised task and find a way to 

pose it as text

● For T5, the input is prefixed with the 
task name (e.g. `rte`)

● The task is now to generate the tokens 
of the correct answer

● Sometimes with naturalistic prompting 
like "the sentiment of the sentence is..."

● Other times this is with more "meta" text 
like `sentence1:` , `sentence2:`
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Why Text-to-Text?
● No need to train a separate task 

head for each new task

● No specialized architecture at all!

● Builds on the model's existing 
strength in text prediction

● Allows models to answer questions 
more naturalistically

● Prompts allow for task specification 
and demonstration
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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

● Few-shot: examples of desired 
behavior/output provided

● Zero-shot: only task description and 
prompt given
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Prompt Engineering
● Variation in the 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
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Recipe for “Chatbot” LLMs
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Overview

15

from 
InstructGPT 

paper

Instruction tuning Preference data 
collection

Reinforcement Learning from 
Human Feedback (RLHF)
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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

● 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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Building Instruction-Tuning Sets
● How do we create this instruction-tuning 

data? Multiple options

● Option 1: human-written data

● Use people (usually crowd-workers) to 
write prompt-completion pairs

● High-quality data, but expensive and time-
consuming to curate

● Example: Aya Dataset

● Written by recruited language experts

● 204k examples, 65 languages, 3000 experts
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Building Instruction-Tuning Sets
● Option 2: convert existing 

supervised datasets

● Automated, so much more scalable

● Write a natural language template, 
then fill-in the content automatically

● Repetitive prompts can sometimes 
cause problems

● Example: FLAN

● 60 datasets converted via templating
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Templating Detail
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Building Instruction-Tuning Sets
● Option 3: leverage LLMs

● (Wasn't an option before LLMs)

● Can use original instructions for 
human annotators, and have LLM 
generate annotated examples

● Can also use to generate 
paraphrases of existing examples/
templates (helps avoid repetitive 
examples)
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Task Inventories
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Adding Exemplars and CoT
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Evaluating Instruction-Tuning
● Instruction-tuned models 

emphasize generalization to 
unseen tasks

● Often evaluated by "leave one out"

● Train on everything except NLI

● Whole task types are left out, since 
there may be more than one NLI set, 
e.g.
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FLAN Improvements
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Compute Cost
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Compute Cost
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Upshot: Instruction Tuning is relatively cheap in compute
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Prompting Expanded
● Instruction tuning enhances models' 

abilities to follow prompts

● Goes beyond "in-context learning" 
(e.g. GPT-3). Model is explicitly 
trained on prompts

● This allows for the creation of more 
elaborate prompts

● Already seen examples of Chain-of-
Thought prompting, which has proven 
powerful
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System Prompts
● Chatbots like ChatGPT and Claude 

usually have elaborate system 
prompts

● Prompts that are unseen by the user, 
but characterize desired model 
behavior

● These can control things like style, 
brevity, persona, "safety", etc.

● Included here: Claude's system 
prompt
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Next Time
● LLMs continued

● Learning from Human-Preferences

● Reinforcement Learning generally

● Crowd-sourcing preferences

● DPO

● Test-time Compute Scaling

● Ethical considerations
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