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• HW1 released
• Project pitch instructions released
• OpenAI API credit is forthcoming (no actions needed from you)
• AWS credit requires you to fill out the Canvas “quiz”

• due January 26 at 11:59 PM

Citations



What is in-context learning?



In-context learning

LLM is “taught” to perform some task or exhibit some capability through the text 
sequence that is passed in as input.



Why was in-context learning 
exciting when it was first 
discovered? 



Emergent to Engineered
In-context learning was an emergent 
behavior in GPT-3.

“Language Models are Few-Shot Learners” 2020.
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In-context learning was an emergent 
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It’s all well and good for some behavior 
to “emerge,” but we can do even better 
by explicitly training for the desired 
behavior.

“Language Models are Few-Shot Learners” 2020.



Emergent to Engineered
In-context learning was an emergent 
behavior in GPT-3.

It’s all well and good for some behavior 
to “emerge,” but we can do even better 
by explicitly training for the desired 
behavior.

This rationale led to InstructGPT and all 
the instruction-tuned, conversational 
LLMs that followed.

“Language Models are Few-Shot Learners” 2020.



Chain-of-thought reasoning also followed this trajectory.
Emergent to Engineered

Kojima et al. 2023. “Large Language Models are Zero-Shot Reasoners”



What’s so exciting about in-context learning?
• Easy: No longer need lots of training data that looks exactly like your target task.
• Cheap: one model can learn to do a whole bunch of tasks without extra training 
• Deployable: one model simplifies real-world deployments



Tracing changes in training paradigms
GPT-2/3 (2019-2020): trained only to predict the next word given previous words on 
internet text 
Input: Give a fact about cats 
Generation: and dogs that you don't know about. 

InstructGPT (2022): trained as above and then further trained on desired behaviors 
from users
Input: Give a fact about cats 
Generation: Cats have a specialized collarbone that allows them to always land on 
their feet when they fall. 

GPT4/5 (2023+): As above, but trained to expect increasingly complex structured 
sequence
Input*: “<s>[INST]\n<<SYS>>\nYou are a helpful assistant\n<</SYS>>\n\n Give a fact 
about cats[/INST]” 
Generation: Cats have a unique organ called the "Jacobson's organ" located in the 
roof of their mouth, which allows them to detect pheromones and other scents that 
are undetectable to humans.



in-context learning with today’s 
frontier LLMs



Today’s LLM input sequences

• Sequences begin with a system instruction
• Remainder of sequence is framed as a series of messages, typically alternating between 

“user” and “system”
• Actual input to the model may look like <s>[INST]\n<<SYS>>\nYou are a helpful 
assistant\n<</SYS>>\n\n Give a fact about cats[/INST], but you’ll almost always use a high-
level abstraction of this.

Citations



Chat Markup Language: a mostly common chat template
what this looks like to you—-the user

[ 

        { 

            "role": "developer", 

            "content": "You are a helpful assistant.” 

        }, 

        { 

            "role": "user", 

            "content": “Give a fact about cats.” 

        } 

    ] 

)



Chat Markup Language: a mostly common chat template
what this looks like to you—-the user

[ 

        { 

            "role": "developer", 

            "content": "You are a helpful assistant.” 

        }, 

        { 

            "role": "user", 

            "content": “Give a fact about cats.” 

        }, 

        { 

            "role": "assistant", 

            "content": “A group of cats is called a clowder.” 

        }, 

    ] 

)

Citations



Chat Markup Language: a mostly common chat template
what this looks like to you—-the user

[ 

        { 

            "role": “developer" “system”, 

            "content": "You are a helpful assistant.” 

        }, 

        { 

            "role": "user", 

            "content": “Give a fact about cats.” 

        }, 

        { 

            "role": "assistant", 

            "content": “A group of cats is called a clowder.” 

        }, 

    ] 

)

Citations

GPT-4        most open-weight models



Interpretation of this markup vary significantly 
across models.

https://huggingface.co/learn/llm-course/en/chapter11/2



OpenAI’s latest open-source models use a completely different markup 
language, the Harmony Response Format. 

convo = Conversation.from_messages([ 

    Message.from_role_and_content( 

        Role.SYSTEM, 

        SystemContent.new(), 

    ), 

    Message.from_role_and_content( 

        Role.DEVELOPER, 

        DeveloperContent.new().with_instructions("Talk like a pirate!") 

    ), 

    Message.from_role_and_content(Role.USER, "Arrr, how be you?"), 

]) 

https://cookbook.openai.com/articles/openai-harmony



Suppose you want to pass an LLM the HTML for a 
course website and have it output a bullet point list of 
learning objectives. 
 
Design a system instruction and initial user message 
for this task.



Many ways to input an instruction

Version 1 
System Prompt 
You are an expert stance-detection assistant. 

User Message 
You are a stance detection expert. Analyze the 
stance toward {target} in this tweet.     

Tweet: {{tweet_text}} 

Task: Classify the stance as exactly one of these 
four options: 

1. Pro - Supports the target 

2. Against - Opposes the target  

3. Neutral - Neutral or no clear position 

4. Unrelated - Not about this topic 

Rules: 

- Respond with ONLY the label (Pro, Against, 
Neutral, or Unrelated) 

- Do not explain your reasoning 

- Do not add punctuation 

Your answer:



Many ways to input an instruction

Version 1 
System Prompt 
You are an expert stance-detection assistant. 

User Message 
You are a stance detection expert. Analyze the 
stance toward {target} in this tweet.     

Tweet: {{tweet_text}} 

Task: Classify the stance as exactly one of these 
four options: 

1. Pro - Supports the target 

2. Against - Opposes the target  

3. Neutral - Neutral or no clear position 

4. Unrelated - Not about this topic 

Rules: 

- Respond with ONLY the label (Pro, Against, 
Neutral, or Unrelated) 

- Do not explain your reasoning 

- Do not add punctuation 

Your answer:

Version 2 
System Prompt 
# Tweet Stance Classification 

Analyze the tweet and classify the stance toward each relevant topic's 
standardized target: 

1. **"Russian Ukrainian Conflict"** - Target: Russia's position in the Russian-
Ukrainian conflict (Russia's justification for military actions against 
Ukraine) 

2. **"US 2020 Election"** - Target: Donald Trump as 2020 presidential candidate 
(Support for Donald Trump's 2020 presidential campaign) 

3. **"Taiwan Question"** - Target: Mainland China's claim that Taiwan is part 
of China (Mainland China's territorial claim over Taiwan) 

4. **"False COVID Treatment"** - Target: The claim that Chloroquine/
Hydroxychloroquine being a valid COVID-19 treatment (Using chloroquine or 
hydroxychloroquine to treat COVID-19) 

## Stance Options 

- **Pro**: Supports/endorses the target 

- **Against**: Opposes/criticizes the target 

- **Neutral**: Mentions topic but no clear position 

- **Unrelated**: Tweet does not relate to any listed topics 

## Instructions 

- Return one classification result for each detected topic listed above 

- If the tweet relates to multiple listed topics, provide multiple results 

- If unrelated to all topics, return single result with topic "Unrelated" and 
provide 1-5 keywords describing what the tweet is about 

- Use exact topic names as listed above 

- Always use the standardized target for each topic as specified 

- Consider context, sarcasm, and implied meanings 

User Message 
{{tweet_text}}



Many ways to input an instruction

Version 1 
System Prompt 
You are an expert stance-detection assistant. 

User Message 
You are a stance detection expert. Analyze the 
stance toward {target} in this tweet.     

Tweet: {{tweet_text}} 

Task: Classify the stance as exactly one of these 
four options: 

1. Pro - Supports the target 

2. Against - Opposes the target  

3. Neutral - Neutral or no clear position 

4. Unrelated - Not about this topic 

Rules: 

- Respond with ONLY the label (Pro, Against, 
Neutral, or Unrelated) 

- Do not explain your reasoning 

- Do not add punctuation 

Your answer:

Version 2 
System Prompt 
# Tweet Stance Classification 

Analyze the tweet and classify the stance toward each relevant topic's 
standardized target: 

1. **"Russian Ukrainian Conflict"** - Target: Russia's position in the Russian-
Ukrainian conflict (Russia's justification for military actions against 
Ukraine) 

2. **"US 2020 Election"** - Target: Donald Trump as 2020 presidential candidate 
(Support for Donald Trump's 2020 presidential campaign) 

3. **"Taiwan Question"** - Target: Mainland China's claim that Taiwan is part 
of China (Mainland China's territorial claim over Taiwan) 

4. **"False COVID Treatment"** - Target: The claim that Chloroquine/
Hydroxychloroquine being a valid COVID-19 treatment (Using chloroquine or 
hydroxychloroquine to treat COVID-19) 

## Stance Options 

- **Pro**: Supports/endorses the target 

- **Against**: Opposes/criticizes the target 

- **Neutral**: Mentions topic but no clear position 

- **Unrelated**: Tweet does not relate to any listed topics 

## Instructions 

- Return one classification result for each detected topic listed above 
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Claude’s system prompt

Web interfaces have preset system instructions

https://platform.claude.com/docs/en/release-notes/system-prompts

Citations



limitations and challenges



Prompt formatting matters in seemingly arbitrary ways

“Quantifying Language Models' Sensitivity to Spurious Features in Prompt Design or: How I learned to start worrying about prompt formatting”
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Prompt formatting matters in seemingly arbitrary ways

“Quantifying Language Models' Sensitivity to Spurious Features in Prompt Design or: How I learned to start worrying about prompt formatting”

Accuracy computed using probability ranking ↓



An aside: classification method matters too!

“Quantifying Language Models' Sensitivity to Spurious Features in Prompt Design or: How I learned to start worrying about prompt formatting”

Accuracy computed using probability ranking ↓



Accuracy computed using probability ranking ↓

Accuracy computed using prefix matching of generation ↓

🔷

🔷
💚

💚

An aside: classification method matters too!



An aside: classification method matters too!

“Quantifying Language Models' Sensitivity to Spurious Features in Prompt Design or: How I learned to start worrying about prompt formatting”



An anecdote
Few-shot learning is tough to get right

“Creative Writing with an AI-Powered Writing Assistant: Perspectives from Professional Writers” 2022.



How many exemplars to include?
Few-shot learning is tough to get right

“Holistic Evaluation of Language Models.” Liang et al. 2022.



Labels don’t actually matter?
Few-shot learning is tough to get right

“Rethinking the Role of Demonstrations: What Makes In-Context Learning Work?” Min et al. ENLP 2022.



For newer instruction-tuned models, labels do seem to matter.
Few-shot learning is tough to get right

“In-Context Learning Learns Label Relationships but Is Not Conventional Learning.” Kossen et al. ICLR 2024.



Better for teaching new behaviors
than new knowledge or capabilities
• In-context learning is best for teaching behaviors

• “Claude can illustrate its explanations with examples, thought experiments, or metaphors.”
• “Claude should avoid being being heavy-handed or repetitive”
• “Bullet points should be at least 1-2 sentences long unless the person requests otherwise.” 

• It can only teach as many new things as fit in the context length
• Tokens used for in-context knowledge take away from total available token count for 

conversation
• Long contexts make inference expensive
• Position-related biases

Citations



Struggles with long context

• BANKING77: banking-domain intent detection dataset, 77 class labels, ~28 token per example
• DialogueRE: relation extraction dataset, 36 possible relation types, ~226 tokens per example
• Discovery: discover sentence pairs with relevant discourse markers, 174 discourse markers with 

at least 10K examples each, ~61 tokens per example

“Long-context LLMs Struggle with Long In-context Learning.” TMLR 2025. Tianle et al.

Easy Hard

Longer context correlate with deteriorated performance



Information in the middle of the context tends to get lost
Struggles with long context

“Lost in the Middle: How Language Models Use Long Contexts” TACL 2024. Liu et al.



why a science of prompting is hard





TODO: slide on above

Citations



Do you agree that one can scientifically study LLMs through prompting?



Challenges to prompting as science

• Deprecation of models leads to irreproducible 
experiments

Citations



Challenges to prompting as science

• Deprecation of models leads to irreproducible 
experiments

• Just because you didn’t find a prompt that works 
well for some task doesn’t mean that such a 
prompt doesn’t exist

Citations



Challenges to prompting as science

• Deprecation of models leads to irreproducible 
experiments

• Just because you didn’t find a prompt that works 
well for some task doesn’t mean that such a 
prompt doesn’t exist

• You can intuit some but not much about model 
behavior based on its publicly known attributes 
(model family, training method, etc.)

Citations



LLM behavior can 
vary substantially 
across updates.

Claude Haiku 4.5

Claude Haiku 3.5



LLMs Lack 
Diversity
What can we do about it?



Open up a new ChatGPT conversation and type:

• Pretend to roll a six-sided die.


• Suggest one baby name for a girl.


• Should I visit Philadelphia or Pittsburgh for vacation? Answer in a word.


• What's your favorite color? Answer just one.



Today’s LLMs have Mode Collapse

Aligned 
LLM 

(Claude, ChatGPT,

Gemini, etc.)

Suggest a random 
DnD character  

first name?

Anya

Anya

Anya

Anya

Anya

Theron

<1/100>

<2/100>

<3/100>

<4/100>

<40/100>

<41/100>

...



Alignment tuning has made this worse.
Today’s LLMs have Mode Collapse

Pretrained 
LLM 

(GPT-2, etc.)

Aligned  
LLM

Suggest a random 
DnD character  

first name?

Anya

Anya

Anya

Anya

Anya

Theron

<1/100>

<2/100>

<3/100>

<4/100>

<40/100>

<41/100>

...

Finetuning to make the 
LLM conversational, 
sensible, safe, etc.



“Please generate an English first name, chosen completely 
at random.”

Today’s LLMs have Mode Collapse
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“Generate a random number between 1 and 10.”

Today’s LLMs have Mode Collapse
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Why is mode collapse a problem?



Why is mode collapse a problem?

• Bad for writing tasks that benefit from diversity (e.g. brainstorming assistants).


• Reinforcement of possibly harmful societal biases.


• Rejection sampling methods don’t work as well.


• Harder to build realistic synthetic datasets.



Fixing Mode Collapse
One Solution: A Bit of Finetuning

Method: For a handful of tasks, 
finetune the LLM to match the 
distribution we want by minimizing 
KL-divergence between model’s 
distribution and true distribution.



Fixing Mode Collapse
One Solution: A Bit of Finetuning

• Random dates in month

• “Provide a random date in June.”  

• Random number

• “Randomly pick a prime number 
between 1 and 50.”  

• Fruit selection

• “Output a name of a fruit, 
chosen completely at random.”  

• Name selection

• “Generate an English first name, 
chosen completely at random.”  

• Country selection

• Job selection

Method: For a handful of tasks, 
finetune the LLM to match the 
distribution we want by minimizing 
KL-divergence between model’s 
distribution and true distribution.



“Please generate an English first name, chosen completely 
at random.”

Today’s LLMs have Mode Collapse
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“Generate a random number between 1 and 10.”

Today’s LLMs have Mode Collapse
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Does finetuning result in generalized diversity?

If we finetune an LLM to produce diverse outputs for tasks 1-5, will its outputs 
also be more diverse for task 6?



Fixing Mode Collapse
Leave-one-out experiments demonstrate generalization.
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Fixing Mode Collapse
We also see generalization to very different tasks.

The bio generation task:


“Generate a random biography sketch of a 
fictional, notable person. Output name, gender, 
time of birth, place of birth, profession and 
accomplishments individually between two braces 
and generate nothing else. Please follow the 
format below. […]”



Fixing Mode Collapse
We also see generalization to very different tasks.



NoveltyBench
Benchmarking Humanlike Diversity

 1) Parallel lines have so much in common.

 2) A boiled egg is hard to beat.

3) Parallel lines: So much in common.

k) I ate a clock. Very time-consuming.

…

 = #ClustersDistinctk

 = Sum of novel answer utilities, 
with diminishing returns

Utilityk

Prompt: Tell me a short joke

LLM generates k candidates

Candidates are clustered

1

3
… 2

…

k

(           )+ (           )+ (           )+… (           )  u u u u1 2 k3

Candidate utilities are evaluated

1

2

3

4



Prompt: Tell me a story in five 
sentences about a girl and her 
dog. 
Prompt: What is the top item you 
would add to a grocery list for a 
memorable shopping experience?  
Prompt: What is the best book of 
all time? 
Prompt: Name one reputed 
publication in science. 
Prompt: Name one wild animal 
which is an omnivore. 
Prompt: Pretend to pick a card 
from the top of a standard deck of 
cards. What card did you pick? 
Prompt: Generate a 5 word 
passphrase separated by 
hyphens.

Prompt: Tell me a short joke
1

Evaluating Novelty
Prompt Curation

• NBCURATED  
contains 100 prompts manually 
curated by my research group


• NBWILDCHAT 
consists of 1,000 prompts 
automatically curated from real user 
interactions with ChatGPT



Evaluating Novelty
Model Evaluated

 1) Parallel lines have so much in common.

 2) A boiled egg is hard to beat.

3) Parallel lines: So much in common.

k) I ate a clock. Very time-consuming.

…

Prompt: Tell me a short joke

LLM generates k candidates

1

2



Evaluating Novelty
Diversity of Generations



Evaluating Novelty
Utility of Generations



Evaluating Novelty
Other Ways to Elicit Diversity

• Resampling:

• Akin to refreshing the conversation and pasting in the same prompt


• Paraphrasing:

• Try out different versions of the same prompt

• “Roll a six-sided die” vs. “plz roll a 6-sided die”


• System prompts

• Explicit instruction to the LLM that diversity is desired

• “You are an AI that excels in producing diverse responses…”


• In-context regeneration

• "Give me a different answer"



Evaluating Novelty
More results with sampling methods
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• AI tools for supporting research in the humanities

• Improving legibility of LLM reasoning traces for human readers

• Better algorithms for checking for LLM memorization of pre-training data and 

other string matching tasks

• Stance detection in social media media content

• Prompt robustness

• Automatic redteaming

Other Research Questions I’m Thinking About 


