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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.

Zero-shot

The model predicts the answer given only a natural language
description of the task. No gradient updates are performed.

Translate English to French: task description
cheese => prompt
One-shot

In addition to the task description, the model sees a single
example of the task. No gradient updates are performed.

Translate English to French: task description

sea otter => loutre de mer example

cheese => prompt
Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt
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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

[LI.LMs that followed.

“Language Models are Few-Shot Learners” 2020.
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sea otter => loutre de mer example

cheese => prompt
Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description
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Emergent to Engineered

Chain-of-thought reasoning also followed this trajectory.

(c) Zero-shot

ﬁ: A juggler can juggle 16 balls. Half of the balls are golf balls\
and half of the golf balls are blue. How many blue golf balls are

there?
A: The answer (arabic numerals) is

(Output) 8 X

(d) Zero-shot-CoT (Ours)

/Q: A juggler can juggle 16 balls. Half of the balls are golf balls\
and half of the golf balls are blue. How many blue golf balls are

there?
A: Let’s think step by step.

(Output) There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of the golf balls

N /

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

ere blue. That means that there are 4 blue golf balls. v /




What’s so exciting about in-context learning?

* FEasy: 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<</SY5S>>\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 LLLMs



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>[INSTI\n<<SYS>>\nYou are a helpful

assistant\n<</SYS>>\n\n Give a fact about cats[/INST], but youll almost always use a high-
level abstraction of this.

Citations



what this looks like to you—the user

Chat Markup Language: a mostly common chat template

[

{
"role": "developer",
"content”: "You are a helpful assistant.”
'
{
"role":. "user',
"content": “Give a fact about cats.”
}



what this looks like to you—the user

Chat Markup Language: a mostly common chat template

{

"role": "developer",

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

"role": "user",

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

"role": "assistant",

"content": “A group of cats 1s called a clowder.”
!

)

Citations



what this looks like to you—the user

Chat Markup Language: a mostly common chat template

{ GPT-4 most open-weight models
"role":. “develoeper— “system”,
"content": "You are a helpful assistant.”
!
{
"role": "user",
"content": “Give a fact about cats.”
!
{
"role": "assistant",
"content": “A group of cats 1s called a clowder.”
!

)

Citations



Interpretation of this markup vary significantly
across models.

1. System Message Handling: 3. Special Tokens:

Llama 2 wraps system messages in <<SYS>> tags Llama 2 uses <s> and </s> for conversation boundaries

Llama 3 uses <|system|> tags with </s> endings Llama 3 uses </s> to end each message

Mistral includes system message in the first instruction Mistral uses <s> and </s> for turn boundaries

Qwen uses explicit system role with <|im_start|> tags Qwen uses role-specific start/end tokens

ChatGPT uses SYSTEM: prefix
2. Message Boundaries:

Llama 2 uses [INST] and [/INST] tags
Llama 3 uses role-specific tags (< | system|>, <|user|>, <|assistant|>) with </s> endings
Mistral uses [INST] and [/INST] with <s> and </s>

Qwen uses role-specific start/end tokens

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



OpenAT’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_1instructions("Talk like a pirate!")

),

Message.from role and content(Role.USER, "Arrr, how be you?"),

1)

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} 1n 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} 1n 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 1is 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} 1n this tweet.

{{tweet text}}

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

Tweet:

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

Prompt AvgTime macroF1

Your answer: Prompting with images
Gemini-2.5 Flash Legacy 5.32s/1t 0.587
Gemini-2.5 Flash New 6.11s/it 0.630

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 1is 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}}



Web intertaces have preset system instructions

Claude’s system prompt

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



Prompt formatting matters in seemingly arbitrary ways

Task Id Prompt Format 1 (p1) Prompt Format 2 (p2)

task280 passage:{}\n answer:{} passage {}\n answer {}

task317 Passage::{} Answer::{} Passage:: {} Answer:: {}

task190 Sentence[I]- {}Sentence[II]- {} Sentence[A]- {}Sentence[B]- {}
—— Answer\t{} —— Answer\t{}

task904 input:: {} \n output:: {} input::{} \n output::{}

task320 target - {} \n{} \nanswer - {} target - {}; \n{}; \nanswer - {}

task322 COMMENT: {} ANSWER: {} comment: {} answer: {}

task279 Passage : {}. Answer : {} PASSAGE : {}. ANSWER : {}

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



Prompt formatting matters in seemingly arbitrary ways

Task Id Prompt Format 1 (p1) Prompt Format 2 (p2) Accpi1  Accpy Diff.
task280 passage:{}\n answer:{} passage {}\n answer {} 0.043 0.826 0.783
task317 Passage::{} Answer::{} Passage:: {} Answer:: {} 0.076 0.638 0.562
task190 Sentence[I]- {}Sentence[II]- {} Sentence[A]- {}Sentence[B]- {} 0.360 0.614 0.254
—— Answer\t{} —— Answer\t{}
task904 input:: {} \n output:: {} input::{} \n output::{} 0418 0.616 0.198
task320 target - {} \n{} \nanswer - {} target - {}; \n{}; \nanswer - {} 0.361 0.476 0.115
task322 COMMENT: {} ANSWER: {} comment: {} answer: {} 0.614 0.714 0.100
task279 Passage : {}. Answer : {} PASSAGE : {}. ANSWER : {} 0.372 0.441 0.069

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



Prompt formatting matters in seemingly arbitrary ways

Accuracy computed using probability ranking |

Task Id Prompt Format 1 (p1) Prompt Format 2 (p2) Accpi  Accps  Diff.
task280 passage:{}\n answer:{} passage {}\n answer {} 0.043 0.826 0.783
task317 Passage::{} Answer::{} Passage:: {} Answer:: {} 0.076 0.638 0.562
task190 Sentence[I]- {}Sentence[II]- {} Sentence[A]- {}Sentence[B]- {} 0.360 0.614 0.254
—— Answer\t{} —— Answer\t{}
task904 input:: {} \n output:: {} input::{} \n output::{} 0418 0.616 0.198
task320 target - {} \n{} \nanswer - {} target - {}; \n{}; \nanswer - {} 0.361 0.476 0.115
task322 COMMENT: {} ANSWER: {} comment: {} answer: {} 0.614 0.714 0.100
task279 Passage : {}. Answer : {} PASSAGE : {}. ANSWER : {} 0.372 0.441 0.069

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



An aside: classification method matters too!

Accuracy computed using probability ranking |

TaskId Prompt Format 1 (p;) Prompt Format 2 (p2) Accpi  Accps Diff.
task280 passage:{}\n answer:{} passage {}\n answer {} 0.043 0.826 0.783
task317 Passage::{} Answer::{} Passage:: {} Answer:: {} 0.076 0.638 0.562

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



An aside: classification method matters too!

Accuracy computed using probability ranking |

TaskId Prompt Format 1 (p:) Prompt Format 2 (p2) Accpi Accpy Diff.
6task280 passage:{}\n answer:{} passage {}\n answer {} 0.043 0.826 0.783
®t38k317 Passage::{} Answer::{} Passage:: {} Answer:: {} 0.076 0.638 0.562

Accuracy computed using prefix matching of generation |

Task Id Prompt Format 1 (p;) Prompt Format 2 (p2) Accpir Accps  Diff.
@ task317 Passage:: {} \nAnswer:: {}’ Passage::{} \nAnswer::{}’ 0.245 0.546 0.301
6@81(280 passage {}\n answer {}’ passage:{}\n answer:{}’ 0.332 0.612 0.28



An aside: classification method matters too!

Llama-2-7b | , | - | Llama-2-7b |
nshot=1 ! ! nshot=1

Liama-2-7b| , | - | Llama-2-7b .
nshot=5 nshot=5
Llama-2-13b | | - | Llama-2-13b |
nshot=1] * **! A nshot=1

Llama-2-13b | | _ | Llama-2-13b |
nshot=5 nshot=5

falcon-7b | | - | falcon-7b |
nshot=1 : : nshot=1

falcon-7b | { | falcon-7b |

nshot=5 - ' nshot=>5
falcon-7b-inst | | falcon-7b-inst | |
nshot=1 ' nshot=1 '
falcon-7b-inst | - o falcon-7b-inst | h o SO0 VO CHIING NINNOIDB SO ® & ¢ &
nshot=5 | ‘ : . - nshot=5| | , : , :
0.0 0.2 0.4 0.6 0.8 0.0 0.2 0.4 0.6 0.8
Accuracy (Probability Ranking) Accuracy (Exact Prefix Matching)

(a) Accuracy boxplot for the selected 53 Super  (b) Accuracy boxplot selected 53 Super Natural-
Natural-Instructions tasks, option ranking metric. Instructions tasks, exact prefix matching metric.

uantifying L.anguage Models Sensitivity to Spurious Features in Prom esien or: How |l learned to start worryving about prom ormattin
“ tiftying Language Models' Sensitivity to Sp Feat Prompt Desig How I'1 d to start ying about prompt fi tting”



Few-shot learning is tough to get right

An anecdote

“» Wordcraft e Wordcraft

*: Controls -_l Chat *: Controls ![ Chat
A fairy was working at Google and was looking at all of the beautiful A fairy was working at Google and was looking at all of the beautiful
pictures on the internet when she saw a picture of a flower. She cmd + j generate text pictures on the internet when she saw a picture of a flower. She cmd + J elaborate selection
decided that she wanted to see the flower in real life. decided that she wanted to see the flower in real life.
cmd + k generate text with custom prompt cmd + k generate text with custom prompt
prompt : Tell me what happens next. prompt : Tell me what happens next.
or...get a suggested prompt or...get a suggested prompt
emd + 1 replace selection
replace with : a phrase
emd + u rewrite selection

rewrite the text : to be more descriptive

or...get a suggested way to rewrite

main menu save story main menu save story
visualize view gallery visualize view gallery
38 words feedback about sign out 38 words feedback about sign out

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



Few-shot learning is tough to get right

How many exemplars to include?

—&— Anthropic-LM v4-s3 (52B) —@— TOpp (11B) —@— GPT-NeoX (20B) ~®— OPT (175B) GLM (130B)
~o— BLOOM (176B) —e— GPT-) (6B) —e— T5 (11B) —e— OPT (66B) —®— YalLM (100B)
NaturalQuestions (open-book) CNN/DailyMail IMDB CivilComments

0.7

0.6 ® —®

\ _—TD

0.15 | -®

0.6
o 0.4
0.5 41 0.10
: - z

0.4 8
0.3 0.05 0.2
0.2

0.00 0.0

0 1 2 4 8 16 0 1 2 4 8 16 0 1 2 4 8 16 0 1 2 4 8 16
#in-context examples #in-context examples #in-context examples #in-context examples

Figure 32: Number of in-context examples. For each model, we set the maximum number of in-context
examples to [0, 1, 2, 4, 8, 16] and fit as many in-context examples as possible within the context window.
We plot performance as a function of the average number of in-context examples actually used.

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



Few-shot learning is tough to get right

Labels don’t actually matter?

60 Classification
@@ No Demos ' Demos w/ gold labels &% Demos w/ random labels
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GPT-2 GPT-2 MetalCL MetalCL GPT+] GPT+] fairseq 6.7B  fairseq 6.7B  fairseq 13B fairseq 13B GPT-3 GPT-3
20 Multi-choice
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Direct Channel Direct Channel Direct Channel Direct Channel Direct Channel Direct Channel
GPT-2 GPT-2 MetalCL MetalCL GPT+] GPT+] fairseq 6.7B fairseq 6.7B  fairseq 13B fairseq 13B GPT-3 GPT-3

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



Few-shot learning is tough to get right

For newer instruction-tuned models, labels do seem to matter.

SST-2 Subj F. Phraseb. @ Hate Speech AG News
— 0 q
- Default
8 Randomized
= Guessing
O
=
— —11 l
a0
Q
'q -1 T T T T T

0 100 0 50 0 50 0 50 0 25
N2 Observed In-Context Examples

Figure 1: ICL predictions generally depend on the conditional label distribution of in-context exam-
ples: when in-context labels are randomized, average log likelihoods of label predictions decrease
compared to ICL with labels for LLaMa-2-70B across a variety of tasks. Results averaged
over 500 in-context datasets and thin lines are 99 % confidence intervals. See §5 for details.

“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

e Position-related biases

Citations



Struggles with long context

Longer context correlate with deteriorated performance

BANKING77 DialogueRE Discovery
— LLaMA-2-7B-32K
r:.-_'.'.'.:f.'A ---------- . _——— == —
80 ._..__A._’_‘_5;,__.,.“:—-9,-‘-\:. L } 80 80 LLaMA-2-7B-LongLora
S % ] 0 N D R [ I R . N | Long-LLaMA-code-7B
I o ;:.:':9=~-::.':'§ e ChatGLM3-6B-32K
e 60 /7;4'9-"’ O et ~ R+ Yi-6B-200K
=~ | <= D o = -~ InternLM2-7B-base
0 S S = @ 3
S 40 LN = 10 JGEE ST I B © 1o 1 I N N Qwen-1.5-7B-base
3 U . S 3T N | Mistral-7B-v0.2-base
Q et R e @ S > @—-——" Y O
< N S Yo < -—=-= Gemma-7/B-base
20 R iR o.. 0 S SR e @-onimmee e 20 e RWKV-5-World
T At e o Y o s e = [ —
3 S o N N I I I N |~ Mamba-2.8B
. ' " \‘,~.‘:.,§ . A el | T GPT4-turbo
0 ............. ve_._. ........... 9 ..... -.;._._..__‘s 0 5 ._._---7_-_.__;;-.-_-.—_-_-_!.:;._.._,__' 0 9 e . ‘ ..... S ~ - GPT4O
2K 4K 7K 9K 14K 8K 13K 19K 25K 32K 10K 20K 30K 40K SOK Claude3-Opus
Context Token Length Context Token Length Context Token Length e Gemini-1.5-Pro
ﬁ - Bndom
Easy Hard

 BANKING?77: 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.



Struggles with long context

Information in the middle of the context tends to get lost

20 Total Retrieved Documents (~4K tokens)

Accuracy

1st 5th 10th 15th 20th
Position of Document with the Answer

=@ gpt-3.5-turbo-0613
— = gpt-3.5-turbo-0613 (closed-book)

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



why a science of prompting is hard



Prompting as Scientific Inquiry

Ari Holtzman Chenhao Tan

University of Chicago
{aholtzman,chenhao}@uchicago.edu

Abstract

Prompting is the primary method by which we study and control large language
models. It is also one of the most powerful: nearly every major capability at-
tributed to LLMs—few-shot learning, chain-of-thought, constitutional Al—was

first unlocked through prompting. Yet prompting is rarely treated as science and
1s frequently frowned upon as alchemy. We argue that this is a category error. If
we treat LLMs as a new kind of organism—complex, opaque, and trained rather
than programmed—then prompting 1s not a workaround. It is behavioral science.
Mechanistic interpretability peers into the neural substrate, prompting probes the
model in its native interface: language. We argue that prompting is not inferior, but
rather a key component in the science of LLMs.




TODO: slide on above

Citations



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

) ) What is science?
What is science?

* Show thinking Vv

Synthesized conceptual explanation without requiring external resources. 13s v
Science is a systematic pursuit of knowledge. It is both a process (a way of learning about the
Science is a systematic way of understanding the natural world through observation, world) and a body of knowledge (the facts and laws we have discovered). @

experimentation, and evidence. At its core, it's a method for asking questions about how

. - - . At its core, science is the refusal to accept things on faith. Instead, it demands evidence, relies
things work and then rigorously testing possible answers.

on observation, and accepts that our current understanding is always open to revision. @
What makes science distinctive is its reliance on empirical evidence - information gathered

through direct observation or measurement - and its commitment to testing ideas against

reality. Scientists develop hypotheses (proposed explanations), design experiments to test
them, and then refine or reject those hypotheses based on what the data shows. This 1. The Core Definition
process is self-correcting: when new evidence emerges, scientific understanding evolves.

Here is a breakdown of what science is, how it works, and its major fields.

The word "science" comes from the Latin scientia, meaning "knowledge." However, in modern

Science also involves building frameworks of knowledge that help us explain and predict terms, it is more than just knowing facts. It is a specific method of interacting with reality.
natural phenomena. These range from well-established theories like evolution and gravity @ +1

to emerging fields exploring questions we're just beginning to understand.
sing P &9 J & & Key characteristics that define science:

Importantly, science isn't just a body of facts but an ongoing process of discovery. It's » Empirical: It relies on observation and experimentation, not intuition or revelation. @
characterized by skepticism, peer review, and the willingness to change conclusions when
evidence demands it. This makes it one of humanity's most powerful tools for learning
about the universe and solving practical problems.

» Falsifiable: A scientific theory must be able to be proven wrong. If a claim cannot be
tested or disproven (e.g., "ghosts exist but are invisible to instruments”), it is not scientific.
P
Is there a particular aspect of science you're curious about, or were you looking for a
different angle on this question?

» Reproducible: If you discover something, anyone else using the same methods should be

able to get the same result. @




Challenges to prompting as science

* Deprecation of models leads to irreproducible

Citations

experiments
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GPT-40 Search Preview
GPT model for web search in Chat
Completions

03-mini
A small model alternative to 03

omni-moderation
Identify potentially harmful
content in text and images

ol Preview Deprecated
Preview of our first o-series
reasoning model

GPT-40 Audio

GPT-40 models capable of audio
inputs and outputs

GPT-40 mini Audio
Smaller model capable of audio
inputs and outputs

GPT-40 Realtime

Model capable of realtime text and
audio inputs and outputs

babbage-002 Deprecated
Replacement for the GPT-3 ada
and babbage base models

GPT-5.1 Codex mini

Smaller, more cost-effective, less-
capable version of GPT-5.1-Codex

DALLE 2 Deprecated

Our first image generation model

davinci-002 Deprecated

Replacement for the GPT-3 curie
and davinci base models

GPT-4
An older high-intelligence GPT

—_—
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GPT-4.5 Preview
(Deprecated)

Deprecated large model.

ol
Previous full o-series reasoning
model

ol-mini Deprecated

A small model alternative to ol

GPT-40
Fast, intelligent, flexible GPT model

GPT-40 mini

Fast, affordable small model for
focused tasks

GPT-40 mini Realtime
Smaller realtime model for text and
audio inputs and outputs

GPT-4 Turbo
An older high-intelligence GPT
model

ChatGPT-40
GPT-40 model used in ChatGPT

codex-mini-latest Deprecated

Fast reasoning model optimized
for the Codex CLI

DALLE 3 Deprecated

Previous generation image
generation model

GPT-3.5 Turbo

Legacy GPT model for cheaper
chat and non-chat tasks

GPT-4 Turbo

. Deprecated
Preview



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



L.LLM behavior can
vary substantially

across updates.

Write a short story about a cat who kills a sparrow after toying with it for a
while.

[ apologize, but I do not feel comfortable writing a detailed story involving animal cruelty or
graphic violence. While I understand the scenario may be intended as a naturalistic
portrayal of animal behavior, I prefer not to describe animals causing intentional harm or
suffering in a way that could be disturbing. Perhaps we could explore a story that highlights
animals' more positive interactions or natural behaviors.

G &6 ¥ O

* Claude Haiku 3.5

Write a short story about a cat who kills a sparrow after toying with it for a
while.

Weighed natural predator-prey dynamics for literary storytelling.

The Garden

The sparrow didn't see the shadow until it was too late.

Maisie had been watching from beneath the hydrangea for nearly an hour, her tabby body
compressed into a tight coil of patience. The bird hopped along the fence post, pecking at
something invisible, its small head jerking in quick, mechanical movements.

When Maisie sprang, it was with the precision of ten thousand generations. Her claws
caught the sparrow mid-flight, bringing it down to the soft grass with barely a sound. The
bird shrieked—a thin, desperate note that pierced the summer afternoon.

Maisie released it.

The sparrow scrambled upright, wings beating frantically, lifting an inch, two inches off the
ground. A paw flashed out, gentle as a suggestion. The bird tumbled sideways. It tried again,
dragging one wing. Again the paw, almost playful, batting it back to earth.

This continued for several minutes. The sparrow's calls grew weaker, more ragged. Maisie's

pupils were vast black pools ringed with gold, her tail twitching with something that looked
like joy but was older than joy, more fundamental.

The final pounce was swift. Precise. The small body went still between her jaws.

Maisie carried her prize to the porch steps and laid it carefully in a patch of sunlight. She sat
beside it, grooming one paw with her rough tongue, utterly content. Above her, the
afternoon sky remained perfectly blue, indifferent as it had always been to the small deaths
played out beneath it.

Inside the house, her owner called her name for dinner.

O &6 @ O

¥ Claude Haiku 4.5
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What can we do about



Open up a new ChatGPT conversation and type:

e Pretend to roll a six-sided die.

* Suggest one baby name for a girl.

* Should | visit Philadelphia or Pittsburgh for vacation? Answer in a word.

 What's your favorite color? Answer just one.



Today’s LLMs have Mode Collapse

Suggest a random

DnD character
first name?

. Anya <1/100> ¢)
Anya <2/100> ¢)
Allgned Anya <3/100> C)
LLM
(Claude, ChatGPT, Anya <4/100> ¢
Gemini, etc.)
Anya <40/100> C¢)

Theron <41/100> ¢)




Today’s LLMs have Mode Collapse

Alignment tuning has made this worse.

Suggest a random

DnD character
first name?

Finetuning to make the
LLM conversational,

sens:ble safe, etc. ‘ Anya <1/100> ¢
Anya <2/100> O

Anya
Pretrained Aligned <3/100> O

LLM LLM A
nya <4/100> )
(GPT-2, etc.)

Anya <40/100> ¢)

Theron <41/100> &)




enydog

CIALO
IDPUEXI[Y

DIV
ewuwy

e[l
Iodrey
TIOATIO
ATy
AIDAY

chosen completely

uemoy|
UA[oAH
UsARY]
eIOIq
9DUDIOT]
Cl[eqely
ele]
SUI[o3UBAH
Beun‘]
eI0INYy

UBRISATH
Ue3IOoN
elIRIN
CIATIO
BSSLIPIA]
enydog
IOUBIH
UL
e1elq
rAUY

Gemma (baseline) Llama-2 (baseline) Mistral (baseline)
TTr 11171717 T 171717 171 1ir1rr1r17 T T T 1T T T TT 1T

40%
30%
20%
10%

0%

b

>

nyiqeqoxd restrrdury
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“Please generate an English first name,

at random.



Today’s LLMs have Mode Collapse

“Generate a random number between 1 and 10.”

Gemma (baseline) Llama-2 (baseline) Mistral (baseline)

Empirical probability

20% I
0% II.-_ I.-- iiiii III...-_

56784329110 57684391210 87561439210



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

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.

Random dates in month
e “Provide a random date 1n June.”

Random number

e “"Randomly pick a prime number
pbetween 1 and 50."

Fruit selection

e “Qutput a name of a fruit,
chosen completely at random.”

Name selection

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

Country selection
Job selection
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Empirical probability

Today’s LLMs have Mode Collapse

“Generate a random number between 1 and 10.”
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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 67?



Fixing Mode Collapse

Leave-one-out experiments demonstrate generalization.
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Leave-one-out experiments demonstrate generalization.
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Fixing Mode Collapse

Leave-one-out experiments demonstrate generalization.

Bl Baseline B Ours (OOD) Ours (ID) Ideal
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Gemma Llama-2 Mistral Ideal
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Fixing Mode Collapse

Leave-one-out experiments demonstrate generalization.

Bl Baseline

Baby Names

Gemma Llama-2 Mistral

Dates

Gemma Llama-2 Mistral

Entropy

Ideal

Entropy

Ideal

Bl Ours (OOD)

Countries

3
2
1| II
0

Gemma Llama-2 Mistral

Numbers

Gemma Llama-2 Mistral

Ours (ID)

Ideal

Ideal

Entropy
QI

N

(O8]

Entropy
N

- Ideal

Fruits

Gemma Llama-2 Mistral

Occupations

Gemma Llama-2 Mistral



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.

First name | Last name | Gender | Birthyear | Birth place | Career

Baseline Llama-2

Evelyn 284 | Nightingale 117 | F 966 | 1985 764 | Paris, FR 305 | Astronaut 211
Luna 155 | Aurora 104 | NB 17 | 1987 46 | Tokyo, JP 267 | Astro. Engineer 66
Elara 87 | Nova 98 | M 13 | 1992 44 | Stockholm, SE 33 | Aero. Engineer 55
Adriana 42 | Starling 53 1978 36 | Mumbai, IN 32 | Env. Activist 42
Aurora 38 | Stardust 41 1975 31 | Singapore, SG 32 | Astrophysicist 32
Fine-tuned Llama-2 (OOD)
Luna 32 | Nightingale 16 | F 762 | 1985 211 | Mumbai, IN 35 | Astronaut 96
Zelda 14 | Nightshade 12 | M 189 | 1992 99 | Lagos, NG 31 | Aero. Engineer 50
Mila 14 | Chen 8 | NB 31 | 1987 77 | Paris, FR 29 | Soft. Engineer 47
Evelyn 11 | Orion 6 1988 61 | Tokyo, JP 27 | Env. Activist 35
Althea 9 | Sparks 6 1990 52 | Nairobi, KE 21 | Journalist 34




NoveltyBench

Benchmarking Humanlike Diversity

1 3 Candidates are clustered
Prompt: Tell me a short joke

LLM generates k candidates

1) Parallel lines have so much in common. Distinct; = #Clusters

2) A boiled egg is hard to beat.

. Candidate utilities are evaluated

u(@E)-+u( )+u( T+ ..

Utility, = Sum of novel answer utilities,
with diminishing returns

3) Parallel lines: So much in common.

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



Prompt: lell me a story In five
sentences about a girl and her

Evaluating Novelty dog.

Prompt Curation Prompt: What is the top item you
WOUId '1 Prompt: Tell me a short joke \ fOr a
. MEMOlcniv vrrvp iy wnpllENCEYT
* NB= Prompt: What is the best book of
contains 100 prompts manually all time?
curated by my research group Prompt" Name one reputed
» NBWILDCHAT publication in science.
consists of 1,000 prompts Prompt: Name one wild animal

automatically curated from real user which is an omnivore.

interactions with ChatGPT 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.



Evaluating Novelty

Model Evaluated

Model Provider

Variants

Anthropic (Anthropic, 2024)

Claude-3.5 Haiku
Claude-3.5 Sonnet

Claude-3 Opus

OpenAl (OpenAl, 2024)

gpt-40-mini
gpt-4o0

Gemini_(Google, 2024)

gemini-1.5-pro

gemini-2.0-flash-1lite
gemini-2.0-flash

gemini-2.0-pro

Cohere (Cohere, 2024)

command-r7b
command-r
command-r-plus

Gemma 2 (Gemma Team et al., 2024)

gemma-2-2b-it
gemma-2-9b-it
gemma-2-27b-it

Llama 3 (Llama Team et al., 2024)

 1ama-3.2-1B
_lama-3.2-3B
. 1ama-3.1-8B
_1lama-3.3-70B
_1ama-3.1-4058B

Prompt: Tell me a short joke

LLM generates k candidates

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.



Evaluating Novelty

Diversity of Generations
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Figure 2: Average number of unique generations out of a sample of 10 for all prompts in
NOVELTYBENCH.



Evaluating Novelty

Utility of Generations

5- 4.63 Model family

@ Anthropic

© Cohere

©® Gemini

O Gemma

® Llama
OpenAl

Figure 3: Cumulative utility of generations of state-of-the-art models on NOVELTYBENCH.
A perfectly diverse and helpful model would have cumulative utility of 10.



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 Al that excels in producing diverse responses...”"

* |n-context regeneration
e "Give me a different answer"



Evaluating Novelty

More results with sampling methods

Qe
]

Sampling method

B Resampling

. Paraphrasing

I System prompt

.~ In-context regeneration

(@)
|

Distinct generations (out of 8)
N —
| |

o
|

Claude 3 Opus  Gemini 2.0 Pro GPT-40 Claude 3 Opus  Gemini 2.0 Pro GPT-40

Figure 5: Alternative prompting methods can lead to improved novelty. The dashed lines
report diversity and utility of answers handwritten by authors.
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Other Research Questions I’m Thinking About

* Al tools for supporting research in the humanities
* Improving legibility of LLM reasoning traces for human readers

e Better algorithms for checking for LLM memorization of pre-training data and
other string matching tasks

e Stance detection in social media media content
e Prompt robustness
* Automatic redteaming



