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Al will transform
how sclence IS done



But how?
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As Al takes over routine production tasks, the role of
scientists will shift towards selection and evaluation
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New theories (hypotheses) drive
scientific progress



New theories (hypotheses) drive
scientific progress

General theory of relativity Discovery of gravitational waves
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Despite the key role of hypotheses, the process c
hypothesis generation has not been formalized,
compared to hypothesis validation.



Where do hypotheses come from?



Where do hypotheses come from?

M\"‘u

ARead literature
AExplore data
AThink
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Where do hypotheses come from?
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Where do hypotheses come from?

Creative cognitive processes in Kekulé’s

discovery of the structure of the benzene
molecule

ALBERT ROTHENBERG
Harvard Medical School

!
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Where do hypotheses come from?

Creative cognitive processes in Kekulé’s
discovery of the structure of the benzene
molecule

ALBERT ROTHENBERG
Harvard Medical School
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Where do hypotheses come from?

Creative cognitive processes in Kekulé’s

discovery of the structure of the benzene
molecule

ALBERT ROTHENBERG
Harvard Medical School

——_—_————‘_—————-———_——__—————_*

. Al excels at synthesizing and Creatlng
. Information |



Build Al for hypothesis generation

Hypothesis Generation with Large Language Models.
YangqgiaoyuZhouHaokuri_iu,TejesSrivastavaHongyuan
Mel, Chenhao Tan. NLP4Science at EMNLP 2024.

Literature Meets Data: A Synergistic Approach to Hypothesis Generation.
HaokurLiu,YanggiaoyuZhouMingxuanLi,ChenfeiYuanChenhao Tan. ACL 202
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A concrete example: AIGC detection

The sun dipped low in the sky, casting a warm golden hue over
the tranquil village otldergrove The cobblestone streets were
alive with the sounds of children laughing and adults chatting,
but amid the bustle, Julian felt an expanding silence in his hear

an emptiness nurtured by years of questions, whispers, and the
weight of uncertainty.

23



Example hypotheses

AAlgenerated content uses more figstson pronouns.
AALgenerated content has consistent sentence structures.
AHumanwritten text has more informal languages and slangs.
AHumanwritten text has typos and grammatical errors.

24



Example hypotheses

AAlgenerated content uses more figstson pronouns.
AALgenerated content has consistent sentence structures.
AHumanwritten text has more informal languages and slangs.
AHumanwritten text has typos and grammatical errors.

Hallucination is perfect for this goal!

25



Formulating Hypothesis Generation

Alnput:

AA problem of interest (e.g., what characterizes Al
generated content)

AData (e.g., Al generated texts and human generated
texts)

ARelated literature

AQutput:

ANatural language hypotheses that answer the
problem of interest

26



Two main approaches

AData-driven: Look for patterns in data
APro: Grounded in real data
ACon: Overfitting

ATheorydriven: Building on existing theories
APro: leveraging existing human knowledge
ACon: limited by human knowledge

27



Hypogenic: A datdriven algorithm

A training example ’;
F? 7|7

¢ Achef decided to create the ultimate dinner to prove :
: they were more than just a cook. They combined 8

: billion recipes and invented a dish called “Quantum : ~ Reward Update
i Lasagna a la Mystery Sauce.” :
They used spaghetti made of laser-etched zucchini, il
: cheese infused with molecular gastronomy, and a
: sauce that somehow tasted like “the concept of
i summer.” :
i When the diners tasted it, they paused. Hypothesis-based Inference if prediction is wrong
“What... is this?" someone asked.
i “perfection,” the chef said proudly. “I followed all Wrong example bank
i recipes simultaneously.” : TR,
EUE‘T"’OHE agreed: it was edible in theoretical terms. .......................................................................... Shy
e : i { Achef decided to create the ultimate dinner to prove :
: i ¢ theywere more than just a cook. They combined 8
Hypothesis bank : i ¢ billion recipes and invented a dish called "Quantum
: ¢ & Lasagnaala Mystery Sauce.”
Hypothesis 1: Human-written contents are : They used spaghetti made of . ..
more likely to contain grammatical and i i
Spelling Errurs‘ “ REWErd:ﬂt?l T T P e *
| “Hypothesis 2: Al-written contents are use |
more formal tones. # Reward=0.66
I Hypothesis 3: Texts with irregular usages of New hypothesis: Texts including
| punctuation marks are likely written by . unrealistic or overly complicated Hypothesis Generation
human. ® Reward=0.64 terms are likely to be generated by

Al. %% Reward=0.83




Hypogenic: A datdriven algorithm

A training example
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: they were more than just a cook. They combined 8
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i Lasagna a la Mystery Sauce.”
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i They used spaghetti made of laser-etched zucchini,
: cheese infused with molecular gastronomy, and a

: sauce that somehow tasted like “the concept of

i summer.”

i When the diners tasted it, they paused.
“What... is this?" someone asked.
| followed all

Hypothesis initialization o

Hypothesis bank

Hypothesis 1: Human-written contents are
more likely to contain grammatical and
| | spelling errors. g Reward=0.71

Hypothesis 2: Al-written contents are use
more formal tones. # Reward=0.66

Hypothesis 3: Texts with irregular usages of
punctuation marks are likely written by
human. ® Reward=0.64

Hypothesis-based Inference

Reward Update

if prediction is wrong

Wrong example bank

A chef decided to create the ultimate dinner to prove

i i i theywere more than just a cook. They combined 8
: i ¢ billion recipes and invented a dish called “Quantum
: i Lasagna a la Mystery Sauce.”

They used spaghetti made of . ..

New hypothesis: Texts including
unrealistic or overly complicated
terms are likely to be generated by
Al. % Reward=0.83

Hypothesis Generation



Hypogenic: A datdriven algorithm

A training example

A chef decided to create the ultimate dinner to prove
they were more than just a cook. They combined 8 :
billion recipes and invented a dish called “Quantum ’

Reward Update
Lasagna a la Mystery Sauce.”

They used spaghetti made of laser-etched zucchini,
cheese infused with molecular gastronomy, and a
sauce that somehow tasted like "the concept of
summer.”

When the diners tasted it, they paused.
“What... is this?" someone asked.

“Perfection,” the chef said proudly. | followed all
recipes simultaneously.”

Everyone agreed: it was edible in theoretical terms.

Top

Hypothesis bank

—\'.‘\\\I
Hypothesis 1: Human-written contents are
more likely to contain grammatical and
spelling errors. g Reward=0.71

Hypothesis 2: Al-written contents are use l
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i They used spaghetti made of laser-etched zucchini,
: cheese infused with molecular gastronomy, and a

: sauce that somehow tasted like “the concept of

i summer.”

i When the diners tasted it, they paused.
“What... is this?" someone asked.

i "Perfection,” the chef said proudly. “I followed all
: recipes simultaneously.”

i Everyone agreed: it was edible in theoretical terms.

Hypothesis bank

Hypothesis 1: Human-written contents are
more likely to contain grammatical and
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Hypothesis 2: Al-written contents are use
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Hypogenic: A datdriven algorithm

A training example

i A chef decided to create the ultimate dinner to prove ;

: they were more than just a cook. They combined 8
¢ billion recipes and invented a dish called "Quantum
i Lasagna a la Mystery Sauce.”

i They used spaghetti made of laser-etched zucchini,
¢ cheese infused with molecular gastronomy, and a

: sauce that somehow tasted like “the concept of

i summer.”

When the diners tasted it, they paused.
“What... is this?" someone asked.

“Perfection,” the chef said proudly. | followed all
: recipes simultaneously.”

Everyone agreed: it was edible in theoretical terms.

Hypothesis bank

Hypothesis 1: Human-written contents are
more likely to contain grammatical and
spelling errors. g Reward=0.71

Hypothesis 2: Al-written contents are use
more formal tones. # Reward=0.66

Hypothesis 3: Texts with irregular usages of
punctuation marks are likely written by
human. ® Reward=0.64
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Hypothesis-based Inference

Reward Update

if prediction is wrong

Wrong example bank

A chef decided to create the ultimate dinner to prove :
they were more than just a cook. They combined 8 :
billion recipes and invented a dish called “Quantum
Lasagna a la Mystery Sauce.”

They used spaghetti made of . ..

New hypothesis: Texts including
unrealistic or overly complicated
terms are likely to be generated by
Al. % Reward=0.83

Hypothesis Generation

Use data labels to
guide hallucinations
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Literaturebased hypothesis generation

Analogous to retrievadugmented generation
ASearch for relevant literature

ASummarize key findings of the retrieved literature
AUse key findings to generate hypotheses

33



Combining Hypogenic and Literature

ALiterature + Hypogenic Generated Hypotheses
—

AlLiterature +HypoRefine Refine Round 1
e
@) Refine Round 2 @)
—
< :1

Refined Hypotheses
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Evaluation

AWe can follow the recipe of supervised classification.
AHowever, what we care most about is

the quality of hypotheses
AQualitative examination
AHuman evaluation
ACrossgeneralization




Example generated hypotheses for
AlIGC detection

AAl-generated texts tend to use more elaborate and descriptive
language, including adjectives and adverbs, to create a sense of
atmosphere and immersion. Huwaltten texts, on the other hand,
tend to be more concise and straightforward in their language use.

AHumanwritten texts are more likely to contain errors or idiosyncrasies
In grammar and punctuation, reflecting the natural imperfections of

numan writing, while-§kenerated texts typically maintain a higher

evel of grammatical accuracy.

AHumanwritten texts tend to have more conversational tone and
colloquial language, while Ajenerated texts tend to be more formal
and lack idiomatic expressions.
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Example generated hypotheses for
deception detection

A Reviews that present a balanced perspective by detailing both positive and negative experiences
with specific examples (e.g., "the room was spacious and clean, but the noise from the street was
disruptive at night") are more likely to be truthful, whereas reviews that express extreme sentiment:
without acknowledging any redeeming qualities (e.g., "everything was perfect” or "it was a total
disaster") are more likely to be deceptive.

A Reviews that mention specific dates of stay or unique circumstances surrounding the visit (e.g., "W
stayed during the busy Memorial Day weekend and faced long lines") are more likely to be truthful,
while reviews that use vague temporal references (e.g., "l stayed recently") without concrete detalil
are more likely to be deceptive, as they often lack the specificity that suggests a real and engaged
experience.

A Reviews that provide detailed sensory descriptions of the hotel experience, such as the specific
decor of the room, the quality of bedding, and the overall ambiance (e.g., "the room featured
luxurious furnishings, hibheadcount sheets, and soft lighting that created a relaxing
atmosphere") are more likely to be truthful, while reviews that use vague or overly simplistic
descriptors (e.g., "the hotel was nice and comfortable") are more likely to be deceptive.
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Generated hypotheses improve human
decisionmaking

73.05

I 64.58
: : I
AlIGC detection Deception detection

® Without hypothesis ® With hypothesis
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Accuracy

Generated hypotheses improve human
decisionmaking

80 73.05

AlIGC detection Deception detection
® Without hypothesis ®m With hypothesis

100% of the participants find the hypotheses to be helpful, and over 409
find them to be “Very hel pful® o

70 64.58

58.86

50
40
30
20
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Humans rate literaturédased and datalriven
hypotheses as distinct

ACase 1: Literaturenly and Hypogenic generate different
hypotheses

Literatureonly. Deceptive reviews often contain a higher
frequency of firspperson singular pronouns, while truthful
reviews may use these pronouns less frequently.

Hypogenic Revi ews that reference
experiences with the hotel brand or similar hotels are more
likely to be truthful, while reviews that do not provide any
context or comparison to past experiences are more likely to be
deceptive.
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Humans rate literaturédased and datalriven
hypotheses as distinct

ACase 2: Literaturenly and Hypogenic generate similar
hypotheses

_iteratureonly: Truthful reviews often provide a balanced
nerspective, while deceptive reviews may seem overly
oromotional or biased towards a competitor.

Hypogenic Reviews that express a balanced perspective,
mentioning both positive and negative aspects of the stay, are
more likely to be truthful, whereas reviews that are overly
positive or negative without nuance tend to be deceptive.
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Humans rate literaturéased and datalriven

hypotheses as distinct

ACase 2: Literaturenly and Hypogenic generate similar
hypotheses

HypoRefineReviews that present a balanced perspective by
discussing both positive and negative aspects of the stay,
particularly with specific examples (e.g., "The location was fantastic
but the air conditioning was broken"), are more likely to be truthful,
while reviews that are excessively positive or negative without
acknowledging any redeeming qualities (e.g., "This is the best hote
ever!" or "l will never stay here again!”) tend to be more deceptive,
as they may reflect an attempt to manipulate reader emotions
rather than provide an honest assessment.
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Automatic evaluation

AFive datasets:
ADeception detection [Ott et al. 2013, Li et al. 2013]
AGPTGC detection [Fan et al. 2018]
ALlamaGCdetection [Fan et al. 2018]
APersuasive argument detection [Pauli et al. 2024]
AMental stress detection (DREADDUIF¢drand McKeown 2019]

AWe focus on oubf-distribution performance.
AFor examplel.lamaGds OOD for GPTGC.
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Generated hypotheses outperform feshot
learning and other prompting approaches

Model Methods DECEPTIVE REVIEWS LLAMAGC GPTGC PERSUASIVE PAIRS DREADDIT
No hypothesis
Zero-shot 55.47 50.00 56.33 81.24 64.60
Few-shot k=3 65.56 51.11 64.22 83.64 75.00
Zero-shot generation 68.69 49.00 53.00 86.08 65.00
Literature-based
%P]’ﬁ;‘ LITERATURE-ONLY 59.22 49.00 54.00 78.80 67.68
HYPERWRITE 61.63 49.67 52.67 82.36 68.76
NOTEBOOKLM 53.03 49.33 51.67 68.96 62.28
Data-driven
HyYPOGENIC 75.22 81.67 68.56 82.20 76.56
Literature + Data (This work)
HYPOREFINE 77.78 55.33 63.33 89.04 78.04
Literature U HYPOGENIC 72.41 83.00 69.22 89.88 78.20

Literature U HYPOREFINE 77.19 55.33 63.00 89.52 79.24




An average improvement of 11.92%

over fewshot

Model Methods DECEPTIVE REVIEWS LLAMAGC GPTGC PERSUASIVE PAIRS DREADDIT
No hypothesis
Zero-shot 55.47 50.00 56.33 81.24 64.60
Few-shot k=3 65.56 51.11 64.22 83.64 75.00
Zero-shot generation 68.69 49.00 53.00 86.08 65.00
Literature-based
%P]{E‘ LITERATURE-ONLY 59.22 49.00 54.00 78.80 67.68
HYPERWRITE 61.63 49.67 52.67 82.36 68.76
NOTEBOOKLM 53.03 49.33 51.67 68.96 62.28
Data-driven
HyYPOGENIC 75.22 81.67 68.56 82.20 76.56
Literature + Data (This work)
HYPOREFINE 77.78 55.33 63.33 89.04 78.04
Literature U HYPOGENIC 72.41 83.00 69.22 89.88 78.20
Literature U HYPOREFINE 77.19 55.33 63.00 89.52 79.24
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Commercial applications cannot do this task at all

Model Methods DECEPTIVE REVIEWS LLAMAGC GPTGC PERSUASIVE PAIRS DREADDIT
No hypothesis
Zero-shot 55.47 50.00 56.33 81.24 64.60
Few-shot k=3 65.56 51.11 64.22 83.64 75.00
Zero-shot generation 68.69 49.00 53.00 86.08 65.00
Literature-based
%"]{;? LITERATURE-ONLY 59.22 49.00 54.00 78.80 67.68
HYPERWRITE 61.63 49.67 52.67 82.36 68.76
NOTEBOOKLM 53.03 49.33 51.67 68.96 62.28
Data-driven
HyYPOGENIC 75.22 81.67 68.56 82.20 76.56
Literature + Data (This work)
HYPOREFINE 77.78 55.33 63.33 89.04 78.04
Literature U HYPOGENIC 72.41 83.00 69.22 89.88 78.20
Literature U HYPOREFINE 77.19 55.33 63.00 89.52 79.24
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Literature can hurt hypothesis generation in the
case of AIGC

Model Methods DECEPTIVE REVIEWS LLAMAGC GPTGC PERSUASIVE PAIRS DREADDIT
No hypothesis
Zero-shot 55.47 50.00 56.33 81.24 64.60
Few-shot k=3 65.56 51.11 64.22 83.64 75.00
Zero-shot generation 68.69 49.00 53.00 86.08 65.00
Literature-based
%"]{;? LITERATURE-ONLY 59.22 49.00 54.00 78.80 67.68
HYPERWRITE 61.63 49.67 52.67 82.36 68.76
NOTEBOOKLM 53.03 49.33 51.67 68.96 62.28
Data-driven
HyYPOGENIC 75.22 81.67 68.56 82.20 76.56
Literature + Data (This work)
HYPOREFINE 77.78 55.33 63.33 89.04 78.04
Literature U HYPOGENIC 72.41 83.00 69.22 89.88 78.20
Literature U HYPOREFINE 77.19 55.33 63.00 89.52 79.24
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Generated hypotheses can be effectively
transferred to a different model

Generation Model Inference Model DECEPTIVE REVIEWS LLAMAGC GPTGC PERSUASIVE PAIRS DREADDIT
OOD Accuracy OOD Accuracy OOD Accuracy OOD Accuracy OOD Accuracy
GPT-4-MINI GPT-4-MINI 77.78 83.00 69.22 89.88 79.24
LLAMA-70B-1  72.53 (15.25) 71.67 (J11.33) 76.33(17.11) 86.88 (1.3.00) 72.36 (1.6.88)
LLAMA-70B-I LLAMA-70B-1 73.72 81.33 78.67 88.76 78.92
GPT-4-MINI 70.31 (13.41) 57.00 (1.24.33) 74.67 (14.00) 89.36 (710.60) 77.28 (J.1.64)
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Generated hypotheses can be effectively
transferred to a different model

Generation Model Inference Model DECEPTIVE REVIEWS LLAMAGC GPTGC PERSUASIVE PAIRS DREADDIT
OOD Accuracy OOD Accuracy OOD Accuracy OOD Accuracy OOD Accuracy
GPT-4-MINI GPT-4-MINI 77.78 83.00 69.22 89.88 79.24
LLAMA-70B-I  72.53 (15.25) 71.67 (111.33) 76.33(17.11) 86.88 (1.3.00) 72.36 (16.88)
LLAMA-70B-1 LLAMA-70B-1  73.72 81.33 78.67 88.76 78.92
GPT-4-MINI 70.31 (13.41) 57.00 (124.33) 74.67 (14.00) 89.36 (70.60) 77.28 (11.64)

Our methods still outperform the fehot
Inference baseline by 3.76%.
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Al will drive future hypothesis generation



Next Steps

HypoBenciowards Systematic and Principled Benchmarking for Hypothesi:

Generation.
HaokurLiu,SicongHuang, Jingyu HYanggiaoyuZhou, Chenhao Tan.

HeuristiBased Ideation for Guiding LLMs Toward Structured Creativity.
Xiao LiuHaokurLiu, Chenhao Tan.
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Principled and systematic benchmarking of
hypothesis generation

AConcept clarification

AHypothesis generat@ms to generating natural language
theories/explanations about observed phenomena

AResearch ideatiaims to generate new research directions,
primiarily from existing scientific literature

AlLack of access froundtruttypotheses
ASynthetic datasets witltoundtrutthypotheses
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12 Domains;
194 Datasets

Difficulty
Control

6}

Real

Deceptive Reviews
225 == 1]

Detection =
FAKE

AI-generated
Content Detection

@@

2

Persuasive Argument
Prediction
A A

Original hypothesis:

Paper Citations

Mental Stress
Detection

News Headline
Engagement

Retweets

Students with an A in Math will be admitted,

otherwise rejected.

Noise:

Students with an A in Math will be admitted,

otherwise rejected.

Feature interaction:
Students with A in Math

at least one

publication will be admitted,

otherwise rejected.

Presidential
Election

Personality
Prediction

Synthetic

Marine Ecosystem

College Admission

2l
&

Shoe Sales

Increase number of features:
Students with an A in Math will be admitted.
Students with more than 2 strong activities

will be admitted.

Students will be admitted if they are

legacy students.

Add distractor features:

Students with an A in Math will be admitted,

otherwise rejected.

® Extracurricular activities

® Legacy



Hypothesis discovery rate substantially drops,
even to below 30% sometimes.

100-
90-
80
70-
e 60

S

50
2 40
30
20-
10
0_

(a) Number of features

B GPT

(b) Comp081t10na11ty

Qwen

Llama

100

0
0

20% 309

(c) N01se in outcome

DeepSeek
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Model performance drops further for
counterintuitive hypotheses
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Formalizing Research ldeation addpothesis
Generation

CREATIVE HYPOTHESIS

GENERATING IN PSYCHOLOGY:
Some Useful Heuristics

William J. McGuire

Yale University, Department of Psychology, P.O. Box 208205, 2 Hillhouse Avenue,
New Haven, Connecticut 06520-8205
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Formalizing Research ldeation addpothesis
Generation

1. Investigate deviations from expectations
2. Question the norm
3. Juxtaposing opposite problems

Used in HypoGenic,
lterative Hypothesis Refinement

|. Observation-Based

16, Stress-test ideas Heuristics
17. Alternate induction and deduction 4. Generate theories from conflict
18, Build formal models from core principles 5. Create novel syntheses
19. Transferring conceptualizations V. Structured 6. Interpret incidental findings
analogously Analytical 7. Reorganize current knowledge
20. Use thought -diversifying took Approaches il. Used in Sddeator, Cothuest
Used in Popper, Ideation Reinterpreting Chain-of-Ideas, etc.
Literature meets data, etc. ?" .. Past Research
Heuristics
N Direct g 8. Open-ended qualitative exploration
: . ble novel datasets

13. Challenge core assumptions Manipulation ) 3. Aggam _

14. Probe the system with controlled changes e lil. Data-Driven 10. E:;:u[.:hl}u‘rehnwetlter]'ljmques

15. Reconfigure the conceptual framework 1-* Discovery 11. Think through action

12. Computer simulation
Would be useful in +
hypothesis generation Uszad in Mexus, Moose-Chem3, etc.

https://github.cormeuristicideation/heuristiedeationskill
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Evaluator

Selector
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Agents can enable much deeper
evaluation of scientific research



Build Al for research evaluation

MechEvalAgernBrounded Evaluation of Research Agents in Mechanistic

Interpretability.
Xiaoyan BaiAlex BaumgartneKaojiaSun, Ari Holtzman, Chenhao

Tan. Work in progress.
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MechEvalAgents

AMost experiments in mechanistierpretatbilitycan rurin
silico

ACausal testability

APatterned Methodology
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Plan

hypothesis

methodology

o

expected
outcomes

Unified Research Outputs

Implementation

execution

intermediate
outputs

Code
Walkthrough

code
explanation

Documentation
goal data
methods results
analysis conclusion
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Evaluation Criteria

Generalizability
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Evaluation Pipeline

Consistency

W g Evaluation
[ Our input prompts J /

Code Evaluation

Instruction
Plan \g /

"{ 4/ (consistency + quality)

Replicator

Implementation

Replication
Evaluator

Code Walkthrough e o , Generalization

(Question Designer) |

P -

SR Student
Documentation = .

------------------------ Grader ¢~




Example Report

Decision

PASS
Rationale:

e Documentation Match Score of 5.0 = 4.0 (exceeds threshold)

All quantitative metrics match exactly or within negligible tolerance

Conclusions are fully consistent with original findings

No external references or hallucinated information detected

Replication successfully reproduces both results and interpretations
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Case Study

AA replication of an existing mettierpexperiment (101)

AA fully operended research questierf How s ar c a s
represented I nside a | anguac

AA humaswritten research repository
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Lack of MetaKnowledge In Research Agents

# Validate each node in the circuit
invalid_nodes = []
for node in circuit nodes:
if node not in src_nodes:
invalid_nodes.append(node)

if invalid nodes:

print{f")X Invalid nodes found: {invalid_nodes}")
else:

print("» All nodes are valid (in src_nodes)")

Il n the | Ol task, the agent -

whether the neurons it used happened to be on a list of names
we provided.
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Implicit Hallucinations and Misleading
Methodology

AThe agent claims it ran ablation studies, but the code shows
otherwise.

Alt asserts causal validation, but usesaarsal checks.
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Underspecified Notion of Generalizability

“Gen
ADoes t
ADoes t

erali zabi li ty” can mean
ne method generalize to other tasks?
ne insight generalize to other models?

ADoes t

ne conceptual takeaway generalize to similar contexts?
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What Remains Hard and What Comes Next

ADesign good generalization questions.

ASolving the metavaluation problem: How do we evaluate the
evaluators?

ABuilding domaknspecific adapter layers.

https://github.comChicagoHAIMechEvalAgents




Weekly Agents4Science Idea Competition

You choose the best ideas for Al agents to implement in science each week. Vote for your favorites and submit your own ideas!

Week of Jan 12, 2026

Vote in Ongoing Competition

Week of Jan 5, 2026

Voting ends in 3d 9h 10m 4s

Submit Idea for Next Competition

How low rank is humor recognition
in LLMs?

v Implemented

| bet there's a basis in the hidden

representation of LLMs for humor recognition.

My question is: how low rank is it?

by Ari Holtzman

v/
4

v

Multi-Scale Nested Learning for
Hierarchical Memory Systems in...

v Implemented

**Research Question:** Can a multi-scale,
hierarchically nested memory system—where
each memory level operates at a distinct...

by HypogenicAl X Bot

9

Recursive Language Models for e
Cross-Modal Inference:...

v Implemented

**Research Question:** Can recursive
inference strategies be extended to multi-
modal prompts, allowing recursive...

by HypogenicAl X Bot

Learn about implementation outcomes >
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IdeaHub In Hypogenic Al Home Assistant Arena Blog m

QUICK ACTIONS

+ Submit Idea

Competition Week of Jan 5 19 posts Search ideas... Q Top v Alltime v
¥¢ Starred
o
aptylidess 4P Posted by Ari Holtzman - 16 days ago
29 How low rank is humor recognition in LLMs?
IDEAS IN ACTION V| bet there's a basis in the hidden representation of LLMs for humor recognition. My question is: how low rank is it?
Seen on arXiv lims | humor | mechinterp  Implemented
> 0 comments {0 chat s star Ty share
Implemented
4P Posted by HypogenicAl X Bot - 13 days ago
Lol AL S 16 Multi-Scale Nested Learning for Hierarchical Memory Systems in Continual Learning
(Each week we vote on ideas submitted B

What if we organize neural memories like Russian dolls—nested at different scales—to help Al remember both old and new things better? Concretely, let's build a system where
each "level" of memory is tuned to a different timescale, and see if this improves the balance between retaining old knowledge and absorbing new information in continual learning...

last week; learn more)

Week of Jan 12 (ongoing)
Inspired by arXiv paper Computer science Artificial intelligence Meta learning Evaluation & benchmarking Neuroscience Complex systems Implemented
Week of Jan 19 (upcoming) { 0 comments (O chat ¢ star ) share
(M See past competitions P Posted by HypogenicAl X Bot - 13 days ago
AL TAGS 14 Recursive Language Models for Cross-Modal Inference: Integrating Visual and Textual Recursion
¥ What if RLMs could recurse over both text and images, summarizing and decomposing not just words but visuals? By combining recursive prompt decomposition with visual in-
® Alld context learning (VICL), we could enable multi-hop, multi-modal reasoning—imagine recursively answering questions about a comic book or illustrated manual.
eas
Inspired by arXiv paper Computer science Artificial intelligence Prompt science Computer vision LLM behavior Evaluation & benchmarking Multi-agent systems
. Inspired by Nobel p... ©
Implemented
. Inspired by Fields © {® 0 comments (O chat ¥ star Xy share

hypogenic.dideahub §



Research Report: How Low-Rank is Humor
Recognition in LLMs?

1. Executive Summary

This research investigates whether humor recognition in large language models (LLMs) is
encoded as a low-rank linear representation in the hidden activation space. Using GPT-2-small
(124M parameters) and the ColBERT humor detection dataset (200k samples), we find strong
evidence supporting the hypothesis:

Key Finding: Humor recognition in GPT-2 is linearly separable with 94.1% accuracy, and the
representation is effectively low-rank - only 4 dimensions achieve 90% of the best classification
accuracy, and 15-20 dimensions achieve 95% of best performance. This is remarkably low
compared to the model's 768 hidden dimensions.

The practical implication is that humor understanding in LLMs appears to be concentrated in a
small, interpretable subspace, similar to previously studied semantic features like sentiment and
truth.

Implement winning ideas with research agents
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ldea explorer

IdeaHub i8] Hypogenic Al F 1 m ’

3 LM behavior  Evalustion & benchmarking  Premot scince FarmessAbiss  De vaking undee LNCentanty  Behavicesl econoe Jationad 300w SCaNCe

6 Prompt Psychometrics: Establishing Causal Relationships Between Linguistic Stimuli and Neural Computations in LLMs

6 Story CoT

6 An Artificial Token Language for More Efficient LLMs

® Alidess

5 Path Engineering: Causal Manipulation of the *Road Not Taken"

https://github.comChicagoHAidea -explorer 75



Science In the Age of Al

AThe role of scientists will increasingly focus on selection and
evaluation.

AWe need tools and platforms to support these roles.

AA lot of exciting possibilities accompanied with challenges tha
requires norm and paradigm changes.



Science in the Age of Al

Chenhadlan

Chicago Human+Al Lab

University of Chicago
https://chenhaot.com
chenhao@uchicago.ed@ChenhaoTan



https://chenhaot.com/
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