
AutoDiscovery
Bodhi, Dhruv

“Intriguing speculations on the possibilities of science”



Kyle Travaglini
Scientist, Allen Institute

Measurements of Abeta, pTau, pTDP43, 
a-synuclein, Neun+ cells, IBA1+ cells, and 
GFAP+ cells from quantitative analysis of 
stained neuropathology images from 
Middle Temporal Gyrus (MTG).

Quantitative 
Neuropathology Data

Seale Alzheimer’s Disease 
Brain Cell Atlas (SEA-AD)
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AT8 + cells increased exponentially with 
disease progression and that deep layers 
(5–6) accumulated more pathology at 
advanced stages.
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KyleT found:
AT8 + cells increased exponentially with 
disease progression and that deep layers 
(5–6) accumulated more pathology at 
advanced stages.

     AutoDiscovery found:
A higher cortical laminar gradient of 
AT8—quantified as the ratio of percent AT8 
positive area in deep layers (5–6) over 
superficial layers (1–4)—is associated with 
dementia and significantly predicts cognitive 
status, adjusting for APOE genotype.
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Kyle Travaglini
Scientist, Allen Institute

AutoDiscovery found:
A higher cortical laminar gradient of AT8—quantified as the ratio of percent AT8 positive 
area in deep layers (5–6) over superficial layers (1–4)—is associated with dementia and 
significantly predicts cognitive status, adjusting for APOE genotype.
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https://docs.google.com/file/d/1jiM6imbaYaMauFeTsAzWmZPMiTFfrTlb/preview


What are the ingredients of a discovery system?
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Molecule Equation

Simulations / Wet-lab Tests Curve-fiing

Natural Language

Statistical Tests

Donors with a known head injury 
are not more likely to have 

dementia at the time of death

Example hypotheses?

Hypothesis Search Hypothesis Verification

Continual Learning

What are the ingredients of a discovery system?
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What are the ingredients of a discovery system?

Molecule Equation

Simulations / Wet-lab Tests Curve-fiing

Natural Language

Statistical Tests

Types of Hypothesis

Hypothesis Search Hypothesis Verification

Continual Learning

Donors with a known head injury 
are not more likely to have 

dementia at the time of death

How do scientists do this today?
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Research 
Question

Are donors with a known head 
injury more likely to have dementia 
at the time of death?

Sea-AD: The Seale Alzheimer’s 
Disease Brain Cell Atlas
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Asta DataVoyager announced at Madrona IA Summit!

The Cancer AI Alliance (CAIA) unveiled DataVoyager, 
the “first collaborative AI platform for cancer research.”

Running over real patient data without sacrificing 
privacy.
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the “first collaborative AI platform for cancer research.”

Running over real patient data without sacrificing 
privacy.

Hypothesis Search Hypothesis Verification

Continual Learning

20



21

Research 
Question

Generate 
Hypothesis

Propose experiment

Run experiment

Analyze Results

1

2

3

4

Accumulate 
Findings

Sea-AD: The Seale Alzheimer’s 
Disease Brain Cell Atlas

LLM Agents

Loop conditioned 
on the RQ

Goal-driven Exploration

What other factors increase the 
likelihood of dementia?

<- Degree of supervision



22

Research 
Question

Generate 
Hypothesis

Propose experiment

Run experiment

Analyze Results

1

2

3

4

Accumulate 
Findings

Sea-AD: The Seale Alzheimer’s 
Disease Brain Cell Atlas

LLM Agents

?

What if we don’t start with an RQ?

What other factors increase the 
likelihood of dementia?

<- Degree of supervision



23

Research 
Question

Generate 
Hypothesis

Propose experiment

Run experiment

Analyze Results

1

2

3

4

Accumulate 
Findings

Sea-AD: The Seale Alzheimer’s 
Disease Brain Cell Atlas

LLM Agents

What if we don’t start with an RQ?
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Sea-AD: The Seale Alzheimer’s 
Disease Brain Cell Atlas

LLM Agents

“Open-ended” Discovery

What other factors increase the 
likelihood of dementia?

● Explore large hypothesis spaces
● Find novel interconnections
● Increase throughput and reduce costs

<- Degree of supervision

?
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Main challenges?

1. What automatic reward can guide scientific discovery?
a. Diversity -> not enough.
b. “Interestingness” and “utility” -> subjective, unreliable.

2. How can we repeatedly sample hypotheses using this reward?
a. Limited exploration ability in LLMs.
b. Need an explicit outer loop for search. 

-> What search algorithm should be used?
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Surprisal correlates with scientific impact
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Shi and Evans, Nature 2023:

The improbability or surprisal 
of a hypothesis is a strong 
predictor of scientific impact.



Surprisal correlates with scientific impact
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Shi and Evans, Nature 2023:

The improbability or surprisal 
of a hypothesis is a strong 
predictor of scientific impact.

Can we mechanize this as an 
automatic reward?



Our Approach: Bayesian Surprise!

30Bayesian Surprise Aracts Human Aention (Ii and Baldi, NeurIPS 2005)

After experimental evidence Before experimental evidence

Agent’s belief about a hypothesis H: 
Distribution (capturing uncertainty) over probabilities that a given hypothesis is true.



Our Approach: Bayesian Surprise!

31Bayesian Surprise Aracts Human Aention (Ii and Baldi, NeurIPS 2005)

After experimental evidence Before experimental evidence

Agent’s belief about a hypothesis H: 
Distribution (capturing uncertainty) over probabilities that a given hypothesis is true.

LLM as the Bayesian observer to get an automatic metric -> Expanding the LLM’s knowledge frontier



Our Approach: Bayesian Surprise!
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Generate 
Hypothesis

Propose experiment

Run experiment

Analyze Results

1

2

3

4

“Geographically proximate basins 
have more similar evolutionary rates 
than distant ones”

“Compute global and local 
spatial autocorrelation…”

+ Experiment Results

Let
(Uninformed prior)



Our Approach: Bayesian Surprise!
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Shift in belief

Surprisal!



Our Approach: Bayesian Surprise!
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Shift in belief

Surprisal!

↑ Correlation w/ 
human surprisal



Our Approach: Bayesian Surprise!
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Surprisal!



36

Main challenges?

1. What automatic reward can guide scientific discovery?
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Search algorithms for discovery
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Repeated Sampling Linear

Tree Search

Greedy DFS, BFS, Beam

Low diversity,
uninformed

Low diversity,
limited context

Improved diversity,
but stuck in local optima

Improved diversity,
but uninformed node 

expansion 



Our Approach: 
MCTS with progressive widening

39

MCTS reward: Bayesian Surprise

Claim: Nodes in the search tree with high 
surprisal counts are likely to elicit surprisal 
on further expansion.

Generate 
Hypothesis

1



Our Approach: 
MCTS with progressive widening
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MCTS reward: Bayesian Surprise

Claim: Nodes in the search tree with high 
surprisal counts are likely to elicit surprisal 
on further expansion.

Generate 
Hypothesis

1

In practice, we use a UCT-based selection policy to balance 
exploration and exploitation.
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Main challenges?

1. What automatic reward can guide scientific discovery?
a. Diversity -> not enough.
b. “Interestingness” and “utility” -> subjective, unreliable.

2. How can we repeatedly sample hypotheses using this reward?
a. Limited exploration ability in LLMs.
b. Need an explicit outer loop for search. 

-> What search algorithm should be used?

Hypothesis Search Hypothesis Verification

Continual Learning



↑ Surprisal Rate

Results from 21 research domains
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↑ Diversity

Robust 
Across Domains
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    AutoDiscovery via LLM Surprisal
Check out our paper for more 
experiments and analyses!

Repo:
github.com/allenai/autods

https://openreview.net/pdf?id=kJqTkj2HhF
http://github.com/allenai/autods
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    AutoDiscovery via LLM Surprisal
Check out our paper for more 
experiments and analyses!

Repo:
github.com/allenai/autods

Next:
Impact so far…

https://openreview.net/pdf?id=kJqTkj2HhF
http://github.com/allenai/autods


Quantitative 
Neuropathology Data

Each QND record encodes:

● What (biomarker) × Where (grey maer / cortical layers) × 
How (area %, count, density, size, co-expression, etc.). 

● APOE genotype of the donor, a genetic risk factor for AD.
● Cognitive Status
● Thal, Braak
● CERAD score

fo
r i

llu
st

ra
tio

n 
pu

rp
os

es

500 hypotheses, ~20-30 hours

● Select top-10 surprising hypotheses acc. to the degree of surprisal, dir. of belief change
● Evaluate surprisingness with Kyle, along with implementation details and analysis
● Follow-up (e.g., he wanted to only focus on Alzheimer’s, and not dementia)

Kyle Travaglini
Scientist, Allen Institute
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Kyle Travaglini
Scientist, Allen Institute

QND:

I am surprised by the ratio. 
It is really relevant with 
the major hypotheses we 
presented.

      AutoDiscovery found:
A higher cortical laminar gradient of 
AT8—quantified as the ratio of percent AT8 
positive area in deep layers (5–6) over 
superficial layers (1–4)—is associated with 
dementia and significantly predicts cognitive 
status, adjusting for APOE genotype.
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Mike Jacobi
Ai2 Skylight

Maritime Activity:

The hypothesis column is 
fascinating. Those are 
paerns that nobody is 
talking about right now.

     AutoDiscovery found:
Vessels missing IMO numbers have 
significantly smaller lengths than vessels with 
valid IMO entries.



Kyle Travaglini
Scientist, Allen Institute

QND:

I am surprised by the ratio. 
It is really relevant with 
the major hypotheses we 
presented.
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Mike Jacobi
Ai2 Skylight

Maritime Activity:

The hypothesis column is 
fascinating. Those are 
paerns that nobody is 
talking about right now.

     AutoDiscovery found:
Female participants will switch to AI advice 
less frequently than male participants in the 
AI-assisted lie detection task.

Social Science/HCI:

It found all the major 
results from my thesis ch 
1. What’s even cooler is 
that it didn’t find surprises 
where there shouldn’t be 
any. Got the null results 
from my thesis ch 2.

Sanchaita Hazra
PhD student, U of Utah



Kyle Travaglini
Scientist, Allen Institute

QND:

I am surprised by the ratio. 
It is really relevant with 
the major hypotheses we 
presented.

Stephen Salerno
PostDoc, Fred Hutch

CDC NHANES:

Definitely there is a lot of 
credibility in the results 
w.r.t. things like increased 
blood lead concentration 
& complex interactions w 
socioeconomic indicators.Mike Jacobi

Ai2 Skylight

Maritime Activity:

The hypothesis column is 
fascinating. Those are 
paerns that nobody is 
talking about right now.
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Sanchaita Hazra
PhD student, U of Utah

     AutoDiscovery found:
Higher education is associated with lower blood 
lead concentration, ind. of race & poverty

Social Science/HCI:

It found all the major 
results from my thesis ch 
1. What’s even cooler is 
that it didn’t find surprises 
where there shouldn’t be 
any. Got the null results 
from my thesis ch 2.



How you can run 
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IN:

● Datasets
● Associated Metadata
● Your API key

OUT:

A CSV with:

● Hypos sorted by degree of surprise
● For each H, plan and analysis
● Direction of belief change
● Absolute belief values

github.com/allenai/autods

python src/run.py \
    --work_dir="work" \
    --out_dir="outputs" \
    --dataset_metadata="<your_metadata.json>" \
    --n_experiments=100 \
    --model="o4-mini"
    --belief_model="o4-mini"

Command:

Easy to launch through beaker/gantry as 1-2 day background jobs.
Please reach out if you need help seing up!

http://github.com/allenai/autods
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{

   "id": 0,

   "domain": "sociology",

   "datasets": [

       {

           "name": "nls_ses_processed.csv",

           "description": "This dataset contains social background factors …",

           "columns": {

               "raw": [

                   ...

                   {

                       "name": "ABILITY: COMPOSITE OF ASVAB SCORE",

                       "description": "Composite variable created by summing ..."

                   },

                   ...

How you can run 



Results Sheet
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…
> 0.6 > 0.1
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↔ Asta



What’s next
World Model & Causality in AutoDiscovery

Got a hypothesis but no data? Data search!

Test-time adaptation for Hypothesis Generation

Controlling False Discovery Rate

● Online belief 
update

● User-guided 
Search

● External 
validation for 
causal factors
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Our Team - Thank you!

Asta
Engg.


