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Figure 4

— Insight

Konrad Lorenz,
On Aggression
~1963, p.97



Raw Data

P Insight

Which animal
where/when?

How many animals?
What behavior?

Are they healthy?

CalMs21

How does X affect Y?

Why does X affect Y?
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Raw Data > Insight

How to best use Al to extract
insight from raw data?



Can Al automatically track these fish?
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Challenge 1: Annotation bottleneck
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Current Analysis Pipelines
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~50 “tracking” papers in
vision conferences last year
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Challenge 1: Annotation bottleneck
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Current Analysis Pipelines
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Detection

Challenge 1: Annotation bottleneck
Challenge 2: Vast model space w/ feedback
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Challenge 1: Annotation bottleneck

Current Analysis Pipelines Challenge 2: Vast model space w/ feedback
Challenge 3: Interpretability
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Challenge 1: Annotation bottleneck

Current Analysis Pipelines Challenge 2: Vast model space w/ feedback
Challenge 3: Interpretability

Pose Estimation

Perception * 3P

Vision representations
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How does the
Forecasting

animal’s o

environment and . e Equation learning
group affect its ReaSOnlng e Multimodal
behavior? -



Challenge 1: Annotation bottleneck
Challenge 2: Vast model space w/ feedback

Perception — Reasoning — Discovery

9 4*\‘ Challenge 3: Interpretability

Which animal
where/when?

How many animals?
What behavior?
Are they healthy?
How does X affect Y?

Why does X affect Y?



Challenge 1: Annotation bottleneck
Challenge 2: Vast model space w/ feedback
— Challenge 3: Interpretability

Which animal

Perception — Reasoning — Discovery where/when?

How many animals?
i— Perception — Reasoning — Discovery What behavior?
Are they healthy?

: : : How does X affect Y?
— Perception — Reasoning — Discovery

Why does X affect Y?
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Perception — Reasoning — Discovery

Perception — Reasoning — Discovery

— Perception — Reasoning — Discovery

Which animal
where/when?

How many animals?
What behavior?
Are they healthy?
How does X affect Y?

Why does X affect Y?



Envision...
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Which animal

Perception — Reasoning — Discovery where/when?
! ! ! How many animals?

lj— Perception — Reasoning — Discovery What behavior?
” I I I Are they healthy?

: : : How does X affect Y?
— Perception — Reasoning — Discovery
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Why does X affect Y?



Our Approach

Scientists Al Systems

B+ &

Efficient & impactful
collaborations between
scientists & Al systems

Which animal
where/when?

How many animals?
What behavior?
Are they healthy?
How does X affect Y?

Why does X affect Y?



Scientists Al Systems
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Scientists Al Systems

H + B

Perception
?

— Reasoning — Discovery

— Reasoning — Discovery

— Reasoning — Discovery

Which animal
where/when?

How many animals?
What behavior?
Are they healthy?
How does X affect Y?

Why does X affect Y?



Perception

e Why is it important to extract symbolically interpretable
representations?



Data has meaningful structure

Human3.6M

time




Challenges of extracting structure

Brady Weissbourd at MIT

Low SNR

Segalin et al., 2021

Ambiguity & Variability



Perception

e Can we have a general-purpose foundation model for learning
representations?



Task-Specific Approach

MABe2025 (upcoming dataset)
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Foundation Model Approach

-

Foundation Model
System

Localization

<sniff> <walk>

Classification

» What is the black mouse’s sensory environment?
« What will the black mouse do next?

Scientific Video Analysis

36



Foundation Model Approach

VideoPrism

Video
Foundation
Model

Classifier
Head

<sniff>

<walk>

Embedding
Head

Localizer
Head

NI

LLM

» What will the black
mouse do next?

37



What is VideoPrism?

A foundational video encoder that enables state-of-the-art performance for video understanding
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Classification
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VideoPrism
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What is VideoPrism?

A foundational video encoder that enables state-of-the-art performance for video understanding

Classification
& Localization

]
v Avideo of a person forward rolling.

[ ]
x A video of a person handstanding.

[ ]
x A video of a person stretching.

VideoPrism
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What is VideoPrism?

A foundational video encoder that enables state-of-the-art performance for video understanding

'<—m——[ <blowing out candle> <celebrating birthday>

Classification
& Localization

]
v Avideo of a person forward rolling.

[ ]
x A video of a person handstanding.

[ ]
x A video of a person stretching.

VideoPrism
[T A little girl is playing with
blocks.

[& What is the color of the block the
toddler puts after the green one?

‘ ¥ Purple.

Captioning
& QA
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What is VideoPrism?

A foundational video encoder that enables state-of-the-art performance for video understanding

'<—m——[ <blowing out candle> <celebrating birthday>

Classification
& Localization

]
v Avideo of a person forward rolling.

[ ]
x A video of a person handstanding.

[ ]
x A video of a person stretching.

VideoPrism
[T A little girl is playing with
blocks.

[& What is the color of the block the
toddler puts after the green one?

Captioning
& QA

<moving>
CV for
Science

<being carried>

<carrying> 42



How is VideoPrism trained?

Large scale training data: 619M video-text pairs:
(36M with high-quality captions + 583M with noisy parallel text).
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How is VideoPrism trained?

Large scale training data: 619M video-text pairs:
(36M with high-quality captions + 583M with noisy parallel text).

Duration (seconds)

63.1%

<3 #3-5 5-10 «10-20 +»>20
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How is VideoPrism trained?

Large scale training data: 619M video-text pairs:

(36M with high-quality captions + 583M with noisy parallel text).

Duration (seconds) Caption length (number of words)

s

<3 »3-5 5-10 «10-20 »>20 ®<i0 »10-20 - 20-30 »>30

45



How is VideoPrism trained?

Large scale training data: 619M video-text pairs:
(36M with high-quality captions + 583M with noisy parallel text).

Duration (seconds) Caption length (number of words)

<3 »3-5 5-10 «10-20 »>20 ®<i0 »10-20 - 20-30 »>30

CLIP similarity score

#<02 »02-025 ' 025-03
*0.3-035 »>035
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How is VideoPrism trained?

Two stage training:

Stage 1: Video-Text Contrastive

e ™
Video é"
Encoder @ (%

\

G ", \

[
I
/
4 2 /
? &

V4

Text . I _
Encoder Contrastive
Loss
& J

Stage 2: Masked Video Modeling
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How is VideoPrism trained?

Two stage training:

Stage 1: Video-Text Contrastive
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How is VideoPrism trained?

Two stage training:

Stage 1: Video-Text Contrastive
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How is VideoPrism trained?

Two stage training:

Stage 1: Video-Text Contrastive
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VideoPrism for science

- Domain-specific models ™ VideoPrism

100
+3.4 +2.6
| : :
80 |
+1.4
60
40
<moving> +7.1
<being carried> .
20

g Flyvs.Fly  CalMS21 KABR ChimpACT
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Perception

e (Can they extract symbols from domain-specific data?



Foundation Model Approach

(%
Video
Foundation
Model
\

Classifier
Head

<sniff>

<walk>

Embedding
Head

Localizer
Head

NI

LLM

» What will the black
mouse do next?
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VideoPrism Architecture

Factorized Encoder

Spatial
Encoder

}7

4{

Temporal
Encoder

Video
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Feature
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Classification

N Classes

Linear
Classifier
Pooled Feature

(768)
L Multi-Head Attention
Q K Vv
Learnable
Embedding

VideoPrism Feature
(16, 16, 16, 768)



Retrieval

K Retrieved Clips

Index Set

Query Clip 4 ;EE; )

— VideoPrism >
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Localization

VideoPrism

J

Faster-RCNN

Head

}
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Video Foundation Models for
Animal Behavior Analysis

Jennifer J. Sun”, Hao Zhou, Long Zhao, Liangzhe Yuan,
Bryan Seybold, David Hendon, Florian Schroff, David A. Ross
Hartwig Adam, Bo Huf, Ting Liu

1Google.

...........................................................................................................................................................

. A Behavior Classification

Calico CalMs21 CRIM13-Top CRIM13-Side F & & &
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. B Few-Shot Behavior Classification
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Scientists Al Systems

H + B

— Reasoning — Discovery

A// !

Perception
?

— Reasoning — Discovery

I

— Reasoning — Discovery

I

Which animal
where/when?

How many animals?
What behavior?
Are they healthy?
How does X affect Y?

Why does X affect Y?



Perception & Reasoning

e Why is it so hard to build effective scientific workflows?

61



Current Analysis Pipelines

Vast model space w/ feedback

-

Detection

ID Track

~N

How does the
animal’s
environment and
group affect its
behavior?

Interpret
Results

4 )

Behavior
Classification

Y,
\w‘ \
Making [,_| Model
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Which tool (if any) will work out-of-the-box?

SAM
YOLOv10 SAM2

YOLOv11
OWL-VIT Cotracker

OWLv2 GroundingSAM/
DINO

2026 & beyond...
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Which tool (if any) will work out-of-the-box?

) Package
4 Manual tuning : g
// installation
- S

e

\ YO RES processing

- S -

AR v
OWLWF

N\

/
Fine-tuning/
Training

\ -~ N

2026 & beyond...



Perception & Reasoning

e Instead of manual effort, can we have an Al agent discover an
optimal workflow for us?

68



Program Synthesis

IF (distance between noses) < A AND
(facing angle) < B

THEN investigation IF
(acceleration of mouse 1) >C

ELSE investigation IF
(distance from nose 1 to centroid 2) <D

@‘ Features defined by experts
12 (or language models)

69



Superoptimization in Program Synthesis

Human code

Find “better” programs
(e.g. better = faster)

Synthesized code

#include <iostream>

using namespace std;

int main () {
int n;
cin >> n;

int sum = 0;

for (int i = 13 1 <= n;
sum += 1i;

}

cout << sum << endl;
return 0;

#include <iostream>

using namespace std;

int main () {
int n;
cin >> nj
cout << n* (n+l)/2 << endl;
return 0;

) -~

i++) —>

Shypula., et. al. ICLR (2024)

70


https://arxiv.org/2302.07867

Can we superoptimize scientific analysis workflows?

Find “better” programs
(e.g. better = more accurate for analysis)

Human code Synthesized code

71



Can we superoptimize scientific analysis workflows?

Find “better” programs
(e.g. better = more accurate for analysis)

Accurate single-molecule spot detection for image-based spatial

transcriptomics with weakly supervised deep learning

Rawimage’. - -

7

Emily Laubscher!, Xuefei (Julie) Wang? Nitzan Razin?, Tom Dougherty?, Rosalind J. Xu®*? Lincoln

Ombelets!, Edward Pao?, William Graf?, Jeffrey R. Moffitt>*%, Yisong Yue’, and David Van Valen?

MODEL TRAINING —\

INPUT Predictedapots
lSpot images' F

¥

Manual
parameter
tuning Classical spot
detection
algorithms

5 \
Annotated spot )
locations
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Can we superoptimize scientific analysis workflows?

Find “better” programs
(e.g. better = more accurate for analysis)

Human code

def min max normalize clipping (image) :
image processed = []
for img in images.raw:
img = np.clip(img,
a min=np.percentile(img, 0.01),
a max=np.percentile(img, 99.9))
min val = np.min (img)
max val = np.max(img)
normal image = (img - min val) /
(max val - min wval)
image processed.append(normal image)
return np.array(image processed)

) Expert function

Ol o o

- F1 Score: 0.841
" | Time: Weeks/Months

: def blurred laplacian of gauss

Synthesized code

sian(images) :
processed images list = []
for img array in images:

img = np.copy(img array)

img float32 = cv.normalize(img, None, 0,
>v.NORM_MINMAX) .astype (np.float32)

bilateral = cv.bilateralFilter (img float32, d=5,
sigmaColor=0.09, sigmaSpace=9)

gauss = cv.GaussianBlur (bilateral, (3,3), 0)

lap = cv.Laplacian(gauss, cv.CV_32F, ksize=3)

abs lap = .abs (lap)

lap norm = r.normalize (abs_lap, None, 0, 1
cv.NORM MINMAX) .astype (np.float32)
if img array.ndim == 3 and img array.shape[2] == 1:
lap norm = lap norm[:, :, np.newaxis]
processed images list.append(lap norm)
return np.array(processed_images_list, dtype=np.float32)

—— Agent function
O C F1 Score: 0.902
- Time: 10 hours 7



Can we superoptimize scientific analysis workflows?

Find “better” programs
(e.g. better = more accurate for analysis)

Human code

def min max normalize clipping (image) :
image processed = []
for img in images.raw:
img = np.clip(img,
a min=np.percentile(img, 0.01),
a max=np.percentile(img, 99.9))
min val = np.min (img)
max val = np.max(img)
normal image = (img - min val) /
(max val - min wval)
image processed.append(normal image)
return np.array(image processed)

. Expert function
Q F1 Score: 0.841

" | Time: Weeks/Months

Synthesized code

Deployed into
real workflow!

GitHub

PR Agent function
O U F1 Score: 0.902
— Time: 10 hours
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Agentic Superoptimization of
Scientific Analysis Workflows

Julie'Wang Jonathan Chen  Yisong Yue

Scientific n Experiment Pilot Data Exploratory  Large-Scale Production-Level
Analysis Workflow 8% Design Collection Analysis ~ Data Collection Analysis
~ Medical Segmentation N\ Cell Segmentation Single-molecule detection
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Proof-of-concept Agent System

e f
e @ L

> [Func'rion .
N

Coding

Agefnf /

l (e o)

Execution + l P

Feedback E-'
xecufion
Agent

J

\
éecu'rion \
[ Function ]

\

(
Ec?\}g MO|IoM X3 dwio)

76



Proof-of-concept Agent System

J
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Agentic Superoptimization Results

Single-Molecule Detection Cell Segmentation
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Medical Segmentation: Dermoscopy
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This is the official repository for MedSAM: Segment Anything in Medical Images.
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Perception & Reasoning

e (Can we accelerate the discovery process?

Discovery
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Scientists Al Systems

H + B

Which animal

Perception — Reasoning — Discovery where/when?
! ! ! How many animals?

lj— Perception — Reasoning — Discovery What behavior?
1 1 I Are they healthy?

: : : How does X affect Y?
— Perception — Reasoning — Discovery

| | I

Why does X affect Y?



Call to Action

e Representative datasets & benchmarks
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Benchmarking Animal Behavior (in the lab)

ALY TS
Vv 004 pog
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learned

representation

Data from Kumar Lab @ JAX,
Branson Lab @ Janelia,
Parker Lab @ Caltech

MABe22: A Multi-Species Multi-Task Benchmark for Learned
Representations of Behavior, Sun, ..., Branson, Kennedy, 2023

linear
classifier

Ann
Kennedy

{ ) behavior1

behavior2
annotated?

= cell type 1
cell type 2
cell type 3

activated?

secret tasks
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Call to Action

e Representative datasets & benchmarks

e Quantifying discovery
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Accuracy Problem

Given a way to measure success,
| want to get the number as high as
possible

]
behavior |
labels - :

attack ‘ time relative to
maouns

current frame

Discovery Problem

| want the model to lead to new &
true insights
(typically hard to measure)
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Call to Action

e Representative datasets & benchmarks
e Quantifying discovery

e Collaborations across fields
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 reagents selection ' Which subtask do we want Al
about dta . to automate most?
(sometimes
implicit)

scientists 7'( \é_
? y experiment

) design curated
|mport.ant - stimuli datasit \%
question - rewards
- protocol
- trial
structure

discovery!
hypothesis

Sub-tasks

experiment tool dev. data computer data model model interp.
design ( ‘ vision processing selection fitting

animal |®=  °°
behavior = .
Learn to tune the tools amics |15 Hi = l . . . . I
Learn to standardize data fanbd . l i I . I
Learn to use new tools — l I . . I !
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