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Al Revolution

Generative Al paradigm and the era of foundation models

Model that has learnt

features transferable to a '
wide range of

downstream tasks
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How can we leverage these Al
advances in single cell biology?

What are their current limitations
for biomedical applications?




Single-cell Data Is Challenging
for Today’s Al

0 Heterogenous experiments

e Novel and unknown phenomena

e Difterent modalities with difterent challenges




o Heterogenous experiments

e Novel and unknown phenomena

e Different modalities

Today’s talk: How to overcome

some of these challenges




On Heterogeneity
Discovering Cell Types Across

Tissues, Disease States & Species




Data with Large Heterogeneity
different labs...




Data with Large Heterogeneity

different tissues...




How do we jointly analyze and

gain new insights from these

heterogenous datasets?




& MARS: Learn Cell Embeddings
to Discover Novel Cell Types

Lung tissue ﬁ Pancreas “ Heart ? Brain ‘
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Cell types: Cell types:
fibroblasts, pneumocytes,
cardiomyocytes goblet

Brbic et al. Nature Methods' 20



Cell Type Discovery across Experiments
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STELLAR: Novel Cell Type

Discovery Across Conditions

Graph
convolutional
encoder
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Brbic*, Cao*, Hickey*, Tan, Snyder, Nolan, Leskovec Nature Methods' 22

Known cell types
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Novel / disease
specific cell types
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Towards Universal Cell Embeddings

Can we create cell embeddings for any species,
any set of genes?

Tabula Muris Fly Cell Atlas Tabula Sapiens
Nature ‘18, ‘20 Sceence 22 ‘23 Science ‘22

(v o )




Our Approach: SATURN &7

Genes
Macrogenes

Key Idea: Map diverse sets i

of genes in the joint space
of macrogenes \

= Macrogenes: groups of functionally =

related genes

* Learn macrogene space using protein
embeddings from language models 1

Protein
Rosen*, Brbic*, Roohani*, Swanson, Li, Leskovec. Nature Methods ‘24 language model




& SATURN: Integrating Datasets

across Species

acrogenes




On Discovery
Enabling Discovery from

Foundations Models




How To to Enable New Discoveries
from Foundation Models?
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foundation

. How to enable
new discoveries?
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Current Paradigms Still Require
Supervision

» Current paradigms:
1. Fine-tune on the task of interest using labeled data

: Large

| pretrained

: foundation
model

g .




Current Paradigms Still Require
Supervision

= Current paradigms:
2. Zero-shot transfer on the task of interest using instructions

@ openAl ey '
| m / - / E A photo of {(1.5) i
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How to Infer Labeling without
Any Supervision? A%\

Key idea: Search for a labeling such that linear models wiill
generalize well in different representation spaces

N A — &
: z ::Twonfggt;;lnod

¢,
s L’

Human labeling: birds (D)), cats (O)

Gadetsky, Brbi¢. NeurlPS ‘23 (spotlight )
Gadetsky*, Jiang*, Brbi¢. ICML ‘24

Artyom Gadetsky  Yulun Jiang




Unsupervised Transter Outperforms

Z.ero-Shot
SOTA unsupervised performance
A%ﬂormance across 26 datasets

= 26 datasets benchmark from CLIP 68 &
£ 66 —
@ o0penAl  Zero-Shot CLIP Model - '//-&’ -
g 64 »
| 3 62 g
bird dog plane § o~
.\ |/ bel -
5 7 — -®- Zero-shot transfer
Image \ Text / < 56 S~ -
encoder \ encoder / 54 4 @ Unsupervised transfer
L
e VIT-B/32 VIT-B/16 ViT-L/14

prediction

TURTLE is fully unsupervised!
Gadetsky*, Jiang®, Brbi¢. ICML ‘24 |




Unsupervsied TURTLE Performance (%)
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TURTLE’s Performance Is
Correlated to Linear Probe

On 5 datasets, -
where linear probe f"’*’““':"u::;noz
attains near perfect ::Z: Ontorapets
accuracy, TURTLE Caftech10l
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> CIFARLI004 StanfordCers ‘ . .
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Accuracy (%)

Application to Single-Cell Data

spaces

90 Mouse Cell Atlas

. -III
=

S B

Unsupervised transfer on
top of scGPT and scVI

True cell types Predicted
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Example: Brown adipose tissue (BAT)




On Multi-modality

Generating Complex Tissue

Structures from Gene Expressions
R




AlphaFold For Cells

Protein structure

Protein sequence

30



AlphaFold For Cells

Tissue structure

ions

Gene express

Genes

SiIieD
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[LUNA: From Cells to lL.ocations

A generative model for mapping cells to their

locations and generating tissue structures (Y.
Yist Yu Chanakya
Ekbote
Sample from
standard normal
distribution
|

y L

Unpublished work

i2



Reconstruction of Whole Mouse
Brain MERFISH Atlas

Dataset:

» MERFISH Mouse Brain
Atlas with over 4 million
cells

Xraining dataset:

= 2.85 million cells across
147 slices from one mouse

Target unlabeled dataset:

LUNA e = 1,23 million cells across 66

< A, T \ .
Animal 1 _1"aining Inference ., slices from another mouse

Unpublished work



Reconstruction of Whole Mouse
Brain MERFISH Atlas

Groundtruth

s ey O




Reconstruction of Whole Mouse
Brain MERFISH Atlas

338 different subclasses!




Ground truth

LUNA's
predictions
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%0 e, Vi,

Reconstruction of Whole Mouse
Brain MERFISH Atlas
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¢ LUNA: Zero-Shot Setting

Train set
. E2
e » .
‘e -
A -
. 4 s —
PP an
Animal 1 Animal 2
Cell classes:
- - unseen

= cell class

Unpublished work




Z.ero-Shot Generalization to

Unseen Cell Types

NP-CT-L6b Glut Tshz2 gene

Cell class

unseen during

; 5 /bl
. the model Z
1-;\ : training \ . -
. i o
&v

Ground truth

Unpublished work



De Novo Reconstruction of

CNS ScRNA-seq Atlas

216 cell
classes

40



De Novo Reconstruction of

CNS ScRNA-seq Atlas

QGAP. MEF2C
LPL gene . l ' 2 gene . gene

Unpublished work
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Generative Al for Decoding
Single-Cell Complexity

Maria Brbi¢

cPrl



https://docs.google.com/file/d/1VYlmDSbBa0Yzxyv6io1164JfhrHMdYQY/preview
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Charting Complexity: Interactive real-time visualizations of
large-scale networks and embeddings with Helios-Web

https://www.icloud.com/keynote/018HYK4JiBOCRA8SNSLANGjU7dVag#Embeddings Visualization reduced

—-p

Filipi N. Silva Web
research scientist - Indiana University g Hello
filipinascimento.github.io e filsiva@iu.edu hehosweb 10


https://www.icloud.com/keynote/018HYK4JjBOCRA8N5NGjU7dVg#Embeddings_Visualization_reduced
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Recommendation systems
Databases/Search engine

Retrieval-Augmented Generation (RAG)
Anomaly Detection






Types of Computational Social Science papers

\ l"/
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pplied a clustering

)

This model from physics

This red and blue graph
shows that people algorithm to tweets, e -3 P
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Science of Science

» How science is evolving?

* How researcher teams are formed?

* |s science becoming more interdisciplinary?

« Can we predict success in science?

« How to properly evaluate researchers? journals? papers?

« Can tools/approaches accelerate the scientific
development?

« Can we predict the benefits of implementing a policy?
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Institutions

Authors Publications

Authorship External References

Title
Abstract
Keywords
Topics

Journals

I![!'é

External Citations



Understanding and
communicating ﬁ
Experts & ’General public

m:" ™ Al

Policy makers Companies
& stakeholders
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Borner, K., Silva, F. N., & Milojevi¢, S. (2021).
21 Visualizing big science projects. Nature Reviews Physics, 3(11), 753-761.



ETO Map of Science
sciencemap.eto.tech

Leydesdorff, Loet, and Ismael Rafols. "A
global map of science based on the ISI
subject categories." Journal of the
American Society for Information Science 4
and Technology 60.2 (2009): 348-362.

Borner, Katy, et al. "Design and update of
a classification system: The UCSD map of
science." PloS ¢ '

Sodial Sciences

3
Humanities LW@
ey proert' S

Bollen, Johan, et al. "Clickstream data
yields high-resolution maps of
science." PloS one 4.3 (2009): e4803.

Earth Sciences
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Network characteristics

Large-scale
Dynamic
Complex Scalability

Cost

Size

Q .l' AN .
Overcome
“Hairballs”

Capture the Real-time dynamic
multiscale structure exploration

M1 - Layout algorithms
o!
R \n
.s.
[ I t t

Continuous layout  Multi-scale

via sparse-matrix  trajectories
operations representation

M2 - Rendering pipeline M3 - Interactivity

.

| a

i

SDF, billboards Edge density via Interactive network Multiple

GPU-based

adv. blending transformations representations



Katy Borner —_ | Meryl Sarah Jac...
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ce based on the ISI
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Science and Technology 60.2 (2009

348-362
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Leydesdorff, Loet

global map of scie

Borner, Katy, et al. “Design and update
of acla on system: The UCSD
map of scie 2." PloS one 7.7 (2012)
e39464 ”

Bollen, Johan, et al. "Clickstream
data yields high olution maps of
science." PloS o 3 (2009): e4803
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Network characteristics
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Com P lex ScaBbmty “Hairballs” multiscale structure exploration

M1 - Layout algorithms M2 - Rendering pipeline M3 - Interactivity
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Continuous layout  Multi-scale
via sparse-matrix  trajectories
operations representation

SDF, billboards Edge density via Interactive network Multiple
GPU-based adv. blending transformations representations






web
Helios

Open-source web framework
can be integrated in websites, portals, dashboards ...

Optimized rendering and layouts
can visualize large networks, high-quality rendering ...

Interactivity*
allows picking, filtering, navigation, multi-representations ...

*Iin development



M1 - Layout algorithms

oweb
Helios

Sofware and
framework Continuous layout  Multi-scale
via sparse-matrix  trajectories
operations representation
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Layout optimizations V-2

5
* Molecular dynamics simulation
is O(N2) . -
* We can use multipole
expansion (FM3): 1
>
» Segment the space
» Real-time continuous layout o
-
™
+
>

* 8. Hachuland M. Jinger. Drawing large graphs with a potential-field-based multilevel algorithm. In
International Symposium on Graph Drawing, pp. 285-295. Springer, 2004. doi: 10.1007/978-3-540-31843-9_29



Wiki Medicine and Mathematics -

Visualizing Complex Networks (CDT-5)
Silva, F. N. and Costa, L. da F.
http://dx.doi.org/10.13140/RG.2.2.21310.74567/1



M2 - Rendering pipeline

Oweb
Helios
Sofware and

framework SDF, billboards Edge density via
GPU-based adv. blending




Rendering in the GPU

a Billboards for nodes and edges b Rendering shapes
Circle 2D SDF

render
encoding

indices 3D SDF Texture

render

Camera

C View and picking framebuffers

=== e e e e - - - ——

| |
I : | :
| : | 4 | decode Ppick event
: ‘| : ,  pixel node/edge
I o I
: |11 :

|

view buffer picking buffer
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Rendering

Edge density




Ambience Occlusion



mass, neutrino, atom, trap, -
Standard model, Dose-einstein COﬂdensaIG,

decay, boson, higgs gas, optical, interaction
electron, 1on, calculation,
cross section, ionization,

/ energy, collision’

. 23K ;i M- field, cosmological,
Spin, temperature, : | : ' theory. scalar
superconducting, Sy t | universe, gravity
electron, magnetic field :




I & - convolutional reural network, propase, leaming, ...
[0 C - kalman filter, estimation, estimate, l‘llt_‘,.m...
" D- support vector machine, classification, classifier, _.
I & - signal, brain, independent component analysis, e...
1 F-image, patient, classification, diagnosis, %, disea...
I G - hidden markov model, feature, paper, speech rec...
I H - linear regression, study; conclusion, associate, a...
I | - iriging, spatial, soi, study, sample, area, concentr... ..
-J-mbdwwmm,m._
I K - priocipal component analysis, image, feature, faci...
I L - image, classification, area, spatial, spectral, data, ..
I M - neural network, invention disciose, accord, meth...
-N-mmkmm.mwun..

I © - probabiiity, probabilistic, inference, model, struct...
I P - taut diagnosis, base, monitoring, propose, signal,...
I < - molecular, compound, dedcriptor, regression, rel...
I R - linear regression model, estimator, estimate, non!
Il Other




TRADITIONAL NETWORK GRAP” / \WIHOCH ONE OF THESE ) EMPHENDING SESATTION
= IS MY GROCERY LIST? —

o 8 3 FVRE R

Ok, but what about embeddings?



Embedding M Planet
Hydrogen »_o formation

Star Earth
structure/ \ composition

E Ea rthg Evolution , e :
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UMAlzses SGD For large embeddings: >10M points

but could @ Negative samples rate : Number of repulsive
use other FD interactions to update for each positive.

\ o ) PSS Epochs: Number of iterations
increased to 200000 (default = 200) !!!

increased to 10 (default = 5)

Number of neighbors: Number of
] neighbors in the NN graph
@ increased to 30 (default = 15) !!!

»
. umap-learn.readthedocs.io
SRR » Repulsive forces

Attractive forces

attractive repulsive GPU version (much faster!)
0 1 6 3 N
Lu;qy,x.p(y) N Z VWil Yi = ¥)) -7 Z . Wiiyi = ¥)). beware: it has bugs that lead to bad projections
! j 7 fytE https://docs.rapids.ai/api/cuml/stable/api/#umap

Bohm, J. N., Berens, P., & Kobak, D. (2022). Attraction-repulsion spectrum in neighbor embeddings. The Journal of Machine Learning Research, 23(1), 4118-4149.



Earth and ocean
sciences

\ = Agricultural
Electronics & comm. sciences
engineering

Astronomy,_
Mathematics

Material
engineering

Psychology

Social
sciences T~

Who produces what? Who funds disruptive science?

C s
> a"

Biological | p
sciences "

Interactive version USA




Who produces what? Who funds disruptive science?

L

3 -~ Material eng.
- . "'

Psychology+brain . l Psychology+brain

mterdlSCélgléif’ﬁfY - interdisciplinary ‘

Sciences
Agricultural sciences

USAEEm | China




A - Recent publications (2010 onwards) by authors who coauthored COVID-related papers

Materials sci. eng.

Astronomy Chemical eng.

Social sci:

Electrical eng.

. Earth and ocean
Mathematics y : —5 - Y] s
Biological'sci:

"

Computer, sci. Atmospheric

Mechanical eng.
Other eng.

B - COVID-related papers




Where in the world of

:, knowledge is NetSci?

Structure, resilience and evolution of the
European Air Route Network from 2015 to 2018

Why Are There Six Degrees of (
Separation in a Social Network?

Comp. Sci.

J A Roles-based Approach for Characterizing
Characterization of Resilience/Efficience Signed Gene Regulatory Networks
Optimized Network: / .
Topology Inference of Spatially Embedded
Network Using Graph Convolutional Networks

Engineering —

Agriculture

-
..
. - N O ) )
i'; 4 G Beyond economy of scale: a bio economic
® 1

- agent-based model for biodiversity management

.I
o3 L

Visual-motor'networks show Stréng and robust
structure-function coupling in the human brain
Course-Prerequisite Networks for Analyzing and
Understanding Academic Curricula

A science map constructed from the titles and abstracts of publications in the Web
of Science. On top of that, we project NetSci contributions from 2023 and 2024.




Journal 2 Journal
networks

| Ophthalmology

."Physics,
b ~Nanoscience
M - Materials Science




Chemistry
B Bioiogy

Wikipedia

Engineering

N Physics [ I
s articles

- Mathematics

- Computer Scieace

B rhitosophy

- Health sciences

- Sociology

Mathematics

Computer Science

Sociology

Philosophy




Bilo|SicalMSEENCEES

-

Bielogicalisciences
X

Node2vec version

SPECTER (titles + fine tuning via citation network)
embedding of the whole science
Microsoft Academic Graph (more than 200M works)




Health Why are these entities not similar?

Why are these entities similar?

iences Artrs J‘

|
Professional







Map for Physics How well it

Trajectories of represents topics?

N Il
obel laureates Do neighboring papers share the

same subject categories?

Nud ear 'nStruc_tgL‘. SPECTER
thsics - =4

Miterdisci
lluld &
Plasrﬂas

phnary;
Physics

Precision
= o — —
N N w w
o (9] o W

:Giorgio Parisi

Atomic
molecular e

Chemical

R = =g = T

Number of neighbors, k




Predictive power of the GRaM

New collaborations

GRaM

Specter

Instructor

node2vec

DeepWalk

Resource
Allocation

JI for
collaborators

Adamic Adar

Common
neighbors
Preferential
attachment

JI for subject
categories

JI for
venues
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= Personal localhost

Olou:

now can you color the node with highest degree?

Assistant:

The node with the highest degree (ID 33) has been
successfully colored red. If you have any further
requests, let me know!

You:

What about its neighbors? can you color them with
yellow?

_
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J 0BSERVATORY ON SOCIAL MEDIA

Network Graph

http://osome.iu.edu/tools/networks



2 Personal « ’

enezuela 0621 2021 BExport ~ 0000

fewer
edges
@D Show Labels

Graph Info

Accounts: 219

Communities with
sirmslar behaviors: )

https://osome.iu.edu/tools/coordiscope




Adapting these models and tools for biomedical research

& - Personal

Y BioNetScope

C

“TZTOTMTMOO®>

-

Choose File

Resolution: 0.1

ommunities

rosmap_10.gml|

¢ Weights: weight

& Download ~ Gray Edges

- Single cell RNA-seq data

- Microbiome associations
with tissue gene expression

- Brain networks across age

- Metabolomics



Cell Type Differentiation Using Community Detection

Cell types Infomap Leiden Seurat

. V)L V)L V)L V%

68k human Peripheral Blood Mononuclear Cells (PBMCs) scRNA-seq dataset

A ’
,
o

Alternative pipeline Seurat pipeline

Fatemi Nasrollahi, F. S., Silva, F. N., Liu, S., Chaudhuri, S., Yu, M., Wang, J., ... & Fortunato, S.
(2024). Cell Type Differentiation Using Network Clustering Algorithms. bioRxiv, 2024-12.



Myocyte (sk. muscle)
I Fibroblast |
I Epithelial cell (alveolar type Il)
Epithelial cell (luminal)
I Endothelial cell (vascular) |
Myocyte (smooth muscle TAGLN lo)
I Fibroblast
I Epithelial cell (basal I)
I Endothelial cell (vascular) Il
I Epithelial cell (basal Ii)
I Epithelial cell (alveolar type 1)
Il Myocyte (cardiac)
B Myocyte (smooth muscle)
I Fibroblast i
I immune (macrophage I)
I Endothelial cell (lymphatic)
Il \mmune (alveolar macrophage)
I Epithelial cell (club)

I Other
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and others
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https://humanatlas.io/events/2024-24h



https://humanatlas.io/events/2024-24h

Questions

How do we define a Multiscale Human?
How do we map a Multiscale Human?
How do we model a Multiscale Human?

How can LLMs or RAGs be used to advance science and clinical practice?
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