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Challenges in biological research

Different biological scales work together

e Molecular Scale: Protein-protein interactions,

gene mutations

e Cellular Scale: Signal transduction pathways,

cellular dynamics

Sub-Cellular

e Organ/System Scale: Integrated regulation in

Macro-Molecular

systems like nervous systems




Challenges in biological research

Modern bioinformatics technologies produce explosion multi-modal
data

e sequencing

e Mass spectrometry

e Medical image
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We need efficient model

Limitations of Traditional Methods:
e Rely heavily on expert knowledge, hard to manage large-scale data.

e Statistical models capture only local relationships

We need tools that can handle multi-scale, multi-modal data
comprehensively and efficiently.



What are foundation models?

~
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Foundation models homogenizes the model itself.
Foundation models are enabled by transfer learning and scale.

A model is trained on a surrogate task (often just as a means to an end) and then
adapted to the downstream task of interest via fine-tuning.



Why foundation models can work?

Self-supervised learning: pretraining task is derived automatically from
unannotated data.

Reduce reliance on domain-specific tweaks, offering a more generalized solution.

During fine-tuning, the pretrained model is exposed to a smaller, task-specific
dataset with labeled examples, allowing it to adapt its general knowledge to

particular requirements.
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Why foundation models can work?

Multi-Modal Integration: Combine genetic, imaging, and textual data
into one framework
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How FMs Work in Multiscale Biological Scenarios

body scale

organ scale

tissue scale

scMulan

cell scale scFoundaion

DO

gene scale

Multiscale
FMs



scFoundation: FM on single-cell transcriptomics
~ GO

Gene Expression Omnibus

50 million multi-scale brain’,,"
0 ’ HUMAN =

single cell data < CELL

N § wde il

Tissues ==

EMBL-EBI ::::::::
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. = Model
xTrimoGene model = i
I Zero N
~100 million parameters Mask >

embedding module

converted gene expression into
learnable high-dimensional vectors

asymmetric architecture

reduce the computational and
memory challenges
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scFoundation: FM on single-cell transcriptomics

Training task: Sequencing Depth-Aware Expression Recovery
Input a gene expression vector sequenced at depth Sto recover a target gene expression vector at
depth T(S< T)

e Target vector: The original gene expression vector.

e Input vector: A vector obtained by Bayesian sampling from the original expression values.
Reconstruction loss
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scFoundation: FM on single-cell transcriptomics

Application format:
» Cell Representation(Sentence)
» Gene Representation(Word)

Clustering Drug response prediction Perturbation prediction
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scFoundation: FM on single-cell transcriptomics
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scFoundation: FM on single-cell transcriptomics
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scFoundation: FM on single-cell transcriptomics

Various downstream tasks » Cellular Perturbation Prediction
« Drug-Cancer Effective Concentration Prediction » Gene Network Inference

Graph Neural
0 }X _>’ Network ’ 4 B .
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scMulan: A Multitask Generative FM for Sc-analysis

organs

Liver Heart  Bjood
Bone marrow

Thymus

Brain

Pons
Basal ganglia

tissues

Amygdala 3
Diencephalon Amgorebra'n
Bronchi Thalamus
Hypothalamus . Lung parenchyma
Medulla
Grey matter ., Cerebellum
£ Cord blood

Unclassified
Other
Telencephalon

Midbrain
Bone marrow
Ventricle

Liver

Lung Peripheral biood

Hippocampus PBMC

hECA-10M-version1

Training data
e 10M multiscale single—cell data
e 20K genes

« 7 160G natural language corpus

+ Brain

hECA contents

Skin - Lungh
* Heart . Bone

Fibroblast4.71% «
Enterocyle 4.82% .

Endothelial cell5.19% «

« Excitatory neuron: 17.98%

— Liver

Blood - Inhibitory neuron5.36% «
- Pancreas

- Kidney

Number of cells

20,000,000

T cell 7.64%
+ Epithelial cell: 16.56%

Macrophage 8.46%

Fibrocyte 14.48% . -

http://eca. xglab. tech/

Cardiomyocyte cell: 14.8%



scMulan: A Multitask Generative FM for Sc-analysis
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PCDH9 0.2 cell type = fibroblast |

donor age = 35

donor gender = male ]
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A robust model: 368 M parameters

* c-sentence transferring
 cell language modeling
« multiple pre-training tasks



scMulan: A Multitask Generative FM for Sc-analysis
MUItiple pre-training taSkS c-sentence word

Task: Cell gen eration gene  expression meta-attribute  value task placeholder

s
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t o
Input: Heart, Cardiomyocyte cell, <CG> I |

Output: MYLZ, CCDC3, NEGR1, PCDHQ, MYL3 ... 2000 HVG » Organ * Cell type « Conditional cell generation
f hECA 10; * Donor age > Coarse-grained (cCT) « Cell type annotation
9 3 « Donor gender - Fine-grained (fCT) * Meta-attribute prediction

Task: Cell type annotation

Input: Heart, PCDH9, MYL3, MYL2, NEGR1, CCDC3 ..., <PCT>

<cell generation>
4

Conditional
Output: Endothelial cell, Vascular endothelial cell cell generation 3 .
age fCT organ —— genes —
Task: Organ region prediction
<cell type annotation>
Input: PCDH9, MYL3, MYL2, GJR5, CCDC3 ..., <POR> Cell type 0 . -
annotation - —
Output: Heart, Atria b genes jorgan cCT fCT
Task: Time series generation <organ prediction>
Meta-attribute t
Input: Bone marrow, HSC, GATA1, NEGR1, CD3D ..., <NS> prediction 4 - = 4
genes 1 fCT organ

Output: Bone marrow, HSC, GATA1, GATA2, NEGR1 ...



scMulan: Zero-shot integration

scMulan enables fast and accurate integration across multiple batches without fine-tuning

raw scGPT_zeroshot

Geneformer_zeroshot

scGPT_finetune
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scMulan: Conditional generation

Real data

Generated data

Organs + Cell types
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scMulan: Zero-shot cell type annotation on specific organ

AHCA_BoneMarrow Simonson2023 Suo02022

e Outperforms SOTA in Included Organs —
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* Shows Significant Improvement
After Fine-Tuning on Unseen Organs
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scMulan: In silico perturbation on genes
Prompt: cell type A + <CG> + (PGene A, expression level) + (PGene B, expression level)

Output: cell type A + <CG> + (PGene A, expression level) + (PGene B, expression level) +

(Gene X, expression level) + (Gene Y, expression level) +, + (Gene ..., expression level) + <End>
® +// -
cell type A Perturbed Genes Expression
after perturb

Over-express GATA1 and SPI1 gene

e Basophilc granulocyte GATA1 perturbed SPI1 perturbed posse Lo 8 tIF
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@ Enythrocyte ® @ o % 5| SPIB SPIt

@ Erythroid progenitor cell ®® 02 =1 IRF8 ZNF683
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® Haematopoietic stem cell (HSC) ® ® o4 @©

® Lympho-myeloid primed progenitor (LMPP) ¢ 05 § RORB
Megakaryocyte 06 ‘é 2 p TSHZ2

@ Megakaryocyte-erythrocyte progenitor (MEP) 07 8 l’r('SEAYTI'-A1
Monocyte 08 (2] v
NKT cell s NFATCZ " RNUX1
Plasmacytoid dendritic cell 5
Pro-8 cer @ WT pseudo HSCs =4 =2 9 2 4

Score towards MEP



In-situ Tissue Level Modeling

e Image o

Spatial Transcriptomics
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ROAM: Image Foundation Model for Glioma Diagnosis
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Jiang et al., Nature Machine Intelligence,
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ROAM accurately diagnoses gliomas

Y
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ROAM predicts molecular status

IDH
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ROAM generalizes to external independent test datasets

Glioma subtyping

IDH status
prediction
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ROAM's results are well interpretable

Gliosis

Glioma
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Slide-level visualization ROIl-level visualization
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ROAM serves as auxiliary diagnosis
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ROAM discovers molecular-morphological biomarkers

High attention

Slide id: 158  Pixels: 64512 x 70000 __ Diagnostic task:
Tumor Tumor T
detection  subtyping gra
Clinical diagnosis:
AR ONormal  @Tumor
p Al's diagnosis: Tumor

IDH mutation

'
Eosinophilic and Hpyerchromatic
homogeneous cytoplasm nuclues




GeST: Generate Spatial Transcriptomics like GPT!

a Gene Expression b c
Toecode, =1+l 9(x) g(xs) gx) glxs) EEENE
. . . . . Gene Expression Token

Spatial Attention
Transformer

Quantization

. Spatial Position Token

Coordinates Gene Expression

Sampling Sequence

s(xz) s(x3) s(a) s(xs) gs(x) gs(xz) gs(x3) gs(xa)

R R S s SE < it o e A | AR

Auto-regressive gene expression generation

Hao et al., Under Review



GeST predicts spatial perturbation

Select a region of interest

Select specific genes

spatial2

spatial2
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spatial2
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In-silico inhibition
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based on perturbed profiles
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® Generated Region
® Perturbed Region
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Summary: Present and Future of Multi-scale FMs

body scale

organ scale

tissue scale
scMulan

cell scale scFoundaion

DO

gene scale

Multi-scale
FMs



Summary: Present and Future of Multi-scale FMs

body scale

: Cross-scale
tissue scale Foundation
Model
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cell scale
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Thank you!

Q&A



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?



Thank you




