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* Al in scRNA-seq
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* Al in scRNA-seq
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« Simulation
-Simulation: provides ground-truth for method development
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* GAN

-Generative Adversarial Networks

G(z)
Fake Money

o

MNoise

z Generator
(G)

&0

Discriminator
(D)

Real Money

H e » = N (e
_

Fake Real

.""-\-\.__\_

D(G(z)) : 0

-Noise: Gaussian distribution

-Generator: make fake Money - similar to real money
-Discriminator: distinguish between fake and real (train first)
—> finally 0.5 vs 0.5 (cannot distinguish)

—> After training, generator can simulate the data




* GAN

[nput Generated outputs (Female) Generated outputs (Male)
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 Simulation

Article = Open access = Published: 09 January 2020

Realistic in silico generation and augmentation of

single-cell RNA-seq data using generative adversarial
networks
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-Discriminator: distinguish between fake and real
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Simulation

Real vs. scGAN
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Simulation

nature communications Inputs

_ | scRNAseqexpression GRN
Article _ _ hups.-.-'.-'dui.r::gﬂD.mssfsmqﬁr0 I — | matrix - = _-n:_1 ;Fz_. _ - :
GROuNdGAN: GRN-guided simulation of . L= “- - - - |
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-Add GRN information together (TF - gene) r
- Gene expression + GRN {7
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 Simulation

nature biotechnology

Brief Communication https://doi.org/10.1038/541587-023-01772-1

scDesign3 generates realisticin silico datafor
multimodal single-cell and spatial omics

R R W Rl LR R P

Gamma- Paissan, ZIP Poisson, ZIP
Feature distribution Mormal MNB, ZINB MNB, ZINB
mixture Bernoulli, Normal
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-Statistic model can be also used for simulation
Multi-modality: rna, atac, methyl, spatial (spot, cell)
- Require specific statistic model
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 Perturbation




Gene KO experiment

A Wild type mouse Constitutive Knockout mouse

Gene of Interest Gene of Interest

B Tissue-specific Knockout mouse

Targeted tissue (tendons)




e CRISPR-Cas9

PAM
sequence

Matching
genome
sequence

Genomic
DNA l

Repair
NHEJ

Non-Homologous End Joining

L

InDel

Q*— Guide RNA

HR

Homologous Recombination

R

Guide RNA - detect the target region

- Cas9 cut the DNA
- Repair 2 Gene KO



* Perturb-seq
Cell

Perturb-Seq: Dissecting Molecular Circuits with
Scalable Single-Cell RNA Profiling of Pooled Genetic

Screens
Graphical Abstract Authors
Atray Dixit, Oren Pamas, Biyu Li, ...,
( 7 Jonathan S. Wei . Nir Fried X
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* Perturb-seq
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-Each sgRNA: Guide barcode (GBC) = which will be expressed - detect during the alignment
-Each sgRNA - each cell (cell barcode)

-Each cell: different genetic perturbation

-Obtain various perturbation of cells at the same time



* Perturb-seq

*Technical comments

- 3 guides / gene (different part of the gene)

- Negative ctrl: non-target gRNA: do not target the genome, targeting intergenic region
- Pre-sorting: sgRNA+, Cas9+, CD8+, viable cells = FACS sorting

But! gRNA drop out + multiple guides
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-target gene expression after on target gRNA

> Both high expression = good celll - Negatively correlated (target = KO = no expression



Perturbation modeling
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-Variational AutoEncoder (VAE) based - simulation-based perturbation effect size



e scGen
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Latent space

. z=p+0’ €
fellc
Input
N (O, I) Sampling € fdec
Noise Output

-Input: gene expression - Encoder - Gaussian distribution (latent space)
- Random noise sampling - Decoder - output (simulated gene expression)

*** Make “Input” & “Output” the same
- Latent space: abstract of perturbation
- Perturb — unperturb from latent space - perturbation effect size



« CPA
~adv n perturbation
—r fa *  discriminator
sadv |I[.% covariate
) " discriminator

3= ;.:!;)asal + f‘/perturbanc-n ( fl (d ). ... J;M( diap)) + Z yeov; ¢

composition

j=l K

'y

Torch.nn.embedding (M)
Torch.nn.embedding(K)

dosage encoder
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AR
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-Input: gene expression, perturbation label (dosage), covariates
Encoder - z: perturbation emb + covariate emb + dosage _emb

@

©E©

Loss fn: reconstruction error

Cross entropy: [f(z_latent) & perturb category] + [f(z_latent), cov]
—> Latent space: can distinguish perturbation & covariable



« CPA

B perturbation latent space Decoder

ﬂ 1)Latent space (perturbed, non-perturbed: covariates)
é) —> Binary perturbation classification or multiple perturbation (multiple drug)

%

2)Dosage effect or time-dependent

COvamae e Aprce 3)Unseen drug prediction
4)drug-combination prediction

compaosition

7+ §* +§,% +¢,% (@
chemCPA ‘) ﬁ

dose response model

&

p(@\b .-s“ﬁi‘g“ EI
perturbation dosag’e g e J/ G @ |

predict novel conditions |

Perturbation is predicted

Q from chemical structure hd, 5
D -Add Drug structure information

response




ContrastiveVI

CA Variational posteriors Generative model
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Salient varlables

Target subgroup discovery and analysis

- Clustering
- Visualization
- Differential expression

-VAE based

-Shared space: drug treatment (DMSO, drug) = well mixed
Perturbed space: WT, p53 Mut classification

-cell type-specific response



 Biolord

e -Input distribution
et g ) h ot A T edaen Zu + n (gaussian noise)
. = mm - - G Log-norm - gaussian
oy & O ' == = Raw count > ZINB
e ;'J; i rown atrutes  unkooun atbutes Peak - poisson

assifiers (C) attributes
regressors (R)  predictions

) e
----------------------------------------------------- ’ ' A
T x.‘:’
supervised / C(z%), R(z")
Lemp = NLL (x|Gp) + TMSE (x, 1g) . Cross entropy MSE -Missing label semisupervised learning
i = = o O o C: classifier for categorical attribute (Cross Ent)
O . .
= - N o pr N N -+ R: regressor for ordinal attribute (MSE)
L=l-Go{zyz)l + Azl + || Xop o HWE CE™) HD_, e vk — RG]
s Lo = yilb
/ Loin = f’l||Zu||2 Missing label

Semi-supervised
-(kno‘é/n*unknown Decomposed latent space: reconstruction error optimization

Completeness teym: negative log-likelihood loss (NLL) per distribution
-Unknown attribute: L2 norm

Information sharing between known & unk



« CINEMA-OT

Cells

Experimental samples

Gene count matrix

Independent component analysis
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»
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¢ Differential abundance
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Confounder axis 1

Matching matrix
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CINEMA-OT matching

® ¢ » Unperturbed cells
Perturbed cells

Calltype1 Celltype2 Celltype3d

CINEMA-OT with
weighted sampling

® Celltype 1+ no treatment

@ Celltype 2 + no treatment
Cell type 1 + treatment

# Cell type 2 = treatment

COIN S

Confounder axis 1

-Optimal transport algorithm based
-Move A—> B
(cost function)



* Foundation model in scRNA-seq

-Too many task

-Cannot train all kinds of task

—> Build versatile, general model for “every” task
—> Build with large enough data and parameters
-Training: autoregressive (self-supervised)

. . Tasks
-Fine-tuning: same task, new data
-Prompt engineering: zero-shot learning Question 9
& Answering Q
Data , Senti
& Cgeatiel
Text I : I _ -
r‘ l‘i‘) & Information \,{
J/Images ' ) ' Extraction N
s “lid T : Adaptation '
speech VIV Training Foundation »  Image :
/’ Model Captioning ., |
Structured \\"
“  Data
= & Orgect
3D Signalsé % *Recognltlon
Instruction

e Following . ™



 Cell2Sentence

Single-cell expression profiles
Genes

Downstream generative tasks

9,9, 9, g, High_ Generating cells from text:
®Cell 1 . . ‘3 “CD4 T-cell in melanoma - MASK" —3 “CD4 T-cell in melanoma-g,- g, ... 9,"
®Cell 2 [ g
@Cell 3] | B BN g Generating text from cells:
HTE B o . SR .
CellN g 9,,°9,, " 9,, " celltype - MASK" —3“g,, - g,, - .. 9,, " celitype - Monocyte’
A Low .
Cell completion:
"92 "Gy0" Gy MASK” —> ”92 91095795 95" 99"
Gene expression reconstruction
Rank ordering SRR TR —— Inference
genes i L/
T LLM fine-tuning
v Cell sentences Textual annotation (autoregressive gene prediction)
Sentence 1: “g,- g, ..-g," “CD4T-cell-g,- g, ".." 9" Sentence 1: “g,- g, .- MASK"
Sentence 2: “g,- 9, ‘.. g, “T-cellinmelanoma g, -..-9,."| Training Sentence 2: “g, g ‘.- MASK;"
e | M B = ;
“Parkinson's disease-g .- g, -..-g;
Sentence N: “g,,- g, ... 9" “Liver tissue - RPL1 - RPL2 - .- RPLX;" Sentence N: “g,,-g, ‘... MASK;"
Example cell “RPL1-RPL2-...- RPLX;" Example cell “RPLT - RPL2-...- MASK:"
sentence: »| sentence:

Training

-Gene -2 log-norm - rank
-Celltype = gene sentence (convert embedding)
(Fine tuning by preexisting LLM: GPT-2)

-Usage: user cell type (text)
—> Cell type information (ex: marker genes)




¢ Cell2Sentence

Input single-cell data Cell2Sentence and LLM fine-tuning Generate cell sentences via prompting Generated single-cell data
BE ., %
saven T :':3:3" o2
:.:_.%::- -_.-;:i;g_;_ "CD4+ T-cell in Human PBMC CD3E CD4 IL2RA ... IFNG [NEXT]" Model Input: "T-cell in multiple sclerosis"
[ o L 1
- . ot "CD8+ T-cell in Breast Cancer CD8A GZMB PRF1 ... PD1 [NEXT]" ”
W s , . \ Model Qutput: "CD3E CD4 IL17A IFNG
:'ff.‘é::' . Monocyte ml Lulpus IIZDM CCR2TNF ... IL6 [NEXT] —5 TNF RORC TBX21 CCR6 CXCR3 STAT3 _*
W e "Hepatocyte in liver tissue ALB CYP3A4 CYP2E1 ... AFP [NEXT]" STAT4 FOXP3 GATA3 TIGIT PD1 CTLA4
By
....‘__‘%;33 ; ICOS CD28 CD25 CD127 IL2 IL7R IL12RB1
gt "Beta Cell in Type 1 Diabetes INS PDX1 GCK ... GLUT2 [NEXT]" IL23R CD69 CD44 ..
Cell Type Generation

Prompt: Generate the 100 highest expressed genes
listed in descending order for a long-lived plasma
cell

Response: MT-V1 RPS9 [...] RPSY9 RPLS

Cell Label Prediction
Prompt: Identify the cell type most likely associ-
ated with these 100 highly expressed genes listed in
descending order: DIF3 RPS11 [...] RPP4 RP522
Response: The cell type corresponding to these
genes is a CD4=T cell.

Natural Language Insights from Data
Prompt: Extract and summarize biological in-
sights given this cell’s 1(M) highest expressed genes:
MALATI VIM [...] RPLI10A S100A6
Response: This study used single-nuclens RNA
sequencing to comprehensively map the cell types
in the adult human brain.




« CellWhisper

JOINT EMBEDDING OF TRANSCRIPTOMES AND TEXT
ENABLES INTERACTIVE SINGLE-CELL RNA-SEQ DATA
EXPLORATION VIA NATURAL LANGUAGE

: ;:ﬁjfaﬁions |

=TT TTTTE - - B
_._' ) “Aliver cancer
S 73 sample ..."
-~ 0.1 - L

Geo (bulk data)

Transcriptome data (exp model: Geneformer)
Description (language model: BioBERT)

- Joint space

Data is pairwise (description~transcriptome)

« cel types
« lissues

Dataset
Transcriptome-annotation
pairs broadly reflecting
human biological research

GEO (human):
-text pairs
n=650,000

Multi-modal Al Model
Constrastive learning of
transcriplome-text pairs
into joint cell state space

-

CellWhisperer | o2 [2” Contrast learning (cosine similarity)

Capabilites

Joint cell space enables
interrogation of cells
with natural language

‘Reference-free” cell
label predictions

red blood cell
natural killer

Reference label

Query

Free-text cell search
immune-function”

\/

. . Cell to text

b

Matching keywords

« “inflammation”

- Only pair = short distance
- Wrong pair = long distance
—> Loss function

-Text - gene expression, celltype, tissue ...



« Constrastive learning in scRNA-seq (text processing)

Encoder

Distance
Fr=oI) Function: §

5(f*5 f7)

—>  Minimize

Negative: I~

Distance
£ =0(I%) Function: §

5(f*, )

—>  Maximize

Feature Space

A

Class: Raccoon

0: Embedding Network

Class: Raccoon



* Foundation model in scRNA-seq

Fead-forward
N
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— o Autoencoder .
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Latent
Cells representatian
b
Gane Contextualized
Masked embeddings Transfarrner gene embeddings
pretraining
—T Gene 1 | e
L [ -
_g Gene 2 | E 5 E W1
E = | Genead| 4 &
- =7 .E — T
P 5 i % a
2] Gene N
Fine-tuning —_—
€ Multihead attention 8 Feed-forward netwaork
MM -
E— + Attention head 1 —+ % — A i
2 MM
— » Attention head 2 —» § — AI
- = MM -
- Attention head3 = 2
g | MM
* Attention head 4 —~ 2
| = NN -
d Atention mechanism f Multihead sttention over genes
Values Cell cycle
| head
— W — |[—= Multiply| —
I
— 4 E— HEZ HEKZ2
]
Keys " BREA1),  BRcAl

Attention scoges

1

BAX
INS
ATM
FAS

RADS1

\:: RADS1
\
& BAX

q

HEX &

"III ATM
FAS

MYC | MYC |

-Transformer based
—> Autoregressive learning: decoder -
recapitulate the gene expression

- Attention score
- gene-gene network



* Foundation model in scRNA-seq

a e f 2. Masked Predicied
- Rank based [ordering) Transformer input Transformer input ene Asked gene pha e
A w—h ¢ nnal h P s R ermbeddings embeddings embeddings
g s 5 . | B
[u] L L -
= + -
Concat 1 1 — -
] c E _‘:' A I - I ", @ .| Transformer I ™
B - e [ . | [ : encoder
Cells EMA expression | | L
Y = ook 3
b ~d I -\ /
Ermbedding lookup tablas Value binning (categorization) Transformer input - * Masked token |
[ cena | [ Bins | [T& g Transformer input - ~| Fre n * =
: N s mm . = — | b
e J [ Perturks N Gene Gene Predicted
c - o [ + = | ermbeddings embeddings embeddings
- Perturty
e B T T
Special Tra
nsfanmer
Fosition CLE Value projection . » | Miaender -
[Miksk | Transformer input — —
A 1.5 I I
_— 1 | | -
Perturb — ml | -
e Fuman | 2 fj —|FFN ) — N+ | - | - ~,
I : o [l:s L L - \ Hext token /

prediction loss

- How to give positional information e d

r

E .
. 33 . EE .
23
L =
Mask —~ -

Append last output and repeat
.

-masked attention - predict masked gene exp
(endocder)

-Self-attention in decoder - predict next gene



» Future direction of Al field in single-cell data

B Iterative design and active learning

Active learning

@ ]
(2] ®
9 ®

Biological system

"IV‘-‘O\

)Model query

LMs e |
! 1

e

Cells | organcids | animal models

— -

Experiment
Pooled Perturb-seq screen

Perturbations:
genetic and non-genetic

l

Cell measurements
Molecular profiles

\ ¥ “’W:a ‘:;;1*2 N\

-In-silico experiment for unseen perturbation
- Experimental validation

- New hypothesis

—> In-silico experiment

Toward a foundation model of causal cell and tissue biology with a Perturbation Cell and Tissue Atlas



 Limitation of foundation model in scRNA-seq

nature methods

Brief Communication https:fidol.org/10.1038/:41592-025-02772-6

Deep-learning-based gene perturbation
effect prediction does not yet outperform
simple linear baselines

Received: 11 October 2024 Constantin Ahlmann-Eltze ®*3, Wolfgang Huber ©* & Simon Anders &'

Accepted: 24 June 2025

F.,Mm omline: § Augast 3005 | Recent research in deep-learning-based foundation models promisesto
— learn representations of single-cell data that enable prediction of the effects
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