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Lessons from scGPT
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* Muti-omics enabled

/S, S

Accessibky » sCATAL seq
chromatin

Sy~
N\ 5 a“'\
-

Barcoded antibody
= CITE-s0g

[

Cual, H., Tejads-Lagroerea, A, Brbed, M., Saer-Rodrgruer, |., Cristea, &, Goodarn, H., Leafellabl, B, Then, FJ., and Wang, b 2025, Towsend:
Aldemedal Foundasion Medch i Moleoobis Cell Bioksry. Nature, S4BT, pp 623630,



wcsMVhgfiare single-cell omics and why foundation

models for the data

Cell type assignment

Gene regulation
Virtual cell

foundation
model

Perturbation response
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Differentiation trajectory

Treatment outcomes

One FM supports varying applications



veepystalisfid model arch consideration

* While texts are made up of words, cells can be
characterized by genes.

* This is feasible based on two considerations:

* Transformers would be suitable to learn
interactions between gene tokens.

= Vast volume of sequencing data, diverse cell types
and conditions, and growing exponentially.

Data to discover on
CZ CELLxGENE Census
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We are particularly excited about the recent launch of
CellxGene census. Figure credit to @JCoolScience



veepy4taliafid model arch consideration

* While texts are made up of words, cells can be
Data to discover on

characterized by genes. 7 BELBENE Tl
* This is feasible based on two considerations: @ 33IM - 540
* Transformers would be suitable to learn L orseases
interactions between gene tokens. +“ 8922 . &b

» Vast volume of sequencing data, diverse cell types

and conditions, and growing exponentially. TOP TISSUES
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veeggehrhtive pretraining in scGPT

* In the pre-training: % ‘if T N ~
. : © p -
 Large-scale expression matrices were '.‘3 wi Sunavstie
collected and preprocessed pro-train |l fﬁ :f;;,, )
* We selected around 33 million normal “t » L
human cells of 51 organs/tissues from - " E '
j - - &
the CZ CellxGene collection
* Numbers of cells from major tissues um s St e e
shown on the right - .
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veeggehrhtive pretraining in scGPT

* In the pre-training: = T i

» Large-scale expression matrix were

collected and preprocessed pro-tiain | sl LW
* We selected around 33 million normal B »
AL AP

human cells of 51 organs/tissues from

the CZ CellxGene collection

* The input contains three sets of tokens
for: (1) gene identifiers (2) expression e
values (3) condition flags TS mmemen - mn

Rl = ambul[tg'.:']l + emby (2™} + emb, (1), Segacaie | moesEng Lages

Caal, H., Wang, C, Masn, H., Pang, B, Luo, F, Duan, N. 1o Wang, B, 2024 0GPT: toward budding a foendmion moded for segle-cell
mubi-cenics wiing generative AL Nature Matheds, pp.1-11,



* In the pre-training:

Ll

Large-scale expression matrix were
collected and preprocessed

We selected around 33 million normal
human cells of 51 organs/tissues from
the CZ CellxGene collection

i'hr* input contains three sets of tokens
I"'Ll z1an{ I(i.; nt ||:a_| |/_l|_ ':--..'r-\- ""’”:-ID’"

x-dllf{'_'\.- (3) condition flags

The core model are 12 stacked
transformer blocks, with customized
masked attention for generative
training

h}]"’ = Rt

" = transformer block(h’,) ¥l&[1,n|

Caal, H., Wang, C, Mas, H., Peng, B, Luo, F, Duan, N, snd Wang, B, 2024, 0GPT: oward bulding a foeadnion meded for segle-cell
mubi-cenics wiing generative AL Nature Methads, pp.1-11,
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veezratdidhot ref map to cell atlas

 Zero-shot embeddings can further be used to map cells and propagate metainfo from
large cell atlas

» With engineering efforts like fast ANN search (enabled by faiss), this can be used to
query new cells super fast, https://github.com/bowang-
lab/scGPT/blob/main/tutorials/Tutorial Reference Mapping.ipynb

The search runs super fast, especially on GPU. Here the similarity search for 4,000 query cells within the whole reference of millions
should take around 7 second on CPU and 0.1 second on GPLU

Wt ime

k = 58

¥ rast with the Tirst 180 cells

distances, idx = index.searchitest_emebd, k)

CPU times: user 252 ms, sys: 493 ms, total: 745 ms
Wall time: 132 m3
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Reverse perturbation:

* Given the result cell state, predict the source perturbation (mimicking target id).

Top 1 perturbation predictions for
CNNT + MAPKT result

FOSE « UBASHIB result
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Cases showing success of identifications

Top 2 perturbation predictions for
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Higher hit rate among seven test cases
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* A general pre-training warkﬂaw for single-cell data supports varying tasks
 oypi package (0.2.4 il downioads so« I8 Wetripp M8 stared 124

Growing popularity gives me the chance to communicate and learn lessons from users
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* A general pre-training workflow for single-cell data supports varying tasks
pypi package (024 m Mm Starred Lk

Growing popularity gives me the chance to communicate and learn lessons from users

What we have so far: l_l I I I
* “Biologically meaningful” cell and gene .
embeddings
* Several initial successes about I I I I IJ
perturbational prediction and driving
gene | d Evaluation of penurbatlon Fesponse preﬁlctmn finetuning
B Y
What is missing: jo —OSM : % j’::j:“
* More subtle cell state capturing E: ‘ . B
* Reliable perturbational and dynamics 3

mOdEIIng rlght aﬂ:er prEtrﬂlnlng Sin o7 0o 000 GNC DNEE 00D GONTE 00T
Shilt towards iPSCs —
Credit to GeneFromer, in sifice perturbation towards iPSCs

16
e/S/0Ed e



veeRehdetions on scaling law

* Scaling pre-training data size: larger pre-training data sizes yield
superior pre-trained embeddings and further lead to improved
performance on downstream tasks.

cil 4 & )
- 4 L L
00K amM M .

Predictions by fine-tuned scGPT when using # calis for pre-lraining ——————*

3840 L2,
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veeRgietions on scaling law

* Scaling model size gives mixed results.

* Based on new papers of varying size models.
* Reports from ProGen3 in the related field of PLMs.

=
b
=

o
s
]

Humber of Parameters
= 112M == 4B
== F19M =g 3,00

Spearman g
(=]
Lo
(=]

* Similar phenomena in single-cell FMs and PLMs o M o e
T R TR R
Pre-Training FLOPsS

Credit to ProGen3, @ _judewells. No benefit scaling beyond 300m params.



Towards multimodal multitask
pretraining

Towards building virtual cells




veeRaEdrt progress from us and others in the
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Spatial omics

scGPT-spatial

Nicheformer
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The definition of virtual cells can be diverse, what is the most relevant next steps?
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vceMvhiR@rturbational prediction, or dynamics mo

in general

* Important new dimension

Original cell state Genes to perturb  Target cell state

Recall “one formula for many therapeutic applications”
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veeNApeiéfiarch for unified multimodal pretraini

Haatian Cul

a Computational components for multi-modal foundation models
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iy, Hi, Tejada-Lapoera, A., Brbed, M., Sarz-Rodogues, |, Cristea, 5., Gooders, H., Letfollaké, ML, Thes, F.J. and Wang, B. 2025, Towards
Mledrmads] Foundesion Models i Mobeodbs Cell Biology. MNanare, SRV, peod2 5038,
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veeRyh g mutitask training

Haotian Cul

Diearus training taaks with prompl bokens
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Model guided data collection

An outer loop of active learning



veskALAVING efficiency with an outer loop of active
learning




veskALAVING efficiency with an outer loop of active

learning

LUMI-lab:

« Active iterations to make molecules

* Model training on 3D structures of 28M mols
* Propose, validate, online learning

* 100 new LNPs / day / machine

Cul, H.#, Xu, ¥.2, Pang, K., i, G, Gong, ., Wang, B, 14, B, 2025 LUME-lb: 3 Foundation Model-Dirivesy Autssenius Plarfoem Easbing
Dicerony af New Innixabls Lipid Diviigrs for mANA Delivery, SioRaie, pp 202502 (Under roviow, ol



veeSifiiving lab with loops of active learnin

Cul, H.*, Nu, ¥.#, Pang, K., 1L G, Gong, I, Wang, B, 1L, B 2025, LUMI-lab: 3 Poundatios Model- Disves Autnssenous Plarfoem Erabing
e/ .58 e Dicorery o f Miw Donizable Lipid Dietigna for mRNA Deliverr, bioRa, pp 202502 (Under sevicow, Gelf)
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D¥ccrveny af Mew Innizable Lipid Diviigas for mBNA Delrorry, SioRoie, pp 202502 (Under review, Col)



MCBRA ﬂi’mving lab with loops of active learnin ‘ |
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vesSifidiving lab with loops of active learnin i E
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”CBSaéI‘Fi‘?&Hving lab with loops of active learnin E
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LUMI-lab in Action
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"esTirdlstage training in LUMI-lab

Stage 1. 13M generic mols
Stage 2. 15M lipid-like mols
Stage 3. active learning with SDL

/0@ d S

Step 1 Stap 2

Pratraining with generic molecules Continual pratraining with lpids
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wceVlQQ@lLproposing candidates with combinatoria

molecular structures

Possible experiment space of: : - : 2 : 2
32x12x36x 16 =221,184 lipids .
58 s Lpkd Byminns
A : ClaPEGT AU ;'Hx“! Y m,l
Unified synthesis approach for TET R S R 4 ~ i = {# w (i Pt
: b A Y T
any candidate o LN ' s o, RIS .l oz
Ry = GO0k Ul sdduect i, L] v = ,f; $tlk'tt ks = Lunitrg Ay
i
Licpicd Harchirgg Mokl By 3
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(1) Active learning of 10 iters, balancing exploration-exploitation
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veidertiing new family of delivery vehicles N

Dual-plase sirategy for mmwwamaﬁm D Pasbmap of e Iapioiaion Piakit Ao Rirghons
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(2} Consistent increasing performance among iters

(1) Active learning of 10 iters, balancing exploration-exploitation

32
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vesWterpop of active learning for perturbational

training and exploration

* Empirical conclusion by LUMI-lab: guided exploration (data collection) and optimization
(model) in a local minima (question of interest) of a large space can be efficient.
« Another recent work with similar concept in protein design, EvolvePro (Jiang et al., Science 2024)

* The workflow for perturbational training:

Initialization: genome scale perturbation data (e.g. one-gene, cell line) that enabled a base modeling

Given specific context: costimulator [up to two gene combination) to enhance CAR-T. Select a pool of 1000 candidates.

Iterations: Pambout
2 Exporimontal tetcoma =
= — } o
5 S el
q Evguiwiematn]
G““““‘““ LAD-H-THE-LOOF > Enpireeet
el
Wirtual call
* | BEOR ]
el Hypothens ;
e
Exparira plan of

gene combinations

In each iter, only a multiplex [e.g. 96x2) experiments will be actively proposed



wesRWigrpop of active learning for perturbational

training and exploration

Iteration loops:

(qunhq

Wirtual coll
i

R ane -l (XN

LAD-IN-THE-LOOR

Features:

* Since small scale, may go beyond cell
lines and test on primary cells or
organoids

+ Accumulating most valuable data, can
be used in future pretraining



* Lessons learned from scGPT, importance of training and inference alignment

* Trends for building future virtual cell models, multimodal and multitask training

» An outer loop of active learning to enhance data and training efficiency

35
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veefirdislstage training in LUMI-lab

Prul.ra.dnlnsm'ﬁh ganaric molecules Emﬂnu-ll pratraining with pids Bha.vuld.-hw active leaming
Stage 1. 13M generic mols & m Q
Stage 2. 15M lipid-like mols i i i S
Stage 3. active learning with SDL e Uil waiang sty o 42008 1 R i i
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veeNAbeigfiarch for unified multimodal pretraini

Haotian Cul
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vceMvhiR@rturbational prediction, or dynamics mo

in general

* Important new dimension

O Virtual cell
model
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Original cell state Genes to perturb  Target cell state

Recall “one formula for many therapeutic applications”
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«  Cell dynamics

Cell dynamics, either normal development or
under external stimulus, opens a new
dimension of applications

23
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