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block b6
The Al Virtual Cell

“A conceptual feat at present”
Lin Tang, Nat Meth Editor, Dec 2025.



Multiple scales to unify
Multiple data types
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Universal Representations (URs)
Universal Embeddings



Desired Capabilities
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Desired Capabilities

identifying pan-cancer markers

Cold tumor Hot tumor

Tumor heterogeneity Spatial Al virtual
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Desired Capabilities
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Desired Capabilities
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Methods

Physical cell Al virtual cell
A Cellular building blocks, B Building the Al virtual cell through
environments, ... universal representations (UR)
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Methods

Transformers

Transformer blocks

Tokenized input ‘ Self-attention
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Methods

Transformer Block

Residual connection Residual connection
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Methods

Decoder
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Methods

DNABERT

Task1: sequence classifier Task2: token classifier
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Methods
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CNNs

Feature maps

Convolutions Subsampling



Methods

Convolutional Network 1D

C, C, (
L C, P Q
O softmax
input convid (K=3) pooling flatten FC  output
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Methods

DeepBind model

Current batch Motif scans Features. %
of inputs %% %%
ﬁ ! i f(s,) no
f(s,) yes
ﬁ Thresholds Weights '
0
e ! ﬁ%
parameters E
Parameter L) Hm
updates

Forasequences, | Fig 2a. Alipanahi et al. 2015
DeepBind computes a binding score f(s) using four stages:
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DIFFUSION Training

t ~ Uniform[1...0]
forward diffusion
data X, X, NI
t=1 /
X, =Va X +V1-a,€

Loss =|| € -

Neural
Network

X,

2
Xl



Methods
DIFFUSION Sampling

backward diffusion
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X, (input)

X, (prediction)

Z, = ForwardNoise (X, t)
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X, (prediction)
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X, (input)
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X, (input)

X, (prediction)
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Methods

Graphical Neural Networks
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Methods

Graphical Neural Networks
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matrix, A

gene/protein networks
drug/drug interaction networks

cell/cell interaction networks
Graphical Convolutional Networks



Methods

AUTOENCODER
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Challenges - Always more data

Protein Data Bank (PDB) 2024
PDB proteins PDB RNAs
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Challenges - Always more data

Nath Meth Editorial, July 2025.

» Data generation w/o hypothesis hard to fund
» Data generation w/o hypothesis hard to publish
» Data storage costs money

» New experimental technologies to explore more of the
data space needed



Challenges - Always more
computational resources



Correct predictions (%)

Challenges - Always less data
leakage:
Rigurous evaluation
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Challenges - Always less
hallucination:
To generate samples based on data

PQQPdata

then

[P9 N] Lpred ~ Lpdata [N Pdata]



Challenges - Always more ethical

1. Models should be open source
2. Data should be publicly accessible
3. Data privacy



Challenges - Always more Bayesian



Challenges - WHAT TO LEARN
(teach)?
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