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| Al for Science

Al for Science Vision: 2020 =2030

* Al will enable us to attack new problems
* Al becomes equal partners to modeling and simulation and data analysis

* Al will enable experimentalists to harness the power of Exascale
computing

* Al will power automated laboratories and change the nature of
experimental science

* Al will need new computing architectures, new software environments,
new policies and create new user communities and new ways of
dissemination

* Al will improve how DOE laboratories operate and how work is done
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Krenn, Mario, et al. "On scientific
understanding  with  artificial
intelligence.” Nature Reviews
Physics 4.12 (2022): 761-769.
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| Al for SC|ence Observations Hypotheses

Wang, Hanchen, et al. LExperimemﬂ—J

"Scientific discovery in
the age of artificial
intelligence." Nature 620.
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Article
Improved protein structure prediction using
potentials from deep learning

2020

A I p h a F O | d https://doi.org/10.1038/541586-019-1923-7 Andrew W. Senior'**, Richard Evans'*, John Jumper'*, James Kirkpatrick'*, Laurent Sifre'*,

Tim Green', Chongli Qin', Augustin Zidek', Alexander W. R. Nelson', Alex Bridgland',
Hugo Penedones’, Stig Petersen’, Karen Simonyan', Steve Crossan', Pushmeet Kohli',
Accepted: 10 December 2019 David T. Jones™®, David Silver’, Koray Kavukcuoglu' & Demis Hassabis'

Received: 2 April 2019

Published online: 15 January 2020

Article
Highly accurate proteinstructure prediction
with AlphaFold

2021

https://doi.org/10.1038/s41586-021-03819-2  John Jumper"**, Richard Evans'*, Alexander Pritzel'*, Tim Green"*, Michael Figurnov'*,

AI p h a F 0 | d 2 Received: 11 May 2021 Olaf Ronneberger"*, Kathryn Tunyasuvunakool'®, Russ Bates'*, Augustin Zidek'*,
: y Anna Potapenko'#, Alex Bridgland'4, Clemens Meyer'*, Simon A. A. Kohl'#,
Accepted: 12 July 2021 Andrew J. Ballard'*, Andrew Cowie"*, Bernardino Romera-Paredes'*, Stanislav Nikolov'*,

Published online: 15 July 2021 Rishub Jain'#, Jonas Adler’, Trevor Back', Stig Petersen’, David Reiman’, Ellen Clancy’,

d Michal Zielinski', Martin Steinegger**, Michalina Pacholska', Tamas Berghammer',
Open access Sebastian Bodenstein', David Silver', Oriol Vinyals', Andrew W. Senior', Koray Kavukcuoglu',
Pushmeet Kohli' & Demis Hassabis"**

™ Check for updates
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block of the deep residual convolutional network. The dilated convolutionis
applied to activations of reduced dimension. The output of theblock isadded
tothe representation fromthe previouslayer. The bypass connections ofthe
residual network enable gradients to pass back through the network
undiminished, permittingthe training of very deep networks.

Extended DataFig.1|Schematics of the folding systemand neural network.
a, Theoverall folding system. Feature extraction stages (constructing the MSA
using sequence database search and computing MSA-based features) are
shownin yellow; the structure-predictionneural network in green; potential
constructioninred; and structure realizationinblue.b, Thelayersusedinone
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Fig.2| Thefolding processillustrated for CASP13 target T0986s2. CASP structure prediction probabilities of the network and the uncertaintyin
target T0986s2,L =155,PDB: 6N9V. a, Steps of structure prediction. b, The torsion angle predictions (as k™ of the von Misesdistributions fitted to the
neural network predicts the entire L x L distogram based on MSA features, predictions for ¢ and ¢). Whileeach step of gradient descent greedily lowers
accumulating separate predictions for 64 x 64-residueregions.c,Oneiteration  the potential,large global conformationchanges are effected, resultingina
of gradientdescent (1,200 steps)isshown, with the TMscore and root mean well-packed chain.d, The final first submission overlaid on the native structure

square deviation (r.m.s.d.) plotted against step number with five snapshots of (ingrey). e, Theaverage (across thetestset,n =377) TMscore of the lowest-
thestructure. The secondary structure (fromSST*) isalsoshown (helixinblue,  potential structure against the number of repeats of gradient descent per
strand inred) along with the native secondary structure (Nat.), thesecondary target (logscale).
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point attention. Dimensions: r: residues, c: channels, h: heads, p: points.
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Number of Protein Structures

AlphaFoldf@ill ¥ LV EFABEHIERR! #AE2. 1M EFMRER

AlphaFold DB tod
. phato oday Number of species represented in AlphaFold DB

200M+ Structures Total increase from ~10K to ~IM
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A Deep Learning Approach to Antibiotic Discovery

Graphical Abstract

oooooo

Authors

Jonathan M. Stokes, Kevin Yang,
Kyle Swanson, ..., Tommi S. Jaakkola,
Regina Barzilay, James J. Collins

Correspondence

regina@csail.mit.edu (R.B.),
jimjc@mit.edu (J.J.C.)

In Brief

A trained deep neural network predicts
antibiotic activity in molecules that are
structurally different from known
antibiotics, among which Halicin exhibits
efficacy against broad-spectrum
bacterial infections in mice.

XIS, IRSENERRUNDEREBHNAOYRIASE 7B,
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HICHMHAFAEZRLI =8I A TEREFNITTA ¥ BEM S,

Article
Scaling deep learning for materials discovery

https://doi.org/10.1038/s41586-023-06735-9  Amil Merchant**, Simon Batzner'?, Samuel S. Schoenholz"?, Muratahan Aykol',
Gowoon Cheon? & Ekin Dogus Cubuk'**

Received: 8 May 2023
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V Vertex (or node) attributes

G raDh neU ral network E Edge (or link) attributes and directions

.(GI\I_N). U Global (or master node) attributes

Three types of attributes we might find in a graph, hover over to highlight each attribute. Other types of graphs and
attributes are explored in the Other types of graphs section.

Layer N Layer N+1 Hidden Layer Hidden Layer
Un ﬁ]"_ 4 UnH . . .\ /.
v, f 7 » Vi ®
\ RelU
En f]_ 4 n+1 "@"

o~
update function f: e

A single layer of a simple GNN. A graph is the input, and each component (V,E,U) gets updated by a MLP to produce a new

graph. Each function subscript indicates a separate function for a different graph attribute at the n-th layer of a GNN
model.

Output
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Graph Neural
Networks

GNNs: A Brief History ®

Year 2019-2023

Year 2016, 2017
GNNs-based applications,
First GRU-based Modern such as search, Recommendation, Year 2022
* GNNs paper: GGNN , drug discovery, NLP, intelligent * Most comprehensive
raph convolution-based Transport... GNN book: “Graph Neura
N, Start a new era of Many open-source Githubs e o2
like DGL, Pytorch Geometric LY ONLIELS, AP pHCaRion:
sraphdNLP. TorchDrug by Springer and Posts &

Telecom Press
Year 2021

Year 2017-2023

3 GNN books released simultaneously:
A series of Graph Convolution

1) Prof. Liu (Tsinghua ) et al.:

GCN), Message Passage

Year 2009 ol :MPN)N, Graptg\Sage, GIgN), “Introduction to Graph Neural Netwrks"

® First GNNs Paper Attention-based (GAT), » 2) Prof. Tang (MSU) et al.: | S
(Scarselli et al., 2009) Unsupervised GNNs (Graph- “Deep learning on graphs” 1&121@2&

Autoencoder, graph-infomax)
3)Prof. Hamilton (McGill):

cloped Graph representation learning
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MEIFER! M MatterGenEiZRERFMIFIISEEIEESOTAIREI2. 95

MatterGen: a generative model for inorganic
materials design

Claudio Zeni't, Robert Pinsler't, Daniel Ziigner!T,
Andrew Fowler!T, Matthew Horton!", Xiang Fu!,
Sasha Shysheya!, Jonathan Crabbé!, Lixin Sun', Jake Smith®,
Ryota Tomioka!", Tian Xie!"

IMicrosoft Research AI4Science.




To property-guided

3| Fof 4 MatterG . .

| Alfor #RIRL S aersen - Materials Design
L, PPNBIRIRONEE, BIAES e
IR, AISBEFRSEWROMEL, oo, S

—iKiR, BEMEIX—R, BAEEEREH
M?H SN FEIRIER AR T,

XEF L ECIE—RIENEIR, BeEERK
100 55K~ EER, %Fﬁ?ﬂiﬁﬁﬁﬂ’ﬂ%o
M8 7 MatterGent&ZY, FirJLL [BEZER ]
T IERIF AL R, X S5DALL-EXNMEE/R
SE}EEE/\JEEEQE%¢E1L\)\0 ngh BU”( SpeCIﬁC

Modulus Band Gap

MatterGenZ2# SURERI—F, T IRITHTERGFAL.
TERIF#

HIt, MatterGeniABIEECERRIR, AIIRIENS. XFRME
FFQW?’]%%#L_?T?%H L/LEEEMH
EE—REBNR, 5SOTAEE (CDVAE) #HLL,
MatterGenEEJZE’J%ﬁ%ﬁZE%%’f@E’\J%%Ft'l‘ét%ﬁ2.9{%0 Bk
EREfEE BEiE/]MEL7 SERIEM,




| Al for #RIRl= MatterGen

EMatterGen, IR ARNA T —MPARARHESEHRIHEY 80diE. ¥ aiREEIF
L (score network) SRIPHEEERIIMNIIERENFAR, EGRIIBINIIEBE RIS
friers, ERHEERSHIERESIIITRGE, FEEFY §udiz. REFPTHES
S8t (ETR) BX, BosmiBRFREA (BIFITR) . LiRXAHERREEL,
EBNE TP ENX T — T EaHBESVIIRABIATRE, FEEYIE CRITIRIES 71,

a Forward (corruption) process
| . .
4——?_>4 g - ‘ - ® ® ) _ “ R d
Stable + + @ o o andom
material - ¢ 0@ o @ e, e material
v——é_>4 o ¢ O ,--40 e -
*_/ L *_/
(A01X07L0) (At—lth—].?Lt—l) (AtuXtaLt) (ATyXT:LT)

i
<

Reverse (denoising) process



W | Al for #EHR2

TEERX AT AN B T2
AREME, £ —EMBR
2, sJLAER BB BIiR R
7. NFRESIrRERE (05
BE) I, TEc,

\.-"_- “u

@

—

-
. @
® o

& -
e ‘o

Chemistry

® oa
Slueo ] &

Symmetry

o) %

Property

m=0.15 A3 w %

MatterGen
|

& ) d__?__ql
¢ p e - +~.——+
v & ¥ L 4 —$— -
t:... I

o’ LiCoO,
® o,

®e
a4l
....; %
®ee?, Fe /N
l.'.



| Al for #RIRl= MatterGen

R A RE O FhRIT R E R EDR T A — 1 TR
BTG — MBRRIENMRE, LMEETREIR CEMNRRER. ZSHFRIERIFK,
AEETI AN N ESHERNZEIH TR,

N T EEMRE,
H53& M Materials
Project (MP) #[
Alexandria #{ 1E £
FEHITE T
607,684 > 12 E &
1 (Z21K200 8
¥) , FRERRA
Alex-MP-20,




| Al for #RIRl= MatterGen

HREINS, WRBEDFTIAMEE TR FHEE(TSEEIEENO.1 eV/IETFH
B, BIEMMP, Alexandriaf]ICSDEIEEEFT1TERY1,081,850 M d4HERT, MZ
tERFRERY,

TEaZRT, MatterGensERRY L B, BBEERITYIMFBECAIMNE,

Bala,Lr K5AIClg NaNilOg NaSmTm,Te,

(Cm) (R3) (P312) (P2/m)

©-0 GOC'

s 80 8 @D




High Symmetry High Bulk Modulus
CudPbF12 LiZrGaCu ReblIr2 Re3B2C

W | Afor iRl Matercen W BB

MatterGenn] LG pi R EIRIFFIFIANAIFT AL

GNEIdRrR, ZHAER1000NMEMET, IREFEH s
EI"JE I:KKE]-OO% ﬁ’ﬁl_—L/IEJﬂZ].OOE/I\gngHj, Target Chemistry Target Band Gap
IRIFEEIIRIE \tKTXTB £186% , MHFTAELR W) w21/ em
FIREE68% A, '

d
100 1
()
S
g 80 - High Magnetic Density
2 High Magnetic Density + Low HHI Index
g’ — Y ———— Gd2N Gd6H2CN3 MnFe304 Fe8Au
2 §0- (P3m1) (€2/m) (Pm) (C2/m)
c propp—
s —e— Eo_vel S o e
2 nique
404 _, : L0
Novel & Unique NN
103 104 10° 106 YN

# of generated structures




S/ SHANGHAI UNIVERSITY

=. Alfor 8=




@ | Al for 2= Mathematics

DeepMind HIPATE Nature 2¥& _EAFRAI—INEGFHFRF, AMIRIOLLE Al 5AZE
HERHIT T EE, FAVESEFZINKIBREIEFRMELR,, REHFHR=A
IEIIZLIEE, BHRFRARIBEFE L ™RUERE, (IR T 2= Ay
o BRI TAHEEICPREF VOATECENXR, BE TRxRNeFAHES
BRI RIBEUERE T A, ORI INEIRE AR ZEFE I A ge = 5 | A
FKHIUTAEF, Al HHERZEKRAZTRANGIE. BHEEFRIAN, X&2E
MAEEE TEIxER, B MAIETHINARY, BRIZEIMNRIRNEIRVZRI,

Article

Advancing mathematics by guidinghuman
intuitionwith Al

https://doi.org/10.1038/s41586-021-04086-x  Alex Davies'®, Petar Veli¢kovi¢', Lars Buesing', Sam Blackwell', Daniel Zhengd',
Nenad Tomasev', Richard Tanburn', Peter Battaglia', Charles Blundell', Andras Juhasz?,
Marc Lackenby?, Geordie Williamson®, Demis Hassabis' & Pushmeet Kohli'™

Received:10 July 2021
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NEWS | 01 December 2021

DeepMind’s Al helps untangle the
mathematics of knots

The machine-learning techniques could benefit other areas of maths that involve large

data sets.
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LeanDojo: Theorem Proving with
Retrieval-Augmented Language Models

Kaiyu Yang', Aidan M. Swope?, Alex Gu?, Rahul Chalamala’, Peiyang Song’,
Shixing Yu®, Saad Godil; Ryan Prenger®, Anima Anandkumar'
ICaltech, 2NVIDIA, *MIT, # UC Santa Barbara, °UT Austin
https://leandojo.org
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A.L Is Coming for Mathematics, Too

For thousands of years, mathematicians have adapted to the
latest advances in logic and reasoning. Are they ready for artificial
intelligence?

L !i Terence Tao

Siobhan Roberts from the #NewYorkTimes attended the #IPAM workshop on

#MachineAssistedProof earlier this year. Based on her experiences and interviews

there and elsewhere, she has now written an article about #Al and #math :

nytim
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Mathematical discoveries from program search with large language
models

Bernardino Romera-Paredes, Mohammadamin Barekatain, Alexander Novikov, Matej Balog, M. Pawan Kumar, Emilien Dupont,

Francisco J. R. Ruiz, Jordan S. Ellenberg, Pengming Wang, Omar Fawzi, Pushmeet Kohli & Alhussein Fawzi &

Nature (2023) | Cite this article
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Article

Discovering faster matrix multiplication
algorithms withreinforcementlearning

https://doi.org/101038/s41586-022-05172-4  Alhussein Fawzi"**, Matej Balog'?, Aja Huang'?, Thomas Hubert'?,

: - 1,2 : . : 1
Received: 2 October 2021 Bernardino Romera-Paredes*, Mohammadamin Barekatain', Alexander Novikov',

Francisco J. R. Ruiz', Julian Schrittwieser', Grzegorz Swirszcz', David Silver', Demis Hassabis'
Accepted: 2 August 2022 & Pushmeet Kohli'
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DeepMind FHAHZSIIZER T R W& E (Nature)
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Article
Magnetic control of tokamak plasmas
through deepreinforcementlearning
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Accurate medium-range global weather forecasting
with 3D neural networks

Kaifeng Bi, Lingxi Xie, Hengheng Zhang, Xin Chen, Xiaotao Gu & Qi Tian &=
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Pigozzi, Federico, et al. "Evolving modular soft robots without explicit inter-module communication using
local self-attention.” Proceedings of the Genetic and Evolutionary Computation Conference. 2022.
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Figure 1: Overview of the proposed approach. We use the same neural controller (left picture) inside each voxel, with shared
parameters. The middle picture is a biped with the attention matrices of the different voxels. Each controller uses self-attention
to compute importance scores (A) among the inputs sensed by its voxel. We also find evolved controllers to generalize to
unseen morphologies (right picture; color represents the ratio between the voxel current area and its rest area: red stands for
contraction, green for expansion, yellow for no change).
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1) Evolution of the self-attention controller 2) Evolution of the self-attention controller
of a biped-shaped Voxel-based Soft Robot. of a comb-shaped Voxel-based Soft Robot.
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3) Fine-tuning on a small biped the self- 4) Fine-tuning on a large biped the self-
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