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W | 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

U.S. DEPARTMENT OF Office of
a ENERGY science



Three dimensions of computer-assisted scientific understanding

Computational Resource Agent of
microscope of inspiration understanding

¥ [ Al for Science i BV |
Krenn, Mario, et al. "On scientific i@:

understanding  with  artificial
intelligence.” Nature Reviews
Physics 4.12 (2022): 761-769.

Al for SCienCEE/\JE/\g&E—: E Advanced data i : Scientific understanding test
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Al for fcience
@ Al for SCience Observations Hypotheses

Wang, Hanchen, et al. LExperimen’cs<—J

"Scientific discovery in
the age of artificial
intelligence." Nature 620.

Rare event selection

Weather forecasting in particle collisions
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'\\)‘J biomedical sequences
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Deepmind

2020 Improved protein structure prediction using
AlphaFold potentialsfrom deep learning
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DUERRGHY . SHEAARRNERR, By, E8HE T RN ERRNEZWHEE
TRABIAREIZETE, tbad, 108930008751,

REEBRFVEENENN, AL ERBEIREE (B EAR1003E7T) 8@ DNA
2HA / SBFENF (81 F5100-1000%70) KW, SCERZ2, KMEBR=4
EMRSLINE SR HR1EE (B G105 5)10053E7T) |, XEZEUXS &R F o E izt
RSSHAY,

Protein Predicted structure
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AlphaFoldf#RAVBEERRITEA, FTLUHSRAEIT
BN Alpha FoldRUINR—MRERFY, F—MERITHENR 7 L— SR
BEHT (—HuLIE21MaERET) [, — M HEEFEMALT

PIAQIHILEGRSDEQKETLIREVSEAISRSLDAPLTSVRVIITEMAKGHFGIGGELASK

XMIARFR— T E IS5 EERATHE l

il EREEIXNE—FYRmAZE,
AlphaFoldEEFRATZE, FUllX— P aE
RS AirE, FrLiEsHAIE—
2y, FEXEBRIFERBAELITAlphaFold
iéﬁéiéﬁz}éiﬁﬁtﬂH’J%&@&?ﬁ?l\éﬁwﬁjmw
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SPATX MFNEEABEEREFEAEL, (FrhlEETEREIMHIETE.
R, BHANEIERE— M aERBETTHIE T aERETES A FHIK A
, BTFR=%=8), FrLARBB— AN FEER24EUE, (¢, w), FrLlAlphaFoldAYE
BEHHE —REEB AT NMAIR AT

(@1, w1),(92, W2),(93, W3).(¢4, Y4).... :ﬁi

MRBANZRKTREE, BBAMLAIAEK-17RAEY], il EXXFRmARSITER
ERANEERNE, BBARMNIZEHS8 AR,

[ BXE— MR, WAELHEERENEN. ENENZFS, X2—
MHMERAKRERE, BRTIXNER, MeEEESMHIHI TN A, HITEMHE
mbBYB I R
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AlphaFold
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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

block of the deep residual convolutional network. The dilated convolutionis
appliedto activations of reduced dimension. The outputoftheblockisadded
tothe representation from the previouslayer. The bypass connections ofthe
residual network enable gradients to pass back through the network
undiminished, permitting the training of very deep networks.
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L AlphaFold & AR D AL BB

(1) FHIFOMSAFAEREN, BJLABM NS IPHE AT IHEEED, BaE
ERPEAVI N R R4 AE =S 8]

(2) REBEMEEITUN, TE2TIERAEE (1) FRUHBEMFHENGm HEE
ERPEA—LCMERR, thAISER C BRRINERESH, fEREIOXADH (FR, X
BERE2EENGSEE, mEmNESINXENsm, Biis, XEFURIEZEN .
MAREEMNEA/IEE, X8 ENREEZNMT, T N X=1RE)

(3) potential construction, EIEEZEIEE (2) FHEMBIUNEIER, EE—TF
HEREL, RIHmEZ eI IEREE

(4) £E494%RY, XEBFERT (3) PN HREL, £ (3) FATulEE S H
R — 1R, AEEBFLRET AT, FRERSE NEAMUEX#E, BERE
KT8,
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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 Mises distributions 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-residue regions.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-
the structure. 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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AlphaFold iz HVRZFEREREIFEBIHY, ALK deepmind IR RXTIREFIFIE)
#HBEEIFHRZIFNRAIER,

LY ERIMRAIRNS

AlphaFoldXIE R FNEAIR S MEYENIFEY, AlhpaFold P EFRENEFEZMMINER L E . BIA
AOFFEHIEFOpotential constructionBfAIEZRIN, B AR AJEE2 A & g IRIgsE
BMINFAE, HFEZR 7AW E (10%EEFEZ) , JAJ5TEpotential constructionfI G E
AR (2 ERYEAIYIIEEFE) PSR EEINF, S AIEBESIRA,

2. WERRITEDRAIEE S T

ATaERITE0RITE%, BEEMNRERIIFTE Y, T/ZDeepmind TN 7=
ERITERA—EMER, RXEEREC AR MAIZIR, AREXFPFRNLRAVZIR KRR,
X—ERRAILUAERZHMIAFEEZR, HEAEEINAERE_EME,

3. X E N ERIARNIE R

BE MEEABIFEE ST KEENERIOE, BEEEERRRME: BBE NEEKE
HIRRRB R R R B EElax L%, DeepmindIFEBURAYAI 7 IX—mF HEISHUHM/IR KX
SRR, IFEEHE,



S apRl= AlphaFold

2018F, ATEBEHLIEXNS5E TEHR

—HEIIRITUNAR, AlphaFoldf£98EZS%E  Median Free-Modelling Accuracy
MEFHEE S —, HIUNRY43HEBRF
BsMEBHRNVERRER, MBS

AIEARNF R B354, ALPHAFOLD 2
AlphaFold BAE T H—, (BRIREFRIND
H{;'H%Q}EEEEQQH'/Z\E |$Ej§j—|—o FEL BO ALPHAFOLD

] "kTZ_/l\ijVﬁHﬁE/JEJZ% 45 5l 2
Dadeaker%{TﬁE’\J RosettafZ 7 A0 Z IS K 40
IR IR ZIZAIRaptorX-ContactiZ [+,

AT eRFUNEH RISV E ESSH *
£ F AlphaFold2@9[a]tH, AlphaFold2f9FEE

GDT

T BRI GEHREWHIE IR .

pv4 =S ZZ Y NL==Y PN G=1 | ZAR N P - i T o S B A T i
M =AUEER. &8 THNERTEE 2006 2008 2010 2012 2014 2016 2018 2020
S AL, X B3 AlphaFold2 AR -

BRSHINEE LB T H—ZHHES.
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DeepmindfEiRitAlphafold2BZEIEF ¥ L—{CAlphafoldAVZ24s, ikt 7% E a)iEfAtakiE
ERfN, RAT —MefHilimintRll, EEiRIERIITINGSEHE, X—git A NESInRFmn
RE, MBrLERINGE FEEZEFANRERZR, Y, Deepmind;x B iaHAlphaflod4 A%
R NLE, MeXA T InERBEMES MBI AT TransformerZ2ts, XFHETFFE
73 (Attention) HFIAREIFFIERERAEEE—SIREPAEEERE, 8RR
EARTEIEFEREEIEEER, XEEE FTNEFHFEIE—SEaIUEHR 7R ERE.

transmembrane-like
transmembrane proteins

proper ABC folds c

EAIphafoIdZEFl\, Deepmind%ﬁ;‘%i = AlphaFOl

BB EAE R ES M St
it, WEHRR T EERAETIIX— —
?ﬁﬁ%SOEZRE’\]ﬁI—?X&@, ‘@ correction of experimental errors
b NJE T MIT Technology Review
TR 2022 " £ BR+ RS MER AR,

detection of novel folds

spotting database errors
(topology, PFAM)
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STy S e AlphaFold2

{EEvoFormerd, FE2REMLE (Graph networks) FIZFFULLXS (MSA) EHTEREETUN,
EME LRIFER R BHERYE, EXE, BULBEHRNERAEENZE— 1 B’ZxX, LU
ERFARESEMZBNIERE. A RBAtentiont 5@ H— MM =58 3= 15
(Triangular self-attention) ", RIBITEFER ZERIXEKE,

48 blocks (no shared weights)

MSA
representation
(sr.0)

Pair
representation
(rre)

Pair
representation
(rre)

>
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BRIIAYSE
FRINE B N ERRAI3DEEM,

Pair
representation

fr.r.c)

Eﬁ |Single repr. (r,c) —

o

Predict relative
rotations and
translations

®
e {* <
o

8 blocks (shared weights) +

L]
Predict X angles
and compute all

atom positions

I
lfﬂ |Single repr. (r,c) )—l —_—

Backbone frames
(r, 3x3) and (r,3)
(initially all at the origin) \_

i

\ =< N
Backbone frames
{r, 3x3) and (r,3)

" A B
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TE E— ML (Structure Module) , ERVEE T {E2}EEvoFormer

/




STy S e .. ~AlphaFold2

X2, HRAR - [ ]
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attention) "1, ]

I

—_ (=3
§£

2388

uery pis. (7 h,p.3)]

—— |\ Al
EURTRFHIR
N ZIN > )
Linear Co (h,p',3) value pts. (rh,p'3) |V - o
/ﬁ / 1:@ 5% L | I /l\ 3 D ct‘))or inraa 08 i coordinates in the global frame

backbone frames

Sxip, WERN 5
= DT BRI

=]
%Z , 1= @J - /I\ é:mt 4{@ Supplementary Figure 8 | Invariant Point Attention Module. (top, blue arrays) modulation by the pair rep-

ﬂzjm resentation. (middle, red arrays) standard attention on abstract features. (bottom, green arrays) Invariant
o point attention. Dimensions: r: residues, c: channels, h: heads, p: points.
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ZAEAttentiontFIZXIFIERFENRI TN, &LLREE— 1 SEEBINERRSE
4,

Lot , 3 A Rk sz iE AlphaFold2
= im2lin" AUTRE L,
ek EEFEIRFINBTFE L
ER, AEBIRHLSERETET,
@I ERfRLEER,
XAEMBEBE R D> ENIMOI 2, 1A BE
KBRS TUNIZEFIRY R,

Alphafold2f9 I, BEERIFHBFFIER
HESSFEESOMER, NMmikX
HBNMERFTZSIH A FIRER,




S apRl= AlphaFold2

Number of Protein Structures

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

AlphaFold DB tod
I pharo oday Number of species represented in AlphaFold DB

200M+ Structures Total increase from ~10K to ~IM

AlphaFold DB previously

~IM Structures

Experimental (PDB) today
190K Structures

“
Plants Fungi

Animals
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Halicin

CellHH: MEETEEBIAATER, KL LEEnEER

ATz HE TR BTN,

eI SFFAIIMEZE 2281
RZFxR—EHIGRIYEDR, 18
VIRE 7T MEE T ZFFkIim
Collins USRI 5= FI BA F
AREFIRE LI TR
fn4d==halicin, halicing=
MINE =T A EGRTAlE,
RR T RIFTAREGRI & E
e/, BILUBK—ER
EfCAVAE,

Cell

A Deep Learning Approach to Antibiotic Discovery

Graphical Abstract

Drug Repurposing Hub

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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INiESO0EIAFRER! AFiDeepMindHAIFMN2205FheRE, 1EXE (Nature)
GNOME&IN 7220 5t &aiRTll, HPhE38h MaElRAE s, BEEILR

Bl XEFRFUNHEDSFT800FAIFMRIME, SR TR IRRATE, WH
—REEB. BSAZE, GNoMEINH ETERAIFT IR A,

HEI5 3 DeepMindEMZ RELIWES(E, EH736MGNoMEFFHRHIE, H,
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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MMaterials PI‘OjeCt SH
®15. TINER, FHiREY
BRI E ST AY &
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MlO%LxT%E*EIBO%
LI E, ZEERS
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ITTRESEHE A0,

W | Al for #iRl2s

PSR EREREE (GNN) =E
I, JERGRIRF ZBH0ER, XB1EGNOMEE S Z A IFTRISRIATT L,
GNoMERFETlMF L% IEEE1Z'KEIIJQi7|:/j PAEEIIDFT (EEZERIEIS) HiT

Whil, FSErsrI=RE

BEER IREIRED|ZR T,

Structural pipeline

r t3::— —:::’
-0 & o
; Compositional pipeline database

| Li,S,0, — ' —r Stability — % }J
Candidates Graph AIRSS

Repeat for rounds of active learning

GNoME

A, ZRERm N SBURE 2R A EIZRAIIT

GINN - o
—> —> — — Stability
Candidates Graph -

Energy models

2.2 million stable structures

Interatomic potentials




GNoME

Al for #RIRlE

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
\ RelU
E, - [y By O

, ez
update function f_ s

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



https://en.wikipedia.org/wiki/Graph_neural_network
https://en.wikipedia.org/wiki/Graph_neural_network

| Al for #1522 GNOME

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 R
like DGL, Pytorch Geometric L ANLIELS; AP pHCEROn:
~anb AN B TorahiDriig 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 - tMPN)N Graptg\Sage GIgN) “Introduction to Graph Neural Networks”
* First GNNs Paper Attention-based (GAT), » 2) Prof. Tang (MSU) et al.: :

(Scarselli et al., 2009) Unsupervised GNNs (Graph-

“Deep learning on graphs”
Autoencoder, graph-infomax)

3)Prof. Hamilton (McGill):
cloped Graph representation learning
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Advancing mathematics by guiding human
intuitionwith Al
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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
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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 Ei 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 :
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Mathematical discoveries from program search with large language
models
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Discovering faster matrix multiplication
algorithms with reinforcementlearning
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Magnetic control of tokamak plasmas
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Accurate medium-range global weather forecasting
with 3D neural networks
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Fig.1|Network training and inference strategies. a,3DEST architecture.
Based on the standard encoder-decoderdesign of vision transformers,
we adjusted the shifted-window mechanism'” and applied an Earth-specific

positional bias. b, Hierarchical temporal aggregation. Once given alead time,

Output: predicted
reanalysis data, A

weusedagreedyalgorithmto perform forecastingwith as fewstepsas
possible. We use FM1, FM3, FM6 and FM24 to indicate the forecast models with
leadtimesbeing1h,3h,6hor24 h,respectively. A,is theinput weather state
and At denotes the predicted weather stateattime ¢ (in hours).



W | Al for REHUR Pangu
o R S S SR N B S A S R TR

BT, AHE., BARARIERARENEAS, SpEO SR NREUEREND
ERASEDITEE, RRVARESKSETBSEH. ERAIEBMIIETE,

Hix, K&, EL%%QTEE%E’\J%?J?ZAENAIﬁi—ﬂﬁ’\]ﬂIIéZG?J‘imtEJZTEﬁﬂ’\]%ﬁﬁ, ﬁ’fb

?ﬁﬁ’fi?&ﬂﬁﬁ%@)\ﬁ?ﬁ%?ﬂ1440><720><14><5, BT E WS = AR o =

224%x224x3KA5001%, PEE D HERAIEH—IZINFIREAIIE R, EENEHRR
SFWEEN,

e, KEE, ;%L"Eﬁ—u%‘ﬁ%)mi BENDHERSEARSIESERE 7 AITRIA
RFEBREATESNRSHIAKRE, Ei, BEABNACRITRIAISSRIURRE, =
= CINE. TR S4B S RaT R,



@ | Al for TSR Graphcast
154010 KLEKRS! AFiDeepMindLFHAIKXSFIRES: EScience

RESEARCH

WEATHER FORECASTING

Learning skillful medium-range global
weather forecasting

Remi Lam'*t, Alvaro Sanchez-Gonzalez'*+, Matthew Willson'*1, Peter Wirnsberger't,

Meire Fortunato'f, Ferran Alet't, Suman Ravurilt, Timo Ewalds', Zach Eaton-Rosen’, Weihua Hu',
Alexander Merose?, Stephan Hoyer?, George Holland!, Oriol Vinyals, Jacklynn Stott!,

Alexander Pritzel', Shakir Mohamed'*, Peter Battaglia'*



Al for TSR Graphcast

& aGraphCast 10 KA2&1FUNAY—ER%, T~ 7 70081H
(EEMEZI3NEE) AVEE. MHEEEMMEMXIER



Al for TSR Graphcast

Specific humldlty (at 700 hPa): 2018-11-19 18:00 (06 hours)
HEIREFURNERSIME [EUE ‘ ' 530 "%: =
KEFR]  (NWP) |, (EREEZRME “1» 0
ERRYIESTE, BN RS, ,;

RS S A GraphCastIER Mt
BRSIURPL  (ECMWF) 1740 (=
RO LG, FrEEan e
RS,

Pl

ANETFTEFRIFRNTS T, GraphCast
T R S a R T IR TR
MmAERASEI ARG E, 1
AL T A SR ERIIHRESTR, <

GraphCastfE1380 NUHgiRT, a : | :
Q0T AT A . e e



Al for TEFUR

GraphCasti9E fF2—1
REZMEIENE, BT (9
19-2-12-#215 | BcEAHAY
GNN , RHE536705 1

24,

TEREZEL, BWAMN6/N
FIRITHREI SRR SR
&, GraphCast#fp] LAFR
MARK6/NTRIK S,

IR RO SHE R LAE S
FTHY SB0, HETER
AU, BRI AT
F10KFHIK =R,

A Input weather state B Predict the next state C Roll out a forecast

GraphCast

F Decoder




%G/m:uw‘“g‘ SHANGHAI UNIVERSITY

fi. Al for Hlag Aigit



| Al for Science Unimal

HMBEEE K EIRSEANAR IFREREAES] & EnatureFF, BXIERT

(BRI , S/ NEGIE T —MTENUELR [H 57 DERL ((RE
e ss) |, HohiEFRR [Unimals] (BRI BEESAER IS
B SRIERR,

Article | Open Access | Published: 06 October 2021

Embodied intelligence via learning and evolution

Agrim Gupta &, Silvio Savarese, Surya Ganguli & Li Fei-Fei ™

Nature Communications 12, Article number: 5721 (2021) | Cite this article

510 Accesses | 86 Altmetric | Metrics



@ | Al for Science Unimal
HRERET, BIENOSHERRIINT SIS IS0, EEERSIRRETSS

MRS, SBERITEERAVESE, AR ERIMNSHF I AT SF I H
WISER, BT,

XA ZR A,
BBEHMIAY .
FZASH9Unimal Unima 1 =S . I

tBEvRI LK E

B T

BEAE | |
HIKESHI B/ < | e I \
fEE, thete / 7o | \ | \
5, [EE5) . /
SRR
X5,




Al for Science Unimal

FPORE T — 1 REIRE, FEERNENEYBRAES, JR, XEEYHRI2—LE T
[FEHLEZC] #EiTairy [JUIERZ]  (Unimal)

EFZIMERT, BFENHR, BEEYLMERE, S8ERKWLE. MBI s e,
UnimalA/RE 2 A9 _ B8 — PR snE B E.

ESERE, 8 UnimaSEM=7EERIMENESEHESHYIZGIAOUnimali# i TEEEE, M
EEFE—E—ER, ZEREENSKEEEINESZE, &Hh T —KPSREIRE
KT,

&%, mIE T 4000 ARINFESE, HBRNGER TIELL, AT, F=EFAUnimalsFEaLn 7y
10RO, HESS ARG




Al for Science Unimal

XEUnimalZEREARBEDRS, ZkFsei L [RARAIlE] 70 EERIESY] |, b))
EEIHZROMEPRET =T, .

B MEPRYBI 10 BUnimaltiiLHHE SHES T, M [FIES] 2SIE 2 BiniE.
BEFHELLSERSZEKE, X (Bt BEiEER S IIREILES,

2%, FPLELRerE (22
Az | 47ERY Unimal
EbiE [ FR9ZRSE] &
=SS, FHE=
B AISE S,

EEG, elEE (4
= m el | BFR
= [bua=zx] . meEE
SFMIINERERTHEHIT

(H] 0 %3],
WwEsk. ERE. BT
FEeohRItbis, LAEEIXLE
SFINE R TIRIE,




Al for Science Unimal

F10ZfE, s=ATIRIUnimalfzZSEESE— EEQE/]Hleﬂ%HH_ETE%E/] ==
XU 7 EEEF 3K James Mark BaIdW|nZ£191JEQE§ETE‘.:IjE’j1E - [ZIE
BIEN L BRISEYIRYEE D] AILUBITIA/ RN A BRI KRG,

Changed
Environment

Lamarck

Behaviour USe/DiSuSE

of Structure

e EYFH, 48
mMNIEL,

TR R ARt —
FhEYIF=AITA Baldwin
Hl_ﬁﬁﬁz{jéfgﬁbﬁ% Waddington
Abﬁ A): S:laemcgn
@ = .
i) - (Evolution)

Darwin



Al for Science Unimal

NEHARMFINESR (DERL) RILIERE, SNSRI =MERMEEE
I R EIZ B B EREARAINIRE,

— ©- 8
(i) = i
S s S @0
1 —{Sanaor) —
! L= — ! x v w08 of
— 5( Comroter ) | [ Emwonment ). baxes o
1 1 o s
[ Effocr ) (-
: Acton : \E&)_Ll
""" Lrleome tearming Bciccash ~» Fuly connecind layec
b d




Al for Science Unimal

I=nIMHYT R EERARSEURIRAEERY . (CRERESLEIIIIKIA  (TURYR) #0{T
REARRIEIELR,

B =R R E O EIE

1 BT NNElR D BRI Ga sl ERIE B I

2 SERINERARRIDIRSFIE, IKENZE

XU BXTRIEIE, BiEERE. hettmERGILINETLY



| Al for Science Unimal

FIR4EERARAE, FIADERLIERR FIMEEZRE, TASEREAEHRIRI I M BIHIRE
B, WRESREEHR T IZSERENNR, ARSI ESF IR IREN.

EOR, #HURERIEFEFSERIIEZE, NERRES—EFRBRF AT AR —EF
B RIHEK

5=, LRFE, BUMIELERE. eENRESHIZSHIHN, @ FIMEE, BEm
N AN SE BERV LI ERE — MR R,

W

HNGGGG

BABIES
D




Al for Science

MITAR4EENeurlPS 20215183,
RN ANREWEE, AT
tH30Bf=LRE

Evolution Gym: A Large-Scale Benchmark for
Evolving Soft Robots

Jagdeep Singh Bhatia Holly Jackson Yunsheng Tian
MIT CSAIL MIT CSAIL MIT CSAIL
jagdeep@mit.edu hjackson@mit.edu yunsheng@csail.mit.edu

Jie Xu Wojciech Matusik
MIT CSAIL MIT CSAIL
jiex@csail.mit.edu wojciech@csail.mit.edu



W | Al for Science

EMRNIRH ORISR T, AR UBERBEESFTE, HEEHES
ESHSAREEFNE, FEAMBIHHMED, 1HESTTRISHRIT,

Evolution Gym T IRz AMAA, B 30 2 PAERMESIMNG, SEIEE.
Eab. £, sirs,




W | Al for Science

IBAEH/ R F IR AEANINES, FERAREFA, NITHS

IRIEFEH 2SRRI E N IR E SR 22 ARIR
ML Z BIARBMACIRTT, Ples ARTLURASS

EBEsS, ARDSENHEESESIIES,

Evolution Gym

Back-End Soft Body Simulator
A ‘ B
Vertical Actuat
I Vertical Actuator y/\\(

Horizontal Actuator
Soft

Task-Specific Environments
C

Lil 11

Observation

72 ‘55&

//LJ\O

7f$f H\iﬁﬂﬂ JRE

Final Reward

Co-Design Algorithm

me

Design Optimization

ry—
1
L

L

\ 4

Reward

Control Optimization

Evolution Gym

: E New Design

Action

A,
T%Ji% EEEBII
W N

Design

A



@ | Al for Science

Evolution Gym AV ABEKRETIN. WIRsIHIRTHIOR, BIRZMIREN, BHIFZ "4
FEMENEAREITHRY, EREERUIBEBRZZRIRANE. BAERINAGRE. LANALIERI s,
I SKAYSANRE ARG, IXFPRIERIE, (ESHEE AR LAB B S BFOR, SRS ek —
RY BRI ZESS. JZ%EP_JITHT 1 TESSIERIREESFRIIEIRIT (co-design)

Locomotion Tasks ! Object Manipulation Tasks
Walker (Easy) : Carrier (Easy) Catcher (Hard)
- L | ' b : P ¥ W - .E'F 4
Bridge Walker (Easy) : Thrower \
|t BT L4 v - | - :
e e B | i

: Beam Slider (Hard) Lifter (Hard)

o —E - gbgign




W | Al for Science

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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Self-attention controller Self-attention visualization Generalization

inputs
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AT
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\

’ downstream module | \
1 \
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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-
attention evolved on a large one. attention evolved on a small one.
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