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Al x Science, BIATLERESRZARIRERL
&, EfREERAH: BAKRARRNEFREFER
MEFRFE (Al for Science) : BSUHZRELRET
AIEEFIZRAGRERRRASOE T1E (Science for Al)

2024F ENRYEZXRFNEEMEZAT
Al RGBS, BIScience for Al, Mg /R4
FEBFNRALSEE LR TR AN ZNGEED

BBV, BIAI for Science,

1.1 Al for Science

BEEHIEHRIEIR RASTIBRIETUE K, AK
MERESNERLEENEEMN T HAORLEER
R & BRI, MERES R Z R AR
SRR I ELIR B E R ETTE,
FINIEBREMIN, IR, ERRERSR
HEINES,

B—FHHE, BEAFENKNEIGHNEDNR
Ft, AISeERARETCERERE, LIChatGPTAME
WAREBESEE (Large Language Model, &FR
LLM) RAIKESE ERNEASRE, miaHEREELR
ZE_HE, BIRGPT-01/03F0Deepseek RIELRET
BANESI R NFHEERS, EEOLIRARFAR
BENF, BEBR—ERIINRGFE=R, Hi,
WA AISEER AR TFEAENRIZESS, ILERERZEH
REGRERL A T Al for Sciencet ARSI EE B,

E8MAI for ScienceRHIEFE:

1.1.1 AlphaFold

HIR20245F1E /R FEBBaker, Hassabis
FJumperfUAR LIEM 2R REZIRANABFTE
HRESHMNS5IEIHX—Z8B0E, EAREEHH
"ERERE, EAMNILMECENREN, BT EE
M, RUARERRX, SBREGUENRIUK
BFREVES. AEANRFEENEE. Hassabis
5 JjumperFF & AIphaFold &P T/E, oJLAREETR
NELREH, EHREELKBEEEZRKE, RENIE
BAZE, RHRABAIphaFoldM BT AT JLFFrE
AFLEENEORESWEN,

FAAIphaFold3FNBIfE EE B REH | SRIR: Abramson,

J., Adler, J., Dunger, J.etal Accurate structure
prediction of biomolecular interactions with AlphaFold
3. Nature 630, 493-500 (2024).

1.1.2 SRR

BEEERTE, MHRSSURBSHZIMAZL
EEEFRER, B, WaEMEELYRRRSAL



GraphCaost: AFEMRIE, BHERNSHEKRSTURMHALER
R | kiR Remilametal.,, Learning skillful
medium-range global weather forecasting.Science382,
1416-1421(2023)

BHATERTUN, 455120 BRiE XS HZ Kk
MARXEANRZER, AM, EANSREHRR
SRFHEOHEZ . AZIRFANELRNFERUARSR
RERNENAREMRRET N, TESLHRKEM
BENTUN, R, g RERERANARAS
NS, EELMA TIEEX Al for Science TR
MERZ—, EER, BEFSRMNAEBEEFEEFT
Ak, 81FGooglefGraphCast, EANEE K
BR EEIRFourCastNet, EBA%- EiERIE
BRARRORESKABREHNE T EEHE
&,

Al x Science
FE

1.1.3 Al E#&RE

ERTE—MEE. Re. EANHFEER, 5
aEREEL, RETENERTUEE RO NTERN
g, BRTRNSEREN, ZBRERNEEETRS
BENEADTEHT, BEEEFERNREERIID
EZRTXE, AT TN ENFESE
BFAARES, MNARREMHRARINSE, U
RIFSBETHNRE, 20245F4), SMFTAZE
EMFMEE FHRNBELRENHRAREUEZER
TMEENS R, MNAI T —f75%, TTLAFIHA
ATV XM B ENAREY, FEINPBLELK S
., BXMRMREARE T2024F2 8 8Nature
L,

1.2 Science for Al

BEEREARE, EARKRNDAEIGEER
R, BAOWR, FEETK, BRERESEAM L,

a Measurements b Actuators

Tearing
avoidance —_—
control

— Magnetic probe - Magnetic flux surface — First wall
B Poloidal field coil

B Magnetic flux loop —-- q=2surface
X Thomson scattering Plasma

+  CER spectroscopy Possible tearing instability

Tearing avoidance control  ~— — — = — 7

|| ||||| |||' Measurements
[ |-al[ e e————

) "
Dynamic
RL model
*_/

1 High-level control

model

PCS

l Low-level control

DIll-D

actuators 25-ms interval

B Electron cyclotron radiofrequency
I Neutral beam injection

BURERBRUEIRFIREEEFRLOS RN AR EEIERMESR | RKIR: Seo, J., Kim, S., Jalalvand, A.etal.
Avoiding fusion plasma tearing instability with deep reinforcement learning. Nature 626, 746-751(2024)
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B—AE, AEREZEREERATENERAFNE
SR, WARKRZERNELRNMIR, EE—LERK
BRBAINEE, BUAARENES, LLAIRES
AKEREBEIFMER . WME, #AT Science
for AIFRGURBIE R B,

Bal, EBMScience for AIRGIEIE:
1.2.1 HopfieldM4& 532 RBoltzmannil

RRENRMBERFTFRREBEE, Hopfield
FIHintonIE R A 111 ot 592 SR B 19 35 [ F
TFHEMEREIGT, NMAKEF THSZE I nE
BOSKRERER, NARHANREZINKFFEET 56,
Hopfieldffig HB9HopfieldMEER 2 S i A
ISINGHER BBt FXOEMSEIN, e iEgil
FEIEI—EEENER, HFENBAMERE. B
IZXEER, FEHopfieldMBER R L
Hintonfrig B 89 Z FRBoltzmann# A& ZL R T LA
REHEOILG, ZIFBOEBRE, Folbidd
HEZENAL, REHEEZS IRELNRBRE
fif, XLERATTLUH—S RS LT,

ceee
ceee

ceeece
ceecee
eeeee

o0

ISINGREL | HopfieldM£ELARK ZFRBoltzmanniil, | SKi&:
https://www.nobelprize.org/prizes/physics/2024/press-release/

1.2.2 MRIREE ZBICNNMLE

XN ESLEMHEMEEMNRREINT AMNREL
EREOATISRERSRE, flu, SREEME

(CNN) NREMZA TEMBENERROS
R, TERNURRZSGNIER, BEE20MEL605F
£, WERZRDavid HubelflTorsten Wieseli@id
XM E BT, &I TR BETHARE
RAESEE, BIINRE, RLHETiisERma
SYERENHBANNRN, RAERMIE, MmB—
TN ESROMEBRE (WRRFE) B
KRR, FRASZMA, XRXIMEHE TR RE
ACNNENZITHRE T EEMEICEM ., CNNEBT
EMURRFZPINERED, BEEEMEERSIRE
RHIE, RPINSRERSTERME, ARRVER
PREARHE, WWAKNAEE, MELNENZEMUT
SXRME, BIRIES BRI, WRRFY
R, o, CNNDHSRIREBUIRIEBRZEE
MBEMBNER, SREBFEESFHRZETHNS
X, BT EYHETN BGOSR, Mtk

3x3 kernel

Convolution +
Activation

Flatten/ = O
Input Hidden
Layer

BTEBRRINERHPEMELM | KIE: Hoeser, T;
Kuenzer, C. Object Detection and Image Segmenta-
tion with Deep Learning on Earth Observation Data: A

Review-Part I: Evolution and Recent Trends. Remote

Sens. 2020, 12, 1667.



BRAENEE T RFR/DSIEENERE, 158 T REX
VEZHHSEE, XPRITANES THERE,
RfES ML RETS BT EEE G p BT AN,

1.2.3 FHHMEMLE

EDFEE, EEERN., HENAERTEA
FIE P, RESHEHEF/LA=E LOXIIRE, 4
—HRTERE. FRABHER T2RE—ENAR
T, MRAZBOBENERALIELIEMEXER
REXF LIRS, T2, AMIRETETEMEW
# (Equivariant Neural Networks, EGNN) #
AR, ST ERIIFRIEAE I — DB R B miDidt
HEMBHORET, FENBERAAETEMTHR
B, WHeeE BN SEN, NS FRIERD
Ao, STHMEMNBERES TEE. BUSHEY
BRE, HENMAR. NSAFWHEE Z0NE
BE, 28/LE%. ECHNINEHERSE . YiBE
IR R T & Mg TR B R 2451,

ETHENEME TERERRE | KR Victor Garcia
Satorras, Emiel Hoogeboom, Max Welling
Proceedings of the 38th International Conference on
Machine Learning, PMLR 139:9323-9332, 2021.

RERINES, ALSHNRERRNREMS
EEUH"FER"EEK: RETNENRZERDHIGA
RMABCHHR, ANRZIENHRSHEREA
TEERE, DXRERETERE, BTSN
B, ATHREX—RERENESHAE, DERZFE
BEARKR. EERNZEHARPOMAEZEBLRET
"AlxScienceT KEINEMER"TNE , &HEREBIEKT
R —H s N R & B,

£S5 BRI ERARK. EEXZNAEES
BRI XPNEINERRNFEREREMY L
BEMNBTRENXHRE, FRLBRET
"AlxScience T RENEMR "M =THEF+ 1M EE
BmE, = NMEEREAI for Science. Science for Al
FOEGEI&ME, Hd, Al for SciencefVEIEAMEE
EFLIMARZHR. EEAENZAER . GIA
HERINAMARRE . ARZER, SRERNSERE
BE UK ARESRESEN; Science for AIBJE]
BARNES T YEERNE—RENNZE AN
AIFTERAE,; BRgERE A 0 8ES REEIHER
mhighE, FMESEUE, B+ EEAELE, HIR
BHEWISNMHRALD. RERENZE: X+
BHNEARRRZORVDEBELRONEHAR, BER
FRMZE. AELEDE,. RENMENRAZS
B, XEFRAMIBMREE, BQABEB—#H. BE
KR3EK, AlxScience XEER, IEWDeepMindfE
2024F1MNB RANARBEMML, —PRIZFRI
MESRCIERRIK,
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Al for Science

2.1 BEFLLMBIEZEHRE
2.1.1 EENE

R, KiBS#EE (Large Language Models,
LLMsS) IEFERZIZ MBI ZHRES ., ELNature
Reviews PhysicsBiFIeXEN#EL, LLMERIEHFS
IMENR R F M BRE" NAG, Xig
EERAIAENRIIEN RARLENEL T,

MARELEE, LLMZERLARER SRR IN, &
FERHT —NME—HNFSRZERELRTHEHOR
B4EE, BEAMS, XMEMERINE=1NEERHH
EL:

F-PERZMIREM4EE, ERORZNIRZE
DHAESTIEVREN, FEZERZEFEE" IR
BE"MNESREE", LLIMBERHE—HIIRERX
1B, EEFTHBOXEEER, 0, Galactical2li@E
EOBENZEXHE, ENEX TRIZMRNART
i{; BioGPT[31EEM EFIRFRMEM T BES
R, XETHEARZRIMRMH THOONDEL, £
BRREREBEESZ A MBERHHXEFDR L.

FINBRRIEMREE, NITRESRLS
EXRBFRENEVARRFE R, XL
B figE, LLIMBETERTREMRATIHE
MESFS, S TRIEENOELNBEm, &
HES@E, ChemCrow[4]BRTERIKRENE
HHIT, EEYSIE, BioMedLM[SIBRTELE

MEZESPNSESEIRN., RETERAMURS
THREE, EERNRARFTENREUNINE
iRt T HHIE,

FNERERBEFEE, MHNABERES
EMAMERZNREA, EFL, BHARE
ZEREXNVEWVRERBDREARINIRE, XM
BRANRELAANEE THRRE, wHEST eI
BHEN&RIZE, VISION[7IE R U STIN T RHf
RENBRESES, Med-PaLMBJEEZEA S
PSS 7 EMBIANIIE, XLEBIFT AR T 5
AEWVREHNIM, FEEENEIM T ASREZE
HIARI R EHRE,

R=PHENTEREHNBEAY: MIREWRE
WA, SRAKSIM T EEH, RECIH
WITE Y EHHT, XPSHEENRAMTEOER
TREEIBEE:

1. ARFE: WEEIRERPRIEFZWREHF
WRTREANTEM?

2. iERE: NAEdEHMKRPEFEENLSE
H=iE?

3. RERI: WEBEEEFSRBANRRIE
ARERE?

4. REFEN: WASEHAIR, RE. RE=74%
E R E eI#T?

BN XL, BRELLMERS KZE
LHHNEFRRNES , AREGERDITLIE
M, BRIRENNXENRkE T BNEERE,
FHRISLLMIRS N RIERFTE R K A RETTE,



2.1.2 HERER
2.1.2.1 BERMDRANES S E#

#EFEH: Galactical2l2BNMNEINEEORIENX
BB AMEE SR B ES48000 BRI
WX, BMFFIRENAS, 106992k 850
BEIGH, BRI TLLMERZINRGESEBRENAER
HEXES,

BZRINRNES S M ERAHEMNRIEHS N
XM, A, EXHERFERNOBET, #f5R
ARFEEUEEEEARSHBEIRKE, 518
E—TMRZINROBAERE", fTRERERZ, X
MERERNENHE?

GalacticaR— M EEEEN =, BEOIHFHHN
B IBFDYI 4R35k, GalacticoFF el 7 E &g K
BRENFERX, ENRORBEETRET " SREN
EB+Z2RER" %R E, BEXNEEN4800HF
R XXEET4. 258 REIER, WIETX—7EMN
TFREREN"AMEHRE+R2RYIZ"BX, BN, BiR
It T IR%F A9 TokenizationZRBE A — I RMF U I 2
BSHE (WHEAX. KZEEH. EERF) |
FelFr 5| AReference TokenFlWork Token%
AR TFREMNREENXIFSSHE, XERIHE
GalacticoEZ2 MR ZES LEE TRIEHEE:
LaTeX AN IBREREIX68.2% (BGPT-312201N8
AR) , BMEHRBEREIL4.3% (#BChinchilla 5.6
NELR) | EFOBZERRAT77.6%WFHLR,

Galactica 7 ZUWR 2RV ELAHES, |
N, BFEAERRELXMEATZZE RIS

+xmons N

RS WS ABINMEERE, BIXAERTILN
(Hallucination) , &3 =XHEZIHIT/E BDHEHER
R,

REWL, Galactico@ MR RFMEE
AT &SR, AEETELVTREAERRERTEE
X, HXNEBENEZNE, AEMEEREX
RENARRMHETERIEE, Hf, kBLBRIE
AENHEX—REENOER S| NE T kR
FHE, TR TI00Z88NMERESER
GeoGalacticaBJilll Z[9],

GALACTICA

eneras Explore

Get Started
Thisis the dem

GalacticaBy/=& R ME | KIE: GalacticaIEN (RE %)

2.1.2.2 EFLLMAB HRREEN

BEFER: NERROEREHRE—MREAMEN
tk, EFSRUAKBEFRNARENDMBATIE, O
HITHESFF, ChemCrow[41i8d 6 F 4
LLM 5EEWTEBES, MX—HERM T — a7
BBRLE,

MERRIENFAUNEDN L —BER—TER

MmEMENIRE, Z5E L, RMEHEERBHREDN
ZRER, XMPRBAXRETHREE, BES

13
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TEZERNOHRLEHUEENE, WAPRERD
ZWAHAMRHABRORIERE, WETBHERER
BNRNESN, WEERERIEENENTNE
EEHE, XERBRKPBEAES MRZRE,

¥

ChemCrow g X R [ g it 7 —1
e, EZOBEREE—N"BE-1751-M
R'NARERS, BILLMEAMESE, BEXEW
TEENES, AfmS, ZE2HKEBS =1 %0
C B%, BRATIMETBRESNESHLIE
, BERERNAREGSBARKNRIELSE, H
, BRUT—ETRFARNG, FELLMEEREBERX
BREARENNEVTE, &6, BT P&
RIRES:, SeAREHITE RLOAEERES,

SFOoH

ChemCrowlIEh B X B Z iR, 85,
BIEBRTEEZNRFIEERCETTH, XA

a Chain of thought reasoning loop

Expert-designed ——
chemistry tools
Example input:
Plan and execute

the synthesis of an
insect repellent.

1. Thought:
reason, plan

4. Observation:
analyze

User-defined
scientific tasks

b Molecule tools

+ SMILES to weight
+ SMILES to price
+ SMILES to CAS

o « Similarity
+ Modify molecule
NS . Functional groups
k + Patent check

+ Name to SMILES

« Safety assessment
+ Explosive check

Safety tools

ChemCrow

Autonomous interaction with tools and
the physical world (for example, RoboRXN)

Hitr RSB RE TEESE, HR, R
™ T AERFRAR TGN R BRSO TR
NuESEMH., REENE, BRET —MUH#HHE
R, XMERTULMREREZR B R TR
B, ERRTRHESNN "R 0" ZRRKE"H
ERRT, Mnas— 1 EMNEmk. FEHRE
BAEIZISE,

2.1.2.3 FFANBEMHFER

HEFEB: VISION[7]FFEIMEGRIRICAIZEE
SIARIZXR, BB ARIVAIERENES, X
RTET2ENERAESIREHNRE. EAANMD
BRFRE T HNREEN,

MEZEIRRENFEF—EHE P EWHRENR

5, RELRERRTARZESRNEWEREFEREN

Chemistry-informed
sequence of actions

2. Action:
select tool 1. Google search
2. Retrosynthesis
3. Procedure prediction

4. Execution on robot

Synthesis of

DEET without ({8
i human i i
3. Action interaction.

input: use tool

Autonomous
experimentation

S

General tools

« Literature search
» Web search

« Code interpreter
= Human expert

« RXN to name o
« RXN predict

« Synthesis plan

= Synthesis execute

N = 7

Reaction tools

ChemCrowfES RIS | 5RKiR: M. Bran, A, Cox, S., Schilter, O. et al. Augmenting large language
models with chemistry tools. Nat Mach Intell 6, 525-535 (2024). https://-
doi.org/10.1038/s42256-024-00832-8



B, XMBHRARTRRANZEIRE, Bk
ARAEDUNEERRS, NEALNZREBAER
BESHMRSER WE", ILIRSEEAIITHR
ARKNRE, XE—TEAEEERNNARHRERIR

EEO

VISIONBSREZ I E F EfR 7 — R Ol FT BRI
AIZRtE, RAEMSPINEEER (Cognitive  Blocks)
Ay, EMERBETF M REESMHBKIE
SRR, XEEHHERTE, £RSMMEZIRE.
BREEEIESMIFIKRBERNERIE,

BiRkin, RAE23%REE (Transcriber)
7288 (Classifier) . ##fER (Operator) FoHr
i (Analyst) FXEER, XERRUTER
(Workflow) BIFEEHTARAE, SEFAEH
—MNMEKRE, RAEEHMEETHIERE. 2Tk
SHMER KGEEBAENNTERRE, &5, &
HRERNKSBADITERRELSAFHIA, HER

+xmons N

S ERXEKRENIREHFEHNT, BNERE
h, APBEBERESSRARE, THTHERN
BT,

VISIONHEXET eI T —MEHE AN
B, BERRENREIRIT, EROFIBTAIE
SREAAREES LORK, SUTEENESER
MESHITEEN. BN, SRENGH Al RRSES%
BRI TERBYES, MAMIES T LR
REE., FEENR, AW HIESHIR"X—
RAARNKBRREE T X#—5,

2.1.3 ik S5RE

R, ETLIMERZHRBEIGE L MREARME
BOBkE: AREE, LLMOBEERKRE LEEET
REREBNORNS, RERNZRARPLELRRKR,; 8l
MEPARDEREE, LLMB"eUF"RE EBRIRE
EAMNHEE, XSEENMZEREELZNTEFE

Beamline HAL (HPC for Al and LLMs)
Workstation Cinputs M o
A ero input: Measure sample for 5 seconds
(ight-duty) COgt.ut“'c output: sam.measure(s)
, Block (Cog) Refiner cog: Operator }
VISION GUI MinlO Manager Cog_i_
with relational {&ah Operator
NL Speech { input: Align the database E Cog 3

sample
beamline: 1n1BM

(quick offline

':)3
fine-tune)

NL Text 6

op_output:
sam.align() }

keyboard injection

Beamline CLI

b

SciAnalysis gy

| Work- o,

& : .
= ]
e
Cha
Workflow 3

) _, Python
= code

JSON
Dynamic
Prompt
Analyst
Analysis
-
fos] protocol

()
Notetaking, XiCAM, etc.

E3)
tBot e .
5 —[ 1 @ Nanoscience Corpus
| Beamline Manual
session memory =
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a Asimple problem

A

b AlphaGeometry
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deduce
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d Solution

Solved!

AN

B C

“Let ABC be any triangle with AB = AC.
Prove that Z/ABC = #BCA.”

e IMO2015P3

“Let ABC be an acute triangle. Let
(O) be its circumcircle, H its
orthocenter, and F the foot of the
altitude from A. Let M be the
midpeint of BC. Let Q be the point
on (O) such that QH L QA and let K
be the point on (O) such that KH L
KQ. Prove that the circumcircles
(0,) and (O,) of triangles FKMand B
KQH are tangent to each other.”

Not
solved
Construct
\—’ B D c
Construct D: midpoint BC,
AB=AC,BD = DC,AD=AD = ~ZABD=/DCA [1]

€ Language model

“——Alpha-
Geometry

[1], B C D collinear = ZABC=Z£BCA

f Solution B
Construct D: midpoint BH [a]
[a], 0, midpoint HQ = BQ / 0,D [28]

Construct G: midpoint HC [b] ...
ZGMD = ZGO,0 = M 0,G D cyclic [26]

” [al,[b] = BCADG [38]

Construct E midpoint MK [c]
oo, lel = ZKFC = ZKOE [104]

£FKO,=£FKO, = KO, // K0, [109]
[189] = 0,0,K collinear = (0,)(0,) tangent

HEFFSAlphaGeometryBIEER, LR #RRE R RFIIMO 201558953 NafRm=E | KR:
Trinh, Trieu H., et al. "Solving olympiad geometry without human demonstrations." Nature
625.7995 (2024): 476-482.
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FRGeo GNN4F, GNNRE—EZAROJLLEHEX
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Zach HELKEAI for SciencefFENE T E&#
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P e In silico
1 1
| Pretraining GearBind Model 1
| ‘L I
| W i
! wt mt - C i = - -
1 1 High-Affinity Abs Binding Assays Optimized Abs
| Self-supervised Geometric NN \
contrastive pretraining Interface graph — AAG, ﬂ
! | 0,00 %
| 1 w% 2 nﬂ
| Target Ab Mutant Candidates 1
| I Selecled by GearBind-based Syntheze in wet lab and Ready for further
| %% 00 ,( ‘( Y \ ensemble model validate binding affinity development
I l]l] )—-< 1
| A 1
| In this study Saturated mutations on I
X GR3022 and UdAb antibody CDR regions p
R o o e ’
b)
s - - - - ---"--"-"="-""="-"-"-"-=-"-"-"-"-"-"-"-"-"=-"=-"=-"=-"=-"=-~= DN
; Relational I
elationa s
| Geometric 1
i Interface Graph / GNN / i
ST T " ~-= T T
¢ b | SonclEdgn | i \ T AomdevelMP ¥ ! \ ( ﬁ !
E) | Sequential Edge \ i - \ ' \
KNN Edge — "~ Edge-level MP = oK graph
I Fimdlinl Edne Residue-level MP A a P 1
wild-type (wt) | o o |
Predictor
| shared weights * 1y anG,
| Antisymmetric I
| o I
Relational :
1 Geometric 1
l Interface Graph N \/ GNN N ‘\/ |
{ . BondEdge i Nl \ aemieere > B \ ( ﬁ 1
) Sequential Edge \
! KNN Edge — Edge-iavel ==k graph !
| el Eg Residue-level MP A E fjjﬂ’”c \
mutant (mt) X adial Edge o Al X
N p

c) g‘

Noise Contrastive >
Estimation ?,

¢ Random mutation  wild-type (wf)
T g Rotamer sampling

wt mt wt  mt

Push up mutant energy
Push down wild-type energy
Formulate as binary cif, problem

mutant (mi)

ET Gearbind (T EHFURFER A AL EIRER | SKIR: Cai,

Relational Geometric  _ ’:

" Interface Graph GNN
graph
feature
Binary wild type/
Classifier mutant?
__ Relational Geometric E ]
Interface Graph GNN
graph
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feature

Huiyu, et al. "Pretrainable

geometric graph neural network for antibody affinity maturation.” Nature communications
15.1(2024): 7785.

30
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Agent Laboratory: MUAZENHARBENEZLABA, SESHACREEINHRERE, SLTHARRSE
FMREBEE ISRIR: "Agent Laboratory: Using LLM Agents as Research Assistants”
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RIRHRT—PHFNITE, EBEERMNKRERIR
hiFEHEMNMENRE, BOFHRIENIIES,
REWRBUE,

XL RGN HEAREE Al BB E N
EZ. The Al Scientistigft 7 = ENRFREB L
HEZR, NovaREBRATUREMNKENRE,
Agent Laboratory W KiE ERR(E 7 REFMATRE,
POPPERTI LA T B &L RIERIE, B9, Open
ABEHBEFChagpt-03#E 8 A9Deep ReseachB
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EORMAEMRFAEENRA, AKXKEEHR
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B, BFATRIANE, KRREEESMIUEHZLN
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Insufficient evidence, proceed with next falsification iteration 7 + 1

GRAP2 regulates IL-2 Q Experiment design agent

a Experiment

execution agent

. . 1
Main hypothesis H Ealsification Think P-value Pi E>
- experiment proposal - i
Type | error rate @ o Null sub-hypothesis hj Execute Su_fficient
o Alternative sub-hypothesis b} + evidence
Observe
Let me propose a falsification experiment: Initial Think: First, I need to analyze the GTEx tissue
Q proposal expression data to identify GRAP2 ...

Initial Proposal:
(1) Name: GRAP2 Expression Tissue Specificity Test
(2) Test description: Test if GRAP2 is preferentially in ..

Let me critique this proposal:
Critic:

1. Causality Check:
Reflection: We need to revise the experiment to: ..

Proposed falsification passes relevance check:
Relevance score 0.8
Reasoning: ..

(3) Null sub-hypothesis h_@: GRAP2 levels in immune tissues ..
(4) Alternative sub-hypothesis h_1: GRAP2 levels in immune ..

O Self-refine

. 2. Data Availability: .. 3. Redundancy: ...

¢ , Relevance
"‘ checker

Execute: df_gtex_tissue_gene_tpm.head()

Observe: Description Tissue Expression
ENSG00000186092 Adipose  0.045396

...... (Think -> Execute -> Observe) ceeeas

Execute:
from scipy import stats
# Perform Mann-Whitney U test

stat, pvalue = stats.mannwhitneyu(
df_immune['Expression'], df_non_immune['Expression'],
alternative='greater’)

POPPERZRAGHELE | SRIE: "Automated Hypothesis Validation with Agentic Sequential Falsifications”
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Internet <—— BROWSE ¢ Manual .
PYTHON DOCUMENTATION experimentation
p Docs index
Docker Code " Retrieval and
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Performed experiments Searching for — Performing Generating — Controlling a liquid handler

to validate the agent organic syntheses

online
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cross-coupling reactions
— Optimizing reaction
conditions

D.A., MacKnight, R.,

SLL code for — Using a liquid handler and
a cloud UV-Vis together
laboratory

Kline, B. et al. Autonomous chemical

research with large language models. Nature 624, 570-578 (2023)
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Scientist

The scientist interacts
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specifying a research
goal in natural language.
They can also suggest
their own ideas and
proposals, provide
feedback and reviews,
and interact via a chat
interface to guide the
co-scientist system.

~—
Discuss via -
chat interface

Scientist inputs

Research goal

Scientist describes a
research goal along with
preferences, experiment

constraints, and other

attributes.

Add idea
Review idea
Discuss research

Research proposals and
overview

Top-ranked research

7 hypotheses and proposals

are summarized into a
research overview and
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The Al co-scientist multi-agent system
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Literature exploration

Simulated scientific debate
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Full review with web search
Simulation review
Tournament review
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Research hypotheses
comparison and ranking
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Deep verification
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self-improving loop. O
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Meta-review Agent
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Al

Al co-scientist

The Al co-scientist
continuously generates,
reviews, debates, and
improves research
hypotheses and
proposals toward the
research goal provided
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Tool Use
o Search
Additional tools

The Al co-scientist system design
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Team. "Accelerating scientific breakthroughs with an Al co-scientist" Google Research Blog, 2024,
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SHBMRER (Poisson Flow Generative Mod-
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MIEETE, XLBRESEDTE— N SHEH, B
RBMAEROEE, EREBIKRFEHBH5EN
—XE@MREEMD HERIIBMR, BTy
BUIEE SEMTRREASE, REBERRSHENR
FENER, BEEERI0E201S, HRFERF A
T HIAXMY IR, XNIRES TYERRER
EZES, 7T M AREBDLOHERE

Ego

HE—F, MEBERNEREREEERFREYR
SHNERSRITPRIEEXRNE N, 2T
MEBRRERKER, EMREYTRAL" RERBRE
R —LBDBEHEEFRENE, XAKBEE
RS ENE F SRR RUR M TRTH0 0 8E, BT,
YEZRR AN ENEREN A RNEH, B
BEYEZRENS A, EULURTHENSH. &
MHE—BERER, AN A TE ki,

Forward ODE a
L
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- Backward ODE

Forward ODE o
!> :J w SR
4.
%

Backward ODE

(®)

SHMRAEEREE, | RR: Xu, Y., LiuZ etal (2023). Poisson Flow Generative
Models. Neural Information Processing Systems (NeurlPS)
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-EEMTE (RC) MAIBIELMNN RGN E
AEIRHITRERS, FHESLENEFIIEE,
RCHE NN IFLENNRFIFEES THKIR
TS REREA R, XESRCELINZSRERL
BEHHEEEXEN.

PN (MNN) 2— R EYEE
RESHANENIERSE, BIREMRN/LEE
MR, EBERMENE—HLENGESEER, BF
BENAIMASNRRIEEIRE, TR N TRMEN=S
A, BEEMBAPETIRESE,

- HEHMEZETF (FNO) Fel7T—f2iHsoR
FARERN, BEEHRE=EFEIEFIRE, ST H
METXPREMNE, FRESLEBRRMATIER
REMERS,

2.8.2 AR

2.8.2.1 Komogorov Arnold Networks
(KAN)

HEFED: KANE—MEZHFZELEANEH
REZFIRE, TUBA—ROMRBELENE, B
BRTENER, ESHHTERRYUSG. BE
GRIZFHESNIR, HEEHXKER . EERER

+xmons N

X FISAENMREIE T Z RRAE AL,

Komogorov Arnold Networks (KAN)[1][2]#94#%
ODREBEE—MEER, RREXD X-[IEE
(Kolmogorov-Arnold) &, ZEEEH, Fd
SERNZTERYETABIT —RINERERFNAS
kER, XRIKE, BEIC L, BERESEERNX
R, BMNEITUSEERBR —ABR2RESNNF
o, MMETEEDT,

KANKE b EEBERNEEREENANZ B
REMZ, SERZENRBERZ (MLP) 18Lt,
KANBI#Z OB FTE FRMLP BB X B 2 B9IBUE R 28
BRABNFENHERNE, XMIRITEERE
MNEBSHMESMEESRRYXR, BERFA
TREREEN, INMIEBRSERNXEIMNE
EHREN), ERERR DIBR T HMmINZHREN, B
RN T RENZEFEE, EETAEMNFHEPNA,

KANBIZRAGIBE — DR A " FRRER 8" 89 B
ABREENL, RAEEIZ M EHRERYNECHLE
R, XA EFELERBLEMEE RBERMENT
=, BARMNEBEHERSNERREERA
AR, MAFTERBMAZENSE L.,

Model | Multi-Layer Perceptron (MLP)

Theorem Universal Approximation Theorem

Kolmogorov-Arnold Network (KAN)

Kolmogorov-Arnold Representation Theorem

9= 3o Sousm
=1 p=1

Niey
(Shallow) S = Y apw, x+b)
=1

@) - fixed activation functions | (b)

R learnable activation functions
on nodes 7 D on edges

Model AR
(Shallow) Ly ~ ™" sum operation on nod
=l learnable weights .
N T onedges ;
Formula MLP(x) = (W3 205 W, 00, = W))(x) KAN() = (@, - @, - ®,)(x)

ersermeene e KAN(K)

BHRZ BRIV (MLP) ZEMFIKANSHIRIEL[1]
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2.8.2.2 Bk 2R L

HFEE: BRI ERAINKAII, ANE
B, EINFENINGEENS SRR L TLUE
EEROILES, BkhiBEmZs (Spiking Neural Networ-
ks, SNN) 2—MEHEMYRINBERREBFIIN
BNITERE, BEMRAERRE. INSRERL
BERENAREHLN,

Bt 2 LR IR A B = A THEME[3],
RIET EMHETZ BT RA., BHESGH
ATHEZME (ANN) , SNNET B 869K
(Spike) #HiTEREE, NMERFRITEERE,
BEE B BUL RN EM B E R R B E I,
SNNEHE RASHREHE, XEESHMAI
EETT, UANEREERE, s, SNNETRHL
AT RN, BEEUARBZEING, E5MEEE
BAEMNSIEPLIMLHF >,

ReLU

ANN SNN IF
y = max(O,ZWx) () =9(t—-1) + Z Wx(t)

Fig. 1. ANN-to-SNN conversion, a mapping between real-valued activa-
tion neurons and spiking neurons.

MATHERE (ANN) HERIEFOPHERE (SNN) [3]

BRI ATHMERE, RARKT (Spike)
BBER, SHRFHIISNNERER LA T ERIRE
HLDEEBSHEMNSE., SNNEBERELEZHH
ZETUE, IMHEEXTLELENRNEIF
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EEMERN, SNNTLASETASNNGITHEER
SEH (IBMETrueNorth, IntelfLoihi) &%
g, LMESHRRFFTLERS, Wi,
SNNEFEM AN TEAR, ERENERES
EMARGEONNADT (WRED) EAFH.

2.8.2.3 fig&Eitit ]

BEFEH: #EEHITE (Reservoir Comput-
ing, RC) R—MuUBAEABRHEEWE
(RNN) HOFBIAIEER SEEKTMNNEFIITFES
SEXRNHZE, HEREENRNN, FEBITER
BlIHNEES, BE55RERAEGINESR,

RERTENZ OB BRI EEZEDNES
(B fE&its") XNMAZIRHETS AL RS, F
BHRNFLTESSZREMDLE. B2 —HEHKRN
RNNF, B EERSEEENBEREMEER
"fiEEit" (Reservoir) , E&BEEEZEE %
MR, MMmEREPRRL s BRI R
£, HT@ESEMEEHNSHEYIEE, BLTEXN
HilZx, mMREZBIZGEEEET, XAXITLAKK
REESEERNIGZEE, ENRAENNEGE
HRMTER, ESTEEIRMARESERE
MZER, HFAmENEMERIEL R SHETE
RAENRETERTMES4][5], AARSESHERS
MR- T RENDNESR, BHEEESUSHERF
TP ERBLENNE,

EEMHTENEBDSA=TME: 1) 2001542
HEE: BIEREMNE (Echo State Network,
ESO) , AItEXERREHFEE, 2) BETFE
REHERESIU, SFERNEREMENRNYET
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= 3) REVEEOSENURE, FRRNEIZE 2. IF8Xs, THESIIRAANRALR
2D R IDFEFO AN [6], 7, Bal, MEERSLHEERELRE, HRENY
ITHEREIE, RRESNHTEEEARE, M
EEHITETEATAENBFIERENES, NRREE—STRE,
IMEFIRA, SR, NSAEHE, HEEE

a Feedforward neural network b Recurrent neural network C  Reservoir computing

Read-out 1

Input 1 Input 1 Input 1
Output 1 Output 1 Output
Read-out 2
Input 2 Input 2 Input 2
Output 2 Output 2 Read-out 3 Output
Input 3 Input 3 Input 3 Read-out 4
Output 3 Output 3 Output

Read-out 5

Trained connections Fixed connections
*—e *~—e

BIIRERSE, BHBEMNE, URESHTERNXREN0]

a Digital RC e Timeline

1 ESN
O ref.13)

LSM
O (refs.14,15)

“The Liquid Brain®
O ret. 30)

b Mixed-signal RC e © b

O Delay-coupled RC

\"‘ - m (refs. 31,6774 )
N Dynamic device RC
W W O (refs. 23,24 33,78-82)
A~ fo In materia RC
|- (oc|O@@ =0 (refs. 96-119)

c Analogue RC - —_

All-analogue RC system
=0 (ret. 33)

Future directions

Architecture

Algorithm

Physical node

Implementation

Application

It ENRRBIKE SHIB (6]
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2.8.2.4 Himm Mg

HEEH: NMBEMSE (Mechanical Neural
Networks, MNN) BEBERNMKIEBE FRANIER
T, BEERAS YRS SIS R E A6
N, BESSLHERAIE, BEMNASEEMN, R
B ESZBTFHENESESNRME. £MESHR
BERE,

MR E M R — M ETYEZRENNEZES
2N, BETRZEBNMEZSSIVERLENTF
fig, B0t BEER T ERIERNMETA
£, UDRZESEEER RN, BHSNBEZE
B9I MK BRI AMZ T BREE S EEERE, T
RO EE-IIMINRETN, BT YEERE
HITESER, BETROUBARNENBES
R, XFPHH SERBTTENABEMESLM, BERB
THEIEMIFEFITE,

MNNsBIEZZRMEBET R (PRHET) | 8
£ (EENE) N ANBETR (TR UT RIS
BSAMBEE) A, HIZMATREIHENN
BANES, TRENNERTREME, TSR
E, XENBEIRERBIEMTR, RETALT
RERZME, BATRIEADNEETRNLBEEHZ
RE, ESMNNsEEBES LT EPHITHIEERME

%,
S5&5@EMEARRE, MNNsES SRS
.

. RREMETRYE: BTIEIRETYEE
), MNNsEJIHERERERE, TEHEGERRZIR
IR PIBIT,
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{ERAPolyjetig IR ZEMFIAQilus 3089 3DFT ENHIAR AR /ZE [11]

2. ZWER, TWHSLIAAME: MNNsEBT &
BRSNS, RO THERBENERTHIE
X,

3. ERMSEENY: BTAMNUBHNYERE
M, MNNsTEBE#ER RS RHES FHEBHHREPR
BXRANRE,

AT BRMESRRE: FEESHNTRHEH
MNNsTJ LB B E & B HAEZAF RER S 1P

5%

X L AR EMINN S B 9 R SR D 2480 22 ) 5 B8 44
SRBERORAR, BEESEME. s ANBEE
NIREEN B P RIEEEER.

—REaMNTEMIRE T —RETHETEE
(Adjoint Variable Method) 89"E{ R @EE"
(In-situ  Backpropagation) J5i&, FFElIiEMERER
TMNNsHBETESSHEFER, EH0EEN
FZIHKH T EN LS E TREE, MYERR
PHSHEH B EBERIEERENRS, Z
WRIEET MBS EYERREIEETESENS
&, AKIEFHTMNNsEJI R F oI B, HiR
ERNBRR T FES XY ESEZ BINREDRR,



ARREINRADZE BT RIRM T I RHRARER,
2.8.2.5 HEHBHZEF

EFEHREENHHELEF (Fourier neural
operator, FNO) [12]F 87— 2HHNRZALE
N, BEEMETRFEIEFME, ST OHWEL
XMRRFE, FHESHERRBHDS HREEREY)
BRF, AFZHESHXAR, MMNETEREL
E=RESARE,

BEEHEEEF(FNO)NZ O E T EMEXK
DT HEMBLEYERNENAN, XE IR
EEI5RM, gBFITRERINZE PHIBRG, 10
TEMR:

+xwons N

FNOWAEERBEENA=H 1. BILERHE
T4, 2. NANERDEFHIRERE,; 3. B8R
BUFERYOBREE, EpEHEMEEHE
TEEHZSR, REXHMEMEBHTLELRBNA
REHZE, MYSMEBD, WEHTHIBLME
%, FREAEENEMESENBARERE, B
HITREEH TR, XMR RS TYEENTIE
t, XEZFRFIUERE,

FNOEZBNATFZEENRZWRE, Ho
AXREMRSMLE, EFFNOREMFourCastNet
[131fEATransformert& & | &7 ALEEEFYE
FZEHR, FEETREMENMR, EHERN
HEXSWMR (NWP) BHEIRL450001F, EIILk
B, SNWPER T —BRUMSR SRR A E
tt, FourCastNetFUll XS FraEa08ERER2> 712000
&, EQAXBHNERHEAERBESHF(CCS)MEE

Z

@—» Fourier layer 1}—Fourier layer 2

—> o @ @ —»{Fourier IayerT—p

(b)

Fourier layer

o’ T “eoe

B HHEEFHIMELRM | SKIR: LiZ, KovachkiN B, AzizzadenesheliK, et al. Fourier Neural
Operator for Parametric Partial Differential Equations. International Conference on Learning Representa-
tions.
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e

R F—Nested FNO[M4RE ZE930 BR S FUN A0
BTIETORE, AAMECCSHANITIWEEDS
TIHERE,

XLERINRAIZREE, FNORXE—PMEIL SR,
ER—THEBHRIMIEOANEATR, BE
RAETNE, MRRZE, HWKRZE, EMEFTIRES
Qe RETEERNERNGL

2.8.3 HhSRE

KANTT LA 3R A IS | SRR ES] (Phys-
ics-Informed Machine Learning, PIML) . fEAIE
AREOMEAIZRNE, ESEEHN. MREIZEREY
EFXhAEA EAmR(7], PIMLEEZRBET I
DX KEHIRNKE, THERTHIERRYHR
R, PIMLEAIGRRBEE FEETFUNREREIRAY
BAR, RASRRZATOITERNXRNEERZHEE
7. W4, PIMLEER N BB EEE KB TY
ERRNOERY, REYEERERESSENTIRER
45 RIS,

PIMLEZRETAIEEEEOMNA, MMt
BNESEERAEN (WHLESTR) S8k
B (BERFERE. EERISE) | HEERER
BT ERERNOTETEN, KR EUKKERATE
S, EFEMHZRRFIRESNE, BTREME
REZMNNRE REESS., Lo, MEXMITENESELT
BENEBNITEEN, JUEN. RIEHEEZ
HERESS,

R ERREAETIHHENERYE, B=%

OJRERYSCINERES . WARRIRTVERN . BHRERE
RUNRHRAFBRL, RUSNNSEARIIZN
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Application scopi
Neuros ce Intelligel General
| iatatatetttuteteiainieiuiiiiiei iy
! '
Brain ! Classical i
paradigm | neuromaorphic b
| engineering . ‘
' . Brain-
H + inspired
. H i computing
DLal'grl"e” @EE H Dual-driven :
paradigm A ' brain-inspired computing !
! H
Computer 5
paradigm Dedicated Classical
|£ E super- A
1 rTE computing
Paradigm

BRETREREEMZIN, EHRESHNRERKIKL
AT R SFFANNFISNNITE, KT RAE T
FHONAEE, AMmARLIXEIERBNRME T8
(8],

figEtbitE (RC) RILLA BB FRAT
HERERLENEN, ERRARBIERERF.
HERNMAERNSYESII, NMITZERERBUE
FERBOFENEFE, XERFULIRIDFEFS
IEEAE, THESHERSIHE, RCEIGEIH
REZAFRFNRELE. BENEURNFTREERE
SERESTHRMENNITERESF DA,

XFNMAENLE (MNN) BOEHHRRMNIAE
FRAPEHFE TEE, RBETHMMESESREN
K AN AN BENAMIRE P 2 N AR
=, HRFP, KRUBISOHEEEHBHSFE
NEHE—TT Bz, RITEESEBIHNEE
FIRANMREIRE, Mo, BEIRRIFLEM R
BIERL, REREERNEBIFEELENREKES, KoL
ARRPIARER, XECF AR EZES SWEN
RRZRE TR THNMRTE, SREHR—HTHEE
IHEEANEREREOF LK PRIEXRER,
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2.9 SAEEFIEIE Bl %M
2.91 BRNE

FEAIRRERA, BREFIXREERR, B2
BENGHERER, BEFIOMEREREANZOMR
M, ERESMEERRESERAENENLR, &
FERNARENBIRESESHERE, HPRAX
ROZHE/HREA[1], —HEH, ERENZR
B, EEMDEREAME, 8 REBNITIEIE2];
B—HE, REFEZRFSONE (WET) £
WRIBMIERREI[3], Wi, BERZIREEFEE
SHHEIGEXELRS, FEEN. WENSHNER,
SHARERUBES M REHTERES, #—F
MR T EERERIR &R,

BREIE (Synthetic Dato) SEIBEGLIRNEE
WRMBRIULRENRNEEFR, EEHREET,
REMBRXBNEHIEEM (Data Generation)
B, SESRRTIEARNZIN4], BBTRRXED
EHILLMSIA SRS XTI AL AR Y, & A
R RN ZE K LLMSIRIESR U R YRR ER X
AEHEX, USRS HEAH TR ESHEIEE K,

Write a <Y>review for a
movie. Review:

Generative LLM <X>

"what a waste of time and money."
(Label-conditional prompts)

(a) Synthetic Data Generation

| ive LLM

<Y>
Target label: negative
"what a waste of time and money."

(b) Prompting

LLMsTEE RS EMRENSREE (o) SRAEMNEMRRE (b) ZEH
e [13] | BIASRIR: Xu Guo&Yigiang Chen. (2024) "Generative Al
for Synthetic Data Generation: Methods, Challenges and the Future”

+xmons N

R, EEEEERIISIESERRAZRTR
b, LLMsERNEETREESEX, RZ2H
, MEBRER., BFEEELFNRRARA: 0
EBHEHEIRER (Attribute-controlled prompt)
BEfEE—AREME. HERTERPHITELES,
LA TE XA S IRENE (BRI R & iR~ 3 A(15],
FMNLLMsH BRI ERMENRT, HE8EM
FEHIERIAttrPrompt[16]; WECHEEAR (Ver-
balizer) , BEIBEARGNEEXRYT RA—4HIB
XHEUNRTIREHSFHUHEBER, fl0
MetaPrompt[17]18 S MLLMSIREY BiR~, RE
FAFERRH—SRRLLMsE R EIE,

Method Generator Classifier hmark
ZeroGen [9] GPT2-XL [35] LSTM [36] SST-2 [37], IMDb [38], QNLI [39]
DistilBERT [40] RTE [41], SQuAD [39]
AdversarialQA [42]
ZeroGen™ [10] GPT2-XL [35] LSTM [36] IMDb [38], SST-2 [37], Amazon [43]
DistilBERT [40] Rotten Tomatoes [44], Yelp [45]
Subj [46], AGNews [45], DBpedia [45]
SuperGen [8] CTRL [47] COCO-LM [48] GLUE [49]
RoBERTa [50]
GPT-22 [35]
FewGen [7] CTRL [47] RoBERTa [50] GLUE [49]
ReGen [12] Condenser [51] RoBERTa [50] AGNews [45],DBpedia [45], MR [44]
NYT [52], Yahoo [45], Amazon [43]
Yelp [45], SST-2 [37], IMDb [38]
ProGen [11] GPTZ-XL [35] LSTM [36] SST=2 [37], IMDb [38], Elec [43]
DistilBERT [40] Rotten Tomatoes [44], Yelp [45]
AttrPrompt [53] ChatGPT [6] BERT [3] NYT [52], Amazon [54]
DistilBERT [40] Reddit [55], StackExchange [55]
MixPrompt [13] | FLAN-T5 XXL [56] GODEL [57] NLU++ [58], TOPv2 [59]
CrossNER [60]

LLMsERAS ERMEAES NI SREIEN A, B N3],

SR, ULEHERENDE, TEERHNT
NAEREEHUE, FIHOEE, YTERSS
B—EMNERHE (WEREZR&KMNIDE
), RERARFTEHTIBNT &,

BRTEIBER, SREERIRIEEFTRER
MEHIERT (Scientific Data Representation)
FEBRERMGESBE (Model Self-improvement)
MIRE, FIEERARNATERHEBFIAREHE
£, EERENMIEREISHEERIEFESN
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fE. BRHIBIERIET FET R RIF R T M
HEOREE, MERNBIECHAHEIN BT
REEESEE, —ENMEIERINT SRESM
BEUEIRE IR R,

TXPRERNBXTEMEENEEER. &
FHEERR. REBHIGE=TEHNRITHEIAR
=T, URRZHEEMWKERIRHT-HUBIN
B,

2.9.2 RERE

§%21emﬁﬁﬂmh)N%ﬂﬁﬁﬂﬁﬁs

HFER: SREENZOMBENMIETITAM
BREMEE, MEUURBRERIHTEH, B
SIANTERNRUHERAERN RN FERR, B8
BENEHENE, EXMOET, NEENFTIHIER
ERNSETEIE, MEHM T —LERFHERIHTAR,

Small set of human
demonstrations

ERZOF LD, REXTFT2023FHF KN
MimicGenRZZRBIH THRAINMNE4]., X1 ES
&R 7 S0 NB BRBI A 2758 h A 32 RRAS I 480
ENENAE, BEUERL200M AEERER,
MimicGenm 4R T 8 &8I 5 NI BRI K MIE
RS, XLEHIERE T 1SHARES, HESTH
SHE. NRLFANNBAFERETPEILERFHN
ZHIE,

MimicGenBIT/ERIED, RFEE LN RETESE
P HEREITIR AL RN, BB DMERDBAZ ML
NRAPONFESET (B2E) . EEMHMEE
B, RASEEEENSER, FRESEMERE
FHhsd, BXABRNRUERRENABRE, &
%, RAEFERRHHITIZH SR IIIX LR H
BirMuZFS (B24h) , BIREMBIENSSAMERD
Gl

Large, broad dataset generated
automatically with MimicGen

Demo 1

‘-

T

Diverse scene configurations

e W
arfe

@

MimicGen

¢ o ¢

Diverse objects

Demo 3

4

Diverse robot hardware

()

MimicGen& R EIBEMTRE | BFRIR: Mandlekar et al.(2023) "Mimicgen: A data generation
system for scalable robot learning using human demonstrations."
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Parse source demonstrations into segments
Subtast Subtask 2 S ibtask M

Nl 1N

Curr |Ob ervatior

-W' E"J

+xmons N

Pipeline for generating new trajectories
Obtain reference se

gment to mimic

MimicGen 24tz | BH3RIR: Mandlekar et al.(2023) "Mimicgen: A data generation system
for scalable robot learning using human demonstrations.”

LR A, ﬁﬁbﬁﬂﬁ_ﬂ/b&ﬁﬂa’f EOEE,
RXAREREFNE SNEEMBES, BEREME
ERRREXMEER, BAREICUEAT BRRX
R, REBUREMNRETHEMFERES, XiP
BRI BT RERARNNHBEE, SR
HURHERIRML T EASHREYIRHINLE,

RMTEAMEERE THRERNEE, B
ENRRIET EREBENRENSHME, BEXMTT
I, MimicGen R A L& g HOEIERIID
BT — N OTHBRER, REHRRE MR
EEMBRARN AL RIS T 7M.,

2.9.2.2 BEHIEERSR:
RSB R

MNEHEMEE S

HEEH: MFHRRERTE RO THANRT
WRTHRR. LENDRIZHIENTIENRARGIH
RO, X—RHI%0 BRI R BR A TUKER
MRXERMZHFEPHIRRFIEXER, EIXLEEH
TEREB R s F IR B B AF s IR ARAOR A

MNEHRRTEROHRREREPERREORSE

SRR AEL, BEREFINKIBESHEEN
g, XMUEABRESRMBANRTAERRE.

EHEME, BERMEEFEMEREZISHE
EMEIRNIRES, THOBERLBEEYENYESE
NP BRI R ANEERESN, BRAISSHERANE
S ARZE RN E R ER S R TN, 5
AR 2023 FIRENENARKERRAE, MR
MABNFIS|IAXREMGE—ER, ARZMRNE
R T #ER,

4, RIZFHERAAHE IR EZHEEED
LESRSHZHIE,. NERARRROTERE,
USRI AERIFEIEEENR NI SR ELE R
E, BAXLTH, MFEIKRE, LREFEXFENF
T EENZRBLLaVA-VideoREL[5], BT ERK
BRSO GHNEE, HEREZE S RERAEHIRKE
KR, KR T SESERERES,

LLaVA-Videoft 5REIAFF & T — N BIFTHI RS
BRR%, HERORETAMEBRSSHEES
LLaVA-Video-178K[5], XPMEIBEE S T178KD
WA T.IMDNEQIRIERA, WE T W
&, AR EENSERDESFSMEST.
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WREANRAT —METFCPT-4N=EFE %
FYBRMSRABAIN BN ERER (0B 3 FiR) .
XFZRAEI R FHRA (Temporal Embedding) #0
BESFTFRINE (Cross-modal Attention) 3RSE
MR AGEENENES, Bk, WHFE
LMERL, UREENRESRT, REN=1ER
PRIFEEBERRANRRES:

() £ R, NHERIERFREN, 257
SHNEROMERD., - P HERNZER, UK
(WRER) RENE_REEHER, (b) EEZ
R, ANERtENFRR, ETI—TEZXEHN
FRNRE=1"FE—XKEHNFSR, (c) EF=X,
NERANBRTEREFRFRE, 25 7TRENEZ
XEFSNSmHE—XEFs, ERXIEMRA
BHEBBENERT,

-
@ Videoclip

T ® v
v

(a) Level-1 Description (b) Level-2 Description

LLaVA-Video-178KAMFTE MR EMARIE | BFR: Zhang et al.
(2024) "Video Instruction Tuning With Synthetic Data."

XME BERETRTIENEIFZLETERURR
TSRS R, ELH T RRAIESK
THRERE. BEEHINS BRERTRBIRMM
AENAERERE, NMEHANSHBATE=HE
MBI FTEERRER, XMTERMURS 7TRELME
B, ARRNSESATERHRIRM T HE B,
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BEEFRARN AR R ZRERARS,
MZERERTEE REENRZ R MAEHZR A
BABREENEZNER.

2.9.2.3 ERBAKME: BISHEERA
AIRFERE

HFEH: EATERARAED, EREERK
BEART —MRERNARAE, XFFELAI
FERReBIE £ AR A G R IERIG IR E S 8E
TR ERBSM P EIERE B IR ANLIMER, X—
BAREE T NBREBNGHFEKE, EFET
AIRFEEZIMHUBITEN, BERNESREDN
KRR, XM ERSCHEN S R B R EERNME,

BREBRUHNHARRETEI S REIEIEERE
BfgE, XM AHEN—TMEEIELEIIE
(Self-training) 7%, BREEEEERIIRTEE
Hilgk, ABERFRIIGHEARSEES, 53—
BIFTERAREERZAE (Model Distillation) 5
BREIENGS, B ESERIIZEARSKAAR
RERERE, XEFERR T &S EMEERT
IARBLBE N OIS ELER T,

EX—ENERRKD, RRESEXRZEE
EXZRRBFFLKBISELF-GUIDER A6 T2
ERR. XMPFDEELIRITEROSMEREMN
B, EESREREEBTEMNESIHENIGREIE.,
EGEETEFER WA BHBEY, FEIE
BfFiREiE, MREMSIENRENEXE, XEH
ERBEIENR WA TRENE—SHE, BA—1
RENBHRFAER,
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“Write a topic word from the given fact.”
Examples: 9
—
z “pesticides cause pollution” = “pollution harms” w,
“running takes energy” — “marathon running” ——
* f [#1, #4]
[ Input Generation ] [ Input Filter] [Output Generation] [Inpm-Dutput Pair Filter]
#1. “plants require pollination” » "bee pollination” /]
#2. "light” — X b%3
#3. "erosion causes deposition” “1" b4
#4. "tadpole changes into a frog” V] “frog”

SELF-GUIDE $t34EmM{ESHIMEE | BFRIRE: Zhao et al. (2024) "Self-guide: Better task-specific
instruction following via self-synthetic finetuning."

MRERS AIRE: SELF-GUIDEESMES L
IS T REWERERTT, EDRMESP, REUNERE
RETARNEXRF, EEMREST, RABE
ERIAE TH18%, XEHIERDIUER 7% EHER
FHEEGED T ERNERLE,

SELF-GUIDERI BRI A {GE B T 4R B B T U
REEHTTITME, HARKRAIRFNLRIRM THE
B, XMBEZIFBOHNEESN, TESHKRE
BaE. ENMERPAIRSE, HENEIMAEREE
BKERRE, BEFEZNERHIH, AIRREEE
EZERMESPRINE ERHOMEREFIS AL

2.9.2.4 EBMIgHE: AEBRSAITY

HEEH: EXRREMZAGEERANEH
"SMARZ[18], FBHRLEZHAS LTS
AR, EERAREDRAFFRAR[19]09BE
KR, BERENESBIMEEETmEDTPIA
BRHETRE,

EEGRZEHRS, ERASFHENEHOTRE
t, EHRANER T EHHNIIRE. AMFERY

TR HBEALEZRRANERSA, MERIAL
FESHNESHNE, IMEFHNEIRET
2, EREEHRIBHIRENFEMEHRES, R
i, BRI AREEREARNATHLER,
RRAHIL TRREETNARE,

T-HUBIRBRE T =1 RFEHENHARER: B
SEBRACHEERE, EYRFNRABEDR
HEFAN, S ARERMEDEBDRNBHER KX
HiEmMe, HXREEMY"TTAZE" (Meta Homo
Sapiens) THE&ER  EERICRARELREAEARR
S RNHSEURE, REEFAT-HUBEMEAR
%, BEORAFHIBRUAERA. ZHFET
HREHIES.

ERARBZ L, ZIEXATEZER. ZHEN
WK, EARKE, SRARMNPARESRA
FRAKR, T AREERBEDMEEBH I,
FERAOKTE, BEAMEMIIHR[20], ®REFH
. KEERZSNEERANTN,; EIGKNLEER
B, BERANECNEDEARENSESTFES,
EEORAFEREET PR MNA,
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Single-cell and Longitudinal and

Data fusion/integration and

Proteomic principles of

spatial prote i pop 1 pr p
Organs/tissues Time ~
gy o=
4 p— =
\ A =
v B
| {
9 @ =}
Neo ~ =
-~ @ 0 —
Cell types i:i_'=
| =
@® e
Single cell =5 i.
AV T
® s W Proteomic
Proteomic data data

A model in the latent space

ional modelling

Q%

the human body

* Molecular/cellular mechanisms

© Causal relation from a protein
network to a phenotype

L]/ The Meta Homo Sapiens
W
(1) model
| | ™\
g‘w_\‘u « Trajectories of lifetime health

© Development and progression
of complex disease

Spatiotemporal
proteomic data

The n-HuB navigator

* Disease early diagnosis
© Precision therapeutics
* Intelligent healthcare

T-HUBIRBHIRRBER | BHSRIR: He, F., Aebersold, R., Baker, M.S. et al. m-HuB: the proteomic
navigator of the human body. Nature 636, 322-331 (2024)."

MRERONABIIRSARE., £F MR
(2024-2033%) , MERERIA=TRE: 5=
AR EZSENBEENETREE, BUETE
BERAZNERITGEAR, FAHIERERBIZER
SHFNEITIER, XL ALNEEELRER
RS EEFEE RLEG, #HiEFEMRKEETr
EEST:Z

T-HUBIR B MBI MU IMEER Z Bir L,
BARERARES F, HERBAABRZNESR,
BT ERMCBITRREIAMNG, FAERHREIE
PITTEOERBARAFRES., XMIMERIVEX
RILEEBRAFHRNHERE, T-HUBRENEH,
INEE AR RE D RUAIEREROMERXEHT
BE—,
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2.9.3 HRSRE

RA0penAlfICEO Sam AltmanFil il Al &R&E
REFEEBMRNEHREERIILES, EBHAE
BB[21], $RERNAININERENUESH
LLMs"BREER", ALERHEERABHERX, B
TESLPRR A N EIGEE S Bk,

HiIERESREENIAEXEE, SHEIENR
SEEFIER R, ETER. ORIERENK
BB RO RN R P RIAE, BRE
ZABEN[22], WRIGIHFHIERS, ROTRERA
EEREHSIAMNRBE[23], EBHRITFMH (de-
contamination evaluation) MEERE]IFH—
TRE, BTFERBIETRESERNEELHIER
KR, BROERIESRAEATERER[24], EF
TEBYXPER R EFB@ENZI T HR, &2
RIXREIRIZANESGEETHORNS ., BASEED
BHKATR, RESHEERET —LERARETA
BRFARYIRZ[25], B BURGE T E & AR EUE R



NEERERR., BHR[261FRBITUMNIIGETE
SHRIFECR, RRKRECHHETRIELR
T REEMIIGHENREHZXEGERUBLAS
[27].

SR, EENHRERNEN, SREERKEFE
TENLTNEEISNARA RS BIESBHE,

HIERESSHMRA. SHEERRARNE
ETHEETCANSHY BIREENFRA, HEE
GEREERIR, BURAGEHERRIIERSNSH
t, BRISEET. SRNMSRZESNAWE,

HIERERENHHRR, BEASRMER, &
FRERHE T EZEARRUAN B, FERYERSR
HHBREER, SUGHERENEEREITE. B
WHRENZHRIIE,

RROMEBEOMERR, T L2380
SZEVNEIESRE, BEBHChinchilloE® (REME
RS GHENRAERSHE L) O, K
RMRFTERRESMEEMNEN"RE-HE"NEH
H, DERARE M R EIE RS,

BRIEGHENNBHRAR, RMARERLRR
HE, BNERARREEICEN . BREADEBEX
B, MR ERENEN B EMHAIZITRE,

ZRHEMSEMISNEIR, FEMREIERE
WAE XX, RplRELEEALR . BRE
BRHIREN, WAEREHIELZNENBFREER
25RFEA, EH, AnthropicFHRR MER T
X1 MCP (Model Context Protocol) [28] E

+xmons N

ZEHTEE—F,

Bz, RRAERNEIGES I, EBENTFSH
REMTALY, SREIENMIEBRIBIAIK R
MIR, EogMARE T —HNALEEEHIAE
7, BRREERMEENTENAE, EHEZK)
SSMAER X AIZBA A TEREHEE, #H AXMA
MEERE. BAEFHARKIEH,
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2.10 HBEEEITE
2.10.1 BRNE

EISHFHL, DRERE RGN
BAMERBENE, BNCENTNENNESH
K, ERUHEREIGHHREEES RN

- RIREY|I 2SR PRI REREF A ARE B (1],

- HENIGARRE T E R KB KR ETRTI
R BRI BOHERE (2]

- AIEET] R R ERAERE, WAXRET
SRA DTN BIXER[3],

X—EBEERLULZ T BHARREENER,
AR ENBNEXR, G EIOREEREENK
A—HMEBEEE, NSTNTPURIEAINEBARE
SNHEMEE T _ ERNSTHTIK, XA
—UNAEREZRATNARFNETEE, KRT
ERFITERARNAIFIN, REHESHOHEITE
BRAERHZFHKE, f0, LAXE (Mortal
Computation) [4, 5] . ¥*Zit& (Optical Com-
puting) [6, 7JRIEFIE (Quantum Comput-
ing) FHIXER, RULEESN. 2201580
ERTHEEARARLBIES,

RAEELRREESHERBERTES, B>
T ARNERERIRENR, NMEZFRETIHE
ERWBEREARF TIHHERE, i, REHEEH
BRAERMRE LRI TANLREGEESD, NARR
ERAE T RKBRERERZHIXM[4, 5],

HEUER— NNV ERAE, EFAXZER
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BARAKRIHEEINIE, FEFER. SER0
BFITEMEL, XENEERE. NENFTESS
BHEFRFONS, EATER. REBELENRE
HESTEHEET FNNERR, HFHENERN
FUESATERIEN—IRX 0, BRAXE
BARRIHENE, ZREFITEFSERERZN
SRR, FARKNAINBREESHRL
HEAR6],

EFITER—NEGMOITEEL, ETEFN
FHEFE, WENSHNEFUE, RUMBLHERITE
NEBRAWESEFENATLERED, B, EFF
BRERREFITENEUNNNSEDR, GFS
FRERM, EFUZE. BBZE, NSZIMNERA
BMUFTRE[8], FEFIIESATERIRNR
£ RENSHEEHRSTEE, AHOAARBEERX
BN, ERMIEPUTESREREFITESA
TEENES, NAR— MR,

Z"Al for Quantum" B HE, AIBAREEFiHEE
. EFEXGIT. EFUBNEFREEZRST
FREEERFENEA]. 8%, AEFESL
BrRE, sHEANREHES 7T —ET Transformer
ZRIIRE T 2 MK fRED 28 AlphaQubit[10], 1%
BRELESHT,SycamoreE FAE W ESLHIE
B, RMAFTEHMEHHREE, RN, BMEERE
BNSEIRBNBATEFEREBRRAMN], Uk
AT EEENRR TRESRERARN., RTE
FIRFLHE, ATEERFSIAZEFHZFE (Quan-
tum Compilation) &, EF&EBEIEZERN
SEFUERILZ— ISR FNEFEE
BN AEFLREDIHNEFIFIE T RIENTER
WMAEFHFZE, EH, HRARFBERALE D



B 8RR (Diffusion Models) REMEFHEFR
ENEFIIN2]., FABBNEFEEEAE, ABEY
FAEMUBSERTUUFTLOANRESE, BR TS
EFEZEHRNOIINEZTRBESIR (Barren
Plateau) E&&[9],

S—FHE, E"Quantum for A", FARAR
AHMREZEYBZINEFIRA, FEILRDIER
BZEFHURURBEREZEATERBERANEF L
B, AXRBEXRROBREFNEN3], BEHAT
BN LGN BRIERBERTZEREAENITER
RAEYE, —SEHRRERBISZEINIILR&ERR
AZRFARZ#EH A (Quadratic Unconstrain-
ed Binary Optimization, QUBO) [afk, FER%
HEFITEVKBEQUBOMEA[14], E"Quantum
for AI"' PEERFRENEEZEEEFHENSE (Qu-
antum Neural Networks) FIHHL& % (Har-
row-Hassidim-Lloyd Algorithm) , HHLE A2 —
MAFNEt S RAFTHERBNEFEE[S],
HF &M RSGER 2 TIE04 A S HME ZE RN
B, BittEMrRANEFEEER ZHMNEE
1. NFEERENER, HHLEEREBRELERTE
KBNERENZHSMEENEHREEZZS T
R, RREHHLEZEEFNBEZINFENEE S
/&, Scott Aaronsons#fr Y ol gERRBIZEANE R
[16], 8 HEFSHFIEMAFIEL LKA BERHR
BENE, EFHERE (QNN) 2—TS5IAEF
HENFIRSENEER | Abbas, AmiraE AR
REBIBERLEEX—REREL, EFHENBZERT
ZHMENZEFRZEMB17]. AM, EFEHEN
EEEIGIZGPRES/R (Barren Plateau) ia
18], 4, (BA) HEN—REHERENESE
19], "EF BN SEANBFEIREME,

B

B
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RriZiE S SERSRIGIE, AR N UKEFIETER
AR, "BTE A ENORARENNILT
NEME, BRNEFHENEREASETEILH
8, BSEYMESLEPEHTEEWIE,
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TN AREEFRENEFHFHENRS (BF
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1. EETHREEFT, EERIBNBRE
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FHERNEFITEFEEXLH, 180PMEF LS
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NEFHHR[26],
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2.10.2 HERiHERE
2.10.2.1 RAHE

HEFEH: NFHE-FW (Geoffrey Hinton)
RETETEHN"NAGTE"B®R[4], L, &
MESG TN ERLERERBNITEIRERSHRTH
MIEERATHENE, B"REG" TERE B4 mF
7, X5HENRZDTERSFR T HEX L,
Hinton i {E AR E-AlREBENEE (Forward-
Forward, FF) RITNALTE,

N RE"REB" AR ERXEESE, SR
ETEARAE XIS E R TR AREREZ, HR
[51EEL, A%itE (B2E) MAAHE (B2
B) ERNFERLFAEEZEER, HHENTD 5

CPU
@ order of attojoules

A

x NN
g
g

expended energy

SRAM order of picojoules

V'V expended energy
£ AN
g expended energy
= NAND Flash

§
Q
g
§
$

order of microjoules

WERMD, HENFREMPARERENFEZE
FH'HEER", FEUBREERERREUACPU,
MEMZESERP, MAHEEFNLEERER
2 FSEFMEARET, B T3 ERSREPHAE
HIKERERE,

RATEHERE —BEIHZREFOE4EN K
M, HFFEBNMIR. TATSEINE, &
FBESMEREZER, XEUTENENRETIE
HRFESN, HRSOMRTTAEEZLLE, A
MESAIRS T BRRHFBRIF TSN, BETE
RERERIZTIRE,

g

memristor crosshar

r@ﬂﬂﬁ
i)

A
9
e

in-memory biophysical
neural processor (circuit)

AOHE () RAAUE (B) ERAZEELNESR | BRE: Ororbia and Karl (2023).
"Mortal computation: A foundation for biomimetic intelligence."
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2.10.2.2 %%Fit &

FATBEEN—THETEERN, MREHEN BRENTOVELRE, REMERRTFEROE
BTEREREMER, NMTRREBFUHEEZAFN BUBERZEENKBIOR, E8EEBHEHER
BRMY, BEXZHAREANCIFMMRET2RO0E BHTEXFHENEZIH T, ZHEEFash-
XF> (Fully Forward Mode Learning, FFM) ,  ion-MNISTE#EEE LEUS92 5% DR EHER, HMRE
BEEEETAERANRUENTMoMERR, £ SHEEHNERER (96%) BEOIEAROMERSR
BHREZEFHENEZTII TRUEETESSH &k, RIET2XEREZIIGH T,
7], ZHENABCREZERE, BRER
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Computer server — Focusing Imaging
=y e. \

Simullatlionlandi il I:Hj 0 0|§| H = J%CT{?D — ;2 L,

optimization A— > [ >
nR j A — .u ] L, Tf _C
Parameters Free-space and integrated photonics Computing NH physics
; ; . A
Cc l FFM onsite machine learning
i i Bl €
Neural representation =~ —————> Onsite gradient descent % g
= >
» Inputs —g_
Weights a
Gonnes - -
Connections Data field [——» r ry A 4 4 @

— Spatially
-0 — Inputs symmetrical Outputs
w S reciprocity s

y ’ ’
- @) O Error field I f =

I RI Measurements
Data field forward Error field forward Outputs . Gradient . .
—> RI descent -
A R -
S
E Converge
©
g
=2
=)
[T

Spatially symmetrical reciprocity 1 ) e N=1N

Onsite learning iterations

EFENZRFRESETFFM (Full-Forward Mode) BILANSSEI ZBNXEISBER, | BARIE: Xue, Z., Zhou, T, Xu, Z.,
Yu, S., Dai, Q., & Fang, L. (2024). Fully forward mode training for optical neural networks. Nature, 632(8024), 280-286.
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2.10.2.3 EFitH

VIR PRE FRE XFEHMBRIEINAE: (1) MERSEM
BN, (2) SREFSHNERDAFUR (3)

BEFEH: AREBEIIKINBR, BigSAlt MEMHFEWERZIEESD, 2HRE, &Y
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X X & y 29
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information 100 100 \ Y 010 \
Physical world 101 [ 4 y » »
Conventional 011 ! ! '

EFIERIRSEALIRNEZIVERGAERABERNZOER, T¥BOBRTEFIBRBIRNORE, THEIPERTEHAIRH
iz, EREHAXNLERRAR: EFIEERIRFEFREFFRITEREFER, #Eﬁﬁﬂg?maakﬁg?ﬁ'% BRGEIRFEREA
BREFHSHEEHER, MBEFEEXAN AZRMBESSEIMIELRE, | BARIE: Huang, Hsin-Yuan, et al. "Quantum
advantage in learning from experiments." Science 376.6598 (2022): 1182-1186.

S EF AR —IEIRA"EFITEMNEE " NERESH[28],
Google BIAFI BB SEFRABET —58ASyca
EEFEH: 2581, NVELHIRDIERETE  -more NAIREEFIHEN, sEERPEFIEZE
T, 20194, Google Al Quantum BIBAEH T HITHUENINEFLLEF], BeiEiNREENSGE
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EEFLERNEFHURHERLZK, BBYISIT
BIRSZFHOFEARRFR, 1ENature Reviews Phy-
SicSBI—IMAARIZ0]E/R: 2016FE 202258
quant-phZEBIMENAR D, ARFFANE FLLEFH
HEMEFAHR (QV) BEAZE10.5, PAHNA
6, ZEEREFETNISQRENIRENER, JIEF
LR BB, HTBEERUEHEZE TR, BEE
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KROTH, HAREZEFRBEEFLISNERE, &
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Ti9iE, | BRRIE: Ichikawa, T., Hakoshima, H.,
Inui, K., Ito, K., Matsuda, R., Mitarai, K., ..&
Fujii, K. (2024). Current numbers of qubits and their
uses. Nature Reviews Physics, 1-3.
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EEFER: XENRER, EREEFITENI
RS, BNV EFEBX—"2Ha" Kk
ik, EFITEPRERFSIENER, TBRTETF
2458 (Quantum Error Correction, QEC)IX—Fi%,
EFUEBRELNHERERZS MEE FIUE RS
—MEEEFISE. RELMME0FEREL L
AHEEFHUEEHFIRDE, EEXK FTIHXLUE
BEERHRLEFNER, 2024F, 8REKFE
NatureBNIe X ER[32], HEBSS=FAEREWillow
WEI105 MRS, WETHEAR3, 5. 7T09FA
B, SXRABNIBESIEN2E, BEEREWR2.14
+0.0215#0 %, XEFSSNEHOEIRN0.143%
+0.003%, MEBENFLY B, BEEFHRN
HIRFRGEREIBE SR T RSN, FRI
BB, ZIXRABBEATN, HRENMEEEFIIES
HFEOT ML (BBEJSYENRHEETIRA
XR) , HENCEAMDELSR TR,
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Logical error per cycle, £4

v d=3(2023) & d=5(2023)
v d =3 mean ® d=5mean

ed=7
.~ Best physical qubit 105Q
T T T T

s =202
L | A=2142002
1 T 10 T T T
0 50 100 150 200 250 3 5 7

Quantum error correction cycle, t Surface code distance, d

REBBEEJ=3EHEIBIE]=5, FEERERRE 215 &, RESB
BEBEEd=512FHEMBEEd=7, mIBEIRRME 212 5. | BAKRR:
Google Quantum Al and Collaborators. Quantum error
correction below the surface code threshold. Nature (2024).
https://doi.org/10.1038/s41586-024-08449-y
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RIgH[33], WREAShorfIE EHEERSA-2048
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20008 EFHED, RB0.064%HEF LA
Fit8&, FTH99.936%MBEATFTUEN TR,

ETHIRER

EEFEH: NKRE, ETHUERREERA
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MRIEE AT, XESEFHEIZER (Quantum
Error Mitigation, QEM) [341#% ZHHRNRE, 3L
PEFEEERANETHBEEROSTREIMNE

(Zero-noise Extrapolation, ZNE) . HISRMEIR
jEBR (Probabilistic Error Cancellation, PEC) .

EHIREMR (Measurement error mitigation) .

PiERFEFIHE
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tt, RIEDiVincenzo¥E, DHEFEFITEES
NMEE FRITHBARME,

1 RN dMEFEFITEREREREN
RF, SRPELIHT ZX6100M R FHIEES
[21];

2 MTFEE: MEFARMEFEIEAZI12.6
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3EFIIEE: BYBREEER, PHRFHE
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BHESREENEF], S, HARETLUEI
8 (optical tweezers) BEEFETISLIIEESEE
FHASZBRITHRE, XAEFHEBENRFRIHEME
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FhE, YEFEE, BIHE (optical tweezers) ##=87Rb/R

¥, | BF3RiE: Bluvstein, D., Evered, S.J., Geim, A.

A., Li, S.H., Zhou, H., Manovitz, T, ..&Lukin, M.

D. (2024). Logical quantum processor based on reconfigu-
rable atom arrays. Nature, 626(7997), 58-65.
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