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B LogSignature B LogSignature

File Options Help File Options Help
The log signature is The log signature is
{6(1) 237(2) 42231.5([1,2]) {8(1) 198(2) 28350.5([1,2]))
3,49451e+006([1,[1,2]]) 2,07319e+006([1,[1,21])
220411([2,[1,2]]) -120281([2,[1,2]])
1.94776e+008([1,[1,[1,2)))) 1.04383e+008([1,[1,[1,2)]])
-2.06456e +006([2,[1,[1,2]]]) -1.79431e+007([2,[1,[1,2]]])
2.38641e+007([2,[2,[1,2]]]) -841297([2,[2,[1,2]11)
8.29154e+009([1,[1,[1, 4.04996e-+009([1,[1,[1,
[1,2]1]]) -1.5394e+009([2, [1, [1,2]1]]) -1.4206e+009([2,[1,
[L[1,2]]]]) 1.8736e+009([2, [L[1,211D)
[2,[1,[1,2]11]) -2.11633e+008([2,[2,[1,
5.8991e+008([2,[2,[2, [1,2)11]) 1.20087e+008([2,[2,
[1,2111)) [2,01,2111)
-3.26378e+009([[1,2],[1, -1.29164e+009([[1,2],[1,
[1,2]1]) 3.86898e+009([[1,2], [1.21])
[2,[1,2]ID } -1.83905e+008([[1,2],[2,
[L2m3

4 WMAEHES LTS 3 T

WD “3" MAEZH, AEEENIREREILMNRE, ENEILHREE AN SMEE R L ENENL
ENTEER, MERNASEZRIRNE, ZBE—MEERN. T2FRNBEERRNAN, EREME
— M SRS —ERHEe THREER DUBREMSDE—8, N, ZXMAVEERBTREFS. BIFR
MEHM TR,

EFFECT OF PATH SIGNATURE (PERCENT)

Path signatures CR AR Chinese ~ Symbol Digit  Letter
Sig0 90.18  89.24 91.64 80.21 81.18 4794
Sigl 91.80 91.02 93.14 84.03 7796  58.35
Sig2 9225 91.57 93.50 83.80 84.63  54.24
Sig3 9235 9170 93.57 84.37 82.88  59.81
Sig0 92.59 91.86 93.91 83.22 86.16  78.61
Sigl 94.03  93.37 95.20 86.21 86.68 81.15
Sig2 94.37  93.82 95.44 86.62 90.15 81.28
Sig3 94.52  93.99 95.62 87.00 88.30 8249

!'The right columns list the CRs for different character types.
2 Upper: Dataset-ICDAR; Lower: Dataset-CASIA.
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B4 30-75 AEIER, ENATERRERXNEE, SRNENEBNEEZL,
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Actlo N recogn |t| on To assign action label to video clip

Pose
Estimation

Action Recognition \”Clappmg / Action Recognition

from RGB data from landmark data
.: 'V\}’ zzi\{\g\ '.. '..
DataSug

}_—.___m,‘

& 7: #53E RGB B AR EUEHTINEIR S

o/e



GOLF

GT: Golf

Top 1: Golf. cs: 0.837

Top 2: Shoot ball, cs: 0.027
Top 3: Catch, cs: 0.019
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8 MENEIRA!, EfRE—T#=EPHIREIFIRG, BRENHEZMIRAENME, ERAREE 16 4T,

EE—1 30 4#rV=(E), HlEFALARAIX 156 2 fEEM—1 3 EZEPAINIE, XFF A UAXSHHREENR
HATOH, ERNEESRIFANRAIALNEE, U A “BEER" SEMSENBRENEER.

Experimental results

SBU Interaction Privacy
Dataset (Kinect 3D)

Method Accuracy (%) #classes: 21

Yun et al,, [32] 80.3 fisamples: 300

Jietal, [76] 86.9

CHARM [77] $3.9

HBRNN [19] (reported by [18])  80.4 T

[76] Y. Ii, et al. “Interactive body part contrast mining for human interaction
Deep LSTM (l‘eporled by [ 18]) 86‘0 recognition,” In ICMEW, pp. 1-6, 2014.

[77] W. Li, et al. “Category-blind human action recognition: a practical recognition

system,” In ICCV, pp. 4444-4452, 2015.

Co-occurrence LSTM [ 1 8] 90.4 [18] W. Zhu, et al. “Co-occurrence feature learning for skeleton based action
recognition using regularized deep LSTM networks,” In AAAI, vol. 2, 2016.
STA-LSTM [78] 91.5 [19] Y. Du, et al. “Hierarchical recurrent neural network for skeleton based action

recognition,” In CVPR, pp. 1110-1118, 2015.
[78] S. Song, et al. “An end-to-end spatio-temporal attention model for human action
ST-LSTM-Trust Gate [22][23] 0933 recognition from skeleton data,” In AAAL, vol. 1, no. 2, p. 7, 2017.

[23] 1. Liu, et al. "Skeleton-based action recognition using spatio-temporal lstm

network with trust gates,” IEEE TPAMI, 2017.
‘ T '\}’ SkeletonNet [79] 93.5 [79] Q. Ke, et al. “SkeletonNet: mining deep part features for 3-D action recognition,”
Dataslg IEEE Signal Processing Letters, vol. 24, no. 6, pp. 731-735, 2017.
Path Signa[ul‘e (OU.I‘S) 96.8 [Ours] W. Yang, T. Lyons, H. Ni, C. Schmid, L. Jin, “Leveraging the Path Signature for

Skeleton-based Human Action Recognition,” arXiv preprint arXiv:1707.03993, 2017.
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Toxicity

Ne~S\_-s
2 \(;\I_E/ ?E}‘NOE — Bioactivity

Solubility

Virtual Screening De-Novo Design

2 EUTHES EMAYIRIT

DFRENTHZ., HRHRIT. CFIEOMWAZRRHZIEBLEN, EEEISRK, BRZEND FRMN
MWEHZRIENE, FARARATSEME LMD FHIT AL, MNMEBECIINER, KEREREERN
ERRAMEMSELRND F. BMERXE, HBRERZEPRIE/NO—ED

%Z HBEIIRBANNGFZIER, NPINEFEERNDF, MARE BTN S HI9ERE?
BIER. BF, WETFIMEDNMMEEL: (1) EEUGE, SESMEFNDF, AEMBERTNL
BLSHESALZEMIFTEND T (2) 2FZIT (de-novo design) . XE—Hf 2R | RERKNEBAE
8D F AR, m&m%ahﬂ ERXEDF 2O, DEFERZEEREE, MURNERED F25 B
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BANA—THNEAEMNFRRA, HEW—MEZR THalicing BIAER. BXMREKRKREEFRINREY
FARET (Cell) £, MO FHHNZLET: BRI ASMMNERLHYTEMBMRRES | ZHH
E, BESIENE, SMISHRND FEE—TEMEMIERIH.

We are in the midst of an antibiotic discovery void

Each year, antibiotic-resistant

1983 Shycopeplides, Mirdimidonoles, Sireplogromins «f [ 1955 Cycloserne, Movoblocin bacteria and fungl cause at
1952 Macriicles 4 - 1957 Ritceripcing baait an sstimiabads
1950: Fleuramuting = 1980 Timiettopim
1948 Cepholosporing - = iT62: Guinclones. Lncosarmides, Fusidic add 2 858 700
1947 Polymysins, Phanicok «f B 194F Fostomyain y ]
1944: Mircturons B 171 Mupiocin infections

B 19 Carbapenens
= 1978 Cworelidinareas 35,9“ deaths

B 197%: Moraboctams

B 1787 Lpopeptides

1945: Tevocyclines -
1743 Amneghyeasides, Bocirecin {lopicall
VR Sulloramides
1¥28: Pariclins -

' 920 puas 1930 es 1940 Sepy 1950 Sgs 1940 Sy 1970 Sygy 1980 gy 1990 S8 2000 S5 2010

- DISCOVERY VOID
natural product mining v

small molecule screening

ReAdt Group, 2015; COC, 2019
41 MERLUARHSE
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Chemical landscape
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HAVBENSZZ IO ATHITY FiviE, WEMREDF, REBE—SMHAENININR, XA AKX
REAETRAORA ., FIZNFE Halicin BRI, BANEER 7 RMMER, I4E, REELREPXIEEITIEAR)
P o

+ Task: Predict whether molecule inhibits E.Coli growth

* Training data: 2.5K screened molecules (FDA drugs,
natural products, antibiotics)

BEME, BNERESTEMIIGEIEN A NMRNEBRES ARG, T ENA TR PRGN HEE
MNARNETEN. HNETEMZ AR FROMEE, BEMD FS5ZERNE—E, B IFHAE
AR, B, MRFLAERREES 2,500 Mo FROIGEIES, MFZIEE 2,500 MR, 2l ENAE
MWD ¥, REEERFSIEFNILRER.
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I I

1.0757 1.0382 0.9794
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1.0261 0.0469
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=L, BNREH—TRRD FEMN_ERE, UR—TRRZDFXERRRERIIERANERE.

Training

s 't
i 4]
(? Y \.'_.?', 1 )
T

8: FIHFIBRIFERBIIF]
BTR, ARG SFEIRE, EAED FREENNERT, D FX3TRERENAEEE. 3]

ERAENSESEATIIIG, ZESES, FIEN, MREESEINEFERRE (1 KXBIEER, O
RERRBNEER) . SBNEIIZGFRIREM NP0 7, BRI MINEEREEEEZ K,

Halicin displays efficacy in murine models of infection

10" 10°
10° g as 10° o
—_—at * L] -
" 107] e L
10" =K e .

2 ., RS B L as W *
E 1 Byl o are v 5% o,
5 - s W .

10 . 1o veticie LI L
e maidarale S0 makig) -

10 107 haticin (15 mgiig) .

10
walbics Falicin M 48 72 ] 120 144
{0.5% DMS0) {0.5% wiv) T afler infection fhours)
A. baumannii skin infection model C. difficile gut infection model
Topical halicin administration Oral halicin administration

EM-R NT
ACINETOBACTER CLOSTRIDIOIDES DIFFICILE

.

— - '] n
CDC, 2019
ercnidazols
o '\‘_: IEered
DM AN infagt ——
—r— T T 2
T 48 24 ohrs 1] 144
amgiciin . aificie treamment
200 mi'm niecson vy 24 s
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0PI, FAVPTHITAOREENTRIETE, FOELCHD FLiaTHANNERE, HERERFHEND F,
BEALREFNNNS EMNKXES ¥, LWRERIER, FOAERI NS FXIFM B =i el 895
RIEBRIFOIEER.

FUMARREZRFTN, XEERAIABMRIVESHERRSOFL, Ba, BN ZWEERERMEREN
AFEUER—IRTFEF? RN, ATEEE (A) RKauEeaExsh Dk ?

Q
aqueous solubility
5 ~ learned . .
O [rl meltmg -pomt
toxicity
= etc.

molecular fingerprint
(calculated local properties)

10 BEEMNALD FRIE

& 1970 £, MM UAEXZIINBATEER AR, LED FR_HE, HNNEHEEFRNESR
JFAME —TFEDER, HMARIZFERERTRNINGEZESIES? 9 FHEL (molecular fingerprint)
EXLMERERNEEATEZ — BE—TDFHNZHE, BB TERPA—THILIOE, HENS—4#
SRR —MISENNZEFES B, ).

B4, BANRMDRENZEREFNFLEN? PLEFEMEMEERNR? XN, BINMFREA—LELFZNEW
iR, MEDFHPEMEERNFEN. REA, X2 +0EEN, EN, AHENZEBAENSEME GIN, &
M. B R, RNFBREBABDNFEMNES, MBXSEERSIIRZETHHEN,

Graph Convolution
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RRZEMN— M ERE GEEMNDF, EREENEZIED FH_HEERES—TOES, MAE

@%HEWAIWﬁW%& ﬁﬂ?%ﬁ%i&%ﬂ%ﬁﬂ ?%EE MR —EE, HATRIELE
TR IESRE, B0 FANZIBIARNEES. EEMNS—THERNBENRE, HNMKTAIRERELE, &
MNIEMARE—T LT NE X EEHRNAAKODXLELITNEX, REFEEEMEEEHTN. &S
EAVEHRSP, FANEETLFRARBIFMANN BUERXERITNAT ., £XE, BIPETAARER—TEF
KD FRIINSERDART

HMNNRER, SEDFN_HE, B(TEERRII—TSH=HP, SMS4HZEFEMAE EHRN/LEMEER
(WﬁﬁﬁM%m%ﬁ&ﬁﬁ%ﬁ?Eﬁ?@¢ﬁ%ﬁﬁ,ﬁﬁﬁ%ﬂ%@%z?Z@%ﬁ%M%ﬂh

Property value distance

Molecule embedding distance

B’mEZ, BRIRD FERAZEPHESAARLEES M2 BEE. MARET, WTED FHRE
RMENTZEH, (£ ERFEREMIL,



* Architecture: hybrid of learned and fixed descriptors

L YV ™
| Property
KNS % &

¢ Experiments: 850 experiments, 35 datasets, 6 baselines
Chemprop achieves top performance on 28 datasets

Analyzing Learned Molecular Representations for Property Prediction

Kevin Yang*, Kyle Swanscn, Wengong Jin, Connor Coley, Philipp Eiden, Hua Gao, Angel Guzman-Perez, Timothy Hopper,
Brian Kellev, Miriam Mathea. Andrew Palmer, Volker Settels, Tommi Jaakkola. Klavs Jensen and Reaina Barzilay

ol

13: AFFAY Chemprop R4

FAWET —12R TChemprops NARLE, ERHIDTUWNRFZHENIEX ZEH, BRIESZEAINUAFIR
B, &5, HMURE T—KAN TAnalyzing Learned Molecular Representations for Property Prediction]
BX, HNHFRREXEIRNER, RRXMNZINS FRUEERTALRITNS FHEN. X2EHN, B
TMASIEBEBECH D FEY, BLENMERAXLEIENIFERLNNIATUMISELF, EXHTEH, Kevin Yang
# Kyle Swanson #1777 850 R4, HANRAFE IR D FREEMAE ERIMSEF, BN IMER—#
RENEEN, ERMERFIENRLEN D FEN LEIERNNEESE D) . Eint, EREHR A, FiE
KEMPBIAASIE Arxiv AR T ENIRIFAOFRIL] TMulti-View Graph Neural Networks for Molecular
Property Prediction), BB EHEMERNZMENS T BIFIMEEE.

Generalization

Mechanism Understanding Uncertainty Estimation

141 2 FH TN AR USRI TT L E E) R
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BRI REMERWREEERABREIERN, BEEERNEHRT, HEESHNEZAE T —LEF
MREE, BREMMRCXEREREERHBALE. B, BITEITIERIRESD (Representation
Capacity) , REZHESLIR LRI T D FHN—EER, MSREMRARERERENEIERTRAE, B2

XEEEERNBIES EE?

R
5

—. I8N

\_, Atom Degree InRing Aromatic
Atom f r
to eature C 1 FALSE FALSE

16: EERMIAL
IFNEENR AR ANEERESIRRA, LR EMAALEREBT USSR S TEREERNEE,
B%, BB FOAN—MRFHNEAES, AEBSTRFRIN—THE, ZOEFZITEE LNEZEEN,
EMNDAERRRFRE, B, BEEENEMH, FF5. NIRRT RFHITRERENITEFRIN.,

New atom e00)
vector T

Neural Net

Atom v

000

Neighboring atoms
B 16: BEMEERE
ETR, EEERNES, RNEERTEEITHEESE ( message passing) . AERENRFREDBET RH

mE, BMNIEZINEMEENNERELEEER, MMAEERNKELNMNER. £ 1 BBERRTIMER
ZEMtfE, BNAMAEZRFAFNER, BERTMASHEETINTRNGES. MRBAILENTIXM
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HERE, HTAMENRTHRENENRER, £ 2 ¥ 3 MEEFZR ZANERHREBA LT R.
FIZIRRERN, FANRFHSREEFRBHNARESREESHHIL,

8oy e |
ki“ﬂ --’»aﬂ ms) Toxic?
Simplistic Compression
4 4
[
Xa x *
4

Different sets with the same sum
B 17: SHBEDFET
EXE, BBNESRET., SVETFHEEESNIAE, EATESRE, BINMEFBXLEEFHE
EBEIDFHRIE? BBNE, EAGT, BNEERSXEEFHRMEEN, HEEERD FHRT, XN

BRELEN, ARABMNDIAMEMLAZSETRFIOER. BEEE, JMBSHAERENG? WE 17 T
BFR, ZPEFRANBLERAESSRBMAEBNMN, XBZ2AET, SBNEKEHTEMI T L

g, BSmAERSNER.
H D
|g_} c oo mm) @ m) TOXIC?

“Optimal Transport Graph Neural
Networks for Molecular Representations”

B 18: EFHIEERRERE
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fRIRZID BN —M AR

EREFENAARREGE T TRIESR

o L, FRETE

FEA3RRTLA NeurlPS B9

16X TOptimal Trasport Graph Neural Networks for Molecular Representationy (https://arxiv.org/

pdf/2006.04804.pdf)

Prototype 1

Prototype 4
g &

g 8

BE—RIEZNE,

dy .-

B — s AE S A R END

eD(e

BANLEFER—FEA TWasserstein [RE AR

| @'"/“\H,

19: Wasserstein [REY

ZZ B P AR RIEAMMERE, NE2ER,
TEMOF LFRL, XMREFIMNRRERFEIFNESR).
—ARFEMN) B, RANERTBIEZD

EEETRIER.

Prototype 2

g
B

(o000

D~

v el
J

Molecu.le atom
embeddings

g

g 8
N

@ = o

BMREBAR—HRTF, X—
SEANERNERMA—THND F (FFH
»FEMMRENER, FHERN—THE,
FEH,

AR F IR

XA, HAIMA



Molecule embedding distance vs

Molecule embedding vs property value property value distance

PSS

Graph Convolution
Spearman p = .424+.029
Pearson r = .393+.049 o

-z

24

|4 Label|

-4 4

-6 4

=2.5 0.0 2.5 5.0 7.5 w00 125

Wasserstein Prototypes

Spearman p = .815+.026
Pearsonr = .828+.020 01

1
w
&>
la Label|

-4 4 * -12
i 07

=125 -10.0 =75 =50 =25 00 25 .

20 BSLRREESTEPERANRIIAER

20 ER T HATBEZ BHRORNRTE 2 £=EFER, FAENAENERAENYE. WIS,
BMNFEZEAETEEEWTN/VEAMER: HENXEREEIINEMENE, EERINXERAZBRAN
BENE. FENEET Wasserstein REMZAEETE, HIILRI, MELAIATH, AREENEGE
ZISMMRZEBITBENEZES, MAEBIPENESERNEN, BMNLMERBEED, HHOERREIFTE
HhEREE,

\N 0] Structural motifs \

Molecular N

graph @ o

|

N
Motif graph  @—o—@—o—@— @ —0——0
21: EAIAIERIE (motif)

Wengong Jin B9TfF MEMARIRMA) h5ZEREX, S—RaBINERER T 78, HIREE
HER—KE, MAXEREI—TOFN, MNSKI—EFED, XMFLERNENE—1HEIET FEH

D e



NEFH, BN LEFRNASEREBFERXNER, REPTHRNERIFNEE. B, ©
FRUFGRLEFEN (EE) BEEORD FROREMER,

4
Motif Layer
(o))
S achment £
(@) Layer 4 o
: ey
i Hierarchical /@ * . &
w Message Passing / @ - "
rﬁ{ ::f ::; H \I/
Atom Layer ¢ O\! _ #S\ /(N)
. e @py
N I B
y A

- [Jin et al. 2020]

22: HRMEIEREZRL

£ Wengong Jin S&fT/& KRR ICML iEXH, RS TR ERIE, MMEIEXEREER, HEMIIES
gk, XISl LARE RIRAIRIL.

ESOL RMSE
1.2 GNN with basic atom features

1.025
GNN with rich substructure features

0.85

0.675 Hier_GNN with basic features

05
MPNN Hier-MPNN

23: BIRLIfIELInER
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IRERKE, NRRCHOANEITIIMMEIEE T EER, AINTISCRAMRANMEE. B, ERADF @
REY) BESTHEE. AL, EHNFEFUERS FENBEARNZ TOEEDN., EXTEH, —MER
ARNEEE HOINZAETRIE=HN DS FRA? BADFLREFET =SB, SRMNSEERRM
i, MNSR2INABNFRSIN=Z4ER. BREHMAN, BB IERA, BE=4HES8HENER
HRAVRYIERE., BA NN TR BB ZEN, ERNDAFTETSNEAEBRHIAMZ—E.

=. 2t
EZTE, BIPETES—RANEREDR 2.

Training

Testing

24 {WE=EPANZHMEEE

BEBESHIHITUWHARR, SHERPBALEEDMRIIUEN, HE EAo)IZ4E. WiFsk. WL
&1 XTEEEL T, REZZAEBRESLIEIENERN, BEF—MENEND NIIEE. RIE.
MieE, REBRSBREFNER., AM, HHTWHIAROHHIFZXHFNEE, MITBREMEOE, F—8E
PeXll 3 R —LE scaffolds (HERBIKHEREFT!), scaffold RIFLEDFRIBER, BAIEARNIXEIESIIZENE
MZEARK., XERP, WML TEMAKRNENTHFEL T EMoF, MBI £0EN, 01855
ANZEEEFNS—TEDEREMFA?

24 BT RTRAERRINBIEFTANER, EREEEDE Wengong FaIlENBTIIHEEAEIE.
MBNHLBNEFFOERNBTRENTHEEE. WHBENNIGLEIENERIFEAR, MAMLLES I
SEIERIERMRA, REMSTEMAMRE. MAECFEIE, EBEREZERNE—TED L%, ™
ER—1ED LN, WTREFRZIFEEEN, FEHIIIEEZ A MERNERERS.
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e —— " Training set 1: scaffolds contain only
i, % tworings
E._, \@("J\Cm d o

Training set 2: scaffold is cyclohexane

25: 7t scaffold Z [ #1121t

Wengong Jin 7EAEIFETIESC TDomain Extrapolation via Regret Minimization) iR E@ERY B TR ME/N
ft.1 (invariance minimization) #EZ2RLIX—BiR. XM LENTEBRE, BEEEZBI IR ANENIMETE
IR LIz, XUERBERTETABENE scaffold 9 F. MRAIIAR, BITEBIEMAIEEMIIGED
BT E2NTFE, ERSNTFESHEFETH scaffold ZRMBAR, 2B 25 Fir, Y& 1 1 scaffold 11X
BEMTIA, Mg 2 F19 scaffold MZIF S k.

Fingerprints
e ~ Estimated without Ek

>
o —
- Perform nearly

as well
TS
o

Estimated on Ek

(XX
[CX D))

[ XX
eee)

(X X H
@ew |

Estimated on Ek

26 BEfREIVEEIENSLI

TH, BIIBNMBER&E/NMEE Regret Minimization) EEHER, &%, BINIGEMHER, ESFEY
BTN D FRIE. FNTEEWRR, ENMERINZE 2 (oracle domain) BIIER FRIERTIZE 2 BTl
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ZHARENERER S, BEDERME/IME, EARREHRD, BATRRIMIEXPIFEEEN—BD, EXTEHD
B, ftBE T WA AENEIESE. BX, EHFSUEH, scaffold H— ML, EULXMIER T —D
ARMEE, Wengong Jin %I T —MIFBEISPHNSI, LI TN TZ@IMHINEREN,

» Various screens related to COVID-19 — very heterogenous

Train (SARS-CoV-1) Valid (SARS-CoV-2) [l Test (SARS-CoV-2)
] 0 » N Q\S‘:NH:, H Q
Noo i NS < LU > - B o R

/
‘0 + .0 Sy
N P N
- HNS Y )
0 N
o Yj\ \(2;::
o Y

s{/s ) F N HlN(;;{? Q\SE’ HEN(}SJS) L o W o
PubChem AID1706 Diamond Light Source [1Peon et al., [2]

-[1] Diamond Light Source. Sars-cov-2 main protease structure and xchem fragment screen. 2020.
[2] Jeon, et al. Identification of antiviral drug candidates against sars-cov-2 from FDA-approved drugs. bioRxiv,
2020.

27: ERFEEUE (COVID-19) ERUEIREXIS

FE 27 F1, BARARER T EMEERES R FESHNIRANMEE, FEETD FRREBIUESEY DM
TRFZA M EE EERKNER NFEENDS FRENTF 400, BIFESFHRENT 400 F 500 Z[8, M
HEND FREAT 500), LWERKR, RAAIRLAINGS ARG EE MR .

0.7 0654  « Train on SARS-CoV-1
data (pubchem AID1706)
).525
0.35 » Test on SARS-CoV-2
antiviral activity data
1175 (Jeon et al., 2020)
0

ERM CDAN  CrossGrad ows * AUROC (5-fold average)

Domain Extrapolation via Regret Minimization, Jin, et al., 2020

28: TR SHIES LASEINER.

i EFEFT S EUE L #4177, R Cov-1 BIEFERIIZGE, B Cov-2 BEFERNIE, BSTIFEEE
AOTERERRTT



100

=HE" - IAEZ-
EREDENeE=S
B="NEN =T
Ea '-’ m
Em TR A W
HE Ial 1KY &
EE Egg 9 8
B o o s v IO D e T
B el R e

=]
(4]

Test set accuracy
(%))
o

W RE=ESES0

[Ne]
[$)]

CIFAR-10 dataset

# classes: 10
# img per class: 5000 0

50,000 100
training data training data

29 1EAT BRI T AR

TH, BFEEMMEEEBEBBR—TENRZENEE, BATNIAMNELRETH XX R R
HE, MEFSAEMMANIEE T . WE 29 ik, AHENARESE, SAFANIGEEN, FIGLIEER
BT,

Dog
Training

i ' Cat

Bird

Lion

ImageNet dataset:
1.2M labeled images

30: BIFNGHITHIAN

FEIFENMAR CV) MBERBESMIET NLP), HMNEESREFNNGRA, L, HNRATREENKR

e



BEIRSENERATINNG, ARG AR AR T RAEBH T ES.

[store] [gallon]

an'an'an'an'an'an 'an 'an e 'an'an

neural model (BERT)
.00 . 0. 0. 0.0 0.0 .. .

S S I S R I
i went to the [mask] to buy a [mask] of milk

Linguistic acceptability
GLUE benchmark Sentiment analysis
Paraphrase detection
Natural language inference
Question answering
Coreference resolution

11 tasks for natural language understanding
100

87.5

75

Score

62.5

50
No Pretraining Human Pretraining

31: NLP A9F)I1%%

WZEEOTHELERTE 31 FRl NLP UG REE. £E 31 F, ARARER 11 MES
AT TR, SLRERKE, BRTEENNEEE, ERXREHREHTINFHREIE TEBE 20% NEX
MBERTT.

Substructure
(I

/ -
GNN

GNN-
) GNN @ (,cntcr node -

= Context anchor nodes
{C,N, 0,5, ...}

X = Masked node
32: B8 NLP U P HFI iARIE R B 2 U T A8
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IAF XA IR0 B P AR B S EBIN 20U (CE2QEFELRH 2D F), BITATUNERBEER
ESAEIUIANERE . FIZ0, £ NLP USRI G+ FRaY B18 ] DASREE A A AU R TN 2 F R F R E
PBE. A, BENE, XFMTEITNE. BMEEAFRMITBETINEIRSE TREHMNEERA, BX
IRARIEANE NLP §1 CV MFEFINIHE. RE MIT WEAIFESHMIINX—B1, BRESTHHE
M, FNEABREZERNRRE. AW, ZIUNARY TRSHENNARERANEEN,

M. FHEMMET

—e
Eiatiatiad
Eaanalieludl
-—

./ \'
. Molecule of Interest

-/.\'

(Option 1) Hardcoded Features
Use Ch Molecule L

& Chemical Structure

(Option 2) Embedded Features
Use Learn s

ed Model
[ . .
f . ’ Varled Predictions  *
/.\ 1 . N .\ High Uncertainty 7
Y ‘- | AN
Tizining Set Molecul Lo Molecule 2
Compute Feature Vectors Compute Distance {Uncertainty) | *

N Predicted Me:
. f. !.
D e — —_— — [—
N Pa
e e o o
N Input Layer Hidden Layers Predicted Variances Predicted Gaussian . M Input Layer Hidden Layers

Exposed Neural Network
(Transforms into Embedded Space)

Union-Based

THE, TERENE—TSHAIAIFEEROEMRER: FAHEMMET. X—E8E NLP H CV JugiiR > H
M, AMAENHNAZIEE R OIZEB, RIFFREIRIT Halicin EIRRPEN—RAFMENELR, TRt
F—REE, REBEEERBMIOCEMIEABAGITIZRE, ME, HHLETXEASHHHN—1F
&, RENNFEFOHLESWELERE, BTMENNEER WXy FHRFERANTET, HFE
BREZANZBIMLE S F, URHNEBESZARRE LBEEERENER. T=0NE, EREATNZE
ABRRRHAN . XL, AFTOFNMRBNELERTHTEART AEBNIRE, EARNBEMES T
FNERNEEREDME. fIa0, FHNTAHTENED F 54D FEERHYZEMERIBAIIT B R ERA
FEPFREEE. Lo, BADEADERAERFINGE, EEFRNRESINTNERES—N, ©F L&
3%, FIAERHIOUESZE.
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B Top 100%

0.7- B Top 10%
n Top 5%

06~

0.5~

0.4~

0.3~

0.2-

0.1~

0- ] 0 0

Delaney lipo CLogP

RMSE

34: AHEMETT—RREZEA?

£ 18 X TUncertainty Quantification in Molecular Property Prediction using Message Passing Networks |
B, BNEZMEEE ERBTEMAE, TRERIEAIFERNER. WE 34 Fix, REE/)ELF, 7E Delaney
WiEE L, A8NEoARER 100% WEERFIINIRE, MEE. KENEDIRARAIEL RN FER
BROBIRE, RRE—MIFBFMIER. A, FEHES Lipo £, BREATERIRT, SHIERERE
Emxml—EHuRlge, BEMYERM TET., £ NeurlPS £, BTESERIEFTUNNGR GITHH RS
). FiIAR, ARZHET, BFBHTHEEENEESH. BNIWTRT—MIIONRFEIRE, ERER
BIEEN A ELTON

A, HHERE
0+, FIRRRRMEAE NLP A1 CV S ZIFE XARIED. BE, SBNERUBRMEN, 2e=ERHEE
(Glan, EF#E) R2MEE EF) NEs. EXE, HEIZ M2 ENAXEZT@EREN,

OH

1.0757 1.0382 0.9794

OH

1.0261 0.0469

35: YIGEIEREE
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MNTFHRAEAZ BT ENMZERFKR, RRGEED FEWNEN—THF, MATEXLELEZELRT
Hry, BMNBBRZIMAIZEXR,

HN(\:]@HE)LDH

Ciprofloxacin

ATP Biosynthesis
e Transport
Bedaquiline

Cell Envelope
Beta-lactams
----- | Vancomycin
Polymyxins
Daptomycin
DNA
eplication
Quinolones ¥
Aminocoumarins

505 Ribosome
Macrolides
Chloramphenicol
Oxazolidinones.

Transcription
Rifampicin

8/ 30S Ribosome

Tetracyclines

Aminoghycosdes  Ghloramphenicol

Aminocyclitols

OH OH
cl
N cl
36: IBAEE FRINLE],
EBRXIrtL, XEERE—ENHN, WTRELEEESHENYR, £MERSIEERNGIMLIFMAERE,
AFTHBAIERT (Cell) LRI REFR, BMERMNELRETHF, TENRZR(ITERE TIEFE KON
(B XA F RSB R RAIALEL
Ciprofloxacin Chloramphenicol
F OH OH
OH
| m cl
(\N N O HNjH\cn

Ny A 2 I

Graph Convolutional Graph Convolutional
Network Network

Organism: bacteria Organism: bacteria

Class: protein Class: RNA

Biological process: GO:0006265 Biological process: GO:0006412
Target: DNA gyrase Target: 50S ribosome subunit

37: ARWESABR
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HMNABERNMERIRITEMERBEION D FEE, TEEBLAEERNECIHEER, BRETHESSEA
EXHEHIT TR, EERMBEXTERT ERISHIUSSEHTRE.

7N BRI

s Toxicity
HzN\< TS@NO — Bioactivity
N 2

Solubility

N_

Virtual Screening De-Novo Design

BTk, HBBREINICEHAYIRT (de-novo design) , ERIXH, HNRIRELME 7 EMEENDSF, &K
MNARABENPRELE —EFEERND F. B2, MRFANVBRIRT—MMRRELIINFHD FELE?
AERE, HMNAUERAN -2 FEWNANE—E, SERFRMIEND F, HINNHATLE, BIFELE
—MEBEFIEERTD T,

» Molecular design as a machine learning problem

(a) (b)

SMILES imput u

ENCODER wieinwieine
MNeural Metwork
CONTINUDUS v :
MOLECULAR Ly
REPRESENTATION fiz)
(Latent Space) -

e

DECODER
Meural Metwork

SMILES output i

PROPERTY
PREDICTION

e37e



AXE, FEBRAARNTBEARBANEGEAROITENRZRABENBERLEMT 4. Gomez—Bombarelli
FEAT 2018 FRFMWIEXME T —LEFHTENARIAFHNBE. A — M0 F, BREERNEWUESE,
BNERBERRE—NEETEF, BOBE MENEBTMRMN, ARSI —TEFNSF. BXFE, R
EMIIRE—MRENZRIAMHREZEAMOA, B2 ERFTENIRHARNTF. XBAMTAE? SUHNZTEIXE
MEEEnE?

40: ELERRIE

RXERNZIENEBEEZBHNTE, EDFHRANEFSE (contour) BEBRANBERS. B4, WK
ZAIERMARE TR S 0= 8] R R ER L SR BB I

Molecule Junction tree
F<)‘”

Cluster label N N 0]

Vocabulary (97 @ @ > O K/N Il & s || | |

41 BREEN

BEMBR T2 EENBRRLIX—Bn, fla, FOTUER—MERENNANHTRID, ESMHITE
IR IRIS =B PRI .
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—_— _—
—_— —
- —

Molecules with Properties Molecular Pairs

O o]
/©)ka O NH
N — N N
—Q o ! Ef@

Source Molecule (QED=0.784) QED=0.924

Learn Direct Mapplng

70

420 MABDFXHHITES]

FMEERR T LSRR, ZEEMNE-TRANRER, FIMHERD F. XM ARRZ
WR, SERZMS HIER,

j’ Encode BE Decode |
L

g Wy bl @O0y ¥ Target

Source X i _,k
0

» The training set consists of (source, target) molecular pairs

o o
Sy NH ~ NH
© -~ GO
Source Q) @Q:B—/ X C,(c')::» Target
.

43: BEETRNAVETIMN
BRRBENAEATSZ ) FRESEEARNINIIGSE, HNTNRFIEEEARFEER. REFMEHN (source,

target) D FX MARE TS F) . XtFE—K, HAFAIUELENF[IFESPNEBE, N—TREND FH
&, RRER—TBAEEFNFENBETR.
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Input Better
Molecule Molecule
( Training Set: Molecular Pairs \
o] 0
NH NH

mﬁéwi:Tﬂ‘ N%Jf—’ <lmj:jJ‘ N

N &% o) Ng?
Qource Molecule (QED=0.784) QED=0.924 /

44: ffLidRg
EATAI DABE — MmN ENE TEREXN X % BB, ERE—NRBDF. —TEADFHIER

T, BNFEFIFEN MREIEE - %ﬁﬁ%%ﬁj oM, X ?E*’JTL,H%SI%@%&?

+. ZAM&RPFigit

&a, BRBNE Wengong Jin BRITARAE ICML LRSI B, RN BT =580 T
, REJNEMNZND FREE —FEENIGRIFNMEE. B2, NRBNFLENENDFESZIX 20
MEFIESAZE A E? *ij:, XMESER DT HIFEER, E2XHENIFEDRTELT=BIRE.

EXFRILH, Wengong Jin BT HEZRIZIT D FIIRBEH, IRFEESIEEEMEMND F, FJMIR
TREFEARNBNNERE, SHRNFEHERUN, MINE—PREENTFESZEEES, MmEE
BPFNsF. BAME, HNNRBESHILE: (1) EARERN. BNFRINFERETOVELSE )
a, B, ANFEIRETEMMFE (BEEH) SO FEERIMEME. BE—K, ITFE8-—MEHEmS,
BANE AU EBIMTENFER, 2 SREEM. FIRITEBSMHEND 7, BT EREEM
FHERE BERISEMENZ D F .,

Mettiod DRD2 + GSK3/5 + JNK3
Success Novelty Diversity
GVAE +RL 0% 0% 0.0
GCPN 0% 0% 0.0
REINVENT  48.3% 100% 0.166
Ours 86.2% 100% 0.726

45: SLIZER
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SIERRIA, BAINDERE T EE2NMERERT. BeX®, BIENTABTUELIZ—LRENRER, E
MEERAFE, ERRESEPIFNALR, ECREET RN RS ERRREER.

I\, EiE

ML+ €% B— T SRRBRNIARIE, ZOEPSREFNERERE LZEBLIHN, HFAMUNEBIER
RITHNERBENERE D F LR AR, S8AHNEINHNEE, SNPIHRLLEENERERTT. W
R, REZIENEEFEERBANSFIBEELRME, EERRAINAFEERNMRTZE, XeJ ML
BNRNEREBTEERNOEZEN
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