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Problem formulation

CraTpsa

Connor W. Coley, Wengong Jin, Luke Rogers, Timothy F.
Jamison, Tommi S. Jaakkola, William H. Green, Regina
Barzilay, Klavs F. Jensen

A graph-convolutional NN model for the prediction of chemical
reactivity

Chemical Science, 2018

Prediction of chemical reactivity



Problem formulation

[TocTanoBka 3aa4un

[TpenckazaTh MPOIYKTHI PEAKIIAH 10 BEIIECTBAM W PACTBOPAM,
YIaCTBYIOIUM B PEAKITAN

A. Reactant pool as molecules B. Reactant pool as attributed graph
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Model overvi
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A. Reactant pool as molecules
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Figure 1: Schematic of the approach to predicting reaction products. We represent the (A) pool of
reactant molecules as a (B) atributed graph. A graph convolutional neural network learns o caleulate

(C) likelihood scores lor cach bond change between cach alom pair. The most likely changes are used

B. Reactant pool as attributed graph

C. Predicted bond changes
Atam number [1-33]
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Lo perform a [ocused, ranked cnumeration of (D) candidate products, which are filtered by chemical
valence rules. These candidates are then rescored by another graph convolutional network to yield
(E) a probability distribution over predicted product species.
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Model overvi
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Figure 1: Schematic of the approach to predicting reaction products. We represent the (A) pool of
reactant molecules as a (B) attributed graph. A graph convolulional neural network learns Lo calculate
(C) likelihood scores Lor cach bond change between each atom pair. The most likely changes are used
to perform a focused, ranked enumeralion of (D) candidate products. which are filtered by chemical
valence rules. These candidates are then rescored by another graph convolutional network to yield
(E) a probability distribution over predicted product species.
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%Y ler-Lehman Netwo (WLN)

WLN for predicting likely changes in bond order

A. Reactant pool as attributed graph  B. Iterative update of atom feature vectors through graph convolutional embedding

atom|, bond j|
atom m, bond j-m,
atom n, bond j-n

atomk, bond j-k GOOGO—!

D. Global attention mechanism to obtain atom-centered context vectors

SO-(fNN

@— 0.7 attention score j-a

local features j
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E. Final prediction of reactivity modes for each atom pair
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Weisfeiler-Lehman Network (WLN)

Local atom representation

O6o3HaYEHUA

o f! - feature vector aroma v Ha ureparun
® fuy - craproBblii feature vector csizu (u, v)
o U;,V;, W; - marpunpt WLN (o6yuaembie Beca)

@ Cp - KOHETHOE JIOKaJIbHOE IIpeCTaBJIEHNEe aTOMa U

fi=r U7 +0 Y AT 4 Vefw) | (1<I<L)
ueN (v)

Cy = Z Urlflf O W fuw ® HY}sz
ueN (v)
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Weisfeiler-Lehman Network (WLN)

Global atom representation

O6o3HaYEHUA

@ «,, - attention score of atom v upon atom z
@ by, - feature vector, orsevarommuii 3a OTHOIIEHUE (u, v)

o P,, Py, u - oby1aemMble Beca MOIECIN

— a(uTT(PacU + Pyc. + Pyby:))
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Weisfeiler-Lehman Network (WLN)

Reaction center

HenTp peakiuum

(u,v,b) HAXOUTCS B EHTPE PEAKIINH <—> THII CBSI3U MEXKJLy
aToMaMU ¥ U U CMEHHJICH Ha b

V
Ob6o3HaUYeHUA

® Syp,p - BEPOSTHOCTH TOTO, 9TO (U, v, b) B IEHTPE PeaKiun

o Mg, My, P,, up - obydaeMble Beca MOJIETH

® Yyuup =1 < (u,v,b) B 1leHTpe peaxIuu

A

Suv.b = U(UET(AJ(LEU + Myc, + Pycy + Pycy + j\fbfm!))

- E Yu,v.b log Sy.vb T (1 - yu.'u.b) log(l - Su.'u.b)
w,v,b;utv
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Weisfeiler-Lehman Network (WLN)

Reaction center prediction

Ob6o3HauYeHUA

@ 7 - peareHThl
@ p; - i-If MOTEeHTNAIBHBINA IMPOIYKT PEAKITUN

cq()p i) _ feature vector aToma v B LIPOAYKTE P;
° dgpi) A cgpi) _ CS"), hl(,pi’o) _ dgpi)

(]

(]

RC(p;) - MHOXKECTBO CBsi3€il, U3MEHUBIIUXCA B P;

W =7 (O 4 Uy 3 7 (Vi 4 Vaf) | (1< D)
u€N (v)

9P = ST WARPE © Waf,, © Wah{P D)
ueN(v)

s(pi) = ul'r (.\/ Z f]f"”) + Z Su,v,b

vEPi (u,v,b)ERC (p;)

Prediction of chemical reactivi



Results

Results

TodHOCTH Ha yPOBHE IKCIIEPTOB
Cxkopoctb: 100 ms per example on a single consumer GPU

Method 1] Top-1 [%] Top-2 [%] Top-3 [%] Top-5 [%]
WLN/WLDN [16] 32M 79.6 - 87.7 80.2
Sequence-to-sequence [31] 30 M* 80.3 84.7 86.2 87.5
This work 2.6 M 85.6 90.5 92.8 93.4
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