S/ Msgs g — o0 for

N0 = MLP,(fi(01)

0 . C\_'
or each o1 s do==[ |ﬂ :
// Aggregate, updat® em

fix1(0):=MLPu (f.(0),agg({my.. 0 €
. Jito), 28

Dy R

i = “‘ﬁ!_-!

- AN o

'/ Final EReadous

7= MLP, (3
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GNN s are often realized as tollows (Morris et al., 2019). In each layer. I = (). we compute vertex
features

() . (t—1)yxr(t) =D 0\ - me
- —\(\? h’e' — U(h’r' W[] J E , h’u‘ Wl ) € R%, ~— (b
L we N f |":_I -
. s (t) (t) L , _ _ .
for vin V' (), where W and W' are parameter matrices from [R/*¢ and ¢ denotes an entry-wise
non-linear function, e.g.. a sigmoid or a ReLU function.* Following Gilmer et al. (2017) and Scarselli
ct al. (2009), in each layer, ¢ > (), we can generalize the above by computing a vertex feature

h = UPD”'(} D AGG (fR! Y w e _-'\-'(-u)bl))

c
—
5
where UPD'" and AGG'" may be differentiable parameterized functions, e.g.. neural networks.” In
the case of graph-level tasks, e.g., graph classification, one uses ——

T hg =READOUT({R!" | v e V(m}).

to compute a single vectorial representation based on learned vertex features after iteration 7'. Again,
READOUT may be a differentiable parameterized function. To adapt the parameters of the above
three functions, they are optimized end-to-end. usually through a variant of stochastic gradient
descent, e.g.. (Kingma and Ba, 2015), together with the parameters of a neural network used for
classification or regression.

Graph Neural Networks for Multi-relational Graphs. In the following, we describe GNN layers

for multl relational graphs. namely R-GCN (Schlichtkrull et al., 2018) and CompGCN (Vashishth
et al., 2020). Initial features are computed in the same way as in [hL previous subsection.

"N N

R-GCN. Let (& be a labeled multi-relational graph. In essence. R-GCN generalizes Equation 1 by
using am additignal sum iterating over the different relations. That is, we mmputu a vertex fmtmc

i) (=1} i) (t—1) ry o
‘@ h’r R-GCN "= ”(hr-.R cenWo § E h’u HGCNW € RY, (}9 M
v AT

~— gs_—uw ) NAar
& 6
S\ e
() T o 2"@5

Siney, | -~ b

R L K

W W' 0 ’f‘“

DRI Naw €))) O T"”’ FOi)
\Q mﬂm> 2
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Q=HWq. K=HWyg V=HW 0
QKT 5

— Attn (H) = softmax (A) V. \ l - 'L
L A w w n ! h

A=

rlthrrwN i’ndpa state s lI’l[{}IHL..lldl Vis) ; = _4

Input: State s: set of atmm 9”" in s, sét of objects
Output: V(s) ,

fo(o) ~ 0% 2AT0. 1)*/? for each object 0 € 51 —7
forie {0,....L —1}do

3 Sor each atom q = ploy, ... 0,) true in s do

’ /) Msgs g — o0 for kach o=o0, 1n

L me = MLB,(fi(01). ... filow))]:
5 for each oin s du/_ tl "’O'(T7
h ‘ . H\LS C

CF T e e e s - S A . :
/) Aggregate, updatq embeddl

6 fix1(0):=MLP (f.(0)

'/ Final Readout

-V = h-‘ILP-,_:(Z”% MLP,( fL'i“\))

s TS

| (1) (t) . . .
), where W’ and W' arc parameter matrices from 7% and o denot f(‘
nction, e.g.. a sigmoid or a ReLU function.* Following Gilmer et al. (201 ne
, in cach layer, { = (), we can generalize the above by computing a verte
() . 0y (01 (e (t=1) | . — ar
- UPD‘-(ht GG ([R!Y | w e ;\-(u)}}))?
- -

[

R-GCN. Let (& be a labeled multi-relational graph. In essence, R-GCN generalizes Equation
using an additional sum iterating over the different relations. That is, we ¢ ¢ a vertex featQf«

3 _ }te‘ 1)
vraon = LRy racn

=

tor v in V'((), where Wfr']” and W7 Tor 7 in || are parameter matrices from [R?* ¢ and & denote:
entry-wise non-lincar function. We note here that the original R-GCN layer defined in Schlichtkrn
et al. (2018) uses a mean operation instead of a sum in the most inner sum of Equation 2. %
investigate the empirical advantages of these two variations in Section 5.

CompGCN. Let (& be a labeled multi-relational graph. A CompGCN layer generalizes Equatior
by encoding relational information as edge features. That is, we compute a vertex feature

) ) wt! (=1 (1) 3]
h, .CompGCN -—U(h( ouancN Wi E E “-’(hu.-.(:ompeow-z; )W )‘ i (

\ — -— i€l weN; (v) ‘? h U}%’J\IB
/

~..


Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector

Hector


F (wa/
10\
(MQMAZCUVWQ"

Algorithm 1: G N nmm state s mt{fﬂ,mldr Vs )
luem s, ft of objects

V' W

Input: State s: set of atoms
Output: V(s) 4=

1 fulo) ~ 0" 2A(0. 1)"'% fpr each obj
2 fori e {0..... L—1}do A
3 for eac f’z alom = plog. .. .. E”M\)}rmpﬁ s\do
SF Msogs g — o0 for sact =9, 1inf|g
o Nigo = MLP,(fi(o1)..... filowm))];: |
for cach o in s do L«-g 2§ Siond
// Aggregate, update embeddings
fix1(0):=MLPu (f.(0),agg({my.. 0 € fj}}»})'.

// Final Readout M Dbs,r
Vo P&iLPJ(Zr;T DUILPH

% Ul \ 51)\]% BIESAY, —><v';
V,—bNL(—, ]/1

X Feed Forward
Neural Ne

/ X wv '
ral Network =
e & . my
i >\) \ ix corresponds to a word in the input sentence. W in see ifference in size of the embedc
N boxes in the figure), and the g/k/v vectors (64, or the figure)
b 11 (11
f T Q\ f-attention layer. st
1 Q
Self-Attention {a\' HEH - @
\?)YL, @Q ( softmax( ) EEE
N 3 7 - Jac = 4 Vi
I 1 P 7
o M EEEE o N -
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That’s pretty much all there is to multi-headed self-attention. It's quite a handful of matrices, | realize. Let me try to put

them all in one visual so we can look at them in one place it
1) This is our 2) We embed 3) Split into 8 heads. 4) Calculate attention  5) Concatenate the resulting = matrices,
input sentence* each word* We multiply X or using the resulting then multiply with weight matrix to
with weight matrices Q/K/V matrices produce the output of the layer

X Wo©

W,V

W@
* |In all encoders other than #0, WK
we don't need embedding.
We start directly with the output
of the encoder right below this one

Bt — of Kty kg0
\ =% ” (Zu.,ijV h,j),

k=1 jeS
(Qkafhf : K%
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