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Below we provide additional details on the implementation
of the framework, in particular regarding the neural network
architectures used to represent the 2D and 3D context models
(Sections 1-4). We furthermore extend the discussion of how
the 1D, 2D and 3D context increase the information stored
in the posterior (Sections 5-6). Finally we evaluate, using
structural precedents, the realism of several of the suggestions
made by the framework in relation to the experimental
structure-activity relationships discussed in the main text
(Section 7).

Notation. The following definitions are used: Vector em-
beddings are denoted by x and h, which, except for the input
feature vectors, are elements of R™*? with batch dimension n
and hidden dimension d = 256; e are edge vectors describ-
ing covalent edges used in 2D convolutions; t are hypernode
vectors representing triangular relationships between atoms in
3D. Indices a, a’,a” denote atoms of the query molecule in-
corporating the growth vector u. Indices b, ', ... correspond
to atoms of the 3D environment, which could belong either to
the query ligand or surrounding protein. Indices ¢, j, k qualify
motif atoms and the motif vector v. Graph convolution opera-
tions are indicated by square brackets G|. . .]. Round brackets
are used for both point-wise function evaluation as well as
row-wise convolutions; o denotes point-wise multiplication;
means concatenation of vectors along the non-batch axis. W
and c are learnable parameters of the model; ’s are attention
weights.

Nonlinear activation functions are referred to using the
terms: ELU (Elastic Linear Unit), ReLU (Rectifying Linear
Unit), LeakyReLU (Leaky Rectifying Linear Unit), Sigmoid,
SoftPlus. These are defined as follows:

T if x >0,
ELU(z) = { exp(z) — 1 else, M
ReLU(z) — { ’ glsi >0, @)
LeakyReLU(z) = { 001 gsi >0, 3)
. . 1
SlngId(x) = HTM (4)
SoftPlus(x) = log(1 + exp x) 5

* carl.poelking @astx.com

1. 1D CONTEXT MODEL

The pseudo-generative 1D-conditional model G, is defined
by the set of motif vectors {v;} with frequencies {f(v;1)}
that constitute the vocabulary V:

vim P (i) = L) ©®

> j f(via)
Here the representation v; ; of motif m; is simply a hash of
the motif’s 2D structure, including a label indicating the hinge
atom. Note that this model samples motifs independently of
the 2D structure of the query molecule and growth vector.

Null metrics. G, achieves considerable enrichment over a
uniform baseline G| as illustrated in tables S1 and S2. Beyond
serving as a contrastive baseline when training the 2D context
model, G, thus provides us with a set of null metrics against
which 2D and 3D performance should be offset.

AUC
ERD3|0.9884 £ 0.0005
PDBL [0.9893 + 0.0007

Table S1. Null enrichment. AUC measured for the 1D pseudo-
generative model G, over 10000 reconstructions in the ERD3 (Enam-
ine REAL) and PDBL (PDB ligand) sets. The negative baseline
examples were drawn from the uniform Go. Note that the AUC is
independent of how many (n > 1) negative baseline samples are
considered per reconstruction.

Top-1%| Top-1° |Top-8%| Top-8°
ERD3| 28.7 [10.9£0.2| 63.2 [42.4+04
PDBL| 22.9 |11.6 +£0.2| 69.2 [48.7+ 0.2

Table S2. Null accuracy. Top-k% accuracy (k € 1, 8) and associated
standard error measured for (a): a “top-k motifs“ model that statically
ranks motifs based on their frequencies; and (b) the pseudo-generative
1D model (Eq. 6).

2. 2D CONTEXT MODEL

The 2D-conditional generative model consists of three com-
ponents: a growth-vector prediction stage that samples a
growth-vector atom a given the query ligand structure; a mo-
tif sampling stage that generates a motif v, given a specific
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growth vector u,; and a bonding model that samples a bond
order/degree d (single, double, triple):

a ~ p(alx;, er), (7)
f(Vi 1) 042(Vz'.2; U, 2)

i : ; : , 8

v Zj f(vi1) . - 042D(W,2§Ua,2) ©

d ~ p(dv},uf). ©)

Here, x, e denote the input features and edge attributes of the
ligand; v® and u® are growth- and motif-vector encodings
specific to the bonding model. This section focuses on how
the likelihood factor scores ag are represented, whereas
the growth-vector and bond-order prediction models are
described further below, Sec. .

Input features. Atoms (nodes) and bonds (edges) of the
molecular graph are featurized using a set of chemical prop-
erties as summarized in Tab. S3 and S4. Categorical features
are encoded in a one-hot format, resulting in an overall input
dimension of 36 for the atom and 6 for the bond feature vectors.

Feature Description Dim.
Atom type Element (one-hot) 12
Atom degree Neighbour count (one-hot) 7

Hydrogen count Explicit + implicit
CIP R and S indicators

Radical electrons Radical-electron count 1
Formal charge  Charge in e 1
Hybridization s, spt-sp®, sp®d, sp>d?, other 7
Aromaticity Aromatic indicator 1
5
2

Chirality

Table S3. Atomic input features. Atom node attributes used by all
2D embedding networks.

Feature  Description Dim.
Bond type Single — triple, aromatic, conjugated 5
Ring bond Ring indicator 1

Table S4. Bond input features. Covalent edge attributes used by all
2D embedding networks.

Graph architecture. Starting from the atom and bond
features x and e, an AtomEncoder(x,e) builds 2D latent-
vector representations using the following set of convolutions:

x(9 = LeakyReLU (Linear (x)) (10)
h® = ELU (GAO [x@), e(O)D , (11)
x(1 = ReL.U (GRU (0@, x©}), (12)
h® — ELU (GA1 [XW—UD : (13)
x(™) = ReLU (GRU (h(”), x<”-1>)) )
xap = LagerNorm (x<4)) . (15)

Here Linear(x) = Wx+b is a dense linear layer with weights
W and bias b; n = 2, ..., 4 indexes successive convolutions
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over atomic neighbourhood shells; the graph operations GA,
GA; are static attention mechanisms combined with a gated
recurrent unit GRU (see below), as originally suggested by
Xiong and co-workers for predictive modelling [1, 2]; and
LayerNorm is defined by

X — (x)

(x?) — (x)?

LayerNorm(x) = , (16)

where (. . . ) denotes averaging along the non-batch dimension.

The first graph operator GA([x(?), e(?)] encapsulates bond-
ing information within the first neighbourhood shell of an atom
a:

N = D tar Wk a7)
a’€N(a)

The attention weights are calculated via

Xqq' = LeakyReLU (W (xg(,)) | \efﬁ})) ; (18)
Zaa = LeakyReLU (cfixgo) + ngaa’> ) (19)
exp (2qa') 20)

Yaa’ = )
M Yarenta) &P (Zaar)

where c; and ¢y are network parameters.

With bonding information absorbed into the node vectors,
the second graph operator GA; [x(o)] implements convolutions
along the (now unlabeled) covalent edges:

szo)/ = 'Vaawxz(zm + Z %a/Wxg,)) 2D
a’€N(a)

The attention weights are again defined statically:

Z4q' = LeakyReLU (ct (Wng)HWXflg))) ; (22)

€xp (Zaa’)
Yaa' = .
Za’/GN(a)U{a} exp (2aa”)

(23)

A gated recurrent unit GRU(h(™) x("~1)) is used to update
the atom node vectors x based on the current node embeddings
and the output of the graph convolution operators [3]:

r = Sigmoid (Linear (h(")) + Linear (x("—1)>) ,
s = Sigmoid (Linear (h(”)> + Linear (x(”_1)>) :
t = tanh (Linear (h(")) + r o Linear (X(nfl))) ,

x™W =(1—-s)ot+sox"b.

The output of this topological atom encoder (Eq. 10-15) are
d-dimensional atom embeddings that are further processed
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Figure S1. Module R training flow and triangular attention mechanism. (a) Preprocessing, 2D and 3D operations and transforms of the generative
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architecture during batch training of the network that encodes the 3D context ugq,3. (b) Triplet construction (left), featurization of triangular (hyper-)nodes
describing atom triplets (a, b, b") (center), and outward and inward attentive message passing from atom triplets to individual atoms (right). The central growth

vector atom is denoted by a, environment atoms by b, b’ etc.

into 2D growth and motif vectors:

Xgo) = X2p (24)
x%) = SoftPlus (Linear (ng—1>)) , (25)

Xo = Linear (x((f)) , (26)
X(lo) = X2D (27)
x") = SoftPlus (Linear (xg’“‘”)) , (28)

x1 = Linear (x§2)> , 29)
Ug,2 = Xg,0 |Xa,17 (30)
Vi = X;1|[Xi0, 31

where kK = 1,...,3 is an iteration index; the subscripts 0, 1
indicate two coexisting representations, which are ultimately
concatenated so as to obtain a symmetric scalar product be-
tween U, 2 and v; o:

2V/d

This symmetrized projection treats the 2D elaboration step
as a “reaction” A + B — AB with a commutative structure.
The symmetric inner product means that the 2D context model
is flexible enough to cross-link not only molecular fragments

a2(Vi2; Ug,2) = Sigmoid (w) ) (32)

with motifs, but also fragments with other fragments — for
example, for the purpose of fragment merging / linking.

3. 3D CONTEXT MODEL

The 3D-conditional generative model augments the 2D pos-
terior with an additional likelihood factor that accounts for 3D
structural and chemical propensities. Given a growth vector
a, motif vectors are sampled from the full PQR posterior,

o fvia) y
> f(vi1)
o3P (v;35u4,3)

. 33
1= adP(v;3;u,.3) G

OéQD(Vm; Ua,Q)

Vi 1—a?P(v;2;u,.2)

Even though various other implementations are conceivable,
the architecture used here to represent the likelihood score
function ags(v;3;u,,3) is based on a simple hypergraph
mechanism that performs attentive convolutions over 3D atom
triplets. An overview is provided in Fig. Sla.

Input features. The 2D molecular graph is featurized in the
same way as described above for the 2D graph-convolutional
architecture (Tabs. S3 and S4). In addition to atom nodes
and covalent bond edges, triangular hypernodes are generated



within a spherical volume around each growth vector (see
Methods of the main text). These atom triplets are featurized
using basic geometric features as summarized in Tab. SS.
Convolutions over a local neighbourhood hypergraph, con-
sisting of atomic nodes b within a spherical volume around
a growth vector a, as well as atom triplets (a,b,b") within
that same volume, are used to construct the 3D context vec-
tor u,_3 on which the distribution over motifs v; is conditioned.

Feature Description Dim.
Node type b="b vsb#b 1

Tab Distance encoding (RBF) [rmax/c] + 1
Tab’ Distance encoding (RBF) [rmax/c]| + 1
Ty Distance encoding (RBF) [rmax/c] + 1
cos(0a), sin(0,) Angular phase 2
cos(6p), sin(fy)  Angular phase 2
cos(0y ), sin(f,/) Angular phase 2

Table S5. Hypernode features. Attributes describing atom triplets
(a,b,b’) used by the 3D growth-vector embedding network. The
growth-vector atom corresponds to atom index a. Triplets with b #
b’ are accounted for twice, as (a,b,b’) and (a,b’,b) to guarantee
permutational invariance. Here we used equispaced Gaussian radial
basis functions (RBFs) for the distance encoding with width o = 1A,
and cutoff rmax = 7.5A.

Hypergraph architecture. Topological embeddings are
generated using the AtomEncoder sequence defined in
Egs. 10 to 15:

xop = AtomEncoder [x, €] (34)

Note, however, that even though the architecture of the 2D
encoder is reused here, its weights are not shared across the
model stages.

An environment index is constructed around every growth
vector atom using a spherical cutoff. The 2D embeddings of
the atoms of those spherical neighbourhoods are referred to
by xgr)&,, obtained by slicing xop along the batch dimension.
Furthermore denote by t the feature vectors (see Tab. S5) asso-
ciated with the hypernodes within the atom-centered neighb-
hourhoods. 3D context vectors are then constructed using an

AtomEncoder?;D(xé?l)V, t), with output x3p, which consists
of the following set of convolutions:

x(9) " = ResTrans (xéﬂl) : (35)
x(, = TAgumara % t] (36)
%2, = TAimara [x(1),t] G37)
x(3) " = ResTrans (xfj&,) : (38)
x3p = Wx )/, (39)
Here ResTrans is a residual transfer block, defined by
x' = ELU (Linear (x)), (40)
x" = LayerNorm (x') 41)
Xout = ELU (x + Linear (X)) . (42)
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TAoutwarda and TAjpwarq are hypergraph operators, corre-
sponding to an outward and inward pass over atom triplets,
as shown schematically in Fig. S1b. Specifically, TA utward
transmits information from the ordered triplets (a, b, ') to the
outermost vertex b’ via:

x, = Linear(x) with ¢ € {0, 1, 2}, (43)
hopy = Xq,0 1 %p,1 || X 2 || tae, (44)
h/ = HGAoutward [X7 h7 W] ) (45)
Xout = ELU(X + h/) (46)

HGA is the attention mechanism that controls this information
flow, relying on three inputs: the 2D atom embeddings x,
triangular hypernode embeddings h, and hypernode-to-atom
attention priors w:

Ko T W @
abeH(b)
hy qpy = LeakyReLU (W'xy + W"hapy ), (48)
Zabh! = LeakyReLU (Cthb’,abb/) ) (49)
exp (Zaby!
Yabb! = p( bb ) - ) (50)
ZaEeN(b’) exp (2a5p)
ST p— L — (51)

Zaée?—t(b') Yabt Wabb'

H(b') denotes all pairs of atoms (a,b) that form a triangu-
lar hypernode (a,b,b’) with atom ¥’ as the terminal vertex.
The attention priors wgppy impose smoothness on the atten-
tion weights as atoms leave the spherical neighbourhood shell,
and furthermore discount remote over close triplets (consis-
tent with the Jacobian 1/7? of the 3D space in which we are
operating):

Wabh! = fcut (Tab)fcut (rab’ )g(rab)g(rab’)v (52)
1 ifr <rew — A4,
= 0 if r > reut, 53
fCUt (r) 1+COS(7rL_TCAut+A) ( )
—————"—= else,
1—w(ry
g(ray) = % + w(rap)wo, (54)
ab’
w(r) = Sigmoid (—B(r* — p?)). (55)

The hyperparameters of this prior are: the transition width of
the cutoff function A = 0.5A; limiting weight factor wy = 1;
radial pivot p = reys — 2A; and decay constant 5 = 0.1.

The inward pass TA;,warq inverts the information flow to-
wards the central vertex a (i.e., the growth vector). TAi,ward
resembles TAutwara above, with, however, Eq. 45 replaced
by

h, = HGAinward [X; h; W] . (56)

HGAnward [X, h, w] closely resembles HGA o tward, With in-



dex relationships subtly rearranged according to:

Xa = Aars Whap, (57
bb’ €H(a)
ha,abb’ = LeakyReLU (Wxa + W,habb’) s (58)
zavyy = LeakyReLU (c'hg b ) (59)
S G ) (60)
> b e (a) ©XP (Zabb)
~ abb’ Wabb!
Yabb' = Jab'Tabh (61)

b
Db e H(a) Vabh Wabh

where the sum over 7 (a) runs over all tuples (b, b’) that form
triplets (a, b, b") with the growth vector a.

Motif encoding. The motif encodings v; 3 featuring in the
3D likelihood factor are again based on the 2D atom encoder
sequence from Eqs. 10-15, with the weights contained therein
shared across the growth and motif embedder networks of the
3D stage, but not across the context stages:

x2p = AtomEncoder [x, €] . (62)

From x9p, we obtain x37y as the subset of 2D vectors that
correspond to the linker atoms on the motifs; and xS3’, that
comprises all 2D atom vectors associated with the motif as a
whole. Convolutions placed thereon give rise to the final vector
that combines the local information reflected by x37 with a
global motif vector x°™V derived from x5f) using attentive

pooling:

x"%¢ = ResTrans(x3p), (63)
x" = Reduce [ResTrans(x51 )], (64)
x5 = Linear (x7°¢ + x°).. (65)

Here ResTrans is a residual transfer block as defined above;
Reduce is an attentive pooling operator consisting of:

X=X (66)
JjeEM(m)

Xpool Z 'ij Xpool (67)
JEM(m)

xP0°l = ELU (x50 + AxPol) | (68)

xoV = LayerNorm (xﬁfOl) , (69)

with {j € M(m)} comprising all atoms j participating in
motif m (not just the linker atom). The attention weights are
evaluated statically:

h,,; = LeakyReLU (Wox,,; + Wixbo)  (70)
2mj = LeakyReLU (c'h,;) 1)
eXP(ZnLj)

Vmj = (72)
" ZjEM(m) €xp(2m;)

We note that the motif embeddings v; 3 used by the 3D-
conditional model are thus constructed in a manner that is
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distinct from that of the 2D-conditional model. We decided
against re-using the motif embeddings v; o (Eq. 31) for the
3D stage as we expected that the information that needs to
be captured at each stage is rather different: v; o is likely
concerned with chemical compatibility, motif sociability,
and reactivity constraints, whereas v; 3 needs to capture the
type of interactions a motif can form, its shape and surface
electrostatics, its conformational preferences, etc. Shape and
surface properties are, specifically, the motivation behind
the attentive pooling operator in Eq. 67 designed to capture
non-local structure beyond the central hinge atom of a motif.

3D likelihood factor. We identify the 3D growth vector
u,,3 and motif vector v; 3 with the following tensor outputs of
the hypergraph and graph architectures above:

Uy, 3 = Xq,3D, (73)
vis = xh. (74)

Note therefore that v; 3 does not incorporate any 3D informa-
tion, and that the subscript is used only to differentiate it from
the motif vector v; 2 on which the 2D factor ¢ is based. The
likelihood score function a3 that gives rise to the 3D likelihood
factor r = a3/1 — a3 is, finally, obtained from the activated
inner product

. . VZ o . ua G
a3(vi3;ue,3) = Sigmoid (%3) . (75)

4. GROWTH-VECTOR AND BOND SAMPLING

Growth-vector and bond-order sampling are necessary to
embed the PQR framework into a complete generative cycle.
Starting from an input complex, the growth-vector model first
selects the atom that is to be modified, the PQR model samples
a motif tailored to that atom, and a bonding model selects an
appropriate bond type (single b = 1, double b = 2, triple b =
3). Both the growth-vector and bond-order model are trained
on the same set of reconstructions as the PQR model. At
every reconstruction step, all atoms of the substrate modified
during this or any subsequent step are marked with a growth
label z = 1, all remaining atoms with growth labels z = 0.
The atom pair consisting of the growth-vector atom and the
hinge atom of the ground-truth motif is labelled with a three-
dimensional target vector b = (b1, b, b3), where by = 1 if the
bond order b is equal to d, else 0.

Both the growth-vector and bond-order model are imple-
mented using graph-convolutional neural networks trained us-
ing a binary cross-entropy loss function. Given atom features
x and edge features e, the growth-vector models predicts a
growth label 2 € [0, 1]"*! (with n the number of atoms in the
batch / input molecule),

xop = AtomEncoder(x, e), (76)
z = Sigmoid (Linear(x2p)) , an

where AtomEncoder again refers to the convolution oper-
ations described in Eqgs. 10-15. The sampling distribution



p(alx, e) from Eq. 7 is thus given by p(a|x, €) = 2,/ >,/ Za’s
where the sum over a’ runs over all atoms of the query com-
pound.

The bond-order model predicts a bond-order score b e

[0, 1]™*3 starting from atom encodings constructed according
to

x(©) = AtomEncoder(x, e), (78)
x(1) = SoftPlus (Linear(x<0>) , (79)
Xop = Linear(x(l)). (80)

Given pairs of atom embeddings v? = xyp (associated with a
motif vector) and u® = X451 (associated with a growth vector),
so that rows 7 of v? and u® correspond to pairs i, the bond-order
scores are evaluated using

x = ELU (Linear;, (v*|[u”)) , (81)
x' = ELU (Linear;, (u®|[v?)), (82)
Xsym = LayerNorm (x + x'), (83)
b = SoftMax (Linear(Xgym)) (34)

where x and x’ are evaluated using shared weights for Linear;,
to guarantee that b is invariant with respect to atom pair re-
ordering. The sampling distribution from Eq. 9 is therefore
given by p(d|v?,ub) = b,/ 23,:1 bas, where b, are the com-
ponents of a single row of b above. Note that neither the
growth-vector nor bond-order model share any of their weights
with other components of the architecture. This is because
training data is abundant, and little if any synergy is expected
across the different prediction endpoints.

The models can be evaluated using standard AUROC met-
rics over the growth and bond labels and scores. The test-
set performance is measured at AUC = 0.960 + 0.002 for
the growth-vector prediction, which is thought to be close
to optimal considering the intrinsic variability of data. The
bond-order prediction is virtually unambiguous, with AUCs
of 0.999 % 0.0005, 0.999 £ 0.0004 and 0.999 =+ 0.002, re-
spectively, for the three output channels (single-, double- and
triple-bond).

As a result of the binary cross-entropy loss function
and training label assignment, both the growth-label and
bond-order scores have the meaning of a rate or probability.
Therefore, stochastic selection of a growth vector / bond
order is achieved by sampling a growth vector and bond or-
der proportionally to the predicted scores z and b, respectively.

5. ENTROPIC SHIFT

Beyond measuring enrichment, we can estimate the relative
information gain achieved by incorporating the 1D, 2D and 3D
context by tracking how the entropy of the posterior changes in
the QRP sequence (i.e., when conditioning first on the 2D, then
3D, then 1D context). To this end, we evaluate a normalized
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Figure S2. Sequential information in the QRP model. Effect of

conditioning on the (a) 2D context, (b) 3D context and (c) 1D vocabulary, as
quantified by the entropy (solid lines) and entropy change (dashed lines) of
the posterior. The normalization applied to the entropy is such that Hy=1
corresponds to the entropy of the uniform distribution over the vocabulary.

Shannon entropy H over the vocabulary V,
Hipd)] ! > pijal (85)
al = T T N i|a 108 Di|a>
Tog V] Vievp ja log pi|

where |V is the size of the vocabulary. With the chosen nor-
malization, a uniform prior will result in the maximal possible
Ho(a) = 1. The likelihoods Pi|a are given by, initially, the 2D
likelihood factors g;), (or, more precisely, the corresponding
normalized probability density); then the combined 2D/3D
likelihood factors g;q X 7;)4; and finally the full posterior
Pila X Qija X Ti|a-

We denote the corresponding entropies by H @ H ar flpq,.,
respectively, distributions of which are shown in Fig. S2a-c
(dashed lines). The same figure also reflects the entropy
changes flq — f[o, fIq,,. — lflq and prqr — I:[q,. (solid lines).
Strongly lowering entropy, the 1D and 2D likelihood factors
play the largest role in guiding the generative model towards
a particular set of motifs, reflecting fragment sociability [4]
and synthetic accessibility. The effect of the 3D factor r is
sizeable but still less pronounced than of p and ¢. This is
partially the result of the 2D-conditional model occasionally
constraining the probability density to a small set of chemi-
cally and sterically more or less equivalent choices — but also
a consequence of the fact that the 3D — as opposed to the
2D — model most likely still operates relatively far from its



(P) |Vi2 Vi3 Vi23 Viectp Vigylm
vi2 [1.000 0.250 0.929 0.242 0.217
Vi3 1.000 0.555 0.035 0.228
Vi 23 1.000 0.210 0.262

(p) |vi2 Viz Vi23 Viectp Vigylm
vi2 [1.000 0.328 0.930 0.285 0.196
Vi3 1.000 0.626 0.136 0.202
Vi 23 1.000 0.274 0.228

Table S6. Correlation among the metric spaces induced by differ-
ent motif-vector embeddings. v; 2, v; 3 and v; o3 are the 2D and
3D, and joint 2D-3D embeddings learnt from reconstruction data.
Viectp and v; gyim are static 2D and 3D fingerprints, respectively.
p and p are the Spearman rank and Pearson correlation coefficient
evaluated over the entries of the upper triangle of the motif-motif
similarity matrix for each representation (Eqgs. 87-91). The correla-
tion between the dynamic and static encodings is very poor, ranging
between 0.035 and 0.285.

theoretical peak performance.

6. MOTIF EMBEDDINGS

Visualization of the posterior over motifs. The 2D pro-
jections in Fig. 4 of the main text are based on a kernel k;;
defined between any two motif vectors v; and v;, derived
from the cross-correlation matrix of the 2D network scores
0 (Vi Ug,n), sampled over a large number N of randomly
selected growth vectors a:

1 . R
kij,n = N Z Qo (Vi,n; ua,n) Qo (Vj,n; ua,n)v
a

kij = %(k’iﬂ + kij3), (86)
where & denotes the normalised (whitened) scores. We
construct a distance metric d;; from k;; using d;; = 1 — k;j,
and obtain a 2D projection of the vocabulary via stochastic
neighbour embedding (t-SNE) of the resulting distance
matrix. Projecting the values of the posterior onto this 2D
map, we can visualize how the probability density changes as
we incorporate 2D, 3D and frequency information.

Dynamics vs static motif embeddings. In our imple-
mentation of the 2D and 3D context modules Q and R, the
growth-vector and motif-vector embeddings u, ,, and v; ,, are
both represented by neural networks, trained to co-adapt dy-
namically in order to maximize the probability of the observed
pairings. An alternative implementation could use static en-
codings in the form of hard-coded (pre-defined) fingerprints
for the motif vectors in the projections of Egs. 32 and 75. Here
we decided against this approach, because we expected that
hard-coded fingerprints are insufficient to model the complex
physical / chemical and reactivity constraints that determine
the likelihood of a motif given a certain growth-vector con-
text. Additionally, accidental structural overlap could subject
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the posterior to undesired cross-talk among chemically dis-
parate moieties.

Here we explore the properties of the embedding space
represented by the model by assessing how the metric space
(distance geometry) induced by the learnt network embeddings
correlates with that based on static, pre-defined fingerprints.
For the static fingerprints, we consider (a) a topological 1024-
bit Extended Connectivity Fingerprint (ECFP) v; ccfp,, and (b)
an atom-centered 3D basis-function-based geometric finger-
print (GYLM), v; gy1m [5]. For the former, we use the ECFP6
implementation in RDKit, with a post-processing step that cen-
ters the fingerprint on the hinge atom of the motif by removing
bits associated with features outside of a 3-bond neighbour-
hood around that atom. For the latter, we resort to the imple-
mentation in the gylmxx package, with default parameters as
provided by the BenchML suite [5].

To quantify the similarity among the metric spaces underly-
ing the learnt and static embeddings, we evaluate the Spearman
rank correlation p and the Pearson correlation coefficient p be-
tween the upper triangles of the motif-motif similarity matrices
K, whose components are defined as follows:

Kijo = exp(=X2|[vi2 — vjal]), (87)
Kijs = exp(=As[vis — v;s3l)), (88)
Kijo3 = exp(—A23||vi23 — vja3l]), (39)
Kijcctp = exp(—Acctp||Viectp — Viectp)|[,  (90)
Kijgylm = Vigylm * Vjgylm- on

For the learnt embeddings and 2D fingerprint, these expres-
sions translate the Euclidean distance || . . . || between the vec-
tors into a similarity function using an exponential with length
scale A. For the 3D fingerprint, by contrast, we use a dot-
product kernel, which is the native kernel for this particular
type of neighbourhood expansion [6]. The length-scale param-
eters are here taken to be the mean of the Euclidean distance
matrix for the respective representation; v; 23 = v; o||v; 3 is
the concatenation of the 2D and 3D motif vector embedding.
The correlation coefficients p and p are shown in Tab. S6.
Each correlation is evaluated over the M (M — 1) /2 paired en-
tries of the upper triangle of K, with M = 7513 the size of the
motif library underlying PDBL. It can be seen that the metric
spaces induced by the static fingerprints correlate very poorly
with those derived from the learnt embeddings, with correla-
tion coeflicients of less than 0.3. We note that the magnitude
of the correlation is insensitive to the choice of parameters of
the static fingerprint, such as the topological radius (ECFP4
vs ECFP6), the number of bits (512, 1024, 2048), as well as
to the choice of distance length scale. The lowest correlation
of 0.035 is measured, perhaps not unsurprisingly, between the
2D fingerprint Vv; ocfp, and 3D motif-vector embedding v; 3.
We also note that the metric spaces induced by the 2D and 3D
embedding vectors themselves do not correlate strongly, with
a Spearman rank and Pearson correlation coefficient of 0.250
and 0.328 respectively — indicating that conditioning sepa-
rately on the 2D and 3D context is a meaningful approach.
Naturally the poor correlation among the different metric
spaces is not unexpected. Consider, e.g., single-atom halogen
motifs such as bromine, chlorine, iodine, that, as far as these
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o linear motif

ring motif (non-aromatic)
o ring motif (aromatic)
O central atom

Low-dimensional projection of chemical motifs. Location of several probe motifs on a t-SNE cluster map based on the similarity metric of

Eq. 86 (see Methods, main text). Each point represents a single motif, with linear motifs in black, ring motifs with non-aromatic centers in blue, and ring motifs
with aromatic centers in red. For the highlighted motifs, the central (i.e., hinge) atom is indicated with a thick purple outline.

static fingerprints are concerned, are as remote from each
other as carbon and oxygen, carbon and nitrogen, or nitrogen
and fluorine — when clearly chemically and structurally these
larger halogens are largely interchangeable. Still, there are
a range chemical features and properties that we would
expect to significantly affect the context-dependent likelihood
amplification. We glean further insight into these features by
visualizing in more detail how the chemical map from Fig. 4
of the main text is organized. To this end, Fig. S3 illustrates
the relative location of a number of probe motifs across this
map. It can be seen that the global organization is dominated
by linear (black) vs non-aromatic ring (blue) vs aromatic
ring (red) motifs. Linear motifs with nitrogen and oxygen
centers (two key electronegative elements) are located from
bottom to top on the left-hand side of the map, with a sulfur
cluster directly adjacent to the oxygen cluster, in line with the
grouping on the periodic table. Halogen centers are located
close by the lipophilic carbocentric ring motifs. Aromatic
rings appear locally ordered according to ortho, meta and
para substitution — trends that evidently reflect the at times
stark difference in reactivity across these sites. Furthermore,
within the ring domains, the local structure appears to be
linked to enumerations around ring scaffolds, such as ring-size
variation (four- to five- to six-membered rings) or changes of
specific positions in a ring from one element to another (see,
e.g., the OCO- vs OCS- vs SCS-containing five membered
rings close to the center of the map).

7. ELABORATION EXAMPLES (FIG. 5)

Validating the output of generative models using computa-
tional routes only is typically challenging. In the examples
provided in Fig. 5 of the main text, the experimental SAR
was recovered in three out of four cases. The lower-rank
suggestions are, however, not trivially correct. In example
(a: aminopeptidase) the halogen motifs are consistent with
an SAR observed by Helgren et al. [7]. In example (b: yel-
low lupin), the top-ranked bromo motif is consistent with the
groud-truth iodo, with otherwise only fluoro achieving signif-
icant amplification.

In example (d: hCA II), substitution of thiophene (rank
1) with other aromatic five-membered rings (ranks 2 and 4)
appears broadly plausible. Pyrazole and triazole are, how-
ever, distinct from thiophene regarding their electrostatic and
lipophilic properties. We have therefore scanned the PDB
for precedents of these motifs, with three examples (Fig. S4a)
overlayed with the reference structure 1ydb — thus indicating
that there is some support for introducing aromatic nitrogen
into the region of the growth vector. The thiol motifs (ranks
3 and 5) are, however, precedented only as thiones (Fig. S4b).
Even though the 2D bonding model can assign a double bond
to the link between the thiol and the growth vector (thus con-
verting thiol to thione), the resulting thio-aldehyde is a known
PAINS structure [8] and therefore to be avoided.

The 3D ranking failed to recover the butyl motif from ex-
ample (c: SHBG). Carbyne motifs, notably, the three-atom
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Figure S4. Motif precedents and template-based docking. (a) Potential precedents for observation of pyrazole and triazole in the neighbourhood of the
growth vector of 1ydb (black circle with arrows). (b) Thione motifs in 3k34 and 6rw1 in proximity to the 1ydb growth vector. (c) Template-based docking of a

carbyne motif CC=C attached to the 6pyf growth vector.

vector CC=C can be easily incorporated into the environment,

resulting in an adequate fit as demonstrated by template-based
docking (Fig. S4c).
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