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Abstract

Designing 3D ligands within a target binding site
is a fundamental task in drug discovery. Exist-
ing structured-based drug design methods treat
all ligand atoms equally, which ignores differ-
ent roles of atoms in the ligand for drug design
and can be less efficient for exploring the large
drug-like molecule space. In this paper, inspired
by the convention in pharmaceutical practice, we
decompose the ligand molecule into two parts,
namely arms and scaffold, and propose a new dif-
fusion model, DECOMPDIFF, with decomposed
priors over arms and scaffold. In order to facili-
tate the decomposed generation and improve the
properties of the generated molecules, we incor-
porate both bond diffusion in the model and addi-
tional validity guidance in the sampling phase. Ex-
tensive experiments on CrossDocked2020 show
that our approach achieves state-of-the-art per-
formance in generating high-affinity molecules
while maintaining proper molecular properties
and conformational stability, with up to —8.39
Avg. Vina Dock score and 24.5% Success Rate.
The code is provided at https://githubl
com/bytedance/DecompDiff
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1 Introduction

Modern deep learning is revolutionizing many subfields in
drug discovery, among which structure-based drug design
(SBDD) (Anderson, 2003) is an important yet challenging
one. Aiming at generating 3D ligand molecules conditioned
on a target binding site, SBDD requires models to gen-
erate drug-like molecules with stable 3D structures and
high binding affinities to the target. Recently, deep gener-
ative models have been successfully employed to achieve
this goal. For example, autoregressive models (Luo & Ji,
2021; Liu et al.l [2022b; [Peng et al., 2022) have achieved
promising performance in SBDD tasks, which generate 3D
molecules in the target binding site by adding atoms and
bonds iteratively. However, autoregressive models suffer
from error accumulation and require a generation order,
which is nontrivial for molecular graphs. In order to over-
come the limitation of autoregressive models, recent works
(Guan et al., [2023} [Schneuing et al.| 2022; [Lin et al., 2022)
use diffusion models (Ho et al., 2020) to approximate the
distribution of atom types and positions from a standard
Gaussian prior, and use a post-processing algorithm to as-
sign bonds between atoms. These diffusion model-based
methods can model local and global interactions between
atoms simultaneously and achieve better performance than
autoregressive models. Despite the state-of-the-art perfor-
mance, existing diffusion model-based approaches neglect
bonds in the modeling process, which may lead to unreason-
able molecular structures. Moreover, diffusion model-based
approaches treat the ligand molecule as a whole and learn
the overall correspondence between the target binding site
and the ligand. However, atoms within the same ligand can
be designed for different functions. Therefore, treating all
ligand atoms equally may not be the best way for SBDD,
especially considering the tremendous drug-like space (Vir]
shup et al.,2013) to explore and the limited amount of high
quality target-ligand complexes (Berman et al., 2000) for
training. This motivates us to study how to properly in-
corporate function-related prior knowledge into diffusion
model-based SBDD methods.

In fact, decomposing ligands into smaller functional regions
is a common practice in conventional drug design. As shown
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Scaffold

Figure 1. Ligand molecules can be decomposed into arms and
scaffold. Using MDM2 as an example, small molecule ligands
are collected and displayed in the upper panel (colors represent
different atom types). The ligand atoms are separated into arms
and scaffold based on their distance to the protein surface. Arms
(lower right) form direct contact with the target, while scaffold
(lower left) connects the arms together. Arm atoms are further
clustered based on their positions, and the cluster (colored atom
groups) show strong shape complementarity with local subpockets.

in Figure|T] ligands can be decomposed into scaffold and
arms. The arms are responsible for interacting with the
target to achieve high binding affinity, while the scaffold is
responsible for positioning the arms into the desired binding
regions. In lead optimization, a scaffold is identified first,
and then a series of analogs are developed by altering the
arms for further activity optimization (Wermuth, |2011)); in
scaffold hopping practice, arms (or fragments) are placed on
the target surface first, then a scaffold (or linker) is placed
to connect the arms (Schneider et al., [{1999). Inspired by
the convention in traditional drug design, we aim to incor-
porate decomposed molecules, i.e., arms and scaffold, into
diffusion models.

In this paper, we propose DECOMPDIFF, a new diffusion
model with data-dependent decomposed priors for SBDD.
The decomposed priors respect the natural decomposition
of a ligand into arms and scaffold when it interacts with
a target. We also introduce a diffusion process on bonds
to incorporate the bond generation in an end-to-end fash-
ion instead of post-processing. To facilitate the generation
process, we develop additional validity guidance in the sam-
pling phase, such as promoting the connection between the
scaffold and arms and avoiding a geometric clash between
the generated molecule and the target. We highlight our
main contributions as follows:

* We propose a diffusion model with decomposed priors
for structure-based drug design, which incorporates
the natural decomposition of a ligand molecule into
function-related regions.

* We consider both atom and bond diffusion processes in
the model to simultaneously generate atoms and bonds
for improving drug-likeness and synthesizability.

* We design and incorporate several guidance terms in
the decomposed generation process to improve the
molecular validity.

* Putting all the above pieces together, our method can
generate ligand molecules with a —8.39 Avg. Vina
Dock score and 24.5% Success Rate, achieving the
new SOTA on the CrossDocked2020 benchmark.

2 Related Work

Structure-Based Drug Design SBDD aims to generate 3D
molecules in the presence of a target binding site. Early
attempts use molecular docking for indirect consideration
of the target (Yang et al., 2021} |Li et al.| 2021}, which opti-
mize ligand in the 3D space with docking score as a reward.
Instead of considering every aspect of the target binding
site,|Long et al.|(2022);|Adams & Coley|(2022) proposed to
only use the shape information for ligand generation. More
recent work directly model the correspondence between
targets and ligands using target-ligand complexes. Ragoza
et al.[(2022b) represented molecules as atomic density grids
and used conditional variational autoencoders to learn the
3D ligand distributions. |Luo et al.[(2021); Liu et al.| (2022a));
Peng et al.| (2022) employed autoregressive models to gen-
erate atoms (and bonds) step-by-step. Recently, diffusion
models start to play a role in SBDD (Schneuing et al.,|[2022;
Guan et al., 2023)), and existing approaches denoise atom
types and positions sampled from a Gaussian prior. Unlike
the previous approaches, which treat all the ligand atoms as
a whole, our method decomposes ligand into arms and scaf-
fold, and incorporate related prior knowledge into diffusion
models for better molecular generation.

Decomposed Molecular Generation The key idea of de-
composed molecular generation is to divide a ligand into
subregions and generate each part separately. This approach
can significantly reduce the search space for drug-like
molecules by constraining the search effort in more confined
regions. Scaffold hopping (or linker design) aims to gener-
ate a scaffold/linker to connect the existing arms/fragments.
Yang et al.| (2020) developed a linker design algorithm to
connect two SMILES strings. DeLinker (Imrie et al.| [2020),
DEVELOP (Imrie et al.|[2021) and 3DLinker (Huang et al.,
2022) extend the application to connect two 3D fragments
using autoregressive models. DiffLinker (Igashov et al.|
2022) further relieve the constraints on the number of frag-
ments to be connected. On the contrary, lead optimiza-
tion starts from a scaffold structure and optimizes it by
adding arms/fragments. |Arus-Pous et al.| (2020) developed
a SMILES-based scaffold decoration method. [Lim et al.
(2020) and L1 et al.| (2019)) achieved this goal on 2D molec-
ular graphs, and Imrie et al.| (2021)) took consideration of
the 3D scaffold information when generating 2D optimized
ligands. However, the aforementioned methods all need a re-
liable initial structure for molecular design. In contrast, our
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method retains the bene ts of molecular decomposition andConsidering this task in the Denoising Diffusion Probabilis-
can be applied tde novadrug design to generate molecules tic Model (DDPM) framework, a small Gaussian noise is
from scratch. gradually injected into data as a Markov chain, leading to

Diffusion Models Diffusion models|(Sohl-Dickstein et al., the following forward diffusion process:

2015;/Ho et al., 2020; Song & Ermion, 2019), which gen- v

erate sam.ples.by _|ter§1t|vely denoising data points sampled (M 1.7jMo;P) = (MM 1;P); (1)

from a prior distribution, have shown promising results t=1

in generating images (Dhariwal & Nichol, 2021; Nichol

et all,[2021] Ramesh etlal., 2022), texts (Li et[al., 2022)where the datdo  p(MojP) andM;M2; Mt isa

and speech (Kong et dl., 2021). Considering that the initiapequence of latent variables induced by the diffusion process.
diffusion model aims to learn the data distribution, it is of- The reverse process, also known as the generative process,
ten necessary to modify it for various realistic controlled!earns to recover data by iteratively denoising with a neural
generation scenarios. Some researchers introduce classi 8etwork parameterized byas follows:

guidance|(Dhariwal & Nichol, 2021), or classi er-free guid- N

ance (Ho & Salimans, 2022) for introducing controllable _ N DY

goals. Lee et al. (2021) leveraged conditional information P (Mot )= P (Me 1M P): )
as a non-standard data-dependent adaptive prior for improv-
ing conditional denoising diffusion models. Vignac et al.The distribution ofp(M 1) induced by the forward diffu-
(2022) further showed that the prior distribution closer tosion process is Gaussian and works as the prior distribution
data distribution can lead to superior performance. Thesduring sampling.

works strong_ly support our design of the prior distribu'gionWe can derive a tractable variational lower bound on the
for the diffusion model. It is worth noting that we design |, jikelihood of dataM o, also known as evidence lower
priors fo_r more complex 3D structure data, which is IeSSbound (ELBO), due to the property of standard Gaussian
studied in previous work. distribution. To align with the concept of loss, we can
formulate it as follows:

t=1

3 Method

3( 1
In this section, we preseecoMPDIFF, which injects logp(MojP) Lo+ Ly + Lt; (3)
informative priors of the decomposed arms and scaffolds t=1
into a diffusion model for SBDD. We rst de ne the SBDD .
task and introduce the standard diffusion model in Sec. 3.¥vhere Lo = Eflogp (MojM1;P)] denotes the
Then, we show how to introduce decomposed priors into th&at@ likelihood, Lt = Dy (q(M1jMo; P)kp (M1))

diffusion model in Sec. 3.2. In Sec. 3.3, we present bondS the Kullback-Leibler (KL) divergence between the

diffusion and the network used for 3D molecular graph gen-"2! _distr.ibution induced by the diffusion Process
eration. Finally, in Sec. 3.4, we describe an effective guided(MTiMo; P) and .the prior distributiop (_M 7),andL, =
sampling approach to improve the validity and quality of Pxt(AMiMes1;Mo;P)kp (MjMt1; P)).

the generated molecules. 3.2 Diffusion Model with Decomposed Priors

3.1 Preliminaries Motivated by the natural decomposition of the ligand

In SBDD, we are provided with a protein binding site, Melecules, we decompose a ligand into fragméntson-
sisting of armsA and scaffoldS (jA]  1;jSj L,K =

which can be represented as a setNgf atomsP = 1 = AT+ ST, F h ) p Hel

f(xg);v,(,'))giN;i . The goal is to generate ligand molecules!™ = A " J.)' rom_t e perspective o machine feam-
that can bind with the protein. Similarly, the ligand ing, fragmentation provides natural clusters of ligand atoms.
molecule can be represented as' a s of at(,)msM _ Intuitively, if we could leverage these natural clusters as

; ! informative prior, approximating would be easier than a
f(x§;vi)ghy . Herex 2 R® andv 2 RY denote the P PP 9

M. d £ th velv. Th b non-informative Gaussian prior. Following the optimal prior
position and type of the atom respective y. the num erhypothesis (Vignac et al., 2022), we estimate the prior of
of atomsNy, can be sampled from an empirical distribu-

: each cluster with a Gaussian distribution, which is obtained
tion (Hoogeboom et al., 20225 Guan et al., 2023) or Ioreby Maximum Likelihood Estimation (MLE) on the posi-
Q|cted by_ a neur.al ngtwork (Lin et al., 202.2)’ and 1S NOLinns of its cluster members. Speci cally, given a protein
involved in the diffusion process. By denotlr,\}g th3e ligand binding site, ligand atoms exhibit a multimodal distribution
molecgle ajM = [x; v]for brevity, wherex 2 R™ and' spatially. In the training phase, the prior can be obtained
V2R L] the .SB[.)D t'ask can be formulated as mOdeImgfrom reference ligands as described above. In the test phase
the conditional distributiop(M jP ). where reference ligands are not always available or ideal,
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Figure 2.0verview of the sampling process of DecompDiff. (a) The initial atoms are sampled from informative decomposed priors. (b)
An equivariant network on heterogeneous graphs denoises atom coordinates, atom types and bond types simultaneously. (c) The validity
guidance alleviates the protein-ligand clash problem and encourages arms and scaffold to connect.

the prior can be obtained by human experts or rule-basethe prior distribution induced by the forward diffusion pro-
algorithms. We provide more details for obtaining priors Cess can be derived as follows:
and fragmentation in Appendix A and Appendix B. o

Following the above description, we can obtain a set of data- p(xTjP) = kN G ) (6)
dependent prior®p = f T, P, ;Hpg, where | 2 =Lk
R? is the prior center, 2 R® 3is thg, prior covarlance
matrixandH p = f P 2f0;2gN Kj . P =1gis
the prior-atom mapping conditioned on the protéin.e.,

« = 1 indicates that the-th molecule atom corresponds to "y x - _
thek-th prior. Note that an atom can only be assigned with Lo =  Eyxyx, w o— x§ r 2
one single prior. Next, we will describe how the diffusion i=1 k=1 # @)
process, generative process and ELBO will be adjusted
accordingly when including the decomposed priors.

The evidence lower bound (ELBO) is still traceable as in
Equation (3) wheré o, L, andLt are as follows:

Our goal is to model the conditional molecular distribution " #
p(MjP)=p (MjP;Op). Since our informative prior is L. = E... Xu X (R O +Ci (8)
de ned in the 3D coordinate space, we only consider the ~' = o™t © - k%o otsl 1 b
diffusion and generative process of ligand atom positions " #

and omit the ligand atom typesfor clarity in the following L. =E LXM X () 2
derivation. The conditio® in Op is also omitted. T = S e e Soke
To distinguish the difference induced by the decomposed -
priors from the standard ones, we highlight the critical differ- where CO’ Ct(l’) and Gy z(ilr)e constant terms, and =
ences of equations in blue. To achieve SE(3)-equivariancg;;~ Rox = f (x¢’;t; P) is implemented by a

we apply a center shifting operation (Xu et al., 2022) 0”55(3) -equivariant neural network parameteﬁzed b\Note
every atom according to its corresponding prior center, de ) < i)
E)hat the input of the neural netwoxl% = ¢ %okt

(i) — ()
. We follow the de nitions and no-
K t k + « is different from that under the standard

+ Cr; (9)

1

noted asey, = X;

tations related to the noise schedule :; :;  inHoetal. rior
(2020). With data-dependent prior as the additional contex![,J ’

the diffusion and generative process in Equations (1) and (Zproposition 3.1. Let ELBOgecomy ) and

can be extended as follows: ELBOstandga{ ) denote the ELBO losses under
Nw X the decomposed prior and the standard Gaussian prior

q(xijxi 1;P) = N (G % s« &) (@) respectively. Suppose thét is a simple graph neural

i=1 k=1 network with an equivariant linear layer. If the de-
N X _ composed prior aligns with data distribution, we have

p (Xt 1jXt;Xo;P) = ik N (X‘fl)l;k' t(X'(I) XgL % «) Min ELBOgecomd{ ) min  ELBOstandard )-
i=1 k=1

p p (5  Proposition 3.1 provides insights into why our priors can
~ (D) (1) @ 1), (D) 1t (1) i ; i
where ~ (X, ; X T Xt Xok-  induce better results. Please see Appendix C for its proof.

t
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3.3 Bond Diffusion and Model Architecture wheree is the bond's hidden state. Based on the mes-
sages aggregated from heterogeneous graphs, we update the

Introducing Bond Diffusion  Existing diffusion models ~atom's hidden state as Equation (13):

for 3D molecule generation (Hoogeboom et al., 2022; Guan

et al., 2023; Schneuing et al., 2022; Lin et al., 2022) only

consider generating atom coordinates and atom types with . . . .
v g yp e update the bond's hidden state following a directional

neural networks, while adding bonds by a post-processin essage passing (Yang et al., 2019; Gasteiger et al., 2020)
algorithm, such as thatimplemented in OpenBabel (O'Boylegchema as Equation (14): ' ' v
et al., 2011). Ideally, this paradigm can work well if the X

atom coordinates are predicted accurately. However, since ej e(hiihj i hemy mji;t):
the distributions of bond distances are very sharp and a small K2N | (i)nfig

error may lead to totally different molecules, adding bonds

based on imperfect atom coordinates with a post-processinginally, the atom positions of ligand molecules are updated
algorithm is not always reliable. as Equation (15):

To address this problem, we develop a new diffu- X

sion framework for 3D moleculamgraph generation XKi (Xi Xi) x¢ (hizhjrkxi o Xjkit)
which also considers bonds in the dynamics. Speci- 2N k(i)

cally, we extend the molecular representationVas = X
f(Xi;Vi; b )G 2 1:n W g- We apply the discrete diffu-

hi  hi+ w( hki + hy): (13)

(14)

XL (x; xi) x, (hi;hjskx; xik;myi;t)

sion (Hoogeboom et al., 2021) for bond types, similar to e
how we model the atom types. The forward diffusion be- Xi  Xi+( Xki + Xui) Lmon
comes as follows: (15)
. p_—— wherel nq is the indicator of ligand atoms since we assume
g(MtjMy 1;P) = N(xe; 1 Xt 1; tl)

_ _ the protein atoms are xed as the context.
C(vj(1 Ve 1+ =Ka) C(b¢j(1 )bt 1+ =Kp);

(10)  We obtain the initial atom hidden staltd and bond hid-
whereK , andK ,, are the number of atom types and bond den statee® by two embedding layers that encode atom,

. : . bond and decomposition information. The nal hidden
types respectively. Bene ting from decomposing the drug

. . statesh ande' are fed into two MLPs to obtain the pre-
space, we do not have to build the bond dynamics on th‘aicted atom typ#; = softmaxMLP(h\)) and bond type

fully connected graph of the ligand molecule, but insteadﬁij _ softma>(MLP(eh N ejLi )). Since atom type and

:cn§|q_e201;<arrr}s/25cKaﬁold and bfetvye__er; z;\rm.s_ a2ndsscafhnld: bond type are subject to categorical distributions, we can
by ji n»J nOn=1:jj [f by ji n:J On=1: jA] directly compute the KL divergence between their estimated

L . osteriors and the truth posteriors as losses:
Equivariant Network with Nodes and Edges Update P P

Inspired by recent progress in equivariant neural net- ¥a

works (Thomas et al., 2018; Fuchs et al., 2020; Satorras LY = c(Vvi; Vo) log
etal., 2021; Guan et al., 2022), we propose a hew equivari- k=1

ant neural network to denoise 3D molecular graph. Specif- %o

ically, we maintain both node-level and edge-level hidden L® = 7 ¢(by:bo)x log c(be; bo)k . (17)
states in the neural network to better re ect the bond dif- k=1 c(be; Bo)x

fusion, unlike the commonly used EGNN (Satorras et al., » Pk, - 5

2021) where only node-level representation is considered.WhereC(_Vt;VO) =C= o & andC'SVt Vo) = [_ tVe ¥
We rst build ak-nearest neighbors (knn) gragh upon (1 9=Kal [t avo+(l ¢ 2)=Kal c(be;bo)is

ligand atoms and protein atoms to model the protein—ligan(fje nedin Fhe similar way. .Com'bmed with the decomposeq
interaction: atom position loss described in Sec. 3.2, the nal loss is

X a weighted sum of atom position loss, atom type loss and
hei e (hishishoa GBSO (11)  pondtypelossL = L + oL + oL, whereL®
SN ® is from Equations (7) to (9). More implementation details
whereh is the atom's hidden stat®lk (i) is the neighbors can be found in Appendix E.
of i in G, Ej indicates the edgg is a protein-protein, o .
ligand-ligand or protein-ligand edge. 3.4 Validity Guidance

We also build a fully/partially connected ligand gra@h To

; - A : To further improve the validity and quality of generated
upon ligand atoms to model the interaction inside the IIgandfnolecules, we introduce additional drift terms to guide the

c(Ve;Vo)k |

c(vi; o)k’ (16)

mijj d>£kxi XjK; ej ) Langevin dynamics during sampling. Inspired by classi-
hii m. (N hymyisb); (12)  er guidance for conditional sampling of DDPM (Dhari-
' 2N L () ) wal & Nichol, 2021), we design several guidance terms
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r x, logP(yjxt) which are applied during the sampling
phase to constrain the generated molecules in a speci c
domainy as follows:

r x, l0gP(Xtjy) = r x, logP(x¢) + 1 x, logP (yjxt):
(18)

We consider the validity of generated molecules from two
aspects: (a) the arms and scaffold should be connected to _ o _
form a complete molecule; (b) there should not be a clashigure 3.Comparing the distribution for distances of carbon-

between the generated molecule and protein surface. wigrbon pairs (left) and all-atom (right) for reference molecules

will describe the guidance design from these two aspectg. the test set and model-generated molecules. Jensen-Shannon

detailedly in the following and leave related derivation in lvergence (JSD) between two distributions is reported.

Appendix D. Table 1.Jensen-Shannon divergence between bond distance distri-
We assert the existence of connections between all arms argitions of the reference molecules and the generated molecules,
scaffold if the following inequality holds fon = 1 : jAj, and lower values indicate better performances. “-*, “=", and *"
' ' represent single, double, and aromatic bonds, respectively. We
min_min_ kx®  x0, max | (19)  highlight the best two results withold text andunderlined text
12A 03] 25 respectively.

where nin and max are hyperparameters approximately Bond
representing the range of a bond length and set t& arti
1.9A respectively in practice. The arms-scaffold drift can be

Pocket2 Target

Mol  Diff  Ours

lIGAN GraphBP AR

) C C 0601 0368 0609 0496 _ 0.3690.359
derived as follows: C=C 0665 0530 0620 0561 0505 0.537
" C N 0634 0456 0474 0.416 _ 0.3630.344
™ , (M. C=N 0749 0693 0.635 0.629 0550 0.584

rox  [2max(0;d, max )+ 1mMax(0; min  di )L C O 0656 0467 0492 0454 _ 0.4210.376
n=1 (20) C=0 0661 0471 0558 0516 _ 0.4610.374
o 00 C:C 0497 0407 0451 0416 _ 0.2630.251
whered; " =miniza ,j2s kx¢' xy’kzand 15 2> 0 CN 0638 0689 0552 0487 0.235 0.269

are constant coef cients that control the strength of drift.

Too short distances or clashes between the atoms of gener-1A) and diverse proteins (sequence identity30%, and
ated molecules and proteins will induce abnormal Van dethen100, 000 complexes are selected for training ar@D
Waals forces. Following Sverrisson et al. (2021); Ganeaovel proteins are selected as references for testing.
et al. (2021), we chooskx 2 R®: S(x) = g where
S(x) = In( ]_'\‘:Pl exp (k x xg)kZ: )) as the de- Baselines We compare our model with various representa-
scriptor of the protein surface. Recall tiﬁactg )ngjl repre- tive baselinesli'GAN (Ragoza et al., 2022a) is a conditional
sents the set of positions of protein atoms. The clash drifYAE model Wh'Ch uses 3D CNN to encode and generate vox-
can be derived as follows: elized atomic densityAR (Luo et al.: 2021)Pocket2Mol
(Peng et al., 2022) an@raphBP (Liu et al., 2022b) are
Xwm . GNN-based methods that generate 3D molecules atom by
rowes max(©0  S(x{M); (21)  atom in an autoregressive manriargetDiff (Guan et al.,

i 2023) is a diffusion-based method which generates atom
where 3 > 0is the constant coef cient that controls the coordinates and atom types in a non-autoregressive way, but
strength of drift. the prior distribution is a standard Gaussian and bonds are

generated with a post-processing algorithm.
4 Experiments ,

Evaluation We evaluate the generated molecules from
4.1 Experimental Setup two perspectives:molecular conformation and target

binding af nity and molecular properties . In terms of
Dataset Following the previous work (Luo et al., 2021; molecular conformation, we compute the Jensen-Shannon
Peng et al., 2022), we trained our model on the Crosdivergences (JSD) in atom/bond distance distributions be-
Docked2020 dataset (Francoeur et al., 2020). We use theeen the reference molecules and the generated molecules.
same dataset preprocessing and splitting procedure as Litde employ AutoDock Vina (Eberhardt et al., 2021) to es-
et al. (2021), where th22:5 million docked binding com- timate the target binding af nity, following the same setup
plexes are rst re ned to only keep high-quality docking as Luo et al. (2021); Ragoza et al. (2022a). We collect
poses (RMSD between the docked pose and the ground trutidl generated molecules across 100 test proteins and report

6
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. . ._can also be found in Tables 1 and 2. Our model has a com-
Table 2.Jensen-Shannon divergence between bond distance dlstﬁ-

butions of the reference molecules and the generated moleculepsa‘rable performance with TargetDiff and is better than all

and lower values indicate better performances. We highlight th@ter baselines by a clear margin, showing the strong poten-

best two results wittold text and underlined textespectively. tial of our propoged method for generating stable molecular
conformations directly.

Pocket2 Target

Mol  Diff  Ours

Angle  liIGAN  GraphBP AR Then we evaluate the effectiveness of our model in terms

CCC 0598 0424 0340 0323 0328 0314 of binding af nity and molecular properties. We can see in
CCO  0.637 0354 0442 0401 0.385 0324 Table 3that ouDeEcOMPDIFF outperforms baselines by a
CNC  0.604 0.469  0.419 0.237 0.367 0.297 large margin in af nity-related metrics. Speci call\DE-
OPO 0512  0.684 0367 _0.274 0303 0217  compDIFF surpasses the strong baseline TargetDif6bly
NCC 0.621 0.372 0392 _0.351 0.354 0.294 on . i i

CC=0 0636 0377 0476 0353 0356 0259 and12%in Avg. and Med. High Af nity, and aroun@:40
COC  0.606 0.482 0459 0.317 0.389 0.339 inVina Min and Vina Dock. All these gains clearly indicate
that our decomposed priors are helpful for improving the
potential of diffusion models for generating molecules with
better target binding af nity.

the mean and median of af nity-related metrid4r{a Score
Vina Min, Vina Dock andHigh Af nity) and property-related
metrics (drug-likenesQED (Bickerton et al., 2012), synthe- We also see there is a trade-off between the property-related
sizability SA(Ertl & Schuffenhauer, 2009), ardiversity).  metrics (QED, SA) and af nity-related metrics. Like Tar-
Vina Score directly estimates the binding af nity based ongetDiff, our model falls behind the SOTA autoregressive
the generated 3D molecules, Vina Min conducts a locamodel Pocket2Mol in QED and SA scores. Nevertheless,
structure minimization before estimation, Vina Dock in-it is worth mentioning that such property-related metrics
volves a re-docking process and re ects the best possiblare often applied as rough screening metrics in real drug
binding af nity, and High Af nity measures the percent- discovery scenarios as long as they fall into a reasonable
age of how many generated molecules binds better than th@nge. Instead of directly comparing them in numerical
reference molecule per test protein. Following Yang et alvalue, a recommended evaluation strategy is using the Suc-
(2021); Long et al. (2022), we further report the percentageess Rate (Jin et al., 2020; Xie et al., 2021) to re ect the
of molecules which pass certain criteria (QBD0:25, SA  molecular properties comprehensively. In such a context,
> 0:59, Vina Dock<  8:18) asSuccess Rate comprehen- our DECOMPDIFF achieves 24:5% Success Rate, which is
sively evaluate the target binding af nity and the molecular comparable to Pocket2Mol and clearly outperforms Target-
properties, given the fact that practical drug design als®iff. We also show some visualization results in Appendix
requires the generated molecules to be drug-like, synthesi& to compare TargetDiff and BcomMPDIFF.

able, and maintain high binding af nity simultaneously (Jin _ _

et al., 2020; Xie et al., 2021). The thresholds used for QED*3 Ablation Studies

and SA are computed as the 10th percentile of molecules in..

the DrugCentral database (Ursu et al., 2016), which are a%mce_our model is composed of m_ultlp_le novel de_s_lgns,
. S . including decomposed priors, bond diffusion and additional
pharmaceutical or under clinical trials.

guidance, we perform comprehensive ablation studies to
4.2 Main Results verify our hypothesis on the effects of each design.

First, we compare our model and the representative methodsffect of Decomposition and Prior  Our primary hypothe-

in terms of molecular conformation. We compute differentsis is that decomposing the drug space with prior knowledge
bond distance and bond angle distributions of the generatechn improve the training and sampling ef ciency, and thus
molecules and compare them against the corresponding rdfeosting the molecular generation performance. To verify it,
erence empirical distributions in Tables 1 and 2, and plotve compare our model with TargetDiff (Guan et al., 2023)
the carbon-carbon bond distance distribution and all-atonunder different number of diffusion steps. We rst train
pairwise distance distribution of the generated molecules imur model and TargetDiff witfi200 400 600, 800, 100Q)
Figure 3. We see in Figure 3 thBEcoMPDIFF achieves diffusion steps and evaluate the generated molecules by sam-
the lowest JSD 00:23 and0:06 to reference in the carbon- pling the same number of steps as training on 16 selected
carbon bond distance distribution and all-atom pairwisegpockets with clear decomposition. As shown in Figure 4,
distance distribution of the generated molecules, indicatingour model can achieve better validation loss under each
it captures real atomic distances well. Such performance isetting. Under the same setting, the validation loss can be
better than Pocket2Mol and TargetDiff, two strong baselinesyiewed as a surrogate of negative Evidence Lower Bound
while Pocket2Mol and TargetDiff have a biased estimation(ELBO) and lower validation loss means the model can
for carbon-carbon bond distribution and the long-range (eshetter approximate the data distribution. The fact that the
peciallyl0 12A) atomic distance. A similar observation model trained with fewer diffusion steps achieves lower val-
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Table 3.Summary of different properties of reference molecules and molecules generated by our model and other bageliies. (
denotes a larger / smaller number is better. Top 2 results are highlightetioldtbhext and underlined textespectively.

Methods Vina Score#) | VinaMin (#) | Vina Dock ¢) | High Af nity (") QED (") SA(") Diversity (') | Success Rate' )
Avg. Med. | Avg. Med.| Avg. Med. | Avg. Med. | Avg. Med. | Avyg. Med. | Avg. Med. Avg.
Reference | -6.36 -6.46| -6.71 -6.49| -7.45 -7.26| - - | 048 047|073 074| - - 25.0%
lIGAN - - - - -6.33 -6.20| 21.1% 11.1%| 0.39 0.39| 0.59 0.57| 0.66 0.67 3.9%
GraphBP - - - - -480 -470| 142% 6.7% | 043 045| 049 048] 0.79 0.78 0.1%
AR 575 -564 | -6.18 -588| -6.75 -6.62| 37.9% 31.0%| 0.51 0.50 | 0.63 0.63 | 0.70 0.70 7.1%
Pocket2Mol -5.14 -470| -642 -582| -7.15 -6.79| 48.4% 51.0%| 0.56 0.57| 0.74 0.75| 0.69 0.71 24.4%
TargetDiff -547 -6.30 | -6.64 -6.83| -7.80 -7.91 | 58.1% 59.1% | 048 048| 058 0.58| 0.72 0.71 10.5%
DEcOMPDIFF | -5.67 -6.04 | -7.04 -7.09| -8.39 -8.43| 64.4% 71.0% | 045 0.43| 0.61 0.60| 0.68 0.68 24.5%

Figure 4.Ablation study on diffusion step number. We compare our models with TargetDiff (Guan et al., 2023) in terms of best validation
loss, QED, SA, Vina Score under different diffusion step number settings.

Table 4.The in uence of decomposed prior.

Vina Score #) | Vina Min (#) | Vina Dock )
Avg. Med. | Avg. Med. | Avg. Med.

Methods

TargetDiff -5.47 -6.30|-6.64 -6.83|-7.80 -7.91
QOurs - Ref Prior |-6.11 -6.16 |-6.68 -6.58|-7.53 -7.59
Ours - Pocket Prior-5.72 -7.49 |-7.66 -8.33/-9.08 -9.33

investigate the in uence of different priors. We mainly ex-
plore two kinds of priorsRef Prioris estimated from the
reference molecule with a Gaussian distribution through
maximum likelihood estimatiorPocket Priorutilizes the
subpockets within the target binding site extracted by Al-
phaSpace2 (Rooklin et al., 2015) to estimate the prior center

Figure 5.Visualization of reference binding molecules (left col- 5nq a neural classi er to estimate the number of ligand

glmn),lmole)culeg genera;e?(b_yr‘:'targletDiff)(G_;Jhanr;Stbgl., 202|_3) (Mid3toms and prior standard deviation. See more details in

e column), and our model (right column) with or#90sampling : :

steps on protein 4H3C (top row) and 2F2C (bottom row). fi‘gg%?d;ﬁ g.tclJ?nTgrt:II; \A/ﬁe:’/;(iaoih?r:/\c/) tggnag r;l;[f)f/urs?l)ar:)e (1 fmoel}r

model with different priors. Compared with TargetDiff, a

baseline without decomposition and informative prior, our

idation loss is because it ts noises better at fewer time steP$nodel can generate better binding molecules with appro-
with limited model capacity. Figure 4 also shows our model

- - v riate prior knowledge. Molecules generated ugtogket
can generate high-quality ligand molecules (high QED ancE

¢ ’ ) - rior achieve better results comparedRef Prior, which
SA, low Vina) even with fewer sampling steps. Figure 5., q pe caused by the fact that the reference molecule may

shows examples of ligand molecules generated by samplingos pe igeal for the target and directly extract knowledge

only 200steps. With limited sampling steps, our model can iy from the target binding site could be a better choice.
already generate rational molecules, while TargetDiff tends

to generate unrealistic local structures, such as messy rin%ﬁect of Bond Diffusion Our motivation to include bond
Besides the training/sampling ef ciency analysis, we alsogeneration in the model is to reduce the ratio of unrealistic

8
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Table 5.The in uence of bond diffusion. References

Method Vina Dock (#) QED (") SA (") Success"()

eods | avg.  Med. | Avg. Med.| Avg. Med.| Avg. Adams, K. and Coley, C. W. Equivariant shape-conditioned
Ours - Atom| 753 759 | 0.48 048! 0.61 060! 11.21% generation of 3d molecules for ligand-based drug design.
Ours - Bond | -7.10 -7.14‘ 0.51 0.51‘ 0.66 0.65‘ 15.38% arXiv preprint arxiv:2210.04892022.

Table 6.The in uence of validity guidance in sampling. Anderson, A. C. The process of structure-based drug design.
Methods Complete () | Vina Score#) | Vina Min (#) Chemistry & b|0|0gy 10(9)787—797, 2003.

Avg. Med. | Avg. Med. | Avg. Med. )

TargetDiff - Ref 091 096|532 599 -642 651 Arus-Pous, J., Patronov, A., Bjerrum, E. _J., Tyrchan., C.,
ours - No Drift 0.89 095|-475 -592|-6.17 -6.47 Reymond, J.-L., Chen, H., and Engkvist, O. Smiles-
Ours - ArmSca Drift| 0.94 0.98 | -4.84 -5.99 | -6.20 -6.50 based deep generative scaffold decorator for de-novo drug

Ours - Clash Drift | 0.87 094/ -579 -6.00 -6.58 -6.54 design.Journal of cheminformatic€2(1):1-18, 2020.
Ours - All Drift 094 098 -611 -6.16|-6.68 -6.58

Berman, H. M., Westbrook, J., Feng, Z., Gillland, G., Bhat,
2D structures caused by inaccurate bond prediction of the T, N, weissig, H., Shindyalov, I. N., and Bourne, P. E.

post-processing algorithm. We see in Table 5 that bond The protein data bankNucleic acids researgr28(1):
diffusion substantially improves QED, SA, and Success 235 242, 2000.

Rate, indicating simultaneously modeling atoms and bonds

can generate more reasonable 2D structures. Bickerton, G. R., Paolini, G. V., Besnard, J., Muresan, S.,

o ] ) and Hopkins, A. L. Quantifying the chemical beauty of
Effect of Validity Guidance = To show the effectiveness  grygs. Nature chemistry4(2):90-98, 2012.

of validity guidance proposed in Sec. 3.4, we test different

guidance drifts during the sampling phase in our decombegen, J., Wegscheid-Gerlach, C., Zaliani, A., and Rarey,
posed atom diffusion model. As shown in Table 6, the M. On the art of compiling and using'drug-like'chemical
arm-scaffold connection drift and the clash drift have a fragment spacesChemMedChem: Chemistry Enabling
positive in uence on the complete rate and Vina score re- Drug Discovery 3(10):1503-1507, 2008.

spectively. Combining them (All Drift) achieves even better

performance in both complete rate and Vina score. Dhariwal, P. and Nichol, A. Diffusion models beat gans
on image synthesisAdvances in Neural Information
5 Conclusions Processing System34:8780-8794, 2021.

In this work, we proposed®ecompDIFF for SBDD by Eberhardt, J., Santos-Matrtins, D., Tillack, A. F., and Forli, S.
decomposing the drug space. The introduction of informa- Autodock vina 1.2. 0: New docking methods, expanded
tive priors to the diffusion model improves the training and  force eld, and python bindingsJournal of Chemical
sampling ef ciency and signi cantly improves the binding ~ Information and Modeling61(8):3891-3898, 2021.

af nity measured by Vina. We also extend the diffusion
model to simultaneously generate atom coordinates, ato
types, and bond types, which is bene cial to generate more
realistic molecules. Validity guidance during sampling is
simple but effective under our decomposition framework.

Ijﬁrtl, P. and Schuffenhauer, A. Estimation of synthetic acces-
sibility score of drug-like molecules based on molecular
complexity and fragment contribution3ournal of chem-
informatics 1(1):1-11, 2009.
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R. B., Snyder, 1., and Koes, D. R. Three-dimensional
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A The Generation Details of Pocket Prior Centers

Given protein pockets, the arms are the main components of a ligand interacting with pockets, and the scaffold connects the
arms to form a ligand. We obtain the prior centers of arms and scaffolds of ligands in the following steps:

1. Searching alpha-atoms and beta-atomsFollowing Rooklin et al. (2015); Katigbak et al. (2020), we search the
alpha-atoms and beta-atomsAlphaSpace2 1! toolkit. An alpha-atom can be viewed as a virtual point, geometrically
contacted with the local region of the protein surface (see Figure 6(a)). And a beta-atom is an alpha-atom group and
assigned a beta-score to indicate their pocket ligandability (see Figure 6(b)). Notice that we only consider alpha-atoms
and beta-atoms withihOA of the reference ligand or the interested region.

2. Clustering beta-atoms to beta-clustersWe apply hierarchical clustering on beta-atoms to further group them into
beta-clusters, based on the pairwise distances, as shown in Figure 6(d). A pair of beta-atoms whose distance is less
than a certain distance (in practice, we 698A) are assigned to the same beta-cluster. The score of the beta-cluster is
de ned as the average beta-scores of the beta-atoms that belong to it.

3. Assigning beta-clusters into arms and scaffoldsWe Iter beta-clusters and determine the scaffold and arm priors
with Algorithm 1. Speci cally, we rst nd the region contains a proper number of beta-clusters with promising
beta-scores. We then select centers of beta-clusters, according to their contribution to binding af nity and the positions
holding scaffold-arm geometric connection, as centers of arm and scaffold priors, respectively.

Note that the distance for Itering beta-clusters is not Euclidean in 3D space. Instead, we de ne the distance by introducing

a radius graph (called alpha-graph, see Figure 6(c)) where each alpha-atom is connected to the other alpha-atoms and
beta-cluster centers. Then, we use the graph geodesic on the alpha-graph between two beta-cluster centers to de ne their
distance (If two beta-cluster centers are unconnected, the distance is de ndd)as

(a) Alpha-atoms. (b) Beta-atoms. (c) Alpha-graph.

(d) Beta-clusters. (e) Filtered beta-clusters. (f) Priors.

Figure 6.lllustration of prior centers generation process. (a) Alpha-atoms. (b) Beta-atoms with beta-scores. The closer the hue of a
beta-atom to yellow, the better its beta-score is. (c) Alpha-graph. Here we only visualize the alpha-atoms and omit beta-cluster centers for
clarity. (d) Beta-clusters. Each beta-cluster forms a fully-connected graph consisting of its beta-atoms. All beta-atoms in a beta-cluster are
visualized in the same color, corresponding to the score. (e) Filtered beta-clusters, and corresponding (f) Priors. The scaffold prior is
shown in yellow, and the arm priors are shown in other colors.

https:/lyzhang.hpc.nyu.edu/AlphaSpace2/
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Algorithm 1 Procedure of Itering beta-clusters and determining scaffold and arm priors.

Input: a list of beta-clusterslusterList , scores of the beta-clusters in the Bsbre , maximum number of arms
N, maximum distance between armsnaximum distance between the scaffold and armend minimum size of
interested connected componekts

Output: list of beta-clustersarmClusterList which correspond to the arm priors, and beta-cluster
scaffoldCluster which corresponds to the scaffold prior.
1. Compute pairwise distances of centers of beta-clusteskisterList , and build a graph, in which two clusters are

connected if their distance is less than
2: Remove all clusters with connected components constituting lesdthaodes fronclusterList

3: Generate a set of clusteismpClusterList with distances less thanto the best cluster (the cluster with the
highest score).
4: Use the rstN clusters intempClusterList as arm priorarmClusterList , and the others as candidates for
scaffold priorsscaffoldClusterList
5: Search for the best scaffold clusteestScaffoldCluster with minimum maximum distance to others in
scaffoldClusterList
6: Ensure the distances betwesgstScaffoldCluster and clusters irarmClusterList are no more than,
otherwise assighestScaffoldCluster = NULL.
7: Assign finalClusterList = armClusterList , and append bestScaffoldCluster to
finalClusterList , If bestScaffoldCluster 6 NULL.
8: if len(finalClusterList )> 2then
9:  #When there are at least 3 clusters, search for the centric one as the scaffold prior.
10: Compute the pairwise distances of centers of clustefig@tClusterList , assignscaffoldCluster as

the one with minimum maximum distances to others, and assigiClusterList as the others.
11: else
12:  # When there are only 2 clusters, the centric one can not be identi ed.

13:  Assign the cluster with the bettaicore to the only element oArmClusterList , and the other one to
scaffoldCluster
14: end if

B The Details of Arms-Scaffold Fragmentation

Here, we describe the algorithm for fragmenting a binding molecule into arms and scaffold, given the target protein. Such
fragmentation is used for preparing our training data.

We rst extract the target protein subpockets wiktphaSpace2 (Katigbak et al., 2020), which is a surface topographical
mapping tool to identify the potential protein binding sites. We set the beta atoms' clustering distancé asnt éhe

pockets' clustering distance as A0These extracted subpockets will be used as the potential arms/scaffold clustering center.
We then use BRICS (Degen et al., 2008) to decompose ligand molecules into fragments. Our goal is to tag these fragments as
arms or the scaffold. To achieve this, we perform clustering on these molecular fragments based on the following procedure:

« Perform the linear sum assignment to assign terminal fragments (only one connection site with other molecular parts)
to subpockets extracted by AlphaSpace2.

« Take centroids of terminal fragments and remaining subpockets (may do not existpasttiastering centers.

 Take the centroid of the fragment which is farthest from all existing arm centers asdffeldclustering center.

« Perform nearest neighbor clustering, along which we always make sure the arm fragments are terminal.

Finally, we can extract arms and scaffold based on the clustering assignment. Figure 7 provides examples of our fragmented
arms and scaffolds with their corresponding original ligands and protein pockets.
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Figure 7.Examples of arms-scaffold fragmentation. Each ligand (top row) is fragmented into arms and a scaffold (bottom row). The
scaffold is visualized in yellow. The arms are visualized in other colors.

C Theoretical Analysis

In this section, we will compare our decomposed prior with standard Gaussian prior and analyze its superiority theoretically.
The decomposed prior manifests itself in two aspects: (a) It consists of multiple Gaussian distributions with different
means rather than a single one; (b) The covariance matrix of each Gaussian distribution does have not to be a unit one. For
simplicity, we will show the superiority of the decomposed prior theoretically from these two aspects respectively.

Recall that we denonei;ik) = x"" . Additionally, for clarity in the proof, we denote’ = x{) = x{?  ®

wherek satis es i = 1. Similarly, for the standard prior, we denot{sl) = xgi) here. S) and 4 are thedth scalar
elementin () and respectively.

We rst show why the decomposed prior can approximate the data distribution better in aspect (a). Respecting the natural
decomposition of a binding molecule, we make an assumptiorE[IxéP] = 2RP; E[xg)xg)' ]=12RP Dif 4 =

1 andE[>e§,j )xg)' ]= 0;8i 6 j. Besides, we assume that the score network is a simple grei:ph neural network with only one
layer of linear transformation and summation as an aggregation functio&,éi{e.z, f (Xt = e (XE” xfi))+ xfi)

and = diag 1; 2; ; p) 2 RP P are learnable parameters constraint to a diagonal matrix with fre@dlofrhe

diffusion process of the decomposed and standard cases are shown respectively as follows:

p

x() = pitxg) +°1T | where x{"=x{"+ ® (22)

x{) = p*txg) + pﬁ where x{" = x{) + (23)

where N (0O;1).
Under the above assumption, the negative evidence lower bound (ELBO) based on the decomposed prior can be derived as:

" " H
X X Toom 2, X7 (i) o) 2
ELBOdecomp: Exo; ik 7 X-O;k + t XO;k ko;t + C
2 i k " t=1 #3 (24)
X X T L0 @ 2 X (i) o) 2
Exo; > Xo + ¢ Xo Rgy O+C
k i k=1 t=1

14



DecompDIFF: Diffusion Models with Decomposed Priors for Structure-Based Drug Design

Similarly, the negative ELBO based on the standard Gaussian prior can be derived as:

n " ##
X X Toom 2, X7 (i) o) 2
ELBOstandard= EXo; ik 7 Xo + t X0;k kO;t +C

i Kk t=1
! " #3 (25)

X X 0) 2 X1 (i) o) 2

= Exo; 4 2 %o + t Xo Rgy O°+C

k i k=1 t=1

It is oBviolys thatEb [kxo K% Ex,[kxo k2. Thus we focus on proving the minimum of the second term
Exo: [ « #1421 =2 thf)') 5%8;2 k?] based on the decomposed priors is less than that based on the standard priors.

The main difference of this term is aboﬁg;% = f (x;;t) wherex"V = %" + () in the decomposed case and
x§') = XE') + inthe standard case as shown by Equation (22) and Equation (23).

P )
Under a reasonable assumption that () = = 0, this term in the decomposed and standard case can be derived as
Equation (27) and Equation (26), respectively.

2 3
X X X1 ) L2
Ex,: 4 x§)  &§) 5
k i k=1 t=1
2 2 3 23
X X1 . X . : )
:Exo§2 Cxg) 4 ¢ x{)+ x{"s g
iot=1 isi
2 ,3
X X1 . X h _ [ _
=Ey; 4 Cx§)+ Dy w@e xS
i t=1 i6i
2 3
X X1 X h [ ?
R A U
iot=1 i6i
X X1 : p_ X : p X P p :
=E,,. ¢ x§) . xP+ T N "X N oy T 0
i t=1 jsi 2# j6i (26)
P x4 plitgi)
X X1 P— P— .\ ), P i
= Exo. C(H(N DT dxP+TT Ny ) ©
i t=1
X p X "
p . .
t Xg) 1 EJ)
" j6i j6i
X1 X p_ X (i)zi
= t N2(N 1)+ (N+(N 1) a G
t=1 d i .
p— p— p— X (i)zI
+ 2N(N 1) 1+ (1 2N 1) 4 d
X #
+ Na Pozena e P2t (2
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7 3
X X X1 ) L2
Ex,: 4 e xg) ’§) S
k i k=1 t=1
2 2 3 23
X X1 . ) )
=Ey: 4 N U IMCCR
i t=1 j6i
2 3
X X1 X h [ ?
=E,,. 3 Cx e e ) @ 0y 0@ £
iot=1 jsi
2 3
X K1 h i 2
S SR NI IR
i ot=1 i6i
"% %1 X X @7
) p__ ) P ) [o JES P .
= Exo: ¢ %y L AU R ( VI L O (VIR S R
i ot=1 i6i 2# isi
p—tx_g) + pﬁ (M
X X1 p__ p__ . p )
= Exo. c (0 +H(N D) A+ Ty P
i t=1
X p X 2"
pi . .
: x) P17 i)
" j6i j6i
X1 X h i o o #
= ¢ NN 1) 4+ 2N(N 1) ¢ 1) ¢+ N@ D2+ N@ )
t=1 d

The difference between the nal derivation of Equation (27) and Equation (26) are highlighted in blue. Thus the minimum
along the dimensiod over the parametery can be expressed in the same format as follows:

X P—2 X P—o X e
N t[(1 )+ (1 Ol + t(1 t) d

t t i

P _ P _ _ P gl
NN 1, (PT opreNn 1y, Pa P, g2 (28)

P P P .
4N2N 1) (+[NH(N 12 o g

. _ (ex+f)? _ P
The above formula can be expressed in the férfx) = ax + b ~+d— Wherex = and the constants
a; b;c; d; e; f are all positive in our settind.(x) is strictly monotone increasing function §@ + 1 ) whenac > e?. Thus

our proof is done when the following inequation holds:

2 X P, X h X p_, p_
IN+(N DT (1 t) tt> (2N 1) e (1 t) (29)
t t t

(i)2
d

gbwously N +(N_ 1)°> (ZNP 1)2 Accordlng to CaE)chy—Schwarz mequsl(ty U vl) ( u ) ( vi)z,
3 t% ? c= e Py TPy Cra PP s
(1 t)) also holds. Thus we reach the conclusiom  ELBOgecomp< MiN  ELBOstandard
For the aspect (b), we refer to the proof in (Lee et al., 2021) which shows the tighter ELBO witNrigr ) thanN (0;1)
under some assumptions whenaligns with the covariance of data distribution. Because the decomposed priors used in the

training phase are obtained by Maximum Likelihood Estimation (MLE), they are supposed to have better alignment with
data distribution.
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D Derivation of Validity Guidance

In this section, we will show the derivation of arms-scaffold drift and clash drift in detail.
The additional drift term that promotes the connection between the arms and scaffold is derived as follows:

f x JogP(f mn . min kx xPk,  nain =1 jAjg x4)

nij 2S
X A .
=T, logP(f mn mln2 kxg') x§”k2 max 9iXt)
-t | nii i
Xory, P miniza,;o2s kX(I) Xgl)kz min OjXt) P (fminiza ;25 kX(I) XEJ)kz max 9jXt)
n=1 P(f min m|n|2A nil 2S kx(l) th)kz max gjxt) (30)
i 4 . . .
= ir XIP(f m|]n kx( xDky i)+ or «P(f m|Jn kx{ x Pk, min QjXt)
n:1 n n
by . . _ _
= 0 min ke xPke ma)ixad# o ENCmin ke xPke i )ixa]
n:l n. no,
Wherg 1 = 1=P(f miniza,j2s kx xPk, min OiX¢) and » = 1=P(fminiza ,;2s kM x P,
mangXt)-

The additional drift term that guides our model to generate molecules outside the protein surface is derived as follows:

x. logP(fS(x(M) > ; 8igjx)
«PES(xM) > ; 8igixy)
P(fs(x{") > ; 8igix,) (31)

X M) ,
=3l x, E[  1( S(Xx¢7) < )=Nwmjx¢]
i=1

P .
where 3= 1=E[ " 1( S(x") < )=Nw jxq].
Due to the discontinuity of the indicator function that is incompatible with the gradient operator, we useax (0; y)
as a surrogate dfy < ) in Equation (30) and Equation (31). Althougly ,; 3 are dependent ox;, we nd setting
them as constant still works well. With these two approximations, we can derive the arms-scaffold drift and clash drift as
Equation (20) and Equation (21) respectively.

E Implementation Details

E.1 Featurization

We represent each protein atom with the following features: one-hot element indicator (H, C, N, O, S, Se), one-hot amino
acid type indicator (20 dimension), one-dim ag indicating whether the atom is a backbone atom, and one-hot arm/scaffold
region indicator. If the distance between the protein atom and any arm prior center is withjihEOprotein atom will be

labeled as belonging to an arm region and otherwise a scaffold region.

The ligand atom is represented with following features: one-hot element indicator (C, N, O, F, P, S, CI) and one-hot
arm/scaffold indicator. Note that the partition of arms and scaffold is predetermined. Thus, the decomposition feature only
serves as the input of the model but will not be involved in the network’s prediction.

We build two graphs for message passing in the protein-ligand complexearest neighbors graph upon ligand atoms

and protein atoms (we chooke= 32 in all experiments) and a fully-connected graph upon ligand atoms. As Sec. 3.3
mentioned, we only need to predict a subset of edges even though the message passing can be performed on all edges. In
the knn graph, the edge features are the outer products of distance embedding and edge type. The distance embedding is
obtained by expanding distance with radial basis functions located at 20 centers betha®hIDA. The edge typeis a
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Table 7.Summary of different properties of reference molecules and molecules generated by multiple variants of our model and TargetDiff
for comparison.'() / (#) denotes a larger / smaller number is better.

Methods Vina Score %) | VinaMin (#) | Vina Dock ¢) | High Afnity (") QED (") SA (") Success Raté' )
Avg. Med. | Avg. Med. | Avg. Med. | Avg. Med. | Avg. Med. | Avg. Med. Avg.
Reference | -6.36 -6.46 | -6.71 -6.49| -7.45 -7.26 | 048 047] 073 0.74] 25.0%
TargetDiff -547 -6.30| -6.64 -6.83| -7.80 -7.91|58.1% 59.1%| 0.48 0.48| 0.58 0.58 10.5%
DecoMPDIFF- Atom - Ref Prior -6.11 -6.16 | -6.68 -6.58| -7.53 -7.59| 59.8% 63.0%| 0.48 0.48| 0.61 0.61 11.2%
DecomPDIFF- Atom - Pocket Prior| -5.72 -7.49 | -7.66 -8.33| -9.08 -9.32| 79.0% 96.0%| 0.41 0.38| 0.52 0.52 114 %
DEecoMPDIFF- Atom - Opt Prior -6.01 -7.34|-7.65 -8.01| -893 -9.02| 745% 88.4%| 0.37 0.34| 0.50 0.50 5.8%
DecoMPDIFF- Bond - Ref Prior -5.17 -5.25| -6.03 -5.98| -7.10 -7.14| 48.9% 45.6%| 0.51 0.51| 0.66 0.65 15.4%
DecowmPDIFF- Bond - Pocket Prior| -5.69 -6.06 | -7.14 -7.19| -850 -855| 69.2% 81.6%| 0.41 0.39| 0.59 0.59 19.8%
DecoMPDIFF- Bond - Opt Prior -5.67 -6.04 | -7.04 -7.09| -8.39 -843|64.4% 71.0%| 0.45 0.43| 0.61 0.60 24.5%

4-dim one-hot vector indicating the edge is between ligand atoms, protein atoms, ligand-protein atoms or protein-ligand
atoms. In the ligand graph, the ligand bond is represented with a one-hot bond type vector (non-bond, single, double, triple,
aromatic), an additional feature indicating whether or not two ligand atoms are from the same arm/scaffold prior.

E.2 Model Details

Our neural network is mainly composed of three types of layers: atom update layer, bond update layer, and position update
layer. In each layer, we apply graph attention to aggregate the message of each node/edge. The key/value/query embedding
is obtained through a 2-layer MLP with LayerNorm and ReLU activation. Stacking these three layers as a block, our model
consists of 6 blocks withidden _dim=128 andn_heads=16 .

We set the number of diffusion steps as 1000. For this diffusion noise schedule, we choose to use a sapmedtlile with
1 = le-7 and 1 = 2e-3 for atom coordinates, and a cosinschedule suggested in (Nichol & Dhariwal, 2021) with
s = 0:01for atom types and bond types.

E.3 Training Details

The model is trained via gradient descent method Adam (Kingma & Ba, 2014)nitith _learning  _rate=0.001
betas=(0.95, 0.999) , batch _size=4 andclip _gradient _norm=8. To balance the scales of different losses,

we multiply a factor = 100 on the atom type loss and bond type loss. During the training phase, we add a small Gaussian
noise with a standard deviation of 0.1 to protein atom coordinates as data augmentation. We also schedule to decay the
learning rate exponentially with a factor of 0.6 and a minimum learning rate of 1e-6. The learning rate is decayed if there is
no improvement for the validation loss in 10 consecutive evaluations. The evaluation is performed for every 2000 training
steps. We trained our model on one NVIDIA GeForce GTX A100 GPU, and it could converge within 36 hours and 300k
steps.

F Additional Results

F.1 Full Evaluation Results

In Table 7, we show the results of multiple variants of our models. All of them leverage decomposed priors and validity
guidance to improve the sampling quality. The differences lie in whether to include bond diffusion and which kind of prior
is used.Ref Prioris estimated from the reference molecule with a Gaussian distribution through maximum likelihood
estimation.Pocket Priorestimates the prior center as illustrated in Appendix A and uses a neural classi er to estimate the
number of ligand atoms and prior standard deviat@pt Prior is a mixture of them which uses Ref Prior if the reference
ligand could pass the Success criteria (QEMD:25, SA> 0:59, Vina Dock< 8:18). It can be seen that bond diffusion
consistently has a positive effect on QED and SA. Both bond diffusion and Opt prior have a better balance in the 2D structure
rationality and binding af nity, which leads to a higher success rate.

F.2 Time Complexity

For the training ef ciency, we summarize the running time per step and the total running time in Table 8. The increase in
training time is mainly due to the introduction of bond diffusion, which makes the network more complex. The decomposed
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Table 8. Training time of different models.
Model Time(s) / Step  Total #Steps  Total Time (hrs)

AR 0.15 I.5M 62.5
Pocket2Mol 0.55 475 K 72.6
TargetDiff 0.30 300K 25.0
Ours 0.50 300K 41.7

prior has a negligible impact on the training time.

For the sampling efficiency, AR, Pocket2Mol, GraphBP, and TargetDiff use 7785s, 2544s, 105s, and 3428s for generating
100 valid molecules on average separately. It takes DecompDiff 5570s / 6189s on average without / with validity guidance.
Similarly, the decomposed prior has a negligible impact on the sampling time. Bond diffusion results in 1.62x sampling
time compared to TargetDiff, and validity guidance makes the sampling time slightly increase by 10% further.

G Examples of Generated Ligands

In Figure 8, we visualize reference ligands and ligands generated by TargetDiff (Guan et al., 2023) and our model. As the
visualization shows, the ligands generated by our model can occupy more space in the concave target binding site due to the
design of decomposed prior. Bond diffusion and validity guidance can promote the quality of generated ligands. Thus the
ligands generated by our model can achieve better Vina Scores while keeping reasonable QED and SA.
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