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Abstract

Recently, graph neural networks (GNNs) have been success-
fully applied to predicting molecular properties, which is
one of the most classical cheminformatics tasks with var-
ious applications. Despite their effectiveness, we empiri-
cally observe that training a single GNN model for diverse
molecules with distinct structural patterns limits its predic-
tion performance. In this paper, motivated by this observa-
tion, we propose TopExpert to leverage topology-specific pre-
diction models (referred to as experts), each of which is re-
sponsible for each molecular group sharing similar topolog-
ical semantics. That is, each expert learns topology-specific
discriminative features while being trained with its corre-
sponding topological group. To tackle the key challenge of
grouping molecules by their topological patterns, we intro-
duce a clustering-based gating module that assigns an input
molecule into one of the clusters and further optimizes the
gating module with two different types of self-supervision:
topological semantics induced by GNNs and molecular scaf-
folds, respectively. Extensive experiments demonstrate that
TopExpert has boosted the performance for molecular prop-
erty prediction and also achieved better generalization for
new molecules with unseen scaffolds than baselines. The
code is available at https://github.com/kimsu55/ToxExpert.

Introduction

Molecular property prediction is one of the most clas-
sical cheminformatics tasks with applications in various
areas such as quantum chemistry (Gilmer et al. 2017;
Brockschmidt 2020) and biology (Jumper et al. 2021; Liu
et al. 2020). It aims to clarify the correspondence between
a molecule and its properties, including toxicity, barrier per-
meability, and adverse drug reactions. Molecular topology,
which refers to the pattern of interconnections among atoms
and thus determines the ultimate structure of a molecule
(Rouvray 1986), has played an essential role in predicting
the properties. It is well known that molecules with simi-
lar structural patterns are likely to have similar properties
(Lo and Torres 2016), and accordingly, such topological
information has been widely exploited for drug discovery
and further modifications to improve target properties (Hu,
Stumpfe, and Bajorath 2016; Naveja et al. 2019).
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Figure 1: The t-SNE visualization of molecular represen-
tations produced by randomly-initialized GIN (Xu et al.
2019).

Recently, Graph neural networks (GNNs) have been suc-
cessfully applied to predicting molecular properties (Yang
et al. 2019, 2020; Yu and Gao 2022). Specifically, regard-
ing molecules as graphs, GNNSs extract localized spatial fea-
tures by aggregating information at neighbor nodes and it-
eratively combining them to construct high-level represen-
tations, which effectively encodes the molecular topology
(Figure 1). Several attempts have been made to help GNNs
further capture topology information. One approach is to
leverage frequently-occurred subgraphs, known as motifs,
which are considered as basic meaning blocks with partic-
ular functions (Fey, Yuen, and Weichert 2020; Peng et al.
2020). Another approach is to preserve structural informa-
tion in the process of aggregating node representations into a
graph level (Baek, Kang, and Hwang 2021; Lee et al. 2021).

Despite their effectiveness, we observe that training a
single GNN model to learn molecules with distinct struc-
tural patterns can hinder the model from capturing topology-
specific features and eventually limits its performance. In
Figure 2, for the property prediction of aromatic molecules,
one GNN model trained on both aromatic and acyclic com-
pounds (i.e., molecules having distinct topology) performs
worse than another GNN model trained on aromatic com-
pounds only despite its larger number of training data. In this
sense, we argue that there is much room for improvement
in case of utilizing topology-specialized models (called ex-
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Figure 2: Classification performance on aromatic molecules.

perts) for each molecule group sharing similar topological
semantics, instead of a single model.

One simple solution for grouping molecules by their
topology is using molecular scaffolds. A scaffold is gen-
erally known as a core structure of a molecule, and each
molecule is deterministically assigned to one of the scaf-
folds based on pre-defined rules. In particular, it has been
well studied and exploited in pharmacological and biologi-
cal areas (Hu, Stumpfe, and Bajorath 2016). However, there
are two technical challenges to utilizing molecular scaffolds.
First, scaffolds are too fine-grained to be directly used. For
instance, there exist 7,831 molecules with 2,405 distinct
scaffolds in the Tox21 dataset. Thus, assigning an expert to
each scaffold is not feasible, as the number of molecules in
each scaffold is too few to train an expert; only 3.3 molecules
share the same scaffold on average for Tox21 dataset. Sec-
ond, at the deployment of the model, it will face the chal-
lenge of handling new molecules of unseen scaffolds that
are not in the training set. This arises from the scaffold split-
ting procedure, which enforces training and testing datasets
sharing no common scaffolds; this has been widely used as
a default evaluation setup because it provides a more real-
istic estimate of the model performance than random split-
ting (Wu et al. 2018). In this regard, simply using scaffold
indices as the input features is not applicable because unseen
scaffolds cannot be handled during testing.

In this paper, we propose a topology-specific expert
model, named TopExpert, that exploits multiple experts
specialized in their corresponding topological groups (Fig-
ure 3). Each expert is responsible for predicting the property
of molecules in each group by effectively capturing discrim-
inative features specific to its associated topological group;
it serves as topology-specific knowledge. For the assignment
of molecules to the experts, we introduce a novel gating
module that identifies topological groups relevant to an input
molecule based on its cluster assignment.

To obtain effective clusters of molecules based on
their topology, we optimize our gating module in a self-
supervised manner, in order to make molecular representa-
tions distinguishable according to their topological seman-
tics. By using both topological features (encoded by a GNN)
and prior knowledge (induced by scaffolds) of molecules,
we strengthen (1) the cohesion of each cluster and (2)
the alignment between fine-grained scaffolds and coarse-
grained clusters. In the end, TopExpert clusters molecules
having similar topological semantics into the same group,
which allows us to identify relevant groups even for a new
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Figure 3: The overall framework of TopExpert. It consists
of three components: GNN, a gating module, and multiple
experts. In training, the gating module optimizes molecu-
lar representations to be distinguishable according to their
topological information. In testing, it selects experts more
relevant to an input molecule with a higher weight.

molecule with an unseen scaffold. The contribution of this
work is threefold as follows:

* We demonstrate that learning molecules having distinct
structural patterns with a single model may negatively
affect capturing topology-specific features for property
prediction, which has not been studied in previous works.

* We propose topology-specific experts with a novel
clustering-based gating module that leverages topologi-
cal information induced by GNNs and molecular scaf-
folds. To the best of our knowledge, this is the first work
to incorporate molecular scaffolds into GNNS.

* We validate the effectiveness of TopExpert as a gen-
eral tool for boosting the performance of existing GNN
models through extensive experiments. Furthermore, we
show that our model can be well-generalized to new
molecules with unseen scaffolds.

Related Work

Molecular Property Prediction. It aims to clarify the
correspondence between a molecule and its properties. For
encoding molecules as numerical features, traditional ap-
proaches use hand-engineered molecular features such as
molecular fingerprints (Rogers and Hahn 2010) and molec-
ular descriptors (Hansen et al. 2015). However, such hand-
crafted features are insufficient to reflect structural similari-
ties and biological activities of molecules. Recently, GNNs
have gained significant attention because of their convincing
performance (Gilmer et al. 2017; Lu et al. 2019; Klicpera,
GroB, and Giinnemann 2020). GNNs also have the advan-
tage that they can be directly applied to non-euclidean graph
data without feature engineering. To better exploit molec-
ular topology, several studies have leveraged motifs (i.e.,



frequently-occurred subgraphs) mostly obtained based on
prior knowledge (Fey, Yuen, and Weichert 2020; Yu and Gao
2022). In addition, some attempts have been made to better
preserve structural information in the process of aggregat-
ing node-level representations into a graph-level one (Baek,
Kang, and Hwang 2021; Lee et al. 2021). Another line of
work has focused on pre-training and self-supervised learn-
ing of GNNs to improve the performance on downstream
tasks (Sun et al. 2019; Hu et al. 2020; Subramonian 2021).

Although the aforementioned methods have shown
promising results with the help of their enhanced GNNs,
they mainly utilize a single GNN model for their target task.
However, our empirical findings imply that such a single
model is insufficient to handle molecules with distinct struc-
tural patterns. For this reason, this work focuses on utiliz-
ing multiple experts to capture topological group-specific
knowledge for property prediction, which is orthogonal to
the existing studies.

Expert Models. It mainly employs a divide-and-conquer
strategy for systems composed of many distinct experts,
each of which learns to handle a part of input space (Jacobs
et al. 1991). Recently, this idea of mixture of experts (MoE)
has been combined with neural networks, and Shazeer et al.
(2017) firstly propose a sparsely-gated MoE with the goal
of reducing computational costs. In particular, MoE archi-
tecture has been validated in various applications such as
image recognition (Ahmed, Baig, and Torresani 2016), ma-
chine translation (Shen et al. 2019), and recommender sys-
tem (Kang et al. 2020, 2021). When it comes to graph clas-
sification, Hu et al. (2021) adopts a multi-gate MoE (Ma
et al. 2018) to tackle the performance deterioration caused
by class-imbalance. However, they do not consider the ex-
plicit graph topology in the gating process, and its perfor-
mance is degraded when using a single gating network (Hu
et al. 2021). Our work is distinguished from the above ap-
proaches in that we elaborate MoE to leverage topology
knowledge induced by GNNs and molecular scaffolds in the
gating process.

Preliminaries
Problem Formulation

In molecular property prediction, a molecule is usually re-
garded as a graph whose nodes and edges respectively cor-
respond to the atoms and chemical bonds in the molecule.
Given a training set D = {(Gy,y;)}Y,, where G; € G de-
notes a graph (i.e., molecule) and y; € {0,1}7 is its binary
labels (i.e., target properties) for 7' tasks, the goal of our
work is to train a model f : G — ) to predict properties of
new input molecules. A graph G with n nodes and m edges
is defined by its node features X € R7*dnode edge features
E € R™*dedse and the adjacency matrix A € R™*", where
A(u,v) = 1if there is an edge between node u and node v,
and A(u,v) = 0 otherwise.

Molecular Scaffolds

A scaffold is generally known as a core structure of a
molecule (Hu, Stumpfe, and Bajorath 2016), and “Bemis
and Murcko (BM) scaffolds” whose major building blocks
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are ring systems with linkers have been widely used (Bemis
and Murcko 1996).! Note that the scaffold of a molecule
is easily determined based on pre-defined rules. Scaffold-
inducing structural information is instructive when exploit-
ing a direct structure-property relationship in pharmacolog-
ical and biological areas. For example, it was reported that
5,120 known drugs were categorized into 1,179 scaffolds,
and 50 percent of the total drug molecules belong to only
32 of 1,179 (Bemis and Murcko 1996). In this sense, bench-
mark datasets for molecular property prediction are mainly
split into training and testing sets to have disjoint scaffold
indices, which makes the prediction more challenging yet
realistic compared to random split (Wu et al. 2018).

Graph Neural Networks

To encode useful information from graph-structured data,
GNN:ss iteratively compute node representations by aggregat-
ing messages from neighbor nodes and connected edges in a
layer-wise manner (Scarselli et al. 2008). The representation

of node u at the ([+1)-th GNN layer (denoted by h,(f +1)) is
defined by

B = 7O (n0, 70 ({00, 0D, en,) o € N (w)}))

where A (u) is the set of neighbors of node u, and f,(f)

él) are the arbitrary differentiable functions for updating
representations and aggregating messages, respectively. In
the end, the graph-level representation h is obtained by
summarizing all node representations using a readout func-

tion f,. such as averaging, summation, or sophisticated meth-
ods,
he = f, ({bL|u e G}).

TopExpert: The Proposed Method

In this section, we present TopExpert, a GNN-based frame-
work that adopts multiple experts for molecular property
prediction. Each expert learns from molecules in the cor-
responding topological group, where the molecules are as-
signed by a clustering-based gating module.

2

Overview

The goal of TopExpert is to effectively capture topology-
specific features by exploiting multiple experts specialized
in their corresponding topological groups. In Figure 3, Top-
Expert consists of three parts: a GNN, K number of experts,
and a gating module. Serving as a feature extractor, the GNN
maps an input molecule into a low-dimensional molecule
representation. Then, each expert, implemented as a fully-
connected (FC) layer, computes its output (i.e., classification
logits) by using the molecule representation. In the end, the
final output is obtained by aggregating the experts’ predic-
tions with their weight values, which are calculated by the
gating module to assign the input molecule into the topolog-
ical groups (i.e., molecule clusters). To encourage the gating
module to effectively assign each molecule into the clus-
ters based on topological similarity, we adopt two learning

'In this paper, we refer to BM scaffolds as scaffolds for brevity.



objectives to make the molecule representations discrimina-
tive in terms of topological patterns: (1) The clustering loss
strengthens the cohesion of the clusters by increasing the
maximum cluster membership of each molecule, and (2) the
alignment loss further aligns the coarse-grained clusters with
the fine-grained scaffolds to encode topological semantics
induced by molecular scaffolds.

Multiple Experts Learning for Property Prediction

The key idea of our gating module is to assign each molecule
into the experts based on its similarity to the corresponding
molecule clusters. To this end, given an input molecule G,
the gating module non-linearly transforms its GNN-induced
molecule representation hg, into the topology representa-
tion z; € Z, which is used for molecule clustering based on
topological patterns; we simply use a multi-layer perceptron
(MLP) with two hidden layers: z; = MLP(hg,) € Ré=.

Then, to calculate the cluster assignment probability, we
introduce trainable parameters for K cluster centroids, M =
(15 s i) € REX42 2 To compute the assignment prob-
ability of the i-th molecule to the k-th topological cluster,
denoted by g;x, we measure the similarity between the topol-
ogy representation z; and the k-th centroid p using a Stu-
dent’s t-distribution with one degree of freedom as a kernel
(Van der Maaten and Hinton 2008):

(1 + llzi — el [*) "
Do (L2 = pr[[?) 1

Based on the cluster assignment probability, we addition-
ally adopt a stochastic selection strategy to help the ex-
perts to learn comprehensive topological patterns in the early
training stage. Precisely, we use the Gumbel-Softmax, (Jang,
Gu, and Poole 2017) which approximates the sampling from
the cluster assignment distribution with the reparameteriza-
tion trick for its differentiation:

3

Qik =

exp ((log gix + ik)/T)
> exp ((log qirr + viwr ) /7))’

where ;1 is drawn from the standard Gumbel distribution;
ie., vir = —log(—log(Uix)) with Uy, ~ Uniform(0,1).
The temperature of the softmax 7 is initially set to the value
Ty and exponentially annealed down to the last value T'g;
ie, T = TO(%“)§ such that Ty > T'r with the total train-
ing epochs E and the current epoch e. The higher 7 value
makes the Gumbel-Softmax distribution more uniform over
the experts (Jang, Gu, and Poole 2017), which allows experts
to stochastically explore diverse topological patterns in the
early training phase (Balin, Abid, and Zou 2019).

Finally, each of the K experts outputs the logit 0;, € R7,
and the final prediction output §; € R is obtained by

K
Vi = Zgik : U(Oik)v
k=1

gik = “

&)

The centroids are initialized by K -means clustering on topol-
ogy representations from a randomly-initialized model.
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where o (-) is a sigmoid function. To optimize the model pa-
rameters for the target prediction tasks (i.e., multi-label bi-
nary classification), we define the binary cross entropy loss:

N
1 .
‘Cclass - N E BCE(YH Yz) (6)

=1

Note that, as training progresses, the weight distribution
over all the experts, i.e., g;, is getting closer to one-hot dis-
tribution due to the annealed temperature 7 as in Eq. (5).
In the end, each expert is only updated by gradients from
its corresponding topology group, while gradients from the
other groups hardly flow back to the expert with negligible
weights. This encourages each expert to learn discriminative
features from the corresponding subset of the data.

The remaining challenge is guiding the gating module to
discover topological clusters of molecules, which should be
effective for the target prediction tasks. Since there do not
exist guidance labels for clustering, we optimize the topol-
ogy representations and cluster centroids in a self-supervised
manner by leveraging topological features (encoded by a
GNN) and prior knowledge (induced by scaffolds).

Gating Module Learning for Cohesive Clustering

For the guidance of the gating module in terms of clustering,
TopExpert directly optimizes the cluster assignment distri-
bution q; (Eq. (3)) with the help of the target distribution
p; computed using the current cluster assignment. As shown
in Figure 1, GNNs are inherently capable of extracting dis-
criminative structural features to some extent. Therefore, we
define a target distribution for each molecule based on the
cluster assignment of the current model, which therefore en-
hances the high-confident assignment (Xie, Girshick, and
Farhadi 2016) via a squaring operation:

q?k/ > ik
P (qizk// > Gikr)

Note that this target distribution strengthens the cluster cohe-
sion, which tunes topology representations further discrimi-
native with respect to their topological patterns.

To sum up, we define the clustering loss that enhances the
cohesion of the clusters by minimizing KL divergence be-
tween a cluster assignment distribution q; and a target dis-
tribution p; as follows:

1 N K
‘Ccluster — KL PHQ N Z Z
i=1 k=1

Gating Module Learning for Scaffold Alignment

To incorporate rich topological information into molecule
clustering, we take advantage of molecular scaffolds as prior
knowledge to guide the clustering process. Since scaffolds
are much finer-grained than molecular clusters of our gat-
ing module, we propose a scaffold alignment scheme that
aligns each molecule’s scaffold index with its cluster assign-
ment distribution. This facilitates the densely-located topol-
ogy representations of molecules having not only the same
scaffolds but also topologically similar scaffolds.

Pik = (7

pzk
Dik IOg —_

’L

(®)



Inspired by the optimal transport (OT) problem (Monge
1781), we devise a distance measure between the cluster as-
signment distribution q; and the scaffold distribution s; for a
molecule G;. Note that OT has been widely used to measure
the distance between two probability measures by optimiz-
ing all possible probabilistic couplings between them (Ma
and Chen 2021; Lee et al. 2022). In the case of a training
set with V' scaffolds, the scaffold index of each molecule
s € {0,1}V is represented as a one-hot distribution over all
the scaffolds. To formulate our OT problem, we define the
cost matrix M € RV*X between V scaffolds and K clusters
based on the cosine distance of their representations; that is,
Myr = 1—cos(e,, ix,), where e, € R9= is the scaffold rep-
resentation with trainable parameters. Using the cost matrix
M with two distributions s and q, our distance is defined by

dy(s,q) = min (T,M). )
T »q

€U(s,q)

(-,-) is the Frobenius dot-product and T € RY*¥ is one
of the feasible transport matrices in the space U(s,q) :
{T € (RT)V*E|T1k s, TT1y q}, where 1, is
the d-dimensional one vector. Since a scaffold distribution
s is a one-hot distribution, Eq. (9) has the closed-form so-
lution for the transport matrix without requiring any opti-
mization process such as Sinkhorn algorithm (Cuturi 2013);
e, T* = qu. In the end, we define the alignment loss to
minimize the distance dy;(s, q), which can be rewritten as
follows:

N K V

['align = % Z Z Z Siv * qik * (1 - COS(BU, ,uk)) (10)

i=1 k=1v=1

Minimizing the distance for a molecule G; has the effect of
matching the molecule’s topology representation z; with its
corresponding scaffold representation e, while both repre-
sentations approach the centroid of a specific cluster. When
it comes to the entire training molecules, it aligns each scaf-
fold with one of the clusters by gathering molecules with the
same scaffold into the same cluster that best represents the
topological semantics of the scaffold. In addition, the con-
dition V' > K induces topologically similar scaffolds to be
grouped together.

Remarks. We also considered two alternative strategies to
utilize molecular scaffolds: one is minimizing the distance
between a molecule’s topology representation and its corre-
sponding scaffold representation directly, e.g., >, Siv-||zi —
€y ]|2, and the other is applying scaffold classification loss by
using the scaffolds as the label. We found that the OT-based
alignment strategy consistently obtains higher performance
than the alternatives (This will be discussed in Appendix B).
Furthermore, the clustering part in TopExpert (i.e., GNN,
MLP, Eq. (8), and Eq. (10)) can be used as a standalone
model for deep molecule clustering. We name it fopology-
based deep clustering, and further details are provided in
Appendix C.

Optimization and Inference

All the parameters in TopExpert, including the GNN, the
experts, and the gating module, are optimized in an end-to-
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end manner by minimizing the following loss:
L= ﬁclass + aﬁcluster + ﬂﬁalignv (11)

where o and (8 are the balance parameters that control the
quality of the final topological clusters.

To make a deterministic prediction, a new input molecule
at test time should be assigned into the clusters in a deter-
ministic way. Thus, it computes the final prediction by using
Eq. (5) that replaces g;; with g;x. In other words, the cluster
assignment probability g;; (in Eq. (3)) is directly utilized
as the weight for the experts, without applying Gumbel-
Softmax to get g;. (in Eq. (4)).

Experiments

In this section, we focus on the following three research
questions to validate the effectiveness of TopExpert.

* RQ1 Does TopExpert effectively predict molecular prop-
erties by leveraging the underlying topological patterns?

* RQ2 Does TopExpert provide robust predictions for un-
seen molecules by capturing topological patterns?

* RQ3 Do Ljuster and L34, provide useful supervision
with the gating module during training?

Experimental Settings

Dataset. We use 8 benchmark datasets (Wu et al. 2018)
for molecular property prediction, and the statistics of the
datasets are summarized in Table 1. Following the previ-
ous study (Hu et al. 2020), we extract molecular features
of nodes, edges, and scaffold indices through RDKit.? For
each dataset, we follow the scaffold splitting protocol (Hu
et al. 2020), which sorts all the molecules by their scaffold
indices and then splits them into training/validation/testing
sets with a ratio of 80:10:10, respectively.

Baselines. We compare TopExpert with various baselines.
All compared methods use GNN as a feature extractor, but
they employ different strategies for making predictions.

* SingleCLF is the standard classifier that uses a classifi-
cation module (i.e., a single expert).

The methods below employ multiple experts but use differ-
ent gating schemes to consolidate the experts.

* Mixture of Experts (MoE) employs MLP with Gumbel-
Softmax to select relevant experts for each molecule.

* Expert-Ensemble (E-Ensemble) (Dietterich 2000) uses
the arithmetic mean to combine the outputs from experts.

* GraphDIVE (Hu et al. 2021) uses a weighted sum of the
outputs from the experts. The weights are computed by a
linear layer with Softmax.

To evaluate the effectiveness of TopExpert with a broad
range of GNN backbones (Yang, Ma, and Cheng 2021),
we use various GNN architectures: GCN (Kipf and Welling
2017), GraphSAGE (Hamilton, Ying, and Leskovec 2017),
GAT (Velickovi¢ et al. 2017), GIN (Xu et al. 2019), and
Pre-trained GIN (Hu et al. 2020). For all experiments, we
employ 5-layer GNNs and each expert of a single FC layer.

*http://www.rdkit.org



GNN Method BBBP Tox21 ToxCast SIDER ClinTox MUV HIV BACE AVG.
# of Mol. 2,039 7,831 8,575 1,427 1,478 93,087 41,127 1,513 -
# of Tasks 1 12 617 27 2 17 1 1 -
SingleCLF  659+09 744+06 63.6+1.1 606+08 554+£36 740+£13 752+14 71.0+46 675
z. MoE 654+16 743+04 61509 608+10 68.1+24 7394+12 755+1.0 758+28 694
Q E-Ensemble 658 +2.8 744406 61.6+£0.7 603+09 705+59 741+£1.0 749+10 760402 69.7
o GraphDIVE 6254+19 7324+09 620+0.7 519+20 604+£62 646+47 652+41 594+46 624
TopExpert 67.0+24 753+04 63.1+£06 608+09 70160 74.6+06 76.6+07 764+L19 70.5
EJD SingleCLF  68.1+15 742+0.8 63.6+07 597+£10 534+24 745+25 746+15 708£33 674
< MoE 669+20 745+04 629407 61713 603+44 730+16 735+£1.0 71.1+3.1 680
i E-Ensemble 673 +1.6 745405 624+£06 59.6+08 609+32 73.6+t£6.1 750+1.1 701425 679
=) GraphDIVE 613 +23 74.6+£05 623+0.6 5714+28 571£76 682+£39 652+28 659+52 64.0
&) TopExpert 676 +20 743+05 626+07 62609 587427 760+15 755+10 740+3.1 68.9
SingleCLF  649+12 750+08 635+1.6 61.0+1.1 589+14 745+09 755+1.7 753+24 68.6
= MoE 640+14 708+0.7 623+08 600+X1.6 541+47 7314+18 73.0£19 765+28 66.7
s E-Ensemble 668 + 1.5 7224+12 625+0.6 594+41 5874+44 735+15 752+1.1 7704+32 68.2
GraphDIVE 64.1+14 701+£13 604+13 537+17 602+72 73.1+£16 755+14 684475 657
TopExpert 6544+21 749+08 6294+09 620£X13 59125 741+11 77313 763120 69.0
SingleCLF  689+12 743+06 641+16 581+£15 588+£57 761+13 756+16 69.0+£47 68.1
z MoE 663+20 745+05 60.1+10 586+09 555+30 761+08 714+27 68.8+39 664
o E-Ensemble 66.5+20 7444+11 607x1.1 561+16 598472 728+t25 762+11 683452 669
GraphDIVE 65.04+26 721+£3.0 547+12 529423 529469 655+£70 689+21 625+47 618
TopExpert 70.0+07 753+07 626+04 589+12 603+45 75716 763+14 71.7+4.0 69.1
o SingleCLF  68.7+13 78.1+0.6 657+0.6 67708 726=£15 813+£21 799+0.7 845+0.7 742
Q
.5 7. MoE 672+23 783+£05 654+04 619+£09 732+22 808+10 807+£05 847+04 740
55 E-Ensemble 67.5+2.8 783403 659+02 623+06 71.64+10 804+1.0 80.6+05 8434+08 739
o GraphDIVE 69.1+£0.7 783+£03 660+03 6244+0.7 721+£39 8.6+12 80.1+05 77.8+28 732
A TopExpert 69.2+25 786+03 662+05 6294+07 741+21 803+07 808+06 849+0.8 749

Table 1: Macro ROC-AUC on molecular property prediction tasks. The average score of 8 datasets is reported in the rightmost
column. The best score for each dataset under each backbone GNN architecture is marked in bold face.

Training Details and Hyper-parameters. Each model is
trained at most 200 epochs, and the training process is ter-
minated when the validation ROC-AUC does not increase
for 50 successive epochs. We train all models ten times
with different random seeds and report the average score
with its standard deviation. We search for the best hyper-
parameter configuration through a grid search based on the
validation ROC-AUC. The number of experts is chosen from
K € {3,5,7,10}, and the loss balancing parameters are se-
lected from «, 8 € {5,1,0.1,0.01}. For the temperature
annealing of Gumbel-Softmax, the initial temperature 7T
is set to 10, and the final temperature 7' is chosen from
{0.01,0.1, 1}. Further details are provided in Appendix A.

Quantitative Analysis (RQ1)

Table 1 reports ROC-AUC scores of each model on § bench-
mark datasets. The total average scores across 8 datasets in-
dicate the overall capability of predicting molecular proper-
ties. We observe that TopExpert consistently shows higher
performance than other baselines regardless of its backbone
GNN architectures. Specifically, it achieves the highest aver-
age accuracy for all backbone GNNs, yielding higher accu-
racy than each of the baselines for 35 out of 40 cases on av-
erage. Further, its superior performance to the other multiple
experts-based methods shows the effectiveness of our gating
module that reflects enriched topological information. In the
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Figure 4: Evaluation setup for robustness analysis. Example
molecules of each group (Left). Splitting criteria based on
the number of rings and aromatic rings (Right).

case of the Toxcast dataset with 617 tasks, which makes the
target prediction much more challenging, TopExpert shows
marginal improvement or even negative effects over Singe-
CLF; however, its performance drop is less severe than the
other multiple experts-based methods. In particular, Graph-
Dive with a single gate does not perform well in datasets
with multiple tasks, as discussed in Hu et al. 2021.

Robustness Analysis (RQ1 & RQ2)

Although the scaffold splitting protocol ensures that there
is no common scaffold between the training and testing
set, it does not consider high-level topological semantics
beyond the scaffolds. For a more thorough evaluation of



| SingleCLF | Expert-explicit | TopExpert | Tox21 | HIV | BACE
Test data - - ['cluste'r Calign
| ROC. |ROC. Gain | ROC. Gain | NMI ROC.| NMI ROC.| NMI ROC.
= ID(D-1/2/3) 77.3 69.8 -1.5 775 +0.2 0.096 745 |0.149 714 |0.322 68.8
5 00D (O-1) 68.1 68.1 0.0 68.8 +0.7 0.223  75.1 | 0347 757 |0372 71.0
&= 00D (0-2) 63.9 655 +1.6 | 648 +09 v 0.098 74.6 | 0.154 72.5 | 0335 68.7
N ID (D-1/2/3) 671 606 6.5 672 101 v 0.228 75.3 | 0.357 76.3 | 0383 71.7
= 00D (O-1) 58.3 63.9 +5.6 63.1 +4.8
00D (0-2) 63.9 61.2 -2.7 65.1 +1.2 Table 3: Macro ROC-AUC of ablations (Backbone: GIN).

Table 2: Macro ROC-AUC on ID and OOD groups (Back-
bone: GIN). Gain denotes the improvement over SingleCLF.
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Figure 5: The molecule closest to the three cluster centroids
for each molecule group, identified by TopExpert.

the robustness of new molecular structures having topo-
logical semantics distinguishable from the training set, we
introduce a new splitting protocol. Specifically, we divide
molecules into five groups, each of which has a disjoint
scaffold set, according to the combination of the number
of rings and aromatic rings* (Figure 4). We categorize D-
1, D-2, and D-3 as in-distribution (ID) and O-1 and O-2 as
out-of-distribution (OOD). Then, we train models using ID
molecules only and evaluate the performance using both ID
and OOD molecules. To further ascertain the effectiveness
of our gating module, we compare TopExpert with Expert-
explicit, a variant that explicitly and deterministically as-
signs an expert for each ID group (i.e., D-1, D-2, and D-3).

Table 2 shows the prediction performances on ID and
OOD groups. Compared to SingleCLF, TopExpert achieves
comparable performance for ID groups and consistently
higher performance for OOD groups, strongly supporting
the TopExpert’s robustness to unseen molecular structures.
However, Expert-explicit shows a significant performance
drop for ID groups and degraded performance for an OOD
group on the HIV dataset. That is, the molecule segrega-
tion based on pre-defined rules leads to suboptimal results
because it cannot capture information useful for molec-
ular property prediction. In contrast, TopExpert clusters
molecules in favor of predicting their molecular property
during optimization, eventually assigning molecules to the
experts in a data-driven and task-specific way, which is use-

*It is known that the number of rings is an important descriptor
of molecular properties (Debnath et al. 1991).

>To identify the most relevant expert to each OOD molecule,
Expert-explicit utilizes the centroid of each ID group. We set the
number of experts to 3 for both Expert-explicit and TopExpert.
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ful in real-world applications. In practice, the assignment
ratio of training molecule groups (D-1/2/3) to each cluster
(Appendix D) varies depending on the dataset, indicating
that TopExpert adjusts how much it incorporates topology
information by itself. Figure 5 also illustrates that TopEx-
pert assigns molecules with unseen structures (i.e., O-1 and
0O-2) to the most topologically similar clusters.

Ablation Study (RQ3)

To examine how each component of our model affects the
final performance, we conduct an ablation study. Note that
without L jyster and Lgi4n, our method is equivalent to the
basic MoE. Table 3 shows that the clustering loss helps im-
prove the performances over MoE. Furthermore, the best
performance is achieved by using both Ljyster and Lgjign.
Besides, we report normalized mutual information (NMI)
(Strehl and Ghosh 2002) to evaluate how many molecules
with the same scaffold belong to the same cluster. We ob-
serve that both losses indeed improve NMI, but the extent of
the growth varies widely across datasets.

Further Analysis

Additional cost for multiple experts. We compare com-
putational costs of TopExpert with that of SingleCLF on
BBBP dataset. All computations required for multiple ex-
perts are executed in parallel by GPU processors. As a re-
sult, TopExpert shows only 4% increase in training cost and
2% increase in inference cost. In terms of model size, Top-
Expert additionally uses 1% of the total parameters of the
GIN-based model. Taken together, we conclude that the ad-
ditional cost for multiple experts in TopExpert is marginal.

Parameter analysis. The effects of the loss balancing pa-
rameters (i.e., o and () and the number of experts (i.e., K)
are reported in Appendix E and F, respectively. In short, their
optimal values vary depending on the dataset, and they can
be easily tuned by using the validation set.

Conclusion

TopExpert adopts a clustering-based gating module that as-
signs input molecules into topological groups and optimizes
it for effective clustering in two self-supervised ways: 1)
cluster cohesion strengthening and 2) cluster-scaffold align-
ment. Our extensive experiments demonstrate that TopEx-
pert significantly boosts the performance with various back-
bone GNN architectures, implying that topology-specific ex-
perts can offer complementary information for better gener-
alization on test molecules with new topological patterns.
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