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Cluster-Aware Few-Shot Molecular Property
Prediction With Factor Disentanglement

Haodong Zhang, Tao Ren", Yifan Wang

Abstract—Molecular property prediction plays a crucial role in
drug discovery, but is always challenged by the limited number of
effective labels. Compared with existing methods, we argue that
the auxiliary properties of the molecule and the heterogeneous
structure of different property prediction tasks have always been
ignored. In this article, we propose a novel framework termed
Meta-DREAM for few-shot molecular property prediction, which
tailors to learning the transferable knowledge within different
clusters of tasks. Specifically, we first construct a heterogeneous
molecule relation graph (HMRG) with molecule—property and
molecule-molecule relations to utilize many-to-many correlations
between properties and molecules. The meta-learning episode
can, then, be reformulated as a subgraph of HMRG. Next, we
propose a disentangled graph encoder to explicitly discriminate
the underlying factors of the task. In addition, we introduce a soft
clustering module to group each factorized task representation
into appropriate clusters and preserve knowledge generalization
within a cluster and customization among clusters. In this way,
each disentangled factor serves as a cluster-aware parameter
gate for the task-specific meta-learner. Extensive experiments on
five commonly used molecular datasets show that Meta-DREAM
consistently outperforms existing state-of-the-art methods and
verifies the effectiveness of each module.

Index Terms—Disentangled representation learning, few-shot
learning, meta-learning, molecular property prediction.

I. INTRODUCTION

RUG discovery is a critical industry closely linked to
human health, but it is also notoriously labor-intensive
and time-consuming. A key task in drug discovery is molecular
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property prediction. During the initial stages of lead optimiza-
tion, it is essential for researchers to select candidates and
conduct virtual screening from a large number of molecules
to prevent the misallocation of resources on molecules that
probably lack the required properties. As the number of
available molecules increases and the cost of developing new
drugs continues to rise, the use of deep learning technologies
to accelerate this process is becoming increasingly important.

Actually, there are several deep learning-based approaches
to learning about molecules and their properties [1], [2]. Early
works regard molecules as strings via simplified molecular-
input line-entry (SMILES [3]) and leverage sequential models
to learn molecular representation for property prediction [4],
[5]. To more effectively capture the pharmacological char-
acteristics of molecules, each molecule can be represented
as a graph and employs graph neural networks (GNNs) to
learn molecular structures [6], [7]. These deep learning-based
methods achieve effective molecular property prediction while
highly relying on large-scale labeled training samples. Since
the cost of obtaining molecular properties with screening
experiments is expensive, it is often the case that only a limited
number of molecules exhibit a particular set of properties [7],
[8].

In parallel, the challenge of learning in domains with limited
data has been progressively considered by few-shot learning.
A prominent solution is the meta-learning paradigm, focusing
on developing a learner that is effective at adapting to new
tasks. Typically, matching networks [9], which aims to learn
a distance metric for prediction in a nonparametric way, have
been utilized for few-shot molecular property prediction [8].
And model-agnostic meta-learning (MAML) algorithm [10],
which proposes to effectively initialize a base learner that can
be quickly adapted to new tasks, has also led numerous follow-
up studies [7], [11], [12], [13], [14].

However, these existing works still remain unsatisfactory
due to the following limitations.

1) Neglect multiple properties of the molecule. Unlike
typical few-shot learning scenarios such as image clas-
sification, a molecule can exhibit multiple properties at
once, which often correlate with one another [15], [16].
For example, Metformin, a drug used to treat diabetes,
may cause digestive side effects (such as diarrhea and
stomach pain) and metabolic changes (such as decreased
vitamin B12 levels) [17].

2) Unable to capture the varied complexities specific to
different tasks. As shown in Fig. 1(a), most existing
meta-learning methods assume the transferable knowl-
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Fig. 1. Example of the difference between the proposed Meta-DREAM and
previous approaches on few-shot molecular property prediction. NR-AR, SR-
MMP, and SR-HSE present different property prediction tasks from Tox21
dataset. (a) Previous method. (b) Meta-DREAM.

edge is shared globally across all tasks. This assumption
can lead to suboptimal performance when these meta-
learning algorithms are applied to molecular property
prediction tasks that originate from varied distributions.
For example, a straightforward method to distinguish
between acidity and alkalinity in organic compounds
is to identify carboxyl and hydroxyl groups. However,
when predicting another property, such as a compound’s
fluorescence, the distinguishing patterns might rely on
entirely different functional groups, such as aromatic
rings or conjugated systems. This highlights that dif-
ferent molecular properties often exhibit distinct and
prominent patterns, requiring unique sets of features for
effective prediction.

Recently, there has been a growing interest in disentangled
representation learning on heterogeneous data, which focuses
on developing factorized representations that uncover and
clarify the fundamental or explanatory characteristics of the
data. In the case of meta-learning for molecular property
prediction, since humans tend to organize tasks into similarity-
based clusters and focus on learning within these clusters
rather than across them, it is suggested that disentangled
representation learning be used to cluster tasks into multiple
states based on task similarity, as shown in Fig. 1(b). In this
way, when faced with a new molecular property prediction
task, it can quickly use the relevant knowledge from the cluster
it is aligned with, or form a new cluster if it differs significantly
from existing ones.

Toward this end, we propose Meta-DREAM, a novel Meta-
learning architecture based on Disentangled REpresentation
leArning framework for Molecular property prediction, which
enables the customization of knowledge across different clus-
ters of tasks to enhance the effectiveness of meta-learning.
Specifically, we first construct a heterogeneous molecule rela-
tion graph (HMRG) to model the many-to-many relations
among properties and molecules. And an episode of a task
can be reformulated as a subgraph, including corresponding
molecule nodes, target property, and auxiliary property nodes.
Then, a disentangled graph encoder is proposed to learn the
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subgraph representation, which discerns the task into different
aspects. Next, we introduce a soft clustering method to accu-
rately assign each task to locate the appropriate cluster for each
task. In this way, a globally shared parameter initialization
is tailored for each cluster through a parameter gate, which
then serves as the base initialization for all molecular property
prediction tasks within that cluster.

To summarize, in this article, we make the following con-
tributions.

1) Conceptual: We consider the auxiliary properties and
heterogeneity of the molecular prediction tasks and
construct a molecule relation graph so that the many-
to-many correlations of properties and molecules could
be used under the few-shot learning scenario.

2) Methodological: We propose a novel meta-learning
architecture based on the disentangled representation
framework and learn the task clustering structure,
enabling the explicit customization of transferable
knowledge for distinct clusters of tasks.

3) Experimental: We conduct comprehensive experiments
on five benchmark datasets to evaluate Meta-DREAM.
The experimental results demonstrate the effectiveness
of our proposed framework against existing baselines
for few-shot molecular property prediction.

II. RELATED WORK
A. Meta-Learning

Meta-learning, as a popular framework coming into the
public eye, has been proven to be an effective solution to
the few-shot problem [18], [19], [20], [21]. Meta-learning
falls into three categories: 1) model-based approaches leverage
augmented long-term memory storing in base model to draw
meta-knowledge [22], [23]; 2) metric-based approaches aim at
learning a generative metrics to measure the distance between
samples [24], [25]; and 3) optimization-based improves the
optimization to learn an appropriate initialization for rapid
transferring to new tasks [10], [26], [27]. For example, MANN
[22] uses long short term memory (LSTM) to gather memories
learned from previous tasks and serve to new task. A pro-
totypical network [24] learns a metric space to quantify the
prototype representation of each class and classifies samples
by measuring distance. MAML [10] provides a two-step
training framework to learn initialized parameters capable of
rapid transferring to new tasks for meta-learner.

Motivated by the blossom of meta-learning, many efforts
have tried to incorporate meta-learning into GNN to tackle
the challenge of lacking valid samples in real scenario [28],
[29], [30], [31], [32]. For example, TPN [28] proposes a
transductive inference framework to learn propagate labels
from labeled instances to unlabeled instances. GPN [29] con-
structs prototypes of each class and proposes a meta-learner to
propagate messages between prototypes. Chauhan et al. [30]
propose a super-class prototypical network based on graph
spectral measures for the few-shot graph classification task.
However, most of these works are not tailored for molecular
property prediction, which is challenged by the complexity of
domain knowledge and data structure.
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B. Disentangled Representation Learning

Disentangled representation learning focuses on developing
factorized representations that effectively identify and separate
the underlying explanatory factors hidden within observed
data [33]. The method allows models to better understand
the complexities and interrelations within the data, enhanc-
ing their ability to perform detailed analyses or adjustments
of these underlying factors. Existing efforts in disentangled
representation learning have primarily applied to fields such
as computer vision [34], [35], recommendation system [36],
[37], [38], [39], [40], and natural language processing [41],
[42]. For example, S-VAE [34] introduces a hyperparameter
B as the weight of Kullback-Leibler (KL) divergence to strike
a balance between the independence of the latent variables
and the accuracy of the reconstruction. IDEL [41] optimizes
the upper bound of mutual information to disentangle the style
and content of texts, which performs well on text-style transfer
and conditional text generation. MacridVAE [43] leverages
macro- and microlevels of representation disentanglement to
understand hierarchical user intentions.

Recently, the usage of disentangled representation learn-
ing on graph-structured data has gained notable attention
[44], [45], [46], [47]. For example, DisenGCN [44] utilizes
a neighborhood routing mechanism that divides the node’s
neighborhood into distinct compartments to learn disentan-
gled representations. DisenHAN [45] iteratively identifies key
aspects of different relations in a heterogeneous information
network (HIN) and semantically propagates the corresponding
message. DGCL [46] introduces a contrastive learning frame-
work for disentangled graph representations. However, how
to learn a disentangled representation for few-shot learning
tasks, especially for molecular property prediction, is largely
unexplored.

C. Few-Shot Molecular Property Prediction

Due to the diversity of molecular properties and the scarcely
available effective labels [48], [49], few-shot molecular prop-
erty prediction has become an emerging field of research [7],
[13], [14], [16], [50]. These approaches aim to develop a
prediction model through a series of predictive tasks related
to property estimation, with the capability to extend its appli-
cation to predict unseen properties based on a limited number
of labeled molecules. Meta-MGNN [7] applies self-supervised
module and self-attentive weights to identify the heterogene-
ity of different tasks. PAR [16] constructs a property-aware
embedding function to learn a task-relevant substructure-aware
space. HSL-RG [13] uses graph kernels to generate molecular
structural information and adopts a task-adaptive algorithm to
provide customization knowledge for different tasks. GS-Meta
[15] constructs a molecule-property relation graph and intro-
duces a sampling scheduler based on reinforcement learning
to ensure the independence of sampled tasks. PACIA [51] uses
a parameter-efficient adapter to adapt the encoder at the task
level and the predictor at the query level.

Although these prior approaches achieve satisfactory perfor-
mance on extensive benchmarks, they mainly concentrate on
excavating universal meta-knowledge between different tasks
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and devote to improve the transferring to new tasks without
considering tailored initialization with customized knowledge.
Here, we provide a scheme to leverage task-specific knowledge
via the lens of clustering.

III. PRELIMINARY AND PROBLEM DEFINITION

A. Graph Neural Network

GNNSs [52], [53], [54], [55] have received increasing atten-
tion due to their ability to effectively handle structured
data, which is capable of learning representations for graph
components such as nodes, edges, and the entire graph via
message-passing mechanism. Specifically, let the embedding
of a node i at layer (/- 1) represented as th). In the Ith layer
of a GNN, the embeddings of i’s neighbors are aggregated
first and then merged with i’s previous layer embedding to
iteratively update i’s representation. Formally, hﬁl) can be
calculated as follows:

WY = GNNO (B0 100wl e N ()

—c0 (h,("”,A(” (h?"”,hﬁf;”,wﬁf}ljeN(i))) )
where hl(.l) indicates the embedding of i at layer / € {1,...,L},
hflj_l) is the edge embedding initialized according to edge
type, NV (i) denotes the neighbors of i, and wfli is the edge
weight. At each layer, A" and C?’ are the message aggregating
and embedding updating function, respectively. After the final
layer L, a readout function aggregates all node representations
to produce the graph-level representations as follows:

hg = READOUT ( {hf“} ) )
ey

where READOUT could be averaging or other graph-level
pooling functions and hg is the graph-level representation.

B. Model-Agnostic Meta-Learning

MAML [10] provides a feasible framework to train neural
network with very few samples. The key of MAML is to
cultivate the generalization knowledge of the meta-learner to
find an optimal initialization for the model via two opti-
mization loops: 1) outer loop: updates the neural network’s
initial parameters, also known as meta-initialization, for fast
adaptation to new tasks and 2) inner loop: take the meta-
initialization of the outer loop to perform gradient updates
over each task separately for rapid adaptation.

Given a distribution D over tasks, B tasks from D are
randomly sampled to form a mini-batch {7;}2 | for an episode,
where each task 7; consists of a support set S; and a query
set Q,. Let fy denote the meta-learner with parameters 6 and
0" = 6, and the inner loop update on 7, can be presented as

0 =60 -aVeLs, (fy) 3)

where Lg, is the loss function on the support set in the inner
loop, and &' signifies 0 after gradient updates for task 7;. The
updated parameters {6’ }2 | are then applied to the query set of
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Fig. 2. Two-way one-shot overview of our proposed model. First, HMRG is constructed, and target tasks within subgraphs are randomly sampled to form
a training batch with B episode pairs. Second, each subgraph is successively processed by the GNN encoder and disentangled encoder to achieve a graph
representation containing K independent factors and contrastive loss LY is output. Then, the soft clustering module is applied to compute the assignment
score of each latent factor. Finally, the cluster-aware factorized representation is transformed into task-specific initialization for meta-classifier and output

classification loss L°S.

corresponding tasks. In this way, the outer loop loss function
can be obtained, and the optimization of 6 is defined as

B
0=0-nV5) Lo (fo) )

t=1

where Lo, is the loss on the query set after inner updates.

C. Problem Definition

Following the previous work [10], task set in few-shot
molecular property prediction is defined as {7}, where
each task 7, focuses on predicting a certain property p,
of molecules. Set of training tasks is denoted as Dy, =
{(xi,¥i)lt € Tuain}, Where x; is a molecule and y;, is the
corresponding label of x; on 7;, and Ty, is the task set
during training step. Similarly, set of testing tasks is defined
as Drest = {(x1, yin)lt € Teest}. Specifically, training task set and
testing task set are disjoint, namely, {7qain} N {7est} = 0, and
{Tirain} U {Teest} = {T}. Besides, support set on 7, is defined as
S = {(xf,y;?;l)}ll.z:’\; that consists of N positive labels (i.e., y = 1)
and N negative labels (i.e., y = 0), while query set on 7; is
defined as Q, = {(x{, y!)}|¥, that consists of M molecules. In
this way, a two-way N-shot episode is formulated. With the
introduction of a meta-learning setting, the objective of our
problem is to learn a meta-classifier on Dy.;,, Which is capable
of rapid transferring to novel properties with few samples on
Diest- In practice, batches of episodes {E,}f: | are randomly
sampled from {7y}, where E, = S, U Q,; S, participates in
inner loop, while Q, participates in outer loop.

IV. METHOD
A. Overview

As illustrated in Fig. 2, the overall architecture of our
proposed framework consists of four parts. Given the many-
to-many relationships between molecules and properties, we
construct an HMRG, which encompasses molecules and prop-
erties as different types of nodes and their corresponding

relations as edges. Then, the target task is randomly sampled
from {7q.n} as a subgraph; we utilize a GNN to encode
the subgraph and simultaneously evaluate the similarity of
molecules to establish the mol2mol relationships. Next, we
introduce a disentangled encoder to factorize the subgraph rep-
resentation in a self-supervised contrastive learning approach.
The method aims to uncover independent factors that highlight
the latent characteristics of the target task, and the contrastive
loss is formulated as L. Subsequently, the soft clustering
module clusters the disentangled task representation, tailoring
customization knowledge for task-specific initialization of the
property classifier. Finally, pairs of molecule node and target
property node are sent to classifier for molecular property
prediction, and the classification loss can be calculated as Lo,

B. Heterogeneous Molecule Relation Graph

To capitalize the relation structure among properties
and molecules, we construct an HMRG with explicit
molecule—property relations and molecule-molecule relations,
allowing us to integrate auxiliary properties of molecules for
the molecular property prediction. Formally, HMRG is denoted
as G = (V,E), where V = Vy U Vp indicates node set
consisting of molecule node set V), and property node set
Vp from the entire dataset, and & = Eyp U Emm indicates the
edge set consisting of molecule—property relation set Evp and
molecule-molecule relation set Eyv. Note that V and Evp
are provided by the dataset, while &yy is updated during
training. Following these definitions, we incorporate episodic
meta-learning into HMRG. Given a specific property node
pr € Vp, we sample a subgraph of HMRG centered on p,
with 2N neighboring molecules. Hence, the support set S; can
be reformulated as

S = {(xis €4, pr) yialxi € N(Pz)}f:]\i &)

where e;, denotes the edge between molecule x; and property
node p;, and NV (p;) is the neighboring node set of p;. Similarly,
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the query set on HMRG can be defined as
Q= {(Xj»l’t) ,Vjdlx; € N(Pt)} . (6)

In this way, an episode of meta-learning E, can be rep-
resented as E, = S; U Q,. Since molecules possess multiple
properties, other available properties can be utilized when
predicting a novel property of the same molecule. In order
to take advantage of auxiliary information that reflects the
inherent properties of the molecule, N, available property
nodes are sampled and gathered to form an auxiliary subgraph
given by S; and O,

g = {(xi,ei,a’pa) ialPa € N (x) \p,} |2];1' @

Besides, considering that molecules with a certain degree
of similarity tend to share common property characteristics,
a novel edge type called mol2mol is introduced to illustrate
intermolecular relationships within the sampled subgraph

G = {(xi-eijsxj) leij € Evm} - ®

By randomly selecting auxiliary properties and establishing
the relationships between molecules (i.e., x; and x;) and these
properties, along with the intermolecular relationships, the
episode can be reformulated as

~ gz (Vt,gt) = St U Qt U g;a U g;n~ (9)

Based on G,;, we apply a graph-based encoder f, [53] and
a task embedding layer f;, to encode molecule x; € V), and
property p; € Vp, respectively,

= Sfmot (x7) hp, =fi)ro (py)

where h,,, h, € R? is embedded as d-dimensional representa-
tions in the same space. And the initialized representation of
node i, namely, hgo) in Gy, can be represented as

(10)

hx,‘a
hPi’

forieVy
for i€ Vp.

O = (11)

Given £ = Eyp U Emm, there are three kinds of edge type
in G;: active and inactive for e;; € Ewp, and mol2mol for
e;j € E&vm. Hence, an edge embedding layer is applied to
obtain the initialized representation hiol.) of e;;

Iy = feage (i) -

After the embedding initialization overall subgraph G;, a

message-passing mechanism is adopted to iteratively update

the node feature with aggregated neighbor information as
follows:

h(z) GNN® (h(l 1) h(l D pa=n (1 1)|J eN(z))

> L

(12)

13)

where h(l) € R? is the embedding of node i at /th layer, h(l)
R? denotes the embedding of edge between nodes i and ] at
(Dth layer according to the node type, and a) . € R denotes
the corresponding edge weight. Then, a relatlon estimator is
utilized to predict the correlation weight between molecules,
namely, e; ; € Evm, defined as

) —0-<MLP (exp (h” byl ”())) (14)
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where o(-) is the sigmoid function, and MLP denotes the
multilayer perception. We select the top-n predicted oz(l) and
keep the corresponding molecule pairs as edges in molZmol
type. Accordingly, the weight of edges w ) can be represented
as ,

D _ “fj

fOI’ € € gMM
ij = 1 :
9

15
otherwise (15)

With the combination of the above steps, the final node
feature h" is obtained after L iterations and forwarded to the
disentangled encoder for further process.

C. Disentangled Graph Encoder

As previous works [7], [15], [16] assume that the transfer-
able knowledge is shared across all tasks, they tend to overlook
the heterogeneity of different sampled few-shot molecular
property prediction tasks from 7. In fact, a meta-learner
should balance the generalization of knowledge across tasks
and the heterogeneity inherent to each task, which is crucial for
effective and rapid knowledge transfer. Therefore, we are moti-
vated to design a disentangled graph encoder to uncover the
various underlying explanatory factors within the task, create a
factorized representation, and ensure that different factorized
representations are effectively tailored to the corresponding
transferable knowledge across tasks.

To achieve this, we suppose that each subgraph can be
factorized into K independent aspects and presented as a
combination of related latent factors after processing by a
multichannel graph disentanglement layer. For each channel k,
a GNN; = {GNN }m , encoder with M disentangled layers
is utilized to gather factorwise information as follows:

W = GNN (B2, HP 15, ol € N ()

i,j°

(16)

where h(L+M) € R¥H ig the node embedding that is only

pertinent to the kth latent factor. And each channel outputs
the factorized node representation with a separate MLP

Zix = MLP, (hﬁjf’”))

where z;; € R@X is the representation of node i at
kth channel. Compared to existing graph encoders, which
generally take a holistic approach, our disentangled graph
encoder enables the identification and isolation of heteroge-
neous aspects of the subgraph, facilitating the localization of
the cluster to which the task belongs.

Furthermore, we consider that subgraphs sampled from the
same task (i.e., Qtl and Qtz) should be consistent with each other
and semantically pulled close in corresponding factorwise
representation, while subgraphs sampled from different tasks
(.., G' and G?) are regarded as separate episodes from
different tasks and should be pushed far away. Toward this
end, we reformulate an episode E, consisting of a pair of
subgraph (G!, G?) and adopt a self-supervised objective to train
a disentangled encoder in a contrastive learning manner. Given
the final representation of node i at kth channel z;;, we first
compute the graph representation as follows:

A7)

Vil

g« = READOUT, ({ "j) = Z“ (18)
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where g € R@K is the kth channel representation of
subgraph centered on target property ¢. Then, we define K
learnable prototype vectors {ux}k | corresponding to latent
factors, and the probability of the kth latent factor reflected
in subgraph G, can be

exp (cos (g k)
et (exp (cos (gea. ur)))

where cos(-,-) is the cosine similarity. Meanwhile, the proba-
bility of kth latent factor pertinent to the subgraphs sampled
from the same task can be expressed as

po (KlG)) =

19)

exp (os (814 &ix))
it (exp (c0s (8140 874)))

where gt{k and gtl’k are the disentangled graph representations
of the pair of subgraphs sampled from the same task ¢. Hence,
factorwise contrastive learning is conducted by instance dis-
crimination of the same task, defined as

Ppo (1G)) = Epyuigy) [po (1161, 0] .

Then, the learning objective is to maximize the joint prob-
ability ]_[tT:1 po(tlG,) over the dataset {g,}le. However, the
objective is difficult to maximize due to the latent factor.
We reformulate it with an expectation—maximization (EM)
algorithm by calculating the posterior distribution

po (k| Go) po (11Gs. k)
K po(KIG) po (11G,. k)

Nevertheless, the computation of pg(k|G,,f) is sub-
jected to the summation over the dataset with the term
Z[T,Zl(exp(cos(g,"k,gtz,!k))), which results in high computation
cost. Instead, we resort to maximizing the evidence lower
bound (ELBO) of log py(#|G;), given by

po (11G:, k) =

(20)

21

po (klG,, 1) =

(22)

1og pg (11G1) = Eyywic,. [10g pe (11, k)]
— Dy (go (KIGy, 1) || po (KIG)))

where gg(k|G;, 1) is a variational distribution to approximate
posterior distribution pg(k|G;,t) and is calculated by

po (k1 G)) po (t] G k)
S K po (KIG) po (] Go k)

where py(1|G;, k) is the instance discrimination under latent
factor calculated on a mini-batch of size B

exp (COS (gtl,k’ gik))
Y iy exp (cos (g4 82,4))

As a result, we can reformulate the factorwise contrastive
learning loss £ over a mini-batch as

(23)

qo (KIG, 1) = (24)

Po (11G:, k) =

(25)

B
ECtr = Z EQH(klgtJ) [log Pe (t|gt’ k)]
=1

— Dxw (g0 (KIG1, 1) || po (KIG))

where £ enforces the independence of learned graph repre-
sentation {g,,k}kK= , and participates in the outer loop during the
meta-learning process.

(26)
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D. Clustering-Based Initialization

The uncertainty and heterogeneity of different tasks in
meta-learning restrict the effectiveness of universal knowl-
edge transfer between tasks [56], making it challenging to
achieve suitable initializations for new tasks. Thus, given the
disentangled graph representation of the task, we propose a
soft clustering module to locate the cluster to which the task
belongs and optimize the initial parameters of latent factors,
which serve as the customization knowledge of different
clusters of tasks. In particular, we evaluate the assignment
score of each task s;; € R to cluster and group tasks into
separate clusters. Given the extracted graph representation of
the task, we regard latent factor prototype vectors {uk},f: , as
K cluster centers. Therefore, the assignment score of g, in
cluster k can be parameterized by (19), namely, s,x = po(klG,)).

As a result of the assignment, the weighted graph represen-
tation at kth factors w,; € R“/K) is, then, given by

Wik = Sy tanh (ngz,k + bs) 27

where W, and b, are the learnable parameters shared among
factors. Subsequently, {g,«J&_, and {w. ,}X | are, respectively,
concatenated at the factor level and packed up together to
attain the task-specific parameter gate o,

0y =0 (Wy (g ®w,) + by) (28)

where @ is a concatenation operator that not only preserves but
also enhances the cluster-specific properties of the parameter
gate. W, and b, are the learnable parameters.

With these efforts, the final graph representation of the
task is believed to be cluster-specific, where a similar task
achieves a similar graph representation while different tasks
trigger disparate ones. We condense the representation into the
parameter gate as customization knowledge. Then, the initial
parameter 6., of meta-classifier is adapted to task-specific
initialization 6/, with parameter gate: 6., = 6. o o;, where o
is the elementwise product. The optimization of the classifier
during the inner loop is, then, reformulated as follows:

Bl = 0 — Ainner Vo, Lo (Gets) (29)

where Ajpner 1S the inner loop learning rate, and [,flfg is the
classification loss on support set.

E. Training and Testing

In this section, we discuss the optimization strategy in Meta-
DREAM. We first demonstrate the classification loss function
L, and then illustrate the process of inner loop and outer
loop in the training and testing stages.

Following the soft clustering module, the disentangled node
embedding z;; of G, is weighted by assignment score and
concatenated at factor level by: z; = CONCAT({s; z,‘,k}fz D
Then, the embedding of molecule node z; and the target
property node z; are concatenated to predict the label

Vir = 0 (fas (2 © 2,)) (30)

where 9;, is the predicted label of molecule node i in terms
of target property ¢, and fys is the classifier parameterized by
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Algorithm 1 Meta-Training Algorithm of Meta-DREAM
Input: Heterogeneous Molecule Relation Graph (HMRG)
QOutput: Parameter Set ©
1: while not done do
2. Sample B episode pairs {(G},G)}E,
where t € Tjrains
3: fort=1,2,...,B do
: Compute node embedding i in G!, G? respectively;
5: Compute disentangled node embedding z;; and dis-
entangled graph embedding g;; on both Q,l, 9,2;
: Compute task assignment score s;; by Eqn.(19);
7: Compute parameter gate o, by Eqn.(28);

from HMRG

8: Calculate classification loss on support set Eflg by
Eqn.(31) on both G}, G?;

9: Do inner loop update for classifier parameter by
Eqn.(29) and rest of parameters by Eqn.(32);

10: Calculate classification loss on query set Ef}é on
both G! and G?;

11: end for

12: Compute contrastive loss £ by Eqn.(26);
13: Do outer loop parameter update by Eqn.(34);
14: end while

0.1s. The classification loss of G, in inner loop, which focuses
on support set S;, is given by

L5 == (vlogy+ (1 —y)log(l - $))
S

€2y

where y and y are the ground truth and prediction of labels.
Similarly, classification loss in the outer loop, which focuses
on the query set Q,, can be calculated as EilSQ.

Aside from 6.5, which is updated by (29), the rest of the
parameters are updated in the inner loop optimization by
gradient descent as follows:

0 ¢ 6~ DimerVoLys (32)

where 6 denotes the parameter set, including molecule and
property embedding layer, GNN layers, relation estimator,
disentangled graph encoder, and soft clustering module. After
the parameter update in the inner loop, the classification
loss on the query set Ef}é is computed and packed up with
contrastive loss £ in the outer loop as follows:

B
1
L= gm0 (Ll + L") +aLe

t=1

(33)

where B is the batch size of episodes, £215Ql denotes the
classification loss of G' on query set, £ is defined by
(26), and « is a hyperparameter to balance the influence of
contrastive loss. The outer loop is, then, conducted to optimize
the whole meta-learner with learning rate Agyeer

00— /louterVG)‘C (34)

where ® = 6U 6, for simplicity. The overall procedure of our
meta-learning framework is described in Algorithm 1.

In the testing stage, a novel task is sampled from 7, with
auxiliary properties from 7T, and molecules from D,,,. After
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identical subgraph construction and feature extraction process,
classification loss ,Cfl&; is obtained and @ is only fine-tuned by
(29) and (32).

F. Complexity Analysis

Given HRMG with |7 total tasks, we sample the subgraph
G, with batch size B. The average number of nodes and edges
in G, are [V,| and |&|, respectively, the number of support
samples per task is N, the dimension of representation is d, and
the number of GNN layer and factor is L and K, respectively.
The computational consumption is mainly composed of two
parts: 1) base learner training phase and 2) meta-training
phase. For 1), the complexity of the GNN-based encoder is
O(I&|Ld), the complexity of the disentangled graph encoder is
O(|V,|d), the complexity of the clustering module is O(d), and
the complexity of the binary classifier is O(Nd). To sum up,
we have the complexity of 1): O(TId(&IL + V)| + N + 1)).
For 2), the complexity consists of the contrastive loss £ and
the optimization of parameters. Since the latter is independent
of the dataset scale, we focus only on the complexity of
the contrastive loss, which is O(BNd). In total, the overall
complexity of our model is O(|T |[d(|E|L+|V,|+N+1)+ BNd).
This complexity is linearly related to the product of sample
and task numbers (|7 < [V;]), which aligns with other meta-
learning methods for few-shot molecular property prediction.

V. EXPERIMENT

In this section, we conduct comprehensive experiments on
five commonly used benchmark datasets of molecular property
prediction to illustrate the following research problems.

1) RQI: How does our proposed Meta-DREAM perform

over other baselines for few-shot molecular prediction?

2) RQ2: How does each key component of Meta-DREAM

influence the performance of the model?

3) RQ3: How do different hyperparameters in Meta-

DREAM influence the performance of the model?

4) RQ4: Can we intuitively visualize the effectiveness of

the disentangled encoder and the soft-clustering module?

A. Experimental Setup

1) Datasets: The experiments of our Meta-DREAM are
conducted on five few-shot molecular benchmarks datasets
from MoleculeNet [57] following the data splits in previous
work [15]. Table I presents the details of these datasets.

1) Tox21 [58] contains 8014 compounds and their inter-
actions with 12 biological properties, including stress
response mechanisms and nuclear receptors.

2) SIDER [59] contains the relationship between 1427
approved drugs and 27 categories of side effects.

3) MUV [60] provides 17 tasks with 93 127 compounds
for the validation of virtual screening.

4) ToxCast [61] contains 8615 compounds with 617 toxic-
ity labels based on high-throughput screening.

5) PCBA [62] contains bio-activity profiles of 437 929
small molecules generated by 128 high-throughput
screening.

6) ENZYMES [63] is a macromolecule dataset, where each
graph represents the structure of an enzyme.
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2) Baselines: We compare our model against various
approaches for few-shot molecular property prediction. The
detailed information of baselines is listed as follows.

1) Siamese [64] identifies whether input molecule pairs
belong to the same category for the prediction of query
properties by employing dual convolutional neural net-
works.

2) ProtoNet [24] introduces class prototypes and learns to
compare the distance between each input and prototype
in a metric-based manner.

3) MAML [10] applies two-step gradient descent to learn
a good initialization of model parameters, allowing the
model to quickly adjust to novel tasks.

4) TPN [28] constructs a relation graph based on the
similarity of the inputs and performs label propagation
across the graph for prediction.

5) EGNN [65] also constructs a relation graph from input
samples based on the similarity and learns to predict
edge labels for relational graphs.

6) IterRefLSTM [8] adopts a variant of MatchingNet [9]
and combines residual LSTM embedding with GNNs
for molecular property prediction.

7) PAR [16] refines the representations of input data
through class prototypes and implements a label prop-
agation strategy for closely related inputs within a
relational graph.

8) GS-Meta [15] constructs a graph of molecule prop-
erty relations and reformulates the learning process of
few-shot molecule property prediction via an episode
scheduler.

9) PACIA [51] adjusts the encoder at the task level and
the predictor at the query level, utilizing a hierarchical
adaptation mechanism.

10) APN [66] uses human-defined attributes to guide the
excavation of generalization knowledge within the
molecular graph for the model.

3) Evaluation Metrics: Following the previous works [13],
[15], we adopt ROC-AUC to measure the prediction per-
formance of molecular properties in the query set of the
meta-testing task. Across ten experimental runs for each
dataset, we documented the mean and standard deviation of
the ROC-AUC.

4) Implementation: We implement our model based on
PyTorch and PyTorch Geometric. Specifically, we use a five-
layer graph isomorphism network (GIN) to encode G, with the
hidden size d = 300. We use a two-layer disentangled encoder
and a two-layer MLP for classification. We fix the influence
factor @ of contrastive loss as 0.02, and the learning rates of
inner loop and outer loop, namely, Ajuer and Ayyze,, are set as
0.5 and 0.001, respectively. Given the varied dataset sizes and
unknown optimal latent factors, we tuned the number of latent
factors K within the range [1,2,3,4,5,6,10].

B. Performance Comparison (RQI)

Table I summarizes the performance of our Meta-DREAM
against all baselines. Our main conclusions are as follows.
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TABLE I
STATISTICS OF THE DATASETS USED IN THE EXPERIMENTS

Dataset Tasks Support Tasks Query Tasks Compounds
Tox21 12 9 3 8014
SIDER 27 21 6 1427
MUV 17 12 5 93127
ToxCast 617 451 178 8615
PCBA 128 118 10 437929
ENZYMES 6 4 2 600

1) Compared to traditional methods (i.e., Siamese, Pro-
toNet, and MAML), graph-based methods (i.e., TPN,
EGNN, IterRefLSTM, PAR, GS-Meta, and Meta-
DREAM) generally achieve better performance. For
example, Meta-DREAM obtains 7.9% improvement
against MAML on the ten-shot scenario on Tox21. This
indicates that utilizing the topological structure signifi-
cantly enhances the quality of molecular representations.

2) Our Meta-DREAM consistently outperforms other base-
lines over all six datasets. Specifically, our method
achieves the average increment ratio of 0.90% and
1.94% compared to the runner-up baseline GS-Meta in
both ten-shot and one-shot scenarios, respectively. This
demonstrates that introducing the disentangled encoder
and the clustering-based initialization of specific tasks
can effectively improve the model performance. Based
on the promising performance, we also include a dis-
cussion on the potential applications in drug discovery.

3) Notice that the improvement varies across different
datasets. For example, our model reaches a growth at
1.29% on ToxCast but 0.12% on MUYV. The reason
for the discrepancy in the improvement rate can be
mainly reduced to the ratio of missing labels in different
datasets. Specifically, there are 84.2% missing labels on
MUYV, which prevents the full utilization of auxiliary
properties.

C. Ablation Study (RQ2)

To illustrate the effect of key components introduced in our
model, we conduct ablation studies from two aspects.

1) For the disentangled graph representation learning pro-
cess, we consider the following variants: w/o CTR:
remove contrastive loss L°; w/o m2m: remove mol2mol
edges in HMRG; and w/o E: remove edge type in
message passing.

2) For task-specific initialization, we consider the following
variants without soft clustering module: Variant I: it sets
a random distribution of s,k and Variant 2: it sets a
uniform distribution of s,, k. The results are shown in
Table III.

1) Effect of Disentangled Graph Learning: Our HMRG
construction and disentangled graph encoder module con-
tribute to achieving better performance. Among the three
variants, removing mol2mol edges leads to an apparent decline
of the performance, demonstrating that intermolecular edges
calculated by similarity effectively facilitate the usage of auxil-
iary information. Meanwhile, considering the edge type during
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TABLE I
ROC-AUC SCORES ON BENCHMARK DATASETS. THE BEST IS MARKED WITH BOLDFACE, AND THE SECOND BEST IS MARKED WITH UNDERLINE

Method Tox21 SIDER MUV ToxCast PCBA ENZYMES
10-shot 1-shot 10-shot 1-shot 10-shot 1-shot 10-shot 1-shot 10-shot 1-shot 10-shot 1-shot
Sfamese 80.400 33) 65.00(1.55) | 71.10(4.32) 51.43(3.31) |59.96(5 13) 50.-00(0.17)| - - - - - -
ProtoNet 74498(0_32) 65.58(1_72) 64454(0_89) 57450(2_34) 65.88(4_11) 58.31(3_18) 68.87(0_43) 58.55(0_52) 64.93(1_94) 55.79(1_45) - -
MAML 8(].21(0,24) 75~74(U.48) 70-43(0.76) 67.81(1,12) 63‘9(](2428) 60.51(3,12) 68.30(0,59) 61.12(0494) 66.22(1.31) 62.04(1,73) - -
TPN 76.05(p.24) 60.16(1.15) |67.84(0.05) 62.90(1 35 |65.22(5 82) 50.00(051)| - - - - 160.82(0.05) 58.40(1.75)
EGNN 81.21(0 16y 79.44(0.22) | 72.87(0.73) 70.790.03) |65.20(2.05) 62.18(1.76) | 74.02(1.11) 64.17(0.50) |69.92(1.55) 62.14(1 55 |65.84(0.73) 61.07(1.0s)
IterRefLSTM 81.10(0.17) 80.97(0.10) 69.63(0431) 71.73(0.14) 49.56(5412) 48.54(3412) - - - - 62.37(1_81) 59.62(1_06)
PAR 82.06(0.12) 80.46(0.13) 74‘68(0,31) 71‘87(0,48) 66‘48(312) 64.12(1.18) 74.78(1,53) 69‘45(124) 70.05(0.94) 67.77(1,04) 68.56(1.26) 64.90(2,37)
GS-Meta 85.85 0 a0y 84.32(0 so) |83.72(0 54) 82.840 7 | 6711, g5 64705 gg) [8L55 g 1) 80.03(g ) | 72160 1) T0.03,, 56)|70.920 65) 67.69 o)
PACIA 84.25(0.31) 82.7T(0.15) |82.40(0.26) T7.T2(0.34) |66.80(2.65) 64.91 (5 15) | 72.38(0.06) 69.89(117)|69.73(0.67) 67.50(1 20 |70.57(0.52) 67.36(0.74)
APN 84.54(0.36) 80.40(0.23) | 79.020.72) 75.07(0.38) |65.41 (1 72) 62.67(2.55) | 76.18(1.62) 73.25(2.45) | 70.09(1.32) 66.84(1 74 |69.53(1 24) 64.67(1 50)
Mecta-DREAM |86.56(0 59) 85-61(0.00) | 84-52(0.15) 83-88(0.24) | 67-19(1.80) 65-83(1.20) | 82:60(0.1) 81.30(0.11) | 7301 (0.49) 7254071 | 72:08(0.76) 68741 52)

TABLE III

ABLATION STUDY ON DISENTANGLED GRAPH LEARNING AND TASK-
SPECIFIC INITIALIZATION

SIDER Tox21
Method 10-shot 1-shot 10-shot 1-shot

wio CTR | 84.40(] 0.12) 83.68( 0.20) | 86.16(J 0.40) 85.46(J 0.15)
wio m2m | 84.20(1 0.23) 83.32(1 0.56) | 86.36( 0.20) 84.83(] 0.78)
WioE | 84.35(1 0.17) 83.64(1 0.24) | 86.23(1 0.33) 85.27(} 0.34)
Variant 1 | 83.02(J 1.50) 82.23(1 1.65) | 84.70(] 1.86) 83.33(J 2.28)
Variant 2 | 84.20(] 0.32) 83.37( 0.51) | 86.17( 0.39) 85.24(J 0.37)
Ours 84.52 83.88 86.56 85.61

message passing improves model performance to specifi-
cally capture interactions and dependencies between nodes.
Removing contrastive loss also leads to a model performance
decrease, emphasizing its crucial role in effectively improving
disentangled graph representation learning.

2) Effect of Task-Specific Initialization: There is also an
apparent performance drop in Variant 1, indicating that the
random strategy struggles to identify the appropriate cluster
of subgraphs and generate a proper initialization. Similarly,
Variant 2 adopts a uniform strategy and distributes tasks
equally across all clusters. The strategy overlooks the distinct
characteristics of each task, resulting in a negative impact on
model performance. In a nutshell, these variants positively
demonstrate that the soft clustering module can effectively
contribute to the formation of task-specific initialization and
guide the meta-training process.

D. Parameter Sensitivity (RQ3)

We also examine the sensitivity of the proposed Meta-
DREAM to various hyperparameters. Specifically, we inves-
tigate the effect of varying numbers of latent factors,
disentangled layers for the disentangled graph encoder, and
auxiliary properties for the training and testing stages.

1) Effect of the Number of Latent Factors: To analyze
whether Meta-DREAM can benefit from factor disentangle-
ment, we study the performance of the model with varying
numbers of latent factors. In particular, we search the number
of factor graphs K in the range of {1,2,3,4,5,6,10}. Fig. 3(a)
shows the performance with respect to different numbers of
latent factors for the graph disentangled encoder. We find the
following.

90.0 90.0
85.0 85.0
s S-S S — e S ——
80.0 80.0
R >
0 75.0 5 75.0
2 2 — e re————
< ¢ ¢ —+—+ o < — =
70.0 70.0
-—— " ——,
65.0 65.0
~8— SIDER  —@— MUV —8— PCBA —~8— SIDER  —@— MUV —8— PCBA
Tox21 ~@— ToxCast ~8— ENZYMES Tox21 ~@— ToxCast —@— ENZYMES
60.0 1 2 3 4 5 6 10 60.0 1 2 3 4 5
Number of Latent Factors Number of Disentangle Layers
(a) (b)

Fig. 3. Performance comparison with respect to different numbers of (a) latent
factors and (b) disentangle layers.
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10-shot 10-shot
s 1-shot B 1-shot

i 84.0 i
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Fig. 4. Performance comparison with respect to different numbers of
sampled auxiliary properties in the training (top) and testing (bottom) stages.
(a) Training stage of SIDER. (b) Training stage of Tox21. (c) Testing stage
of SIDER. (d) Testing stage of Tox21.

1) When K=1, the encoder can be degraded into an
entangled representation module with poor performance.
Increasing K can substantially enhance the model per-
formance. This observation underscores that feature
disentanglement contributes to excavating heterogeneous
factors and attaining better task-specific representations.

2) The optimal value of K varies across datasets based on
their sizes. For example, in Tox21, which contains 12
tasks, the best performance is achieved with K = 3. In
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Fig. 5. Analysis of feature correlation on graphs with five latent factors. We calculate the absolute values of the correlation between elements of the same
300-D graph representation with five latent factors. Compared to GS-Meta and w/o CTR, the correlation of Meta-DREAM shows distinct factor-aware blocks
on the diagonal, indicating the disentangled graph encoder factorizes the graph representation into five independent aspects. (a) GS-Meta. (b) w/o CTR.

(¢) Ours.

contrast, SIDER, with 27 tasks, shows optimal perfor-
mance at K = 5. Despite this, our model appears to be
less sensitive to K once its value reaches a certain extent.

2) Effect of the Number of Disentangled Layers: By stack-
ing various numbers of disentangled layers, we further explore
the optimal composition of the disentangled graph encoder.
Specifically, we vary the number of disentangled layers M in
the range of {1,2,3,4,5}. Fig. 3(b) shows the performance with
respect to different numbers of disentangled layers for message
passing. We have the following observations.

1) When M = 1, the encoder struggles to aggregate
enough local information for the factor disentanglement,
leading to a noticeable decline in performance. The best
performance is achieved when M = 2, illustrating the
importance of capturing subgraph structure for factor
disentanglement by stacking multiple layers.

2) Too many disentangled layers (i.e., M > 2) may hurt the
model performance. This confirms that two disentangled
layers are enough for our datasets. Excessive stacking of
message-passing-based disentangled layers will lead to
over-smoothing and introduce noise to the model.

3) Effect of the Number of Auxiliary Properties: To further
investigate whether Meta-DREAM could benefit from auxil-
iary properties, we study the model performance by varying
the number of sampled auxiliary properties. Specifically, we
consider two scenarios for discussion: 1) keep all auxiliary
properties during the testing stage and vary the number during
the training stage and 2) keep all auxiliary properties during
the training stage and vary the number during the testing
stage. Fig. 4 verifies the performance by varying numbers
of auxiliary properties in the training stage and testing stage,
respectively. We discover the following.

1) The performance consistently improves in both scenarios
as the number of auxiliary properties increases. This
indicates that integrating auxiliary properties helps to
exploit comprehensive properties that reflect the corre-
lation between molecules and the target property.

2) Decreasing the number of auxiliary properties in the
training stage has less impact on the performance than
in the testing stage. This provides a feasible way to

(@ (b)

Fig. 6. t-SNE visualization of the graph representation learned in GS-Meta
and the gated weight learned in our model. (a) GS-Meta. (b) Meta-DREAM.

deal with numerous auxiliary properties (i.e., PCBA with
128 properties), as sampling some of these properties
during training can effectively train the model without
significantly reducing its performance.

E. Case Study and Visualization (RQ4)

To comprehensively verify the effectiveness of our Meta-
DREAM, we conduct three qualitative analyses, including the
correlations between the elements in the learned representa-
tions, the assignment of clusters, and the visualization of the
gated weight.

1) Feature Correlation Analysis: Fig. 5 shows the fea-
ture correlation between elements of graph representations
generated by GS-Meta, w/o CTR, and Meta-DREAM with
five latent factors, respectively. It can be observed that graph
representations of GS-Meta are highly entangled. Meanwhile,
Meta-DREAM demonstrates a more blockwise correlation
pattern than w/o CTR, where elements on the diagonal show
a higher correlation. This phenomenon reveals that our model,
equipped with the disentangled graph encoder, is capable of
extracting mutually exclusive task information for different
customization knowledge transfers, achieving a better perfor-
mance in the few-shot molecular property prediction task.

2) Visualization of Task Structure: To intuitively explore
the inherent heterogeneous structure among tasks, we ran-
domly select five tasks with 300 related subgraphs in the
ToxCast dataset, and show the t-distributed stochastic neighbor
embedding (t-SNE) visualization of the graph representations
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Fig. 7. Visualization of soft-assignment score s;; of (a) ToxCast and
(b) SIDER. Based on the scale of the datasets, we adopt five clusters (i.e.,
C1-C5) and three clusters (i.e., C1-C3) to categorize the randomly sampled
properties of ToxCast (i.e., T1-T6) and SIDER (i.e., S 1-S6), respectively.

learned in GS-Meta and the gated weight learned in our model.
For simplicity, we abbreviate five labels as P1, P2, P3, P4,
and P5. As shown in Fig. 6(a), various types of tasks primarily
activate distinct clusters within the learned graph representa-
tions of GS-Meta, illustrating the heterogeneous nature of task
structures. Compared with GS-Meta, the gated weight result
shown in Fig. 6(b) further highlights the capability of our soft
clustering module to distinguish tasks across different clusters
(i.e., P1 and P2), facilitating the task-specific initial parameter
learning within these clusters.

3) Task Clustering Analysis: Recalling to the clustering
procedure in Section IV-D, we apply K clusters, with their
centers defined by the latent factor prototype vectors (i.e.,
{u}X_)). Subsequently, we calculate the assignment score of
g: 1n cluster k using (19). This approach allows us to achieve
the soft clustering of G, related to task 7. Here, we randomly
select six tasks from the ToxCast and SIDER datasets, which
are grouped into five and three clusters, respectively, and visu-
alize the assignment score distribution for each task. As shown
in Fig. 7, each task is assigned within different combinations
of clusters. For instance, there is often a substantial interplay
of interrelated complications observed between S 1 (renal and
urinary disorders), S4 (cardiac disorders), and S5 (nervous
system disorders), indicating strong latent correlations among
these properties. Hence, S 1, S4, and S5 show similar activa-
tion patterns on C2. In contrast, S2 (pregnancy, puerperium,
and perinatal conditions) and S 3 (ear and labyrinth disorders)
are highly distinct tasks, exhibiting separate activation on C1
and C3, respectively. By disentangling heterogeneous tasks,
the factorized representations reflect the intrinsic character-
istics of the tasks and activate the corresponding clusters in
a customized manner. The results unequivocally demonstrate
that Meta-DREAM is capable of assigning appropriate soft
clustering combinations based on the underlying character-
istics of different tasks, allowing for the customization of
cluster-aware knowledge for task-specific initialization.

VI. CONCLUSION

In this article, we propose a novel framework termed Meta-
DREAM for few-shot molecular property prediction, which
aims at learning customization knowledge of tasks under
each cluster and preserving knowledge generalization via
factor disentanglement. Specifically, we construct an HMRG
and reformulate the meta-learning episode as a subgraph of
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HMRG. Further, we leverage the proposed disentangled graph
encoder to uncover the underlying different factors within the
task. Based on this, a soft clustering module is proposed to
group tasks into separate clusters and learn the cluster-aware
task-specific initialization under each factor. Experiments on
five benchmark datasets demonstrate the efficacy of our Meta-
DREAM. In the future, we will extend our framework to
multiclass and regression scenarios by readapting the soft-
clustering module.
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