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Recently, Graph Transformer (GT) models have been widely used in the task of Molecular Property Prediction
(MPP) due to their high reliability in characterizing the latent relationship among graph nodes (i.e., the atoms
in a molecule). However, most existing GT-based methods usually explore the basic interactions between
pairwise atoms, and thus they fail to consider the important interactions among critical motifs (e.g., functional
groups consisted of several atoms) of molecules. As motifs in a molecule are significant patterns that are
of great importance for determining molecular properties (e.g., toxicity and solubility), overlooking motif
interactions inevitably hinders the effectiveness of MPP. To address this issue, we propose a novel Atom-Motif
Contrastive Transformer (AMCT), which not only explores the atom-level interactions but also considers
the motif-level interactions. Since the representations of atoms and motifs for a given molecule are actually
two different views of the same instance, they are naturally aligned to generate the self-supervisory signals
for model training. Meanwhile, the same motif can exist in different molecules, and hence we also employ
the contrastive loss to maximize the representation agreement of identical motifs across different molecules.
Finally, in order to clearly identify the motifs that are critical in deciding the properties of each molecule, we

S. Chen is supported by National Natural Science Fund of China (No. 62506155), Provincial Natural Science Fund of Jiangsu
(No. BK20251985), and Suzhou Municipal Leading Talents Fund (2025). C. Gong is supported by NSF of China (Nos.
62336003, 12371510). B. Han is supported by NSFC General Program (No. 62376235) and RGC General Research Fund (No.
12200725).

Authors’ Contact Information: Wentao Yu, School of Computer Science and Engineering, Nanjing University of Science and
Technology, Nanjing, China; e-mail: wentao.yu@njust.edu.cn; Shuo Chen (corresponding author), School of Intelligence
Science and Technology, Nanjing University, Suzhou, China and RIKEN Center for Advanced Intelligence Project, Chuo-ku,
Japan; e-mail: shuo.chen@nju.edu.cn; Chen Gong(corresponding author), School of Automation and Intelligent Sensing,
Shanghai Jiao Tong University, Shanghai, China; e-mail: chen.gong@sjtu.edu.cn; Bo Han, Department of Computer Science,
Hong Kong Baptist University, Hong Kong SAR, China and RIKEN Center for Advanced Intelligence Project, Chuo-ku,
Japan; e-mail: bhanml@comp.hkbu.edu.hk; Gang Niu, RIKEN Center for Advanced Intelligence Project, Chuo-ku, Japan;
e-mail: gang.niu.ml@gmail.com; Masashi Sugiyama, RIKEN Center for Advanced Intelligence Project, Chuo-ku, Japan and
Complexity Science and Engineering, The University of Tokyo, Bunkyo, Japan; e-mail: sugi@k.u-tokyo.ac.jp.

(@lolEle]
This work is licensed under Creative Commons Attribution-NonCommercial-NoDerivatives International

4.0.

© 2026 Copyright held by the owner/author(s).
ACM 2157-6912/2026/2-ART35
https://doi.org/10.1145/3787204

ACM Transactions on Intelligent Systems and Technology, Vol. 17, No. 2, Article 35. Publication date: February 2026.


https://orcid.org/0000-0003-1416-5255
https://orcid.org/0009-0006-0159-8851
https://orcid.org/0000-0002-1154-6194
https://orcid.org/0000-0002-6338-0958
https://orcid.org/0000-0002-7353-5079
https://orcid.org/0000-0001-6658-6743
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://doi.org/10.1145/3787204

35:2 W. Yu et al.

further construct a property-aware attention mechanism into our learning framework. Our proposed AMCT is
extensively evaluated on 10 popular benchmark datasets, and both quantitative and qualitative results firmly
demonstrate its effectiveness when compared with the state-of-the-art methods.
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1 Introduction

Molecular Property Prediction (MPP) [1] is a fundamental and critical task in many areas of
basic science, such as chemistry, biomedicine, and pharmacology. The primary objective of MPP is
to accurately predict the potential properties (e.g., toxicity and solubility) of a given molecule, and
this prediction task is particularly challenging due to the intricate nature of interactions within
molecules. As shown in Figure 1, depending on the specific prediction objective, MPP can be
formulated as a regular classification task, where the goal is to assign a molecule to its predefined
classes (e.g., toxic and non-toxic), or it can also be viewed as a regression task, aiming to predict
continuous values (e.g., solubility) associated with the molecular properties.

In recent years, Graph Transformer (GT) models have been widely used for the MPP task due
to their high reliability in characterizing the latent relationship among atoms [2-6]. However, most
existing GT-based methods usually explore the basic interactions between pairwise atoms, so they
fail to consider the important interactions among critical motifs (e.g., functional groups consisted
of several atoms) of molecules. Consequently, these methods may fail to recognize critical patterns
hidden in motifs and thus they are limited in their abilities to represent molecules. This is attributed
to the fact that motifs represent meaningful subgraph patterns that consistently emerge with no-
table frequencies [7] and play an even more fundamental role in determining molecular properties
when compared with atoms [5, 8, 9]. Furthermore, atom-level interactions are not always sufficient
to predict molecular properties, and motif-level interactions are sometimes more important because
they provide the detailed structural information of a molecule. For example, if we only consider
atom-level interactions, phenol and cyclohexanol will have similar chemical properties, because
they have the same molecular graph as shown in Figure 2. However, phenol is actually much
more acidic than cyclohexanol. This is because the hydroxyl group in phenol interacts with the 7
electron cloud on the benzene ring [10], making it easier for phenol to release protons than cyclo-
hexanol (we provide more details and present the motif interaction in phenol in the Supplementary
Material 1).

In light of the above-mentioned considerations, we propose a novel Atom-Motif Contrastive
Transformer (AMCT), which not only explores the atom-level (a.k.a. low-level) interactions
but also considers the motif-level (a.k.a. high-level) interactions. To incorporate two levels of
interactions and enhance the molecular representation capability, we propose to build the atom-
motif contrastive learning (as shown in Figure 3). First, considering that the representations of
atoms and motifs for a given molecule are actually two different views of the same instance, they are
naturally aligned during the training process. As such, they can jointly provide the self-supervisory
signals and thereby improve the reliability of the learned molecular representation. Second, it is
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Fig. 1. MPP can be formulated as a classification task or a regression task, depending on the specific prediction
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Fig. 2. Molecular formulae of phenol and cyclohexanol, as well as their corresponding molecular graph. As
the hydrogen atom is neglected in the MPP task, phenol and cyclohexanol have the same molecular graph.
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Fig. 3. The framework of our proposed AMCT. Given molecular inputs, atoms and motifs are encoded via
embedding layer and encoder layer, respectively. The resulting atom-level and motif-level representations are
then processed by a decoder and a linear layer to make predictions.

revealed that identical motifs across different molecules usually have similar chemical properties
[11, 12]. For example, carbon rings with NO, or NH; functional groups tend to be mutagenic [13, 14].
It means that identical motifs should have consistent representations across all molecules. Therefore,
we employ another contrastive loss to maximize the representation agreement of identical motifs
across different molecules and thus obtain distinguishable motif representations.

Moreover, in order to clearly identify the motifs that are critical in deciding the properties of
each molecule, we further construct a property-aware attention mechanism (see the right panel of
Figure 3) by using the cross-attention module. Specifically, the cross-attention module calculates the
cross-attention weights between the molecular property embeddings and the motif representations.
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As a result, we can identify influential motifs based on the cross-attention weights. To the best of
our knowledge, this is the first attempt to apply a property-aware attention mechanism in the GT
model. Thanks to the effective atom-motif contrastive learning and the additional property-aware
attention mechanism, the proposed AMCT can successfully extract informative features from
molecules, therefore improving the performance in various MPP tasks. We compare our AMCT
with 11 existing methods on 10 popular benchmark datasets, and both quantitative and qualitative
results clearly demonstrate the superiority of our proposed method. To sum up, the contributions
of our work are as follows:

—We propose a new AMCT to simultaneously explore the atom-level interactions and the
motif-level interactions, so that we can successfully recognize critical patterns hidden in
motifs and improve the reliability of MPP.

—We are the first to construct a property-aware attention mechanism in the GT model to
identify the motifs that are critical in deciding the properties of each molecule.

—The experimental results on 10 popular datasets firmly demonstrate the superiority of our
proposed AMCT when compared with the state-of-the-art methods.

2 Related Work

This section reviews the typical works related to this article, including MPP, GT model, and motif
learning techniques.

2.1 MPP

In the past decades, numerous methods have been proposed for the MPP task. Initially, these methods
mainly depend on hand-crafted features such as molecular descriptors and molecular fingerprints.
However, these approaches may suffer from limited scalability and flexibility [15, 16]. To address
these challenges, deep learning-based approaches, such as Graph Neural Networks (GNN’s)
and GT models, have been introduced to generate highly expressive molecular representations.
For instance, Zhang et al. [8] pre-trained a GNN with a motif-based generation task. Although
GNN-based approaches have shown promising results, they still have some limitations inherited
from GNNs [17-26], such as over-smoothing, over-squashing, and limited expressiveness. To deal
with these deficiencies, more GT-based MPP methods have been proposed. For example, Ying
et al. [3] introduced the structural information from graphs into the classical transformer [27] and
achieved promising results. Despite the noticeable achievements of GT-based MPP methods in
recent years, most of them ignore the critical interactions among motifs. Therefore, in this article,
we explore the atom-level and motif-level interactions, simultaneously.

22 GT

In contrast to the message-passing mechanism in a GNN [28, 29], which primarily aggregates
local neighborhood information, a GT model possesses the ability to capture interactions between
each pair of nodes through the self-attention mechanism. As an early attempt to generalize the
transformer to the graph case, Dwivedi and Bresson [30] employed Laplacian eigenvectors as
positional encodings of nodes and computed the corresponding attention weights based on the
neighborhood connectivity of each node. To enhance the representation ability of GT models in a
self-supervised manner, Zhang et al. [31] proposed to directly contrast two different graph views
of the same instance, which shares the similar motivation with the typical works in self-supervised
learning. Due to the success of contrastive learning in visual tasks [32], lots of graph contrastive
learning methods have been proposed. Contrastive learning has also been introduced into the MPP
task. For example, Fang et al. [33] contrasted molecular graphs generated by the knowledge-guided
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graph augmentations. To incorporate two levels of interactions, we explore the self-supervision by
our proposed atom-motif contrast in this article.

2.3 Motif Learning

Since motifs are significant subgraph patterns that appear consistently with remarkable frequencies
[7], they usually play a vital role in graph learning. Yu and Gao [34] constructed a heterogeneous
motif graph containing both motif nodes and molecular nodes. They then used the message-
passing mechanism to learn the heterogeneous motif graph. Similarly, Wu et al. [5] proposed a
heterogeneous molecular GT called Molformer integrating both the atom-level and motif-level
nodes. Nevertheless, Molformer highly depends on the exact 3D coordinates of each molecule,
which is usually quite hard to acquire. Furthermore, feeding two types of nodes into the same self-
attention module poses a practical challenge in distinguishing interactions between different node
types. In comparison, we separate atom-level and motif-level interactions by using the atom encoder
and motif encoder, respectively. Meanwhile, we build the self-supervision of atom-motif contrast,
so that we can conduct the representation learning without using any 3D coordinate information.
Consequently, our proposed method actually has remarkable distinctions and superiorities when
compared with Molformer.

3 Our Proposed Method

In this section, we will discuss the main technical details of our proposed AMCT, including atom
and motif encoding, property-aware decoding, and our proposed loss functions.

3.1 Pipeline of Our Proposed Method

The framework of AMCT is shown in Figure 3. Given a batch of molecules, they are first split into
a set of atoms and segmented into a set of motifs, respectively. Second, the atom embedding layer
(Figure 3(a)) and the motif embedding layer (Figure 3(b)) generate atom embeddings and motif
embeddings, respectively. Third, the atom encoder (Figure 3(c)) and the motif encoder (Figure 3(d))
are used to obtain atom-level and motif-level molecular representations (Figure 3(e) and (f)),
respectively. Finally, the decoder (Figure 3(g)) and a linear layer are invoked to obtain the predicted
results, where the atom-motif alignment loss, motif contrastive loss, and supervised losses are
utilized for model training.

3.2 Atom Encoding

In the process of atom encoding, we first obtain atom embeddings. Then, we use the atom encoder
to extract atom-level interactions. Finally, atom-level molecular representations are obtained after
the readout operation.

3.2.1 Atom Embedding and Structure Encoding. Here we adopt the atom embedding method
provided by the Open Graph Benchmark [35], which is widely acknowledged in the field of MPP.
After atom embedding, in a molecule with n atoms, the ith atom is represented by a feature vector
x; € RY wherei = 1,...,n and d is the dimensionality of x;. Meanwhile, we use the degree
centrality to encode the structural information among atoms, namely the connective relationship
of atoms in the molecule. Therefore, they can be represented as b; € R? fori=1,...,n. Since the
degree centrality is applied to each atom, we simply add it to the atom embedding as in Graphormer
[3]. Finally, given a molecule with n atoms, the combination of atom embedding and structural
information for the ith atom is represented as h; = x; + b; (i = 1,.. ., n), where h; will be fed into
the atom encoder.
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3.2.2 Atom Encoder and Readout. The atom encoder (see Figure 3(c)) aims to capture the inter-
actions among atoms. Given an input sequence of hy, ..., h,, we can represent them as a matrix
H € R™ with each row corresponding to an h; (i = 1,...,n). The computation of Multi-Head
Attention (MHA) in the atom encoder can be expressed as:

MultiHead"*™ (H) = Con(head?'"™™, ..., head}*™)W°,
head®™ = Attention(HW S, HWX, HWY), (1)
Attention(Q, K, V) = softmax (QKT / \/ﬁ) vV,

where W? WF WY € Rk and WO e RMixd 4re projection matrices. The notations Q, K, and
V represent the matrices of query, key, and value, respectively. Here A is the number of attention
heads, and di = d/h denotes the number of columns of W?, Wg(, and Wy Moreover, “Con” denotes
the concatenation operation performed along the column. By sequentially passing through N layers,
we acquire the atom representations. After that, we use a readout operation (namely, summation
function) that aggregates the individual atom representations to generate the entire molecular
graph representation (i.e., the atom-level molecular representation h2d°u ¢ R9),

3.3 Motif Encoding

Atom interactions successfully capture the low-level details, yet they ignore the high-level structural
information among different molecules, so they are not sufficient to predict molecular properties in
some cases (e.g., the example in Figure 2). Therefore, motif-level interactions are naturally introduced
in our proposed AMCT. In the process of motif encoding, we first extract motifs and then obtain
motif embeddings. After that, we use the motif encoder to extract motif-level interactions. Finally,
motif-level molecular representations are obtained after the readout operation. Meanwhile, we
use the atom-motif alignment loss and the motif contrastive loss to generate the self-supervisory
signals.

3.3.1  Motif Extraction. Before describing the motif extraction process, let us first define the
molecular graph formally. A molecular graph can be represented as G = (V, &), where V is the
node set containing all atoms, and & is the edge set describing the connectivity among the nodes (i.e.,
chemical bonds). By performing motif extraction, the molecular graph G can be decomposed into
m motifs, denoted as My, ..., M;,. Each motif M; = (S;,C;) (i =1, ..., m) represents a subgraph
defined by the atoms in S; and the chemical bonds in C;. The combination of all motifs covers the
entirety of the molecular graph G = (V, &), where V = J; S; and & = |J}2; C;. In this article,
we employ a dynamic and adaptive motif extraction method (i.e., MotifPiece [36]) to extract motifs.
After motif extraction, a motif vocabulary is constructed by preprocessing all molecules in the
dataset. For example, Figure 4 is the visualization of a subset of the motif vocabulary extracted from
Human Immunodeficiency Virus (HIV) dataset. More details of the motif extraction process
are presented in the Supplementary Material 2.

3.3.2  Motif Embedding and Structure Encoding. Here we use neural embedding vectors [37] to
represent each motif. This is analogous to using word embeddings to represent words in natural
language processing tasks. After motif embedding, in a molecule with m motifs, the ith motif is
represented by a feature vector t; € RY, where i = 1,. .., m. Meanwhile, we use the degree centrality
to encode the structural information among motifs, namely the connective relationship of motifs
in the molecule. Therefore, they can be represented as e; € Rifori=1,...,m. Finally, given a
molecule with m motifs, the combination of motif embedding and structural information for the
ith motif is represented as z; = t; + €; (i = 1,..., m), where z; will be fed into the motif encoder.
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Fig. 4. The visualization of a subset of motif vocabulary extracted from HIV dataset by using MotifPiece
[36]. Motifs are arranged in descending order based on their frequency of occurrence.

3.3.3  Motif Encoder and Readout. The motif encoder (see Figure 3(d)) is designed to capture
the interactions among motifs. Given an input sequence of zy, . . ., z,,, we can represent them as
a matrix Z € R™? with each row corresponding to a z; (i = 1,...,m). By sequentially passing
through N layers, we acquire the motif representations denoted as Z™! ¢ R™*4 where each row
denotes the representation of each motif. After the summation function for the readout operation,
we obtain the motif-level molecular representation z'24°"t ¢ R? from Zmtf,

3.3.4 Atom-Motif Alignment Loss. To explore the additional new supervisory information pro-
vided by the motifs, we consider the similarity relationship between the atom-level and motif-level
molecular representations. Since the representations of atoms and motifs for a given molecule are
actually two different views of the same instance, they are naturally aligned to generate the self-
supervisory signals for model training. Here, in a batch of ¢ molecules, the atom-motif alignment
loss can be calculated as:

1 q hgeadout Zr_eadout
Lalign = aZiZI TZLKL o ! T e ! T 5 (2)

where Lk;, denotes the Kullback-Leibler (KL) divergence loss, o denotes the softmax layer, and T
is a hyperparameter controlling the softening effect. We set T to 4 throughout this article, which is a
common setting in existing methods [38]. In Equation (2), h;ead"“t and z?ead"“t denote the atom-level
and motif-level molecular representations of the ith molecule, respectively. By optimizing Lajign,
AMCT can further enhance the molecular representation capability.

3.3.5 Motif Contrastive Loss. Since atom-motif alignment loss is performed intra-molecule and
it constrains the consistency between atoms and motifs in the same molecule, we naturally seek to
perform inter-molecule contrast and investigate the consistency across different molecules. Given
that identical motifs across different molecules exhibit similar chemical properties [11, 12], it is
expected that they should have similar representations across all molecules. To achieve this, we
propose the motif contrastive loss, which maximizes the representation agreement of identical
motifs across different molecules. Meanwhile, the representations of motifs belonging to different
classes are pulled away. Specifically, the proposed motif contrastive loss can be defined as:

motif ~zmotif
Zmotif zmotif)

i
P l[yz:yk]e( i

motif motify _
‘Econtrastive(zi: ) - log ; <Zmotif Zmotif> ’ (3)
j:l e 15 [y B
_ 1 l motif motif’
Lcontrastive B _7 Zi:] 'Econtrastive(zi: )’ (4)

where [ is the number of motifs in a batch of ¢ molecules, Zg“’ﬁf, Z;{“’tif, and Z;c“:"ﬁf denote the ith,

jth, and kth rows of Z™°% respectively. In Equation (3), the symbol (-) expresses the inner product,
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and 1.} is an indicator function which equals 1 if the argument inside the bracket holds, and 0
otherwise. In Equation (3), y; and y are the motif labels of Z?f"ﬁf and Z;:Otif, respectively. In the
proposed motif contrastive loss, the motifs belonging to identical/different classes are regarded
as positive/negative pairs. By optimizing L ontrastive, OUr proposed AMCT not only ensures the
consistency in motif representations, but also improves the discriminating ability of learned motif
representations.

3.4 Property-Aware Decoding

A good decoding process is also important to obtain the reliable representation. However, most
existing GT models equally decode all properties without considering their importance. In contrast,
we propose the property-aware decoding. Specifically, we first obtain property embeddings and
then use the decoder to extract property-aware molecular representations. Finally, predicted results
are obtained after the linear projection.

3.4.1  Property Embedding. Similar to motif embeddings, property embeddings are obtained via
neural embedding vectors [37]. This process is analogous to using word embeddings to represent
words in natural language processing tasks. Specifically, the property embeddings come from a
learnable property embedding layer. Therefore, the property embeddings can be denoted as P €
R4 where ¢ is the number of molecular property categories, and d is the number of dimensions.

3.4.2 Decoder and Linear Layer. The decoder (see Figure 3(g)) is designed to extract property-
aware molecular representations. Given an input sequence of py, ..., p., we can represent them
as a matrix P € R®*? with each row corresponding to a p; (i = 1,...,c). The matrix P is first fed
into the MHA, by which we obtain P(") € R®*?, Next, P + P(!) is operated by a layer normalization
operation, by which we obtain P(?). To identify the motifs that are critical in deciding the properties
of each molecule, we construct a property-aware attention mechanism. Specifically, we employ a
cross-attention module, which uses property embeddings P(®) as queries and motif representations
Z™etf 55 keys and values. To summarize, this process is computed as:

PAware(ZmOtif, P(z)) = Con(head{™, ..., head‘;lmss)WO,

_ Q ifyx 7K ifyx 7V
head{™* = croatt(P? W, ZmetifwK, zmotifyy V), -
croatt(Q, K, V) = crossweight(Q,K)V, (%)

crossweight(Q, K) = softmax (QKT / \/d_k) ,

where “PAware” denotes the property-aware attention mechanism, “croatt” denotes the computation
of the cross-attention module, and “crossweight” denotes the computation of cross-attention
weights. The matrix of cross-attention weights is denoted as A € R“*™, which indicates the
strength of interactions between property embeddings and motif representations. Therefore, a motif
with larger cross-attention weight is considered to have a greater contribution to the molecular
property. After training, we normalize the elements of A to the range [0, 1]. We then identify
the motifs that are critical in deciding the properties of each molecule by considering the cross-
attention weights that exceed the threshold a, where « € [0, 1] is a hyperparameter. By sequentially
passing through L layers, we acquire the property-aware molecular representations. After the linear
projection, the predicted results o € R€ are finally obtained. Note that our proposed property-aware
attention mechanism is useful for both classification task and regression task. For classification
tasks, our property-aware attention mechanism can identify the motifs in the specific molecule
(e.g., ethanol) that are critical in deciding the toxicity property. For regression tasks, our proposed
mechanism can identify the motifs in the specific molecule (e.g., acetic acid) that are critical in
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deciding the solubility property. Specifically, the visualization results of the motifs identified by the
property-aware attention mechanism are presented in Section 4.3.2.

3.5 Model Training

Since the supervised loss depends on the specific prediction objective, we adopt the cross-entropy
loss for classification tasks, while we use the squared error loss for regression tasks. Given a batch of
q molecules, we employ two supervised loss functions, where one for the matrix of predicted results
O € R?%¢, and the other for atom-level molecular representations Hreadout | Gipyce Hreadout ¢ paxd
we use a linear layer to obtain H'""®** € R7%¢, The overall loss of our proposed AMCT is shown in
Equation (6), which assembles the supervised loss L, (0), the supervised loss Lsup(thear), the
atom-motif alignment loss Lyign, and the motif contrastive loss Leontrastive, namely:

L= -Lsup(o) + Lsup(Hlinear) + AaLaIign + Abicontrastive’ (6)

where A4, > 0 and Ay, > 0 are hyperparameters adjusting the impacts of Lyjign and Leontrastives
respectively. In Equation (6), if we are given a classification task, then the two loss functions are:

1 q c
Lop(0) = —; Zi:l i1 Y;; In Oy, (7)
and
in 1 q ¢ in
Loup(H") = =2 D Dy, Y lnH=™, (®)
respectively. If we are given a regression task, then they are:
1 q c
Lap(0) = qc Zizl Zj:1 (Y3 = 0y)" ©)
and
. 1 q c .
Lsup(Hlmear) — % ZiZI Zj:1 (Yij _ Hib{near)z’ (10)

respectively, where Y € R9*¢ is the ground truth matrix.

Remark. Here we discuss the efficiency and scalability of our proposed AMCT. On one hand,
although our proposed AMCT contains several components (e.g., motif extraction and atom-motif
contrastive learning), they can be efficiently implemented, as revealed by the efficiency analysis
in Section 4.5. On the other hand, we emphasize that all components in our proposed AMCT are
essential and non-negligible, which will also be verified by our comprehensive ablation studies
presented in Section 4.3.1. Consequently, our proposed AMCT is easy to deploy in real-world
applications, such as molecular design and drug discovery. Furthermore, AMCT can be easily scaled
to multi-property tasks owing to its high efficiency.

4 Experiments

In this section, we conduct comprehensive experiments to evaluate the effectiveness and efficiency
of our proposed AMCT. First, to ensure reproducibility and facilitate fair comparisons, we present
comprehensive details of experimental settings, including implementation details, dataset statistics,
and the descriptions of baseline methods. Second, to evaluate the effectiveness of our proposed
AMCT, we compare AMCT with baseline methods on both classification tasks and regression
tasks across 10 benchmark datasets. Third, to verify the effectiveness of each key component in
our proposed AMCT, we perform ablation studies and provide visualization results, respectively.
Fourth, to evaluate whether the performance of our proposed AMCT is sensitive to different values
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of hyperparameters, we conduct parametric sensitivity analyses. Finally, to evaluate the efficiency
of our proposed AMCT, we compare the inference time of AMCT with baseline methods.

4.1 Details of Experimental Settings

In this subsection, we provide comprehensive details of experimental settings to ensure repro-
ducibility and facilitate fair comparisons. We first describe the implementation details of our
proposed AMCT. Then, we introduce 10 benchmark datasets used in our experiments, along with
their statistical properties. Finally, we introduce the compared baseline methods.

4.1.1 Implementation Details. To improve the usability of our proposed AMCT, we first build a
unified pre-trained model on a large-scale dataset and then fine-tune it on other datasets. Specif-
ically, we pre-train our model on ZINC dataset [39], which is a large-scale dataset consisting of
about 250,000 molecules. After that, we fine-tune the pre-trained model on classification task and
regression task, respectively. Furthermore, all experiments in this article are conducted on a Linux
server with a 2.90 GHz Intel Xeon Gold 6326 CPU with 64 GB of RAM and an NVIDIA GeForce RTX
4090 GPU with 24 GB of memory. Our proposed method is implemented via Python 3.8.8, PyTorch
1.12.0, and PyTorch Geometric 2.1.0 with Adam optimizer. We use RDKit [40] to preprocess the
Simplified Molecular-Input Line-Entry System [41] strings from various datasets.

4.1.2 Datasets. To validate the effectiveness of our proposed AMCT, we perform extensive
experiments on 10 widely used benchmark datasets (i.e., HIV, ToxCast, Tox21, BBBP, BACE, SIDER,
ESOL, FreeSolv, Lipo, and PDBbind [42]). These datasets include both classification task and regres-
sion task. The statistical information of the above benchmark datasets is described in Table 1. These
benchmark datasets cover a wide range of domains, including biophysics, physiology, and physical
chemistry. We utilize these datasets to predict various properties, such as (1) HIV replication
inhibition in HIV dataset, (2) toxicological properties of 617 types in ToxCast dataset, (3) toxicity
measurements such as nuclear receptors and stress response in Tox21 dataset, (4) blood-brain barrier
permeability in BBBP dataset, (5) inhibition to human f-secretase 1 in BACE dataset, (6) drug side
effects of 27 system organ classes in SIDER dataset, (7) solubility in ESOL dataset, (8) hydration free
energies in FreeSolv dataset, (9) lipophilic properties in Lipo dataset, and (10) protein-ligand binding
affinity in PDBbind dataset. For all 10 datasets, we employ the scaffold splitting procedure [43],
which is widely acknowledged in the field of MPP. For all experiments, we use the Area under
the ROC Curve (AUC) as the evaluation metric (higher values are better) for classification tasks,
and use the Root Mean Square Error (RMSE) as the evaluation metric (lower values are better)
for regression tasks. To ensure a fair comparison, we calculate the mean AUC, mean RMSE, and
the corresponding standard deviation over 10 independent runs for each method on each dataset.
In addition, the paired t-test with significance level 0.05 is employed to statistically compare the
results of various methods.

4.1.3  Baseline Methods. We compare our proposed AMCT with the following baseline methods,
which can be categorized into three groups. The first group is composed of TF-Robust [44], which
takes molecular fingerprints as the input. The second group consists of six GNN-based methods,
namely Weave [45], GCN [46], SchNet [47], MGCN [48], MGSSL [8], and GREA-GCN [49]. The
third group contains four GT-based methods, i.e., MAT [50], R-MAT [51], Graphormer [3], and
Molformer [5].

4.2 Experimental Results on Classification Tasks and Regression Tasks

To evaluate the effectiveness of our proposed AMCT, we compare AMCT with baseline methods on
both classification tasks and regression tasks across 10 benchmark datasets. Tables 2 and 3 show the
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Table 1. Statistical Information of 10 Widely Used Benchmark Datasets

Dataset # Graphs # Average Nodes # Max Nodes # Average Edges # Max Edges # Classes Task
HIV 41,127 25.5 222 54.9 502 1 Classification

ToxCast 8,576 18.8 124 38.5 268 617 Classification
Tox21 7,831 18.6 132 38.6 290 12 Classification
BBBP 2,039 24.1 132 51.9 290 1 Classification
BACE 1,513 34.1 97 73.7 202 1 Classification
SIDER 1,427 33.6 492 70.7 1,010 27 Classification
ESOL 1,128 13.3 55 27.4 124 - Regression

FreeSolv 642 8.7 24 16.8 50 - Regression
Lipo 4,200 27.0 115 59.0 236 - Regression

PDBbind 19,310 33.0 224 35.0 247 - Regression

Table 2. Experimental Results (i.e., AUC 1) of Various Methods on Six Datasets for Classification Tasks

Methods ToxCast Tox21 BBBP BACE SIDER HIV
TF-Robust [44] 0.585+0.031 v/ 0.698+0.012 v 0.860+0.087 v/ 0.824+0.022 v/ 0.607+0.033 v/ 0.634+0.036 v/
Weave [45] 0.678+0.024 v/ 0.741+0.044 v/ 0.837+0.065 v 0.791£0.008 v/ 0.543+0.034 v'  0.673+0.049 v
GCN [46] 0.650+0.025 v/ 0.772+0.041 v/ 0.877+0.036 v 0.854+0.011 v 0.593+0.035 v  0.760+0.012 v/
SchNet [47] 0.679+0.021 v/ 0.767+0.025 v 0.847+0.024 v 0.750+0.033 v/ 0.545+0.038 v/ 0.702+0.034 v
MGCN [48] 0.663+£0.009 v/ 0.707+0.016 v/ 0.850+0.064 v/ 0.734+0.030 v/ 0.552+0.018 v/ 0.738+0.016 vV
MGSSL [8] 0.638+0.003 v/ 0.764+0.004 v/ 0.705+0.011 v/ 0.797+0.008 v/ 0.605+0.007 v/ 0.795+0.011 v/
GREA-GCN [49] | 0.658+0.006 v/ 0.785+0.008 v/ 0.679+0.018 v/ 0.732+0.035 v 0.569+0.023 v 0.762+0.019 v/
MAT [50] 0.678+0.009 v/ 0.785+0.011 v/ 0.737£0.009 v 0.846+0.025 v 0.597+0.012 v 0.772+0.028 V'
R-MAT [51] 0.685+0.009 v/ 0.791+0.009 v/ 0.745+0.010 v 0.858+0.041 v 0.600+0.013 v 0.786+0.025 v
Graphormer [3] 0.703+0.010 v/ 0.790+0.011 v/ 0.917+0.010 V" 0.860+0.013 V" 0.616+0.010 v  0.805%0.005 v
Molformer [5] 0.691+0.012 v/ 0.783+0.012 v 0.918+0.008 v 0.881£0.014 v 0.605+0.011 v/ 0.804+0.010 v/
AMCT (Ours) 0.735+0.011 0.816+0.013 0.937+0.014 0.922+0.010 0.641+0.011 0.827+0.013

The best record in each column is bolded. The “v"” denotes that our AMCT is significantly better than existing methods
revealed by paired t-test with significance level 0.05.

AUCs and RMSE:s of different methods on 10 datasets, respectively, where the best record on each
dataset has been highlighted in bold. According to Tables 2 and 3, we can find that our proposed
AMCT achieves the best performance among the compared methods on all datasets. For example,
on FreeSolv and PDBbind, AMCT outperforms the second-best method (i.e., Molformer) by a margin
of 8.3% and 5.2%, respectively. Although Molformer also characterizes motif-level interactions,
it overlooks the agreement between atom-level and motif-level molecular representations. Since
our proposed AMCT enriches self-supervisory signals by contrasting atom-level representations
and motif-level representations, it recognizes critical patterns hidden in motifs. Consequently, our
proposed AMCT significantly surpasses other GT-based methods.

4.3 Verification of Our Proposed AMCT

To verify the effectiveness of each key component in our proposed AMCT, we first carry out
ablation studies. Second, we provide visualization results to investigate whether the identified
motifs by AMCT contribute to MPP.

4.3.1 Ablation Study. To evaluate the effectiveness of each key component in our proposed
AMCT, here we perform ablation studies from three aspects. First, we perform ablation studies
on our proposed losses and property-aware attention mechanism. Our proposed AMCT employs
atom-motif alignment loss and motif contrastive loss to enrich the self-supervisory signals. In
addition, we use the property-aware attention mechanism to improve the reliability of MPP. To shed
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Table 3. Experimental Results (i.e., RMSE |) of Various Methods on Four Datasets for

Regression Tasks

Methods ESOL FreeSolv Lipo PDBbind
TF-Robust [44] 1.722+0.038 v/ 4.122+0.066 v/ 0.909+0.039 v/ 1.512+0.027 V/
Weave [45] 1.158+0.055 v/ 2.398+0.046 v/ 0.813+0.060 v/ 1.504+0.030 v/
GCN [46] 1.068+0.050 v/ 2.870+0.140 v/ 0.851+0.082 v/  1.413+0.025 V/
SchNet [47] 1.045+0.064 v/ 3.221+0.764 v 0.912+0.103 v/ 1.430+0.058 v/
MGCN [48] 1.266+0.147 v/ 3.352+0.014 v 1.111+0.044 V' 1.441+0.046 v
MGSSL [8] 1.179+0.008 v/ 2.936+0.071 v 1.106+0.077 v/ 1.498+0.033 v/
GREA-GCN [49] | 0.897+0.036 v/ 1.829+0.368 v/ 0.786+0.036 v/ 1.406+0.029 v/
MAT [50] 0.838+0.012 v/ 1.744+0.425 v 0.708+0.017 v/ 1.447+0.035 v
R-MAT [51] 0.833+0.015v"  1.912+0.364 v/ 0.685+0.029 X  1.432+0.038 v/
Graphormer [3] 0.829+0.014 v/ 2.210+£0.014 V' 0.901+0.012 v/ 1.419+0.031 vV
Molformer [5] 0.848+0.013 v/ 1.145+0.017 v/ 0.740+0.012 v 1.303+0.036 v
AMCT (Ours) 0.801+0.013 1.062+0.014 0.672+0.011 1.251+0.015

The best record in each column is bolded. The “v'” (“X”) denotes that our AMCT is significantly better
(worse) than existing methods revealed by paired t-test with significance level 0.05.

light on the contributions of these components, we report the experimental results of AMCT when
each of these components is removed on 10 datasets, which are shown in Table 4. For simplicity,
“AMCT (w/o ALoss),” “AMCT (w/o CLoss),” and “AMCT (w/o PAware)” denote the reduced models
by removing Lalign, Lcontrastive, and property-aware attention mechanism, respectively. It can also
be observed that the performance decreases when either Lyjign or Leontrastive is removed, showing
that both loss functions contribute significantly to satisfactory performance. In particular, AMCT
is able to significantly improve the performance by using motif contrastive loss. For example,
AUC can be decreased by more than 2% on BACE dataset without L ontrastive- Meanwhile, we
select five types of motifs and then visualize their motif representations obtained from AMCT and
“AMCT (w/o CLoss)” on HIV and ToxCast datasets via using t-SNE method [52], respectively. As
shown in Figure 5, the 2D projections of motif representations obtained from AMCT (see Figure
5(a) and (b)) show more compact clusters when compared with “AMCT (w/o CLoss)” (see Figure
5(c) and (d)). Therefore, it demonstrates that our proposed motif contrastive loss is beneficial for
promising performance. Moreover, the performance decreases when removing the property-aware
attention mechanism, which validates that it can help obtain reliable molecular representations.
Second, we carry out an ablation study on motif extraction. Specifically, “AMCT (w/o motif)”
refers to the reduced model that utilizes only atom-level information. In Table 4, we can find that
the performance of “AMCT (w/o motif)” consistently degrades on 10 datasets, demonstrating the
significance of the proposed motif-level interactions. Third, we employ the concatenation operation
to replace Lyjign. This variant method is termed as “AMCT (Concat.).” Experimental results in Table 4
demonstrate that the performance of “AMCT (Concat.)” is lower than “AMCT. This means that
atom-motif alignment loss is obviously superior to the direct concatenation operation.

4.3.2  Visualization Results. To evaluate whether the identified motifs by our proposed AMCT are
critical in deciding the properties of each molecule by using cross-attention weights, we visualize
the motifs identified by our proposed AMCT (the threshold « is set to 0.5) in HIV, ToxCast, and
Tox21 datasets, respectively. Meanwhile, we also visualize atom attention weights learned from
Graphormer. It is noteworthy that molecules are all selected from the test set of datasets. The
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(c) AMCT (w/o CLoss) on HIV dataset (d) AMCT (w/o CLoss) on ToxCast dataset

Fig. 5. The t-SNE visualizations of motif representations obtained from different models on two datasets.

Table 4. Ablation Study on 10 Datasets

AMCT AMCT AMCT AMCT AMCT
Task Type Dataset . AMCT
(w/o ALoss) (w/o CLoss)  (w/o PAware) (w/o Motif) (Concat.)
ToxCast | 0.692+0.022v/  0.689+0.018v"  0.681+0.020v"  0.633+0.036v"  0.664+0.019v" | 0.735+0.011
Tox21 0.785+0.016v"  0.782+0.018v"  0.781+0.025v"  0.738+0.029v"  0.768+0.023v | 0.816+0.013
Classification BBBP 0.904+0.017v"  0.902+0.020v"  0.861+0.016v"  0.741£0.048v"  0.783+0.023v | 0.937+0.014
(AUC 1) BACE 0.879+0.015v"  0.870+0.023v"  0.854+0.017v/  0.748+0.037v"  0.775+0.024v" | 0.922+0.010
SIDER 0.602+0.017v"  0.605+0.018v"  0.587+0.022v"  0.511+0.035v"  0.539+0.023v" | 0.641+0.011
HIV 0.790+0.016v"  0.788+0.020v"  0.771£0.022v"  0.722+0.042v"  0.782+0.026v" | 0.827+0.013
ESOL 1.22940.047v/ 1.153+£0.060v"  1.198+0.045v"  1.589+0.044v"  1.338+0.048" | 0.801+0.013
Regression FreeSolv 1.494+0.056v"  1.525+0.042v"  1.685%£0.059v"  2.035+0.051v"  1.847+0.066v" | 1.062+0.014
(RMSE |) Lipo 1.218+0.032v"  1.337+0.036v/  1.543+0.039v"  1.754+0.058v"  1.496+0.057v" | 0.672+0.011
PDBbind | 1.511+0.058v"  1.493+0.037v/  1.458+0.033v"  1.946+0.058v"  1.584+0.048v | 1.251+0.015

The best record in each row is bolded. The “v"” denotes that our AMCT is significantly better than reduced models revealed
by paired t-test with significance level 0.05.

bluer the circles in the visualization results are, the larger the attention weights are. The additional
visualization results are provided in the Supplementary Material 3.

HIV Dataset. Figure 6 shows the visualizations in HIV dataset. The task of HIV dataset is to
predict whether a molecule will inhibit HIV replication or not. In the third example in Figure 6, we
can observe that the fourth motif (namely, imidazole) has the highest cross-attention weight in
motifs identified by AMCT. This makes sense because imidazole derivatives can easily bind to a
variety of enzymes, proteins, and receptors in biological systems through various non-covalent
interactions [53]. As a result, imidazole derivatives have potent biological activities, and several
imidazole-containing compounds have been approved for the treatment of HIV infection or have
been deployed in various stages of clinical trials [54]. In other words, the identified motif (namely,
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Fig. 6. Visualization of identified motifs of four molecules in HIV dataset. Their IDs in the dataset are 971,
3,134, 8,910, and 9,427, respectively. The blue stars in the second column indicate the motifs that are considered
important in chemistry for deciding molecular properties. The blue hollow circles in the last column contain
atoms in the corresponding motifs, and the numbers around them are their corresponding motif IDs.
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Fig. 7. Visualization of identified motifs of four molecules in ToxCast dataset. Their IDs in the dataset are 5,
631, 1,106, and 1,283, respectively. The blue stars in the second column indicate motifs that are considered
important in chemistry for deciding molecular properties. The blue hollow circles in the last column contain
atoms in the corresponding motifs, and the numbers around them are their corresponding motif IDs.

imidazole) is capable of inhibiting HIV replication. Consequently, this example firmly validates that
our proposed property-aware attention mechanism is able to identify the motifs that are critical
in deciding the properties of molecules. However, the attention weights of atoms in imidazole
obtained from Graphormer are small, which means that Graphormer does not really identify
motifs that are critical in deciding molecular properties. This is because Graphormer only considers
atom-level interactions but neglects motif-level interactions. In contrast, owing to our proposed
property-aware attention mechanism, identified motifs are critical to determining the properties of
molecules.

ToxCast Dataset. Figure 7 shows the visualizations in ToxCast dataset. The task of ToxCast dataset
is to predict whether a molecule is toxic or not. In the second example in Figure 7, we can observe
that “N=" (namely, cyanide) has the highest cross-attention weight in motifs identified by AMCT,
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Fig. 8. Visualization of identified motifs of four molecules in Tox27 dataset. Their IDs in the dataset are 890,
1,264, 1,386, and 2,643, respectively. The blue stars in the second column indicate motifs that are considered
important in chemistry for deciding molecular properties. The blue hollow circles in the last column contain
atoms in the corresponding motifs, and the numbers around them are their corresponding motif IDs.
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Fig. 9. The sensitivity analyses of hyperparameters A, and A, on 10 datasets.
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Fig. 10. The sensitivity analyses of hyperparameters N and L on 10 datasets.

<

while other motifs such as “-” have the lowest cross-attention weights. This makes sense because
“N=" can bind to enzymes in cells, interfering with the transfer of oxygen in cellular respiration,
leading to symptoms of suffocation [55]. Therefore, molecules with “N=" are very likely to be
toxic. However, in the second example in Figure 7, the attention weight of nitrogen atom learned
from Graphormer is small, which means that Graphormer does not really identify motifs that are
critical in determining molecular properties. This is because Graphormer only considers atom-level
interactions but neglects motif-level interactions. In contrast, owing to our proposed property-aware
attention mechanism, identified motifs are critical to deciding the properties of molecules.

Tox21 Dataset. Figure 8 shows the visualizations in Tox21 dataset. The task of Tox21 dataset is to
predict whether a molecule is toxic or not. In the fourth example in Figure 8, we can observe that
“NH,” has the highest cross-attention weight in motifs identified by AMCT, while other motifs
such as benzene ring have the lowest cross-attention weights. This makes sense because carbon
rings with “NH,” functional group tend to be mutagenic [13, 14]. As a result, molecules with “NH,”
are likely to be toxic. Therefore, this example validates that the identified motif is indeed critical in
deciding the properties of molecules.

4.4 Sensitivity Analysis

To evaluate whether the performance of our proposed AMCT is sensitive to different values
of hyperparameters, here we perform parametric sensitivity analyses. First, since there are two
hyperparameters A, and Ay, in Equation (6), we report the performance of AMCT under different
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Table 5. The Inference Time (Milliseconds) of Different Methods on 10 Datasets

Classification Tasks Regression Tasks
Methods ToxCast Tox21 BBBP BACE SIDER HIV | ESOL FreeSolv Lipo PDBbind
TF-Robust [44] 2.572 2593 2785 2736 2793  2.644 | 2.336 1.787 1.318 3.491
Weave [45] 2.801 2715 2191 2434 2256 2345 1.798 1.720 1.703 3.155
GCN [46] 2.298 2.179  2.240 2401 2139  2.219 | 2.270 2.074 2.130 2.987
SchNet [47] 2.653 2711  2.674 2425 2311 2533 | 1.724 1.881 1.555 3.170
MGCN [48] 2.696 2774 2,645 2734 2293 2151 2.493 1.850 2.198 4913
MGSSL (8] 14.584 13.752 13.638 13.783 15.503 15.687 | 14.543  10.681  10.375 11.674
GREA-GCN [49] 3.580 3296  3.143 3456 3720 3.708 | 3.604 3.308 3.154 4.835
MAT [50] 16.780  15.603 17.816 17.392 17.506 16.378 | 16.340  16.210  15.721 19.182
R-MAT [51] 17.574 18.107 17.686 17.391 16.194 16.800 | 17.166 16.472 16.816  22.634
Graphormer [3] 12.759  13.812 11.458 10.396 9.675 7.915 | 9.748 8.109 9.482 9.495
Molformer [5] 23.893 24310 23.764 23.876 22.625 22.139 | 21.422 20.468 20.450  22.346
AMCT (Ours) 10.481 8.282 8320 7.636 7.622 5463 | 6.276 4.912 4.107 5.235
Average 9.389 9.178 9.030 8888 8720 8332 | 8.310 7.456 7.417 9.426

values of them on 10 datasets, which are shown in Figure 9. We can observe that the performance
of AMCT is relatively stable under different values of A, and 1. Second, to evaluate the impact of
the number of layers on the performance of AMCT, we carry out a detailed sensitivity analysis
on these hyperparameters (i.e., encoder layers N and decoder layers L). As shown in Figure 10,
the variations in performance under different values of N and L are small, which confirms that
the number of layers have little impact on the performance of our proposed AMCT. Furthermore,
ablation studies in Section 4.3.1 validate that the improvement of performance in our proposed
AMCT stems from our proposed method (i.e., atom-motif contrastive learning and property-aware
attention mechanism).

4.5 Efficiency Analysis

To demonstrate the efficiency of our proposed AMCT, we report the inference time of our proposed
AMCT and the compared baseline methods. According to Table 5, the inference time of our proposed
method is significantly lower than the average level in most datasets. Moreover, it can be observed
that the inference time of our proposed AMCT is competitive with most GT-based methods.

5 Conclusion

In this article, we proposed a novel AMCT for MPP, which simultaneously considers the atom-level
and motif-level interactions within the molecule. The main advantage of our method is that it
exploits the critical contrast information within atoms and motifs, and thus successfully builds
supervisory signals for reliable model training. The proposed contrastive transformer was further
integrated with a new property-aware attention mechanism, so that we could finally identify the
critical motifs in deciding the molecular properties. Due to the effectiveness of the above contrastive
transformer learning as well as the compatibility of the new attention block, our method achieved
significantly better results than 11 representative approaches on 10 benchmark datasets.
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