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A Related work16

A.1 Diffusion model17

Diffusion models have emerged as a powerful class of generative models, gaining significant attention in18

recent years due to their impressive performance in various generative tasks, including image genera-19

tion [1, 2], text generation [3, 4], and molecular design [5–7]. The core idea behind diffusion models is to20

gradually add noise to the data in a forward process, and then learn a reverse process that progressively21

denoises the data to generate high-quality samples. Recent advancements have focused on improving the22

efficiency and scalability of diffusion models. For instance, research has explored ways to accelerate the23

sampling process, which is traditionally slow due to the iterative nature of diffusion models. Techniques24

such as improved sampling methods and the use of fewer steps in the reverse process have been proposed25

to address this issue [8, 9]. Additionally, there has been significant progress in applying diffusion models26

to a broader range of domains, including the successful adaptation of these models to generate complex27

molecular structures and optimize drug-like properties [10, 11]. Moreover, diffusion models have been28

integrated with other generative frameworks, such as GANs and VAEs, to enhance their expressiveness29

and training stability. This hybrid approach has shown promising results in generating more diverse and30

realistic data [12, 13].31

One of the inherent strengths of diffusion models is their role as Gaussian denoisers, which naturally32

endows them with robustness to noise perturbations [14–17]. This characteristic is particularly beneficial33

in the context of molecular contrastive learning, where the molecule graph augmentation can leave models34
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vulnerable to the effects of noise perturbations in the molecular graph. Diffusion models can effectively35

compensate for it by maintaining stability and performance in noisy environments. This robustness to36

noise is often overlooked by current augmentation-free contrastive learning methods [18–20], highlighting37

a significant advantage of integrating diffusion models into molecular contrastive learning (MCL).38

A.2 Graph representation learning on small molecules39

Representation learning on small molecular graphs has gained significant traction in recent years, driven40

by advancements in deep learning and graph neural networks (GNN). Molecular graphs, where atoms41

are represented as nodes and chemical bonds as edges, provide a natural and effective way to model42

molecular structures, enabling the application of GNN for various chemical and biological tasks [21–23].43

Methods such as MPNN [24], DMPNN [25],CMPNN [26], and GEM [21] have been extensively applied44

to the small molecule tasks such as molecular property prediction. MPNN [24] is a foundational framework45

in graph neural networks that propagates and aggregates information through nodes and edges in a46

graph, enabling the model to learn rich node and graph-level representations. DMPNN [25] extends47

the MPNN framework by incorporating directionality in the message passing process, which allows for48

more precise modeling of directional relationships between atoms in molecular graphs. CMPNN [26]49

enhances molecular representations by reinforcing the interactions between nodes and edges through a50

communicative kernel. GEM [21] models the atom-bond-angle relationships to create a geometry-based51

GNN that effectively encodes both the topological and geometric information of molecules.52

Self-supervised learning has evolved and been successfully applied to molecular tasks, encompassing53

two main approaches: predictive self-supervised learning and contrastive self-supervised learning. Pre-54

dictive self-supervised learning methods in molecular modeling focus on predicting specific aspects of55

molecular structures to learn useful representations without relying on labeled data. N-GRAM [27] draws56

inspiration from natural language processing, modeling the molecular graph as a sequence of substruc-57

tures (n-grams) and training the model to predict the presence of these substructures in a given context.58

MGSSL [28] uses a masked graph modeling approach, where certain parts of the molecular graph are59

masked and the model is tasked with predicting the masked components, thereby learning rich represen-60

tations that capture both local and global molecular features. Contrastive self-supervised learning has61

emerged as a powerful paradigm for learning robust molecular representations by contrasting positive and62

negative molecule pairs. GraphMVP [29] employs a multiview approach, leveraging both 2D molecular63

graphs and 3D molecular structures to capture complementary information for more accurate predic-64

tions. MolCLR [22] introduces three molecular graph augmentation strategies—atom masking, bond65

deletion, and subgraph removal—to create contrastive pairs, enabling the learning of molecular graph66

representations using general GNN backbones. KANO [23] integrates domain knowledge with contrastive67

learning, enhancing the model’s ability to distinguish between subtle structural variations by incorporat-68

ing chemically relevant augmentations and functional prompt. The negative effects of molecular graph69

augmentation have hindered the advancement of MCL. The limitations of molecular graph augmenta-70

tions, such as their tendency to disrupt semantic consistency, have been shown to hinder the progress of71

MCL, motivating the development of augmentation-free approaches [19, 30, 31]. For example, Zhao et72

al. [18] introduce an augmentation-free MCL using a graph transformer, but they overlook the model’s73

robustness to the noise perturbations in the molecular graph, which also limits the model’s effectiveness.74

Existing works have explored various ways to incorporate molecular motifs into representation learn-75

ing. Specifically, MGSSL [28] uses BRICS-derived motifs as generation targets in an autoregressive76

framework, while DGPM [32] discovers motifs via edge pooling to align subgraph kernels in a pretrain-77

ing task. MOTOR [33] employs motifs as relational descriptors for drug-drug interaction prediction,78

and HM-GNN [34] integrates motifs as heterogeneous graph nodes to facilitate message passing between79

molecules. MICRO-Graph [35], on the other hand, clusters motif-like subgraphs to guide contrastive80

learning. While these methods demonstrate the utility of motifs for tasks like generation, pretraining, or81

interaction modeling, they share a key limitation: motifs serve as fixed tools or intermediate constructs82

rather than explicitly learned, transferable representations. In contrast, MotiL repositions motifs as the83
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central representation units, optimizing them for semantic consistency and alignment across diverse84

molecular contexts. Unlike prior works that use motifs to assist molecule-level learning, MotiL directly85

learns generalizable, interpretable motif embeddings that can transfer across tasks and scales, ranging86

from small molecules to macromolecules.87

A.3 Representation learning on proteins88

Protein representation learning has garnered increasing attention in protein modeling and structural89

bioinformatics, playing a crucial role in biological research. Given that proteins are sequences of amino90

acids, methods such as 1D CNNs [36], LSTMs [37], and Transformers [37] have been widely employed for91

sequence-based protein representation learning. Beyond sequence information, 3D geometric structures,92

including amino acid or atom 3D coordinates and protein surfaces, have been utilized to enhance protein93

representations [38–40]. Additionally, several methods have been proposed to integrate both 1D sequential94

order and 3D geometric coordinates of amino acids [41–45]. For example, CDConv [45] models regular95

sequences and irregular coordinates in protein data through discrete and continuous representations,96

respectively. However, these methods are primarily based on supervised learning, which limits their ability97

to learn from unlabeled data. Graph self-supervised learning, particularly graph contrastive learning,98

which can extract representations directly from protein graph data without relying on labeled proteins,99

remains underexplored in this context. This limitation constrains the full potential of these approaches100

such as CDConv in capturing the complex nature of protein structures.101

A.4 Sequence-based and SMILES-based molecular representation learning102

In addition to graph-based representations, molecular property prediction has also benefited from lin-103

ear representations such as SMILES strings and amino acid sequences. These formats treat molecules104

and proteins as sequences, enabling the application of natural language processing (NLP) techniques105

to molecular modeling. For instance, models like ChemBERTa [46] and SMILES-BERT [47] leverage106

transformer-based architectures to learn contextual embeddings from large-scale unlabeled SMILES cor-107

pora. Similarly, the models such as ESM [48] utilize masked language modeling on millions of amino108

acid sequences to capture biological semantics. A key advantage of these sequence-based approaches is109

their scalability: the simplicity of SMILES and FASTA formats allows access to massive datasets and110

efficient pretraining pipelines. However, this comes with trade-offs. Unlike molecular graphs, which natu-111

rally encode topological and stereochemical information, SMILES strings often linearize or obscure such112

structural nuances. Therefore, while sequence models offer practical benefits in terms of data volume113

and pretraining efficiency, they may struggle to preserve fine-grained spatial or functional substruc-114

tures critical to downstream molecular tasks. Our work focuses on graph-based models as they offer a115

more faithful structural representation, particularly advantageous for capturing and aligning motifs in116

molecular graphs.117

B Overview of experimental datasets118

We use 14 benchmark datasets for the small molecular property prediction task, as detailed in Supple-119

mentary Table 1. These datasets, sourced from MoleculeNet [64], encompass a diverse range of molecular120

characteristics and are categorized into four primary domains: physiology, biophysics, physical chemistry,121

and quantum mechanics. The physiology datasets (BBBP, Tox21, ToxCast, SIDER, and ClinTox) focus122

on the behavior of molecules within biological systems, while the biophysics datasets (BACE, MUV, and123

HIV) apply physical principles to study biological phenomena. The physical chemistry datasets (ESOL,124

FreeSolv, and Lipophilicity) explore chemical behaviors and principles through a physics-based lens, and125

the quantum mechanics datasets (QM7, QM8, and QM9) delve into the fundamental electronic proper-126

ties at the atomic level. Each dataset is characterized by its task type, evaluation metrics, number of127

tasks, number of compounds, and splitting strategies, offering a comprehensive framework for evaluating128

various molecular properties.129
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Task Type Metric Category Dataset # Tasks # Compounds Split

Classification ROC-AUC

Physiology BBBP [49] 1 2,039 Scaffold split
Physiology Tox21 [50] 12 7,831 Scaffold split
Physiology ToxCast [51] 617 8,597 Scaffold split
Physiology SIDER [52] 27 1,427 Scaffold split
Physiology ClinTox [53] 2 1,478 Scaffold split
Biophysics BACE [54] 1 1,513 Scaffold split
Biophysics MUV [55] 17 93,087 Scaffold split
Biophysics HIV [56] 1 41,127 Scaffold split

Regression

RSME
Physical chemistry ESOL [57] 1 1,128 Scaffold split
Physical chemistry FreeSolv [58] 1 642 Scaffold split
Physical chemistry Lipophilicity [59] 1 4,200 Scaffold split

MAE
Quantum mechanics QM7 [60] 1 6,830 Scaffold split
Quantum mechanics QM8 [61] 12 21,786 Scaffold split
Quantum mechanics QM9 [62] 3 133,885 Random split

Supplementary Table 1 Summary of the experimental datasets on small molecules. # Tasks indicates the number of
binary classification or regression tasks within each dataset.

Prediction objective Metric Dataset # Classes # Train # Valid # Test

Gene ontology term Fmax

Biological process (BP) [63] 1,943
29,898 3,322 3,415Molecular function (MF) [63] 489

Cellular component (CC) [63] 320
Enzyme commission number Fmax Enzyme Commission (EC) [63] 538 15,550 1,729 1,919

Supplementary Table 2 Summary of the experimental datasets on protein macromolecules.

We selected the MoleculeNet benchmark suite for several key reasons, which we summarize here for130

completeness. First, MoleculeNet has become a widely recognized standard for evaluating molecular prop-131

erty prediction models, particularly in the context of graph neural networks and self-supervised learning.132

Many state-of-the-art methods, including MolCLR [22], GROVER [65], KANO [23], and MGSSL [28],133

have been extensively evaluated on these datasets using consistent splits and protocols, establishing a134

clear basis for comparative studies. Second, the diversity of molecular tasks in MoleculeNet enables a135

comprehensive assessment of model generalization across different property types, including physicochem-136

ical, biological, and pharmacokinetic domains. This diversity aligns with our goal of validating whether137

motif-level contrastive learning can uncover transferable substructures relevant to distinct molecular138

functions. Third, MoleculeNet provides standardized scaffold splits and evaluation metrics, facilitating139

fair comparisons and reproducible experiments. The scaffold split, in particular, is well-suited for testing140

the ability of models to generalize beyond known chemical scaffolds, which is an essential consideration141

for real-world molecular discovery tasks. Finally, as our work builds on the self-supervised pretraining142

paradigm, it is critical to benchmark against datasets and splits adopted in prior contrastive learning143

frameworks. It ensures that observed improvements can be attributed to our architectural contributions144

(such as motif-level alignment and diffusion-based pretraining) rather than differences in dataset selection145

or experimental design.146

Detailed descriptions of the small molecule classification datasets are provided below:147

• BBBP [49] captures data on whether compounds have the ability to cross the blood-brain barrier,148

indicating their permeability properties.149

• Tox21 [50] is a publicly accessible database that assesses compound toxicity, utilized notably in the150

2014 Tox21 Data Challenge.151

• ToxCast [51] provides a wealth of toxicity labels derived from high-throughput screening tests152

conducted on thousands of chemicals.153
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• SIDER [52] contains information on marketed drugs along with their associated adverse drug reactions,154

documented in the Side Effect Resource.155

• ClinTox [53] compares drugs that have been approved by the FDA with those that were withdrawn156

during clinical trials due to toxicity concerns.157

• BACE [54] compiles data on compounds that have been identified as inhibitors of human β-secretase158

(BACE-1) over recent years.159

• MUV [55] is a curated subset of PubChem BioAssay, designed using a refined nearest neighbor analysis160

to validate virtual screening techniques.161

• HIV [56] records the experimentally measured efficacy of over 40,000 molecules in inhibiting HIV162

replication.163

Detailed descriptions of small molecule regression datasets are provided below:164

• ESOL [57] is a compact dataset that records the solubility of various compounds.165

• FreeSolv [58] is derived from the Free Solvation Database, documenting the hydration free energy of166

small molecules in water, based on both experimental data and alchemical free energy calculations.167

• Lipophilicity [59] is extracted from the ChEMBL database[59], containing experimental results of the168

octanol-water partition coefficient, an indicator of molecular solubility.169

• QM7 [60] is a subset of the GDB-13 database, providing data on the spatial structures of molecules.170

It includes various electronic properties that are stable and synthetically accessible, such as HOMO171

and LUMO levels, calculated using ab-initio density functional theory (DFT), along with atomization172

energies.173

• QM8 [61] applies multiple quantum mechanics methodologies to determine the electronic spectra and174

excited state energies of small molecules.175

• QM9 [62] offers comprehensive data on the geometry, energy, electronic, and thermodynamic properties176

of small molecules, all calculated using DFT.177

As detailed in Supplementary Table 1, we employ scaffold splitting [66] for all datasets except QM9.178

Scaffold splitting divides molecules based on their distinct two-dimensional structural frameworks, cre-179

ating subsets that provide a more challenging and realistic scenario since the molecules in the testing180

set are structurally different from those in the training set. For QM9, we follow standard practice by181

applying random splitting, consistent with the protocols in related studies [22, 23, 27]. For the above182

benchmark experiments, we trained MotiL using three independent runs for each dataset, with different183

random seeds for initialization. The same dataset splits and model configurations were used across runs184

to ensure comparability. We report the average performance and the unbiased standard deviation across185

the three runs to account for variability arising from stochastic optimization and data sampling.186

In addition, we use two protein datasets for the protein macromolecular property prediction, as187

detailed in Supplementary Table 2:188

• Gene ontology (GO): This task involves predicting the functions of proteins based on multiple GO189

terms, making it a multi-label classification challenge. In accordance with ref. [63], proteins are cat-190

egorized into hierarchically related functional classes within three ontologies: biological process (BP)191

with 1,943 classes, molecular function (MF) with 489 classes, and cellular component (CC) with 320192

classes. The dataset comprises 29,898 proteins for training, 3,322 for validation, and 3,415 for testing.193

• Enzyme commission (EC): This task focuses on predicting the three- and four-level Enzyme Com-194

mission (EC) numbers across 538 classes. We adopt the training, validation, and testing splits from195

ref. [63], which include 15,550 proteins for training, 1,729 for validation, and 1,919 for testing. The196

prediction of EC numbers is also framed as a multi-label classification task.197

C Evaluation metrics198

For the classification task on small molecules, we use the area under the receiver operating characteristic199

curve (ROC-AUC) as the evaluation metric. ROC-AUC is a performance measurement for classification200
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problems at various threshold settings. The ROC curve plots the true positive rate (sensitivity) against201

the false positive rate (1-specificity) at different threshold values. The area under the curve (AUC)202

represents the degree or measure of separability achieved by the model. It quantifies the overall ability203

of the model to distinguish between classes. An ROC-AUC value of 1.0 indicates perfect classification,204

while an ROC-AUC value of 0.5 suggests the model’s performance is equivalent to random guessing, i.e.,205

it has no discriminative power.206

For the regression task on small molecules, we use root mean square error (RMSE) and mean absolute207

error (MAE) as evaluation metrics. RMSE is a commonly used metric to measure the differences between208

values predicted by a model and the values actually observed. It provides a way to quantify the accuracy209

of continuous predictions. RMSE is the square root of the average of the squared differences between210

predicted and actual values. Mathematically, it is defined as:211

RMSE =

√√√√ 1
n

n∑
i=1

(yi − ŷi)2, (1)

where yi represents the actual value, ŷi represents the predicted value, and n is the total number of obser-212

vations. Lower RMSE values indicate better model performance. MAE measures the average magnitude213

of errors in a set of predictions, without considering their direction. It is a straightforward metric that214

provides an interpretation of the average error between predicted and actual values. MAE is defined as215

the mean of the absolute differences between predicted and actual values:216

MAE = 1
n

n∑
i=1

|yi − ŷi|. (2)

MAE indicates how wrong predictions typically are, with lower values indicating more accurate217

predictions.218

For the macromolecule task, we use Fmax as evaluation metrics. Fmax is used to evaluate the balance219

between precision and recall in multi-label classification tasks, particularly in the context of protein220

function prediction [63]. It provides a comprehensive measure of a model’s performance across different221

decision thresholds. Specifically, the F-score is calculated based on the precision and recall for each222

protein at a given threshold λ. The precision for protein i at threshold λ is defined as:223

Precisioni(λ) =

∑
j

(
(pj

i ≥ λ) ∩ bj
i

)
∑

j(pj
i ≥ λ)

(3)

and the recall for protein i at threshold λ is given by:224

Recalli(λ) =
∑

j(pj
i ≥ λ)∑
j bj

i

. (4)

Here, pj
i represents the predicted score for the j-th function of protein i, and bj

i is the binary indicator225

of the actual presence of that function. The average precision and recall across all proteins are then226

calculated as:227

Precision(λ) =
∑N

i=1 Precisioni(λ)∑N
i=1

(∑
j(pj

i ≥ λ) ≥ 1
) , Recall(λ) =

∑N
i=1 Recalli(λ)

N
(5)

where N is the total number of proteins. Finally, Fmax is defined as the maximum F-score over all tested228

thresholds λ within the range [0, 1]:229

Fmax = max
λ∈[0,1]

(
2 × Precision(λ) × Recall(λ)

Precision(λ) + Recall(λ)

)
. (6)
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The metric of Fmax captures the best trade-off between precision and recall across different thresholds,230

providing a robust measure of model performance.231

Supplementary Table 3 ROC-AUC (%) performance comparison on small molecules. Results are presented as mean
± standard deviation over three independent runs. Statistical significance was evaluated using a two-sided t-test. Exact
p-values are reported in the last row. No adjustments were made for multiple comparisons.

Category Physiology Biophysics
Metric ROC-AUC (%) ↑ ROC-AUC (%) ↑

Dataset BBBP Tox21 ToxCast SIDER ClinTox BACE MUV HIV
# molecules 2,039 7,831 8,575 1,427 1,478 1,513 93,807 41,127

# tasks 1 12 617 27 2 1 17 1
GCN [38] 71.8±0.9 70.9±0.3 65.0±6.1 53.6±0.3 62.5±2.8 71.6±2.0 71.6±4.0 74.0±3.0
GIN [67] 65.8±4.5 74.0±0.8 66.7±1.5 57.3±1.6 58.0±4.4 70.1±5.4 71.8±2.5 75.3±1.9

MPNN [24] 91.3±4.1 80.8±2.4 69.1±3.0 59.5±3.0 87.9±5.4 81.5±1.0 75.7±1.3 77.0±1.4
DMPNN [25] 91.9±3.0 75.9±0.7 63.7±0.2 57.0±0.7 90.6±0.6 85.2±0.6 78.6±1.4 77.1±0.5
CMPNN [26] 95.7±2.8 80.4±0.3 70.4±0.8 63.4±2.0 87.6±0.8 85.6±3.5 76.4±3.9 82.5±2.3
N-GRAM [27] 91.2±0.3 76.9±2.7 - 63.2±0.5 87.5±2.7 79.1±1.3 76.9±0.7 78.7±0.4
Hu et. al [68] 70.8±1.5 78.7±0.4 65.7±0.6 62.7±0.8 72.6±1.5 84.5±0.7 81.3±2.1 79.9±0.7
MGSSL [28] 70.5±1.1 76.4±0.4 64.1±0.7 61.8±0.8 80.7±2.1 79.7±0.8 78.7±1.5 79.5±1.1

GEM [21] 72.4±0.4 78.1±0.1 69.2±0.4 63.2±0.4 90.1±1.3 85.6±1.1 81.7±0.5 80.6±0.9
GROVER [65] 86.8±2.2 80.3±2.0 56.8±3.4 61.2±2.5 70.3±13.7 82.4±3.6 67.3±1.8 68.2±1.1

GraphMVP [29] 72.4±1.6 75.9±0.5 63.1±0.4 63.9±1.2 79.1±2.8 81.2±0.9 77.7±0.6 77.0±1.2
MolCLR [22] 73.3±1.0 74.1±5.3 65.9±2.1 61.2±3.6 89.8±2.7 82.8±0.7 78.9±2.3 77.4±0.6

MolCLRCMPNN [22] 72.4±0.7 78.4±2.6 69.1±1.2 59.7±3.4 88.0±4.0 85.0±2.4 74.5±2.1 77.8±5.5
KANO [23] 96.0±1.6 83.7±1.3 73.2±1.6 65.2±0.8 94.4±0.3 93.1±2.1 83.7±2.3 85.1±2.2

MotiL 96.9±0.3 84.0±0.2 73.5±0.6 65.6±0.9 95.2±0.8 93.9±1.0 85.0±1.0 85.6±0.2
p-value 1.2e-4 1.1e-7 5.9e-6 1.9e-4 2.8e-4 6.6e-7 3.5e-7 2.7e-6

Supplementary Table 4 Performance comparison on small molecules using RMSE or MAE, where lower values
indicate better performance. Results are presented as mean ± standard deviation over three independent runs. Statistical
significance was evaluated using a two-sided t-test. Exact p-values are reported in the last row. No adjustments were
made for multiple comparisons.

Category Physical chemistry Quantum mechanics
Metric RSME ↓ MAE ↓

Dataset ESOL FreeSolv Lipophilicity QM7 QM8 QM9
# molecules 1,128 642 4,200 7,160 21,786 133,885

# tasks 1 1 1 1 12 3
GCN [38] 1.431±0.050 2.870±0.135 0.712±0.049 122.9±2.2 0.0366±0.000 0.00835±0.00001
GIN [67] 1.452±0.020 2.765±0.180 0.850±0.071 124.8±0.7 0.0371±0.001 0.00824±0.00004

MPNN [24] 1.167±0.430 1.621±0.952 0.672±0.051 111.4±0.9 0.0148±0.001 0.00522±0.00003
DMPNN [25] 1.050±0.008 1.673±0.082 0.683±0.016 103.5±8.6 0.0156±0.001 0.00514±0.00001
CMPNN [26] 0.798±0.112 1.570±0.442 0.614±0.029 75.1±3.1 0.0153±0.002 0.00405±0.00002
N-GRAM [27] 1.100±0.030 2.510±0.191 0.880±0.121 125.6±1.5 0.0320±0.003 0.00964±0.00031
Hu et.al [68] 1.100±0.006 2.764±0.002 0.739±0.003 113.2±0.6 0.0215±0.001 0.00922±0.00004

GEM [21] 0.813±0.028 1.748±0.114 0.674±0.022 60.0±2.7 0.0163±0.001 0.00562±0.00007
GROVER [65] 1.423±0.288 2.947±0.615 0.823±0.010 91.3±1.9 0.0182±0.001 0.00719±0.00208
MolCLR [22] 1.113±0.023 2.301±0.247 0.789±0.009 90.9±1.7 0.0185±0.013 0.00480±0.00003

MolCLRCMPNN [22] 0.911±0.082 2.021±0.133 0.875±0.003 89.8±6.3 0.0179±0.001 0.00475±0.00001
KANO [23] 0.670±0.019 1.142±0.258 0.566±0.007 56.4±2.8 0.0123±0.000 0.00320±0.00001

MotiL 0.644±0.014 1.097±0.001 0.548±0.000 50.7±1.0 0.0117±0.000 0.00299±0.00001
p-value 5.3e-7 2.0e-4 5.1e-7 9.2e-5 3.9e-6 4.0e-6

D Complete performance comparison on small molecules and232

macromolecules233

Supplementary Tables 3 and 4 provide a comprehensive performance comparison between MotiL and234

baselines on 14 small molecule datasets, including the mean and standard deviation after running three235
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Supplementary Table 5 Performance comparison on protein macromolecules. All methods, including baselines and
MotiL, use identical data splits: 29,898/3,322/3,415 proteins for training, validation, and test on the GO dataset, and
15,550/1,729/1,919 proteins on the EC dataset. Following the multi-cutoff split strategy in [63], the test set contains only
PDB chains with sequence identity no more than 95% to those in the training set, ensuring biologically meaningful
generalization evaluation. Results are reported as mean ± standard deviation over three independent runs with different
random seeds. Statistical significance was evaluated using a two-sided t-test. Exact p-values are reported in the last row.
No adjustments were made for multiple comparisons.

Dataset GO-BP GO-MF GO-CC EC

Metric Fmax(%) ↑

# proteins 36,635 19,198

CNN [36] 26.3±0.5 23.0±0.6 33.7±1.7 35.9±2.2
ResNet [37] 26.4±0.6 22.4±0.7 33.3±2.0 19.4±0.7
LSTM [37] 24.2±0.3 23.6±0.4 31.3±0.8 21.2±0.5
Transformer [37] 24.9±1.4 22.9±0.9 35.2±4.0 20.0±0.3
GCN [38] 27.2±0.3 23.7±0.1 38.5±0.5 31.6±1.0
GAT [39] 26.0±0.3 21.8±0.5 37.2±0.6 11.0±2.9
3D CNN [40] 25.9±0.2 21.0±1.1 32.5±0.8 23.4±2.7
GraphQA [41] 25.9±0.2 23.8±0.3 34.1±0.1 16.3±1.0
GVP [42] 26.5±0.3 20.7±0.1 33.4±2.2 16.9±1.2
IEConvresidue level [43] 29.5±1.0 38.6±0.8 36.7±0.8 45.5±1.4
GearNet [44] 31.3±0.6 51.5±0.6 34.6±0.6 64.0±1.6
GearNetIEConv [44] 34.6±0.5 52.4±0.6 37.4±0.5 64.6±0.7
GearNetEdge [44] 35.5±0.5 53.2±0.3 37.5±0.4 66.2±0.8
GearNetEdge-IEConv [44] 36.2±0.5 55.0±0.8 41.0±0.6 69.3±0.5
CDConv [45] 42.2±0.7 61.8±0.5 42.0±0.3 86.1±0.4
MotiL 44.4±0.2 64.0±0.3 48.9±0.3 87.9±0.3
p-value 4.5e-2 4.7e-3 5.2e-4 3.7e-2

independent experiments. Based on the average performance, we can see that MotiL consistently outper-236

forms all baseline methods. On certain datasets, MotiL markedly outperforms the second-best method.237

For example, on the MUV dataset, MotiL achieves a 1.6% higher ROC-AUC relative to the runner-238

up KANO, and on the QM7 dataset, it shows a substantial improvement of 10.1% over the runner-up239

KANO. To assess whether the observed performance gains of MotiL over the strongest baseline (KANO)240

are statistically significant, we performed paired two-tailed t-tests across all MoleculeNet benchmark241

datasets using the results from three independent runs. The corresponding p-values are summarized242

in Supplementary Tables 3 and 4. All values are below the 0.05 threshold, confirming that MotiL’s243

improvements are statistically significant and robust across different datasets. Supplementary Table 5244

presents a comprehensive performance comparison between MotiL and the baselines on macromolecules.245

In our macromolecular experiments, we follow the established dataset split used in prior protein prop-246

erty prediction studies [44, 45, 63]: the data are partitioned into training, validation, and test sets in an247

approximately 8:1:1 ratio, with the critical constraint that all test-set PDB chains share ≤ 95% sequence248

identity with any training example. This split ensures a biologically meaningful assessment of general-249

ization. Standard k-fold cross-validation undermines this constraint required for fair evaluation because250

in the repeated folding process, highly similar sequences inevitably end up in both the training and vali-251

dation sets in at least one fold. Therefore, we instead fix the split exactly as in previous work [44, 45, 63]252

and evaluate model robustness via three independent runs with different random seeds, reporting mean ±253

standard deviation across runs. This protocol enables fair comparison while accounting for stochasticity254

in training (e.g., random data augmentation on the protein’s 3D coordinates, mini-batch shuffling, and255

dropout). The results shown in Supplementary Table 5 demonstrate that MotiL significantly outperforms256

the best baseline, CDConv, on the GO and EC datasets.257

E Sensitivity analysis258

We conduct the sensitivity analysis to understand the impact of the retaining probability p in network259

pruning on the MotiL’s performance. The retaining probability p is a key parameter that controls the260

ratio of network pruning on GNN: smaller values of p lead to more pruning, whereas larger values retain a261
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Supplementary Figure 1 Performance of MotiL with different retaining probability p over n = 3 independent experi-
ments. Source data are provided as a Source Data file.

higher proportion of the neural network structure. We evaluate the performance of MotiL across different262

values of p set to 0.1, 0.3, 0.5, 0.7, and 0.9. As expected, a lower p indicates greater divergence between263

the representations obtained from the two encoders, thereby increasing the difficulty of bi-scaled training.264

Conversely, a higher p leads to more similar representations, reducing the learning space for GNN and265

making it easier to converge but potentially limiting the richness of the learned features. The results266

are shown in Supplementary Fig. 1. Based on these results, the setting of p = 0.7 performs well across267

most datasets, with particularly strong performance on the ClinTox, BACE, HIV, and FreeSolv datasets.268

Therefore, we recommend setting p = 0.7 in the experiments.269

F Ablation study270

We conduct an ablation study on MotiL by designing three variant methods: 1) MotiL without DiffMoM,271

2) MotiL without bi-scaled training, and 3) MotiL without network pruning. The results of the complete272

MotiL and its variants are shown in Supplementary Fig. 2. The following conclusions can be drawn from273

the figure:274

• The complete MotiL method performs best across all datasets and outperforms the variant meth-275

ods markedly on some datasets, such as MUV, QM7, and QM9. It indicates that each of the three276

components contributes positively to the performance of MotiL.277

• Among the three components, DiffMoM has the greatest impact. For instance, on the ClinTox, Free-278

Solv, and QM7 datasets, the removal of DiffMoM leads to a noticeable decline in performance. It279

suggests that the DiffMoM model in the diffusion priming phase plays a crucial role in enhancing the280

GNN’s robustness to noise perturbations, which is essential for the MotiL’s classification or regression281

performance in downstream tasks.282

• The impact of bi-scaled training on MotiL’s performance is moderate. Particularly, on the Tox-283

Cast, SIDER, and MUV datasets, MotiL without bi-scaled training consistently underperforms. These284

datasets have a large number of classification tasks, with ToxCast containing 617 tasks, SIDER 27285

tasks, and MUV 17 tasks. Functional groups are critical substructures within molecules, and the more286

tasks a dataset contains, the more important these fine-grained substructures become. Therefore, bi-287

scaled training, which includes both graph-level and motif-level training, has a significant impact on288

those datasets with a large number of tasks.289

• Network pruning has the smallest impact on MotiL’s performance in all components. Removing network290

pruning reduces the number of positive molecule pairs in the bi-scaled training phase, which weakens291

9



the capability of bi-scaled training to capture the relationship between similar molecules, and thus292

lowers the MotiL’s performance in downstream tasks.293

MotiL w/o DiffMoM MotiL w/o bi-scaled training MotiL w/o networking pruning Complete MotiL

Supplementary Figure 2 Performance of MotiL and its three variants over n = 3 independent experiments. Source data
are provided as a Source Data file.
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G Robustness evaluation to graph structural noise294

To evaluate the robustness of molecular representation models under structural noise, we introduce vary-295

ing levels of edge deletion to the molecular graphs in the BBBP and Solubility datasets. Supplementary296

Fig. 8 shows the ROC-AUC or RMSE results for MotiL, MotiL w/o diffusion priming, and three rep-297

resentative baselines (MolCLR, MGSSL, and KANO). MotiL exhibits significantly better resistance to298

noise perturbations, with a flatter error curve and superior RMSE across all noise levels. It demonstrates299

the effectiveness of the diffusion priming phase in enhancing the stability of learned representations under300

noisy graph conditions.301

H Case analysis: t-SNE visualization of micromolecular302

representations303

In the analysis of small molecule representations, we examine whether the molecular representations304

learned by MotiL are consistent with the molecular structures across different datasets. We use the t-305

SNE technique [69] to visualize these molecular representations in a two-dimensional space, as shown in306

Supplementary Fig. 3. In the plotted figures, black squares are the randomly selected positive molecule307

pairs, while brown squares represent the augmented molecules generated through molecular graph aug-308

mentation, serving as negative molecules for comparison. For the specific molecular graph augmentation309

strategies, we use subgraph modification for Tox 21, subgraph addition for SIDER, and subgraph removal310

for the other datasets. By analysis, we derive the following conclusions:311

• Across all datasets, the RDKFP similarity scores between the displayed positive molecule pairs are312

consistently high, and their representations are located close to each other in the space. For example,313

on Tox21, the RDKFP similarity score between the molecule with CID 6028 and its positive molecule314

is 0.990. Similarly, on BACE, the RDKFP similarity between the molecule with CID 72199430 and its315

positive molecule is 0.965. It indicates that the molecular graph representations learned by MotiL are316

consistent with the structural characteristics of these molecules, effectively capturing the structural317

similarity between positive molecule pairs. Although the bi-scaled training phase in MotiL does not318

explicitly construct positive molecule pairs, the diffusion priming phase ensures that MotiL remains319

robust to the noise perturbations in the molecular graph, allowing it to still identify which molecules320

are similar.321

• The RDKFP similarity score between the displayed negative molecule pairs is significantly lower than322

that between positive ones, with some showing very low similarity. For instance, the negative molecule323

pairs generated on the Tox21 and ToxCast datasets have similarity scores below 0.25. Correspondingly,324

the representations of the negative molecule pairs generated by MotiL are much farther apart in the325

representation space than those of the positive ones. It indicates that, compared to current MCL326

methods that rely on molecular graph augmentation, the augmentation-free mechanism designed in327

MotiL achieves significant success in extracting molecular representations that are consistent with the328

molecular structure.329

I Expanded discussion on benchmark limitations and real-world330

ADME evaluation331

I.1 Limitations of MoleculeNet benchmarks332

While MoleculeNet remains the most widely adopted benchmark suite for evaluating molecular property333

prediction models, its use is not without challenges. Previous studies and domain experts have high-334

lighted issues such as label noise, duplicate molecules, and structural inconsistencies (e.g., protonation335

states, tautomers, stereochemistry) within its datasets [72]. These limitations can affect the reliability of336

comparative evaluation, especially for tasks requiring high-fidelity chemical understanding. Nevertheless,337
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Supplementary Figure 3 Visualization of micromolecular representations learned by MotiL via t-SNE on multiple
datasets.

due to its established baselines and broad community adoption, MoleculeNet provides a useful foun-338

dation for measuring progress in molecular machine learning under standardized settings. To maintain339

comparability with prior work such as GROVER, MolCLR, and KANO, we used the unmodified Molecu-340

leNet datasets, adhering to the same data splits and evaluation protocols. This enables fair head-to-head341

comparisons while acknowledging the benchmark’s inherent constraints.342
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Supplementary Figure 4 Heatmap of the Jaccard similarity among the proteins’ GO terms in Clusters 1 and 6. Source
data are provided as a Source Data file.

I.2 Motivation for evaluating on ADME datasets343

To move beyond synthetic benchmarks and toward more application-driven evaluation, we conducted344

additional experiments on six ADME-related datasets [73]. These datasets reflect core pharmacokinetic345

properties relevant to drug development, including metabolism (HLM, RLM), plasma protein binding346

(hPPB, rPPB), membrane permeability (MDR1-MDCK ER), and aqueous solubility. Unlike MoleculeNet347

tasks, these ADME endpoints are measured in realistic laboratory or clinical settings, often featuring com-348

plex structure-activity relationships and significant data heterogeneity. They serve as practical testbeds349

for evaluating a model’s ability to generalize to pharmacologically meaningful and commercially relevant350

tasks.351

352
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Supplementary Figure 5 3D structure comparison of the proteins in six clusters obtained by UMAP [70] and
DBSCAN [71].

I.3 Comparative analysis and discussion353

We report the performance of MotiL and four baseline methods (CMPNN, MGSSL, MolCLR, and KANO)354

on the six ADME prediction tasks, with results summarized in Supplementary Table 6. All metrics are355

averaged over three independent runs, and standard deviations are reported to assess stability. All baseline356

models are implemented using publicly available code with their default hyperparameter configurations.357

The results demonstrate that MotiL achieves highly stable and competitive performance. While Mol-358

CLR and MGSSL achieve high scores on certain tasks (e.g., hPPB and MDR1-MDCK ER), their results359

often come with larger variances, suggesting potential inconsistency. In contrast, MotiL exhibits low360

standard deviations across all tasks (e.g., ±0.0054 for HLM and ±0.0047 for Solubility), indicating supe-361

rior robustness. Although the absolute performance gap between MotiL and top-scoring models may362
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Supplementary Figure 6 Top 10 GO terms within clusters 1, 3, 4, 6, 9, and 11. Source data are provided as a Source
Data file.

Supplementary Table 6 Model performance on ADME datasets. Lower RMSE values indicate better performance
for all datasets. Results are reported as mean ± standard deviation over three independent runs. Statistical
significance was evaluated using a two-sided t-test. Exact p-values are reported in the last column. No adjustments
were made for multiple comparisons.

Dataset CMPNN [26] MGSSL [28] MolCLR [22] KANO [23] MotiL p-value

HLM 0.5343±0.0226 0.5030±0.0101 0.5412±0.0108 0.4849±0.0225 0.4647±0.0054 3.3e-7
hPPB 0.7566±0.0636 0.9683±0.0194 1.1117±0.0222 0.6835±0.1349 0.6408±0.0100 5.9e-3
MDR1-MDCK ER 0.5553±0.0245 0.7015±0.0140 0.6863±0.0137 0.4869±0.0556 0.4493±0.0154 1.4e-6
RLM 0.5935±0.0314 0.5354±0.0107 0.5884±0.0118 0.6133±0.0538 0.5070±0.0072 2.0e-4
rPPB 0.9115±0.1599 0.9137±0.0183 1.0883±0.0218 0.8955±0.0352 0.8404±0.0294 9.3e-5
Solubility 0.5447±0.0415 0.5884±0.0088 0.6023±0.0080 0.5639±0.0588 0.5164±0.0047 7.3e-4

appear marginal on some tasks, MotiL consistently ranks among the best-performing methods with min-363

imal fluctuation, highlighting its strong generalization ability. Statistical analysis further confirms that364

MotiL significantly outperforms the second-best method (e.g., KANO on the task of hPPB) on each task365

(p < 0.05), demonstrating its clear superiority. Moreover, MotiL’s ability to handle diverse pharmacoki-366

netic properties within a unified framework, without the need for task-specific tuning, emphasizes its367

practical utility for real-world applications in drug discovery.368

369
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Supplementary Figure 7 Heatmap of the amino acid’s representation similarity. Source data are provided as a Source
Data file.

I.4 Broader impact and positioning370

By including the evaluation on real-world datasets and explicitly acknowledging the known limitations371

of earlier benchmarks, we aim to position MotiL as a bridge between foundational research in molecular372

representation learning and its applications in drug discovery pipelines. Our framework supports both373

small molecule and macromolecular tasks within a unified architecture and demonstrates improvements374

in consistency, interpretability, and practical relevance. We hope these additional experiments and clar-375

ifications provide greater context for our design choices and reinforce the broader significance of our376

contributions.377
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BBBP Solubility 

Supplementary Figure 8 Performance of different methods under increasing graph structural noise. Source data are
provided as a Source Data file.

J Detailed results and analysis of protein representations378

We apply UMAP [70] and DBSCAN clustering [71] to the adenosine triphosphate (ATP) binding proteins379

and select some cases to illustrate the results. As shown in Supplementary Fig. 4, we plot the names of380

each protein in Cluster 1 and Cluster 6 in the protein’s GO terms similarity heatmap. Specifically, we381

calculate the Jaccard similarity among the proteins’ GO terms. For example, taking proteins i and j as an382

illustration, if the GO term sets for i and j are respectively denoted as GO(i) and GO(j), then the Jaccard383

similarity score between them is given by GO(i)∩GO(j)
GO(i)∪GO(j) . We can see that the boundary between Cluster384

1 and Cluster 6 is clear: within clusters, the similarity of GO terms is high (red areas), while between385

clusters, the similarity of GO terms is low (blue areas). It indicates that the learned representation of386

each protein is overall consistent with its molecular functions in Cluster 1 and Cluster 6.387

To further verify whether the proteins’ representations are consistent with their 3D structures, we388

randomly select six clusters detected by DBSCAN (Clusters 1, 3, 5, 6, 9, and 11) and visualize the389

proteins’ 3D structures in these clusters in Supplementary Fig. 5. The visualization results reveal that390

proteins within the same cluster exhibit highly similar 3D structures, while the 3D structures of proteins391

from different clusters show significant differences. It indicates that the representations learned by MotiL392

effectively capture the structural information of proteins. Consequently, in the low-dimensional projection,393

proteins with similar structural features are clustered together, while those with different 3D structure394

characteristics are distributed in different clusters.395

Furthermore, we conduct GO term analysis for the above six clusters. For each cluster, we identify396

the top 10 GO terms corresponding to the predominant biological themes. From Supplementary Fig. 6,397

we can see that clusters 1, 3, 5, 6, 9, and 11 focus on ubiquitination processes, phosphokinase activity,398

carbohydrate metabolism or glycolysis, tRNA regulation, MAP kinase activity, and RNA splicing, respec-399

tively. Taking cluster 9 as an example, the GO term analysis reveals a significant enrichment of proteins400

in the MAPK family. These proteins belong to the ATP-dependent serine/threonine kinases. Kinases401

hydrolyze ATP and transfer the terminal phosphate group from ATP to the hydroxyl group of amino402

acid residues in substrate proteins, thus performing phosphorylation modifications. The distinct feature403

of these kinases is their requirement for ATP binding. This uniform enrichment within the same family404

underscores the specific molecular function associated with each cluster. Therefore, the differentiation by405

the MotiL method in discerning these functional categories proves to be accurate.406

For the similarity among the representations of 20 types of amino acids, we plot the heatmap with the407

specific cosine similarity score on each cell in Supplementary Fig. 7. From the scores along the diagonal,408
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we can see that the similarity between representations of the same amino acid is very high, with all409

values being no less than 0.90. Also, the off-diagonal scores range within the closed interval [-0.13, 0.82].410

For the off-diagonal scores, we analyze some examples of similarity scores between different amino acids.411

The high similarity scores are marked in black, while the low similarity scores are marked in gray.412

• Example 1: The similarity between histidine and tyrosine is high, reaching 0.82. The reason for this is413

that both histidine and tyrosine contain aromatic rings. Although their types of aromatic rings differ,414

they both feature a planar structure with conjugated double bonds. Because this aromatic structure415

is rare among the 20 types of amino acids, histidine and tyrosine are structurally similar.416

• Example 2: The similarity between isoleucine and leucine is also high, reaching 0.70. It is worth417

noting that these two amino acids are structural isomers, i.e., they share the same molecular formula418

(C6H13NO2) but differ in the arrangement of their atoms. Despite this pair of structural isomers has419

identical molecular formulas, MotiL calculates their similarity as only 0.70, which is obviously lower420

than the diagonal values. It demonstrates that MotiL can capture structural differences effectively.421

• Example 3: The similarity between histidine and glutamine is low, measuring -0.13. It can be attributed422

to the significant differences in their side chain structures. Histidine’s side chain is an aromatic imidazole423

ring with conjugated double bonds, exhibiting complex chemical properties such as acid-base catalysis424

and electron delocalization. In contrast, glutamine’s side chain is a simple amide group, which exhibits425

different physical and chemical properties from histidine. These structural differences lead to their426

different functions and interactions within proteins.427

• Example 4: The similarity between serine and tryptophan is moderate, despite their apparent biochem-428

ical differences. Serine is a small polar residue with a hydroxyl-containing side chain, while tryptophan429

is a large, nonpolar aromatic amino acid. Although they differ substantially in physicochemical prop-430

erties, MotiL assigns them a moderately high similarity. It can be explained by their co-occurrence in431

analogous structural or functional contexts, such as surface-exposed sites near active centers or domain432

boundaries, across the training dataset. Such context-dependent embedding behavior is characteristic433

of MotiL’s self-supervised learning process, which encodes local neighborhood semantics rather than434

relying solely on static biochemical similarity.435

• Example 5: The similarity between alanine and glycine is relatively low, despite their similar chemical436

nature. Both alanine and glycine have small, nonpolar side chains and are both weakly hydrophobic,437

thus they are often grouped together in conventional biochemical classifications. However, their learned438

similarity in MotiL is significantly lower, which reflects their distinct structural roles in proteins.439

Glycine, being the smallest amino acid with a hydrogen side chain, is frequently located in flexible440

regions like loops and turns. In contrast, alanine’s methyl side chain favors α-helical structures and441

imparts rigidity. MotiL effectively captures these differences in structural context, leading to diverging442

embeddings even for chemically similar amino acids.443

K MotiL corrects the erroneous prediction of the strongest444

baseline445

KANO is the strongest baseline in the experiment of small molecular property prediction. We compare the446

prediction results of MotiL and KANO on BBBP and SIDER in Supplementary Fig. 9, where panel (a)447

presents the results on BBBP. In the displayed molecules, Streptomycin, Penicillin G, and Doxorubicin448

are antibiotics, while Mexazolam and 3,6-Diacetylnalorphine are chemotherapeutic drugs. Streptomycin,449

a highly polar aminoglycoside antibiotic with a molecular weight of 581 Da, surpasses the general upper450

limit for blood-brain barrier (BBB) penetration, which is typically around 500 Da. Its high polarity and451

large size hinder its ability to cross the lipid bilayer of the BBB without the support of specific trans-452

port systems. Penicillin G, a β-lactam antibiotic, also struggles to cross the BBB due to its polar groups,453

such as carboxylic acids, which reduce its diffusibility through the lipid-rich barrier and its stability in454

blood. Doxorubicin, though not excessively large with a molecular weight of 543.5 Da, contains multiple455

18



a

b

BBBP (blood-brain barrier permeability)

SIDER (hepatotoxicity)

Mexazolam 3,6-DiacetylnalorphineDoxorubicinPenicillin GStreptomycin

Ondansetron LamivudineVincristineCitalopramErlotinib Nifedipine

KANO: 1
MotiL: 0
Label:  0

KANO: 1
MotiL: 0
Label:  0

KANO: 1
MotiL: 0
Label:  0

KANO: 0
MotiL: 1
Label:  1

KANO: 0
MotiL: 1
Label:  1

KANO: 0
MotiL: 1
Label:  1

KANO: 0
MotiL: 1
Label:  1

KANO: 0
MotiL: 1
Label:  1

KANO: 0
MotiL: 1
Label:  1

KANO: 0
MotiL: 1
Label:  1

KANO: 0
MotiL: 1
Label:  1

✓
✗

✓
✗

✓
✗

✓
✗

✓
✗

✓
✗

✓
✗

✓
✗

✓
✗

✓
✗

✓
✗

Supplementary Figure 9 Representative cases comparing molecular property predictions by KANO [23]
and MotiL. Each molecule is labeled with the predicted results from both models: 0 and 1 indicate pre-
dicted inability and ability to penetrate the blood-brain barrier or to induce hepatotoxicity, respectively.
Predictions are marked as correct or incorrect based on ground-truth labels. a, BBBP prediction on small
molecules. MotiL correctly predicts BBB permeability for central nervous system drugs, unlike KANO, which misclassifies
polar compounds such as Streptomycin and Doxorubicin. b, SIDER hepatotoxicity prediction. MotiL better distinguishes
toxic and non-toxic drugs, while KANO misclassifies clinically relevant examples like Erlotinib and Lamivudine.

polar functional groups (hydroxyl and ketone groups) that decrease its lipophilicity, limiting its ability to456

diffuse through the BBB. In contrast, drugs like Mexazolam and 3,6-Diacetylnalorphine exhibit charac-457

teristics conducive to BBB penetration. Mexazolam indicates for the treatment of anxiety with or without458

psychoneurotic conditions, which belongs to the benzodiazepine class (e.g., oxazolam and cloxazolam)459

and is structured to enhance lipophilicity, facilitating its passage through the BBB and other lipid mem-460

branes. Similarly, 3,6-Diacetylnalorphine, an acriflavine derivative, is a disinfectant bacteriostatic against461

many gram-positive bacteria. It has modifications such as acetyl groups that increase its hydrophobicity,462

enabling it to cross the BBB more readily. 3,6-Diacetylnalorphine is toxic and carcinogenic in mammals,463

so it is used only as a surface disinfectant or for treating superficial wounds. These structural adaptations464

highlight the importance of balancing lipophilicity and molecular size to achieve effective brain penetra-465

tion. Finally, we calculate the prediction accuracy of KANO and MotiL on BBBP for blood-brain barrier466

permeability. The accuracy rates are 69.3% for KANO and 87.8% for MotiL, respectively.467

In addition, Supplementary Fig. 9b displays the prediction results on SIDER. Erlotinib and Citalo-468

pram possess structures like quinones and fluorinated aromatics, which can form reactive metabolites469

through CYP450 enzyme actions, leading to oxidative stress in hepatocytes. Erlotinib also binds to the470

epidermal growth factor receptor tyrosine kinase in a reversible fashion at the ATP binding site of the471
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receptor. Vincristine, with its complex natural product structure including multiple methoxy groups and472

nitrogen-containing rings, can disrupt hepatocyte functions under stress. Ondansetron contains nitrogen473

heterocycles and sulphonamide groups and impacts liver enzyme activities, which should be attentioned474

for the treatment to the elderly, frail, and patients with moderate or high liver dysfunction. Lamivudine,475

though generally considered low in hepatotoxic potential, can still pose liver risks when used long-term476

or in combination therapies. Nifedipine features a nitro group in its dihydropyridine structure, which477

can undergo redox cycling, producing radicals and thus inducing oxidative hepatocytes damage. These478

molecular characteristics, coupled with the drugs’ metabolization in the liver, heighten the risk of liver479

toxicity. Finally, we calculate the prediction accuracy of KANO and MotiL on SIDER for hepatotoxicity.480

The accuracy rates are 74.3% for KANO and 76.8% for MotiL, respectively.481

482

L Activity cliff evaluation483

L.1 Experimental setup484

To rigorously evaluate the robustness of MotiL against small structural perturbations that cause large485

changes in molecular properties, we conducted an activity cliff (AC) experiment on the BBBP and SIDER486

datasets. The identification of activity cliff samples follows a widely accepted protocol in cheminformatics:487

• Data source: We use the test set molecules from the BBBP and SIDER benchmark datasets.488

• Similarity filtering: We compute pairwise Tanimoto similarity scores based on RDKit Morgan finger-489

prints. Only molecular pairs with a similarity score greater than 0.85 are retained, indicating high490

structural similarity.491

• Label divergence: Among these similar pairs, we select those where the two molecules have different492

binary labels. These cases constitute activity cliff pairs, where slight structural differences lead to493

opposite bioactivities.494

• Sample selection: From each AC pair, we extract individual molecules and evaluate whether the model495

correctly predicts their true label. We then compare MotiL and KANO on the subset of disagreement496

cases within this AC group.497

This setting is intentionally challenging, as it tests the model’s ability to distinguish subtle functional498

variations that significantly impact the biological activity.499

500

L.2 Experimental results and case study501

As shown in Fig. 4b of the main paper, the activity cliff experiment reveals that MotiL demonstrates502

stronger predictive robustness than KANO:503

• On the BBBP dataset, among 15 AC disagreement samples, MotiL predicts 10 correctly (66.7%), while504

KANO predicts 5 (33.3%).505

• On the SIDER dataset, MotiL correctly predicts 11 out of 19 (57.9%), whereas KANO predicts 8506

(42.1%).507

These results indicate that MotiL is more effective at resolving difficult cases involving high structural508

similarity but diverging functional outcomes, which are common in medicinal chemistry and toxicity509

analysis. To better illustrate this advantage, we present selected case studies in Supplementary Fig. 10510

(BBBP) and Fig. 11 (SIDER), where each figure shows: 1. the SMILES strings of two molecules from511

the AC pair; 2. their binary labels (0 or 1); 3. their Tanimoto similarity score; 4. prediction outcomes512

from both MotiL and KANO.513

Cases in BBBP (Supplementary Fig. 10): In the first three pairs, MotiL correctly predicts both514

molecules in each pair, whereas KANO misclassifies one molecule per pair. These examples illustrate515
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MotiL’s stronger sensitivity to local functional group variations, such as substitutions between carboxyl516

and ester groups, or small changes in stereochemistry on steroid-like scaffolds (e.g., pair with similarity517

0.851). In the last two pairs, both models show imperfect performance. Each model misclassifies one518

molecule per pair, indicating that certain structural subtleties remain challenging even for MotiL, despite519

its overall superior performance on activity cliffs.520

Cases in SIDER (Supplementary Fig. 11): In the SIDER dataset, multiple AC pairs are shown with521

high similarity (e.g., 0.956 and 1.0) and opposite toxicity labels. In the first pair (Tanimoto similarity is522

0.956), KANO gives identical predictions, while MotiL distinguishes the two correctly. It demonstrates523

that when the structural similarity is high but the relevant substructural cues are distinguishable, MotiL524

can succeed. In the remaining three pairs, the two models show mixed behavior: For each pair, one525

molecule is misclassified by KANO and the other is misclassified by MotiL. It reflects that both models526

struggle to some extent in resolving the subtle chemical cues that define the activity cliff boundary in527

these samples.528

These results further support the finding that MotiL demonstrates better robustness to activity cliffs529

overall, while also highlighting specific cases where further improvement in motif-level discrimination is530

still needed.531

M Fine-tuning details532

During the task-specific fine-tuning phase, we perform a random search for hyperparameters to iden-533

tify the best-performing settings on the validation set, and then report the results on the test set534

for each dataset. The various combinations of hyperparameters used for small molecules and protein535

macromolecules are listed in Supplementary Table 7 and Table 8, respectively. In the small molecule536

experiments, we employ learning rate scheduling, specifically using step decay, where the learning rate537

decreases exponentially from lr initial to lr final over the course of the total training steps.538

Name Description Range
epoch number Total number of training epochs {10, 20, 30, 40, 50, 100, 200}
lr initial Initial learning rate for the pre-trained GNN {1e-5, 1e-4, 1e-3}
lr final Final learning rate for the pre-trained GNN {1e-7, 1e-6, 1e-5}
batch size Batch size of training data {16, 32, 64, 128, 256}
wd Weight decay of the Adam optimizer {1e-5, 5e-5, 1e-4}

Supplementary Table 7 Hyperparameter descriptions and search ranges in the small molecule
experiments.

Name Description Range
base width Bottleneck width in CDConv {16, 32}
kernel channels Kernel channels in CDConv {16, 24, 32}
batch size Batch size of training data {32, 64}

Supplementary Table 8 Hyperparameter descriptions and
search ranges in the protein macromolecule experiments.
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Supplementary Figure 10 Prediction results for activity cliff samples on BBBP.

22



KANO:

MotiL:

Label: 1

KANO:

MotiL:

Tanimoto
smilarity

Label: 0

KANO:

MotiL:

✓

✓

✗0.956

CC(C)C[C@@H](C(=O)N[C@@H](CCCN=C(N)N)C(=
O)N1CCC[C@H]1C(=O)NCC(=O)N)NC(=O)[C@@H](
CC2=CNC3=CC=CC=C32)NC(=O)[C@H](CC4=CC=C(C
=C4)O)NC(=O)[C@H](CO)NC(=O)[C@H](CC5=CNC6
=CC=CC=C65)NC(=O)[C@H](CC7=CN=CN7)NC(=O)[

C@@H]8CCC(=O)N8

CC(C)CC(C(=O)NC(CCCN=C(N)N)C(=O)N1CCCC1C(=
O)NCC(=O)N)NC(=O)CNC(=O)C(CC2=CC=C(C=C2)O)
NC(=O)C(CO)NC(=O)C(CC3=CNC4=CC=CC=C43)NC(=

O)C(CC5=CN=CN5)NC(=O)C6CCC(=O)N6

Label: 1

KANO:

MotiL:

Label: 0

KANO:

MotiL:

1.0

C(CNCCNCCNCCN)N C(CNCCNCCN)N

Label: 1

KANO:

MotiL:

Label: 0

KANO:

MotiL:

✓

✗ ✓

✗

0.860

CCCN1CCCCC1C(=O)NC2=C(C=CC=C2C)C CCCCN1CCCCC1C(=O)NC2=C(C=CC=C2C)C

Label: 1

MotiL:

Label: 0

KANO:0.883

CC(=O)N(CC(CO)O)C1=C(C(=C(C(=C1I)C(=O)NCC(CO
)O)I)C(=O)NCCO)I

CC(=O)N(CC(CO)O)C1=C(C(=C(C(=C1I)C(=O)NCC(CO
)O)I)C(=O)NCC(CO)O)I

✓

✓

✗ ✓

✗

✓

✗ ✓

✗

Supplementary Figure 11 Prediction results for activity cliff samples on SIDER.
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