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Knowledge graph
A Knowledge Graph (KG) is a powerful tool for representing graph‐structured knowledge that includes

multiple entities and semantic relations. It has been used extensively in research and industry, particularly
in association with search engines, recommendation systems, bioinformatics, large‐scale data analysis,
and natural language understanding [1].

From the perspective of the Semantic Web, a KG is typically composed of statements in the form of
Resource Description Framework (RDF) triples [2, 3]. Each RDF triple is denoted as (s, p, o), where s rep‐
resents a subject entity, p represents the predicate, and o can either be an entity or a datatype value [4].
If o is an entity, then this RDF triple is a relational fact, and p represents the relation between these two
entities (also known as an object property). On the other hand, p represents a data property if o is a literal
with some data type, such as a string, date, or number. In this case, the triple represents a literal, such as
an entity attribute, textual definition, or comment.

KGs are often accompanied by an ontology, referred to as a schema, that uses languages from the
Semantic Web community such as RDF Schema (RDFS) and Web Ontology Language (OWL) for richer se‐
mantics and higher quality [5, 6]. They typically define hierarchical classes, properties (i.e., the terms
used as relations), concept and relation hierarchies, constraints (e.g., relation domain and range, and
class disjointness), and logical expressions (e.g., relation composition). These languages have defined a
number of built‐in vocabularies for representing this knowledge, such as rdf:subClassOf, rdf:type, and
owl:disjointWith. An ontology can be represented as RDF triples using these vocabularies. For example,
containment between two classes can be expressed with rdfs:subClassOf, while rdf:type is used to de‐
scribe the membership between an instance and a class. KGs equipped with schemas and constraints can
support symbolic reasoning, such as consistency checking for change [7], which can find logical violations
and entailment reasoning that infers hidden knowledge according to defined logics.

Previous attempts have built KGs from public chemical databases and scientific literature to extract
associations between chemicals and diseases or drug pairs [8, 9]. In recent research, KCL [10] constructed
a KG to describe the relations between elements and their corresponding chemical attributes. However,
due to the simple relations within that KG, it cannot accommodate comprehensive and well‐organized
basic chemical knowledge, which hinders the model’s exploration of knowledge to a certain extent.

Graph‐based molecular representation learning
With the rise of deep learning, conventional supervised approaches have proven effective for molec‐

ular property prediction tasks. However, early works that utilized recurrent neural networks (RNNs) to
encode SMILES strings into molecular representations suffered from a loss of topological information, as
similar molecules could be encoded into distinct SMILES strings. To address this, recent attempts have
turned to graph neural networks (GNNs) applied to molecular graphs to better capture the structure of
molecules [11, 12, 13, 14, 15, 16, 17].

Duvenaud et al.[18] were the first to apply convolutional networks to encode molecular graphs into
neural fingerprints. This approach has since been extended in various ways, with most methods focusing
on atom‐based message passing[19, 20, 21]. To better incorporate bond information, Coley et al.[11] con‐
catenated features of an atom and its neighboring bonds to create atom‐bond feature vectors. MPNN[12]
was proposed to utilize features of both atoms and bonds. While some studies have attempted to lever‐
age edge information using modules like the edge attention mechanism [13] and edge memory mod‐
ule [14], these models still primarily build on node‐based MPNNs. Recently, DMPNN [15], CMPNN [16],
and CoMPT [17] have been introduced as alternatives that enhance message interactions between bonds
and atoms during message passing. However, these methods face challenges such as scarcity of labeled
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data, as well as difficulties in generalizing to cases not seen during the training phase [22, 23, 24], greatly
hindering their practical applicability.

Self‐supervised learning for molecular graphs
To address these issues, researchers have turned to self‐supervised learning (SSL), where a model is

pre‐trained on large, unlabeledmolecular datasets and then transferred to downstream tasks with limited
labels [25, 22]. SSLmethods can be classified into two categories based on their design patterns: predictive
methods and contrastive methods [26].

Predictivemethods construct prediction tasks by exploiting the intrinsic properties of data. N‐GRAM[25]
applies the idea of N‐gram in NLP to molecular graphs by predicting the atoms’ attributes to create atoms
embeddings. Hu et al. [22] predict contextual graph structures andmasked node/edge attributes based on
a masked molecule to capture atom features by learning the regularities of attributes distributed. Instead
of predicting the atom type, GROVER [23] randomly masks a local subgraph of the target node/edge and
predicts this contextual property from node embeddings. MGSSL [27] proposes a motif generation task,
which aims to exploit the data distribution of graph motifs (significant subgraph patterns that occur fre‐
quently and contain semantic information). GEM [28] utilizes the molecular geometry described by bond
angles and bond length in pretext tasks.

Contrastivemethods construct pairwise augmenteddata, which aims to force positive pairs to be closer
and push negative pairs apart. One key component is to generate informative and diverse views from each
data instance. MoCL [24] proposes a bioisosteres substitution method, which produces a new molecule
with similar physical or chemical properties as the original one. GeoGCL [29] captures geometry‐aware
structural information by contrasting the 2D‐3D geometric views. MolCLR [30] introduces molecule graph
augmentation strategies to generate contrastive pairs, namely atommasking, bond deletion, and subgraph
removal. GraphMVP [31] performs SSL by leveraging the correspondence and consistency between 2D
topological structures and 3D geometric views.

Prompts for pre‐trained models
Prompt Learning has emerged as a new paradigm in NLP, achieving outstanding performance on var‐

ious tasks [32]. In most SSL models, the pre‐training phase uses pretext tasks that differ from the down‐
stream task objectives. To bridge this gap, prompts are introduced to stimulate pre‐trained model knowl‐
edge. Originally, prompts weremanually designed discrete words [33, 34], requiring domain expertise and
validation [35]. To facilitate labor‐intensive prompt engineering, automatic searches for discrete prompts
have been explored [36, 37], although sub‐optimal. Recent works have eliminated discrete spaces by
using continuous prompts, appending learnable continuous embeddings as prompt templates to input
sequences [38, 39, 40].

Details of KANO

Statistics of ElementKG
The statistics for ElementKG are presented in Supplementary Table 1, which includes the counts and

examples of axioms, classes, object properties, data properties, and entities.

Input features for nodes and edges in original and augmented molecular graphs
We use RDKit to extract atom and bond features as the input of the graph encoder. Supplementary

Table 2 shows the specific chemical knowledge that these features take into account.
Augmentedmolecular graphs, unlike original molecular graphs, contain not only atoms and bonds, but

also element entities and their relations. To illustrate, consider the augmented molecular graph shown
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Ontology Metrics Counts Examples

Axiom 52140 rdfs:subClassOf, owl:disjointWith

Class 107
Class (element) 27 Metals, AlkaliMetals, ReactiveNonmetals
Class (functional group) 80 Ester, CarboxylicAcid, Cyanates

Object property 94 inRadiusGroup1, hasStateGas, isPartOf

Data property 20 hasAtomic, hasHeat, hasBondType

Entity 201
Entity (element) 118 C, N, O
Entity (functional group) 83 Carboxyl, Cyanate, Borono

Supplementary Table 1: The statistics of ElementKG.

Feature type Features Description Size

atom

atom type type of atom (e.g., C, N, O), by atomic number 110
degree number of bonds the atom is involved in 6

formal charge integer electronic charge assigned to atom 5
chirality tag unspecified, tetrahedral CW/CCW, or other 5

number of hydrogens number of bonded hydrogen atoms 5
hybridization sp, sp2, sp3, sp3d, or sp3d2 5
aromaticity whether the atom is part of an aromatic system 1
atomic mass mass of the atom, divided by 100 1

bond

bond type single, double, triple or aromatic 4
conjugated whether the bond is conjugated 1
in ring whether the bond is part of a ring 1
stereo none, any, E/Z or cis/trans 6

Supplementary Table 2: Feature extraction for atoms and bonds.

in Figure 1(b). We identify the element types present in the graph, retrieve the corresponding element
entities and their relations from ElementKG, and use these to construct an element relation subgraph
consisting of element entities as nodes and relations as edges. We use the embeddings of the correspond‐
ing element entities from ElementKG as input features for the element nodes. To represent the multiple
relations between two element entities, we apply only one edge and implement mean pooling on the
embeddings of the relations, using the resulting representation as input for this edge. Next, we link the
element nodes to their corresponding atom nodes to connect the element relation subgraph and the
original molecular graph. The input features of atoms and bonds in the original molecular graph follow
Supplementary Table 2. The input features of edges connecting element nodes and corresponding atom
nodes are randomly initialized with different embeddings according to the element type.

Details of molecular datasets
Supplementary Table 3 provides an overview of the benchmark datasets used in our work, includ‐

ing information on task type, data size, split type, and evaluation metrics. These datasets, taken from
MoleculeNet [41], cover a diverse range of molecular properties, including physiology (BBBP, Tox21, Tox‐
Cast, SIDER, ClinTox), biophysics (BACE, MUV, HIV), physical chemistry (ESOL, FreeSolv, Lipophilicity), and
quantummechanics (QM7, QM8, QM9). Physiology focuses onmacroscopic life systems, while biophysics
uses physical methods to study biological phenomena. Physical chemistry analyzes the principles and laws
of the chemical behavior of material systems from the perspective of physics, and quantummechanics de‐
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scribes the most microscopic electronic properties.

Task Type Metric Category Dataset # Tasks # Compounds Split

Classification ROC‐AUC

Physiology

BBBP 1 2,039 scaffold split
Tox21 12 7,831 scaffold split
ToxCast 617 8,575 scaffold split
SIDER 27 1,427 scaffold split
ClinTox 2 1,478 scaffold split

Biophysics
BACE 1 1,513 scaffold split
MUV 17 93087 scaffold split
HIV 1 41127 scaffold split

Regression

RMSE Physical chemistry
ESOL 1 1,128 scaffold split

FreeSolv 1 642 scaffold split
Lipophilicity 1 4,200 scaffold split

MAE Quantum mechanics
QM7 1 6,830 scaffold split
QM8 12 21,786 scaffold split
QM9 3 133,885 random split

Supplementary Table 3: Summary of all the benchmarks for molecular property predictions used in this work. Our
work utilizes 8 graph classification datasets and 6 graph regression datasets, with the number of binary prediction
tasks for each dataset indicated in #Tasks.

Molecular classification datasets:

• BBBP [42] contains records of whether a compound carries the permeability property of penetrating
the blood‐brain barrier.

• Tox21 [43] is a public database measuring the toxicity of compounds, which has been used in the
2014 Tox21 Data Challenge.

• ToxCast [44] containsmultiple toxicity labels over thousands of compounds by running high‐throughput
screening tests on thousands of chemicals.

• SIDER [45] records marketed drugs along with their adverse drug reactions, also known as the Side
Effect Resource.

• ClinTox [46] compares drugs approved through FDA and drugs eliminated due to toxicity during
clinical trials.

• BACE [47] is collected for recording compounds that could act as the inhibitors of human β‐secretase
1 (BACE‐1) in the past few years.

• MUV [48] is a subset of PubChemBioAssay by applying a refined nearest neighbor analysis, designed
for validation of virtual screening techniques.

• HIV [49] contains experimentally measured abilities of over 40,000 molecules to inhibit HIV replica‐
tion.

Molecular regression datasets:

• ESOL [50] is a small dataset documenting the solubility of compounds .

• FreeSolv [51] is selected from the Free Solvation Database, which contains the hydration free energy
of small molecules in water from both experiments and alchemical free energy calculations.
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• Lipophilicity [52] is collected from the ChEMBL database [52], containing the experimental results
of the octanol or water partition coefficient, which reflects the solubility of the molecules.

• QM7 [53] is a subset of GDB‐13, which provides information about the spatial structures of the
molecules. It records various electronic properties that are stable and synthetically obtainable, such
as HOMO and LUMO determined by ab‐initio density function theory (DFT), and atomization energy.

• QM8 [54] uses a variety of quantum mechanics methods to calculate the electronic spectrum and
excited state energy of small molecules.

• QM91 [55] provides multiple data information on geometry, energy, electronic and thermodynamic
properties of small molecules calculated by DFT.

As shown in Supplementary Table 3, we apply the scaffold splitting [56] on all benchmarks except QM9.
Scaffold splitting splits the molecules with distinct two‐dimensional structural frameworks into different
subsets, providing a more challenging but practical setting since the test molecule can be structurally dif‐
ferent from the training set. For QM9, random splitting was implemented following the settings in related
works [25, 30]. We used RMSE and MAE as evaluation metrics for regression tasks.

Baselines
To demonstrate the effectiveness of KANO, we comprehensively evaluate its performance in compari‐

son with supervised and self‐supervised learning baselines.

Supervised learning baselines
We compare KANO with two widely used graph neural networks, GCN [57] and GIN [58], and two

variants of message passing neural networks, MPNN [12], and DMPNN [15] and CMPNN [16], which are
specifically designed for molecules.

Self‐supervised learning baselines
For predictive‐based self‐supervised learning, we include the following pre‐trainingmodels: N‐GRAM[25],

which assembles node embeddings in shortwalks anduses RandomForest or XGBoost to predictmolecular
properties; Hu et al.[22] and GROVER[23], which incorporate both node‐level and graph‐level knowledge
in pretext tasks; MGSSL [27], which uses a motif generation pretext task; and GEM [28], which proposes
several dedicated geometry‐level self‐supervised learning strategies to learn molecular geometry knowl‐
edge. For contrastive‐based models, we include GraphMVP [31], which incorporates 3D geometric infor‐
mation into graph self‐supervised learning, and MolCLR [30], which applies general graph augmentation
methods to molecules. It is worth noting that to make the comparison fairer, we replaced the GCN and
GIN backbones used in the original MolCLR paper with the CMPNN backbone. As a result, we included an
additional baseline, denoted as MolCLRCMPNN, for comprehensive comparison with our method.

Baseline experimental setup
In our study, we comparedKANOwith 12baselinemethods, includingGCN [57], GIN [58], N‐GRAM [25],

Hu et al.[22], MGSSL [27], GraphMVP [31], MPNN [12], DMPNN [15], CMPNN [16], GEM [28], GROVER[23],
and MolCLR [30]. The results of GCN, GIN, N‐GRAM, and Hu et al. were taken from the paper of MolCLR,
while the results of MGSSL and GraphMVP were obtained from the original text of these two articles. We
reproduced the results of MPNN, DMPNN, CMPNN, GEM, GROVER, andMolCLR based on their respective

1Since the ranges of different targets in QM9 vary largely, we only take the “homo”, “lumo”, and “gap” targets to calculate the
average MAE in our experiments.
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GitHub code repositories. To ensure a fair comparison, we followed the experimental setup of previous
works, which involved conducting experiments using three different splits of train/val/test data. This ex‐
perimental setup was designed to evaluate the robustness of the models and minimize the impact of
potential variations in model performance caused by different data splits.

Addtional experimental results
KANOachieves robust performance on identical data splits. Althoughwe followed the same experimen‐
tal settings as previous work, it is possible that different data splits may result in different performance
outcomes. To ensure fairer comparison, we conducted additional experiments on three exact random
splits for QM9 and three exact scaffold splits for all other downstream tasks, as detailed in Supplementary
Table 4 and 5. The results on identical data splits show that KANO consistently achieves high performance,
demonstrating its robustness and superiority over other methods.

Category Physiology Biophysics

Dataset BBBP Tox21 ToxCast SIDER ClinTox BACE MUV HIV
# Molecules 2039 7831 8575 1427 1478 1513 93807 41127
# Tasks 1 12 617 27 2 1 17 1

MPNN 86.5±2.6 82.5±2.6 67.2±2.3 57.4±2.0 85.6±1.1 82.8±4.0 77.7±4.3 79.4±4.0
DMPNN 85.3±3.5 81.9±2.2 67.3±2.1 58.5±1.7 86.6±2.9 82.9±2.8 80.9±2.8 80.8±1.7
CMPNN 91.3±4.0 81.7±2.7 69.2±0.6 64.1±0.8 89.6±2.1 91.0±3.2 80.6±2.4 81.8±1.6

GEM 88.1±7.8 80.9±0.6 71.0±0.2 61.4±0.9 86.5±1.3 89.8±4.0 76.2±5.1 80.5±3.7
GROVER 84.1±4.1 80.0±2.0 51.1±0.5 58.2±5.0 70.7±7.2 83.3±9.0 70.4±1.5 67.5±1.5
MolCLRGCN 73.2±0.6 73.5±1.9 68.7±2.0 61.0±2.8 85.9±2.3 82.6±5.6 73.5±1.3 76.8±2.4
MolCLRGIN 73.5±0.4 76.7±2.1 65.2±1.8 60.7±5.7 90.4±1.7 83.5±1.8 75.5±1.8 77.6±3.2
MolCLRCMPNN 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 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

Supplementary Table 4: Test performance of different models on eight classification benchmarks of physiology and
biophysics. The mean and standard deviation of test ROC‐AUC (%) on the three exact scaffold splits are reported.
*The best performing results are marked in bold.

Category Physical chemistry Quantum mechanics

Dataset ESOL FreeSolv Lipophilicity QM7 QM8 QM9
# Molecules 1128 642 4200 7160 21786 133885
# Tasks 1 1 1 1 12 3

MPNN 1.297±0.167 1.621±0.419 0.729±0.019 110.572±5.675 0.0149±0.0003 0.00553±0.00004
DMPNN 1.078±0.111 1.673±0.402 0.752±0.043 102.544±3.840 0.0154±0.0003 0.00540±0.00004
CMPNN 0.767±0.092 1.572±0.557 0.629±0.024 73.120±3.482 0.0152±0.0004 0.00365±0.00004

GEM 0.770±0.025 1.644±0.195 0.649±0.136 57.493±2.541 0.0166±0.0002 0.00521±0.00001
GROVER 1.475±0.440 3.235±1.394 0.974±0.097 94.291±7.869 0.0177±0.0022 0.00688±0.00062
MolCLRGCN 1.102±0.021 2.241±0.259 0.819±0.003 90.216±3.486 0.0189±0.0002 0.00480±0.00002
MolCLRGIN 1.091±0.035 2.017±0.154 0.824±0.002 87.125±5.187 0.0175±0.0004 0.00473±0.00002
MolCLRCMPNN 0.911±0.082 2.021±0.133 0.875±0.003 89.823±6.334 0.0179±0.0009 0.00475±0.00001

KANO 0.670±0.019 1.142±0.258 0.566±0.007 56.405±2.780 0.0123±0.0001 0.00320±0.00001

Supplementary Table 5: Test performance of different models on six regression benchmarks of physical chemistry
and quantum mechanics. The mean and standard deviation of test RMSE (for ESOL, FreeSolv, Lipophilicity) or MAE
(for QM7, QM8, QM9) on the three exact scaffold splits (ESOL, FreeSolv, Lipophilicity, QM7, QM8) and random splits
(QM9) are reported.
*The best performing results are marked in bold.

KANO demonstrates high performance on cluster splitting datasets. While scaffold splitting is a com‐
monly used technique for dividingmolecular datasets, some scaffolds can be similar yet unique. To ensure
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that the train/validation/test sets have diverse structural differences, we propose cluster splitting. In this
approach, molecules are clustered based on their molecular Morgan Fingerprints using the Butina algo‐
rithm [59], with a distance threshold of 0.4. The resulting groups are then balanced in size to avoid putting
only the smallest clusters in the testing set.

Supplementary Table 6 and 7 present a comparison of the performance of KANO with other baseline
methods on cluster splitting. The mean and standard deviation of the results were reported. Our results
show that KANO consistently outperforms other baselines on cluster splitting datasets.

Category Physiology Biophysics

Dataset BBBP Tox21 ToxCast SIDER ClinTox BACE MUV HIV
# Molecules 2039 7831 8575 1427 1478 1513 93807 41127
# Tasks 1 12 617 27 2 1 17 1

MPNN 89.1±4.7 83.9±1.5 69.8±1.3 62.5±2.2 92.3±1.9 77.2±6.7 82.3±2.0 80.6±0.3
DMPNN 87.5±6.2 84.1±1.4 69.9±1.4 62.7±1.6 91.2±2.8 80.3±5.3 79.0±0.9 81.4±1.4
CMPNN 92.2±5.8 83.4±1.2 71.7±2.0 62.8±1.2 89.8±3.8 85.5±3.2 82.6±0.4 79.1±1.4

GEM 86.3±10.1 83.4±0.6 72.3±0.6 61.6±2.8 89.4±4.1 82.3±8.0 78.7±0.9 80.7±3.5
GROVER 88.7±3.6 80.8±2.4 59.2±3.7 60.1±2.3 79.6±1.3 79.3±8.3 72.2±0.5 68.6±4.6
MolCLRGCN 75.1±0.9 80.9±1.3 70.1±1.5 60.2±2.1 84.1±5.6 81.5±3.1 72.1±1.6 72.7±1.9
MolCLRGIN 74.6±1.7 81.5±0.8 69.6±0.8 62.1±1.2 82.5±5.7 79.6±2.7 73.2±0.8 76.1±2.1
MolCLRMPNN 73.9±2.1 80.2±1.0 71.0±1.1 59.6±1.0 83.3±6.7 80.4±5.9 71.3±1.4 74.5±1.7

KANO 96.6±2.2 85.8±0.9 74.7±1.5 64.5±1.4 93.8±1.8 87.9±1.9 83.7±2.3 82.1±0.5

Supplementary Table 6: Test performance of different models on eight classification benchmarks of physiology and
biophysics. The mean and standard deviation of test ROC‐AUC (%) on the three exact cluster splits are reported.
*The best performing results are marked in bold.

Category Physical chemistry Quantum mechanics

Dataset ESOL FreeSolv Lipophilicity QM7 QM8
# Molecules 1128 642 4200 7160 21786
# Tasks 1 1 1 1 12

MPNN 0.938±0.085 1.272±0.085 0.728±0.024 82.772±2.225 0.0143±0.0005
DMPNN 0.877±0.082 1.306±0.041 0.712±0.015 77.260±1.055 0.0147±0.0004
CMPNN 0.655±0.049 0.976±0.145 0.629±0.013 60.799±1.328 0.0115±0.0002

GEM 0.659±0.028 0.887±0.196 0.610±0.060 56.465±2.478 0.0126±0.0002
GROVER 0.947±0.204 1.842±0.296 0.841±0.029 112.918±3.121 0.0181±0.0046
MolCLRGCN 0.733±0.102 1.150±0.069 0.838±0.014 73.128±1.592 0.0140±0.0002
MolCLRGIN 0.706±0.045 1.148±0.076 0.832±0.021 72.154±2.155 0.0144±0.0003
MolCLRMPNN 0.719±.069 1.152±0.093 0.843±0.013 68.251±1.645 0.0135±0.0002

KANO 0.588±0.036 0.767±0.139 0.589±0.011 54.413±0.639 0.0099±0.0002

Supplementary Table 7: Test performance of different models on five regression benchmarks of physical chemistry
and quantum mechanics. The mean and standard deviation of test RMSE (for ESOL, FreeSolv, Lipophilicity) or MAE
(for QM7, QM8, QM9) on the three exact cluster splits are reported.
*The best performing results are marked in bold.

KG‐guided contrastive learning outperforms universal graph augmentation strategies. To investigate
the impact of various graph augmentation methods on model performance, we compare our KG‐guided
contrastive learning approach to the MolCLR‐type graph augmentation strategy with CMPNN as the back‐
bone (MolCLRCMPNN), which serves as an important baseline. Supplementary Fig. 1 provides an intuitive
comparison of the performance of different architectures on 14 downstream tasks. Our results show that
KG‐guided contrastive learning outperformsMolCLR‐type augmentations with the CMPNN backbone, indi‐
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cating that our approach is superior to universal graph augmentation strategies in improvingmodel perfor‐
mance. Furthermore, we confirm that CMPNN is not the primary factor contributing to the improvement
in model performance, which further supports the effectiveness of our KG‐guided approach.

Supplementary Fig. 1: Comparison of model performance with different graph augmentation strategies. The first
three bars represent the performance of MolCLR‐type graph augmentation strategy with CMPNN as the backbone.
The green, yellow, and blue bars correspond to the three sub‐strategies ofMolCLR‐type augmentation, including atom
masking and bond deletion, subgraph removal, and the combination of the two, respectively. The gray bar indicates
the best performance achieved by the original MolCLR, and the red bar shows the results of KANO. The results are
reported as mean values +/‐ SD on three independent runs. The error bars represent the SD, while the dots represent
three individual data points.

KG‐guided contrastive learning produces semantically meaningful representations. To intuitively ob‐
serve whether themolecular representations derived from our pre‐trainedmodel hint at chemistry knowl‐
edge, we analyze the representations learnedbypre‐trainedKANObymapping them to the two‐dimensional
space with t‐SNE algorithm [60]. We select 9,124 molecules from the QM9 dataset and divided them into
two groups based on their Highest OccupiedMolecular Orbital (HOMO) and Lowest UnoccupiedMolecular
Orbital (LUMO) obtained from density functional theory (DFT): 5,036 molecules with high HOMO‐LUMO
gaps and 4,088 molecules with low HOMO‐LUMO gaps. The HOMO and LUMO energies play a key role
in determining the molecular properties, such as redox ability, optical properties, and chemical reactivity,
and the HOMO‐LUMO gap represents the energy difference between the HOMO and LUMO, which is an
indicator of molecular stability.

We evaluate the ability of different models to distinguish between these two groups of molecules,
as shown in Supplementary Figure 2. The models include a graph encoder trained from scratch (“No pre‐
training”), the representative predictive‐based pre‐trainedmodel GROVER [23] (“Predictive pre‐training”),
and contrastive‐based pre‐trainedmodel with universal graph augmentation strategyMolCLRCMPNN (“Con‐
trastive pre‐training”) [30]. We calculated the Davids Bouldin (DB) index to measure the separation of the
clusters, with a lower DB index indicating better cluster separation. Visually, all three models show a
separation trend of the two clusters, but our model outperforms the others, as supported by the lower
DB index. These results confirm that KG‐fused KANO effectively incorporates basic element knowledge
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Supplementary Fig. 2: A molecular representation visualization of different methods. A molecular representation
visualization comparing different methods. The high cluster contains molecules with high HOMO‐LUMO gaps (pink),
whereas the low cluster contains thosewith lowHOMO‐LUMOgaps (blue). A lower DB indexmeans that the clustering
has a more appropriate separation.

into the contrastive learning framework, producing semantically meaningful molecular representations
that outperform predictive pre‐training models in terms of computational cost. Furthermore, our model
maintains semantic coherence within molecules, resulting in better performance than the contrastive pre‐
training model.

Expanding the possibilities of KANO with pluggable graph encoders. Our graph encoder is pluggable,
meaning it can be replaced with any model that considers edge information during message passing. To
investigate the impact of different message passing architectures, we replaced the original CMPNN back‐
bone [16] with DMPNN [12]. Supplementary Figure 3 shows the test ROC‐AUC (averaged over three runs)
for previous SOTA, KANO with CMPNN, and KANO with DMPNN across eight molecular property predic‐
tion classification benchmarks. KANO with DMPNN achieves competitive performance in most cases, and
outperforms previous SOTA in many cases. This suggests that different graph encoder architectures are
not a critical factor affecting model performance, as long as edge information is reasonably considered in
the message passing process.

Supplementary Fig. 3: Performance of KANO with different message passing architectures for classification tasks.
The green, yellow, and red bars represent the performance of the previous SOTA model, KANO with DMPNN as the
graph encoder, and KANO with CMPNN as the graph encoder, respectively. The results are reported as mean values
+/‐ SD on three independent runs. The error bars represent the SD, while the dots represent three individual data
points.
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