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Abstract

Molecular property prediction is crucial for drug discovery in biopharmaceuticals since it helps identify
promising compounds, optimizing the efficacy of developing new therapies. Despite its importance,
existing deep learning-based methods for this task are often incongruous with fundamental chemi-
cal properties. Here we show that an unsupervised pretraining approach, Molecular Motif Learning
(MotiL), learns molecular representations that preserve both whole-molecule structure and motif-level
information directly from native molecular graphs. Motil. produces representations that group small
molecules sharing a common core structure (i.e., scaffold) and proteins with related three-dimensional
structures and functions. We evaluated Motil. on at least 16 molecule benchmarks, and uncovered
that it captures analogous graph representations not only for small molecules with the same scaffold
but also for protein macromolecules with similar structures and overlapping chemical functions such
as tRNA binding. These informative representations empower MotiL to surpass the accuracy of state-
of-the-art contrastive or predictive methods in the prediction of molecular properties like blood-brain
barrier permeability.

Keywords: Molecular property prediction, pretraining representation learning, motif, diffusion model

1 Molecular property prediction is a pivotal area s both small molecules [1, 2] and protein macro-
2 of research in computational chemistry and bio- s molecules [3, 4]. Precise prediction of molecular
s physics, encompassing the property prediction of
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properties can significantly enhance the under-
standing of chemical and biological systems, lead-
ing to advancements in drug discovery [5, 6],
materials science [7, 4], and molecular biology [8,
9].

Small molecules, i.e., molecules of low molecu-
lar weight, play crucial roles in various biological
processes and therapeutic applications [10, 11,
12]. Their properties, such as toxicity [13, 14],
blood-brain barrier permeability [15], and adverse
drug reactions [16], are pivotal for drug efficacy
and safety [17, 18]. Traditional wet-lab exper-
imental methods to determine these properties
are time-consuming and costly [19, 20]. It has
led to the necessity of developing reliable com-
putational models, particularly machine learning
approaches [21, 22]. In addition, proteins play crit-
ical roles in many cellular functions, and their
properties like folding and stability are essen-
tial for understanding biological mechanisms and
designing therapeutic interventions [23, 24]. Com-
putational methods, including molecular dynam-
ics simulations and machine learning, have been
employed to predict protein properties by bridg-
ing the gap between amino acid sequences and
biological functions [25, 26]. Understanding these
properties allows researchers to anticipate how
proteins behave in different environments, which
in turn facilitates the rational design of proteins
with desired characteristics.

Existing deep learning-based molecular repre-
sentation learning methods can be divided into
two categories: contrastive learning and predictive
learning. Contrastive learning methods [11, 12]
typically produce two augmented versions of a
molecular graph through techniques like subgraph
removal or perturbation, and then use them to
form positive and negative sample pairs. While
these methods can distinguish chemically differ-
ent molecules, they may inadvertently disrupt
chemically meaningful substructures (e.g., func-
tional groups or residues), thereby weakening the
preservation of critical motif information. Predic-
tive learning methods [27, 28, 29, 30], in contrast,
aim to learn molecular representations by predict-
ing masked subgraphs [27, 28], contexts [29], or
attributes [30].

Beyond these graph-based methods, recent
methods based on SMILES or sequences have also
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shown promise by leveraging larger unlabeled cor-
pora (e.g., ChemBERTa [31], SMILES-BERT [32],
ESM [33]). While these methods benefit from scal-
ability, they may sacrifice finer chemical granular-
ity, such as stereochemistry or bonding topology,
which graph-based methods aim to preserve.

It is crucial for molecular representation learn-
ing to produce representations that accurately
reflect the underlying chemical structures and
functions. However, existing methods struggle to
effectively capture the representations of motifs,
such as functional groups in small molecules or
amino acid residues in proteins, due to their lim-
ited ability to model localized chemical semantics
or hierarchical substructures. For instance, prior
contrastive learning methods [27, 11, 12] often
rely on random subgraph sampling or global-level
supervision, which may overlook pharmacolog-
ically or structurally meaningful motifs. Simi-
larly, predictive molecular representation learn-
ing, which involves masking subgraphs, contexts,
or attributes, also compromises the integrity of
motif information in the original molecule, fur-
ther hindering the preservation of critical chemical
properties.

To address the above limitations, we pro-
pose a pretraining representation learning method
for molecules, i.e., Molecular Motif Learning
(MotiL). MotiL includes three phases totally:
diffusion priming, bi-scaled training, and task-
specific fine-tuning. The three phases achieve
the goals of global structure perception, local
feature integration, and real-world label align-
ment, respectively. In the first phase, we design a
Diffusion Molecular Model (DiffMoM) to warm
up the parameters of GNN by altering and cor-
recting chemical bonds. In the second phase,
MotilL learns molecular representations directly
from the original molecule graph by the GNN
encoder in an unsupervised manner. Both the first
and second phases enable MotilL to effectively
learn chemically meaningful graph representations
and motif representations across various molecu-
lar contexts. At the graph level, MotiL. produces
similar graph representations for small molecules
sharing the same scaffold (e.g., naphthalene and
barbituric acid) or for proteins exhibiting simi-
lar three-dimensional structures and overlapping
chemical functions (e.g., protein kinase activity
and tRNA binding). At the motif level, MotiL
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discerns functional groups with identical chemi-
cal bonds (e.g., the carbon-oxygen double bond in
carboalkoxy, carbonyl, and carboxyl groups) and
assigns them similar motif representations. More-
over, MotiL identifies structural isomers among a
wide range of amino acids and assigns them sim-
ilar representations, while the amino acids with
disparate structures (e.g., aromatic rings vs. linear
chains) are assigned dissimilar representations. In
the final phase, the pretrained GNN parameters
are further fine-tuned using backpropagated gradi-
ents calculated from the classification or regression
loss for each molecule. This phase enables MotiL
to accurately predict the micromolecular proper-
ties like toxicity and blood-brain barrier perme-
ability, as well as the macromolecular properties
like adenosine triphosphate (ATP) binding. After
evaluation on public benchmarks, Motil. consis-
tently outperforms the state-of-the-art methods,
e.g., Motil. surpasses the runner-up by 10.1%
on the QM7 dataset in the quantum mechan-
ics domain. Additional results further highlight
MotiL’s effectiveness across domains such as phys-
iology, biophysics, and physical chemistry.

In this work, we systematically formulate
molecular motif representation learning as a core
pretraining objective, rather than using motifs
merely as auxiliary tools for molecular learning.
Moreover, we successfully applied MotiL. to both
micro- and macromolecular property prediction,
demonstrating its versatility across molecules of
different scales.

Results

Overview of MotiL

We propose diffusion priming as the first phase
of MotiLL to perceive the global structure of a
molecule and thus enhance the robustness of GNN
to structural noise perturbations in the molecule
graph G (Fig. 1la). DifMoM consists of two pro-
cesses: noise addition and noise reduction. In the
noise addition process, Gaussian noise is intro-
duced directly into the adjacency matrix of the
molecular graph G, producing a perturbed adja-
cency matrix A; at each time step t. Then in the
noise reduction process, DiffMoM aims to recover
the original bonds in G. It uses the perturbed
molecule graph Gr at the T-th time step as inputs
of the parameterized GNN encoder Gg (where ©
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denotes the trainable parameter group) to produce
the reconstructed graph G. During the optimiza-
tion of DiffMoM, O is adjusted to minimize the
reconstruction error between G and Q , ensur-
ing that Gg¢ accurately captures the molecular
structure of G.

In the second phase of MotiL,, we integrate the
local features in a molecule via two GNN encoders
where network pruning is applied to G and then
results in a new GNN encoder Gg/ with fewer
weight connections (Fig. 1b). For a given molecule,
G and G/ produce two different graph represen-
tations. Both representations are designed to be as
similar as possible for the same molecule, and as
dissimilar as possible for different molecules. With
this design, we preserve the complete information
of graphs and motifs in model training, ensuring
that G¢ learns accurate molecular representations
and functional group’s representations.

Moreover, considering the representation’s sta-
bility of the same motif (functional group or amino
acid) across different molecule graphs, we design
the bi-scaled learning mechanism in MotiL,, which
operates at both the graph and motif scales.
First, MotiL aligns the two graph representations
derived from the same molecule graph, ensuring
the invariance of the overall molecular semantics
under different encoders. Second, MotiL. identi-
fies key motifs like functional groups and ensures
that the representations from the same motif are
consistent across different molecules. In the exam-
ple of Fig. 1b, for the input molecule aspirin, its
graph representations H; and Hy should be close
to each other, while the graph representations Ho
and Hs (benzamide’s representation) from differ-
ent molecules should be pushed apart. Meanwhile,
the representations of the same functional group
(e.g., both S; and Ss for benzene ring) should be
similar but the representations of different func-
tional groups (e.g., S; for benzene ring and Sj
for carboxyl group) should be dissimilar. The bi-
scaled learning mechanism ensures that MotiL
not only captures the overall molecular semantics
but also maintains the semantic stability of each
functional group.

In the third phase of MotiL, Gg is fine-tuned
to align with real-world labels (Fig. 1c). G first
extracts the graph representation Hs from a pre-
viously unseen molecule paracetamol. Then Hjy is
fed into a multilayer perceptron (MLP) classifier
to obtain a logit value. The logit value is compared
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with the true labels, e.g., hepatotoxicity, to calcu-
late the classification loss. During this phase, the
optimizer computes the backpropagated gradients
based on the classification loss to further update
0. The task-specific fine-tuning phase ensures that
Gy is adjusted to improve its performance on the
specific molecular property prediction task.

MotiL boosts the performance of
molecular property prediction

The range of molecular properties is vast, covering
scales from large-scale impacts on human physiol-
ogy to minute electronic characteristics [7, 4, §].
These properties include effects such as drug
metabolic stability, target selectivity, toxicity, and
the inhibition potential against HIV. To thor-
oughly evaluate Motill’s effectiveness, we test its
performance across diverse small micromolecule
datasets categorized into four main areas: phys-
iology, biophysics, physical chemistry, and quan-
tum mechanics. To illustrate MotiL’s capability
in dealing with complex biological entities, we
also include experiments involving protein macro-
molecules. The details of experimental datasets
can be found in Supplementary Section B.

Tables 1 and 2 show the experimental per-
formance of state-of-the-art methods and MotiL
on classification and regression tasks related to
small molecular property prediction (see Supple-
mentary Tables 3 and 4 for complete results,
including exact p-values). Similar to baselines,
we use the area under the receiver operating
characteristic curve (ROC-AUC) as the met-
ric for classification tasks. For regression tasks,
we use root mean square error (RMSE) for
ESOL, FreeSlov, and Lipophilicity (abbreviated
as Lip.), and mean absolute error (MAE) for
QM7, QMS, and QM9. The calculation method
for evaluation metrics is provided in Supplemen-
tary Section C. From Tables 1 and 2, we can
see that MotiLL outperforms all baselines on each
dataset, achieving an average relative improve-
ment of 3.0% over the runner-up. For instance,
Motil. surpasses the runner-up method KANO
with a relative improvement of 1.6% in ROC-
AUC on MUV and 10.1% in MAE on QMT.
Although KANO has demonstrated high perfor-
mance in Tables 1 and 2, it fails to accurately
predict the blood-brain barrier permeability of
certain chemotherapeutic drugs or antibiotics, as
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well as the hepatotoxicity of some molecules (Sup-
plementary Fig. 9a). MotiL corrects KANO’s erro-
neous predictions in specific cases and surpasses
KANO in overall prediction accuracy (Supplemen-
tary Fig. 9b). The augmentation-based methods
like MolCLR, CMPNN, and KANO outperform
supervised and predictive self-supervised base-
lines, but they often overlook the negative impact
of graph augmentation on motif integrity. In con-
trast, MotiLL avoids aggressive augmentation, inte-
grates a generative diffusion model to enhance
robustness, and achieves consistently superior per-
formance across benchmarks. These results high-
light the effectiveness of motif-preserving repre-
sentation learning. Although augmentation-based
methods like MolCLRcyprnn and KANO outper-
form supervised methods like GEM and predic-
tive self-supervised methods like GROVER, they
consistently overlook the negative impact of aug-
mentation, thus falling behind MotiL. Our exper-
iments on absorption, distribution, metabolism,
and excretion (ADME) prediction tasks (Sup-
plementary Table 6) show that Motil. consis-
tently delivers robust and competitive perfor-
mance, achieving strong predictive accuracy and
lower variance compared to baseline models.
These results highlight the potential of MotiL for
pharmacologically relevant applications. Our sen-
sitivity analysis (Supplementary Fig. 1) reveals
that a retaining probability of p = 0.7 in net-
work pruning achieves the best trade-off between
representation divergence and convergence stabil-
ity, leading to consistently strong performance
across datasets. Our ablation study (Supplemen-
tary Fig. 2) shows that each component of MotiL
(DiffMoM, bi-scaled training, and network prun-
ing) contributes to performance gains, with Diff-
MoM playing the most critical role in enhanc-
ing robustness and generalization across diverse
molecular tasks.

Next, we evaluate the F . performance of
different methods on two protein datasets: gene
ontology (GO) term prediction and enzyme com-
mission (EC) number prediction. The results are
shown in Table 3 (see Supplementary Table 5
for complete results, including exact p-values). As
in previous work, the GO term prediction task
is divided into three sub-tasks: biological pro-
cess (BP), molecular function (MF), and cellular
component (CC) [46, 24]. We can observe that
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Table 1 Performance comparison on small molecules in the fields of physiology and biophysics. We use the metric of
receiver operating characteristic area under the curve (ROC-AUC, %) for classification tasks. All baseline results are
directly taken from Ref. [12], which follows the same evaluation protocol as this study: three random-seeded scaffold splits
for small molecules. Results are presented as mean + standard deviation over three independent runs.

Category Physiology Biophysics
Metric ROC-AUC (%) t ROC-AUC (%) 1
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 [34] 71.8+40.9 70.940.3 65.046.1 53.6+0.3 62.542.8 71.6+42.0 71.6+4.0 74.043.0
GIN [35] 65.844.5 74.040.8 66.7+1.5 57.3+1.6 58.044.4 70.145.4 71.8425 75.341.9
MPNN [36] 91.314.1 80.842.4 69.113.0 59.5+3.0 87.945.4 81.5+1.0 75.7+1.3 77.041.4
DMPNN ([37] 91.943.0 75.940.7 63.7+0.2 57.0+0.7 90.640.6 85.240.6 78.6+1.4 771405
CMPNN [38] 95.742.8 80.440.3 70.440.8 63.442.0 87.64+0.8 85.64+3.5 76.443.9 82.549.3
N-GRAM [30] 91.240.3 76.940.7 - 63.240.5 87.54+2.7 79.141.3 76.940.7 78.7+0.4
Hu et. al [29] 70.841.5 78.7+0.4 65.7+0.6 62.7+0.8 72.6+1.5 84.54+0.7 81.342.1 79.940.7
MGSSL [28] 70.541 1 76.440.4 64.110.7 61.840.8 80.742.1 79.71+0.8 787115 79.541.1
GEM [10] 72.440.4 78.14+0.1 69.210.4 63.240.4 90.141.3 85.641.1 81.7+0.5 80.6+0.9
GROVER [27] 86.8i2_2 80~3i2.0 56.8i3A4 61.2i2_5 70.3i13_7 82-4i3.6 67.3:&1‘8 68.2i1‘1
GraphMVP [39] 724416 75.940.5 63.140.4 63.94+1.2 79.140.8 81.240.9 T7.7+0.6 77.041.2
MolCLR [11] 73.3+1.0 T4.145.3 65.942.1 61.24356 89.842.7 82.840.7 789423 774406
MolCLRcMpNN [11] 72.440.7 78.442.56 69.141.2 59.7+3.4 88.044.0 85.042.4 T4.542.1 77.845.5
KANO [12] 96.0+1.6 83.7+1.3 73.241.6 65.240.8 94.4+0.3 93.14+2.1 83.7+2.3 85.142.2
MotiL 96.940.3 84.0410.2 73.5+0.6 65.6+0.9 95.240.8 93.9+1.0 85.0+1.0 85.610.2

The best result for each dataset is highlighted in bold, and the runner-up result is italicized.

Table 2 Performance comparison on small molecules in the fields of physical chemistry and quantum mechanics. We use
the metric of root mean square error (RMSE) or mean absolute error (MAE), where lower values indicate better

performance, for regression tasks.

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
GOCN [34] 1.43140.050 2.8704+0.135 0.71240.049 122.949.2 0.0366+0.000 0.00835+0.00001
GIN [35] 1.45210.020 2.765+0.180 0.850+0.071 124.840.7 0.0371+0.001 0.00824 1.0.00004
MPNN [36] 1.167:&0‘430 1.621i0_952 O.672i0_051 111~4i(]‘9 0~0148i0.001 0~00522i(]‘00003
DMPNN [37] 1.05040.008 1.673+0.082 0.683+0.016 103.5+38.6 0.0156+0.001 0.00514 +0.00001
CMPNN ([38] 0.798+0.112 1.57040.442 0.614+0.029 75.143.1 0.0153+0.002 0.00405+0.00002
N-GRAM ([30] 1.10040.030 2.510+0.191 0.880+40.121 125.64+1.5 0.0320+0.003 0.00964 +0.00031
Hu et.al [29] 1.100+0.006 2.76410.002 0.73910.003 113.24 0.6 0.021540.001 0.00922 40 00004
GEM [10] 0.813:&0‘023 1.748i0_114 0.674i0.022 60-0i2.7 0.0163i0.001 0.00562:&0,00007
GROVER [27] 1-423:&0288 2~947i0.615 0.823i0_010 91»3i1,9 0.0182i0_001 0»00719:&000208
MoICLR [11] 1.11340.023 2.301+0.247 0.789+0.009 90.9+1.7 0.018510.013 0.00480+0.00003
MolCLRcmpNN [11] 0.91140.082 2.02140.133 0.875+0.003 89.846.3 0.0179+0.001 0.00475+0.00001
KANO [12] 0.67010.019 1.14240.258 0.5661+0.007 56.442.8 0.012340.000 0.00320+0.00001
MotiL 0.644;&0,014 1.097;&0,001 0.548;&0,000 50-7i1.0 0.0117:&0,000 0.00299;&0,00001

MotiL consistently outperforms baselines, includ-
ing state-of-the-art graph-based methods like
GearNet and CDConv, highlighting its potential
for broader applications in computational biology.
On GO-BP, GO-MF, and GO-CC, MotiL achieves
the highest Fp.x performance and outperforms
the runner-up CDConv by 2.2%, 2.2%, and 6.9%,
respectively. Also, on EC, MotilL achieves the
most significant improvement, reaching an F, .5 of
87.9%, surpassing the runner-up CDConv by 1.8%
(with a p-value of 3.7e-2 in a two-sided t-test).

These consistent gains across diverse tasks sug-
gest that the generative diffusion model DiffMoM
allows the GNN encoder in Motil to capture
intricate structural information from the origi-
nal protein graphs, which is crucial for accurate
protein property prediction.
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Table 3 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 [46],
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.

Dataset GO-BP GO-MF GO-CC EC
Metric Fmax (%) T

# proteins 36,635 19,198
CNN [25] 26.310.5 23.040.6 33.741.7 35.940.2
ResNet [20] 26‘4:{0.6 22.4;&0,7 33.3:&2‘0 19.4:&0‘7
LSTM [26] 242105 23.640.4 31.330.8 21.240.5
Transformer [26] 24.941.4 22.940.9 35.244.0 20.040.3
GCN [34] 272405 237401 385405 31.641.0
GAT [40] 26.010.5 21.840.5 37.240.6 11.012.0
3D CNN [41] 259109 21.041.1 32.540.8 23.419 7
GraphQA [42] 25.940.2 23.840.3 34.140.1 16.34+1.0
GVP [43] 26.5+0.3 20.740.1 33.44+22 169412
IEConviesidue level [44] 29.541.0 38.640.8 36.7+0.8 45.5+1.4
GearNet [45] 31~3i0.6 51~5:E0.6 34.6;&0,5 64.0:&1'5
GearNetigconv [45] 34.640.5 52.44+0.6 37.41+0.5 64.610.7
GearNetggge [45) 35.540.5 53.240.3 37.510.4 66.240.8
GearNetpdge-1EConv [45] 36.240.5 55.0+0.8 41.04+0.6 69.340.5

CDConv [24]
MotiL

42.240.7 61.840.5 42.040.3 86.140.4
44.410.264.010.348.910.387.910.3

MotiL learns micromolecular
representations consistent with
molecular structures

We use t-distributed stochastic neighbor embed-
ding (t-SNE) [47] to project the micromolecu-
lar representations learned by Motil. into a 2D
space (Fig. 2a), where each point represents a
molecule, and the color indicates the molecule’s
scaffold. A scaffold represents the basic struc-
ture of a molecule, and compounds sharing the
same scaffold typically exhibit similar chemical
and biological properties. For example, we select
four chemically diverse scaffolds from ESOL. The
selected scaffolds, such as Naphthalene, are fre-
quent and structurally distinct within ESOL,
making them suitable for evaluating the model’s
ability to differentiate solubility-relevant chemo-
types. A lower Davies-Bouldin (DB) index [48]
indicates tighter grouping within clusters and
greater separation between them. We compare
MotiLL with three methods: No pretraining (i.e.,
not using diffusion priming and bi-scaled train-
ing), Molecular contrastive learning (MCL) with
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augmentation (i.e., MolCLR [11]), and MCL with-
out augmentation (removing the diffusion priming
phase from MotiL). The following conclusions can
be drawn: 1) No pretraining yields the worst
results, with disorganized and poorly separated
clusters on QM8 (DB index: 5.42), highlight-
ing the necessity of pretraining representation
learning for effective molecular representation. 2)
The performance of MCL with augmentation and
MCL without augmentation is comparable. On
one hand, proper molecule graph augmentation
helps the GNN identify similar and dissimilar
molecules, but sometimes it may have a misleading
effect. On the other hand, MCL without augmen-
tation removes the reliance on molecule graph
augmentation, but meanwhile ignores the GNN
encoder’s robustness to structural noise perturba-
tions in molecule graphs and thus does not yield
better results than MCL with augmentation. 3)
MotiL achieves clear clustering results on the four
datasets. For instance, on ESOL, the molecules
with four different scaffolds, such as those contain-
ing naphthalene (colored yellow) and barbituric
acid (colored red), are clearly separated in the
representation space. Also, Supplementary Fig. 8
indicates that the diffusion priming phase used in
MotiL effectively mitigates the sensitivity of our
method to structural noise perturbations.

Next, we plot the t-SNE representation visu-
alization results (Fig. 2b, Supplementary Fig. 3)
of all molecules on multiple datasets. For a
pair of molecules, we measure their structural
similarity by calculating the RDKit fingerprint
(RDKFP) similarity [11] based on the Tanimoto
coeflicient [49] between their fingerprints. From
Fig. 2b, we can see that molecular pairs with
high RDKFP similarity (above 90%) tend to be
closely positioned in the representation space on
the BBBP dataset. In addition, we insert an aug-
mented molecule to verify the effect of molecule
graph augmentation. The augmented molecule is
obtained from the molecule with the compound
identifier (CID) of 6196 through subgraph removal
and is highlighted with the brown dashed box.
Since the removed amide group is a key func-
tional group of the original molecule, the RDKFP
similarity between the augmented molecule and
the original one is less than 75%. Correspond-
ingly, the augmented molecule is projected far-
ther from the original one in the representation
space than another molecule with a similarity
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of 0.951. Interestingly, the polarity of the amide
group, its ability to form hydrogen bonds, and
its potential to increase molecular rigidity gen-
erally reduce a molecule’s permeability through
the blood-brain barrier [15], which is the molec-
ular property predicted in BBBP. Such results
demonstrate that Motil. captures the structural
and functional properties of small molecules, and
can distinguish between easily confusable molecule
pairs constructed via augmentation. More visu-
alization results and analysis can be found in
Supplementary Section G.

Finally, we analyze the relationships among
10 common functional group representations by
calculating their cosine similarity (Fig. 2c). The
results are presented in the form of heatmap where
the x-axis and y-axis correspond to the differ-
ent functional group representations from Gg and
G-, respectively. We observe that the representa-
tions of the same functional group remain similar
although they are from different encoders, while
those of different functional groups are mostly
dissimilar. Such results reflect the different roles
that different functional groups play in forming
molecule graph representations. Also, some func-
tional groups exhibit higher similarity due to
overlapping atoms and bonds in their chemical
structures. For example, carboalkoxy, carbonyl,
and carboxyl groups all contain carbon-oxygen
double bonds, resulting in pairwise representa-
tion similarities of no less than 80%, forming a
3x3 block (framed in gray) in the heatmap. Sim-
ilarly, the carboxamide, amidine, and secondary
ketimine groups, which share carbon-nitrogen sin-
gle or double bonds, exhibit representation simi-
larities of no less than 70% (framed in black). The
above analysis demonstrates that the bi-scaled
learning mechanism in MotiL. enables the learned
motif representations to align with the structural
properties of functional groups.

MotiL learns macromolecular
representations consistent with
protein structures and chemical
properties

For visualization, we use t-SNE for small molecule
embeddings due to its strength in preserving local
structure, which aligns with our goal of examining

scaffold-level clustering. For protein embeddings,
we employ UMAP, which better maintains both
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local and global relationships in high-dimensional
data. This choice improves interpretability when
analyzing functional similarity in multi-label clas-
sification tasks such as GO and EC prediction.
Specifically, we use a non-linear dimension reduc-
tion technique named uniform manifold approx-
imation and projection (UMAP) [50] to project
the ATP binding protein representations learned
by MotiL onto a 2D coordinate space (Fig. 3a).
These representations are obtained from the last
convolution layer of Gg in MotiL. We apply the
density-based spatial clustering of applications
with noise (DBSCAN) [51] clustering algorithm
to identify and visualize the cluster IDs of indi-
vidual proteins. For example, when we focus on
Cluster 6, where the shape indicates whether the
ATP binding of a protein is predicted correctly, it
is evident that proteins IWLE-A and 3LSS-A are
grouped together, and all proteins in this cluster
are predicted correctly.

Next, we plot the heatmap of Jaccard simi-
larity for the GO terms related to the molecular
function within the clusters containing 10 to 40
proteins, specifically Clusters 1, 6, 7, 9, 10, and 11
(Fig. 3b). We observe that the similarity is gen-
erally high within each cluster and relatively low
between clusters (Fig. 3b, Supplementary Fig. 4),
indicating that the learned representation of each
protein is consistent with its molecular func-
tions. We then focus on specific cases, examining
the three-dimensional (3D) structures of proteins
(Fig. 3c, Supplementary Fig. 5). Fig. 3c illus-
trates that within Cluster 3, proteins 4AU8-A,
1G3N-A, 2BPM-A, 5XVU-A, and 3VN9-A dis-
play significant structural similarity to each other.
Additionally, these proteins in the same cluster are
linked by shared GO terms, such as protein kinase
activity. Moreover, we perform GO term analysis
for multiple clusters (Supplementary Fig. 6) and
find that different clusters are associated with dis-
tinct molecular functions. Finally, we calculate the
similarity scores among the representations of 20
amino acids and present them in the similarity
heatmap (Fig. 3d, Supplementary Fig. 7) where
the x-axis and y-axis correspond to the differ-
ent amino acid representations from Gg and Gg-,
respectively. We can see that the representations
of the same amino acid across different encoders
are highly similar, whereas different amino acids
show lower similarity. Also, MotiL, accurately iden-
tifies molecular structures with similar aromatic
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rings, structural isomers, and different side chain
structures as highly similar, similar, and dissimi-
lar, respectively (Supplementary Fig. 7).

MotiL corrects the erroneous
prediction of the strongest baseline

We present a comprehensive evaluation of pre-
diction disagreements between Motil. and the
strongest baseline KANO on two toxicity-related
benchmarks: blood-brain barrier permeability
(BBBP) and drug-induced liver injury (SIDER).
Fig. 4a displays quantitative statistics of disagree-
ment cases between Motil. and KANO on the
complete datasets. On the BBBP dataset, the
two models produce conflicting predictions on 57
out of 203 test samples (28.1%). Among these,
MotiLi correctly predicts 40 instances (70.2%),
while KANO is correct in only 17 (29.8%). On
the SIDER dataset, the models disagree on 63
of 295 samples (21.4%), with MotiL accurately
predicting 43 samples (68.3%) and KANO only
20 (31.7%). Fig. 4b, Supplementary Fig. 10, and
Supplementary Fig. 11 present the results of
the activity cliff experiment, designed to evalu-
ate model robustness on challenging molecular
pairs with high structural similarity but diver-
gent labels. We identified activity cliff samples
from BBBP and SIDER by selecting molecular
pairs with a Tanimoto similarity above 0.85 and
differing binary labels. Among the disagreement
cases on these activity cliffs, MotiL. achieves higher
accuracy than KANO: on BBBP, MotiL correctly
predicts 10 out of 15 samples (66.7%) compared
to KANO’s 5 (33.3%); on SIDER, MotiL is cor-
rect on 11 of 19 samples (57.9%), while KANO
predicts 8 correctly (42.1%). The results in Fig. 4a
and Fig. 4b demonstrate that MotiL outperforms
KANO in handling ambiguous or challenging sam-
ples. Fig. 4c and Supplementary Fig. 9a illus-
trate molecular structures from selected cases
in the BBBP dataset where Motil. outperforms
KANO. Streptomycin, a large and highly polar
aminoglycoside antibiotic, has poor BBB per-
meability due to its molecular weight (581 Da)
and multiple hydrophilic groups. While KANO
misclassifies it as permeable, MotiL. correctly pre-
dicts its non-permeability. Mexazolam, a benzodi-
azepine derivative, exhibits high lipophilicity and
low molecular weight, making it BBB-permeable.
MotiL correctly identifies this molecule’s property,
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while KANO fails. Fig. 4d and Supplementary
Fig. 9b show representative cases from the SIDER
dataset. Erlotinib, a tyrosine kinase inhibitor, con-
tains aromatic rings and is known to form reactive
metabolites, contributing to hepatotoxicity. MotiL
successfully predicts this risk. Vincristine, with
its complex alkaloid structure and nitrogenous
rings, has documented hepatotoxic potential due
to metabolism-induced stress. Again, MotiL cor-
rectly classifies this molecule, while KANO does
not. These qualitative results complement our sta-
tistical findings and provide insight into MotiL’s
decision-making process, especially in chemically
intricate or borderline cases.

Discussion

In this work, we present MotiL, a pretraining rep-
resentation learning method for molecules. MotiL
operates in three phases: diffusion priming, bi-
scaled training, and task-specific fine-tuning. We
integrate the generative diffusion model, network
pruning, and bi-scaled training loss into MotiL
to enable molecular motif learning. Experimental
results demonstrate that Motil. achieves supe-
rior performance on 14 small molecule bench-
marks and 2 protein macromolecule benchmarks.
More importantly, the representations of small
molecules, proteins, functional groups, and amino
acids learned by MotiLi align well with their
structural and chemical properties. Our results
advance molecular representation learning by
yielding embeddings that more faithfully capture
underlying chemical structure, motif-level infor-
mation, and molecular function. This improve-
ment supports more accurate property prediction
across small molecules and macromolecules, with
potential utility in pharmaceutical research and
bioinformatics.

There are many promising directions to
explore in future work. For instance, exploring
more advanced generative models for the diffusion
priming phase could further enhance the quality
of molecular representations. Also, exploring the
hybrid use of generative diffusion models and rep-
resentation learning for new molecule design can
accelerate drug discovery, enhance targeted ther-
apies, and advance personalized medicine. The
capability to design molecules may result in more
effective treatments, a deeper understanding of
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biological processes, and new opportunities in
synthetic biology and disease diagnosis.

Methods

In a small molecule graph G, the atom set is rep-
resented by V and the chemical bond set by £. In
this context, an atom u€V is treated as a node of
the graph, while a chemical bond (u,v)€E is con-
sidered an edge connecting atoms u and v. The
initial node feature matrix is denoted by X and
the initial features of a node u are denoted by
X,. We denote the adjacency matrix of G as A,
where each entry is either 0 or 1: 1 if there is an
edge between two nodes, otherwise 0. Therefore,
we can represent G=(A, X). For a protein graph,
the nodes correspond to amino acid residues, and
the edges correspond to peptide bonds. In the
following method description, the operations on
small molecule graphs are elaborated, while simi-
lar operations on protein graphs are not detailed
for the sake of brevity.

Diffusion priming

Let the perturbed adjacency matrix and per-
turbed graph at the ¢-th time step be A; and
G, respectively. In the diffusion priming phase,
the perturbed molecule graph Gr=(Ar,X) at the
T-th time step is produced in the noise addi-
tion process, and then fed into Gg in the noise
reduction process (Fig. la). The details are as
follows:

1. Noise addition process: The generative dif-
fusion model DiffMoM progressively perturbs the
adjacency matrix A; of the molecular graph G by
adding Gaussian noise, where the level of noise
is controlled through a predefined diffusion sched-
ule. At each time step t (t€[1,2,---,T]), the
graph G; 1 from the previous step is perturbed to
produce G; as follows:

G = (A1, X),
Ar= Vo A +VI—a; sy, (1)
Ag=A,

where a; is a noise scheduling coefficient and
st ~ N (0,I) represents Gaussian noise. The noise
scheduling coefficient « is typically defined as a
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predefined sequence using the following formula:

a =1 (5 B = Bin) + B ), (2)

where Smin and Bnax represent the minimum
amount of noise introduced in the early time step
(t = 0) and the maximum amount of noise intro-
duced in the final time step (¢ = T'), respectively.
2. Noise reduction process: In the noise reduc-
tion process, the parameterized GNN encoder Gg
is trained to reverse noise perturbations and recon-
struct the original graph G from Gr. Specifically,
the combination of G and an MLP encoder Mg,
first predicts the noise s/, at the T-th time step:
s = Mo (Go(Ar, X)). (3)
We use the reparameterization trick to avoid
redundant computations [52, 53], i.e., the pre-
dicted noise s/ is directly used to calculate the
reconstructed adjacency matrix A of G in one step:

AT—\/l—@T~Sljw
v aT ’

where ar = arar_1---oq.

3. Training objective: The overall objective is
to denoise Gr, eventually reconstructing the origi-
nal molecule graph from pure noise. Therefore, the
loss function Lpignom of DiffMoM is designed to
measure how well Gg can recover A:

A:

(4)

2
LpifivoM = HA —-A ’

()

Bi-scaled training

The phase of bi-scaled training includes two main
parts: bi-scaled network encoding and bi-scaled
representation optimization.

Bi-scaled network encoding

In Gy, the representation of a node is updated
through the message passing mechanism as fol-
lows:

h{™=g( Y~ WOh)+b"),
ueN (v)
ZG{O,L"' 3L71}7

(6)
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where th) is the representation of node w at
the [-th layer (hgo):xu), N (v) is the neighbor
set of node v, WU is the weight matrix at
the I-th layer, b() is the bias vector at the I-
th layer, and o is an activation function like
the rectified linear unit (ReLU). For an L-layer
GNN encoder Gg, we define the parameter group
0= {W(l),W(Q),-~- 7w(L)}.

To prune GNN, we apply random masking to
its weight matrix W®). Given the retaining prob-
ability p, the weight matrix WI()lr)ume after masking
is defined as follows:

w®

prune

=w oM, (7)
where ® denotes element-wise Hadamard prod-
uct. M, is a binary masking matrix with the same
shape as W) Each entry in M, is 1 with proba-
bility p (indicating that the corresponding weight
is retained) and 0 with probability 1—p (indicating
that the corresponding weight is dropped). Thus,
in Gg/, the update formula for node representation

hS) after applying masking becomes:

B =o( Y Wi, BO+b0),
UEN (v) (8)
le{0,1,---,L—1}.

where flq(LO) =X,

Also, we define the param-
Wiiie |-
Finally, the output node representations of two
encoders are defined as hy:hg,L) and flU:flgjL).

1 2
eter group 0'= {Wéﬁme, Wérzme, e

Bi-scaled representation optimization

After obtaining node representations, given the
graph G and motif Gotif, we can further derive
the graph representation H and motif represen-
tation S using a summing-average graph readout
function:

|V|Z o |vmomf| 2. e (9

k€Vmotit

where V and Vyoiir are the node sets of G and
Omotif, respectively. Another encoder, Gy, pro-
duces graph and motif representations in the same
manner as described in Eq. (9). For brevity, the
details are omitted here.

653
654

655
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10

Then the loss Lpiscale during the bi-scaled
training phase is defined as:

Lbpi-scale = Lg + - LG, ie5 (10)
where « is a balance coefficient between Lg
and Lg,, .. Given two cross-correlation matrices
C=l[c; ;] and C'=[c] ], the graph-level training
loss L£g and motif-level training loss Lg, ., are
defined based on the Barlow Twins loss [54, 55]:

D 1 D D
Lg = Z(lfck k) H— Z Z s
k=1 1:1 j=1,5%#i
(11)
D 1 D D
LG = > _(1=Cip)’+ 5 Z >t
k=1 Z:1 j=1,5#1

where D is the representation dimension. Let
the number of graphs and motifs be Ngyqpn and
Niotif, respectively, C and C’ are calculated as
follows:

1
C= HgormHnormu
quaph
o (12)
C/ = Snormsnormv
Nmotzf

where H,orm and Sporm represent the normalized
representations of graphs and motifs, respectively.
We denote the normalized representations of the
i-th graph and i-th motif as H; porm and S; norm in
H,orm and Sporm, respectively. They are derived
from the i-th graph representation H; and i-th
motif representation S; (without loss of generality,
H, and S; are defined similarly to Eq. (9)):

H;

o; + €

Z, Si,norm: OZ_;+6’L7 (13)

Hi,norm =

where p;, 1 are mean values, 0;,0; are standard
deviation values, and ¢ is a small positive constant

added to prevent overflow due to division by zero.

Task-specific fine-tuning

In the third phase, we apply the pretrained Gg
to the molecular property prediction task to fine-
tune its parameter group 6.

For the classification task, given a new
molecule graph G'=(A’,X’), we first obtain its
logit vector y=[§1, 92, - ,Jc] (C is the number
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of classes) by using Gg in combination with an
MLP-based classifier My,:

¥ = Softmax(My (Ge(A',X))).  (14)

Then we minimize the cross-entropy loss Lcg
between y and the true label’s one-hot vector

Yy = [y17y27" : 7yC]:

C
Log=—) yelogge.

c=1

(15)

For the regression task, given a new molecule
graph G'=(A’,X’), we first obtain its predicted
value g by using Gg in combination with an MLP-
based classifier M,:

§ = M (Go(A',X)). (16)
Then we minimize the mean squared error loss
Lysg between ¢ and the true score y of G:

Luse = (§ —y)*. (17)

Datasets

1. Small molecule datasets: For MotiL. pretrain-
ing, which includes diffusion priming and bi-scaled
training, we sample 250,000 unlabeled molecules
from ZINC15 [21], a publicly accessible database
of purchasable drug-like compounds. For task-
specific fine-tuning, we utilize 14 benchmark
datasets from MoleculeNet [22], encompassing 678
binary classification tasks and 19 regression tasks
across domains such as drugs, biology, physics,
and chemistry. Following the methods in previ-
ous work [11, 12], we conduct three independent
runs using three random-seeded scaffold splits
for all datasets, except QM9, with a training/-
validation/testing ratio of 8:1:1. Scaffold split-
ting [56] is a more challenging task that parti-
tions molecules based on their scaffolds, offering
a better assessment of model generalization on
out-of-distribution data. QM9 follows the ran-
dom splitting strategy commonly used in related
works [30, 11, 12] for comparison.

2. Protein macromolecule datasets: The task
in the Gene Ontology (GO) dataset focuses on
predicting protein functions across multiple GO
terms. Following ref. [46], proteins are divided into
hierarchically related functional classes within
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three ontologies: biological process (BP) with
1,943 classes, molecular function (MF) with 489
classes, and cellular component (CC) with 320
classes. The GO dataset consists of 29,898 proteins
for training, 3,322 for validation, and 3,415 for
testing. The task in the Enzyme Commission (EC)
dataset focuses on predicting three-level and four-
level EC numbers, following the splits in ref. [46],
with 15,550 proteins for training, 1,729 for valida-
tion, and 1,919 for testing. EC number prediction
is also a multi-label classification task. We use
1D sequential orders and 3D geometric coordi-
nates of amino acids from the protein datasets
for MotiLi pretraining, and incorporate the label
information of GO terms or EC numbers during
the task-specific fine-tuning phase. Further details
about the experimental datasets are provided in
Supplementary Section B.

Baselines

For the small molecular property prediction
task, we compare MotiLL with 6 supervised
learning methods and 10 self-supervised learn-
ing methods. The supervised learning methods
include two widely used GNNs (GCN [34]
and GIN [35]), one geometry-based GNN
(GEM [10]), and three message passing neu-
ral networks (MPNN [36], DMPNN [37], and
CMPNN [38]). The self-supervised learning
methods include four predictive self-supervised

learning methods (N-GRAM [30], Hu et
al. [29], MGSSL [28], and GROVER [27])
and five contrastive self-supervised learn-

ing methods (GraphMVP [39], MolCLR [11],
MolCLRcmpenn [11], and KANO [12]). For the
protein macromolecular property prediction
task, we compare Motil. with 4 sequence-
based methods, 3 graph-based methods, and
8 hybrid methods. Specifically, sequence-
based methods include CNN [25], ResNet [26],
LSTM [26], and Transformer [26]; graph-based
methods include GCN [34], GAT [40], and 3D
CNN [41]; hybrid methods include GraphQA [42],
GVP [43], IEConviesiduc level |44], Gear-
Net [45], GearNetigcony [45], GearNetggge [45],
GearNetgdge-1ECony [45], and CDConv [24]. Fur-
ther details about baselines and related work are
provided in Supplementary Section A.



733

734

735

736

737

738

739

740

741

742

743

744

745

746

747

748

749

750

751

752

753

754

755

756

757

758

759

760

761

762

763

764

765

766

767

768

769

770

771

772

773

774

775

776

77

778

779

780

Training details

We use CMPNN [38] and CDConv [24] as
the specific GNN encoders in Motil. for micro-
and macromolecule tasks, respectively. CMPNN
enhances graph representations by strengthen-
ing the message interaction between atoms and
bonds. CDConv applies discrete and continuous
convolutions to model regular and irregular struc-
tures, respectively. In the small molecule dataset,
the initial features of atoms are determined by
eight attributes (e.g., chirality, hybridization, and
atomic mass), while bonds are represented by four
attributes (e.g., bond type and conjugation). For
the protein macromolecule dataset, we use the
sequence and geometric structure information of
proteins as inputs to CDConv.

During the diffusion priming phase, we opti-
mize the loss Lpigmom using the Adam opti-
mizer [57] with a learning rate of 3e-5. The
iteration number is set to T=1, 000, and the MLP
encoder Mg, is a 3-layer network with hidden
sizes of 300, 300, and 50. In the bi-scaled train-
ing phase, the Adam optimizer with a learning
rate of 3e-5 is used to optimize the bi-scaled train-
ing loss Lpiscale- G is trained with a batch size
of 1,024 over 50 and 5 epochs for micro- and
macromolecules, respectively. The balance coeffi-
cient a in Eq. (10) is set to 1.0. In the task-specific
fine-tuning phase, we add a two-layer MLP on
top of the pretrained Gg for molecular prop-
erty prediction. We fine-tune Gg¢ for NN, epochs
(N.€[10,200]) during each independent run. The
Adam optimizer is used to update Gg with a learn-
ing rate ranging from le-6 to le-3 for all datasets.
Fine-tuning is performed only on the training
set, with hyperparameter tuning on the validation
set to achieve optimal results. Motil. was imple-
mented using PyTorch (version 1.12.1) and other
open-source libraries including PyTorch Geomet-
ric (version 2.3.0), RDKit (version 2022.9.1), and
scikit-learn (version 0.24.2). All experiments were
conducted on an Ubuntu server equipped with
NVIDIA GeForce RTX 3090 GPUs.

Data availability

The pretraining data and molecular prop-
erty prediction benchmarks used in this
study are available on the Hugging Face
Hub at https://huggingface.co/MotiL.  [58]
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and in the GitHub repository at
https://github.com/Young0222/MotiL [59].
Source data are provided with this paper.
Code availability

The source code of this work is freely
available in the Code Ocean capsule at
https://codeocean.com/capsule/9672051 /tree [60]
and the GitHub repository at

https://github.com/Young0222/MotiL [59)].


https://huggingface.co/datasets/Young0222/MotiL/tree/main
https://github.com/Young0222/MotiL
https://codeocean.com/capsule/9672051/tree
https://github.com/Young0222/MotiL
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Figurel.pdf

Fig. 1 Overview of molecular motif learning (MotiL). a, Design of MotiL. MotiL includes three goals: global
structure perception, local feature integration, and real-world label alignment. To achieve these goals, we design diffusion
priming, bi-scaled training, and task-specific fine-tuning in MotiL, respectively. b, Diffusion priming. The diffusion molecular
model (DiffMoM) is represented by the downward arrow indicating the noise addition process (from the original graph G to
the perturbed graph Gr, i.e., the lower part of panel b) and the upward arrow indicating the noise reduction process, where
the parameterized graph neural network (GNN) encoder Gg reconstructs the original graph G from Gr, with 6 denoting the
trainable parameters. DiffMoM enables Gg to accurately capture the molecular structure before representation learning.
¢, Bi-scaled training. We construct positive and negative pairs based on the original and pruned networks. Additionally,
we design the bi-scaled representation alignment mechanism to ensure consistency between representations from the same
graph (i.e., molecule) or motif (i.e., functional group). Since the molecular representation (e.g., Aspirin’s representation Hy)
or functional group’s representation (e.g., Benzene ring’s representation Si) is a vector composed of multiple values, the
lines on the molecular representations in panels ¢ and d are used to separate different values. d, Task-specific fine-tuning.
The pretrained GNN encoders produce representations for unseen molecules, which are then fed into a multilayer perceptron
(MLP) classifier to learn the relationship between these graph representations and the true molecular property labels.
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Figure2.pdf

Fig. 2 Analysis of micromolecular representations learned by MotiL. a, ¢t-distributed stochastic neighbor embed-
ding (t-SNE) visualization of the molecular representations learned by MotiL and other methods. Different colors represent
different molecular scaffolds, and a lower Davies-Bouldin (DB) index reflects better separation and clearer distinction
between the clusters. b, Comparison of positions in 2D space (obtained using t-SNE representation) for structurally similar
and dissimilar molecular pairs on the dataset of blood-brain barrier permeability (BBBP). ¢, Heatmap of the functional
group’s representation similarity. The highlighted gray block corresponds to carboalkoxy, carbonyl, and carboxyl groups,
all of which contain carbon—oxygen double bonds and exhibit similarities of no less than 80%. The highlighted black block
corresponds to carboxamide, amidine, and secondary ketimine groups, which share carbon—nitrogen single or double bonds
and exhibit similarities of no less than 70%. Source data are provided as a Source Data file.
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Figure3.pdf

Fig. 3 Analysis of macromolecular representations learned by MotiL. a, Uniform manifold approximation and
projection (UMAP) visualization of the representations for adenosine triphosphate (ATP) binding proteins. Different colors
indicate different clusters identified by the density-based spatial clustering of applications with noise (DBSCAN) clustering
algorithm. Cluster ID -1 represents noise points as defined by DBSCAN, i.e., points not assigned to any cluster. b, Heatmap
of the Jaccard similarity calculated based on the protein’s gene ontology (GO) terms among multiple clusters. ¢, 3D structure
comparison of proteins in cluster ID 3. Proteins within the same cluster show similar 3D conformations and share consistent
GO annotations such as protein kinase activity. d, Heatmap of the amino acid’s representation similarity. Source data are
provided as a Source Data file.
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Figure4.pdf

Fig. 4 Quantitative and qualitative analysis of prediction differences between KANO [12] and MotiL on
BBBP and SIDER. a, Statistics on disagreements between the two models on the full datasets. b, Statistics on disagree-
ments between the two models on activity cliff samples. ¢, Prediction cases for blood-brain barrier permeability on BBBP.
d, Prediction cases for hepatotoxicity on SIDER. Source data are provided as a Source Data file.
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