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Abstract

Foundation models, serving as pretrained fundamental bases
for a variety of downstream tasks, try to learn versatile, rich,
and generalizable representations that can be quickly adopted
through fine-tuning or even in a zero-shot manner for spe-
cific applications. Foundation models for molecular repre-
sentation are no exception. Various pretext tasks have been
proposed for pretraining molecular representations, but these
approaches have focused on only single or partial properties.
Molecules are complicated and require different perspectives
depending on purposes: insights from local- or global-level,
2D-topology or 3D-spatial arrangement, and low- or high-
level semantics. We propose Multi-level mOlecule gRaph
prE-train (MORE) to consider these multiple aspects of
molecules simultaneously. Experimental results demonstrate
that our proposed method effectively learns comprehensive
representations by showing outstanding performance in both
linear probing and full fine-tuning. Notably, in quantification
experiments of forgetting the pretrained models, MORE con-
sistently exhibits minimal and stable parameter changes with
the smallest performance gap, whereas other methods show
substantial and inconsistent fluctuations with larger gaps. The
effectiveness of individual pretext tasks varies depending on
the problems being solved, which again highlights the need
for a multi-level perspective. Scalability experiments reveal
steady improvements of MORE as the dataset size increases,
suggesting potential gains with larger datasets as well.

Code — https://github.com/IT-fatica/MORE

Introduction

Foundation models are pretrained on massive amounts of
diverse datasets, enabling effective adaptation to various
downstream tasks. Supervised pretraining based on human
labeling requires extensive labeled data, leading to draw-
backs such as high cost, time consumption, label incon-
sistency, and limited scalability. Self-supervised learning
(SSL)-based pretraining does not require human manual la-
beling, so can be free from many of the drawbacks caused by
human labeling-based pretraining approaches. Recent foun-
dation models like GPT (Radford et al. 2018), BERT (Devlin
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et al. 2018), and ViT (Dosovitskiy et al. 2020) leverage SSL
techniques for efficient pretraining.

This trend in the molecular field is no exception. Ob-
taining labeled data for molecular tasks is challenging due
to the reliance on costly and inconsistent wet lab experi-
ments, whereas unlabeled molecular data is relatively abun-
dant. Inspired by the success of SSL in NLP and CV, re-
searchers have explored SSL for molecular tasks (Moon, Im,
and Kwon 2023; Hu et al. 2019; Rong et al. 2020). SSL
learns the representations from the data itself, guided by the
predefined pretext task. Thus, the design of the pretext task
is crucial for the performance of SSL (Fang et al. 2024).

The current pretext tasks for molecular graphs often focus
on partial molecular properties. Masked node/edge recon-
struction (Hu et al. 2019; Hou et al. 2022; Tan et al. 2023)
captures local features. Similarly, motif-based methods (Ji
et al. 2022; Zhang et al. 2021) emphasize local structural in-
formation. Contrastive methods (You et al. 2020; Liu et al.
2021) exploit global graph agreements but often rely on 2D
topological structures, overlooking 3D geometry. Low-level
semantics such as masking and augmentation have been
prevalently used, but high-level semantics such as molecular
weight and polar surface area have been overlooked.

To serve as a fundamental base for the molecular domain,
pretext tasks must exploit different perspectives simultane-
ously, and the learned representation must be versatile, rich,
and highly generalizable. We propose a novel pretraining
method, Multi-level mOlecule gRaph prE-train (MORE),
which integrates four graph viewpoints: node-, subgraph-,
graph-, and 3D-level, as shown in Figure 1. Our subgraph-
and graph-level pretext task is different from conventional
approaches, learning predefined local or global information.

To evaluate MORE, we maintain the same neural network
architecture and hyperparameters across methods, varying
only the pretext tasks during pretraining. We use scaffold
split for downstream datasets to assess robustness and gen-
eralizability. We compare linear probing and full fine-tuning
performance. Despite pretraining on large data, full fine-
tuning can lead to a forgetting problem, where previously
learned knowledge is lost (Zhou and Cao 2021). We analyze
forgetting in pretrained models, examine individual pretext
tasks, and investigate the scalability of dataset size in pre-
training. Our contributions are as follows:

* We design a multi-level pretext task to learn compre-
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Figure 1: INlustrative examples of four-level viewpoint in a
molecular graph.

hensive representation from various views of molecules:
node-, subgraph-, graph-, and 3D geometric-levels. Ex-
perimental results show that MORE effectively learns
generalizable and transferable representations, outper-
forming both in linear probing and full fine-tuning.

We provide quantitative analysis of forgetting of pre-
trained models, showing that MORE exhibits minimal
and stable parameter changes with the smallest perfor-
mance gap, whereas other methods show substantial and
inconsistent fluctuations with larger gaps.

Analysis of individual pretext tasks reveals that the sig-
nificance of pretext tasks may vary depending on down-
stream tasks. However, our graph-level task, leveraging
molecular descriptors not extensively studied as predic-
tive targets, shows the best performance on average.

Scalability experiments demonstrate that increasing pre-
training dataset size consistently improves the perfor-
mance of MORE, highlighting its potential as a founda-
tion model.

Preliminary and Related Work
Graph Neural Networks

Graph Neural Networks (GNNs) are powerful tools for
graph-structured data. A molecular graph is represented as
G = (V,X,A), where V is the set of nodes, N = |V] is the
number of nodes, A € {0, 1}V *¥ is the adjacency matrix,
and X € RV*4 ig the node feature matrix, with d as the
number of features. GNNs aggregate information from node
v’s k-hop neighborhood over k iterations, and the graph rep-
resentation hg is obtained using the READOUT function,
which aggregates node embeddings via operations like mean
or sum pooling. GNNs are formalized as follows:

4 = AGGREGATE ({h;’f*”m e N(u)}) )
h{F) = UPDATE (hg’H), aSﬁ>) )
hg = READOUT (h,@ lve g) 3)

where N (v) is the set of neighbors of node v, and hg,k) is the
representation of node v at the k-th layer.

Pretrain on Molecular Graphs

Molecular graph pretraining is typically divided into con-
trastive and generative learning. Contrastive learning, such
as GraphCL (You et al. 2020) and GraphMVP (Liu et al.
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2021), aims to bring similar samples closer and push dis-
similar samples apart in the embedding space. While it cap-
tures overall graph structure, but has limited learning of
high-level semantic information. Generative learning, like
EdgePred (Hamilton, Ying, and Leskovec 2017), AttrMask-
ing (Hu et al. 2019), and GraphMAE (Hou et al. 2022),
focuses on restoring the original input or generating new
graphs, often emphasizing low-level features. Recently, new
approaches have been proposed to utilize molecular fea-
tures in diverse ways, such as KANO (Fang et al. 2023),
which leverages functional group information by introduc-
ing a knowledge graph and prompts. Although various pre-
training models for molecular graphs have been proposed,
most focus on single or partial aspects, and comprehensive
representation learning has been neglected.

Method
Overall Architecture

As shown in Figure 2, MORE is an encoder-decoder ar-
chitecture. The encoder fg takes a molecular graph G’

(V, X, A) as input, where X is the node feature matrix

with some masked entries. The four decoders fp, each per-
forming different pretext tasks, contribute to the encoder’s
comprehensive representation learning during pretraining.

H-=fg (X,A) . 0= fp(H) @)

where H € RY*9E denotes the node representation matrix,
and dg is the embedding dimension. O denotes the decoder
output, used to compute the loss for each pretext task.

After petraining, the encoder fg is transferred to the
downstream task. For fine-tuning, a downstream task is per-
formed using the pretrained encoder fr and downstream de-
coder fDownstream-

? = fDownstream (fE (X, A)) (5)

where Y denotes the prediction for the downstream task,
used to calculate the downstream loss.

Pretext Tasks

Node-level Pretext Task We adopt the pretext task to
learn information focused on a node, which is the most basic
unit of a graph — the masked node reconstruction. We fol-
low the method proposed by GraphMAE (Hou et al. 2022).
GraphMAE, based on the Graph Autoencoder (GAE) (Kipf
and Welling 2016), uses a re-masking strategy for a more ex-
pressive decoder and replaces Mean Squared Error (MSE)
with the Scaled Cosine Error (SCE) loss to address recon-
struction limitations.

As shown in Equation 4, we generate the masked feature
X by randomly masking n node features based on the mask-
ing ratio. Given the node-level decoder fp the output is
as follows:

node’

Orode = fp,a, (FL,A) ©

where H is the re-masked node representation, and Oyge €
RN 119 denotes the predicted atomic numbers for all nodes,
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Figure 2: An illustration of our MORE. It consists of an encoder, which takes a molecular graph with some nodes masked
as input and learns a meaningful representation, and the decoders, which learn multiple attributes of the molecule. In the
decoders, (a) reconstructs node-level molecular structures, (b) predicts subgraph-level molecular structures, (c) predicts graph-
level molecular attributes, and (d) learns 3D-level molecular structures.

with 119 indicating the total atom types. We calculate the
loss only for the masked nodes.

Subgraph-level Pretext Task We design a pretext task
to capture molecular structural characteristics — predict-
ing MACCS (Molecular ACCess System) keys (Durant
et al. 2002), a type of molecular fingerprint representing
unique chemical patterns. MACCS keys encode the molec-
ular structure as binary bits, where each bit represents the
presence (1) or absence (0) of specific substructures. For ex-
ample, if a molecule contains an aromatic ring, the value
of the corresponding bit is 1. Using the RDKit library (Lan-
drum et al. 2020), we employed 155 of the 166 sub-structure
keys, excluding those with zero values across all molecules
in the pretraining dataset.

The graph representation is derived from H via the
READOUT function and used to predict 155 MACCS keys.
Binary Cross Entropy loss is applied for learning. Given the
subgraph-level decoder fp the output Ogupgraph €
RIX155 js as follows:

Osubgraph = [Doungrepn (READOUT (H))

subgraph ?

@)

Graph-level Pretext Task We design the pretext task to
learn a molecule’s high-level semantic and global informa-
tion — the molecular descriptors (Xue and Bajorath 2000)
prediction. Molecular descriptors numerically represent the
physical, chemical, structural, and geometric properties of
molecules. They are crucial in analyzing and predicting
the properties of molecules in chemical and biological re-
search (Barnard et al. 2020). 200+ molecular descriptors
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can be easily extracted via RDKit library (Landrum et al.
2020). An example is molecular weight and LogP, represent-
ing lipophilicity. In this work, we use 194 of them, exclud-
ing those with large value ranges and those with zero values
across all molecules in the pretraining dataset.

We normalized them via standard scalar due to varying
distributions of values across each molecular descriptors.
The graph representation obtained through the READOUT
function is used to predict the 194 molecular descriptors. We
use the MSE loss function. Given the graph-level decoder
JDrapn» the output Ograpy € RI*194 j5 a5 follows:

Ograph = [D,pn (READOUT (H)) (®)

3D-level Pretext Task We design the pretext task to learn
the geometry structure in 3D spaces — the node-wise rel-
ative distances in 3D spaces prediction. Molecular proper-
ties are largely determined by 3D structures (Crum-Brown
and Fraser 1865; Hansch and Fujita 1964). Conformers rep-
resent 3D structures of molecules based on rota-table single
bonds, with potential energy varying by rotation degree. The
lower the energy, the more likely it is to exist in nature. Even
with just five conformers, it is possible to represent nearly all
molecules found in nature (Liu et al. 2021). Conformers can
be generated via the RDKit library (Landrum et al. 2020),
and the 3D coordinates of each atom (node) can also be ob-
tained.

In this work, we generate five conformers using the ran-
dom coordinate generation method and then optimize them
to minimize energy using the MMFF function (Halgren
1996). Out of the five conformers, the three with the lowest



energies are utilized. At each iteration, one conformer is ran-
domly selected from the three conformers as the target 3D
coordinates of each node. This approach enables augmen-
tation effects. We calculate the relative distances between
every node by computing the Euclidean distances from the
3D coordinates of each node to generate the true distance
matrix EDyye € RV XN, Given the 3D-level decoder fp,,,
the output is as follows:

O34 = fpy, (H) Q)

where O3q € RV *%4 is the node embeddings, meaning the
coordinates of each node in dsq dimensions. Compute the
Euclidean distance from O34 to generate the predicted dis-
tance EDreqa € RV *Y . Rather than directly predicting the
node-wise distance in the model, we estimate the distance
based on each state of the nodes in the embedding space.
Note that EDy,c and ED,cq are diagonal matrices. We op-
timize with only the lower triangular non-diagonal elements
and use the MSE loss function.

Optimizing Multi-level Pretext Task Loss
MORE is updated based on following loss L:

L= >\1£node + )\2£subgraph + >\3£graph + >\4£3d (10)

where Aj, A2, A3, and A4 denote the hyperparameter for
each loss function. Lyode, Lsubgraph, and Lgrapn denote
the losses for node-, subgraph-, and graph-level pretext task
computed based on the decoder output O, respectively. L3q
denotes the loss for the 3D-level pretext task computed
based on ED. Since there is a difference in the distribution
of each loss value, we adjust the hyperparameters so that the
model learns all tasks evenly, without being focused on any
particular task.

Experiments
Datasets

Pretraining Dataset. We use 2 million unlabeled
molecules from ZINC15 (Sterling and Irwin 2015), exclud-
ing some for which conformers are not generated, resulting
in 1,974, 507 molecules. The data are randomly split into
training and validation sets in a 9:1 ratio. The model is
trained on the training set, and the encoder with the lowest
validation loss is saved.

Downstream Dataset. We use seven graph classification
datasets from MoleculeNet (Wu et al. 2018), detailed in Ta-
ble 1. BBBP predicts the probability of a molecule crossing
the blood-brain barrier (BBB), which depends on physico-
chemical properties and overall size, making molecular de-
scriptors advantageous (Martins et al. 2012). Toxicity pre-
diction datasets (SIDER, ToxCast, Tox21, and ClinTox) re-
quire structural features and chemical indicators (e.g., elec-
tron affinity, and polarity), often utilizing fingerprints (Cava-
sotto and Scardino 2022). HIV and BACE assess binding
affinity, where 3D molecular structures, including atomic
coordinates and bond angles, are crucial for determining
compatibility with target binding sites (Li et al. 2021).
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Dataset # Tasks # Compounds # Atoms # Bonds
BBBP 1 2,039 24.1 26.0
Tox21 12 7,831 18.6 19.3

ToxCast 617 8,575 18.8 19.3
SIDER 27 1,427 343 36.1

ClinTox 2 1,478 26.3 28.1

HIV 1 41,127 25.5 27.5
BACE 1 1,513 34.1 36.9

Table 1: Details of the dataset used in the experiments. #
Tasks and # Compounds are the number of tasks to perform
and molecules, respectively. # Atoms and # Bonds are the
averages of the number of nodes and edges in all molecules,
respectively.

Dataset Split. We adopt scaffold splitting (Wu et al.
2018), which separates molecules by structural differences,
a more challenging method than random splitting. Since
the molecular structures in the test set are likely to be un-
seen during training, we can evaluate model generalization
on out-of-distribution samples. The downstream datasets are
split into train/validation/test sets in an 8 : 1 : 1 ratio based
on scaffolds (molecular substructures).

Settings

Implementation Details. The encoder uses a 5-layer
Graph Isomorphism Network (GIN) (Xu et al. 2018) with
300 hidden units. We set the masking ratio to 25%. The
node-level decoder comprises a 1-layer Multi-Layer Percep-
tron (MLP) and a 1-layer GIN. The subgraph- and graph-
level decoders are 2-layer MLP with 256 hidden units and
output shapes. The 3D-level decoder is a 3-layer MLP with
hidden units of 256, 128, and 30. The downstream task de-
coder is a 1-layer MLP.

For pretraining, hyperparameters are tuned using valida-
tion sets. Specifically, for the loss function, we set A\; = 4.5,
Ao = 5.0, A3 1.0, and Ay = 0.04. For fine-tuning, we
follow a commonly used default setting without any hyper-
parameter tuning.

Baselines. We compare our experiments to eight prior
methods. Note that the encoder structure and hyperparam-
eters during fine-tuning of the eight baseline models and
MORE are the same; therefore, we can focus on the effects
of the pretext task.

e Infomax (Velickovic et al. 2018) maximizes the mutual
information between the local and pooled global graph
representations.

EdgePred (Hamilton, Ying, and Leskovec 2017) predict
the adjacency matrix of a graph.

AttrMasking (Hu et al. 2019) predicts masked nodes,
applying MLP decoder when masking predictions.
ContextPred (Hu et al. 2019) predicts context graph
structure using subgraphs.

GraphCL (You et al. 2020) is a contrastive learning
method using a combination of four graph augmenta-



Local Global

Node Subgraph  Graph 3D
Infomax v - - -
EdgePred v - - -
AttrMasking v - - -
ContextPred - v - -
GraphCL - - v -
GraphLoG - v v -
GraphMAE v - - -
GraphM VP - - v v
MORE v v W v

Table 2: Comparison of viewpoints in various pretraining
models. w indicates consideration of broader high-level se-
mantic properties beyond just topological structures.

tions: node deletion, edge perturbation, subgraph crop-
ping, and feature masking.

GraphLoG (Xu et al. 2021) utilizes clustering to build
a hierarchical prototype of a graph sample and contrast
each local instance with its parent prototype for con-
trastive learning.

GraphMAE (Hou et al. 2022) reconstructs masked
nodes using a re-mask strategy and a GNN decoder for
prediction.

GraphMVP (Liu et al. 2021) maximises mutual infor-
mation between 2D and 3D views of a molecule.

Table 2 shows the viewpoints of each pretraining method.
MORE considers all four levels simultaneously, whereas the
baselines address only some of the levels and predominantly
focus on learning local information. For the graph-level, the
baseline uses a self-supervision approach that considers only
global structural information through contrastive learning
and clustering. In contrast, our method not only incorpo-
rates global structural information but also learns high-level
semantic properties by exploiting molecular descriptors.

Results

We evaluate downstream task performance under two set-
tings: 1) Linear probing: the encoder parameters are frozen
and only the decoder is updated. This setting is commonly
used to evaluate pretrained models and to assess the qual-
ity of the learned representations. 2) Full fine-tuning: with
the pretrained encoder weights set as the initial values, and
then all parameters are updated to fit better new data, which
may disrupt the previously learned knowledge. Note that the
structures of MORE and all the other models are identical.
We report the mean and standard deviation (std) of the ROC-
AUC scores from three experiments conducted with differ-
ent random seeds.

Prediction Performance under Linear Probing and
Full Fine-tuning

Table 3 shows the prediction performance of MORE and the
other eight models under both linear probing and full fine-
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tuning. In linear probing (Table 3 (a)), MORE achieves supe-
rior performance on all seven datasets. Moreover, the aver-
age ROC-AUC of MORE, 68.24, is markedly higher than the
second-best of Infomax, 63.33. In this setting, the parame-
ters of the pretrained encoder are frozen, and only the down-
stream task decoder is trained. Achieving good performance
across diverse datasets can indicate that MORE has learned
comprehensive representations for a variety of tasks during
the pretraining process, making it easier for the model to
generalize. In full fine-tuning (Table 3 (b)), most methods
outperform the baseline without pretraining, clearly demon-
strating the effectiveness of pretraining. MORE still exhibits
outstanding performance across most datasets and shows the
highest average ROC-AUC.

Quantification of Forgetting in Pretrained Models

In order to quantitatively evaluate the knowledge forgetting
of pretrained model after being fine-tuned, we empirically
measure the prediction performance gap and degree of pa-
rameter changes.

Figure 3 illustrates the average performance gap between
linear probing and full fine-tuning. We observe that MORE
not only has the highest linear probing performance but also
the smallest performance gap. The small performance gap
indicates that pretraining was already effective for apply-
ing to various downstream tasks and that the model adapted
to new tasks without significant forgetting of the learned
knowledge.

Figure 4 illustrates encoder parameter changes after full
fine-tuning, normalized per dataset. The color and size of
the circles represent the mean and variance, respectively.
The lighter and smaller the circle, the lower the mean and
variance. MORE consistently shows minimal and stable pa-
rameter changes, whereas other methods exhibit substantial
and inconsistent fluctuations. This stability change suggests
that it can be optimized easily for a variety of downstream
tasks. We assert that learning multiple molecular attributes
is excellent for generalizable knowledge.

Effectiveness of Individual Pretext Tasks

To assess the effectiveness of each of the four pretext tasks,
we conduct two types of experiments: (leave-one-out analy-
sis) one where all tasks are used except for one, and (single-
task analysis) another where only a single pretext task is em-
ployed.

(Leave-one-out analysis) Figure 5 displays the perfor-
mance degradation of leave-one-out pretrained model com-
pared to MORE in linear probing. For example, ‘w/o Node’
excludes the node-level task while using subgraph-, graph-,
and 3D-level tasks. In a leave-one-out setup, the decreased
performance indicates that the excluded task is significant
and must not be overlooked. ClinTox and BBBP rely heav-
ily on graph-level tasks, BACE on node-level. The task with
significant effect varies depending on the datasets, this re-
minds the importance of exploiting comprehensive molecu-
lar information. On average, we observe a large performance
degradation at the subgraph- and graph-level, suggesting the
benefits of learning a broader range of chemically meaning-
ful molecular structures and high-level semantic informa-



(a) Linear probing (freezing the encoder)

BBBP Tox21 ToxCast SIDER ClinTox HIV BACE avg (1)
Infomax 60.8+£0.38 67.0+£0.40 58.3+0.24 58.2+0.76 62.6+0.28 71.3x1.36 65.1£0.67 63.33
EdgePred 52.7+1.45 63.0+0.77 54.1£0.39 51.7£0.99 48.24546 65.2+1.06 58.6£1.76  56.21
AttrMasking  51.840.23  69.3£0.04 57.7£0.08 51.3£0.09 54.5+0.44 60.5+0.31 61.8+0.62 58.13
ContextPred 58.8+0.57 68.3+0.24 58.8+0.36 59.2+0.19 40.0+1.51 67.0£0.62 59.6+2.53  58.81
GraphCL 63.0£0.29 67.6+£0.39 57.4+0.48 52.8+0.95 54.745.10 64.8+1.69 66.3+0.29 60.94
GraphLoG  54.5+0.30 66.8+0.17 57.4+0.17 58.0+0.58 57.6+1.29 65.2+0.54 72.4+0.65 61.70
GraphMAE 56.5+£0.41 66.7£0.45 57.6£0.10 52.0+£0.82 44.3+0.57 60.5£0.54 61.84£5.53  57.06
GraphMVP  57.940.68 66.9£0.17 58.5£0.09 56.0£1.16 42.7+£1.99 67.1+£0.83 65.3£0.20 59.20
MORE 67.9+0.28 70.6+0.33 62.2+0.16 60.7+0.28 63.5+1.26 72.8+0.32 80.0+0.62 68.24
(b) Full fine-tuning (unfreezing the encoder)

BBBP Tox21 ToxCast SIDER ClinTox HIV BACE avg (1)

w/o pretrain  65.7£1.89 74.0+£0.07 60.9£0.43 56.8+£1.09 53.3£2.59 73.5+1.14 66.3x1.56 64.36
Infomax 68.0£1.05 75.0£0.55 62.4+0.57 59.7£0.47 71.1£3.88 76.8+1.38 76.8£1.32  69.97
EdgePred 65.3£1.96 76.3+0.26 63.6£0.28 61.3£0.54 64.5£2.67 75.7£1.05 79.9+1.27 69.51
AttrMasking 63.4+£1.45 76.4+0.19 63.4+0.52 60.0£0.87 71.1£2.46 76.3£0.28 79.7+£0.47  70.04
ContextPred 67.1£0.81 74.4+0.12 63.7£0.12 60.9£0.78 59.0£1.99 76.6£0.45 79.1+£2.13  68.69
GraphCL  68.0£2.05 74.5£0.12 62.4+0.59 59.2+1.12 75.3£3.67 76.3x1.09 76.8£0.36  70.36
GraphLoG  66.8+2.55 74.7+£0.25 62.4+0.55 59.6+£0.67 64.2+1.27 76.6£0.77 82.3+0.42 69.51
GraphMAE 68.0+2.54 75.6+£0.27 63.4+0.14 60.2+0.49 70.8+4.15 76.6£0.87 82.1£1.40 70.96
GraphMVP  71.3£1.13  75.0+£0.37 63.4+0.26 62.9+0.29 68.2+5.95 75.8+1.44 78.8+4.61 70.77
MORE 71.9+0.94 75.6+0.54 64.6x0.58 60.9+0.62 81.0+0.65 77.0+0.74 82.8+1.33 73.40

Table 3: Prediction performance of pretrained models on seven downstream tasks and average performance with 3 repetitions,
scaffold splitting, in terms of ROC-AUC (1) (mean#std in %). We keep the neural network architecture the same, with only
the pretraining methods (pretext tasks) being varied. The last column, avg, represents the average performance over the entire
dataset. We have marked the best result in bold. (a) Linear probing: freezes the encoder and only the decoder parameters are
fine-tuned, (b) Full fine-tuning: unfreezes the encoder, so both of the encoder and decoder parameters are fine-tuned, the first
row represents the prediction performance of the model without pretraining, and the remaining rows are the results learning

from pretrained models.

tion. Some datasets tend to improve performance when one
pretext task is excluded.

(single-task analysis) Figure 6 shows the performance re-
sults of MORE and each pretext task executed alone in linear
probing. In a single-task setup, the best performance means
that the executed task is important. Each downstream task
reveals varying trends because the important information is
different. For example, ToxCast, SIDER, HIV, and BACE
exhibit the best performance at the subgraph-level, BBBP
and Tox21 at the graph level, and ClinTox at the 3D-level.
We can also observe that the highest single task is similar
to MORE performance. On average, MORE is the highest,
followed by graph-level.

In both experiments, important pretext tasks vary based
on downstream tasks, these results highlight that each task
requires a different level of information. In particular, graph
information based on molecular descriptors, which has not
been actively explored, shows the best effects on average.
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Scalability with Dataset Size in Pretraining

Several studies on molecular foundation models and large
language models (LLMs) investigate scaling laws between
performance and various factors (Ji et al. 2024; Beaini et al.
2023; Hormazabal et al. 2024; Kaplan et al. 2020). Notably,
the performance improves as the dataset size increases, high-
lighting the positive correlation between dataset size and
model effectiveness (Hoffmann et al. 2022). To analyze this
effect, we prepare five downsampled datasets from ZINC15:
around 10M, 25M, 50M, 100M, and 200M. Since Graph-
MVP is a pretrained method with GEOM (Axelrod and
Gomez-Bombarelli 2022), it is excluded from the baseline.

Figure 7 illustrates the average performance as the size of
pretraining dataset increases. While other methods exhibit
fluctuating performance, MORE consistently improves as
the pretraining dataset size increases. In particular, MORE
exhibits the highest and most consistent performance im-
provement in linear probing and outperforms significantly
in full fine-tuning. These results suggest the potential of
MORE as a foundation model.
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Figure 3: Performance gap between linear probing and full
fine-tuning, corresponding to whether the encoder is frozen
or unfrozen, respectively.
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Figure 5: Performance degradation of leave-one-out pre-
trained model compared to MORE in linear probing. All re-
sults are averaged over three repetitions for each dataset, and
the last ‘avg’ represents the average results for all datasets.
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Figure 7: Results of scalability experiments with increas-
ing the size of pretraining dataset. The average performance
across 7 downstream tasks, evaluated over 3 repetitions, for
(a) linear probing and (b) full fine-tuning. MORE is high-
lighted with a thick outline.
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Figure 4: Quantification of changes in encoder parameters
due to full fine-tuning. Circle color and size represent the
mean and variance, respectively. The darker the color and
larger circle, the greater the changes in parameters; the
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it indicates.
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Figure 6: Performance of single-task pretrained model and
MORE in linear probing. All results are averaged over three
repetitions for each dataset, and the last ‘avg’ represents the
average results for all datasets.

Conclusion

In this paper, we emphasize the importance of the pretext
tasks that learn versatile, rich, and generalizable representa-
tions to serve as a basic foundation for the molecular do-
main. We propose Multi-level mOlecule gRaph prE-train
(MORE), which integrates four levels of a molecular graph:
node-, subgraph- graph-, and 3D-level. MORE learns high-
level semantic properties by predicting molecular descrip-
tors as well as considering both local- and global-level in-
formation. Compared to the baseline models with the same
model structure, MORE demonstrates the ability to learn
comprehensive representations, with the best performance.
In the quantitative forgetting analysis of pretrained models,
MORE shows consistently minimal and stable parameter
changes with the smallest performance gap. The consistent
performance gains with larger pretraining datasets indicate
the potential for development as a foundation model.

This work highlights a multi-level pretext task method for
learning generalizable and transferable representations. The
proposed method can be applied to other well-known models
besides GNNGs, potentially leading to greater effects.
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