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Abstract
Molecular representation learning plays a crucial role in vari-
ous downstream tasks, such as molecular property prediction
and drug design. To accurately represent molecules, Graph
Neural Networks (GNNs) and Graph Transformers (GTs)
have shown potential in the realm of self-supervised pre-
training. However, existing approaches often overlook the
relationship between molecular structure and electronic in-
formation, as well as the internal semantic reasoning within
molecules. This omission of fundamental chemical knowl-
edge in graph semantics leads to incomplete molecular repre-
sentations, missing the integration of structural and electronic
data. To address these issues, we introduce MOL-Mamba, a
framework that enhances molecular representation by com-
bining structural and electronic insights. MOL-Mamba con-
sists of an Atom & Fragment Mamba-Graph (MG) for hi-
erarchical structural reasoning and a Mamba-Transformer
(MT) fuser for integrating molecular structure and electronic
correlation learning. Additionally, we propose a Structural
Distribution Collaborative Training and E-semantic Fusion
Training framework to further enhance molecular representa-
tion learning. Extensive experiments demonstrate that MOL-
Mamba outperforms state-of-the-art baselines across eleven
chemical-biological molecular datasets.

Code — https://github.com/xian-sh/MOL-Mamba

Introduction
Molecular property prediction is a critical task in various
fields, including drug discovery, material science, and chem-
ical engineering. Accurate molecular representation is es-
sential for predicting molecular properties and facilitating
the design of novel molecules. Self-supervised pretrain-
ing methods (Li et al. 2022; Fang et al. 2022b; Luo, Shi,
and Thost 2023a; Liu et al. 2022) have shown significant
promise in this area, as they leverage vast amounts of un-
labeled data to learn useful representations without the need
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for extensive human annotations. These methods can capture
complex patterns and relationships within molecular struc-
tures, making them highly valuable for downstream tasks.

Early molecular representation is feature-driven, with re-
search focusing on the computation of chemical molecu-
lar fingerprints and descriptors (Rogers and Hahn 2010;
Wu et al. 2018), where molecular descriptors are numerical
molecular chemical constants that can be quickly obtained
by mathematical logic calculations (Moriwaki et al. 2018).
These descriptors include quantitative physical, chemical,
or topological features of the molecule and are essential
for summarizing our understanding of molecular behav-
ior. In recent years, data-driven molecular representations
have received great popularity due to the rapid develop-
ment of graph neural networks (GNNs) (Hu et al. 2020)
and Transformer sequence models (Transformers) (Vaswani
et al. 2017). Largely, the data-driven molecular pretrain-
ing focus on learning representations from molecular struc-
tures. Methods such as PretrainGNN (Hu et al. 2020),
GROVER (Rong et al. 2020), and GEM (Fang et al. 2022a)
have utilized GNNs and self-supervised learning techniques
to explore 2D topologies and 3D spatial information of
molecules. These approaches have achieved notable success
by predicting node attributes, graph motifs, and geometric
features, thereby enhancing the structural representation of
molecules. However, this does not mean that researchers dis-
card the study of features such as molecular descriptors; on
the contrary, molecular representation has evolved towards
a more multimodal fusion. KCL (Fang et al. 2022b) and
TDCL (Luo, Shi, and Thost 2023b) facilitate the fusion of
expression with molecular structure information by intro-
ducing chemical feature knowledge, thus significantly en-
hancing the molecular learning of the model.

Currently, the methodological study of structural and
electronic feature of fusion molecules as an emerging trend
still has a lot of room for development, and this paper adapts
to this trend and further pushes it forward. Technically, most
of the existing molecular representation methods are based
on GNNs, and Graph Transformer architectures (GTs) (Ying
et al. 2021). While GNNs excel in capturing local struc-
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tures, they often struggle with long-range dependencies due
to over-squashing (Hu et al. 2024a). GTs can effectively
model global relationships but lack the necessary inductive
biases for graph structures. Inspired by the power of state-
space models (Li et al. 2024), such as mamba (Gu and Dao
2023), a powerful successor to Transformers, for sequential
causal inference. In our work, we combine the strengths of
both GNNs and GTs by introducing Mamba-enhanced graph
learning. This novel approach leverages Mamba’s ability to
retain contextual information across distant nodes, address-
ing the limitations of conventional GNNs. By integrating
Mamba, we design a graph learning framework that sig-
nificantly improves the model’s capacity to capture com-
plex molecular structures. During the fusion of structural
and electronic features, we employ a hybrid mechanism that
combines Mamba with traditional attention techniques. This
integration allows for a more comprehensive representation
of molecular properties, effectively balancing the strengths
of local and global information processing. By incorporating
Mamba’s advanced capabilities, our architecture enhances
the model’s performance in accurately predicting molecular
properties, paving the way for more effective applications in
drug discovery and material science.

Specifically, we introduce MOL-Mamba (Molecular
Mamba), a novel framework designed to enhance molec-
ular representation by integrating structural and electronic
insights. MOL-Mamba consists of an Atom & Fragment
Mamba-Graph (MG) for hierarchical structural reasoning
and a Mamba-Fusion Encoder (MF) for combining molec-
ular structure and electronic correlation learning. Our ap-
proach also incorporates a Structural Distribution Collabo-
rative Training and E-semantic Fusion Training framework
to further refine molecular representation learning. By im-
plementing internal semantic reasoning at the fragment and
atom levels and fusing structural and electronic data, MOL-
Mamba provides a more comprehensive understanding of
molecular properties. Our contributions are threefold:
• We propose MOL-Mamba, a new Mamba-enhanced

framework that integrates structural and electronic infor-
mation for improved molecular representation learning.

• We introduce novel training strategies, including Struc-
tural Distribution Collaborative Training and E-semantic
Fusion Training, to enhance the fusion of molecular data.

• Extensive experiments demonstrate that MOL-Mamba
outperforms state-of-the-art baselines on multiple molec-
ular datasets, providing superior performance and inter-
pretability in molecular property prediction tasks.

Related Work
Molecular Representation Learning
Molecular representation learning, as the foundation for
molecular property prediction, has always been a popular
research area. Early feature-driven methods included studies
on molecular fingerprints (Rogers and Hahn 2010; Le et al.
2020), electronic & structural descriptors (Stanton and Jurs
1990; Moriwaki et al. 2018). In recent years, data-driven
molecular representation methods have gained more atten-
tion, directly leveraging molecular SMILES (Zhou et al.

2023; Shen et al. 2024), 2D topological structures (Xu
et al. 2019; Liu et al. 2022), and 3D geometric conforma-
tions (Schütt et al. 2017; Klicpera, Groß, and Günnemann
2020; Li et al. 2023). It is worth noting that the cur-
rent trend does not completely abandon feature-driven ap-
proaches; rather, it focuses on constructing more integrated
models that fuse multiple molecular modalities (Zhou et al.
2023). KCL (Fang et al. 2022b) introduces the chemical
element knowledge into the molecular structural graph for
knowledge-enhanced molecule learning. TDCL (Luo, Shi,
and Thost 2023a) calculates the persistent homology finger-
print (a topological feature of the molecule) as an efficient
supervision for pretraining molecular structures. In order to
facilitate the study of multimodal molecular representation,
we work on the mining of molecular multi-view structures
and their integration with molecular electronic descriptors.

Transformers & Mambas for Molecule Learning
Transformers (Vaswani et al. 2017; Luo et al. 2023; Hu et al.
2024b) have achieved great success in sequence modeling.
Graph Transformers (Zhou et al. 2023; Si et al. 2024) allows
each node to attend to all others, enabling to effectively cap-
ture long-range dependencies, avoiding over-aggregation in
local neighborhoods like MPNNs (Gilmer et al. 2017; Yang
et al. 2021). Recently, as a powerful successor to Transform-
ers, Mamba (Gu and Dao 2023) has become more friendly
to handling long sequences with a linear scale, and its state
space model (SSM) has further enhanced sequence infer-
ence capabilities, making it a promising sequence model-
ing solution. Some works (Wang et al. 2024; Li et al. 2024)
have combined Mamba with graphs to improve the model’s
nonlinear modeling ability, particularly in graph-based pre-
diction tasks such as social networks. Motivated by these
works, we attempt to introduce a new Mamba-based model
namely MOL-Mamba, into molecular graph and sequence
tasks, to explore a novel molecular representation method.

Methodology
Problem Formulation
Generally, a molecule contains both structural and electronic
attributes. The molecular structure can be represented as a
atom-level graph GA = {VA, EA, CA}, where VA ∈ Rl×da

,
EA ∈ R2×q and CA ∈ Rl×3 denote the node (atom) set,
edge (bond) set and the position matrix for atoms, respec-
tively. We can mask some edges of the graph GA to generate
the molecular fragment subgraphs F = {S1, S2, · · · }. Let
these fragments as a node unit, and the inter-fragment bonds
as edges, the fragment-level graph can be represented as
GF = {VF , EF }. Thus, we have two views of the molecular
graphs: atom-level graph GA and fragment-level graph GF .
The molecule in electron view can be represented as DE ∈
RM with M different electronic descriptors (e-descriptors).
In the setting of self-supervised molecular representation
learning, our goal is to learn graph and e-descriptor encoders
f : {GA,GF ,DE} 7→ Rd which maps the input graphs and
e-descriptors to a vector representation without any label in-
formation. The learned encoders can then be used for various
downstream property prediction tasks through finetuning.
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Figure 1: The pretraining framework of our approach MOL-Mamba (Molecular Mamba). It consists of three modules:
fragment-level graph GNNF , atom-level structural reasoning Mamba-graph (MG), and a molecular structural & electronic
Mamba-Transformer (MT) fuser. We implement two pretraining stages: molecular structure learning with the Distribution
Collaborative Training, then E-semantic Fusion Training is conducted for molecular structural & electronic fusion learning.

Bi-Level Graph Collaboration Learning
Fragment-level Graph Construction. Graph fragmenta-
tion plays a fundamental role in the quality of the learning
models because it dictates the global connectivity patterns.
Here, we borrow the Principal Subgraph Mining (PSM) al-
gorithm (Kong et al. 2022) to quickly and efficiently de-
couple the structure of molecules, where all subgraphs have
their unique identifier ids. Subsequently, h generated molec-
ular fragment subgraphsF = {S1, S2, · · · ,Sh} serve as the
nodes VF of fragment-graph GF , where Si = {Ṽ(i), Ẽ(i)} is
a fragment subgraph with Ṽ(i) ∩ Ṽ(j) = ∅, ∪hi=1Ṽ(i) = VA.
An edge exists between two fragment nodes if there exists at
least a bond interconnecting atoms from the fragments. For-
mally, EF = {(i, j) | ∃u, v, u ∈ Ṽ (i), v ∈ Ṽ (j), (u, v) ∈
EA}. After that, the fragment-graph GF = {VF , EF } is
constructed to explicitly represents the higher-order connec-
tivity between the large components within a molecule, as
shown in Figure 1 (fragment-level graph learning), supple-
menting molecular structure learning. The embedding of the
subgraph’s id are used to initialize the fragment node, ex-
ploiting the local learning advantage of GNNs (Kipf and
Welling 2017; Xu et al. 2019), we explicitly extract high-
order semantics on the structure of molecular fragments.

FF = GNNF (LN(VF , EF )) ∈ Rh×df

, (1)

where LN is LayerNorm operation (Vaswani et al. 2017), df
is the fragment feature dimension.

Atom-level Mamba-Graph Construction. Conventional
GNNs directly on the atom-graph suffers from over-
squashing and poor capturing of long-range dependencies
issues (Behrouz and Hashemi 2024; Ding et al. 2024), es-
pecially for molecules with a high atomic number. To aug-
ment the model’s ability to inductively correlate structural
contexts within the molecular graph, and inspired by the
success of Mamba (Gu and Dao 2023) in powerful and
flexible sequence context modeling, we combine GNN and
Mamba namely Mamba-Graph (MG) to learn structural as-
sociations within the whole molecule graph, which is more
complex compared to explicit fragment structure learning,

as shown in Figure 2. Specifically, we use the LN and GNN
layer (Zhang, Liu, and Xie 2020) to initialize the node em-
bedding of atom-graph GA with its position information CA,
then we propose a novel graph node sorting strategy, by
considering molecular fragment structure and the node de-
gree information (reflecting the importance of the node), so
that the data structure is adapted to exploit Mamba’s context-
aware reasoning:

FG
A = GNNA(LN(VA, EA, CA)) ∈ Rh×da

; (2)

FS
A = SORTD(SORTF (FG

A )) , (3)
where da is the atom feature dimension, SORTF and
SORTD are fragment-based and node-degree-based sorts,
respectively. Although Mamba (Gu and Dao 2023) employs
selective SSM (State Space Model) to overcome the time-
invariant nature of the system like Transformer, we add po-
sitional encoding to the atom sequences fed into the Mamba
system, to enhance the atomic position-aware capability of
the MG module, as follows:

FP
A = FS

A∥PF ∥PD , (4)
where ∥ denotes concatenation, PF encodes the fragment
label for each atom, reflecting the fragment to which each
atom belongs. PD encodes the intra-fragment positional in-
formation for atoms within the same fragment.

In order to better delve the structure information of graph,
correlate and synchronize the graph and Mamba, we design
a new GSSM (GraphSSM) mechanism as shown in Fig-
ure 2, it allows the model to adaptively select relevant in-
formation from the graph context, with a Graph Information
FeedForward workflow. Here, we feed the structural infor-
mation of the graph (Adjacency matrix AG ∈ Rl×l and dis-
tance matrix DG ∈ Rl×l) into the GSSM of Mamba. Spe-
cially, the GSSM can be achieved by remaking the SSM pa-
rameters (A, B and ∆) as the new functions of the input
data sequence, we express the process in Algorithm 1. The
input of the Mamba block is x = FP

A ∈ Rh×da

, as x passes
through it, we perform the FragPool (MaxPool within each
fragment) to obtain the fragment-level graph embedding:

FM
A = FragPool(Mamba(FP

A )) ∈ RH×d. (5)
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Figure 2: Illustration of the Mamba-Graph (MG) module. It consists of the GNN layer and Mamba block. A novel graph
node sorting strategy to exploit Mamba’s context-aware reasoning. A new GSSM mechanism is designed to adaptively
select relevant information from the graph context. Two fragment-related loss constraints Lstructure and Lfragment facilitate
molecular structure learning of the MG module.

Algorithm 1: Mamba block with Graph SSM

1: Input: x ∈ Rb×l×d Output: y ∈ Rb×l×d

2: AG,DG ∈ Rl×l ← Adjacency and distance matrices
3: x, z ∈ Rb×l×dh ← Linear(x),Linear(x)
4: x ∈ Rb×l×dh ← SiLU(Conv1d(x))
5: A ∈ Rd×n ← Parameter
6: B,C ∈ Rb×l×n ← Linear(x),Linear(x)
7: ∆ ∈ Rb×l×d ← Softplus(Linear(x))
8: ∆′ ← (∆⊙AG ⊙DG)
9: A ∈ Rb×l×d×n ← exp(

∑
i,j ∆

′
ijAij)

10: B ∈ Rb×l×d×n ←
∑

i,j,k ∆
′
ijBjkxki

11: y ∈ Rb×l×dh ← SSM(A,B,C)(x)

12: y ∈ Rb×l×dh ← y ⊙ SiLU(z)
13: return y ∈ Rb×l×d ← Linear(y) + x

In addition, two fragment-related structural losses are used
for self-supervised constrained model training to facilitate
structural inference in the MG module. Thanks to the opti-
mized fragmentation procedure (Kong et al. 2022) that we
use, we can enumerate all the trunks of the fragment-graph
and use the output of Mamba block (full molecular graph in-
formation) to predict it and all subgraph’s ids, as two multi-
label prediction tasks, with the loss of Lstructure (Ls) and
Lfragment (Lf ), respectively.

Structure Collaborative Training. To train both
fragment-level and atom-level graphs, we maximize
the consistency between local structural information of
molecular fragments and the global structural information.
Specifically, we conduct the Softmax function on the FF

from fragment-graph GNNF as a pseudo-label for the
fragment distribution. Also, based on the output fragment
embedding FM

A of MG module, we calculate the predicted
labels. The objective function Ldistribution (Ld) is

F̂F = SoftMax(τ · FF ), F̂A = SoftMax(τ · FM
A ); (6)

Ld = −(Ef̂F
u ,u∈VF

log(f̂A
u ) + Ef̂A

u ,u∈VA
log(f̂F

u )), (7)

where τ is a temperature coefficient used to control the
smoothness of the soft labels. Ld is the cross-entropy
loss designed to encourage mutual supervision between the
GNNF and MG modules.

Type of Descriptors Notation Dimension Number
E-state DS 2 25
Molecular Property DM 2 55
Quantum Chemical DQ 2 7
Charge DC 2 25

Table 1: The statistics of Electrochemical Descriptors.

E-semantic Driven Structure & Electron Fusing

Molecular Electronic View Expression. Molecular de-
scriptors are employed to characterize the overall proper-
ties of molecules, and descriptors with prediction-relevant
properties should be chosen, we statistics the descriptors
that represent the molecules from the electronic view in
Table 1. Then the molecular electronic view expression is
DE = DS∥DM∥DQ∥DC ∈ RM×2. To integrate molec-
ular structure and electronic information, we design an E-
semantic masked training strategy, i.e., we randomly mask
α% of the input sequenceDE with the mask matrixM, then
the MLPs serves as the E-encoder to convert the masked de-
scriptor tokens DM

E into a sequence of tokens SME ∈ RM×d

for being further processed by Mamba-Transformer model.

Unified Mamba-Transformer Fuser. For each molecule,
we combine its structural and electronic representations.
We adopt the Mamba-Transformer (MT) backbone to inte-
grate these two features, the MT module is shown in Fig-
ure 1 (right). Here, the MT module is a state space aug-
mented transformer variant to enhance modeling of long se-
quences (concatenation of structure and electronic embed-
dings). Based on the masked electronic feature SME , we in-
troduce a self-supervised mask prediction task, to enhance
the interaction of structural and electronic features and to
remove the effect of redundant electronic descriptors for
downstream task prediction. The processes are

U = MT(SME ∥FM
A ) ∈ R(M+H)×d; (8)

ŜME = MLP(U [1 : M, :]) ∈ RM×d; (9)

Lmask =
1∑M

i=1Mi

M∑
i=1

Mi

(
(SME )i − (ŜME )i

)2

. (10)
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Optimization Objective
Pretraining. In our pretraining phase, we define four loss
functions, each with specific optimization objectives. The
overall objective is to minimize a weighted sum of these
losses. The four losses are: structural distribution collab-
orative training loss Ld of GNNF and MG module, two
fragment-related structural losses Ls and Lf for MG mod-
ule, masked E-semantic fusion training loss Lmask. The
overall optimization objective combines these four loss
functions with specific weights:

Ltotal = λdLd + λsLs + λfLf + λmaskLmask (11)

where λd, λs, λf , and λmask are the weights for each loss
component, respectively.

Downstream Inference. After pretraining, the learned en-
coders (GNNF , MG module, E-encoder(MLPs) and MT
fuser) are fine-tuned on specific downstream property pre-
diction tasks. Note that the output of the first three encoders
is concatenated and injected into MT fuser. Subsequently,
a two-layer MLPs is attached to the MT module as a pre-
diction head for downstream tasks. The fine-tuning process
ensures that the model adapts to the specific requirements
of each downstream task, leveraging the rich structural and
electronic information captured during pretraining.

Experiments
In this section, we conduct comprehensive experiments to
demonstrate the effcacy of our proposed method. The exper-
iments are designed to analyze the method by addressing the
following key questions:

• Q1: How does MOL-Mamba perform compared with
state-of-the-art methods for molecular property predic-
tion?

• Q2: How do the fragment-graph GNNF , the atom-level
MG module and the MT fuser affect MOL-Mamba?

• Q3: DoLdistribution(Ld),Lstructure(Ls),Lfragment(Lf )
and Lmask provide useful supervision for molecular
structure and electronic learning during pretraining?

• Q4: How useful are graph node sorting strategy, position
encoding and Mamba block with GSSM in MG Module?

• Q5: Quantitative mechanistic interpretation of the model.

Experiment Settings
Datasets. We use the recently popular GEOM (Axelrod
and Gomez-Bombarelli 2022) that contains 50k qualified
molecules, for molecular pretraining, followed by (Liu et al.
2022; Wang et al. 2023). For downstream tasks, we conduct
experiments on 11 benchmark datasets from the Molecu-
leNet (Wu et al. 2018), they involve physical chemistry, bio-
physics, physiology and quantum mechanics. Based on task
type, 7 classification benchmarks (BBBP, Tox21, ClinTox,
HIV, BACE, SIDER, MUV) and 4 regression benchmarks
(FreeSolv, ESOL, Lipo, QM9) are included. Each dataset
uses the recommended splitting method to divide data into
training/validation/test sets with a ratio of 8:1:1.

Baselines. We compare the proposed MOL-Mamba
against multiple baselines, including both supervised and
self-supervised/pretraining methods. (1) Supervised GNN
methods include SchNet (Schütt et al. 2017), GIN (Xu et al.
2019), AttentiveFP (Xiong et al. 2019), and DMPNN (Yang
et al. 2021). SchNet models molecular quantum interac-
tions using continuous-filter convolutional neural networks.
GIN enhances the ability to learn complex graph structures
through graph isomorphism and learnable aggregation func-
tions. DMPNN and AttentiveFP are two variants of mes-
sage passing neural networks (Gilmer et al. 2017). (2) Pre-
training methods include PretrainGNN (Hu et al. 2020),
GROVER (Rong et al. 2020), GEM (Fang et al. 2022a),
GraphMVP (Liu et al. 2022), MolCLR (Wang et al. 2022),
Uni-Mol (Zhou et al. 2023), and MOLEBLEND (Yu et al.
2024). PretrainGNN introduces node-level self-supervised
methods, such as context prediction and attribute masking,
for pretraining GNNs. GROVER proposes a self-supervised
graph transformer method for learning molecules through
graph-level motif prediction. GEM employs a geometry-
enhanced approach to capture molecular 3D spatial knowl-
edge, including bond lengths, bond angles, and atomic dis-
tances. GraphMVP improves molecular structural represen-
tation via contrastive pretraining of both 2D topology and
3D molecular structures. MolCLR aligns substructures of
similarly structured molecules to enhance molecular rep-
resentation. Uni-Mol and MOLEBLEND integrate 1D se-
quence, 2D topology, and 3D information to improve model
performance and adaptability for various molecular tasks.

Implementation Details. We follow the traditional met-
rics ROC-AUC↑ and RMSE/MAE↓ (Li et al. 2022) for the
molecular property prediction classification and regression
tasks respectively. And the performance metrics reported
here are the averaged results of 10-fold cross-validation and
the standard deviations. In the implementation, molecular
descriptors are calculated by the ChemDes package (Dong
et al. 2015). We adopt 6-layer GIN (Xu et al. 2019) as the
fragment-graph GNNF , and set a 6-layer SchNet (Schütt
et al. 2017) as the atom-graph GNNA of the MG module,
without any initialized parameters, and set 2-layer Mamba
blocks. For pretraining, we set the temperature coefficient
in Eq. 6 τ = 0.5 , and we set the mask ratio as α = 10 (%)
for mask matrix M in Eq. 10. Based on the order of mag-
nitude of each loss, we set different loss weights as follows,
Ld = Ls = Lmask = 0.1,Lf = 20.0, respectively. For
pretraining and fine-tuning, we employ the AdamW opti-
mizer, the learning rate is set to 0.0001, and the batch size is
64, and the training is conducted 100 epochs, with the early
stopping on the validation set. We develop all codes on a
single NVIDIA RTX A5000 GPU.

Performance Evaluation
Overall Comparision (Q1). Table 2 and 3 present the ex-
perimental results of MOL-Mamba compared to compet-
itive baselines, with the best results highlighted in bold.
Our MOL-Mamba framework demonstrates superior perfor-
mance on 8 out of 11 classification and regression bench-
marks. For instance, it achieves a 75.0% ROC-AUC with
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Method Venue BBBP Tox21 ClinTox HIV BACE SIDER MUV
2,039 7,831 1,478 41,127 1,513 1,427 93,087

su
pe

rv
is

ed SchNet NIPS’17 84.8 (±2.2) 77.2 (±2.3) 71.5 (±3.7) 70.2 (±3.4) 76.6 (±1.1) 53.9 (±3.7) 71.3 (±3.0)
GIN ICLR’19 65.8 (±4.5) 74.0 (±0.8) 58.0 (±4.4) 75.3 (±1.9) 70.1 (±5.4) 57.3 (±1.6) 71.8 (±2.5)
AttentiveFP JMC’19 64.3 (±1.8) 76.1 (±0.5) 84.7 (±0.3) 75.7 (±1.4) 78.4 (±2.2) 60.6 (±3.2) 76.6 (±1.5)
DMPNN NIPS’21 71.2 (±3.8) 68.9 (±1.3) 90.5 (±5.3) 75.0 (±2.1) 85.3 (±5.3) 63.2 (±2.3) 76.2 (±2.8)

pr
et

ra
in

in
g

PretrainGNN ICLR’20 68.7 (±1.3) 78.1 (±0.6) 72.6 (±1.5) 79.9 (±0.7) 84.5 (±0.7) 62.7 (±0.8) 81.3 (±2.1)
GROVER NIPS’20 69.5 (±0.1) 73.5 (±0.1) 76.2 (±3.7) 68.2 (±1.1) 81.0 (±1.4) 65.4 (±0.1) 67.3 (±1.8)
GEM NMI’22 72.4 (±0.4) 78.1 (±0.1) 90.1 (±1.3) 80.6 (±0.9) 85.6 (±1.1) 67.2 (±0.4) 81.7 (±0.5)
GraphMVP ICLR’22 72.4 (±1.6) 74.4 (±0.2) 77.5 (±4.2) 77.0 (±1.2) 81.2 (±0.9) 63.9 (±1.2) 75.0 (±1.0)
MolCLR NMI’22 73.6 (±0.5) 79.8 (±0.7) 93.2 (±1.7) 80.6 (±1.1) 89.0 (±0.3) 68.0 (±1.1) 88.6 (±2.2)
Uni-Mol ICLR’23 72.9 (±0.6) 79.6 (±0.5) 91.9 (±1.8) 80.8 (±0.3) 85.7 (±0.2) 65.9 (±1.3) 82.1 (±1.3)
MOLEBLEND ICLR’24 73.0 (±0.8) 77.8 (±0.8) 87.6 (±0.7) 79.0 (±0.8) 83.7 (±1.4) 64.9 (±0.3) 77.2 (±2.3)
MOL-Mamba (Ours) 75.0 (±0.2) 81.3 (±0.4) 92.7 (±1.1) 81.6 (±0.5) 86.4 (±0.3) 68.3 (±0.9) 89.0 (±1.2)

Table 2: Results of state-of-arts on seven classification benchmarks. Mean and standard deviation of test ROC-AUC↑ (%) on
each benchmark are reported. Best performing supervised and self-supervised/pretraining methods for each benchmark are
marked as bold. Second best self-supervised methods are marked as bold.

Method FreeSolv ESOL Lipo QM9
642 1,128 4,200 130,829

SchNet 3.22 (±0.76) 1.05 (±0.06) 0.91 (±0.10) 0.081
GIN 2.76 (±0.18) 1.45 (±0.02) 0.85 (±0.07) 0.009
AttentiveFP 2.07 (±0.18) 0.88 (±0.03) 0.72 (±0.00) 0.008
DMPNN 2.18 (±0.91) 0.98 (±0.26) 0.65 (±0.05) 0.008
PretrainGNN 2.76 (±0.00) 1.10 (±0.01) 0.74 (±0.00) 0.009
GROVER 2.27 (±0.05) 0.90 (±0.02) 0.82 (±0.01) 0.010
GEM 1.88 (±0.09) 0.80 (±0.03) 0.66 (±0.01) 0.007
GraphMVP - 1.03 (±0.03) 0.68 (±0.01) -
MolCLR 2.20 (±0.20) 1.11 (±0.01) 0.65 (±0.08) -
Uni-Mol 1.62 (±0.04) 0.79 (±0.03) 0.60 (±0.01) 0.005
MOL-Mamba 1.02 (±0.02) 0.63 (±0.01) 0.53 (±0.01) 0.007

Table 3: Results of state-of-arts on four regression bench-
marks. Mean and standard deviation of test RMSE↓ (for
FreeSolv, ESOL, Lipo) or MAE↓ (for QM9) are reported.
Since the standard deviation of all results on QM9 is close
to 0, we do not show them.

Model #Params FLOPs Runtime(s/molecule) ROC-AUC
GIN 1.63M 1.2M 0.001 74.0 (±0.8)
SchNet 1.86M 1.5M 0.0011 77.2 (±2.3)
Uni-Mol 47.1M 10M 0.0083 79.6 (±0.5)
MOLEBLEND 47.1M 11M 0.0091 77.8 (±0.8)
MOL-Mamba 6.98M 4M 0.0012 81.3 (±0.4)

Table 4: Model complexity comparison on Tox21 dataset.

a standard deviation of 0.2 on the BBBP dataset, and the
lowest mean MAE of 0.63 on the ESOL dataset. This un-
derscores MOL-Mamba’s strength as a robust pretraining
framework that is both easy to implement and highly adapt-
able across various molecular domain tasks. Moreover, Ta-
ble 4 shows that MOL-Mamba achieves comparable running
time compared to GNNs (GIN and SchNet), e.g. 0.0012 s/-
molecule vs. 0.001 s/molecule, but has a significant low-cost
advantage in parameters and running time compared to GTs
(Uni-Mol and MOLEBLEND), striking a good balance be-
tween complexity and performance. Comparing supervised
methods, while SchNet excels on BBBP, it significantly
underperforms on other datasets (notably 17.7% below us
on MUV). When trained with supervision only (Table 5,
Row 1), MOL-Mamba achieves 78.6% SOTA on Tox21. As
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Figure 3: MOL-Mamba with different module settings on
classification benchmarks BBBP and Tox21, regression
benchmarks ESOL and Lipo, (lower is better for regression).

Ld Ls Lf Lmask BBBP Tox21 ESOL Lipo
- - - - 72.5 (±0.4) 78.6 (±0.6) 0.70 (±0.03) 0.63 (±0.03)
✓ - - - 73.4 (±0.3) 79.1 (±0.5) 0.68 (±0.02) 0.59 (±0.02)
✓ ✓ - - 73.8 (±0.3) 80.5 (±0.5) 0.66 (±0.02) 0.58 (±0.02)
✓ ✓ ✓ - 74.2 (±0.3) 80.9 (±0.4) 0.65 (±0.02) 0.56 (±0.02)
✓ ✓ ✓ ✓ 75.0 (±0.2) 81.3 (±0.4) 0.63 (±0.01) 0.53 (±0.01)

Table 5: Mol-Mamba with different pretraining loss settings
on classification benchmarks BBBP and Tox21, regression
benchmarks ESOL and Lipo, (lower is better for regression).

Model BBBP ToX21 ESOL Lipo
MG 75.0 (±0.2) 81.3 (±0.4) 0.63 (±0.01) 0.53 (±0.01)
w/o SORT 73.2 (±0.4) 79.5 (±0.5) 0.66 (±0.03) 0.56 (±0.03)
w/o PE 74.0 (±0.3) 80.1 (±0.5) 0.65 (±0.02) 0.55 (±0.03)
w/o GSSM 73.0 (±0.3) 78.9 (±0.6) 0.67 (±0.03) 0.57 (±0.03)

Table 6: MG module with different settings. “SORT” de-
notes the graph node sorting strategy, “PE” denotes posi-
tional encoding PF and PD, “GSSM” refers to GraphSSM.

shown in Tables 2 and 3, MOL-Mamba consistently outper-
forms leading supervised baselines across datasets, demon-
strating its robust ability to capture and integrate complex
molecular information.

Main Module Analysis (Q2). Figure 3 shows the crit-
ical role of MOL-Mamba’s main modules. The absence
of GNNF module results in noticeable performance drops
across datasets, underscoring its importance in captur-
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Figure 4: T-SNE visualization of feature separation of
our pretraining (PT) methods on BBBP and ESOL. The
“Structure PT” refers to pretraining the model with struc-
tural losses (Ld,Ls,Lf ), the “E-semantic PT” pretrains the
model with e-masked loss Lmask. “ER” is Error Rate.

ing fragment-level information. Similarly, removing the
Mamba-Graph (MG) module leads to accuracy decline, par-
ticularly in classification tasks like Tox21, emphasizing its
role in atom-level structural reasoning. The MT Fuser mod-
ule proves pivotal for integrating molecular structure and
electronic data, as evidenced by decreased performance in
both classification and regression tasks when omitted. These
results demonstrate each component’s unique contribution
to MOL-Mamba’s robust performance.

Self-supervised Loss Analysis (Q3). Table 5 highlights
the impact of pretraining loss settings on MOL-Mamba’s
performance. Without any self-supervised losses, i.e., the
model is trained directly on the task dataset, the model un-
derperforms, emphasizing the need for pretraining strate-
gies. Introducing Ld improves results by capturing key
structural features. Adding Ls further enhances perfor-
mance, especially on Tox21, by boosting semantic-level rea-
soning. Incorporating Lf provides further gains in BBBP
and Lipo. The full model, integrating all loss components
including Lmask, performs the best, effectively combining
structural and electronic data for property predictions.

Mamba-Graph Module Analysis (Q4). From Table 6,
the full MG configuration achieves optimal results across all
benchmarks, underscoring its comprehensive design. Omit-
ting the graph node sorting strategy “SORT”) results in sig-
nificant performance declines, particularly on the BBBP and
Tox21 datasets, highlighting its essential role in node rep-
resentation. Similarly, removing positional encoding (“PE”)
reduces accuracy, indicating its importance for maintaining
spatial information. The GraphSSM mechanism (“GSSM”)
is crucial, as its absence causes the largest drop, especially in
regression tasks like ESOL and Lipo. These findings demon-
strate that each component is vital for the MG module’s ef-
fectiveness in accurately predicting molecular properties.

Feature Separation Analysis (Q5). Figure 4 presents
a t-SNE visualization illustrating the feature separation
achieved by different pretraining (PT) methods on the BBBP

Figure 5: Exemplary explanations for using MG and MT
modules in molecular prediction tasks. The radius scales lin-
early with the node-feature sum. It highlights key structural
and electronic adjustments.

and ESOL benchmarks. The error rate (ER), defined as the
proportion of incorrectly classified points, is noted for each
scenario. Without PT, the ER is highest at 0.37 for BBBP
and 0.24 for ESOL, indicating poor separation between pos-
itive (p) and negative (np) samples. Introducing “Structure
PT” significantly reduces the ER to 0.24 for BBBP and 0.13
for ESOL, demonstrating improved clustering due to en-
hanced structural understanding. The “E-semantic PT” fur-
ther refines feature separation, achieving the lowest ERs of
0.20 and 0.12, respectively. This highlights the effectiveness
of incorporating e-masked loss Lmask in capturing complex
semantic nuances, leading to more distinct and accurate clas-
sification boundaries.

Feature Visualization Analysis (Q5). Visualization of
feature weights provides insights into the relative impor-
tance of each input feature in the model’s decision-making
process. In Figure 5, the feature transformations through
the MG and MT modules are illustrated. For the classifi-
cation task from BBBP, the MG module captures essential
structural features, aligning predictions accurately with la-
bels. The MT module further adjusts features by focusing
on key electronic interactions, enhancing decision-making
precision. In the regression task from ESOL, the MG mod-
ule effectively models solubility characteristics, while the
MT module refines these features, leading to highly accurate
solubility predictions. This demonstrates the model’s ability
to prioritize relevant molecular areas, such as reactive cen-
ters and stereochemistry. These transformations ensures that
predictions are based on meaningful molecular patterns, en-
hancing the model’s interpretability and reliability.

Conclusion
This paper introduces the MOL-Mamba framework, which
significantly enhances molecular representation learning by
integrating structural and electronic insights. Comprising hi-
erarchical structural reasoning and a fusion encoder, MOL-
Mamba employs innovative training strategies to achieve
accurate molecular property predictions. Extensive experi-
ments demonstrate its superior performance over state-of-
the-art methods, offering a robust predictive tool for appli-
cations in drug discovery and materials science.
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