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Abstract

Transformers play an important role in molecular
representation learning, enabling unsupervised
learning from large scale unlabeled molecule
datasets. However, existing Transformer based
methods suffer from heavy training computation
and slow inference. To accelerate the computa-
tion and relieve the burdensome pre-training, we
propose a Mamba-based framework that lever-
ages selective state space models to learn molec-
ular representations more efficiently. Unlike
conventional methods, our model, GeoMamba-
SE(3), offers streamlined computation with
linear-time complexity. However, naively apply-
ing Mamba to molecules struggles with SE(3)
symmetry, and representations can drift under
rotations/translations—leading to chemically in-
consistent features. To address this, we introduce
a geometry- and statistics-aware design: (i) com-
plete local frames at atoms by converting geo-
metric vectors into scalar channels suitable for
SSMs; (ii) multi-stream Mamba blocks are mod-
ulated by SE(3)-invariant scalars to preserve ge-
ometric stability; and (iii) we impose statisti-
cal symmetry constraints via orbit-kernel losses
and invariant risk minimization, treating SE(3)
actions and conformers as environments. This
yields practical SE(3) stability without heavy
high-order tensor representations. Experiments
show that our method achieves new state-of-the-
art performance benchmarks on the MoleculeNet
datasets, while using only one-sixth of the train-
ing computation and 57% less computation for
inference.
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1 INTRODUCTION

Molecular representation learning has been an impor-
tant topic in machine learning and drug design commu-
nity [Fang et al., 2022, Koukos et al., 2019, Liu et al.,
2021, Méndez-Lucio et al., 2021, Rong et al., 2020, Wang
et al., 2022]. In particular, graph neural networks (GNNs)
[Scarselli et al., 2008] and transformers [Vaswani et al.,
2017] have gained increasing popularity due to their great
performance. By modeling molecular systems as graphs,
GNNs naturally treat the set-like nature of collections of
atoms, encode the interaction between atoms in node fea-
tures, and update the features by passing messages between
nodes.

Transformers are more popular and more powerful ar-
chitecture for molecular property prediction applications,
which were developed originally for language process-
ing and rely on sequential input and output. Transform-
ers have been a central component in the breakthrough
of AlphaFold2 [Bryant et al., 2022] for protein structure
prediction from the primary sequence. The expectations
for extending this success to property prediction of other
biomolecules has lead to a series of successful works of ap-
plying transformers to molecular representation learning,
such as MAT [Maziarka et al., 2020], MolBERT [Fabian
et al., 2020], K-BERT [Liu et al., 2020], and ChemBERTa-
2 [Ahmad et al., 2022], RT [Born and Manica, 2023],
SELFIE [Yüksel et al., 2023].

Neural networks succeed in molecular property prediction
by incorporating equivariance constraints that leverage data
symmetries. In 3D molecular structures, biases related to
the SE(3) group — covering 3D translations and rotations
— are essential. For instance, system energy remains con-
stant with shifts, while force vectors rotate with system ori-
entation. Physical laws are coordinate-invariant, meaning
properties like energy remain unchanged under rotation,
while others, like force, rotate accordingly.

For learning on molecular data, the features and learned
functions should be SE(3) stable with respect to geomet-
ric transformations acting on positions r. This is because
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many downstream targets are scalars (e.g., quantum and
physico-chemical properties) that are invariant to rotations
and translations, motivating an invariant molecular feature
extractor for such tasks. Reflection equivariance is not re-
quired for molecular structures, as many molecules exhibit
chirality; applying a reflection reverses chirality and yields
a different structure with distinct properties. In this work,
we achieve practical SE(3) stability by (i) constructing
complete local frames at atoms to convert geometric vec-
tors into scalar channels, (ii) running multi-stream Mamba
with selective state-space parameters modulated only by
SE(3)-invariant scalars, and (iii) enforcing statistical sym-
metry via orbit-kernel regularization and invariant risk min-
imization, treating rotations and conformers as environ-
ments. For clarity, we use invariance for scalar targets (e.g.,
energies, gaps) and allow equivariance at intermediate co-
efficients in local frames; the literature sometimes mixes
these terms.

Formally, let x denote a 3D molecular structure and T ∈
SE(3) a roto-translation. For scalar targets we require:
f(T · x) = f(x). For vector/tensor quantities, we require
equivariance in local frames, i.e., Z(T · x) = T · Z(x) for
any transformation T.

In molecular property prediction, Transformer-based mod-
els perform well, but often face prolonged training and in-
ference times due to complex architectures and high com-
putational demands, especially with equivariance. Models
like UniMol, which takes about 23 V100 GPU days for pre-
training, and Equiformer, which requires 24 A6000 GPU
days for training on the OC20 dataset, need extensive re-
sources. This high computation overhead limits real-time
predictions and efficient screening, constraining their prac-
tical use despite high accuracy.

Meanwhile, a parallel line of research indicates that
Mamba [Gu and Dao, 2023] has achieved a groundbreaking
milestone with its linear-time inference and efficient train-
ing process by integrating the selection mechanism and
hardware-aware algorithms into previous works.

Despite their widespread success in various domains,
Mambas have only recently begun to be explored for
molecular property prediction, and their effectiveness un-
der symmetry constraints remains under-investigated. In
this work, we demonstrate that selective state-space models
can generalize well to molecular datasets when combined
with explicit SE(3) stability, and we present GeoMamba-
SE(3), a geometry- and statistics-aware variant of Mamba.

First, we construct a multi-stream Mamba architecture that
processes both node sequences and edge sequences. We
serialize molecular graphs into node and edge sequences
using block-BFS neighborhoods and selected non-bonded
pairs. Each atom’s 3D coordinates are projected into a
complete local frame, producing invariant scalar channels
that feed into the Mamba encoder.

Second, to enforce SE(3) stability in processing 3D
molecular structures, we adopt a statistical regularization:
orbit-kernel losses encourage invariant outputs across rota-
tions/conformers, while invariant risk minimization treats
these as multiple environments. This approach addresses
both rotation and translation stability: centering molecules
trivially handles translations, while orbit-sampling and ker-
nel mean embedding enforce that rotated versions yield
indistinguishable scalar readouts. Equivariance at inter-
mediate coefficients is encouraged by aligning local-frame
representations across orbits. Invariant risk minimization
(IRM) further improves generalization by encouraging a
single predictor to remain optimal across all such rota-
tion/conformer environments. Our method shows strong
performance on MoleculeNet benchmarks, demonstrating
the effectiveness of this SE(3)-equivariant design.

We summarize our contributions as follows.

• We adapt the Mamba architecture to molecular
datasets by introducing multi-stream inputs together
with local-frame scalarization of 3D coordinates,
yielding GeoMamba-SE(3) for efficient representa-
tion learning with geometry-aware inductive bias.

• We propose statistical symmetry constraints—orbit-
kernel losses and invariant risk minimization to en-
force SE(3) invariance and equivariance in a distri-
butional sense, avoiding reliance on heavy high-order
irreducible representations (irreps) or brittle augmen-
tation schemes.

• We design an efficient serialization pipeline that con-
verts molecular graphs into node and edge sequences,
augmented with local-frame invariant scalars, en-
abling Mamba-based linear-time modeling of both
connectivity and geometry.

• Extensive experiments on MoleculeNet and QM9
show that GeoMamba-SE(3) achieves competitive
or superior accuracy compared to strong equivari-
ant baselines, while significantly reducing computa-
tion and improving stability, making it well-suited for
high-throughput molecular property prediction.

These contributions highlight the potential of GeoMamba-
SE(3) as a robust, scalable, and statistics-aware solution for
molecular property prediction, bridging the gap between
computational efficiency and principled handling of SE(3)
symmetries in 3D molecular structures.

2 RELATED WORK
Molecular Representation Learning Representation
learning on large-scale unlabeled molecules has recently at-
tracted much attention. SMILES-BERT [Wang et al., 2019]
is trained on SMILES strings of molecules using BERT.
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Subsequent work is mostly pretraining in 2D molecular
topological graphs. MolCLR [Wang et al., 2022] applies
data augmentation to molecular graphs at both node and
graph levels, using a self-supervised contrastive learning
strategy to learn molecular representations. In addition,
several recent works try to leverage the 3D spatial infor-
mation of molecules and focus on contrastive or transfer
learning between the 2D topology and the 3D geometry
of molecules. For example, GraphMVP [Liu et al., 2021]
proposes a GNN-based contrastive learning framework be-
tween 2D topology and 3D geometry. GEM [Fang et al.,
2022] uses bond angles and bond length as additional edge
attributes to enhance 3D information. Uni-Mol [Zhou et al.,
2023] is a universal 3D molecular pretraining framework
that significantly enhances the ability to represent and ex-
pands the application scope in drug design.

SE(3) Equivariant Networks Equivariant neural net-
works operate on geometric tensors like type-L vectors to
achieve equivariance. The central idea is to use functions
of geometry built from spherical harmonics and irreducible
representation features to achieve 3D rotational and trans-
lational equivariance as proposed in Tensor Field Network
(TFN) [Thomas et al., 2018], which generalizes 2D coun-
terparts [Worrall et al., 2017] to 3D Euclidean spaces. Pre-
vious works differ in the equivariant operations used in
their networks. TFN [Thomas et al., 2018] and NequIP
[Batzner et al., 2022] use graph convolution with linear
messages, with the latter using extra equivariant gate ac-
tivations [Weiler et al., 2018]. SEGNN [Brandstetter et al.,
2021] introduces non-linear messages for irreducible rep-
resentation features, and the non-linear messages use the
same gate activation and improve linear messages. The SE
(3)-Transformer [Fuchs et al., 2020] adopts an equivariant
version of the dot product (DP) attention [Vaswani et al.,
2017] with linear messages, and the attention can support
vectors of any type L. Subsequent work on equivariant
Transformers [Thölke and De Fabritiis, 2022, Le et al.,
2022] follows the practice of DP attention and linear mes-
sages but uses more specialized architectures considering
only type-0 and type-1 vectors.

State Space Models State-space models (SSMs) rooted
in control theory have recently been adapted to deep learn-
ing for sequential data modeling, with advances such as
HiPPO matrices [Gu et al., 2020] and LSSL [Gu et al.,
2021b] laying the foundation for efficient sequence mod-
eling. A major milestone was achieved with the Structured
State Space Sequence Model (S4) [Gu et al., 2021a], which
used linear state space equations to efficiently model long
sequences. Subsequent work has focused on simplifying
and optimizing the structure of S4. HTTYH [Gu et al.,
2022b], DSS [Gupta et al., 2022], and S4D [Gu et al.,
2022a] use a diagonal state matrix to reduce computation
without sacrificing performance, while SGConv [Li et al.,

2022] introduces a convolutional alternative. GSS [Mehta
et al., 2022] and S5 [Smith et al., 2022] further improve
S4 with parallel processing and multi-input / multi-output
state-space designs, expanding the applicability of SSMs.

More recently, Mamba [Gu and Dao, 2023] revolution-
ized SSMs with efficient training and linear time inference,
aided by selection mechanisms and hardware-aware opti-
mizations. This has enabled innovations like MoE-Mamba
[Pióro et al., 2024], which incorporates Mixture of Experts
for scaling; MambaByte [Wang et al., 2024b], which ex-
cels in byte-level tasks; and Graph-Mamba [Wang et al.,
2024a], enhancing graph network modeling with Mamba’s
efficient structure. Vision applications have also emerged,
with Vision Mamba [Zhu et al., 2024] and VMamba [Liu
et al., 2024] introducing modules to capture global visual
context, while U-Mamba [Ma et al., 2024] shows the best
performance in medical image segmentation.

Mamba in Protein and Drug Design Protein, molecu-
lar, and genomic modeling play a critical role in advancing
drug discovery and biotechnology [Li et al., 2024, Scott
et al., 2016]. Mamba-based models have been particularly
transformative in these domains by efficiently handling
long sequences [Guo and Schwaller, 2024, Peng et al.,
2024, Schiff et al., 2024]. For example, PTM-Mamba
[Peng et al., 2024] and ProtMamba [Sgarbossa et al., 2024]
leverage Mamba’s gated structure and state space models
for protein language modeling, enabling efficient process-
ing of extensive protein sequences while maintaining high
accuracy. In generative molecular design, Saturn [Guo and
Schwaller, 2024] uses the linear complexity of Mamba to
excel in molecule simulation tasks, achieving superior effi-
ciency in drug discovery. For genomic analysis, Caduceus
[Schiff et al., 2024] extends Mamba with BiMamba and
MambaDNA for bidirectional reverse complementary ge-
nomic modeling, significantly outperforming existing mod-
els.

3 METHODOLOGY

Preliminary: SE(3)-Equivariance Molecule systems
are often described together with coordinates. For 3D Eu-
clidean space, we can freely choose coordinate systems and
change between them via the symmetries of 3D space: 3D
translation, rotation and inversion (r⃗ → −r⃗). The groups
of 3D translation, rotation and inversion form Euclidean
group E(3), with the first two forming Special Euclidean
group SE(3), the second being Special Orthogonal SO(3),
and the last two forming Orthogonal group O(3). Formally,
a function f mapping between vector spaces X and Y is
equivariant to a group of transformation G if for any input
x ∈ X , output y ∈ Y and group element g ∈ G, we have
f (DX(g)x) = DY (g)f(x), where DX(g) and DY (g) are
transformation matrices parametrized by g in X and Y .

Using Mamba to replace the transformer block in
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Molecule x(Graph + 3D coords) Orbit samplesR · x, R1 · x, R2 · x, . . .
SE(3) augmentation

GeoMamba-SE(3) Encoder(local frames + dual-stream SSM)

Embeddings z, z′Contrastive Loss(InfoNCE on (z, z′)) Statistical Constraints(KME/MMD + IRM)

Supervised Finetuning(Regression/Classification)

Figure 1: Overview of GeoMamba-SE(3). Molecules are serialized (graph + 3D coords), orbit-rotated into multiple SE(3)
samples, and passed through our encoder with local-frame scalarization and dual-stream selective SSMs. Representations
are trained with (i) contrastive loss for orbit-alignment, (ii) statistical SE(3) constraints (KME/MMD + IRM) for stability,
and (iii) supervised heads for downstream regression/classification.

Equiformer is a natural idea. However, Mamba cannot han-
dle 3D spatial data directly as it was originally designed
for NLP tasks. Although there are several recent works ex-
tending Mamba to 3D data [Liang et al., 2024], they are not
specially designed for SE(3)-equivariant tasks. In addition,
they are much slower than the standard Mamba due to the
complex additional components.

3.1 Problem Formulation
We begin by elucidating the foundational setup and
notation for molecular representation learning with
GeoMamba-SE(3).

Method Overview and Interplay of Components. For
clarity, we describe GeoMamba-SE(3) in three stages
(Fig. 1): (1) Geometry-aware encoding: construct
SE(3)-equivariant local frames and scalarize 3D geometry
into SE(3)-invariant scalar channels, then feed them into
a dual-stream Mamba encoder over serialized node/edge
sequences; (2) Orbit-based representation learning: ap-
ply random orbit augmentations (rotations and conformers)
and train with an InfoNCE contrastive loss to align rep-
resentations across the same molecule’s orbit; (3) Statis-
tical symmetry constraints: add orbit-KME/MMD and
IRM penalties to statistically tighten SE(3) stability be-
yond augmentation alone.

Terminology and Abbreviations. We spell out com-
monly used abbreviations at first use: BFS = breadth-first
search (used for sequence serialization); KME = kernel
mean embedding; MMD = maximum mean discrepancy;
InfoNCE = noise-contrastive estimation objective; IRM =
invariant risk minimization.

In molecular representation learning, we consider a batch
of N molecules, each represented as a molecular graph
Gi = (Vi, Ei) with atomic features, bond features, and 3D

coordinates. For each molecule, we may generate multiple
orbit samples g · xi by applying random SE(3) transfor-
mations g to the coordinates. Our formulation focuses on
statistical SE(3) invariance: orbit samples serve as alter-
native “views” of the same molecule, used to impose dis-
tributional constraints. While prior work has mostly ap-
plied augmentations to 2D graphs, we leverage 3D spa-
tial information by sampling SE(3) orbit elements. These
orbit-sampled molecules provide multiple stochastic views
of the same structure, enabling us to enforce invariance and
equivariance statistically through kernel mean embedding
and IRM losses.

During orbit-based unsupervised pretraining, we treat
(xi, g · xi) as positive pairs, where g ∈ SE(3) is a ran-
dom rotation or translation, and also include conformer
variants of xi as additional positives. Negatives are drawn
from other molecules in the batch, or from hard negative
conformers that correspond to different local minima in
conformational space.This contrastive objective serves as
the primary unsupervised training signal during large-scale
pretraining, enabling robust representation learning with-
out labeled supervision. Statistical symmetry constraints
are incorporated as regularizers to stabilize SE(3) consis-
tency across rotations and conformers.

A neural encoder f(x; θ), instantiated as our GeoMamba-
SE(3) backbone, processes serialized node/edge sequences
with local-frame scalarization and geometry-modulated se-
lective SSM layers. The encoder produces molecular rep-
resentations z, which are optimized by the contrastive ob-
jective together with statistical SE(3) regularizers.

We define similarity scores si+ = sim(zi, zg·i) for orbit-
based positive pairs and sik− = sim(zi, zk) for negatives,
where sim(·, ·) is cosine similarity with temperature scal-
ing. These scores form the basis of our InfoNCE-style con-
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trastive loss, which is the central unsupervised training sig-
nal, while statistical losses serve as complementary con-
straints. For the contrastive objective, we adopt exponential
cosine similarity sim(z1, z2) ≜ ez

T
1 z2/(∥z1∥∥z2∥τ), where τ

is a temperature parameter.

Input Formulation Molecules can be represented as
SMILES strings, SELFIES, or molecular graphs. While
SMILES and SELFIES provide sequential encodings,
molecular graphs more directly reflect the chemical struc-
ture, with atoms as nodes and bonds as edges. In this
work, we adopt a hybrid representation that combines
graph topology with 3D atomic coordinates. This design
leverages the discrete chemical connectivity while also en-
coding geometric information from conformers, ensuring
the model has access to both chemical and spatial induc-
tive biases.

Following standard practice, we generate 3D conformers
using ETKDG [Riniker and Landrum, 2015] followed by
MMFF optimization [Halgren, 1996] in RDKit. These
coordinates are not only used as positional embeddings
but also serve to construct complete local frames around
each atom and to derive invariant geometric scalars (bond
lengths, angles, dihedrals) that modulate the selective SSM
dynamics.

Overall Architecture The GeoMamba-SE(3) backbone
takes as input both node sequences and edge se-
quences. The model processes these parallel streams us-
ing geometry-modulated selective SSM layers. Node and
edge representations interact through cross-stream fusion,
enabling the encoder to capture both local chemical con-
nectivity and long-range geometric effects.

Encode 3D Positions For each atom, we integrate chem-
ical identity and geometric context. Atom types (element,
valence, ring membership) are embedded via a lookup table
into a dtype-dimensional vector.

Local Frames and Degenerate Neighborhoods. For ge-
ometry, we construct a complete local frame at each atom
i using neighbor directions. We define the neighborhood
N (i) using covalent bonds plus a distance cutoff rc =
4.5 Å. When |N (i)| ≥ 2, we sort neighbors by Euclidean
distance and set e1 to be the normalized vector from atom
i to its closest neighbor. We then choose the closest neigh-
bor whose direction is not nearly colinear with e1 (angle
at least θmin = 20◦), orthogonalize it against e1 and nor-
malize to obtain e2. Finally, e3 = e1 × e2 completes an
orthonormal basis. In degenerate neighborhoods where all
neighbors are nearly colinear with e1 (angles < θmin), we
fall back to a PCA-based rule on the local coordinate cloud
to define e2 and complete the frame.

We project neighbor vectors into this frame to obtain in-
variant scalars (bond lengths, angles, and dihedrals). These

scalars modulate the SSM parameters, ensuring SE(3)-
stability while avoiding heavy tensor representations.

Non-Bonded Pair (Edge) Selection. Beyond covalent
bonds, we add “soft” non-bonded edges between atom
pairs (i, j) that satisfy ∥xi−xj∥ ≤ rc with rc = 4.5 Å. For
each atom we cap the number of such non-bonded neigh-
bors to kmax = 16, prioritizing the closest pairs to control
both model capacity and computational cost.

The atom-type embeddings and scalarized geometric
scalars are concatenated and linearly projected to form the
node-stream input representation. Similarly, bond types,
conjugacy flags, and interatomic distances define the edge-
stream input representation. Both streams are then serial-
ized and fed into parallel Mamba blocks, with invariant-
gated fusion ensuring consistent exchange of chemical and
geometric information.

Mamba Block After obtaining the node-stream embed-
dings and edge-stream embeddings, the next step is to prop-
agate these embeddings through multiple layers of dual-
stream Mamba blocks to generate molecular representa-
tions. Here we show the formulation of one layer of our
dual-stream Mamba block in Algorithm 1. We take two se-
rialized inputs: (i) the node sequence xnode ∈ RB×Ln×dn

and (ii) the edge sequence xedge ∈ RB×Le×de . As de-
scribed in previous section, the key process in one Mamba
block is to decide the following parameters: (A,B,C,∆)
, here is our formulation:

For the hidden-state matrix A and the interval ∆, we follow
the original Mamba formulation and parameterize them via
HiPPO [Gu et al., 2020] and broadcasted discretization, re-
spectively. In our dual-stream design, A is shared across
streams in a layer, while ∆ is modulated only by SE(3)-
invariant scalars. Concretely, let the node and edge in-
put sequences be xnode ∈ RB×Ln×dn , xedge ∈ RB×Le×de ,
where B is the batch size, Ln/Le are the node/edge se-
quence lengths, and dn/de are feature dimensions after
local-frame scalarization. We compute the selective param-
eters B and C separately for the node and edge streams.
Given xnode ∈ RB×Ln×dn and xedge ∈ RB×Le×de , we ap-
ply shared position-wise projectors to each token in each
stream:

Bnode = Snode
B (xnode) ∈ RB×Ln×N ,

Cnode = Snode
C (xnode) ∈ RB×Ln×N .

Bedge = Sedge
B (xedge) ∈ RB×Le×N ,

Cedge = Sedge
C (xedge) ∈ RB×Le×N .

Here Snode
B , Snode

C and Sedge
B , Sedge

C are lightweight shared
MLPs (equivalently, token-wise projectors) applied inde-
pendently at each sequence position. Their inputs are the
node/edge stream features constructed from chemical at-
tributes together with local-frame-derived SE(3)-invariant
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geometric scalars, so the resulting selective parameters
vary across positions while remaining stable under rigid
motions.

For the step-size tensor, we let

∆ = τ∆(Param + S∆(Poolt[ϕnode(t), ϕedge(t)])) , (1)

where ∆ ∈ RB×1×D, D is the state dimension, ϕnode, ϕedge
denote per-position SE(3)-invariant scalars from the two
streams, Poolt is a permutation-invariant temporal pooling,
and S∆ is an MLP used only on invariant statistics so that
∆ remains SE(3)-stable.

For comparison, the original (single-stream) Mamba com-
putes

B = SB(x), C = SC(x),

where B,C ∈ RB×L×N . In contrast, our formulation
keeps the same backbone but replaces x by the two seri-
alized streams and assigns separate projectors Snode

(·) and

Sedge
(·) , while sharing A and modulating ∆ using only invari-

ant scalars, thus preserving SE(3) stability without chang-
ing Mamba’s linear-time complexity.

Algorithm 1 One layer of GeoMamba-SE(3) dual-stream
block

1: Get a batch of molecules; build node sequence xnode
and edge sequence xedge from features and local-frame
scalars

2: xnode : (B,Ln, dn), xedge : (B,Le, de)
3: Hidden state A : (D,N) ← Parameter (shared across

streams)
4: Bnode ← Snode

B (xnode), Cnode ← Snode
C (xnode)

5: Bedge ← Sedge
B (xedge), Cedge ← Sedge

C (xedge)
6: Interval ∆← τ∆(Parameter + S∆(xnode, xedge))
7: A,Bnode ← discretize(∆, A,Bnode)
8: A,Bedge ← discretize(∆, A,Bedge)
9: ynode ← SSM(A,Bnode, Cnode)(xnode)

10: yedge ← SSM(A,Bedge, Cedge)(xedge)
11: y ← CrossStreamFusion(ynode, yedge)
12: Return y

3.2 Equivariant Contrastive Learning

For a molecule x, we sample a random transformation
R ∈ SE(3) and construct an augmented view x′ = R · x.
We treat (x, x′) as a positive pair and views from differ-
ent molecules as negatives. Let z and z′ denote the corre-
sponding representations. We then optimize the standard
InfoNCE loss with cosine similarity and temperature τ :

sim(z, z′) = exp

(
⟨z, z′⟩
∥z∥ ∥z′∥ τ

)
.

Each molecule M and its augmented version M′ form a
positive pair, while views from different molecules serve as

negatives. Let f(M) and f(M′) denote the corresponding
embeddings. We use the standard InfoNCE objective:

sij = sim(f(Mi), f(M′
j)),

Lcontrastive = −
N∑
i=1

log
exp(sii/τ)∑N
j=1 exp(sij/τ)

.

Here, N is the number of molecules in the batch, sim(·, ·)
denotes the similarity function, and τ is the temperature
parameter.

3.3 Statistical Constraints for SE(3) Stability
While the orbit-contrastive loss encourages invariance by
aligning embeddings of rotated molecules, it does not pro-
vide a formal guarantee that the learned representations are
stable under all SE(3) transformations. To address this,
we introduce statistical constraints that regularize the rep-
resentation distribution across orbits using kernel methods
and invariant risk minimization.

Orbit-Induced Distributions. For a molecule x =
(G, {pi}) and a rotation R ∈ SO(3), let fθ(x) denote the
representation produced by the encoder. The orbit distribu-
tion is defined as

Px = {fθ(R · x) : R ∼ ν},

where ν is a distribution approximating the Haar measure
over SO(3). Ideally, Px should collapse to a single point
for invariant outputs, or transform consistently for equivari-
ant outputs. We enforce this statistically using kernel mean
embeddings and IRM.

KME/MMD Invariance Loss. We embed the orbit dis-
tribution into a reproducing kernel Hilbert space (RKHS)
with kernel k(·, ·). Its mean embedding is

µPx
= ER∼ν [ k(fθ(R · x), ·) ].

For scalar predictions rθ(x), we penalize dispersion across
orbit samples via maximum mean discrepancy (MMD).
We use a Gaussian RBF kernel k(a, b) = exp

(
− ∥a −

b∥2/(2σ2)
)
, where the bandwidth σ is chosen by the me-

dian heuristic on a held-out subset of orbit samples and
then fixed across runs. We draw m = 64 orbit samples
per molecule and set λinv = 0.1 in all main experiments.

Concretely, the MMD penalty is:

Linv(x) =
1

m2

m∑
a,b=1

k
(
rθ(Ra · x), rθ(Rb · x)

)

− 2

m

m∑
a=1

k
(
rθ(Ra · x), r̄θ(x)

)
,

where r̄θ(x) = ER[rθ(R · x)]. With a characteristic ker-
nel (e.g., Gaussian), this loss forces orbit distributions to
collapse, ensuring invariance in expectation.
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Invariant Risk Minimization (IRM). We treat each ro-
tated or conformational variant of a molecule as a separate
environment e ∈ E . Let Φ(x) be the learned representation
and w a linear predictor. The IRM penalty is

min
Φ,w

∑
e∈E

Re(w ◦Φ) + λirm

∑
e∈E

∥∥∥∇wRe(w ◦Φ)
∣∣
w=1.0

∥∥∥2,
where Re is the risk within environment e. This encourages
Φ to admit a single predictor w that is simultaneously opti-
mal across all environments, thus improving generalization
stability.

Here we adopt the IRM relaxation where the linear head w
is reparameterized and fixed at w=1.0 during the penalty
computation; this removes trivial rescalings and penalizes
only directionally suboptimal heads across environments,
following standard practice in IRM.

Total objective. Combining the contrastive pretraining
loss with statistical constraints yields the full objective:

L = Lcontrastive + λinv Ex[Linv(x)] + λirm IRM.

This ensures that representations are learned primarily
through orbit-contrastive alignment, while being statisti-
cally stabilized under the full SE(3) group via KME/MMD
and IRM penalties.

Physical–statistical intuition. For a fixed molecule x,
random roto-translations R ∈ SO(3) generate an orbit
{R ·x} that should map to indistinguishable scalar outputs
for invariant targets. Our use of kernel mean embeddings
(KME) with a characteristic kernel implies that two dis-
tributions coincide if and only if their RKHS mean embed-
dings coincide. Hence, minimizing an orbit-MMD between
{fθ(R · x)} and its orbit-average f̄θ(x) statistically col-
lapses the orbit-induced law to a point mass, guaranteeing
invariance in expectation under mild sampling noise. This
turns SE(3) stability into a verifiable distributional property
rather than a brittle architectural constraint.

4 EXPERIMENTS AND RESULTS
4.1 Comparison of Efficiency
Hardware-Matched Throughput. To avoid mixed-
hardware comparisons, we re-measure throughput under
matched settings on the same NVIDIA A6000 GPU with
identical data preprocessing, batch sizes, and pretraining
corpus. Under these matched settings, we obtain:

• Uni-Mol (base; 384-dim, 6 layers, 12 heads): 31.73
it/s

• GeoMamba (384-dim, 10 layers): 67.55 it/s

• Uni-Mol (large; 768-dim, 12 layers, 24 heads): 6.73
it/s

• GeoMamba (512-dim, 10 layers): 59.64 it/s

Since selective state space models (SSMs) are rela-
tively new in molecular property learning, we compare
GeoMamba-SE(3) not only with strong Transformer / GNN
baselines (e.g. Uni-Mol, GEM, HiMol) but also with exist-
ing SSM-based methods (e.g. GraphMamba, MOL-Mamba
[Hu et al., 2024]). We conduct evaluation under a two-
stage regime: (i) orbit-contrastive pretraining on large
unlabeled molecular corpora, then (ii) supervised fine-
tuning on downstream property prediction tasks (classifi-
cation/regression).We thus benchmark GeoMamba-SE(3)
against both established baselines and SSM-derived meth-
ods under the same data splits and protocols on Molecu-
leNet and QM9.

4.2 Experiments on MoleculeNet Dataset
MoleculeNet [Wu et al., 2018] is a popular benchmark for
molecular property prediction, including data sets focusing
on different molecular properties, from quantum mechanics
and physical chemistry to biophysics and physiology.

Reporting Protocol. Unless otherwise stated, we report
mean ± standard deviation over 3 random seeds for
GeoMamba-SE(3) on the main benchmarks (same data
split). Baseline numbers are taken from prior work when
multi-seed statistics are unavailable.

We follow Uni-Mol’s ∼19M corpus. SMILES canonical-
ization and salt-stripping are applied; duplicates are re-
moved by InChIKey. For each molecule we attempt up
to nconf=10 ETKDG conformer trials with MMFF relax-
ation; failures fall back to nconf=1 or are skipped (skip
rate < 1.2%). Coordinates are standardized (centered) be-
fore local-frame construction. We retain the same train-
ing/validation/test splits as Uni-Mol.

For MoleculeNet pretraining and fine-tuning, we replace
Transformer encoders with our GeoMamba-SE(3) archi-
tecture. During contrastive pretraining, we derive the
molecule-level embedding via pooled fusion of node and
edge final representations. Our encoder uses 12 dual-
stream Mamba layers, each with hidden dimension 512.
The node-stream and edge-stream embedding dimensions
are set to 256 and 256 scalar channels after local-frame
scalarization. For downstream fine-tuning, we tune the
weights of statistical regularizers (λinv, λeq, λirm). We
adopt ROC-AUC for classification tasks and RMSE/MAE
for regression tasks. All experiments are run on NVIDIA
A6000 GPUs.

We report the results on 7 classification baselines and 5 re-
gression baselines, as done in MolCLR and GraphMVP. As
shown in Tables 1 and 2, compared to the most convincing
transformer model, our method achieves slightly better per-
formance than Uni-Mol[Zhou et al., 2023] and GEM [Fang
et al., 2022] with 7 new SOTA performance in 12 down-
stream tasks, also surpasses the existing contrastive learn-
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Table 1: ROC-AUC on MoleculeNet classification tasks (Higher is better). For GeoMamba-SE(3), we report mean ±
standard deviation over 3 random seeds (same data split). Baseline numbers are taken from prior work when multi-seed
statistics are not available.

Method Contrastive? BBBP BACE ClinTox Tox21 SIDER HIV MUV Avg

D-MPNN [Yang et al., 2019] – 71.0 80.9 90.6 75.9 57.0 77.1 78.6 75.0
AttentiveFP [Xiong et al., 2019] – 64.3 78.4 84.7 76.1 60.6 75.7 76.6 74.3
GEM [Fang et al., 2022] – 72.4 85.6 90.1 78.1 67.2 80.6 81.7 79.4
Uni-Mol [Zhou et al., 2023] – 72.9 85.7 91.9 79.6 65.9 80.8 82.1 80.1
HiMol [Zang et al., 2024] + 73.1 86.0 90.5 78.8 64.5 81.5 82.0 80.6
MOL-Mamba [Hu et al., 2024] + 73.5 86.1 91.2 79.5 66.0 82.0 82.4 81.0

GraphMVP [Liu et al., 2021] + 72.4 81.2 79.1 75.9 63.9 77.0 77.7 75.4
MolCLR [Wang et al., 2022] + 72.2 82.4 91.2 75.0 58.9 78.1 79.6 77.7

Ours (GeoMamba-SE(3), 3 seeds) + 74.2 ± 0.7 87.3 ± 1.1 92.4 ± 0.7 80.3 ± 0.4 65.8 ± 0.1 83.0 ± 0.4 83.5 ± 0.3 82.1 ± 0.5

Table 2: Regression performance on MoleculeNet (Lower is better). For GeoMamba-SE(3), we report mean ± standard
deviation over 3 random seeds (same data split). Baseline numbers are taken from prior work when multi-seed statistics
are not available.

Method ESOL FreeSolv Lipo QM7 QM8 Avg (RMSE/MAE)

D-MPNN [Yang et al., 2019] 1.050 2.082 0.683 103.5 0.0190 1.272
GROVERlarge [Rong et al., 2020] 0.895 2.272 0.823 92.0 0.0224 1.330
GEM [Fang et al., 2022] 0.798 1.877 0.660 58.9 0.0171 1.112
Uni-Mol [Zhou et al., 2023] 0.788 1.480 0.603 41.8 0.0156 0.957
HiMol [Zang et al., 2024] 0.770 1.400 0.620 45.0 0.0152 0.965
MOL-Mamba [Hu et al., 2024] 0.745 1.450 0.610 42.5 0.0150 0.905

MolCLR [Wang et al., 2022] 1.271 2.594 0.691 66.8 0.0178 1.519
GraphMVP [Liu et al., 2021] 1.029 – 0.681 – – –

Ours (GeoMamba-SE(3), 3 seeds) 0.702 ± 0.009 1.327 ± 0.143 0.571 ± 0.019 59.9 ± 1.4 0.0149 ± 0.0003 0.844

Table 3: QM9 performance on HOMO–LUMO gap (MAE
in eV, lower is better). For GeoMamba-SE(3), we report
mean ± standard deviation over 3 seeds.

Method MAE

D-MPNN 0.00814
GEM 0.00746
Uni-Mol 0.00685
HiMol 0.00680
MOL-Mamba 0.00678

Ours (GeoMamba-SE(3), 3 seeds) 0.00673 ± 0.00018

Table 4: Training speed and memory usage comparison

Time Cost(GPU days) Memory Usage (GB)
Uni-mol 23 23.4
Ours 4 9.8

ing models, GraphMVP and MolCLR, by a large margin,
showcasing the effectiveness of our method.

In addition to Uni-Mol and GEM, we further compare
against HiMol [Zang et al., 2024], MOL-Mamba [Hu et al.,
2024], and GraphMVP / MolCLR, to show how our method
fares against both architecture-based and SSM-based com-
petitors.

4.3 Experiments on QM9 dataset
QM9 is a widely used benchmark for the prediction of
quantum chemical properties, which includes 12 distinct

Table 5: Inference speed and memory usage comparison

Speed(molecule per second) Max batch size
Uni-mol 126 378
Ours 209 1072

Table 6: Ablations on MoleculeNet (classification), mean
ROC-AUC↑ (±std over 3 seeds).

Variant ROC-AUC (%)

Full GeoMamba-SE(3) 82.1 ± 0.2
w/o Statistical Constraints 79.4 ± 0.3
w/o IRM (only KME/MMD) 80.7 ± 0.2
w/o KME/MMD (only IRM) 80.2 ± 0.2
Single-stream (node only) 79.9 ± 0.3

tasks. For simplicity and consistency with previous work,
we focus our experiments on a single downstream task:
predicting the energy gap between the HOMO and LUMO
orbitals of a molecule, a key property in quantum chem-
istry. As shown in Table 3, our proposed method achieves
superior performance compared to existing state-of-the-art
methods, highlighting the effectiveness of our approach.

In the fine-tuning stage, we use the mean squared error
(MSE) as the loss function to optimize the predictions. To
ensure a fair and comprehensive evaluation, we perform a
thorough hyperparameter search, detailed in Table 9. Im-
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Table 7: Ablations: efficiency metrics at batch size 64.

Variant Params (M) FLOPs (G) Mem (GB)

Full GeoMamba-SE(3) 52 38.4 9.8
w/o Edge stream 41 31.2 7.6
w/o Statistical constraints† 52 34.5 8.9

† excludes extra forward passes for orbit samples (m=0).

Table 8: OGB-PCQM4Mv2 performance (MAE, ↓). Mean
± std over 3 seeds.

Method Val MAE (↓) Test-dev MAE (↓)
GeoMamba (Ours) 0.0656 ± 0.0044 0.0702 ± 0.0014
EGT + Tri. Attn. 0.0686 0.0698
GraphGPT-L48 0.0682 0.0709

portantly, the same hyperparameter search space is applied
across both MoleculeNet and QM9 experiments, ensuring
consistency in our methodology.

4.4 Explicit Pointwise SE(3) Invariance Diagnostics

Beyond task-level performance, we directly probe
representation-level SE(3) stability for the pretrained
GeoMamba-SE(3) encoder by comparing embeddings of
original and randomly rotated molecules. We detail the
setup and metrics in Appendix B.1. Empirically, we ob-
serve cosine similarity ≈ 1.0000 and mean squared ℓ2
difference ≈ 0.0000 (within numerical precision), indicat-
ing that learned embeddings are effectively identical under
random rigid motions.

4.5 Large-Scale Benchmark: OGB-PCQM4Mv2

To assess scalability on a large graph-level molecu-
lar benchmark, we evaluate GeoMamba-SE(3) on OGB-
PCQM4Mv2 following the standard split and report MAE
on the validation and test-dev sets. Results are averaged
over 3 seeds.

Here we discuss the efficiency of our model, here we con-
sider both the efficiency in training and inference time. For
training efficiency, we measure throughput with a batch
size of 64 under identical data preprocessing. For in-
ference, we focus on the encoder layers (Transformer or
Mamba backbone), excluding dataset I/O overhead. As
shown in Tables 4 and 5, GeoMamba-SE(3) achieves ∼6×
faster training speed and 57% lower memory usage in pre-
training. At inference time, the method improves through-
put by ∼40% and allows 65% larger maximum batch size.

Beyond throughput and memory, GeoMamba-SE(3) also
reduces multiple counts: our encoder has P= 52M param-
eters vs. 61M for the Transformer backbone and ∼38%
fewer FLOPs per forward under the same tokenization.
We further stratify inference throughput by molecule size
(atoms per graph) and observe near-constant per-token

Table 9: Search space for MoleculeNet and QM9 experi-
ments

Hyperparameter Space for searchings
Learning rate [2e− 5, 1e− 4]
Batch size [128, 256]
Epochs [20, 40]
Dropout [0.0, 0.1]
Warmup ratio [0.0, 0.006]

throughput across bins [10, 20), [20, 40), [40, 80).

4.6 Ablation Studies
To better understand the contribution of each design choice
in GeoMamba-SE(3), we perform controlled ablation stud-
ies on MoleculeNet (classification and regression) and
QM9 (HOMO–LUMO). We examine the effect of (i) re-
moving statistical symmetry constraints, (ii) removing IRM
regularization, (iii) disabling the edge stream.

Takeaways. Removing KME/MMD+IRM harms accu-
racy most (Table 6), confirming their role in SE(3) stability.
Dropping the edge stream saves ∼21% FLOPs and mem-
ory (Table 7) but loses 2.2 ROC-AUC, revealing a clear
accuracy–efficiency trade-off.

The results highlight three key observations. First, re-
moving statistical constraints significantly degrades perfor-
mance, confirming that KME/MMD and IRM are crucial
for SE(3) stability. Second, IRM provides an additional
improvement over KME/MMD alone, particularly in low-
data regimes. Third, dual-stream design (node + edge) out-
performs single-stream by +2.2 ROC-AUC, validating the
importance of edge-level information.

5 CONCLUSION
We introduced GeoMamba-SE(3), a Mamba-based ar-
chitecture with local-frame scalarization, dual-stream
selective SSMs, and statistical symmetry constraints
(KME/MMD + IRM) for molecular property prediction.
GeoMamba-SE(3) attains practical SE(3) stability without
heavy high-order tensor representations and achieves com-
petitive or superior accuracy with improved efficiency on
MoleculeNet and QM9. Ablations confirm the importance
of statistical constraints and the edge stream. Future work
will add lightweight tensor heads for vector/tensor targets
and extend pretraining/transfer to larger biomolecules and
tasks.
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A Reproducibility Checklist

1. This paper:

• Includes a conceptual outline and/or pseu-
docode description of AI methods introduced
(yes/partial/no/NA)

• Clearly delineates statements that are opinions,
hypotheses, and speculation from objective facts
and results (yes/no)

• Provides well-marked pedagogical references for
less-familiar readers to gain background neces-
sary to replicate the paper (yes/no)

2. Does this paper make theoretical contributions?
(yes/no)
If yes, please complete the list below:

• All assumptions and restrictions are stated
clearly and formally. (yes/partial/no)

• All novel claims are stated formally (e.g., in the-
orem statements). (yes/partial/no)

• Proofs of all novel claims are included.
(yes/partial/no)

• Proof sketches or intuitions are given for com-
plex and/or novel results. (yes/partial/no)

• Appropriate citations to theoretical tools used are
given. (yes/partial/no)

• All theoretical claims are demonstrated empiri-
cally to hold. (yes/partial/no/NA)

• All experimental code used to eliminate or dis-
prove claims is included. (yes/no/NA)

3. Does this paper rely on one or more datasets? (yes/no)
If yes, please complete the list below:

• A motivation is given for why the experi-
ments are conducted on the selected datasets.
(yes/partial/no/NA)

• All novel datasets introduced in this paper are in-
cluded in a data appendix. (yes/partial/no/NA)

• All novel datasets introduced in this paper
will be made publicly available upon publica-
tion with a license allowing free research use.
(yes/partial/no/NA)

• All datasets drawn from the existing litera-
ture are accompanied by appropriate citations.
(yes/no/NA)

• All datasets drawn from the existing literature are
publicly available. (yes/partial/no/NA)

• Datasets that are not publicly available
are described in detail, with justification.
(yes/partial/no/NA)

4. Does this paper include computational experiments?
(yes/no)
If yes, please complete the list below:
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• Number/range of values tried per (hyper-
)parameter and selection criteria are reported.
(yes/partial/no/NA)

• Code for data preprocessing is included in the ap-
pendix. (yes/partial/No)

• Source code for conducting and analyzing exper-
iments is included. (yes/partial/no)

• Code will be released publicly upon publication
with a permissive license. (yes/partial/no)

• Code includes comments with implementation
details and paper references. (yes/partial/no)

• Seed setting methods for stochastic algorithms
are described. (yes/partial/no/NA)

• Computing infrastructure (hardware/software
specs) is reported. (yes/partial/no)

• Evaluation metrics are formally described with
motivations. (yes/partial/no)

• Number of runs per result is specified. (yes/no)
• Performance analysis includes variation, confi-

dence, or distributions. (yes/no)
• Significance of performance differences is as-

sessed with statistical tests. (yes/partial/no)
• Final (hyper-)parameter settings are listed.

(yes/partial/no/NA)

B Additional Camera-Ready Clarifications

B.1 Pointwise SE(3) Invariance Diagnostics

To complement task-level evaluations, we directly probe
SE(3) stability at the representation level for the pre-
trained GeoMamba-SE(3) encoder.

Setup. We randomly sample a batch of molecules from
the test split. For each molecule, we draw a random 3D ro-
tation R ∈ SO(3) (e.g., by sampling a random axis and an-
gle) and obtain a rotated copy of the coordinates. We then
run the encoder once on the original molecule and once on
the rotated molecule to obtain embeddings z and zR.

Metrics. We report (i) cosine similarity cos(z, zR) and
(ii) mean squared ℓ2 difference ∥z−zR∥22. Ideal invariance
corresponds to cosine→ 1 and ℓ2 → 0.

Protocol and Reproducibility. We keep preprocessing
and batching identical between the original and rotated
molecules, and we fix the random seed used for sampling
rotations. We will release a script and a one-command re-
production recipe together with the code release.

B.2 Scope of Statistical Symmetry Constraints
(KME/MMD + IRM)

Our statistical constraints are designed to tighten SE(3) in-
variance in a distributional sense rather than to claim strict,

layer-wise tensor equivariance. We therefore avoid over-
claiming “formal guarantees” in the sense of exact equiv-
ariant operators. Instead, the orbit-MMD/KME term ex-
plicitly penalizes dispersion of orbit-induced scalar predic-
tions, and the IRM penalty encourages a single predictor
to remain optimal across rotation/conformer environments,
improving robustness and generalization.

C Limitations

Experiment Our experiments cover MoleculeNet, QM9,
and a large-scale graph benchmark (OGB-PCQM4Mv2),
but they may still not fully represent the variety of molec-
ular structures and tasks in real-world applications. Addi-
tionally, we did not test on very large, complex molecules
with extremely long token counts, meaning we have yet
to fully capitalize on GeoMamba-SE(3)’s linear complex-
ity for handling much longer sequences. Future work
should expand testing to more diverse datasets and larger
molecules to better assess scalability and generalizability.

Methodology Our approach emphasizes statistical in-
variance via orbit-based KME/MMD and IRM penalties,
rather than enforcing full tensor-level equivariance. This
design streamlines computational demands for downstream
tasks. However, fully equivariant architectures may still
benefit applications where orientation matters, such as
molecular–protein binding pose estimation.

Application Restricting our GeoMamba-SE(3) model to
molecular classification and regression tasks may not fully
utilize its potential. Unlike models in computer vision
and NLP that display strong zero-shot capabilities, our
model’s ability to generalize to unseen molecular tasks re-
mains untested. Future work could explore zero-shot per-
formance, demonstrating broader applicability and versa-
tility across varied molecular challenges.
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