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Abstract

Pretrained equivariant graph neural networks based on spheri-
cal harmonics offer efficient and accurate alternatives to com-
putationally expensive ab-initio methods, yet adapting them
to new tasks and chemical environments still requires fine-
tuning. Conventional parameter-efficient fine-tuning (PEFT)
techniques, such as Adapters and LoRA, typically break
symmetry, making them incompatible with those equivari-
ant architectures. ELoRA, recently proposed, is the first
equivariant PEFT method. It achieves improved parame-
ter efficiency and performance on many benchmarks. How-
ever, the relatively high degrees of freedom it retains within
each tensor order can still perturb pretrained feature dis-
tributions and ultimately degrade performance. To address
this, we present Magnitude-Modulated Equivariant Adapter
(MMEA), a novel equivariant fine-tuning method which em-
ploys lightweight scalar gating to modulate feature magni-
tudes on a per-order and per-multiplicity basis. We demon-
strate that MMEA preserves strict equivariance and, across
multiple benchmarks, consistently improves energy and force
predictions to state-of-the-art levels while training fewer pa-
rameters than competing approaches. These results suggest
that, in many practical scenarios, modulating channel magni-
tudes is sufficient to adapt equivariant models to new chem-
ical environments without breaking symmetry, pointing to-
ward a new paradigm for equivariant PEFT design.

Code — https://github.com/CLaSLoVe/MMEA
Extended version — https://arxiv.org/pdf/2511.06696

1 Introduction
Density-functional theory (DFT) offers a reliable descrip-
tion of electronic structure, and has already become a stan-
dard technique in most branches of chemistry and materials
science (Burke 2012). However, even with an exascale sys-
tem, the scale one could achieve with DFT is limited due to
its cubic scaling on system size (Fiedler et al. 2023). Thus,
the costs of considering a huge number of configurations in
long simulations, or of dealing with the exponentially grow-
ing number of possible materials in high-throughput screen-
ings will remain prohibitive (Behler 2017).
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To bridge this gap, researchers have turned to deep
learning-based potentials (Behler and Parrinello 2007),
which greatly accelerate computer simulations, while pre-
serving quantum mechanical accuracy (Behler 2017). Those
methods (Behler and Parrinello 2007; Smith, Isayev, and
Roitberg 2017; Schütt et al. 2018; Gilmer et al. 2017; Zhang
et al. 2018; Unke and Meuwly 2019; Unke et al. 2021;
Aykent and Xia 2025; Chang and Zhu 2025), hold signifi-
cant promise in addressing the accuracy-efficiency trade-off
and therefore allow the expansion of the spatial and tempo-
ral scales of molecular dynamics simulations (Wang et al.
2025). Recent work has produced large, pretrained foun-
dation models such as Equiformer (Liao and Smidt 2022),
NequIP (Batzner et al. 2022), Uni-Mol (Zhou et al. 2023),
MACE (Batatia et al. 2022). Among all these models, those
equivariant graph neural networks based on spherical har-
monics are particularly powerful, as they are not only inher-
ently designed to respect rotational, translational, and per-
mutational symmetries, but also to model high-order phys-
ical information (Anderson, Hy, and Kondor 2019). This
leads to exceptional sample efficiency: chemical accuracy
can often be achieved with just a few hundred to a few thou-
sand local structures, as it is an important benefit when high-
quality quantum data is costly to obtain (Maruf, Kim, and
Ahmad 2025).

Nonetheless, when a target system is poorly represented
in the pretraining data, such as rare chemistry configura-
tions, a foundation model can lose its accuracy. Fortunately,
it has been shown in multiple domains (Howard and Ruder
2018; Devi, Butler, and Sai Gautam 2024) that fine-tuning
on a small, task-specific dataset can restore accuracy in
such cases and typically yields better results than train-
ing from scratch. However, full-parameter fine-tuning risks
over-fitting and catastrophic forgetting (Bethune et al. 2025).
Parameter-efficient fine-tuning (PEFT) techniques like Low-
Rank Adaptation (LoRA) (Hu et al. 2022) are attractive al-
ternatives, yet mixing different tensor orders in an equivari-
ant network breaks symmetry.

An equivariant extension of LoRA called ELoRA (Wang
et al. 2025), addresses this issue by introducing path-
dependent low-rank adapters into each tensor channel,
demonstrating superior performance compared to full-
parameter fine-tuning. This clearly highlights the potential
of PEFT. By restricting the degrees of freedom during learn-
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ing, ELoRA reduces the risk of overfitting and catastrophic
forgetting, resulting in a model with stronger generalization
capabilities.

However, we observe that ELoRA still maintains rela-
tively high degrees of freedom within each tensor order.
Building on the insight that a well-trained equivariant back-
bone inherently provides a robust foundation for each ten-
sor order, we propose an even lighter fine-tuning strategy
that employs only per-channel scaling adjustments. This ap-
proach strictly preserves equivariance, introduces fewer ad-
ditional parameters, and consistently outperforms ELoRA
across diverse molecular and materials benchmarks.

Our main contributions are listed below:

1. We introduce MMEA, an equivariant PEFT approach
for equivariant graph neural networks based on spherical
harmonics that leverages dynamic magnitude modulation
on a per-channel and per-multiplicity basis.

2. Evaluations on multiple molecular benchmarks show
that MMEA achieves state-of-the-art fine-tuning per-
formance, surpassing previous methods while requiring
fewer trainable parameters.

3. We integrate MMEA into the widely used e3nn frame-
work, providing a convenient and efficient fine-tuning so-
lution for the community.

2 Related Works
2.1 Equivariant Graph Neural Networks
Graph Neural Networks (GNNs), especially those based
on the Message Passing Neural Network (MPNN) frame-
work (Gilmer et al. 2017), have demonstrated strong per-
formance in processing graph-structured data such as social
networks (Liu et al. 2021) and recommender systems (Wu
et al. 2022). In molecular applications, small molecules can
naturally be represented as graphs, where atoms serve as
nodes and bonds as edges. Consequently, GNNs have been
widely adopted for molecular property prediction (Lee et al.
2023; Wieder et al. 2020). However, unlike abstract graphs,
molecules possess three-dimensional structures that are cru-
cial for determining their physical and chemical properties,
such as energy and atomic forces. This motivates the inte-
gration of 3D structural information into GNN models.

Early efforts focused on incorporating invariant geomet-
ric features into GNNs to respect the rotational and trans-
lational symmetries of molecular systems. For example,
SchNet (Schütt et al. 2018) encodes pairwise atomic dis-
tances (i.e., two-body information) using radial basis func-
tions. DimeNet (Gasteiger, Groß, and Günnemann 2020)
extends this approach by modeling angular information
between triplets of atoms (three-body interactions), while
GemNet (Gasteiger, Becker, and Günnemann 2021) further
includes torsional angles (four-body interactions). These
models, often referred to as invariant GNNs, produce out-
puts that remain unchanged under global rotations or trans-
lations of the molecule. While effective, they rely on care-
fully designed geometric descriptors and handcrafted feature
engineering, which limit scalability and make it difficult to
model directional quantities such as forces.

To overcome these limitations, researchers have proposed
equivariant GNNs, whose outputs transform predictably un-
der geometric transformations. These models can capture
both scalar and directional information and are generally
more expressive. Two major classes of equivariant GNNs
have emerged.

The first class includes scalar–vector models such as
PaiNN (Schütt, Unke, and Gastegger 2021), EGNN (Sator-
ras, Hoogeboom, and Welling 2021), and TorchMD-Net
(Thölke and De Fabritiis 2022). These methods maintain
both scalar and three-dimensional vector features at each
node, updating them jointly during message passing. They
are computationally efficient and suitable for tasks involv-
ing directionally dependent quantities. However, from a the-
oretical perspective, these models only capture first-order
tensor interactions and thus exhibiting limited fitting capa-
bility. Moreover, some studies have shown that such archi-
tectures may suffer from the “zero function” problem (Cen
et al. 2024), where outputs can collapse to zero under certain
conditions, limiting their expressiveness.

The second class of methods involves higher-order tensor
models based on spherical harmonics and Clebsch–Gordan
(CG) tensor products. Tensor Field Net (Thomas et al.
2018) and Cormorant (Anderson, Hy, and Kondor 2019) pi-
oneered this strategy by decomposing features into spher-
ical harmonic components and using CG tensor products
to achieve equivariant message passing. These higher-order
tensor–based equivariant models excel primarily because
they can explicitly encode higher-order geometric and phys-
ical information, thereby capturing complex interactions that
standard GNNs find difficult to represent. In particular, the
subsequent MACE family of foundation models (Batatia
et al. 2022) extends the architecture from traditional pair-
wise interactions to higher-order many-body interactions,
significantly improving the accuracy of energy and force
predictions.

2.2 Parameter-Efficient Fine-Tuning
PEFT methods aim to reduce the number of parameters that
need to be updated during the fine-tuning process. The main
goal is to address the inefficiency of full-parameter updates
as model size and task complexity increase. By limiting the
degrees of freedom in model updates, PEFT methods can
help mitigate overfitting in certain scenarios. PEFT is pri-
marily applied in CV and NLP, and there are many differ-
ent approaches. For example, Adapter (Houlsby et al. 2019)
tuning introduces bottleneck modules between layers to en-
able efficient adaptation; LoRA (Hu et al. 2022) decomposes
weight matrices into low-rank representations, reducing the
number of trainable parameters; BitFit (Zaken, Ravfogel,
and Goldberg 2021) only updates bias terms while keeping
all other parameters fixed; FiLM (Perez et al. 2018) modi-
fies intermediate representations through feature-wise affine
transformations, enabling task-specific modulation without
full parameter updates. Recently, research has extended
these techniques to other domains, such as GNNs, includ-
ing methods like AdapterGNN (Li, Han, and Bai 2024).
However, most existing approaches map inputs to bottle-
neck modules and then back to outputs, which mixes ir-
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reducible representations of different orders in equivariant
GNNs. This breaks the equivariance property and leads
to the loss of symmetry guarantees, which can negatively
impact performance (Wang et al. 2025). To address this,
ELoRA (Wang et al. 2025) is proposed, which introduces a
path-dependent decomposition for weight updates in SO(3)
equivariant GNNs, ensuring that low-rank adaptations re-
spect the symmetry constraints intrinsic to the model. This
not only reduces the number of trainable parameters, but
also enhanced prediction performance, enhancing data ef-
ficiency.

3 Methodology
We propose a novel equivariant adapter, Magnitude-
Modulated Equivariant Adapter, for the fine-tuning process
of Equivariant GNNs. Our approach is grounded in the path-
dependent paradigm, but unlike the LoRA-based ELoRA
method, MMEA employs scalar gating to adjust each chan-
nel’s magnitude without mixing different multiplicities un-
der the same irreducible order. Consequently, it better lever-
ages the information in the pretrained model, mitigates over-
fitting, and introduces fewer additional parameters.

The main architecture of MMEA is shown in Fig. 1. Our
proposed method is inspired by physical intuition: in a well-
trained equivariant GNN model, the multiplicity channel
for each order already constitutes a robust basis, and al-
lowing them to mix freely during fine-tuning may distort
the geometry of the pretrained feature space. Our method
avoids mixing different multiplicities, which helps preserve
the knowledge learned by the pre-trained model more effec-
tively. Next, we introduce the details of the MMEA archi-
tecture.

Node feature space The node feature space can be de-
noted as a direct sum of irreducible representations (Thomas
et al. 2018):

H :=
L⊕

ℓ=0

H(ℓ), H(ℓ) := V (ℓ) ⊗ R1×mℓ , (1)

where V (ℓ) is the irreducible representation of order ℓ with
dimension dℓ = 2ℓ+1, mℓ is its multiplicity, and ⊗ denotes
the Kronecker product. L is the maximum representation or-
der. The SO(3) (Special Orthogonal Group in 3 Dimensions)
action g is

g·
(
v⊗a

)
:= (ρ(ℓ)(g) v) ⊗ a, v ∈ V (ℓ), a ∈ R1×mℓ , (2)

with ρ(ℓ) ∈ Rdℓ×dℓ is the Wigner–D matrix (Thomas et al.
2018) of order ℓ. One can realize that the group action g only
acts on V (ℓ), and the multiplicity space R1×mℓ is invariant.

A Lightweight gating network In MMEA, we only take
h(0) as input to maintain parameter efficiency. Then, we
design a two-layer MLP to obtain multiplicity-wise gain
scalars. In particular, it consists of a bottleneck projection

z = SiLU
(
W↓ h

(0) + b↓
)
, W↓ ∈ Rr×m0 , (3)

Figure 1: Overview of the Magnitude-Modulated Equivari-
ant Adapter. Rounded boxes denote operators, dashed out-
line indicates components of the original architecture (un-
trainable components).

and followed by an expansion:[
γ(0), γ(1), . . . , γ(L)

]
= W↑ z+ b↑ (4)

W↑ ∈ R
(∑L

ℓ=0 mℓ

)
×r , (5)

where each γ(ℓ) ∈ Rmℓ assigns one scalar gain per multi-
plicity copy of order ℓ. r is the bottleneck dimension used
in the MLP. SiLU is Sigmoid Linear Unit (Elfwing, Uchibe,
and Doya 2018), and W↑, W↓, b↑, b↓ are trainable parameters.

Equivariant modulation Write h(ℓ) =
∑mℓ

k=1 v
(ℓ)
k ⊗ e

(ℓ)
k

with v
(ℓ)
k ∈ V (ℓ) and {e(ℓ)k } the standard basis of Rmℓ . De-

fine

A(0)
Γ

(
h(0)

)
= h(0) + γ(0), (6)

A(ℓ)
Γ

(
h(ℓ)

)
=

mℓ∑
k=1

ϕ
(
γ
(ℓ)
k

)
v
(ℓ)
k ⊗ e

(ℓ)
k , ℓ ≥ 1, (7)

where ϕ(x) = 1+x (residual scaling) or ϕ(x) = ex (positive
scaling). Then we obtain

AΓ(h) :=
L⊕

ℓ=0

A(ℓ)
Γ

(
h(ℓ)

)
, (8)

yielding the modulated feature h′ := AΓ(h) ∈ H.
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3.1 The Equivariance Property of MMEA
Now, we will show the equivariance property of our de-
signed MMEA adapter. In other words, we will show that,
for every g ∈ SO(3),

AΓ

(
g · h

)
= g · AΓ(h). (9)

Step 1: The gains γ(ℓ) are invariant. Recall that the gains
γ(ℓ) are produced solely from the scalar component h(0) ∈
Rm0 via the lightweight MLP:

z = SiLU
(
W↓ h

(0) + b↓
)
, (10)[

γ(0), γ(1), . . . , γ(L)
]
= W↑ z+ b↑. (11)

Since h(0) transforms under the trivial irreducible represen-
tation (ℓ = 0), we have

g · h(0) = h(0) ∀ g ∈ SO(3). (12)
Consequently, z and hence every γ(ℓ) are unchanged by the
group action:

γ(ℓ)(g · h(0)) = γ(ℓ)(h(0)), ∀ ℓ. (13)

Step 2: Each block A(ℓ)
Γ commutes with the group action.

Decompose the ℓ-th order feature as

h(ℓ) =

mℓ∑
k=1

v
(ℓ)
k ⊗ e

(ℓ)
k , v

(ℓ)
k ∈ V (ℓ), (14)

the group action g acts only on V (ℓ):

g · h(ℓ) =

mℓ∑
k=1

ρ(ℓ)(g)v
(ℓ)
k ⊗ e

(ℓ)
k . (15)

By definition, the adapter block is

A(0)
Γ (h(0)) = h(0) + γ(0), (16)

A(ℓ)
Γ (h(ℓ)) =

mℓ∑
k=1

ϕ
(
γ
(ℓ)
k

)
v
(ℓ)
k ⊗ e

(ℓ)
k , ℓ ≥ 1. (17)

For ℓ ≥ 1, because the gains γ(ℓ)
k are group-invariant, ap-

plying A(ℓ)
Γ to the transformed features yields

A(ℓ)
Γ

(
g · h(ℓ)

)
=

mℓ∑
k=1

ϕ
(
γ
(ℓ)
k

) (
ρ(ℓ)(g)v

(ℓ)
k

)
⊗ e

(ℓ)
k (18)

= ρ(ℓ)(g)

(
mℓ∑
k=1

ϕ
(
γ
(ℓ)
k

)
v
(ℓ)
k ⊗ e

(ℓ)
k

)
(19)

= g · A(ℓ)
Γ

(
h(ℓ)

)
. (20)

For ℓ = 0, according to Step 1, it is easy to check

A(0)
Γ (g · h(0)) = g · A(0)

Γ (h(0)). (21)
Therefore,

AΓ

(
g · h

)
=

L⊕
ℓ=0

A(ℓ)
Γ

(
g · h(ℓ)

)
=

L⊕
ℓ=0

g · A(ℓ)
Γ

(
h(ℓ)

)
= g · AΓ(h). (22)

establishing (9).

4 Experiments
In this section, we first introduce the experimental setup.
Next, we evaluate our method on several popular datasets
and compare it against baseline approaches. Finally, we con-
duct ablation study and assess data efficiency. Additional ex-
periments, including training efficiency, computational over-
head and deviation analysis are provided in the Appendix.

4.1 Experimental Setup
Pretrained model Same as previous work, we adopt the
MACE (Batatia et al. 2022) as the backbone to evaluate the
effectiveness of our proposed MMEA. The pretrained model
employed in this work is MACE-OFF (Kovács et al. 2025).
The corresponding hyperparameters are summarized in Ta-
ble 1. More details about MACE are provided in the Ex-
tended version.

Hyperparameter Value

Correlation order 3
Cutoff radius 5.0
Max order for input 3
Max order for product layer 1
Number of hidden channels 128
Number of interaction layers 2
Number of radial basis functions 8

Table 1: Hyperparameter settings of model.

Datasets Following the experimental setup of MACE, we
selected benchmark datasets from the molecular potential
prediction domain. More detailed information about these
datasets is provided in the Extended version. The target
properties for each dataset are energy (E) and forces (F).
These datasets include:

Firstly, the revised MD-17 dataset (Christensen and
Von Lilienfeld 2020). It consists of ten small organic
molecules, for which 100,000 structures were computed at
DFT accuracy using a very tight SCF convergence and very
dense DFT integration grid. The structures were recomputed
from the original MD-17 dataset.

Secondly, the 3BPA dataset (Kovács et al. 2021). It con-
tains DFT train test splits of a flexible drug-like organic
molecule sampled from different temperature molecular dy-
namics trajectories. The model is trained on 500 snapshots
sampled at 300 K and tested on three independent test sets
for each temperature (300 K, 600 K, and 1200 K). The mod-
els can also be tested on the challenging task of computing
the energy along dihedral rotations of the molecule.

Thirdly, the acetylacetone (AcAc) dataset (Batatia et al.
2022). It contains trajectories of a small reactive molecule
sampled at different temperatures. The task is to train on
snapshots sampled at 300 K and test on independent test sets
sampled at 300 K and 600 K. Moreover the extrapolation is
measured both in temperature and along two internal coor-
dinates of the molecule, the hydrogen transfer path and a
partially conjugated double bond rotation, which has a very
high barrier for rotation.
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Experimental Method We compare the Mean Absolute
Error (MAE) / Root Mean Square Error (RMSE) of en-
ergy and forces for pretrained models with (i) full-parameter
fine-tuning (Full), (ii) ELoRA fine-tuning, and (iii) MMEA
fine-tuning (our method). Except for the rMD17 dataset, we
also recorded the performance of (iv) trained from scratch
(Scratch). All fine-tuning methods in each experiment em-
ploy the same pretrained model, dataset, and training hy-
perparameters. Overall, our method follows the experimen-
tal setup of ELoRA. The key distinction is that all equiv-
ariant linear layers previously fine-tuned with ELoRA are
now fine-tuned using our proposed MMEA method. Tensor
Product layers and a small number of scalar networks are
consistent with the original ELoRA configuration. Unless
otherwise specified, the low-rank components in both meth-
ods are set to rank r = 16. Each experiment is conducted
over three runs.

For the rMD17 dataset, since the performance of few-shot
learning models is significantly influenced by data splits, we
randomly sampled 50 configurations from the officially pro-
vided training set to construct our training subset, ensuring
that all methods use the exact same data, thereby enabling
fair training. For the remaining datasets, the results for full-
parameter and ELoRA fine-tuning are directly taken from
previous work (Wang et al. 2025).

The experiments were carried out with the PyTorch
framework (Paszke et al. 2019) on a server running Ubuntu
22.04.5 LTS. We utilized a single NVIDIA A100 GPU for
training and evaluation. More training details are provided
in the Extended version.

4.2 Experimental Results
Results on rMD17 The rMD17 dataset here serves as
an effective benchmark for evaluating model performance
under few-shot learning scenarios. The results (Table 2)
show that our proposed MMEA method consistently out-
performs previous baselines. Compared to ELoRA, MMEA
achieves an additional average improvement of approxi-
mately 6.6% on the energy metric and 8.7% on the force
metric. Overall, MMEA compresses the average energy and
force MAEs by 6–8%, achieves 10–25% improvements on
high-error molecules, and establishes new state-of-the-art
results. These findings demonstrate that MMEA can more
effectively leverage a model’s existing knowledge to attain
high-precision predictions in extremely low-sample scenar-
ios.

Results on 3BPA The results of evaluation on 3BPA
Dataset are shown in Table 3. The results show that MMEA
yields a modest improvement over ELoRA on the 300 K test,
that has the same distribution as the training set. When the
same model is evaluated directly at higher temperatures, it
consistently maintains lower energy and force errors, which
demonstrates MMEA’s ability to generalize and mitigate for-
getting of pretrained knowledge. Furthermore, on the dihe-
dral slice test, MMEA reduces both energy and force error
significantly, indicating a more accurate reconstruction of
the potential energy surface and improved stability and pre-
cision in conformer predictions.

rMD17 MAE↓
Molecule Metric Full ELoRA MMEA

Aspirin E 9.7 8.0 (↓ 18%) 7.3 (↓ 25%)
F 23.9 18.3 (↓ 23%) 16.4 (↓ 31%)

Azobenzene E 4.6 4.0 (↓ 13%) 3.9 (↓ 15%)
F 14.8 12.6 (↓ 15%) 11.9 (↓ 20%)

Benzene E 0.3 0.2 (↓ 33%) 0.2 (↓ 33%)
F 2.4 1.6 (↓ 33%) 1.4 (↓ 42%)

Ethanol E 2.9 2.3 (↓ 21%) 2.3 (↓ 21%)
F 14.4 11.5 (↓ 20%) 10.8 (↓ 25%)

Malo-
naldehyde

E 6.8 6.6 (↓ 3%) 6.4 (↓ 6%)
F 25.4 22.3 (↓ 12%) 21.6 (↓ 15%)

Naphthalene E 1.8 1.4 (↓ 22%) 1.2 (↓ 33%)
F 8.1 6.0 (↓ 26%) 5.7 (↓ 30%)

Paracetamol E 6.5 4.7 (↓ 28%) 4.3 (↓ 34%)
F 20.3 14.5 (↓ 29%) 13.3 (↓ 34%)

Salicylic E 4.3 3.2 (↓ 26%) 2.9 (↓ 33%)
F 17.2 13.3 (↓ 23%) 12.0 (↓ 30%)

Toluene E 1.8 1.4 (↓ 22%) 1.2 (↓ 33%)
F 8.8 6.2 (↓ 30%) 5.4 (↓ 39%)

Uracil E 2.9 2.1 (↓ 28%) 2.0 (↓ 31%)
F 15.8 12.3 (↓ 22%) 10.7 (↓ 32%)

Table 2: Experimental results on 10 Molecules of rMD17.
Each model is trained on 50 samples. Results are rounded to
one decimal place, the decrease ratio is calculated based on
the results of full fine-tuning, and the best results are in bold.

Results on AcAc The results of evaluation on AcAc
Dataset are shown in Table 4. At 300 K, MMEA achieves the
lowest energy and force RMSE, slightly outperforming other
baselines. When generalizing to 600 K, it still maintains low
errors, showing that it effectively leverages the pre-trained
model’s knowledge for better generalization. We also evalu-
ated MMEA with rank set to 32 on this dataset. By increas-
ing its parameter count, we observed a slight performance
improvement.

The experiments across multiple datasets reveal the ef-
fectiveness of our method. On the rMD17 benchmark, we
demonstrate its few-shot learning capability under limited
data. On the 3BPA and AcAc benchmarks, we demonstrate
its superior generalization performance. This outcome is
intuitive: by preserving the multiplicity basis, our method
more fully exploits the knowledge in the pretrained model.

4.3 Parameter Efficiency
We compare the parameter efficiency of Full fine-tuning,
ELoRA, and our proposed MMEA with two different rank
settings. The result is shown in Table 5. Our method (r =
16) updates approximately 20% of the parameters used in
full fine-tuning, corresponding to about 85% of ELoRA’s
parameter budget, while achieving superior fine-tuning per-
formance. When r is set to 32, the parameter count of our
method exceeds ELoRA, but as shown in Table 4, it can fur-
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3BPA RMSE↓
Condition Metric Scratch Full ELoRA MMEA

300 K E 3.0± 0.2 3.3± 0.03 3.0± 0.05 2.7± 0.03
F 8.8± 0.3 7.8± 0.01 7.5± 0.05 7.5± 0.01

600 K E 9.7± 0.5 7.3± 0.04 6.5± 0.10 6.5± 0.03
F 21.8± 0.6 16.6± 0.05 15.5± 0.12 15.4± 0.14

1200 K E 29.8± 1.0 20.3± 0.17 17.6± 0.11 17.1± 0.14
F 62.0± 0.7 48.7± 0.56 42.0± 0.51 39.7± 0.12

Dihedral Slices E 7.8± 0.6 7.3± 0.28 5.9± 0.28 5.6± 0.20
F 16.5± 1.7 12.3± 0.10 11.4± 0.17 10.6± 0.17

Table 3: Experimental results under three temperature conditions for 3BPA. The model was trained at 300 K and tested at
300 K, 600 K, and 1200 K to evaluate its generalization performance. Standard deviations are computed over three runs. The
best results are in bold.

AcAc RMSE↓
Condition Metric Scratch Full ELoRA MMEA(r = 16) MMEA(r = 32)

300 K E 0.9± 0.03 1.0± 0.02 0.8± 0.03 0.7± 0.04 0.7± 0.02
F 5.1± 0.10 5.1± 0.07 4.5± 0.06 4.4± 0.02 4.2± 0.02

600 K E 4.6± 0.3 5.8± 0.28 3.9± 0.33 3.6± 0.06 3.2± 0.10
F 22.4± 0.9 16.4± 0.70 13.6± 0.26 13.2± 0.11 13.0± 0.23

Table 4: Experimental results under two temperature conditions for AcAc. The model was trained at 300 K and tested at 300 K
and 600 K to evaluate its generalization performance. Standard deviations are computed over three runs. The best results are in
bold and the second best are underlined.

ther improve performance.

Method r # params % of Full FT

Full / 751896 100.0%
ELoRA 16 175880 23.4%
MMEA 16 151354 20.1%
MMEA 32 201258 26.7%

Table 5: Trainable parameter for fine-tuning on rMD17.

4.4 Ablation Study
Table 6 presents the ablation study conducted on the rMD17-
Aspirin dataset. We removed several key components indi-
vidually to examine their effects on model performance. w/o
nonlinear activation means removing the activation func-
tion; w/o input-head reuse indicates disabling the input-head
reuse mechanism, where scalar outputs (l = 0) and higher-
order tensor outputs (l > 0) are processed using separate
MLPs; w/o high-order refers to omitting the high-order ad-
justments, i.e., tuning only the scalar information; w/o scalar
modulation means no modulation is applied to the scalar
channels, which significantly degrades performance; and use
same modulation applies identical modulation to all higher-
order channels. These results collectively demonstrate that
each proposed component plays an important role in im-
proving model performance.

Additionally, we compared two other common fine-tuning
strategies. The first (Readout) tunes only the readout (i.e.,
the layer directly producing the final outputs), updating
just 0.3% of the model’s parameters. While extremely
parameter-efficient, this approach greatly limits the model’s
learning capacity and yields poor fine-tuning performance.
The second (Adapter) employs a conventional bottleneck
for fine-tuning; by mixing features from different irre-
ducible representations, it breaks the model’s equivariance.
As a result, the model cannot fully leverage its pre-trained
knowledge and again suffers degraded performance. Both of
these methods underperform full fine-tuning, ELoRA, and
MMEA.

Like many PEFT approaches, the number of trainable pa-
rameters in MMEA is governed by the rank of its bottleneck
structure. To examine how this hyperparameter influences
model performance, we evaluate forces prediction on the
rMD17-Aspirin dataset. As illustrated in Fig. 2, increasing
the rank initially improves accuracy, but beyond a certain
point leads to performance degradation. This trend reflects
a common trade-off: low-rank configurations may lack ex-
pressiveness and underfit, whereas higher ranks risk over-
fitting due to excess capacity. To enable direct comparison
with prior work, we use r = 16 in our main experiments,
to achieve stronger results with fewer parameters. Neverthe-
less, we observe that a larger setting, r = 32, yields better
accuracy in this task, suggesting that further improvements
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rMD17-Aspirin MAE↓
Method Energy Forces

MMEA 7.3 16.4
Full 9.7 23.9

w/o nonlinear activation 7.6 16.4
w/o input-head reuse 9.2 16.7
w/o scalar modulation 12.9 30.5
w/o high-order modulation 8.3 16.6
shared high-order modulation 7.6 16.6

Readout 23.8 36.8
Adapter 11.0 26.3

Table 6: Ablation study results on rMD17-Aspirin Dataset.

Figure 2: Force MAE and parameter counts across different
ranks. Results are reported on the rMD17-Aspirin dataset.

are possible when the parameter budget allows. Therefore,
the optimal rank should be treated as a task-specific hyper-
parameter and tuned accordingly for each downstream ap-
plication.

5 Conclusion
Equivariant pretrained models are currently indispensable
for machine-learning interatomic potentials as they preserve
the underlying physical symmetries needed for accurate, re-
liable atomistic simulations. Fine-tuning these models im-
proves downstream accuracy, especially in low-data scenar-
ios, but standard PEFT techniques break equivariance and
thus underperform. Approaches such as ELoRA address this
by explicitly retaining symmetry during adaptation, yet their
parameter efficiency and performance can still be improved.

In a well-trained equivariant GNN, every irreducible or-
der and its associated multiplicity channels already form a
robust representation; effective adaptation therefore requires
only subtle, per-channel scaling. Leveraging this insight, we
introduce MMEA, a PEFT method that uses scalar gating
to modulate each order-multiplicity channel independently,
avoiding any mixing within an irreducible order. This pre-
serves equivariance, exploits the pretrained knowledge more

directly, and attains stronger performance with even fewer
trainable parameters. MMEA delivers state-of-the-art results
on the rMD17, 3BPA, and AcAc benchmarks, demonstrating
its effectiveness and efficiency.

Limitations Although the MMEA method demonstrates
superior performance on various molecular datasets, we ob-
served certain limitations under specific conditions. Firstly,
when the target system significantly deviates from the pre-
trained model distribution, our method underperforms com-
pared to ELoRA. This occurs primarily because ELoRA
permits the mixing of multiplicities, offering greater flex-
ibility and making it easier to adaptively fit challenging
datasets. However, for entirely novel systems with mini-
mal overlap to the pretrained dataset, full-parameter fine-
tuning remains the most effective strategy, as shown in Ta-
ble 7. Therefore, and quite intuitively, when the distribu-
tion gap between the pre-training model and the downstream
task is large, one should train from scratch or perform full
fine-tuning; when the gap is moderate or small, leverag-
ing ELoRA or MMEA can yield better performance. Sec-
ondly, unlike ELoRA, whose learned weights can be seam-
lessly merged back into the backbone model parameters, our
approach does not allow parameter merging. Consequently,
our method introduces slight additional computational over-
head during inference.

rMD17 MAE↓
Molecule Metric Full ELoRA MMEA

Aspirin E 11.4 12.5 13.3
F 29.4 31.1 31.9

Uracil E 3.4 3.5 3.6
F 19.7 20.7 21.4

Table 7: Experimental results using MACE-MP (Batatia
et al. 2023) pretrained on inorganic compounds to predict or-
ganic compounds, assessing extreme out-of-distribution per-
formance. The best results are in bold.

Future Work Future research directions include the fol-
lowing aspects: Firstly, developing efficient equivariant
methods for Fully Connected Tensor Product. Since the ten-
sor product involves multiple inputs, how to implement gat-
ing effectively remains an open question. We have attempted
to apply gating based on the output, but this approach has not
shown significant benefits. Secondly, designing a generaliz-
able fine-tuning method. A promising direction is to com-
bine the strengths of the three existing approaches to create a
unified method that consistently demonstrates strong perfor-
mance on data distributions that differ from the pretraining
distribution. Thirdly, improving fine-tuning efficiency. Cur-
rently, fine-tuning convergence remains relatively slow. Fu-
ture work could explore the development of more efficient
fine-tuning schemes that enable faster convergence.
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