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ABSTRACT

Transfer learning based on foundation models has shown strong gains in low-
data regimes, and similar benefits are emerging for materials property prediction
where labeled data are scarce due to the cost of DFT calculations and experimental
measurements. We study transfer learning for materials properties by finetuning
MACE-MP-0, a relatively small foundation model pretrained on large-scale struc-
ture—energy DFT data, on different tasks from Matbench spanning mechanical and
electronic targets. Energy-based pretraining yields consistent improvements over
random initialization. We further show that negative transfer can limit gains and
that regularization can improve results. Additionally, we provide some interpreta-
tions on what is transferred via layer-wise mutual information and weight-space
drift.

1 INTRODUCTION

Transfer learning based on foundation models have enabled strong gains in low-data regimes across
domains such as computer vision and language modeling (Bommasani et al., 2021}, and have re-
cently shown similar benefits for materials property prediction (Shoghi et al., |2024). In materials
science, labeled data are often scarce due to the cost of DFT calculations and experimental measure-
ments, making transfer learning particularly attractive. However, many foundation models are large
and resource-intensive. In this work, we study transfer learning for materials properties by finetun-
ing MACE-MP-0 (Batatia et al., 2025) on Matbench (Dunn et al.,[2020) for inorganic bulk materials.
MACE-MP-0 is a relatively small foundation model pretrained on large-scale structure-energy DFT
data. We show that MACE-MP-0 with only 10% of the parameter count of JMP-S can achieve
comparable performance for the bulk modulus prediction task.(Table[I)). We fine-tune MACE-MP-0
on four Matbench tasks spanning mechanical and electronic targets (bulk modulus, shear modulus,
band gap, and metal classification). Energy-based pretraining yields consistent improvements over
random initialization.

Beyond performance, we show that negative transfer can limit gains and that accounting for negative
transfer with regularization can improve results. Finally, we begin to interpret what is transferred
by analyzing layer-wise mutual information and weight-space drift (Fig. [Z). We notice that even for
tasks with low mutual information between the features and the labels as well as for tasks where the
physical relations between the target and the source label are small, the model still benefits from the
pretrained weights. Even in these cases initializing the training with the weights of the foundational
model leads to better models than random initialization.

2 RELATED WORK

2.1 TRANSFER LEARNING AND NEGATIVE TRANSFER

It has been observed by |Yosinski et al.| (2014), that neural networks tend to learn general features in
the early layers. These features that are essentially re-learned for various tasks, and it is hence said
that they generalize to various target domains.

This insight formulates the foundation for recent advances in transfer learning in fields such as com-
puter vision (Yosinski et alJ 2014} |Sharif Razavian et al., [2014) and language modeling (Devlin
et al., 2019), where given a pretrained model on task A, the performance of the model is improved
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when finetuned on task B. This has been shown to be successful especially in the case of working
with low-data regimes (Hernandez et al.,2021). However, in the case where the target task domain is
not the same as the source task domain, negative transfer (Wang et al.,|2019; Rosenstein et al., 2005
can occur, where the model pretrained on the source domain has a poorer performance compared to
the same model trained from scratch on the target task.

Additionally, Neyshabur et al.|(2020) conclude that a successful transfer depends much on the ability
of the model to reuse features, which can be determined by measuring the similarities in represen-
tations in the pretrained model and finetuned model. The authors also show that even though the
features correlation is distorted on the input space the model still benefits from the pretrained weights
at initialization even when low level statistics are not changing (eg. pixel distribution).

Prior work (Wang et al. 2019) suggests that large divergence between the joint distribution
p(Xs, Ys) of features X and labels Y; in the source domain and the joint distribution of features
and labels in the target domain p(X;,Y;) may cause negative transfer. On the other hand, |Chen
et al.| (2019) shows that general features are extracted via the large singular values of the weight
matrix. Based on this observation, the authors propose to mitigate negative transfer by encouraging
the model to keep the small singular values (obtained with Singular Value Decomposition SVD) of
the weight matrix close to zero during the fine tuning process.

Additionally, different methods (Mehra et all 2024} [Huang et all 2022)) have been developed to
estimate the effectiveness of transfer by approximating the mutual information between source
domain and the target domain.

Not limited to computer vision tasks and language modeling, transfer learning has shown success in
computational chemistry and materials informatics (Chithrananda et al.| [2020; [Magar et al.| [2022;
King-Smith| 2024; Gupta et al., 2021)), with various pretraining approaches either with specifying
pretraining auxiliary tasks or in a self supervised manner.

2.2  MATERIALS PROPERTY PREDICTION

For evaluating machine learning models for materials-related tasks, Matbench (Dunn et al.| [2020)
provides 13 different tasks and the corresponding datasets, with a standardized benchmarking
schema. An advantage of Matbench is that the dataset provided for different properties prediction
tasks is curated from Materials Project database, where most of foundation models, based on graph
neural networks (Deng et al.l 2023} [Batatia et al., [2025; |Chen & Ong, [2022), have been trained on
for energy prediction. This makes Matbench tasks attractive for transfer learning since the source
domain task (energy) and downstream tasks from Matbench share the same input space.

3 METHODS

3.1 EXPERIMENTAL SETUP

To study the transferability among different materials properties we choose Matbench, which pro-
vides data for 13 different tasks, where nine of them contain the structure information (described in
TableZ)in Appendix[A.T]). We use MACE-MP-0 (Batatia et al., [2025) as a foundation model, which
is based on the architecture of (Batatia et al.| [2022) and pretrained on a large atomistic structure-
energy DFT dataset. Due to computational limitations, we pick four tasks (highlighted in grey in
TabldI)) for finetuning, which (1) have different data sizes (2) different physical relatedness to struc-
ture energy (3) include both regression and classification objectives.

To study the benefits of transfer learning for the four tasks, we asses the performance of two models,
the pretrained model and the randomly initialized version of it.

3.2 NEGATIVE TRANSFER AND CATASTROPHIC FORGETTING

During training we apply full transfer, this means all the network parameters are trainable.

As mentioned before, to mitigate for negative transfer during the finetuning, we use the work of
Chen et al.|(2019), where we minimize the smallest singular values of the pooled representations of
the last interaction layer. We also require the model to stay close to the original weights wy with
an L2-SP regularization term \ ||w — wyl|3 introduced by [Xuhong et al. (2018) with the penalty
parameter A which is determined with hyperparameter search.
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Table 1: Matbench tasks and model performance finetuned on the tasks highlighted tasks with grey.
we finetune the randomly initialized MACE-RI as well as the pretrained model MACE-MP-0.
Relative improvement between the two models computed as RI=M™0 for regression and MP9=R! for
classification (higher is better). Although JMP-S (Shoghi et al.| 2024) is larger in size compared
to MACE, it performs slighlty better for the physically related tasks 1og_kvrh and 1og_gvrh as
shown in the relative improvement between JMP-S and MACE-MP-0 calculated as ME-S=MP-0

REL. IMPROV. REL. IMPROV.
TASK MB MACE-RI MACE-MP-0 JMP-S (RIvs MP-0) (JMP-S vs MP-0)

jdftad 33.1918 - - 30.16 - -
phonons 28.7606 - - 2277 - -
dielectric 0.2711 - - 0252 - -
log_gvrh 0.0670 0.158 0.069  0.062 56.3% 10.14%
log_kvrh 0.0491 0.112 0.048 0.046 57.1% 4.17%
perovskites  0.0269 - - 0.028 - -
mp-gap 0.1559 0.883 0.325 0.121 63.2% 62.77%
mp_is_metal  0.9520 0.844 0.921 - 9.12% -
mp_e_form  0.0170 - - 13.3 - -

4 RESULTS AND DISCUSSION

Matbench provides a 5-fold train-test splits, which we use to investigate the transferability and eval-
uate our results. In Figure |I} we show the final results of training on the four mentioned tasks.
The pretrained model is superior to its randomly initialized counterpart on the four tasks. We also
report the regularization losses (penalized) in[T}c, where the SVD loss is consistently minimized in
conjunction with the primary loss function, in contrast to the L2-SP loss. However, in Figure 2}b
we show the weights drift with respect to the pretrained model at each layer, where larger drifts
appear more on the final layers, which supports the idea that preserving general features at the early
layers may assist learning new tasks. The weights drift also peaks for the last interaction layer for
the metal classification task, which is expected due to scale difference and the sigmoid activation on
the output.

To further understand why the pretrained model is outperforming the randomly initialized model,
we measure the mutual information of the pretrained representations (at each layer /) and the four
tasks formalized as I(Z';; Y;). We approximate the mutual information as proposed by [Huang et al.
(2022). Figure [2h shows the normalized mutual information (MI) for each of the nine task repre-
sentations across layers of the network. We observe that the mutual information decays with depth,
consistent with the data (information) processing inequality. Interestingly, tasks that are physically
related to structure—energy prediction have higher mutual information (e.g., Jdft2d, gvrh, and
kvrh), whereas tasks involving electronic properties tend to have much lower mutual information
with the representations learned during pretraining. However, we expect to have higher mutual be-
tween the representations of the pretrained network and the formation energy task compared to eg.
the dielectric task. It is important to mention that the dataset size is crucial for estimating MI, for ex-
ample, the dielectric dataset (around 4k) is much smaller than the formation energy dataset (around
100k), which can lead to higher entropy estimation on the representations. In addition, we estimate
MI on graph-level embeddings obtained by mean pooling node embeddings. Since mean pooling (a
non-invertible operation) causes information loss, it discards node-level information and can only
reduce the information content of the representation, making the values in the Figure 2]a partially
informative. Despite this limitation, the results are in general consistent with our expectations.
Moreover, as shown in Figure[I]b, the test loss for the mp_gap task in the fine-tuned model is much
lower than in the model trained from scratch. This aligns with the conclusion of [Neyshabur et al.
(2020), where the model has better weight initialization with the pretrained weights compared to
random initialization, given that low level statistics such as (eg. atom distribution and Bbnd-length)
are not changing much.
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Figure 1: (a) The train loss on the four tasks for the pretrained model and randomly initialized model.
(b) The test loss on the 5-fold splits provided from Matbench, where we show that the pretrained
model consistently outperforms the randomly initialized model. (c) The weighted loss of the SVD
term and the L2-SP term. We see that the SVD term is consistently minimized along the primary
loss, where L2-SP is mostly staying constant. This indicates that depending on the strength of SVD
and the primary objective loss, more deviation from the pretrained model is required.

5 CONCLUSION

MACE-MP-0 is a suitable foundation model for predicting material properties. Table [I] shows that
transfer learning methods based on this foundation yield higher performance, than random initial-
ization. We show that MACE-MP-0 is able to transfer general feature maps for the downstream
tasks pretrained on structure energy similar to JMP model (Shoghi et al.l [2024). We also show
that when accounting for negative transfer we achieve good results with MACE-MP-0 compared to
JMP-S, where MACE has only 10% of JMP-S parameters. We believe that further improvements on
avoiding negative transfer could potentially make transferable models more economic by improv-
ing the performance-to-parameter quotient. Figure [2]a provides evidence that we can expect that
MACE-MP-0 learned, analog to image detection models, to extract general features in the lower
layers. Additionally, we see in Figure 2] that even for tasks, which have low mutual information with
the original task such as the band gap task, still benefit from the pretraining. We believe this is due
to alignment in the low level statistics as observed by |[Neyshabur et al.[(2020) (e.g. distribution of
atoms) which provides better weight initialization than the random initialization.
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Figure 2: (a) The approximated (normalized) mutual information Il(qZ(thf:;) of the representations of

each task at each layer of the pretrained network before finetuning (normalized). Consistent with
prior studies, where we see from many tasks that the neural network shares general features at early
layers. We also see the mutual information varies depending on the task, where physically related
tasks have high mutual information. (b) The normalized model weights distance to the pretrained
model, where we see minimal changes in the first two layers.
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A APPENDIX

Al Al

Table 2: Matbench tasks with dataset size, learning type, and brief descriptions.

TASK NAME SAMPLES TYPE SHORT DESCRIPTION
matbench_jdft2d 636 Reg. Exfoliation energies from crystal structure (meV/atom).
matbench_phonons 1,265 Reg. Vibration properties from crystal structure (cm ™) .
matbench_dielectric 4,764  Reg. Dielectric constant (unitless).
matbench_log_gvrh 10,987 Reg. log,, shear modulus Gvru (GPa) from structure.
matbench_log_kvrh 10,987 Reg. log,, bulk modulus Kvru (GPa) from structure.
matbench_perovskites 18,928 Reg. Perovskite formation energy (eV/unit cell) from struc-

ture.
matbench_mp_gap 106,113  Reg. DFT band gap from Materials Project (eV) from struc-
ture.
matbench_mp_is_metal 106,113  Cls. Metal vs non-metal (DFT-derived label) from structure.
matbench_mp_e_form 132,752 Reg. Formation energy from Materials Project (eV/atom)

from structure.
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