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Foundation models require massive amounts of training data, which are often
costly to obtain in materials science. Meanwhile, long-established physical
knowledge such as molecular force fields and geometric analysis provides
direct guidance for material behavior, but remains insufficiently leveraged.
Here we demonstrate that expert knowledge can directly supervise pre-
training and substantially reduce data requirements. A set of potential energy
surface (PES) basis functions, which encode guest-host interaction energetics,
is developed as unified descriptors for different guest molecules. A multi-
modal architecture is designed to fuse information from both material struc-
ture and PES. Pre-training is achieved by learning comprehensive geometric
features spanning different spatial scales. Consequently, a foundation model
for porous materials is developed under limited data regimes, named SpbNet.
SpbNet is evaluated on over 50 downstream tasks, including adsorption,
separation, and intrinsic properties, etc. SpbNet consistently outperforms
models pre-trained on datasets nearly 20 times larger, reducing the relative
errors by over 20%. In addition, SpbNet demonstrates strong generalization
capabilities across both in-distribution and out-of-distribution materials, such
as Metal Organic Frameworks, Covalent Organic Frameworks, and zeolites.

Foundation models have demonstrated remarkable potential across
diverse domains, including chemistry', medicine’™*, and meteorology’.
Trained on large-scale datasets, these parameter-rich architectures
exhibit exceptional versatility in addressing a wide range of down-
stream tasks. Most importantly, compared with conventional machine
learning approaches, foundation models show superior data effi-
ciency, enabling rapid adaptation to downstream tasks with limited
training samples®. In the field of materials science, porous materials,
such as metal-organic frameworks (MOFs), covalent organic

frameworks (COFs), porous polymer networks (PPNs), and zeolites,
possess high specific surface areas’ and tunable structural features®,
conferring substantial agricultural and industrial value’ ™. Therefore,
developing a foundation model tailored for porous materials is of
considerable scientific and practical importance.

However, pre-training a foundation model typically requires an
extremely large amount of data, which is often prohibitively expensive
or even impractical in materials science. For instance, despite decades
of research, fewer than 1000 experimental zeolite structures have
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been reported’®. To address this challenge of data scarcity, several
studies have incorporated domain expertise to enhance data effi-
ciency, either through model architecture design" or task formulation
during training'®. Nevertheless, in terms of constructing larger-scale
pre-trained foundation models as well as improving data efficiency on
pre-trained data, the potential of expert knowledge remains largely
unexplored. Here, we propose a holistic pre-training framework for
porous materials that integrates expert knowledge to enhance data
efficiency. The framework comprises three key components: (1) input
descriptors'®*°, which encode raw material structures using unbiased
molecular force fields; (2) a dual-stream multi-modal architecture
designed to jointly capture structural and potential energy surface
(PES) information; and (3) pre-training tasks that enable the model to
learn comprehensive, multi-scale geometric representations'®*.

For the descriptors, in addition to the raw material structure, we
introduce a set of PES basis functions. These basis functions can be
linearly combined to represent the interaction energies between the
material and various guest molecules, thereby mitigating bias toward
specific adsorbates. We further design a dual-stream multi-modal
model architecture comprising three key components: a graph neural
network (GNN) that processes raw material structures, a vision trans-
former that encodes PES representations, and a cross-attention fusion
module that integrates structural and energetic information. This dual-
stream design effectively leverages the strengths of modern GNNs and
the expressive power of PES basis functions. Finally, we construct
multi-scale pre-training tasks covering probes of different sizes and
material structures of varying granularity. We refer to the resulting
foundation model as the Structure-informed Potential energy surface
Basis function Network (SpbNet). SpbNet is pre-trained on 0.1 million
MOF structures. For in-distribution downstream tasks, we evaluate
SpbNet across more than 40 MOF-related benchmarks, including gas
adsorption, separation, and intrinsic properties such as elastic mod-
ulus. For out-of-distribution (OOD) evaluations, we assess SpbNet on
eight tasks involving COFs, PPNs, and zeolites. SpbNet consistently
outperforms other pre-trained models trained on over 2 million por-
ous materials?®* and 120 million molecular and material samples™.
These results highlight that the potential of incorporating expert
knowledge in the construction of foundation models remains far from
fully realized, particularly in enhancing data efficiency.

Results

Overview of SpbNet

The overall architecture and training pipeline of SpbNet are illustrated
in Fig. 1. The design of SpbNet comprises four major components: (1)
Descriptors, encompassing both the raw material structure and the
proposed PES basis functions; (2) Model architecture, corresponding
to the multi-modal input design; (3) Pre-training tasks, which facilitate
multi-scale geometric feature learning; and (4) Fine-tuning process,
which adopts a simple multi-head-based fine-tuning strategy.

Descriptors. Descriptors play a pivotal role in materials informatics.
Although recent studies have increasingly employed raw structural
information (i.e., atomic numbers and positions) as input, expert-
designed descriptors continue to demonstrate clear advantages in
specific tasks®?**. In particular, PES are highly suitable for tasks
involving guest molecules—the primary application domain of porous
materials®*°, This suitability arises because PES directly characterizes
the interaction energy between a material and a guest molecule, which
governs the latter’s behavior. However, PES profiles differ substantially
across guest species (see Supplementary Fig. 1 for details), rendering
molecule-specific PES representations unsuitable as universal inputs
for a foundation model. To construct a generalizable interaction
energy descriptor, we propose a set of PES basis functions that
describe the interaction energy between porous materials and various
guest molecules. The potential energy of any guest molecule ¢ at

position r can be expressed as a linear combination of 21 basis function
terms with molecule-specific coefficients Coe(¢), comprising 13 terms
of Pauli exchange-repulsion energy, 7 terms of London dispersion
energy, and 1 term of Coulombic energy:

B . 7. .
Ep0)= 3 Epau(®) CO8paui®)+ D Elondon(®) COClonion®)
i=1 i=1

+E coulomb (l‘) Coecoulamb (¢)

Detailed formulations and derivations are provided in Section
“Derivation of potential energy surface basis functions”. The 21 terms
(Epauti» Elondon, and Ecouiomb) Serve as the input features of SpbNet.
These 21 basis functions are evaluated at predefined sampling points
across the lattice, resulting in a 21-channel three-dimensional image
that spans the entire periodic cell. The 21 channels are subsequently
linearly combined through a linear layer to generate a single-channel
image representing a universal PES, which can then be processed using
vision-based methods. Further implementation details are described in
Sections “Representing PES basis functions via multi-channel 3D
image” and “Linearly combining PES basis functions via residual con-
nection”. Importantly, this set of basis functions is free from bias
toward any specific guest molecule, making it a suitable and transfer-
able input representation for a universal foundation model.

Model architecture. Model architecture represents another critical
component of a foundation model. It must be capable of capturing
essential structural features from the input, such as bond lengths,
bond angles, and other local geometrical descriptors. Given the multi-
modal nature of SpbNet’s inputs, the architecture must effectively
integrate heterogeneous representations. As illustrated in Fig. 1, the
main architecture of SpbNet consists of a GNN for processing material
structures* and a vision transformer” for encoding the linearly com-
bined PES. To fuse information from the structural and energetic
modalities, we employ a cross-attention mechanism commonly
adopted in multi-modal architectures®”. Following the design in
ref. 25, an additional learnable [CLS] token is appended to the PES
patch sequence. The feature extracted from the [CLS] token is subse-
quently passed through a prediction head (see Section “Training
strategy” for details) to infer the target property.

To enable simultaneous prediction of multiple material properties
during pre-training, we construct separate task-specific heads (multi-
head design). During fine-tuning, only the backbone parameters are
retained, while all pre-training heads are discarded and replaced with
randomly initialized heads for downstream task. Compared with
single-stream architectures, where the same layers and weights are
used to process features from different modalities, the dual-stream
design allows distinct sets of layers (self-attention and cross-attention
layers®) to specialize in modality-specific representations®®?. This
separation not only preserves the diversity of structural and energetic
features but also facilitates flexible substitution of the structural
encoder, thereby leveraging advances in modern GNN architectures.

Pre-training. Pre-training strategy constitutes one of the most critical
components of a foundation model. In this work, we focus on training
the network to learn well-established geometric analysis of porous
materials. A series of multi-scale pre-training tasks are designed. At the
material level, the model is pre-trained to predict (1) topology type
(e.g., pcu, fcu, etc. The model is trained to classify the material into a
specific topology in the pre-defined topology type set?), (2) pore
limiting diameter (PLD), (3) largest cavity diameter (LCD), (4) acces-
sible surface area (ASA), and (5) accessible volume fraction (VF). To
mitigate bias toward specific guest molecules, ASA and VF are com-
puted using probes of varying sizes®. At the atomic level, the model is
trained to predict (1) the number of atoms within each PES patch, and
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Fig. 1| Overall training pipeline of SpbNet. SpbNet consists of four main parts: (1)
Descriptors. SpbNet adopts raw material structure and potential energy surface
(PES) basis functions as input. PES basis functions are regarded as a multi-channel
three-dimensional (3D) image and linearly combined through a linear layer to
obtain a single-channel 3D image. (2) Model architecture. A Graph Neural Network
(GNN) extracts material structure features from the raw material structure. i, j, k
represent the atoms in the material. The combined PES is processed with a Vision
Transformer (ViT). Structural features are incorporated into the ViT via the cross-
attention mechanism. (3) Pre-training. The model is pre-trained via the prediction
of global geometric features and atom-level properties including number of atoms
and Signed Distance Function (SDF). A Class* ([CLS]) token is appended to the PES

patches to predict the global features via dedicated prediction heads, including
Topology type (Topo), Pore Limited Diameter (PLD), Largest Cavity Diameter
(LCD), Void Fraction, etc. Features of PES patches are used to predict SDF and
number of atoms through separate output heads, including SDF Head and ANP
(Atom Number Prediction) Head. (4) Fine-tuning. After pre-training, the model
retains the backbone weights while discarding all pre-training heads. A new task-
specific prediction head is added to predict the target property. Downstream tasks
cover guest molecule-related properties, intrinsic material properties, and gen-
eralization to out-of-distribution material systems. Trainable parts are marked in
blue background.

(2) the signed distance function (SDF) at the patch center. The SDF is
also computed with probes of different sizes. Calculation details and
the differences in geometric features obtained using various probe
sizes are provided in Supplementary Text 1 and Supplementary Fig. 2.
These pre-training tasks comprehensively leverage the accumulated
domain knowledge of geometric characterization in porous materials,
thereby providing a robust and domain-informed pre-training process.
The correlation between these geometric features and downstream
tasks can be found in Supplementary Figs. 3-9.

Pre-training results
Figure 2 presents the pre-training performance of SpbNet. As shown,
for macroscopic geometric features such as VF and LCD, SpbNet

achieves an R? score of 0.9 and a Pearson correlation coefficient of
0.95. When the probe size decreases from 2.0 to 0.5, the accuracy of VF
remains largely unchanged, whereas the accuracy of ASA decreases.
This observation is consistent with Supplementary Fig. 7, which shows
that correlations among ASAs computed using different probe sizes
are more complex than those of VF. The visualization of the topology
type classification task can be found in Supplementary Fig. 10, with the
accuracy of 94.9%.

For the fine-grained SDF and atom-number prediction tasks, the
t-SNE visualizations are shown in Fig. 2c, d. The PES patch embeddings
exhibit distinct trends as the SDF and atom numbers vary, suggesting
that the model effectively learns to predict both properties simulta-
neously. The R? scores for atom-number and SDF prediction tasks are
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Fig. 2 | Pre-training results. a Pearson correlation coefficient of geometric
features. b Coefficient of Determination (R2) score of geometric features.
SpbNet is trained to predict different geometric features: (1) Accessible Surface
Area (ASA) of different probes, (2) Void Fraction (VF) of different probes, (3) Pore
Limited Diameter (PLD), and (4) Largest Cavity Diameter (LCD). Both ASA and VF
are calculated using probes of 0.5 A and 2.0 A. Thus there are totally 6 different
geometric features. These results are calculated from 100 Metal Organic Frame-
works (MOFs) randomly selected in the pre-training validation set. ¢ t-distributed
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Stochastic Neighbor Embedding (t-SNE) plot of Potential Energy Surface (PES)
patches' feature colored by the contained number of atoms. From the lower left
to the upper right, the number of atoms gradually increases. d t-SNE plot of PES
patches' feature colored by Signed Distance Function (SDF). From the top left to
the bottom right, the SDF gradually increases. For both t-SNE plots, PES patches are
from 100 MOFs randomly selected from the validation set of the pre-training
process. Source data are provided as a Source Data file.

0.911 and 0.957, respectively (see Supplementary Fig. 11 for visualiza-
tion). As shown in Fig. 2c, most PES patches contain only a few atoms,
reflecting SpbNet’s high spatial resolution in decomposing PES into
fine patches. In Fig. 2d, most patch centers display positive SDF values,
indicating that the porous regions occupy the majority of the MOF
volume.

Collectively, these findings demonstrate that SpbNet effectively
learns well-defined geometric features through pre-training. The multi-
head architecture further allows the model to capture diverse types of
features simultaneously without mutual interference, even when
identical properties are calculated by different scales of probes.
Through such comprehensive pre-training objectives, SpbNet devel-
ops generalizable geometric representations that are transferable to
downstream applications such as adsorption, facilitating rapid and
data-efficient adaptation. Although predicting these properties is
relatively straightforward, the model does not inherently acquire such
intermediate features when trained solely on downstream task labels.
Incorporating these properties as auxiliary objectives in multi-task
training also enhances downstream accuracy (Supplementary Table 2),
underscoring their value in guiding the model toward more informa-
tive structural representations.

Performance on in-distribution metal-organic-frameworks

Gas adsorption stands as one of the most critical application scenarios
for porous materials®*°. We conduct experiments on two representa-
tive datasets: hMOF*'** (comprising ~130,000 hypothetical MOFs) and
CoREMOF*** (containing ~14,000 experimentally synthesized MOFs).
The Mean Absolute Error (MAE) is adopted as the performance metric.
SpbNet is compared with CGCNN*, MOFormer®, and
MOFTransformer?®?, Detailed architectures of the baseline models
can be found in Supplementary Text 2. Beyond typical industrial gases
such as CO, and CH,4, we also incorporate (1) noble gases (including Kr,
Xe) and (2) other hydrocarbons (including propylene, propyne, and
para-xylene (p-xylene)).

SpbNet demonstrates superior performance across different
gases (see Fig. 3a and Supplementary Data 1). Specifically, for CO,
adsorption, SpbNet achieves a substantial reduction in MAE by 29.1%.
Notably, even when predicting CH, adsorption (the probe used to
calculate the PES), SpbNet still maintains a remarkable improvement,
reducing the MAE from 0.248 to 0.175, an improvement of 29.4%.
These results unequivocally demonstrate that the enhanced general-
ization capabilities do not compromise accuracy for specific guest
molecules. For other hydrocarbons, SpbNet reduces the relative error
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Fig. 3 | Prediction error distributions (box plots) across diverse tasks. a Gas
adsorption. CO,, CHy, propylene, and paraxylene. b Gas separation. CHy/N,, N,/
0,, C3H¢/C3Hg. ¢ Adsorption heat. d Henry’s constant. e Intrinsic properties.
Elastic modulus (Kygy) (Where VRH represents Voigt-Reuss-Hill techniques™),
shear modulus (Gyrn), decomposition temperature, and heat capacity. SpbNet is
compared to CGCNN*’, MOFormer*®, PMTransformer?>* For the hMOF*' ** and

CoREMOF***¢ datasets with sufficient data, we randomly selected 5000 samples for
training and 1000 samples for test and validation. For other datasets, we split the
training, validation, and test sets using a ratio of 8:1:1. Detailed metrics, data
sources, and training data volume are provided in Supplementary Data 1 and 2.
Mean absolute errors (MAE) are annotated above each subplot. Source data are
provided as a Source Data file.

for C3Hg and p-xylene by 23.9% and 9.6%, respectively (as shown in the
right panel of Fig. 3a). Furthermore, SpbNet exhibits promising per-
formance for noble gases such as Kr and Xe, with MAE decreases of
11.0% and 17.8%, respectively. Additional quantitative results are pro-
vided in Supplementary Data 1.

Beyond gas adsorption, SpbNet is versatile and applicable to three
distinct categories of tasks: (1) multi-guest molecule-related tasks (e.g.,
gas separation); (2) single-guest molecule-related tasks (e.g., adsorp-
tion heat and Henry’s constant); and (3) material intrinsic properties
(e.g., thermal decomposition temperature).

For gas separation, as illustrated in Fig. 3b, SpbNet significantly
improves accuracy for CH4/N, and N,/O, separation, reducing the MAE
by 32.3% and 21.0%, respectively. Even for chemically similar gases like
propane and propylene, SpbNet achieves an 8.03% improvement. For
single-guest molecule-related tasks (Fig. 3¢, d), we assessed: (1) heat of
adsorption; (2) Henry’s constant; and (3) gas diffusion. In the context
of CO, and CH, adsorption heat, SpbNet reduces the relative error by
0.75% and 20.9%. Regarding the Henry’s constant for propylene and
CH,, SpbNet demonstrates substantial enhancements, reducing the
MAE by 17.2% and 41.0%. Additionally, we evaluated SpbNet’s

performance in gas diffusion. Further quantitative results are detailed
in Supplementary Data 1.

Aside from guest molecule-related properties, SpbNet is also
capable of predicting intrinsic material properties (Fig. 3e). Four dif-
ferent intrinsic properties are examined: (1) mechanical stability
(including elastic modulus and shear modulus); (2) thermal stability;
and (3) heat capacity. For mechanical properties, tasks are conducted
to predict the bulk elastic modulus (Kygry) and shear modulus (Gygy),
where VRH represents Voigt-Reuss-Hill techniques®. SpbNet achieves
higher accuracy, reducing the MAE by 11.1% and 13.7%, respectively.
Regarding thermally relevant properties, SpbNet demonstrates com-
parable performance in the prediction of thermal decomposition
temperature, reducing the MAE by 2.34%. Although the heat capacity
data is sparse, consisting of only a few hundred data points, the four
compared models perform well, maintaining an R? score above 0.7 (see
Supplementary Data 1).

Furthermore, we compare SpbNet with other universal models
designed for molecules and general materials in Supplementary
Table 1 and Supplementary Text 3. Notably, even when benchmarked
against modern foundation models pre-trained on 209 million data
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points*® and 120 million data points*, SpbNet achieves the best per-
formance. Nevertheless, it must be emphasized that SpbNet is pri-
marily trained to capture the macroscopic geometric structure of the
material, which is closely related to the behavior of guest molecules
within the material pores. Consequently, SpbNet primarily leverages
its structure encoder to infer other properties, such as electronic
structure, which may not be its main focus.

Out-of-distribution generalization

Except for performance on in-distribution downstream datasets,
another critical evaluation metric for a foundation model is its trans-
ferability to OOD datasets. In this section, we evaluate SpbNet’s per-
formance on other porous material systems, specifically COFs, PPNs,
and zeolites. The results are presented in Fig. 4. As shown in Fig. 4a, b,
although the model has never encountered COF or zeolite structures
during the pre-training stage, SpbNet accurately predicts the geo-
metric properties of both material classes. This confirms that the pre-
trained SpbNet possesses inherent generalization capability across
different porous systems. The model exhibits substantially better
generalization on COFs than on zeolites, owing to the closer structural
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Fig. 4 | Generalization on out-of-distribution materials. a Accuracy of geo-
metric features prediction for COFs. b Accuracy of geometric features pre-
diction for zeolites. SpbNet trained on MOF-only pre-training dataset is directly
evaluated on the COFs and zeolites. 100 COFs and zeolites are randomly selected
from the test set of the benchmark dataset. ¢ Prediction error distributions (box

similarity between MOFs and COFs (see Supplementary Figs. 12 and 13
for the visualization of the features). Interestingly, despite MOFs and
zeolites showing comparable statistical properties, such as pore
volume and atomic density (Supplementary Fig. 14), the model gen-
eralizes poorly to zeolites. This is primarily because zeolites are com-
posed predominantly of Si, O, and Al atoms, leading to distinct
chemical environments. In contrast, the model retains strong gen-
eralization on COFs even when there exist notable differences from
MOFs in both atomic density and pore volume.

Further OOD evaluation is conducted on downstream tasks. For
two gas adsorption tasks (CH4, 298K, 65 bar and 5.8 bar) on COFs*
(Fig. 4c left), SpbNet reduces the MAE by 27.6% and 34.4%, respec-
tively. For PPNs** (CH4, 298K, 65bar and 1bar) (Fig. 4d), the
improvements reach 32.5% and 74.7%. Furthermore, for COFs’
adsorption heat and Henry’s constant* (CO,, 298 K), SpbNet reduces
the MAE by 17.7% and 13.2%. On the zeolite dataset** (CH,4, 298 K), the
corresponding improvements reach 39.7% and 40.8% (Fig. 4e). These
findings demonstrate that transferring SpbNet to new porous material
systems does not lead to a significant degradation of its accuracy
advantage, confirming the generalization ability of the pre-trained
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diction error distributions (box plots) on zeolites. For each porous material, we
randomly selected 5000 samples for fine-tuning, and then validated and tested
SpbNet on 1000 samples. Mean absolute errors (MAE) are annotated above each
subplot. Source data are provided as a Source Data file.
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Fig. 5| Label Efficiency. a Performance of models under different volume of fine-
tuning data for H, Uptake. b Performance of models under different volume of fine-
tuning data for H, Diffusion. Models are fine-tuned on 5K, 10 K, 15K, and 20 K data,
which are randomly selected from the whole training set. Figures demonstrate the
Mean Absolute Error (MAE) of different models under different fine-tuning data
volume. SpbNet is compared to MOFTransformer®® (mt) and PMTransformer?'

H, Diffusivity
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(pm). SpbNet is pre-trained on 100 thousand MOFs. MOF Transformer is pre-trained
on on MOF datasets of varying size (100 thousand, 500 thousand, 1 million).
PMTransformer is pre-trained on 1.9 million porous materials. Part of results are
from the figure of MOFTransformer®’. Source data are provided as a Source

Data file.

model to support fine-tuning of downstream tasks across diverse
material classes.

Label efficiency

Foundation models possess broad application prospects due to their
ability to achieve strong performance with minimal training data, sig-
nificantly expanding their application scope compared to models
trained from scratch. We evaluate the label efficiency of SpbNet on the
gas adsorption and diffusion tasks, varying the number of training
samples from 5000 to 20,000. The results are illustrated in Fig. 5. With
the same pre-training data volume (100 K data), SpbNet consistently
outperforms MOFTransformer®*?, Furthermore, even when compared
to MOFTransformer pre-trained on 1.9 million data (-19 times the
amount used for SpbNet), SpbNet still maintains superior performance
on the gas adsorption task. Only for the gas diffusion task, when
MOFTransformer is fine-tuned on approximately three times the
amount of downstream task data (15K data), the performance of
SpbNet and MOFTransformer becomes comparable. For gas adsorp-
tion, both SpbNet and MOFTransformer significantly benefit from
increasing the size of the training dataset. However, for gas diffusion,
the effect of increasing the data volume is less pronounced, indicating
that diffusion is an inherently more challenging task than adsorption.
These results underscore the high data efficiency of SpbNet. SpbNet
not only obtains sufficient pre-training capabilities from a relatively
small dataset (100K) but also demonstrates rapid adaptability to
downstream tasks.

Discussion

To fundamentally understand the underlying mechanism of the pre-
training tasks, we performed ablation studies. We considered four
different versions of SpbNet: (1) Trained from scratch (i.e., without any
pre-training process and with randomly initialized weights). (2) Pre-
training utilizing only global geometric features. (3) Pre-training using
global geometric features and the atom number prediction task. (4)
Pre-training using global geometric features, the atom number pre-
diction task, and the SDF prediction task.

Feature space analysis

We first evaluate the feature space extracted by SpbNet. Figure 6 a
demonstrates the averaged cosine similarity between the global
[CLS] token and other local PES tokens. When the model is trained
from scratch, the feature of the [CLS] token rapidly aligns with other
tokens as the network deepens. This is primarily due to the absence
of a token-scale loss constraint, where the inherent low-pass filtering
property of the attention mechanism causes the features of all tokens

to become overly similar, a phenomenon known as over-smoothing®.
In contrast, when fine-tuned from pre-trained weights, the average
similarity remains at a relatively low level, indicating that each energy
patch maintains more localized information compared to the global
feature. We further discovered that one crucial factor controlling this
effect is the size of the pre-training data (see Supplementary Fig. 15
for the comparison between large and small pre-training dataset).
When the data volume is sufficiently large, even with only material-
level supervision signals, each token can still retain local information;
conversely, over-smoothing is prone to occur when the data volume
is small.

These results indicate that the behavior of the [CLS] token in fine-
tuning and training-from-scratch is essentially different. After the
model is pre-trained, the model already learns to compress the
structure information into a low-rank feature space. In this fine-tuning
phase, the [CLS] token learns to aggregate this information to make
prediction. When the model is trained from scratch, the lower layers
still maintain local information of each token. However, the global
feature of the [CLS] token quickly spreads to other tokens and erases
almost all local information of PES tokens. At this point, the network
degenerates to a simple MLP.

Effect of task combination on feature rank

To observe the impact of different pre-training tasks, Fig. 6b illustrates
the effective ranks under various pre-training task combinations.
Similar to the Principal Component Analysis method, the effective rank
quantifies the actual dimensionality that significantly contributes to
the high-dimensional feature space*®. From the lower to the higher
layers, the effective rank gradually decreases, suggesting that the
feature of each PES token is compressed into a low-dimensional
semantic space. During the model’s fine-tuning process, these extrac-
ted semantics are leveraged for making robust predictions. Both the
atom number prediction task and the SDF prediction task enhance the
effective rank throughout this process, enabling the model to utilize
more layers to extract richer local information. The local information is
also maintained after fine-tuning, as evidenced by the linear probing
experiments shown in Supplementary Figs. 16 and 17.

Task-specific performance

Figure 6c¢ illustrates the ablation study results on six selected down-
stream tasks. The inclusion of token-level pre-training tasks yields
performance improvements. Notably, the SDF prediction task is par-
ticularly beneficial for gas separation, which may be attributed to its
role in capturing the molecular sieving effect. The detailed surface
shape information provided by the SDF assists the model in accurately
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Fig. 6 | Effect of pre-training. a Average cosine similarity between the class ([CLS])
token* and potential energy surface (PES) tokens. Cosine similarities are computed
between the added [CLS] token and all PES patch tokens, averaged over 100 ran-
domly selected samples from the pre-training dataset. Four model variants are
evaluated: (1) without pre-training (scratch); (2) pre-trained with global geometric
(Geo) features (geo); (3) with Geo features and Atom Number Prediction (ANP) (geo
+anp); and (4) with Geo features, ANP, and Signed Distance Function (SDF) pre-
diction (geo+anp+sdf). Solid lines denote mean values, shaded regions denote
standard deviation. b Effective rank of PES tokens. The effective rank* char-
acterizes the intrinsic working dimensionality of the feature space. It decreases

from lower to higher layers, implying progressive compression of structural
information into compact semantic representations®>*’. ANP and SDF tasks increase
the effective rank, indicating strengthened local feature learning. Solid lines and
shaded regions respectively represent mean and standard deviation. ¢ Prediction
error distributions (box plots) of different SpbNet variants. Mean absolute
errors (MAE) are annotated above the subplots. Global geometric pre-training
greatly improves performance, while ANP and SDF further enhance accuracy.
Removing basis functions (Wobasis) reduces accuracy. Source data are provided as
a Source Data file.

determining whether a guest molecule can easily pass through or be
retained by the material’'s pores. Conversely, the atom number pre-
diction task produced a certain negative effect on the zeolite tasks.
This negative transfer may be due to the significant structural differ-
ences between zeolites and MOFs, as illustrated by the t-SNE plots of
different materials in Supplementary Figs. 12 and 13. These combined
results decisively demonstrate the effectiveness and mechanism of the
atom number and SDF prediction tasks in enhancing SpbNet’s repre-
sentation learning capability. In addition, removing basis functions
also reduces the model accuracy. The effect of basis functions is
relatively limited on CH,-related tasks, which can be attributed to that
the CH4 molecule is adopted as the probe to calculate the PES without
basis functions.

Limitations

In this work, we present SpbNet, an expertise-guided supervised pre-
training framework for foundation models of porous materials. It
achieves high data efficiency and strong performance across a range of
guest-molecule and geometry-related downstream tasks. The model
leverages unbiased descriptors derived from molecular force fields
and adopts a supervised pre-training paradigm centered on geometric
representations. Crucially, SpbNet integrates a broad and physically
grounded set of pre-training tasks designed to improve generalization
beyond any single downstream objective. This approach is particularly
suited to porous materials. The key functions of porous materials, such
as adsorption, separation, and storage, are governed by host-guest
interactions dictated by pore geometry.
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SpbNet combines three components within a unified framework:
the PES as an input descriptor that encodes guest-host interaction
energetics; a multi-modal architecture that couples PES-based and
structural representations; and a geometry-oriented pre-training
objective targeting features correlated with macroscopic metrics like
adsorption capacity and separation ratio. Together, these components
provide both local energetic and global geometric perspectives,
forming a comprehensive pre-training scheme that enhances gen-
eralization and data efficiency under limited data availability.

Nevertheless, the strong task specificity of this supervised strat-
egy may constrain its generalization compared with broader self-
supervised learning (SSL) approaches. For tasks in which the under-
lying physics is weakly linked to geometric features, such as electronic
structure prediction, the benefits of PES-based or geometry-driven
supervision diminish. In this case, the model instead relies on latent
representations from its structural encoder and the adaptability of its
multi-modal design.

Overall, these findings suggest that under data-scarce conditions,
carefully designed input descriptors, tailored architectures, and broad
supervised pre-training tasks explicitly aligned with downstream
objectives can substantially enhance generalization and achieve
superior data efficiency compared with mainstream unsupervised
approaches.

Methods

Derivation of potential energy surface basis functions

The first crucial step in our approach is to establish a universal PES
representation suitable for diverse guest molecules. A feasible solution
is to define a set of PES basis functions, {E;(r)}, based on the position
vector r. The potential energy E of any guest molecule ¢ at position r
can then be expressed as a linear combination of these basis functions:

E(r, )= Y _E(r)Coe(@) @)

Here, E{r) are the basis functions, and Coe{¢) represents the
coefficient unique to the guest molecule ¢. For simplicity, we initially
consider the case of a single atomic probe. Additionally, we focus only
on the major non-bonded interactions.

Molecular force field and PES components. We assume that the non-
bonded interaction potential energy primarily consists of three com-
ponents: the Pauli exchange mutual repulsion potential (Epaui), the
London dispersion potential (Ejonqon), and the Coulomb potential
(Ecoulomb)- The interaction energy between atom i (in the MOF) and
atom j (the probe) is defined by the following standard force field
terms*’:
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The parameters € and ¢ denote the well depth and the van der
Waals radius, respectively, which depend on the specific (pseudo)
atoms. g represents the partial charge, and k = 4,}—% is the electrostatic
force constant.

For any atom i in the material, the Lennard-Jones (LJ) component
of the van der Waals potential, V(ry) = Epauii(i, ) + Eiondon(i, /), simplifies

to:
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The cross-parameters o; and €; are calculated using the
Lorentz-Berthelot mixing rules:

- 0tg
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ey' = A /€i€j

Let j be the reference probe used for calculation and ¢ be the
new probe atom in the actual task. Assuming the distance rip =r;=r,
and substituting the mixing rules into the LJ potential for both

probes:
0;+0,\2  [(0;+0,)\°
< 2r ) _< 2r )

]
2r 2r

If we were to calculate the ratio V,/Vj, the result would be a
complex function f(o,s, 0; r) dependent on the distance r and the
specific material atom i. Since the total potential energy for a material
M is the summation 25V, the complex dependence of V,/V;oniand r

prevents a simple linear correlation between different probes (2V,;, and
2Vj). This necessitates a decomposition into universal basis functions.

©)

Vp(r)=4,/€€, (6)

Vi) =4,/€:;

Construction of universal basis functions. Our goal is to find a set of
basis functions £ such that the ratio of the total potential energy of two
probes satisfies V @, j: E4/E; = g(@, j), where the coefficient g(¢, j) is
independent of the material atom o; and the position r. This pro-
portionality must hold even after summing over all atoms in the
material structure (XE4/2E; = g(¢, ), which is possible only if E,4/E; is
independent of i and r.

The required basis functions can be constructed by applying the
binomial theorem to the Pauli repulsion and London dispersion terms,
leveraging the Lorentz-Berthelot mixing rules. We analyze the London
dispersion potential L as an example (r, = r;; = r):
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The term inside the first set of parentheses depends on the
material atom i and position r, defining the basis function. The term
inside the second set of parentheses depends only on the probes ¢ and
J, defining the coefficient. Since the coefficient is independent of i and
r, we can sum over all atoms i € M, and the total potential energy
remains a linear combination with the same coefficients.

Thus, for a specified exponent k;, the London basis function
(summed over material atoms) is:

kg
E london (r)

-y Tl g (10)
iem CllIr =1}

Final PES basis functions and implementation. The Pauli repulsion
term is derived similarly with an exponent of 12, and the form of the
electrostatic potential (which is Ecoutomb > 7™ for a single charge g;=1) is
already a simple basis. Using the UFF molecular force field
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parameters®’, the complete set of PES basis functions is:
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where 0,4 = g; + Ao. Any (pseudo) atom j can serve as the reference
probe, yielding a universally applicable set of basis functions. In our
implementation, we specifically use the methane (a pseudo-atom
representing methane) probe to calculate these basis functions. It
should be noted that these functions describe the PES of a single
(pseudo) atom. Further refinement for more complex guest molecules
containing multiple atoms is reserved for future work.

Additionally, considering that many common guest molecules
(e.g., CHy, Ny, H,) are non-polar, their interactions are less affected by
the Coulomb term. Introducing partial charges can potentially intro-
duce a bias against specific guest molecules during the pre-training
stage. Therefore, the partial charges and the corresponding E.ouiomb
potential are not considered in practice, leaving a total of 13 + 7 = 20
basis terms.

Representing PES basis functions via multi-channel 3D image
For a specific material, the crystal structure is first expanded into a
supercell to ensure that the minimum length of the lattice vector
exceeds 8A. Coordinates are then uniformly sampled within the
supercell to construct a 24 x 24 x 24 PES grid (13,824 sampling pointsin
total). For each coordinate r, the corresponding n terms of the PES
basis functions are computed based on the formulas in Section
“Derivation of potential energy surface basis functions”. The resulting
data structure is a tensor of shape 24 x 24 x 24 x n, where n is the
number basis functions. This data structure is naturally interpreted as a
three-dimensional (3D) n-channel image with a resolution of
24 x 24 x 24, where each sampling point serves as a voxel and each of
the n basis function terms corresponds to a distinct channel.

Linearly combining PES basis functions via residual connection
In Eq. (9), while a direct polynomial expansion of (g; +a¢,)6 is mathe-
matically feasible, we note the potential benefit of employing the dif-
ference substitution o, = 0;+ Ao. The term in the basis expansion that is
independent of Ao is the one corresponding to the original London
dispersion potential energy of the reference probe j (similarly for the
Pauli term). This decomposition allows the final PES to be conceptually
viewed as the original potential energy of probe (specifically,j= CH, is
used to calculate the basis functions) plus a series of correction terms.
This is analogous to the residual connection paradigm in deep
learning'®, which is known to enhance training stability and facilitate
the training of deeper or more complex networks. SpbNet adopts this
practice by fixing the coefficient of the reference PES (probe j) to 1,
while allowing the coefficients of the other basis functions to be
learnable.

Consequently, the PES basis functions are categorized into: (1)
Original PES Term: A single-channel 3D image, shaped 24 x 24 x 24 x 1,
which represents the PES of the reference probej (CH4) and acts as the
identity mapping. (2) Correction Terms: Composed of the remaining
18 channels (Pauli and London terms excluding the reference term),
shaped 24 x 24 x 24 x 18. These correction terms are transformed into a
single channel via a learnable linear layer (with weight shape (18,1) and
no bias) and subsequently added to the Original PES Term to obtain

the final universal PES. This specific implementation of the residual PES
was found to be critical for performance. Direct implementation where
all basis function coefficients (including that of the original CH, PES)
were learnable resulted in significant performance loss, performing
even worse than simply using the original CH, PES without any basis
function expansion.

Model architecture

The architecture of SpbNet is designed around a cross-attention
mechanism?® integrated with a structure encoder. Cross-attention is
widely used in multi-modal learning to enable effective fusion of het-
erogeneous information®®?. In SpbNet, this mechanism facilitates the
interaction between structural features of porous materials and the
PES representations.

SpbNet consists of two main components: a structure encoder
and a PES decoder. For the structure encoder, we adopt the PaiNN
architecture’ to generate atom-level embeddings following the
implementation in ref. 20. All hyperparameters remain consistent with
the original PaiNN settings. Since each atom possesses an individual
feature vector, the representation of an entire structure can be viewed
as an unordered set of atomic embeddings.

For the PES decoder, we employ a Vision Transformer (ViT)*. The
PES grid of size 24 x 24 x 24 x 1 (see Section “Linearly combining PES
basis functions via residual connection”) is divided into cubic patches
with a patch size of 3, yielding (24/3)* = 512 patches in total. Each
3 x 3 x 3 x 1 patch is treated as a token, transforming the PES into an
ordered sequence of patch tokens. This token sequence is processed
by a 36-layer Transformer decoder®, where cross-attention layers
inject the structural embeddings from the encoder into the PES token
stream. The resulting feature of each patch is used to predict atomic
quantities within that region.

Alearnable [CLS] token*’ is prepended to the PES token sequence,
and its final feature is passed through two linear layers followed by a
tanh activation to predict both pre-training objectives (e.g., void
fraction and topology) and downstream properties (e.g., gas adsorp-
tion). The hidden feature dimension is set to 512, and the model
employs eight attention heads.

Training strategy

We follow the standard training paradigm commonly adopted in
Transformer-based models. During the pre-training stage, the frame-
work consists of (1) a linear layer that combines the PES basis functions
(see Section “Linearly combining PES basis functions via residual
connection”), (2) the structure encoder, and (3) the PES Transformer
decoder as the backbone, with a single linear layer serving as the
prediction head. An additional [CLS] token is appended to the
sequence of PES patch tokens. The extracted feature of the [CLS] token
is subsequently processed by a pooling layer composed of a single
linear layer followed by a tanh activation function. Each pre-training
task is associated with an independent prediction head, implemented
as a single linear layer to predict the corresponding target property
(e.g., topology type, PLD, LCD, etc.). All trainable components share
the same training schedule. The learning rate increases from 10~ to
10™* over the first 15 epochs and then decays to 107 following a cosine
schedule. The AdamW optimizer is used with a weight decay of 0.25.
The model is pre-trained for 40 epochs, and the checkpoint with the
lowest validation loss is selected for fine-tuning.

In the fine-tuning phase, all backbone weights are retained, while
the prediction head (including the pooling layer and task-specific lin-
ear layer) is replaced. The pooling layer is re-initialized, and a new
downstream task-specific head is added. The same learning rate
schedule is used as in the pre-training phase: the learning rate
increases linearly from O to 10™ during the first 2 epochs and then
decays to O following the cosine function. AdamW is again employed
as the optimizer, with the weight decay set to 0.1. The model is fine-
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tuned for 60 epochs, and the checkpoint achieving the lowest valida-
tion loss is used for inference. Notably, a smaller weight decay is
adopted in fine-tuning, as it is empirically found to yield better
performance.

Datasets

SpbNet uses different datasets as benchmarks. Except for bandgap,
thermal stability, heat capacity, mechanical properties and datasets for
COFs, zeolites and PPNs, other benchmarks use three public datasets:
(1) hMOF*'**, (2) CoREMOF?%, and (3) Tobacco’®. hMOF*'** is a com-
monly used dataset, containing over 130,000 hypothetical MOF
materials. The hMOF dataset includes data on the adsorption capacity
of seven gases (CO,, CH4, N,, H,, Kr and Xe) and adsorption heat data
of four gases (CO,, CHy, Ny, Hy). It should be noted that the structural
topologies in the hMOF dataset are relatively limited. Another, more
challenging and reliable dataset is COREMOF***°, The COREMOF data-
set includes about 14,000 MOF structures, coming from experimental
data, Cambridge Structural Database, and Web of Science searches.
Thus, the COREMOF dataset mainly includes experimental structures
(instead of hypothetical structures as in hMOF and Tobacco). Com-
pared with hMOF, CoREMOF has richer topologies and more complex
structures. A large part of the experiments in this paper uses the
CoREMOF dataset, such as adsorption, separation, etc. (see Supple-
mentary Data 2). In addition, Tobacco® is also a hypothetical dataset.
Unlike hMOF, Tobacco uses a topology-guided method, thus the
topologies are richer. The mechanical stability benchmark® uses a part
of the Tobacco dataset. In addition to these datasets, there are also
some datasets used for specific works, such as heat capacity. For all
datasets, we try to select ~5000 for training and 1000 for test and
validation. For smaller datasets with less than 7000 samples, the
training-validation-test data are randomly split into 8: 1: 1. All datasets,
sources, training data volume, and tasks are listed in Supplementary
Data 2. For pre-training, SpbNet is pre-trained on 95,370 structures,
which are randomly sampled from the data provided by
MOFTransformer?®.

Data availability

The dataset of hMOF, CoREMOF, Tobacco is from https://mof.tech.
northwestern.edu(ref. 51). For other porous materials, benchmark
datasets are from https://figshare.com/articles/dataset/Benchmark_
data/24884001. The heat capacity data is from https://archive.
materialscloud.org/record/2022.53(ref. 52). The data of mechanical
stability is from https://figshare.com/articles/dataset/Neural_zip/
24316339(ref. 39). All used pre-trained material structures are from
https://figshare.com/articles/dataset/1_million_hypothetical MOFs/
21810147(ref. 20). All the benchmark datasets used in this study have
been deposited in the Figshare database under accession code https://
figshare.com/articles/dataset/Benchmark_Dataset/28943996?file=
54263099. Pre-trained weight has been deposited in the Zenodo
database under accession code https://doi.org/10.5281/zenodo.
17855144, Source data are provided as a Source Data file. The
Source Data generated in this study has been deposited in the Zenodo
database under accession code https://doi.org/10.5281/zenodo.
17856491%*. Source data are provided with this paper.

Code availability

The code for data preprocessing, pre-training and fine-tuning is
available at https://github.com/tyvanzou/spbnetunder the MIT
LICENSE. The source code has also been deposited to Zenodo™.
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