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ACCESSIBLE OVERVIEW Given the vast combinatorial search space of possible configurations, searching
for new materials with specific properties has traditionally been a computationally intensive and time-
consuming task. Recently, machine-learning-based approaches have been proposed to speed up this
search. However, existing solutions are typically highly task specific and struggle to utilize the rich diversity
of material information available when training the machine-learning models. To address these challenges,
this work proposes MultiMat, a framework for training general-purpose machine-learning models (foundation
models). Specifically, MultiMat is pre-trained on large amounts of diverse material data and can then be fine-
tuned on various, more specific, tasks. The utility and potential of the MultiMat framework is demonstrated on
the tasks of material property prediction (used to search for desirable materials during high-throughput
screening) as well as direct material discovery. Additionally, it is shown that the MultiMat features correlate
well with material properties, indicating that the model has effectively captured material information and
could potentially provide new scientific insights in the future.

SUMMARY

Artificial intelligence is transforming computational materials science by improving property prediction and
accelerating the discovery of novel materials. Recently, publicly available material data repositories have
grown rapidly, encompassing not only more materials but also a greater variety and quantity of their associ-
ated properties. Existing machine-learning efforts in materials science focus primarily on single-modality
tasks, i.e., relationships between materials and a single physical property, thus not taking advantage of
the rich multimodal data available. Here, we introduce multimodal learning for materials (MultiMat), a frame-
work enabling self-supervised multimodal training of foundation models for materials. Using the Materials
Project database, we demonstrate the potential of MultiMat by: (1) achieving state-of-the-art performance
for challenging material property prediction tasks; (2) enabling novel and accurate material discovery via
latent-space similarity, allowing screening for stable materials with desired properties; and (3) encoding
emergent features that correlate with material properties and may provide novel scientific insights.

INTRODUCTION

Data-based approaches have become increasingly prevalent in
computational materials science,’™ due to the rapid algorithmic
innovations in the field of machine learning (ML)® as well as by the
growing amount of data available in materials science data-
bases.®'* An exciting aspect of ML in materials science lies in
its potential to greatly accelerate calculations. Although training

Gheck for
‘updates’

an ML model requires an up-front computational cost, predicting
a material property using a trained ML model is substantially
faster than running an ab initio calculation.’>'” The discovery
of new materials relies on that speed-up, since the vast combi-
natorial space of possible materials makes exhaustive ab initio
calculations computationally infeasible. There have been a num-
ber of works that demonstrate the use of ML models to rapidly
screen large amounts of materials with the aim of accelerating
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materials discovery.'®" Beyond these screening-based ap-
proaches—which rely on predictive models—there is also an
emerging interest in the use of generative models for materials
discovery.””* Developing better graph neural networks
(GNNs)?°° has represented the research frontier for achieving
state-of-the-art predictive performance of materials. However,
while interpretability has been a focus of ML for science,
including in the domain of materials,?'*'~*® GNNs, as with any
other deep neural network, usually fall short when it comes to
interpretability.

An increasingly important paradigm in ML is foundation
models, which are general-purpose ML models pre-trained on
large amounts of data and then fine-tuned for a variety of appli-
cations.®” Notable examples include GPT-4°% and Gemini.*®
Because pre-training is performed using unsupervised methods,
these foundation models are able to take advantage of extremely
large amounts of data that would normally be difficult to utilize
when directly training models for specific downstream tasks. A
seminal work in multimodal learning is contrastive language im-
age pre-training (CLIP),*® which can be used to train multimodal
foundation models. CLIP aligns an image encoder with a text
encoder, encouraging the embeddings of the image and cap-
tions to be similar. Subsequent efforts*'*> have predominantly
focused on multimodal learning with just two modalities (usually
images and text).***° How to best incorporate more than two
modalities remains an open problem.%=°?

Here, we adapt CLIP to the materials domain and also extend
it to multimodal pre-training with an arbitrary number of modal-
ities. We leverage the fact that materials databases are inher-
ently multimodal: for example, besides the crystal structure,
the density of states (DOS)*>°* and charge density®® convey
rich information about materials. Textual descriptions of the
crystal, which can be machine generated,° offer a fourth modal-
ity that is additionally computationally cheap to acquire. It is
important to point out that the aforementioned material modal-
ities are not information independent, since they can be
computed from the crystal structure. The same holds true for im-
age-caption pairs that were used in CLIP. Therefore, the point of
contrastive multimodal pre-training is not to leverage modalities
with independent information but rather to learn better represen-
tations by integrating different perspectives of the same underly-
ing data.®”°° Motivated by these opportunities, we introduce
multimodal learning for materials (MultiMat), a novel framework
for training a foundation model for crystalline materials that al-
lows for the incorporation of several modalities. The basis for
MultiMat is a multimodal pre-training method that connects
high-dimensional material properties (i.e., modalities) in a shared
latent space to produce highly effective material representations
that can then be transferred to various downstream tasks. Using
MultiMat, we pre-train a state-of-the-art GNN on the Materials
Project'® database to demonstrate its ability to produce state-
of-the-art foundation models for materials. Very recently, prelim-
inary work has explored related ideas for molecules®' and a
structure-agnostic multitask learning approach for crystals.®?

The MultiMat framework trains a foundation model for mate-
rials by aligning the latent spaces of encoders of different infor-
mation-rich modalities, such as the crystal structure, DOS,
charge density, and textual description, as shown in Figure 1A.
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This alignment process produces shared latent spaces and
effective material representations, which can then be leveraged
for a series of downstream tasks (Figures 1B-1D). For instance,
the crystal encoder can be transferred and fine-tuned for mate-
rial property prediction, enabling improved predictive perfor-
mance compared to traditional training techniques. Since
MultiMat aligns the latent spaces of different modalities, it can
also be used in a novel material-discovery strategy by screening
large crystal-structure databases with comparisons between
target properties and candidate crystals based on the latent-
space similarity. Finally, we demonstrate how the MultiMat
approach enables the features to be understood through corre-
lations with material properties by exploring the latent space
from MultiMat using a dimensionality-reduction approach.

RESULTS

Modalities and architectures

Toillustrate the MultiMat framework, we consider four modalities
for each material, all from the Materials Project database: (1) the
crystal structure, which we denote by C = ({(r.,E)};, {Rj})).
where {(r;, E;)}, is a set containing the coordinates r; and chem-
ical element E; of the ith atom in the unit cell, and {R;}; is the set
of unit cell lattice vectors; (2) the DOS, p(E), as a function of en-
ergy E; (3) the charge density n. (r) as a function of position r; and
(4) a textual description T of the crystal obtained from Robocrys-
tallographer.®® For each material modality, we train a separate
neural network encoder to learn a parameterized transformation
from raw data to an embedding in a shared latent space. The C
encoder uses PotNet, a state-of-the-art GNN°?; the encoders of
p(E) and n,(r) are based on the Transformer®* and 3D-CNN ar-
chitectures.®® The T encoder uses a frozen MatBERT®® model, a
bidirectional encoder representations from Transformers (BERT)
textual model®” that has been pre-trained on materials science
literature. A key advantage of the T modality is that its
data collection is relatively inexpensive, since Robocrystallogra-
pher can be used to generate a T modality for every C; thus, T
can be used to obtain a much larger pre-training dataset.
Conversely, T may not contain information as rich as that in other
“high-cost” modalities such as p(E) and ne(r), which are usually
obtained from ab initio simulations. Additional modality and ar-
chitecture details are provided in the methods section.

Overview of multimodal pre-training methods

MultiMat adapts CLIP“ to the materials science domain through
several extensions that allow for the integration of more than two
modalities. Below, we give a brief summary of CLIP and these
extensions (see methods for additional details):

CLIP: Applies to two modalities. We adapt CLIP to materials
science by replacing the traditional image-text pairs with
C paired with one other modality in {p(E),ne(r), T }. CLIP encour-
ages alignment between the embeddings of a pair of modalities
(via the loss term in Equation 1a; see methods).

AllPairsCLIP: When there are more than two modalities
involved, multiple pairs of modalities can be created.
AllIPairsCLIP includes the pairwise CLIP loss between all
possible pairwise combinations of modalities; the loss is aver-
aged over all such pairs.
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Figure 1. The multimodal learning for materials (MultiMat) approach
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(A) Crystal (C), density of states (DOS) (p(E)), charge density (ne(r)), and text (T) encoders map each modality to embeddings in a shared multimodal latent
space (center). MultiMat’s training objective aligns the embeddings of different modalities corresponding to the same material.
(B) Application of MultiMat in improved prediction of materials’ properties. The C encoder from (A) is transferred, and a randomly initialized linear head is trained

jointly with the transferred encoder to predict material properties.

(C) Application of MultiMat in material discovery. The DOS encoder embeds a target DOS (in blue). In the shared latent space, the closest crystal embedding
(in red) from a large collection of crystal embeddings is selected. Since the embeddings of DOS and crystal are aligned during training, the crystal whose
embedding is closest to the target DOS embedding is highly likely to have a DOS (in red) that closely resembles the target. Therefore, this crystal is identified as the

best candidate.

(D) Application of MultiMat in enabling the understanding of its features based on correlations with material properties. We visualize the latent space of the crystal
encoder using dimensionality reduction to reveal information about properties of materials that are implicitly encoded in the embeddings.

AnchoredCLIP: Because AllPairsCLIP considers all possible
pairwise combinations, the number of loss terms increases
significantly with more modalities. A cheaper alternative is to
only average over pairwise combinations that include C, i.e.,
the “anchor,” since the C encoder is arguably the most crucial
for transferring to other downstream tasks (e.g., prediction tasks
typically use the crystal structure as inputs).

The loss terms of both AllPairsCLIP and AnchoredCLIP are ag-
gregates of pairwise loss terms; for n modalities, they feature
n(n —1)/2 and n — 1 individual pairwise loss terms, respec-
tively. In Table S1 and supplemental methods, we explore other
methods that align three or more modalities without pairwise
decomposition (i.e., there is only a single loss term regardless
of the number of modalities).

A central advantage of pairwise alignment is the ability to
exploit all available modality pairs, even when some pairs may
be missing for certain database entries (since these loss terms
can simply be set to zero). This is an important feature, since
the coverage of material databases is often incomplete: for
example, some entries may only have information for C and
p(E), others only for C and ne(r). A pairwise multimodal loss al-
lows MultiMat to take advantage of a greater total amount of
data than would be possible with non-pairwise methods, since

the information of incompletely covered entries can still be
incorporated.

Crystal property prediction
After the multimodal alignment stage in MultiMat, the C encoder
can be fine-tuned on various predictive tasks by attaching a
randomly initialized linear head and fine-tuning end to end. We
explore the tasks of predicting the bulk modulus, shear modulus,
elastic tensor, and band gap corresponding to a crystal input.
The mechanical property tasks use the Materials Project data-
base,'” and the band-gap task uses the SNUMAT semicon-
ductor database.”’ These tasks were chosen because they
have relatively few labeled data points compared to the number
of data points used during pre-training. In particular, roughly
154,000 data points are used during pre-training compared to
roughly 7,000 data points for the bulk modulus, shear modulus,
and elastic tensor tasks and roughly 10,000 data points for the
band-gap task. Note that for the crystal property prediction
tasks, only the crystal structure is used and not any of the other
modalities used for multimodal pre-training.

Figure 2 compares MultiMat using multimodal pre-training
with 2-4 modalities against baselines without multimodal pre-
training. The two baselines are CGCNN,° the first method using
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Figure 2. Crystal property prediction

Mean absolute error (MAE) for the prediction of various crystal properties
across baseline methods and MultiMat. Methods are grouped by color ac-
cording to the number of modalities, M, selected from the set of all modalities
{C,p(E),ne(r), T} (with C always selected). Results for the M =2 and M = 3
cases show the average performance over all allowed combinations for each
category (individual experiments are reported in Table 1), and error bars give
the standard deviation over three random seeds, averaged over all experi-
ments within that category.

GNNSs for crystal property prediction, and PotNet,*° the current
state-of-the-art method for crystal property prediction using
GNNs. Note that MultiMat also uses the architecture of
PotNet for the C encoder. For the two- and three-modality
cases in Figure 2, the results shown are averages of experi-
ments over all possible two- or three-modality combinations
from the set {C, p(E), ne(r), T} with C always chosen (since we
are interested in predicting material properties form the
crystal structure). For example, for two modalities, results are
the average mean absolute error (MAE) over the combinations
{C, p(E)}, {C, ne(r)}, and {C, T} (results of individual experi-
ments are shown in Table 1). MultiMat pre-training significantly
improves predictive performance compared to the baselines
that do not make use of any pre-training. In particular,
MultiMat reduces the MAE by up to ~ 10% compared to
PotNet, which is the current state-of-the-art and the C architec-
ture used in MultiMat. This performance improvement is com-
parable to the improvement when going from CGCNN to
PotNet, methods that are separated by 5 years that represent
the first method and state-of-the-art method for crystal prop-
erty prediction, respectively. Moreover, note that MultiMat is a
pre-training method that can be used on top of any existing or
future crystal encoder to substantially improve its performance.
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Thus, the primary focus is on the performance difference be-
tween PotNet and MultiMat, with the CGCNN baseline serving
to contextualize the overall performance advancements.

We observe that including three or more modalities during pre-
training marginally improves performance over just two modal-
ities (Figure 2). On the other hand, we found no significant gains
in using MultiMat with M = 4 modalities over M = 3 modalities.
Speculatively, this might reflect that (1) the fourth modality offers
only a marginally different perspective on the material compared
to the other three modalities or (2) the current implementation is
not able to take advantage of the additional modality due to
model capacity limitations (to ensure fair comparison, we use a
fixed architecture across all experiments and do not increase
the neural network capacity to match the corresponding
increased complexity).

In Table 1, we show the individual experiments used to
compute the averages for M =2 and M = 3 in Figure 2. Non-
crystal combinations are omitted from Table 1, as we are inter-
ested in predicting material properties from the crystal structure,
necessitating the inclusion of the crystal structure in MultiMat.
This is the standard setting for material property prediction, since
the crystal structure is always readily available for materials.
In contrast, other modalities need to be computed from the crys-
tal structure. Furthermore, the crystal structure contains all infor-
mation necessary to predict any material property, since the
many-body Hamiltonian is uniquely determined by the crystal
structure.®®

By analyzing the individual experiments in Table 1, we can learn
which combinations of modalities tend to perform better and
worse, respectively. In particular, for M = 2, the combination
{C, p(E)} performs comparatively or slightly better than the other
modality combinations (which themselves perform roughly the
same). However, the best-performing combination is still task
dependent (i.e., it depends on the material property being pre-
dicted). For M = 3, AnchoredCLIP with {C,p(E) ne(r)} per-
forms comparatively or somewhat better than the other combina-
tions (although the modality combination performing the best
varies for the different material properties). For AllPairsCLIP there
is no combination of modalities that tend to work better than others
across all material properties, also underlining that the best combi-
nation of modalities varies across the material properties.

Material discovery via latent-space similarity

A key motivation for building fast surrogate predictive models is
to enable accelerated design or identification of materials with
specified properties. In this section, we demonstrate an example
of how MultiMat can achieve this goal via latent-space similarity
by screening a large material database and selecting the candi-
date that possesses the highest similarity to the desired prop-
erty. Taking the example of identifying a material with a specific
“target” DOS, we proceed by: (1) embedding the target DOS us-
ing the p(E) encoder; (2) embedding each crystal in the database
of candidate materials using the C encoder; and (3) identifying
the top-k crystals that maximize the (cosine) similarity between
the p(E) and C embeddings. Figure 3 presents results for mate-
rial discovery via latent-space similarity for a MultiMat model
trained using AnchoredCLIP with the three modalities C, p(E),
and ne(r).
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Table 1. Detailed results for crystal property prediction

Bulk modulus

Shear modulus

Elastic tensor

Band gap (SNUMAT)

Without MultiMat

CGCNN 11.069 + 0.106 18.508 + 0.182 13.299 + 0.027 0.495 + 0.008
PotNet 9.618 + 0.237 17.845 + 0.475 11.947 + 0.175 0.441 + 0.005
Two-modality MultiMat

Crystal, DOS 8.757 + 0.050 16.143 = 0.171 11.538 + 0.089 0.390 + 0.000
Crystal, charge density 8.932 + 0.164 16.466 + 0.221 11.619 + 0.050 0.407 + 0.002
Crystal, text 8.738 + 0.133 16.694 + 0.372 11.588 + 0.113 0.409 + 0.003
Three-modality MultiMat

Crystal, DOS, charge density AllPairsCLIP 8.652 + 0.110 16.253 + 0.239 11.476 + 0.104 0.391 + 0.002
Crystal, DOS, text AllPairsCLIP 8.708 + 0.095 16.571 + 0.520 11.525 + 0.048 0.397 + 0.002
Crystal, charge density, text AllPairsCLIP 8.541 + 0.169 16.318 + 0.358 11.382 + 0.052 0.405 + 0.004
Crystal, DOS, charge density AnchoredCLIP 8.531 + 0.097 16.045 + 0.123 11.424 + 0.013 0.396 + 0.002
Crystal, DOS, text AnchoredCLIP 8.631 + 0.058 16.218 + 0.108 11.543 + 0.041 0.396 + 0.000
Crystal, charge density, text AnchoredCLIP 8.814 + 0.091 16.555 + 0.144 11.469 + 0.021 0.399 + 0.001
Four-modality MultiMat

Crystal, DOS, charge density, text AllPairsCLIP 8.639 + 0.116 16.368 + 0.285 11.421 + 0.015 0.397 + 0.002
Crystal, DOS, charge density, text AnchoredCLIP 8.760 + 0.115 15.994 + 0.229 11.407 + 0.051 0.397 + 0.004

Results of individual experiments for crystal property prediction used to compute the averages presented in Figure 2. Prediction error is measured in

MAE and standard deviation is shown over three random seeds.

We first investigate how well the latent spaces of the different
encoders are aligned, since good alignment is crucial for select-
ing good candidate materials. To this end, we explore the cross-
modality retrieval performance of the model, i.e., how often the
model given a sample of a certain modality was able to retrieve
the sample of another modality corresponding to the same ma-
terial; the results are shown in Figure 3A. Retrieval performance
was measured on a test set containing roughly 15,000 materials
(that all have C, p(E), and ne(r) entries in the Materials Project
database). “DOS-crystal” at top-k refers to the average accu-
racy (over all DOS samples in the test set) that the correct crystal
structure is present within the top-k samples retrieved given a
DOS sample in the test set. The challenge of the retrieval task de-
pends on the size of the dataset for which retrieval is performed
(in our case consisting of roughly 15,000 materials) and can be
viewed as a classification task where the number of classes
equals the number of samples in the dataset. Considering the
size of our dataset, the strong retrieval performance demon-
strates that MultiMat achieves effective alignment between the
encoders of the different modalities. It is also worth noting that
in AnchoredCLIP, p(E) and ne(r) are never explicitly aligned
(since the pairwise losses are computed only on combinations
that include C; see methods); “DOS-charge density” neverthe-
less achieves reasonably good retrieval performance.

Next, we explore how MultiMat can be used to discover mate-
rials when the desired target is not contained within the search
space by considering all DOS samples in the test set to be tar-
gets and all crystals in the training set to be potential candidates.
Since a material with the exact target property does not exist in
the search space, effectiveness is measured by how well the
property of a selected material resembles the desired target. Fig-
ure 3B shows the error between the DOS corresponding to the
best candidate material and the desired target for this task, aver-

aged over all targets. When picking the best crystal candidate
out of the n closest neighbors in the shared latent space, we
see that the normalized MAE between the target p(E) and the
p(E) corresponding to the best crystal structure decreases as
more neighbors are considered, as expected. There are dimin-
ishing improvements in normalized MAE beyond five neighbors,
suggesting that a consideration of approximately five nearest
neighbors would give a reasonably good candidate for the
desired property. We expect this general trend to roughly hold
when scaling to larger databases with the aim of discovering
new materials with suitable properties. Finally, Figure 3C pro-
vides a visualization of two examples from our material-discov-
ery pipeline, showing a relatively good fit between the selected
material and the target p(E).

The alignment between modalities MultiMat optimizes for sug-
gests that a close match between C and p(E) embeddings in the
multimodal space signifies similarity in the physical space be-
tween the candidate material corresponding to the C embed-
dings and the material corresponding to the target p(E). This pro-
posed material-discovery approach leverages the extensive
scale of C databases, which typically exceeds the number of en-
tries for other modalities by at least an order of magnitude and
thus allows one to identify existing materials that would have a
p(E) very similar to the target, had it been computed. This con-
stitutes an accelerated form of material design, which only
uses inference through the neural network encoders followed
by a nearest-neighbor search to find materials likely to exhibit
certain desired properties. This material-discovery approach is
enabled by the alignment between encoders optimized by
MultiMat. In contrast, “forward-only” approaches to material
design are based on an encoder-decoder structure (e.g., where
C is first encoded to a latent space and then decoded to predict
p(E)). A potential benefit of our latent-based similarity approach
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Figure 3. Material discovery via latent-space similarity

(A) Top-k accuracies for cross-modality retrieval using encoders pre-trained
with AnchoredCLIP, averaged over the test set.

(B) Normalized MAE between the target p(E) from the test set and the p(E)
corresponding to the best crystal candidate from the training set, identified
through our latent-space similarity approach when the number of closest
neighbors considered is varied. The best crystal candidate is selected from a set
of crystals whose embeddings are the closest neighbors to the target p(E) in the
shared latent space, where the chosen crystal has a p(E) with the smallest
normalized MAE compared to the target p(E). MAE values are normalized by the
area of target p(E) (both computed in the (—5 eV to 5 eV) range), and the
values reported here are averaged over the whole test set.

(C) Two examples of the p(E) corresponding to the best C candidate found via
latent-space similarity overlaid with the target p(E) of the material-discovery
process.

lies in the fact that searching for candidates in a low-dimensional
latent space compared to the physical space is likely easier for
high-dimensional properties such as p(E). A related work
focusing on p(E) was introduced in Bang et al.%% however, it dif-
fers from ours by only working for binary composition materials
and focusing on material design through chemical composition
for a fixed atomic structure, thus neglecting the structural infor-
mation of materials. Note that while our results focus on p(E), the
approach is applicable to other modalities, provided that the
respective encoders are trained with MultiMat.

By design, the cosine similarity guides the contrastive loss,
and its use for retrieval in the latent space has shown promising
results for representation learning of images and text.”*°® How-
ever, it is important to point out that the choice of cosine similar-
ity and the sampling of the pre-training materials can be
improved, as materials exist on high-dimensional, non-linear
manifolds with large curvatures. Likewise, the alignment of
different modalities in MultiMat could potentially benefit from a
more suitable distance metric. We leave this for future work.
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Understanding MultiMat features through correlations
with material properties

Finally, we explore how the MultiMat latent space can be under-
stood through correlations with material properties. Specifically,
we use uniform manifold approximation and projection (UMAP)
to transform the high-dimensional learned features from the crys-
tal encoder (after MultiMat but before fine-tuning on property pre-
diction tasks) into a more visualizable 2D space,’® as shown in
Figure 4. For the results in this section, we used AnchoredCLIP
trained with {C, p(E),ne(r)}. The 2D features reveal that materials
with similar properties tend to be close together, suggesting that
the features learned from MultiMat can be understood based on
physical properties. Again, it is important to point out that the
use of the cosine similarity as a distance metric for UMAP is likely
not optimal. What is more, the dimensionality-reduced embed-
dings might be discontinuous. Nevertheless, we still observe a
clear correlation between the dimensionality-reduced embed-
dings and various physical properties.

In Figure 4A, we color code each embedding by one of the
seven possible crystal systems—cubic, hexagonal, monoclinic,
orthorhombic, tetragonal, triclinic, and trigonal. Each crystal sys-
tem comprises collections of space groups that are typically
similar to each other, thus demonstrating clustering by the
spatial structure of the material. There is some broad color-
based clustering, such as cubic crystals (red) concentrating
near the top and orthorhombic crystals (yellow) concentrating
in the upper left part of the 2D plot. Additionally, some of the
smaller clusters of points tend to be the same color, such as
the pink cluster on the left representing a trigonal lattice. Howev-
er, it is difficult to clearly show this many discrete properties in
one plot, so the embeddings of different crystal systems are
also shown separately in Figure S1.

Furthermore, we explore how the MultiMat embeddings clus-
ter based on formation energy (a continuous property) and
whether a crystal is a metal (a discrete property). Specifically,
in Figures 4B and 4C, we color code the dimensionality-reduced
embeddings based on the value of the respective property for
each material. Although the pre-trained model has never seen la-
bels indicating a material’s formation energy or whether a mate-
rial is a metal, materials with similar (different) properties still tend
to be close together (far apart) in the 2D space. This is particularly
the case when color coding based on the formation energy.
When color coding based on whether a material is a metal or
not, the clustering is not as apparent, although metals still tend
to be concentrated more toward the top and non-metals more
toward the bottom. This suggests that the model is not merely
learning random abstract features or memorizing data; it is
learning features that capture information about materials’ phys-
ical properties. In future work, insights derived from these fea-
tures may be used to guide the search and discovery of materials
with particular optical or electronic properties without the need
for costly methods beyond density functional theory (DFT).”""?

DISCUSSION
The incorporation of additional modalities into MultiMat improves

its predictive performance. In particular, there is a big jump in per-
formance between one and two modalities (i.e., between the
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baseline and MultiMat with two modalities) and a smaller jump be-
tween two and three modalities, at which point the performance
improvements due to incorporating additional modalities saturate.
This also points to promising future research opportunities in us-
ing more than two modalities for multimodal learning in domains
outside of materials.

The material property prediction tasks considered in this work
have fewer available data than is used for the multimodal pre-
training phase. This significant difference in dataset size under-
scores the robust representation developed by MultiMat during
its pre-training phase, which likely contributes to its strong per-
formance in crystal property prediction tasks, even with relatively
limited fine-tuning data. Small datasets are of particular interest
in materials science, since many open questions in the field
concern specific classes of materials with few known data
points.”*~"® MultiMat could potentially alleviate some problems
of traditional data-driven ML methods for materials that typically
require large quantities of data.

The methodological innovations introduced in this work may
also have applications beyond the domain of materials science.
The field of multimodal learning has so far been predominantly
centered on integrating just two modalities, stemming partly
from the limited methodologies capable of scaling to more
than two modalities.*®"%"" Prior research in the area has largely
focused on working with image-text pairs scraped from the web,
thereby reducing the need for multimodal methods that go
beyond two modalities.*®*” In this work, we made use of CLIP

V]

(Y
5

but also introduced novel extensions for
multimodal pre-training that were specif-
ically tailored to handle more than two

™~
"’fﬁ -, modalities. Furthermore, we extend our

e

x5

¥ contributions by detailing two additional
pre-training methods in (see Table S1
and supplemental methods) employing
simultaneous rather than pairwise align-
ment of modalities and performing on par.

An advantage of our screening
approach to material discovery is the abil-
ity to constrain the search space to mate-
rials that are known to be stable. Thisis a
practical strategy, since crystalline struc-
tures for stable materials are abundant
compared to other modalities that are
collected via computational methods (e.g., charge density or
DOS). Our material-discovery approach provides a rapid solu-
tion to material discovery and mitigates the large computational
costs otherwise required in traditional simulation and experi-
mental procedures when searching over these crystal data-
bases. The screening approach can also be extended to incor-
porate multiple modalities simultaneously—this multimodality
conditioning could, for example, be leveraged to identify mate-
rials with desirable properties of multiple modalities simulta-
neously (e.g., the DOS and charge density). Future work could
explore building generative models from MultiMat’s latent space
to harness its effective learned representations. Moreover, we
expect the results to further improve if the search for candidate
materials is extended to larger databases of stable materials.
Consequently, this represents an interesting direction for future
work in materials discovery and design. For example, the recent
GNoME database,® consisting of 2.2 million materials predicted
to be stable by ML, is particularly well suited for this purpose.
Other suitable databases include the Crystallography Open
Database’® and the Inorganic Crystal Structure Database,’
with roughly 500,000 and 280,000 entries, respectively.

\\'4.3 :
e
%J'

METHODS
Encoder architectures

Here, we describe the encoder architectures used for the various
modalities.
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Crystal structure encoder

For the C encoder, we adopted the PotNet architecture,*° the
state of the art for predicting properties of crystalline materials.
PotNet represents the crystal structure data as a graph, where
the nodes are atoms and the edges are interatomic potentials.
In contrast to other methods, PotNet accounts for the complete
set of interatomic potentials, enabling it to learn powerful repre-
sentations of crystal structures.

Density of states encoder

The data for each material consists of a list of energies E and
the corresponding DOS p(E). We utilized a Transformer archi-
tecture to encode p(E).°* Because the energies E for which
p(E) is measured can vary between different samples in the
data, we removed the positional encoding traditionally used
in Transformers and instead introduced a learnable embedding
layer for the energies. Specifically, we separately embedded
the p(E) values and their corresponding energies E, followed
by concatenating these embeddings along the embedding
dimension (thus doubling the effective embedding dimension).
Subsequently, a linear layer was employed to mix the embed-
dings for each token. This was then followed by another layer,
which downsampled the embeddings for each token back to
the original embedding dimension (i.e., the embedding dimen-
sion is halved). This adaptation allows the p(E) encoder to
adeptly handle p(E) samples with variable energy ranges,
since it accounts for continuous (instead of discrete) inputs
and has a notion of where a particular p(E) lies along the en-
ergy axis.

Charge density encoder

The ne(r) is represented as a three-dimensional (3D) tensor cor-
responding to the voxelized ne(r) (i.e., a three-dimensional array
of real numbers corresponding to the charge density per unit vol-
ume). For the ne(r) encoder, we utilized a 3D ResNext architec-
ture®® which, due to its 3D convolutions, can capture spatial pat-
terns in all three dimensions of the 3D n.(r) tensor.

Text encoder

The textual descriptions of the crystal structure are machine
generated by Robocrystallographer®® and are available in the
Materials Project database, similar to that used in Rubungo
et al.°® Each crystal is described in a paragraph containing nat-
ural language and chemical symbols. For better contextual un-
derstanding (in contrast to regular text models pre-trained on
the Internet), we use MatBERT,®® which has been pre-trained
on a large corpus of material science literature, to generate em-
beddings for each textual description. MatBERT has a context
window of 512 tokens; thus, we truncate samples with more to-
kens to fit within the context window. Note that approximately
66% of the dataset has less than or equal to 512 tokens and
does not require truncation. As with most classification applica-
tions of BERT®” models, the model outputs a “CLS” token that is
typically used for downstream tasks. In this work, we use the
embedding of the “CLS” token output as the embedding. Its
embedding dimension is 768; to align it with the embeddings
from the other encoders, we use a two-layer trainable MLP to
project it down to a dimension of 128. Note that during
MultiMat pre-training, the MatBERT model is frozen (weights
are not trained), and the only trainable parameters are those of
the projection MLP.
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Multimodal pre-training methods
CLIP*C is a pre-training method that makes use of image-caption
pairs from the web to build effective visual representations of
input text. CLIP makes use of a contrastive loss function to pull
matching image-caption pairs (pairs where the caption corre-
sponds to the image) closer in the embedding space while push-
ing non-matching pairs (pairs where the caption does not corre-
spond to the image) further apart, thereby aligning the image
encoder with the text encoder. Here, alignment refers to the de-
gree to which embeddings of a matching pair of modalities are
similar in the embedding space. This alignment results in effective
visual representations that can be used for a variety of tasks.*?:>

Here, we describe the methods for multimodal pre-training
that we used. First, we explain how we adapted CLIP*° to the
domain of crystalline materials. Thereafter, we describe our
novel methods to handle multimodal pre-training with more
than two modalities. In particular, we show how CLIP, which is
limited to pre-training with two modalities, can be generalized
to handle more than two modalities.*°

In the original CLIP method, we have two modalities .4 and B
and their corresponding samples A; and B; for a batch of N sam-
ples (where i is the index over the batch). After the samples are
encoded using the modality-specific encoders f, and f5, the em-
beddings are given by a; = f4(A;) and b; = f5(B;). The CLIP
objective connecting A and 3 is then given by

es|m<a, b;)/7 .
¢(A,B) = ; log S (en))” (Equation 1a)
where sim(-, -) is the cosine similarity metric and 7 is the temper-

ature parameter. In practice, the symmetric loss,

[¢(A, B) + €(B, A)], (Equation 1b)

N =

L(A,B) =

is used. CLIP was originally introduced in the context of image-
caption pairs, with A representing an image modality and B a
text modality.

CLIP adapted to materials science

The most straightforward approach to multimodal pre-training in
materials science is the direct adaptation of two-modality CLIP
to materials-specific modalities. In particular, C can be seen as
analogous to an image and the p(E),nq(r), or T can be seen as
analogous to the caption of an image in the original formulation
of CLIP. This allows us to explore three distinct options for multi-
modal pre-training using CLIP in materials science by making
use of C and p(E), by making use of the C and n¢(r), or by making
use of C and T. Specifically, the loss functions are

L(C,p), (crystal — DOS) (Equation 2a)

L(C,ne), (crystal — charge density) (Equation 2b)

L(C,T), (crystal — text) (Equation 2c)

where the loss function L is given by Equation 1b.
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AllPairsCLIP

Apart from a direct adaptation of CLIP to the materials science
context, we also introduce two methods that extend the CLIP
objective to accommodate and align an arbitrary number of mo-
dalities. The first of these, AllPairsCLIP, generalizes the CLIP
objective to more than two modalities by aggregating the CLIP
losses between all combinations of two modalities. Specifically,
to incorporate all four modalities, C, p(E), ne(r), and T, the
AllPairsCLIP objective is computed as

[L(C,p)+L(C,ne)+L(C,T)

1
LAIIPairsCLIP == .
6 (Equation 3)

+L(p,ne)+L(p,T)+L(ne,T)]

where each term in the total loss is the individual CLIP for two
modalities given by Equation 1b. A computational challenge
arises from the combinatorial nature of pairwise alignments: for
n modalities, the number of pairwise alignments or terms in the
loss function scales as (n®> — n)/2. This scaling is increasingly
burdensome as n grows.

AnchoredCLIP

To address the computational drawback posed by the
AllPairsCLIP method, we propose an alternative approach,
also based on CLIP, which we call AnchoredCLIP. This method
introduces the concept of an “anchor modality,” a core modality,
rich in information, with which every other modality shares an in-
formation overlap. Contrary to aligning every possible pair of mo-
dalities as in AllPairsCLIP, AnchoredCLIP only aligns pairs con-
sisting of the anchor modality and each of the other modalities.
This approach significantly reduces the number of modality pairs
being aligned, i.e., terms in the loss function. Specifically, for n
modalities, the number of pairs aligned is reduced ton — 1.1In
the context of materials science, when considering C, p(E),
ne(r), and T, we choose as anchor modality C, since it consti-
tutes a natural representation for crystalline materials that are
commonly used for downstream tasks. The AnchoredCLIP
objective for these modalities is then

1 .
LAnchoredCLIP = 5 [L(QP) + L(Cvne) + L(C’ T)} (Equatlon 4)

where both terms in the total loss objective are again given by the
CLIP loss function in Equation 1b.

Batch masking

When using three or more modalities via AllPairsCLIP and
AnchoredCLIP, some samples may not have data entries for all
the modalities—e.g., some samples in the batch may have
data entries for all modalities C, p(E),ne(r), T, while some sam-
ples may have missing entries of p(E) or ne(r) (in the Materials
Project database, C and T exist for all the entries). Out of
154,718 materials in the Materials Project, there are 121,915
with entries for ne(r), 89,071 entries with p(E), and 78,461 entries
with both ne(r) and p(E). Note that T exists for all C. To take care
of this during MultiMat pre-training, for each sampled batch of
size B, we create a separate binary mask of dimension B for
each pair of modalities to indicate the existence of their data en-
tries for each sample in the batch. This binary mask is then used

¢ CellP’ress

to screen and select all existing samples within the batch to
compute each pairwise loss while setting the loss terms of the
missing entries to zero; thus, batchwise training can be per-
formed as per normal.

Material discovery via latent-space similarity and
understanding the MultiMat embeddings

Here, we elaborate on the experimental procedures undertaken
for the results pertaining to material discovery and the understand-
ing of embeddings following multimodal pre-training. For the
retrieval and material-discovery experimentsillustrated in Figure 3,
we utilized encoders that were pre-trained using AnchoredCLIP
on three modalities of C, p(E), and ne(r). We split the pre-training
datasetinto train/test subsets inan 80:20ratio (resulting in approx-
imately 62,000 and 16,000 train and test materials, respectively).
MultiMat pre-training was performed on the training set, and the
retrieval accuracy shown in Figure 3A was computed on the test
set (i.e., consisting of samples not in the training set, which was
used for the multimodal pre-training). Regarding the experiments
showcased in Figures 3B and 3C, the target p(E) came from the
test set, again ensuring these were not part of the pre-training da-
taset. We then treated all materials in the training set as potential
candidate materials, aiming to identify the materials being the
closest neighbors for each target p(E).

For the quantitative evaluation of the material-discovery strat-
egy shown in Figure 3B, we compute the MAE between
the target and nearest-neighbor p(E) in the energy range
from — 5 eVto +5 eV, using linear interpolation to map the target
and nearest-neighbor p(E) onto the same equispaced energy
grid. We restrict our focus to this limited range because it (1)
helps to account for the varying energy ranges of different mate-
rials in the Materials Project data, obviating a need for extrapo-
lation, and (2) covers the energy range of primary physical inter-
est, since most electrical and optical properties are influenced
mainly by electrons near the Fermi level.®®8%¢" Additionally,
the MAE between the target and nearest neighbor p(E)
was normalized by the area of the target p(E) in the —5eV to
+5 eV range. This normalization ensures a more equitable com-
parison across different targets-nearest-neighbor pairs. Mathe-
matically, we define the normalized MAE in the energy range
from —5eVto +5¢eV by

5 eV
,:evlptarget (E) — Prearest neighbour(E)| dE

NMAE = ,
ste\;v Prarget (E) dE

(Equation 5)

Note that this metric, despite its relative character, may still
exhibit large values (e.g., exceeding unity), even for a slight
misalignment of the resonance energies, because the DOS
frequently is a sharply peaked quantity.

For the results presented in Figure 4, we made use of materials
from the same test set that was used for the retrieval and mate-
rial-discovery results discussed above. The embeddings of the
approximately 16,000 crystal structures in the test set were
transformed into a 2D space through UMAP dimensionality
reduction.”® In Figure 4B, a few of these materials were identified
as outliers in terms of their formation energy and thus removed.
This was done to make the color gradient easier to interpret.
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Data

We constructed a multimodal dataset for materials science us-
ing data from the Materials Project,'® a well-established open-
source initiative. This dataset included crystal structures,
DOS, charge densities, and textual descriptions; those four
modalities were used for multimodal pre-training. In addition
to those modalities, we made use of the bulk modulus, shear
modulus, and elastic tensor data for material property predic-
tion performance evaluation of MultiMat (after fine-tuning on
those tasks) as well as for establishing non-pre-trained base-
lines. We also used Materials Project data for the visualization
results, whereby we color coded the UMAP embeddings by
crystal system, formation energy, and whether the material is
a metal.

Despite its comprehensiveness, the Materials Project has
known data-quality limitations for certain material properties,
e.g., for the band gaps. Specifically, the root-mean-square
error (RMSE) between the Materials Project band gaps
(computed using DFT) and their experimentally observed coun-
terparts is 1.05 eV, potentially affecting the efficacy and reli-
ability of models trained on band gaps from the Materials Proj-
ect.'? To address this, we utilized the Heyd-Scuseria-Ernzerhof
(HSE) gaps in the SNUMAT semiconductor database,’’ which
offers more accurate band-gap values (RMSE of 0.36 eV rela-
tive to experimentally determined band gaps) due to using a
more accurate DFT functional. We used the version of this data-
base where materials with a computed gap of 0 eV were filtered
out; note that even this filtered version of this database does
contain some large gap insulators. This SNUMAT semicon-
ductor database contains around 10,000 materials without
any multimodal information. We used it to fine-tune and eval-
uate models pre-trained with multimodal data from the Mate-
rials Project and also to establish baselines for models without
any multimodal pre-training. Note that some previous
works®>®% have explored using ML to predict band gaps of
the SNUMAT database.

Implementation details and settings for training and
evaluation

MultiMat pre-training

We use the PotNet architecture for the C encoder, a Trans-
former-based architecture for the p(E) encoder, a 3D ResNeXt
architecture for the ne(r) encoder, and MatBERT®® (together
with a two-layer MLP) for the T encoder. Each encoder produces
an embedding with dimension d = 128. We use the AdamW
optimizer®® for training, with a cosine-decay learning-rate
schedule and a linear warm-up schedule of 10 epochs. The
peak learning rate is fixed at 10-* and weight decay is fixed at
5 x 10~*. We use a batch size of 360 across all pre-training ex-
periments and perform pre-training for a total of 500 epochs.
Fine-tuning for prediction tasks

After pre-training, the C encoder is transferred, and a linear
head is randomly initialized. The model is then fine-tuned for
various material property prediction tasks. We use the AdamW
optimizer with a cosine-decay learning-rate schedule and linear
warm-up with 10 epochs. We use a batch size of 120 with no
weight decay, and the peak learning rate is swept over {1073,
10-4,10~5}. From the downstream data entries available for
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the specific prediction task, we create a train, validation, and
test split in the ratio of 60 : 20 : 20. The pre-trained C encoder
was fine-tuned on the training set, and early stopping was per-
formed based on the lowest validation error on the validation
set. The best checkpoint (i.e., with the lowest validation loss)
was then used to evaluate on the test set. Error bars were
created by taking the standard deviation from three different ex-
periments with different seeds.

Material discovery via latent-space similarity

For the results in Figure 3, we used a slightly smaller batch size of
100 for MultiMat pre-training, as we observed that this resulted in
slightly better performance.
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Supplemental ltems

Note S1. Isolated Views of Dimensionality-Reduced Embeddings for Dif-
ferent Crystal Systems

In Figure 4a, the dimensionality-reduced crystal embeddings where color-coded based on their
crystal systems. However, it can be hard to clearly color-code based on that many discrete
properties in one panel. Therefore, Figure S1 shows the embeddings corresponding to different
crystal systems separately. This makes it easier to understand the full extent of the embeddings
corresponding to a specific crystal system, as they are no longer obstructed by embeddings
corresponding to other crystal systems. We still observe some clustering based on the crystal
system. For example, cubic crystal (red) are concentrated more towards the top and monoclinic
crystals (blue) are concentrated more towards the bottom.
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Figure S1. Isolated views of dimensionality-deduced embeddings of different crystal systems in Fig-
ure 4a. The embeddings corresponding to different crystal systems are shown separately.



Note S2. Results for Non-pairwise Multimodal Pre-training Methods

The multimodal alignment methods in the main text, i.e., AllPairsCLIP and AnchoredCLIP, focus
on aggregating pairwise alignments. Here, we explore the performance of two novel multimodal
pre-training methods that align multiple modalities (three or more) without pairwise decompos-
ition (i.e., there is only a single loss term). In particular, for M = 3 modalities, we explore two
methods we term TensorCLIP and 3D BarlowTwins; the former is an extension of the infoNCE"
to a 3 x 3 similarity tensor instead of a 2 x 2 similarity matrix and the latter is a 3-dimensional
extension of the self-supervised learning method BarlowTwins.? Both methods are described in
detail in the supplementary methods, see Novel Non-Pairwise Multimodal Pre-training Methods.
While these methods can be straightforwardly extended beyond three modalities, in this section,
we only explore three modalities alignment due to computational constraints.

For our experiments, we use Crystal, DOS, and charge density as the three modalities during
multimodal pre-training. A disadvantage of the two multimodal pre-training methods described
above is that the similarity tensors and correlation tensors are computed over three modalities
simultaneously and, without further engineering efforts, does not take care of the scenario of
missing modalities (unlike methods based on pairwise decomposition where loss terms for the
missing modalities can simply be dropped). While in principle this can be resolved, e.g., by
applying a mask over the missing entries in the various tensors, in this section we simplify
the comparison of the different multimodal methods by considering only the intersection of the
Materials Project data where all three modality entries (i.e., crystal, DOS, charge density) are
present. This amounts to 78 641 crystals available for multi-modal alignment.

Results are shown in Table S1, where TensorCLIP and 3D BarlowTwins show comparable, but
slightly worse performance compared to the pairwise methods presented in the main text (in
particular for the band gap prediction task). The slight degradation of performance could be
due to poor optimization; due to the increase in computational challenges, the hyperparameters
involved in these methods were not thoroughly studied. Research in multimodal learning thus
far has predominantly focused on dealing with two-modality alignment with few works looking
beyond two modalities. These results point to promising future research directions to explore
these methods more deeply.

Table S1. Prediction performance of novel non-pairwise methods. We use only the 78 641 samples that
have entries for all three modalities (crystal, DOS, and charge density) for multimodal pre-training. Prediction
error is measured in MAE and standard deviation is shown over 3 random seeds.

Bulk modulus Shear modulus Elastic tensor Band gap (SNUMAT)

Pairwise methods

AllPairsCLIP 8.834 10081 16.179 +0.2908 11.550 +0.074 0.401 +0.002
AnchoredCLIP 8.945 10.096 16.178 +0.147 11.612 +0.078 0.398 +0.003
Novel non-pairwise methods

TensorCLIP 8.829 10071 16.432 +0.192 11.636 +0.085 0.424 +0.001
3D BarlowTwins 8.914 10041 16.537 +0.217 11.588 +0.044 0.435 +0.002

Supplemental Methods

Novel Non-Pairwise Multimodal Pre-training Methods

Here, we detail the non-pairwise multimodal pre-training methods from Note S2. Results for
Non-pairwise Multimodal Pre-training Methods.

TensorCLIP TensorCLIP extends the original CLIP objective to three or more modalities. In
the case of three modalities, we compute a three-dimensional similarity matrix whose entries



are the three-way dot product of the normalized embeddings. For a batch B, the infoNCE" loss
contrasts over B? terms instead of B terms as in CLIP. TensorCLIP’s objective is;

LrensorcLip = (Lyy, () + Ly, ) + Lmts. 9)/3 (1)
with
esim(@;.b;.¢;)/7
Lm,, ) = Z 10g emm(zn bj.co)/t’ (82)

>4 abier

\/2/ 19 \/Zz 10 \/Zl 1<
three embedding vectors, each with dimension d. This operation can be efficiently computed
using the einsum package in PyTorch.?

where sim(a, b, ¢) = is the generalized three-way dot product between the

3D BarlowTwins BarlowTwins? is originally developed for self-supervised learning in computer
vision. It aims to create embeddings invariant to distortions applied to different batches of im-
ages, while simultaneously reducing redundancy between various features of these embed-
dings. This was achieved by encouraging the cross-correlation matrix of the embeddings to be
close to the identity matrix.

To adapt the BarlowTwins approach for multimodal pre-training, we shift the focus from em-
beddings of two batches of distorted images to embeddings derived from various modalities.
This transition requires an extension of both the loss function and the cross-correlation matrix to
handle embeddings from more than two modalities. Specifically, we adapt the method to handle
three modalities, though it is worth noting that it can be easily extended to n modalities in the
same way we extend it from two to three modalities. The loss function for 3D BarlowTwins for
three modalities is given by

L= Y (0-Cpl+ ) (G-Cyp)

ijk st i=j=k ijk s.t.
i=jtk

Vi=k#j (S3)

v j=kti
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In Eq. (S3), C denotes the generalized cross-correlation matrix for three modalities which is
given by

22 Zb] Zo¢
Vs G S G S )

where M, denotes the I-th modality from which the embeddings are derived (e.g., from the crys-
tal encoder, the DOS encoder, or the charge density encoder) and z,, M denotes the i-th feature
of the embedding vector from the I-th modality from the 4-th sample in the batch. Additionally,
the embeddings are assumed to be mean-centered along the batch dimension and 1 is a hy-
perparameter that balances the relative influence of the terms.

Cijx =

(S4)

In Eq. (S3), the first term is designed to foster similarity or correlation of corresponding fea-
tures across different modalities. By corresponding features, we refer to features from different
modalities with the same index in the modality embedding vectors. The second term aims to
encourage a moderate level of similarity or correlation for cases where two out of the three fea-
tures correspond to each other across modalities. Lastly, the third term promotes dissimilarity or
decorrelation among different features across modalities. The last term can also be interpreted
as minimizing the redundancy between the features across modalities.

Computational challenges While direct alignment via TensorCLIP and 3D BarlowTwins is in-
tuitively appealing, it presents greater computational challenges. Specifically, with a batch size



of B, an embedding dimension of D, and n modalities, the n-dimensional tensor in TensorCLIP
contains B" entries, while for 3D BarlowTwins, it contains D" entries. Therefore, the loss compu-
tation scales roughly exponential with the increase in number of modalities, while the pairwise
methods presented in the main text would scale roughly as a polynomial (by increasing the
number of loss terms needed).
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