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Abstract

Tackling the task of materials generation, we aim to enhance the previously
proposed All-atom Diffusion Transformer (ADiT) by introducing SymADiT, a
symmetry-aware variant. To do so, we use a representation of materials based on
Wyckoff positions. We follow ADiIT and perform generative modelling in latent
space, adapted to our symmetry-aware representation. By forcing the output of the
generative model to adhere to the symmetry restrictions imposed by the generated
crystal’s space group and each atom’s Wyckoff-position, the generated materials
exhibit more realistic symmetry properties. We benchmark our method against both
symmetry-aware and symmetry-agnostic models for materials generation and show
competitive performance, generating stable, symmetric materials with a simple
Transformer architecture.

1 Introduction

The vast combinatorial space of yet unexplored materials holds considerable potential for advancing
several fields, including the discovery of novel 2D materials, next-generation energy storage systems,
and materials for carbon capture [1]]. In exploration of this space, generative models have emerged as
an attractive class of methods [2]], largely due to their ability to rapidly generate large numbers of
candidate materials.

Early generative models for crystals [3H5]], as well as more recent approaches [6} [7]], typically do not
explicitly model the intrinsic symmetries of crystalline materials, instead relying on learning such
symmetries directly from data. These symmetries are fundamental to determining material properties;
for example, crystal symmetry governs whether phenomena such as piezoelectricity can occur [§].
In addition, these symmetry-agnostic methods exhibit two fundamental shortcomings: first, their
representations are inherently redundant, as they include more structural detail than necessary, given
that much of it is determined by the material’s symmetry; second, while these models are effective at
generating novel crystal structures, the generated structures often exhibit only translational symmetry.
This is highly implausible for real-world materials and, from a generative modelling standpoint,
inconsistent with materials databases (e.g., [13,(9]), where usually only a small fraction of structures
lack symmetry beyond pure translations.

To overcome these two issues, recent works have focused on symmetry-aware generative modelling
of crystals [10H14]]. These methods adopt a Wyckoff-based representation that explicitly encode the
crystal’s symmetry, retaining only the minimal information required to reconstruct the full structure
via its symmetry operations. We contribute to this line of Wyckoff-based research by building on All-
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Figure 1: Illustration of our representation and framework, which is inspired by ADiT [[6]: Training an
autoencoder for reconstruction, followed by learning a generative model over its latent representations.
However, in our approach, the decoded representation explicitly contains symmetry information, thus
enabling the generation of materials with realistic symmetry properties by design.

atom Diffusion Transformer (ADIT) [6], a recent generative framework for materials and molecules.
While ADiT employs a symmetry-agnostic representation of materials, we propose SymADiT, a
symmetry-aware alternative that can be directly substituted into such a framework. In this work,
however, we focus exclusively on materials generation. The central idea behind our representation is
to restrict the model to predicting only the degrees of freedom (DOF) not constrained by the space
group. By encoding symmetry directly through Wyckoff positions, the symmetry properties are
enforced at the representation level rather than learned implicitly by the network. This allows the use
of a standard Transformer architecture [[15]] while reducing the number of tokens relative to ADiT’s
symmetry-agnostic representation.

Due to the nature of ADiT (which encodes both materials and molecules), the generative modelling
is performed in latent space. Following their design, we first train an autoencoder (AE) to encode
crystals using our symmetry-aware representation, and subsequently perform generative modelling in
the resulting latent space. This setting naturally enables us to investigate symmetry-aware generation
in latent space, which, to the best of our knowledge, has not been previously explored. In contrast,
most existing methods for crystal generation operate directly in data space. As a result, they typically
require multiple generative components (e.g., separate mechanisms for continuous and discrete
variables) [3, (10, [16]. By operating in latent space, the generative process is restricted to a single
mechanism. The proposed methodology is illustrated in Figure|[T}

In summary, our contributions are firstly a representation based on Wyckoff positions, which we
incorporate into the ADiT framework to form SymADiT, enabling symmetry-aware generation with a
simple Transformer backbone. We show how this enables more realistic generated materials compared
to ADIT, and we benchmark our approach also against a wide range of both symmetry-aware and
symmetry-agnostic methods, showing competitive performance in materials generation.

2 Preliminaries: Wyckoff Representation

Symmetry-Agnostic Representation of Crystals An ideal crystalline material is represented by
its crystal structure as an infinite periodic arrangement of unit cells, allowing a single unit cell to
serve as a finite representation. A widely used symmetry-agnostic approach [3-7] is to represent the
material by explicitly representing one full unit cell. In this way, a crystal C with M atoms in its
unit cell can be represented by a tuple C = (A, X, L), where A € Z" are the chemical element
associated with each atom, X € R *3 are Cartesian atom coordinates, and L € R3*3 are the unit
cell basis vectors. The atomic positions can equivalently be expressed in the lattice basis as fractional
coordinates F € [0,1)M*3, In the remainder of this paper, we assume all atomic coordinates are
given in fractional form. The lattice vector geometry can likewise be parametrised by six scalar
parameters ¢ = (a, b, ¢, a, 8,7), which provide a sufficient descriptiorﬁ of L. Since the choice of
unit cell is not unique, prior symmetry-agnostic methods [3} 15, 6] typically canonicalize it using a
primitive cell obtained via Niggli reduction [17]. This symmetry-agnostic representation exhibits

'We lose the orientation of the cell with this parametrisation, but this can be arbitrarily chosen. This parametrisation of L
is typically used in practice.



two main shortcomings (see Section|[I]), motivating the development of symmetry-aware approaches,
which we discuss next and extend in our proposed representation.

Space group Fundamental for describing the symmetry of a crystal is its space group. A space
group G € G, where G denotes the set of 230 space groups, is a group of isometries that tiles R®.
G consists of two transformations; an infinite subgroup of discrete lattice translations, as well as a
collection of symmetry operations G(-) = {R,(-) + vy|Rg € O(3),v, € R3} € G, where R, is
a point group operation (e.g., rotation, reflection), and v is a translation. Once the space group is
specified, much of the crystal’s structural information is largely constrained (see Paragraphs
Positions| [Unit Celll and Appendix [A). This insight forms the basis of our representation, whose
implications we discuss in the following sections.

Wyckoff Position The Wyckoff positions of a space
group G partition regions of the unit cell with specific sym-
metry constraints. When an atom occupies a Wyckoff posi-
tion, the nature of that position constrains the coordinates
to a point (0 DOF), a line (1 DOF), a plane (2 DOF), or
a general position in the unit cell (3 DOF). More formally,
the orbit of a point z is the set {gz|g € G}, i.e., all posi- .
tions obtained by applying every symmetry operation in
G. All points in an orbit are symmetry-equivalent, and one
element in that set is called a representative. The number
of distinct elements in the orbit is called the multiplicity.
Wyckoff positions are labelled by their multiplicity and a
Wyckoff letter, with the letters assigned in lexicographic
order corresponding (partially) to increasing multiplicity
(e.g., 4a, 8b). These combinations are not unique per
space group. A 2D illustration can be seen in Figure 2]

Mfl

M
Figure 2: Toy illustration of Wyckoff po-
sitions in a 2D unit cell. Colours distin-
guish Wyckoff positions. Opaque atoms
denote representatives, while faded

Unit Cell Similar to Wyckoff positions, the space group atoms indicate symmetry-equivalent po-

also constrains the unit cell geometry, meaning that cer-
tain parameters in ¢ are no longer independent. For ex-
ample, in cubic space groups (Nos. 195-230), the unit
cell is constrained to be cubic, enforcing a = b = ¢ and
a = [ =y =90°, so that only a single lattice parameter
remains independent (a in ). In all work related to Wyck-
off representation, it is necessary to work with a larger

sitions; together they form the corre-
sponding orbit. M denotes a symmetry
operation. The gray region highlights
the asymmetric unit used in Wyckoff-
based approaches, containing a single
representative from each orbit. Image
adapted from [18]].

symmetric unit cell, referred to as conventional.

Asymmetric Unit An alternative to the symmetry-agnostic representation (where the full unit cell
is described) is to encode only a minimal subset of the unit cell, known as the asymmetric unit (ASU),
from which the full crystal can be reconstructed given the space group and its symmetry operations.
This is the standard representation used in Wyckoff-based approaches. The ASU consists of one
representative of each symmetry orbit (see Figure[2). This shift to only considering symmetrically
inequivalent atoms reduces the dimension of the generative modelling substantially. In Section 3| we
present our representation of the ASU, while prior approaches are reviewed in Section @]

Generative Models Generative frameworks [21H26]] aim to learn the underlying (unknown) data
distribution pyq,(-) and generate new samples from it. In essence, the core idea is based on starting
from a pure “noise” sample z¢p ~ po(zo), and turn this into a “clean” sample x1 ~ pg(z1) ~
Pdata (1), via a learned (deterministic or stochastic) map z; = fg(xl)E] The distribution po(xo)
should be something we can easily sample, typically a standard Gaussian distribution. We use flow
matching [27] as our generative framework, adjusted for operating in latent space, and describe this
in more detail in Section[3.2

2We cover only the essential aspects of Wyckoff positions needed to motivate our method; see, e.g., [191[20] for a more
comprehensive treatment.

3Denoting noise as x( and the clean sample as x1 is consistent with the framework we use, but the general description
also covers other deep generative models.



Algorithm 1 Pseudocode for AE encoder £ Algorithm 2 Pseudocode for AE decoder D

Input: ASU of orbit i: ({a;}, {w:}, {fi}, ¢, G) Input: Latent representations { z; }
Output: Latent representations { z; } Output: Reconstructed ASU ({a; }, {w;}, {fi}, L)
1: h; = Embed(a;) h; € R4m 1: h; = Linear(z;) h; € R9m
2: h; = h; + Embed(w;)
3: hy = hy + MLP(f;) 2: {h;} = Dec({h;})
4: h, = Embed(G) hg € R9m
5: hy = hy + MLP(L)
30w ~ pwyekott(+ | Sa [Lineary, (hs)]) w, €W
6: h; = h; + hg 4: a ~ paom(- | Linearq (h;)) a, €Z
5 ff =8,/ [Li hi [ eR?
7: {hi} = Enc({h}) fi = 8, [Lineary (hi)] fi
6: L' =S¢ [LinearL (Zl hi) ] L' € RS
8: 2] = Linear({h;}) z, € R?

9: zi:zé/ﬂlqt(%;)Q

3 Proposed Method: SymADiT

In this section, we introduce our proposed method: Symmetry-aware ADIT (SymADIT). The method
is based on a representation of materials whose key idea is to exploit the fact that once the space
group is specified, many structural degrees of freedom for the Wyckoff positions and unit cell become
constrained, thereby reducing the dimensionality of the generative problem. Rather than predicting the
full ASU structure, we instead model and predict only the symmetry-independent (free) parameters,
while all remaining quantities are deterministically inferred from the space group. Furthermore, by
operating on orbits rather than individual atoms (where we use one representative per orbit), we
significantly reduce the number of input tokens processed by the Transformer compared to ADiT.E]
An example of how the representation is aligned with a crystal library (PyXtal [28]]) can be seen in

Appendix [A]
3.1 Stage 1: Autoencoder

A crystal structure, C = (G, W, A F, () consisting of N symmetry orbits, can be represented via
its ASU as:

Space group G € {1,...,230}
Atom types A = {a;}Y, € ZV, Wyckoff pos. W = {w;}}¥., € WV,

Fractional coords. F = {f;}¥, € [0, 1)V*3,
Lattice params. £ = (a, b, ¢, o, 3,7) € RS,

where W denotes the set of all 1731 Wyckoff positions across all space groups, and Z denotes the set
of 100 atom types considered in this work. Starting from the crystal ASU, an encoder £ maps the
attributes of each orbit to a latent representation z;:

Z=E(G,A,W,F,/0), Z = {z}V e RV*4, (D

which is described in Algorithm [I| Each latent vector of an orbit encodes both local information
about the orbit (A, W, F), as well as global information about the crystal (G, £), with cross-orbit
dependencies captured through self-attention [15]. While ADiT uses KL divergence [25] as a
regularizer to structure the latent space, we follow [29] and replace this with a saturating function
(adopting their setting, we fix the saturation parameter to 5, see last line in Algorithm [T)), which we
found performed better. The decoder D, described in Algorithm [2) maps the latent embedding back
to components of C as

A" F W' (' =D(Z,G). 2)

Similar to ADIT [6], we use a standard Transformer [15]] for both the encoder £ and decoder D, with
the only modification that we remove the unnecessary position embeddings. The decoder network
outputs all information in the ASU, but some of it is ignored and set deterministically based on

44.74 vs. 10.30 tokens per sample on average for the MP20 dataset.



space group and predicted Wyckoff positions to ensure adherence to symmetry (indicated by the
symmetrizing functions S¢ [ . ] and S,, [ . } in Algorithm . To exemplify, even if the network makes
a prediction over the full enumeration of space groups and Wyckoff positions (1731 in total), we are
only considering those that belong to the current space group, and if the Wyckoff position limits the
atom to a single free x coordinate, the predictions of the y and z coordinates are ignored. Similarly, if
the space group, for example, constrains the unit cell to be of cube shape, only the cube length (a in )
is a free parameter, and the other parameters (lengths (b, ¢) and angles («, 3, y)) are ignored. Details
on network architectures are provided in Appendix [B] while Appendix [C]| visualizes the encoder’s
latent space via dimensionality reduction.

Training The autoencoder is trained using a weighted objective comprising a reconstruction loss
and additional regularization terms. The reconstruction loss itself consists of four terms, each
corresponding to different components in the C’s ASU:

L=MLA+WLw + ArLr + A\oly, (>\A,>\W7>\Fa)‘1?) = (131a571)' (3)

As atoms and Wyckoff positions are discrete variables, their corresponding reconstruction terms £z
and Lw are standard cross-entropy losses. We use a periodic cosine loss for the fractional coordinates
F and standard mean squared error (MSE) for the cell parameters £. The loss terms are weighted
to emphasize accurate reconstruction of the fractional coordinates, with weights chosen empirically.
Importantly, the loss is only applied to the actual free parameters of W, F, and ¢, while predictions
of parameters that are restricted due to symmetry are ignored, as these are ignored when decoding
(see previous paragraph).

Regularisation We utilise a number of regularisation techniques in order to improve the training of
the autoencoder. Similar to ADiT [6], we use a dimension of the latent representation d significantly
smaller that the encoder/decoder hidden dimension d,,,. To reconstruct physically plausible crystals,
the predicted ASU is expanded to the full crystal using the space group transformations, and the
resulting structure is checked for interatomic distances below a specified threshold (0.5 10\). We
apply augmentations to both the free lattice parameters and atomic positions to improve robustness.
The perturbations are restricted to the unconstrained degrees of freedom imposed by symmetry For
example, in a cubic unit cell only the side-length (a in £) is perturbed, while an atom constrained to
move along a line (1 DOF) is perturbed only along that direction.

3.2 Stage 2: Latent Flow Matching

After the first training stage, the AE is frozen and its encoder £ is used to produce latent representations
of the crystals for training the latent flow matching model. The model learns to generate N latent
representations Z = {z; € R} | one per symmetry orbit in the ASU, where each z; encodes local
and global structural information. Together, these can be decoded using the decoder D to produce a
crystal’s ASU.

Training We closely follow the notation of ADiT [[6]. During training, we begin by encoding a
crystal’s ASU into a latent representation Z. We define Z(!) as being a clean sample at time ¢ = 1.
We then sample a noisy latent sample Z(®) ~ A/(0, I) and construct an intermediate latent by linear
interpolating the two samples as

ZM =1 -2 +12W, ¢t e0,1]. “)

This defines a continuous path from noise to data. Flow matching aims to learn a vector field us(Z (t))
that describes how a sample should move along the path over time. The ground truth conditional
vector field is given by
7(1) _ 7()

11—t 7
which corresponds to moving directly toward the clean latent sample. The goal with flow matching is
to train a denoiser neural network F to match the conditional vector field. The network takes as input
the intermediate sample, the time step, and additional information in order to predict a clean sample
yACH Training of the denoiser network is done by minimizing MSE between Z(1) and yACH

ut(Z(t)|Z(1)) -



Algorithm 3 Pseudocode for DiT sampling

Input: G, integration steps 7', cfg. scale -y
Output: Generated sample (A, W, F, ()

: Sample G ~ Paaa (G)

¢ Sample O ~ Pgaa (O | G)

020 = 29~ N(0,1) i € O}
At=1/T

Bw oo

: for t € linspace(0.0,1.0,7) :
t
Z,O,cond = ’F(Z(O)7 12 G)
t
Z,O,uncond = ]:(Z(O)’t7 ¢)
Z,O = (1 - ’Y) Z/O,uncond + Z,O,cond
(t+AL) _ o (t) zy, -zl
Zo =Zy + At =G50
10: (A, W,F,¢) =D(ZWV,G)
11: C =PyXtal(G,W,A F,{)

® N>

0

Generation During generation, we aim to sample from the (unknown) distribution
Paata (G, A, W, F £). Given that the space group constrains many degrees of freedom, we start
by sampling a space group G. In practice, during crystal generation, each orbit will correspond
to a token in the Transformer, and we therefore introduce the number of orbits O as an auxiliary
variable, which is sampled conditioned on the space group. We then sample the latents Z (which are
also auxiliary variables) from our flow matching model, and the remaining variables are sampled by
the (probabilistic) decoder D given Z, GG, and (implicitly, as it determines the number of orbits) O.
For both G and O, we can use the empirical training data distribution pay, (G) and pyana (O|G). By
defining X:=(A, W, F, ¢), our model can be written as

pQ(G7 07 Z7 X) = ﬁdatu(G) ﬁdata(O|G) p@FM(Z|G7 O) p@D (X|Z7 G7 O)a (5)

where 6 = (Opu, 0p) are the parameters of the flow matching and decoder neural networks. Similar
to ADIT, we use a Diffusion Transformer (DiT) [30] as our denoiser network F, where conditional
information gets added through adaptive layer norm. Moreover, we use self-conditioning [31], in
which the denoiser’s prediction from the previous timestep is concatenated with the current input,
with a 50% dropout probability during training. We condition on the space group via classifier-free
guidance [32]] to incorporate the conditioning on space group into the latent generative process (see
Appendix |D|for an ablation study on this conditioning)’| At each denoising step, the model produces
two predictions: one conditioned on the space group and one without. These two predictions are
combined using guidance scale 7y as a weighted combination, controlling the influence of the space
group conditioning. Consistent with prior work [10} [11], we jointly sample Wyckoff positions and
atomic species, ensuring that Wyckoff positions with zero degrees of freedom are not sampled more
than once for different orbits, as this would result in overlapping atomic positions. Pseudo code for
generation is presented in Algorithm 3]

4 Related Work

4.1 Symmetry-agnostic approaches

Symmetry-agnostic methods do not inherently incorporate any notion of symmetry, but expect to learn
this from data. CDVAE [3]] is an early example that applies diffusion to generate atom coordinates,
while a variational autoencoder models the unit cell shape. DiffCSP [4] extends on CDVAE, defining
a joint diffusion process over atoms and unit cell. MatterGen [16] is similar to DiffCSP, but also
allows conditioning on properties. The authors investigated conditioning on space groups, but still, in
their experiments only 58 % of the generated structures are classified as the space group they were
conditioned on. FlowMM [J5] is a model based on flow matching that extends flow matching to respect
symmetries as translation, rotation, permutation, and periodic boundaries, but do not consider the

5This is also implemented in ADIT, although it is not explicitly described in the paper.



types of symmetry we do in our work. The model we build on, ADiT [6]], forms a unified generative
framework that generates both periodic materials and non-periodic molecular systems. We only
attempt to extend the materials generation, as the symmetrical properties are not applicable for the
non-periodic molecular systems. CrystalDiT [7]] similarly to ADiT uses a Diffusion Transformer [30]
approach, but perform their diffusion in data space.

4.2 Symmetry-aware approaches

DiffCSP++ [[14] is an early symmetry-aware method: an extension of DiffCSP where generation
starts with choosing a template, i.e., space group and occupied Wyckoff positions, from the training
set. Generation then proceeds by generating elements, atomic positions, and unit cell similar to
DiffCSP, while respecting the symmetries determined by the template. SymmCD [12] is a method
that, similar to SymADIT, focuses on modelling of the ASU. However, its generative procedure still
operates on and processes the full expanded material. WyCryst [33] and WyckoftDiff [11]] take on a
similar approach in that they generate the symmetry properties of materials (space group, Wyckoff
positions, elements), but they do not model the remaining degrees of freedom, while we generate the
complete geometry. SGEquiDiff [10] uses a multi-stage approach, where the space group and unit
cell are first generated, and an autoregressive model then generates the occupied Wyckoff positions
and elements. Conditioned on this information, a space group-equivariant diffusion process generates
the atomic positions, respecting the geometric constraints enforced by the Wyckoff positions.

5 Experiments and Results

In this section, we present SymADIT model details, datasets, evaluation pipeline, baselines used for
comparison, and experimental results.

Training and Hyperparameters Similar to ADiT, the encoder £ and decoder D use a standard
Transformer architecture, Unlike ADiT, however, we do not use positional embeddings. We use an
embedding dimension of d,,, = 512, a latent space dimension of d = 32, 8 attention heads, and 8
layers, for a total of 52M parameters. The second-stage DiT denoiser, with the same latent dimension
and 12 heads and layers, contains 130M parameters. Due to the nature of the Transformer being
easily scalable, we also explore increasing the DiT to 450M parameters (DiTy ), similar to ADiT. For
the generation, we use cfg scale v = 2 (focusing more on the conditional path), with the number of
time steps 7' = 1000. Models are trained for a maximum of 7,000 epochs, with batch size 512, on
A100 (80GB) and H200 (141GB) GPUs.

Datasets We evaluate our model on three datasets. The commonly used MP20 dataset [3]] which
contains 45,229 crystals with a maximum of 20 atoms in the primitive unit cell. For a fair com-
parison, we use the same split that the original paper used, meaning 27,138 crystals are used for
training, and 9046 for validation, with the remaining saved for testing. In addition, we evaluate our
own models on the MPTSS52 [9] dataset, containing 40,476 experimentally verified crystals with a
maximum of 52 atoms in the primitive unit cell. The training split contains 27,380 crystals, with
approximately 32% overlap with the MP20 training set. Furthermore, we explore merging the two
datasets (MP20+MPTS52), creating a dataset with 65,886 crystals. We divide the data into training
and validation sets using an 80/20 split, ensuring similar space group distributions across both sets.

Evaluation Evaluation is conducted on 10,000 generated crystals. Following the literature, we
report structural and compositional validity percentages. We propose the following evaluation
pipeline: Of the 10,000 sampled crystals, we filter away those crystals that do not pass the structural
validity checkr_’] We then compute unigueness (U) on those crystals, which compares the generated
crystals to each other to check if they are duplicates. Following that, we sample 1,000 crystals from
those unique and structurally valid crystals, to calculate novelty (N), which measures whether the
unique crystals are present in the training data. Both uniqueness and novelty is checked through
StructureMatcher [35] with stol=0.3, angle_to0l=10.0 and 1tol=0.2, following ADiT [6].
Finally, we randomly select 100 structurally valid, unique, and novel (U | N) structures and perform
expensive Density Functional Theory (DFT) [36, 37| calculations to assess thermodynamic stability

6As others have noted [[10}[13], only ~ 90% of the MP20 training set passes the compositional validity check based on
SMACT [34], and we do therefore not filter based on this criteria.



Table 1: MP20 dataset. Metrics are reported over 10,000 generated crystals. Validity and P1 is
evaluated on all samples. Uniqueness is measured as the fraction of structurally valid samples that
are distinct from each other. Novelty is computed over 1,000 unique structures to assess duplication
with the training data. (Meta)stability is evaluated by DFT on 100 samples that are structurally
valid, unique, and novel, and the M/S.U.N columns report the estimated fraction of structurally
valid, unique, and novel samples that are (meta)stable. Values in parentheses denote the number of
(meta)stable structures out of the 100 evaluated with DFT.

Method Sym. Validity (%) T Distr. distance | %Pl %U|NT %SUN.T %MS.UN.?T

Struct. Comp. JSDg JSDwy Wi

SGEquiDiff [10] Yes 99.65 84.56 0.11 0.05 048 1.73 98.35|89.50 5.26 (6) 14.91 (17)
SymmCD [12] Yes 9274 81.53 0.10 0.13 1.17 1.82 98.63|92.70 6.78 (8) 11.87 (14)
DiffCSP++ [14] Yes 99.96 8448 0.06 0.04 0.11 1.97 98.27]89.80 7.06(8) 14.11 (16)

ADIT [6] No 99.56 90.44 0.95 0.70  0.09 99.01 88.23|48.60 6.83(16) 15.80 (37)
CrystalDiT [7] No 97.82 84.34 0.94 0.67 0.23 98.25 92.10|65.10 8.21 (14) 19.94 (34)
MatterGen [[16] No 100.00 83.58 0.81 032 1.09 67.12 98.37]91.80 4.52(5) 20.77 (23)

FlowMM (3] No 9923 8219 091 035 0.23 9093 98.52|90.90 5.33(6) 12.44 (14)
DiffCSP [4] No 9993 8194 0.85 040 0.24 70.60 97.35|91.10  7.09 (8) 16.84 (19)

SymADiT Yes 96.50 8823 0.07 0.04 022 1.67 87.42|54.60 5.53(12) 13.82 (30)

(S) and meta stability (M.S). This forms the S.U.N and M.S.U.N metrics: the estimated fraction of
generated materials that are structurally valid, novel, unique, and (meta)stable[] We follow a similar
DFT evaluation as others [3} 16 [10], with details presented in Appendix [E} As additional metrics, we
also investigate the fraction of generated materials belonging to space group P1, i.e., structures that
exhibit only translational symmetry. Moreover, we evaluate distributional properties by reporting
Jensen—Shannon divergences (JSD) for both the space group (JSDg) and Wyckoff positions (JSDwy)
distributions. For the Wyckoff analysis, divergences are averaged across space groups, weighted by
the number of generated samples in each group. Moreover, we report the Wasserstein distance for
the distribution of the number of atoms in the unit cell W,. See Appendix [F| for more details on the
evaluation metrics.

Baselines On MP20, we compare our model to both symmetry-aware and symmetry-agnostic
approaches. The symmetry-aware methods include SGEquiDiff [10], SymmCD [12], and Diff CSP++
[14]]. For symmetry-agnostic methods, we include ADiT [6], CrystalDiT [7], MatterGen [16]],
FlowMM [27] and DiffCSP [4]]. For ADiT, SymmCD and SGEquiDiff, we trained the models from
scratch and ran their generation pipelines, with no modifications made to any of the codebases. The
remaining crystals were obtained through CrystalDiT [7] See Appendix |G| for Licenses.

MP20 Results Table [T] compares SymADIT to both symmetry-aware and symmetry-agnostic
approaches, showing competitive performance. First off, it is evident that the symmetry-agnostic
methods struggle with capturing the symmetry in the data: The fraction of P1 materials (P1 column)
in MP20 is 2.23%, but the symmetry-agnostic model closest to this is MatterGen with 67%, and for
ADiTﬂ and CrystalDiT, which are the symmetry-agnostic methods most related to SymADiT, this
number is > 98%.

Distribution metrics in Table[I] further highlights how the symmetry-agnostic methods to a lot less
extent capture the symmetry characteristics of the data in terms of space group distribution (J SDG
and distribution of Wyckoff positions (JSDwy). When it comes to the number of atoms in the unit cell

7E.g., structural validity = 9500/10000, uniqueness = 8500/9500, novelty = 500,/1000, and (meta)stability = 50,/100;
multiplying these yields the fraction reported in M/S.U.N columns.
8CTF files can be found on HuggingFace: https://huggingface.co/xiaohan-yi/CrystalDiT.
9While ADIT is listed as symmetry-agnostic, it tries to incorporate symmetry via conditioning on space group during
generation, but this does not seem to be effective.
10Since all symmetry-aware methods in this work explicitly sample the space group from the empirical training distribution,
JSDg is not a meaningful evaluation metric for these methods.


https://huggingface.co/xiaohan-yi/CrystalDiT

Table 2: MPTS52 and MP20+MPTS52. Metrics are reported on 10,000 generated crystals.
SymADiT refers to the larger 450M DiT model. See caption of Table for additional details.

Method Data Validity (%)t  Distr. distance, %Pl % U|NtT %SUN?T %M.S.UN T

Struct. Comp. JSDg JSDwy Wa

SymADiT MPTS52 9434 8423 0.11 004 040 1.62 85.04|48.50 3.11(8) 10.89 (28)
SymADiT  MP20 + MPTS52 9531 86.60 0.06 0.04 0.32 1.62 93.94 | 54.30 4.38(9)  14.59 (30)
SymADiT; MP20+ MPTS52 94.96 87.27 0.07 0.05 049 1.62 92.57[49.50 3.05(7) 12.62(29)

(W 4), all methods perform well. This behaviour is expected for symmetry-agnostic methods and for
DiffCSP++, which explicitly samples the number of atoms from the empirical training distribution.
In contrast, SymADiT, SymmCD, and SGEquiDiff only sample implicitly from this distribution
when sampling the occupied Wyckoff positions, but still manage to capture this distribution well. In
Appendix [H] we show additional statistical properties of novel crystals generated by each method.

Taken together, these results highlight the need for models like SymADIT which incorporates symmetry
as an inductive bias, rather than learning it purely from data. Furthermore, the results suggest that
the inductive bias incorporated into the representation is sufficient to generate symmetric materials
and does not necessarily require additional symmetry in equivariant models: a simple Transformer
combined with latent flow matching is sufficient.

The uniqueness and novelty of materials generated by SymADiT are comparably low, which conse-
quently negatively impacts the M/S.U.N. rates. Considering a practical scenario when only evaluating
novel and unique materials, this implies that SymADIT would need to generate more materials
to reach a certain number of materials that are evaluated. However, as the generative models are
computationally cheap compared to DFT, it is more important that the materials that make it until
the final evaluation are of good quality. In this regard, SymADiT is best among the symmetry-aware
methods, with 12 and 30 stable and meta stable out of 100, respectively.

Comparing the M/S.U.N. metrics across symmetry-aware and symmetry-agnostic methods reveals
a clear performance gap, with the DiT-based models achieving the strongest results. This suggests
that DiT-based approaches are promising for generating thermodynamically stable crystal structures.
However, symmetry-agnostic DiT models neglect a key characteristic of realistic and synthesizable
materials: most experimentally observed crystals exhibit substantial symmetry and do not belong to
the P1 space group.

Additional Results Table|2|shows additional results for SymADIT on larger datasets. On both
datasets, SymADi T still performs reasonable in the distribution metrics, showing that the model can
robustly scale up to larger structures. We found that the larger DiT did not improve the generation
of novel structures, indicating that the 130M model is sufficient. Similarly to the MP20 training,
novelty is not as high as in other symmetry-aware methods, but uniqueness increases slightly for
MP20+MPTS52. Visual results of M/S.U.N. structures generated by SymADIT are presented in
Appendix

6 Discussion and Conclusion

In this paper, we propose SymADIT, a symmetry-aware extension of ADiT, a generative framework
for materials based on latent flow matching. We construct SymADiT using a Wyckoff representation
that explicitly encodes symmetry. Our results demonstrate the capability of SymADiT to generate
materials with realistic symmetry properties, which ADiT and other symmetry-agnostic methods
struggle to capture, while maintaining a high degree of predicted thermodynamic stability. Notably,
these improvements are achieved using a simple off-the-shelf Transformer architecture, without
requiring additional architectural modifications, while also reducing the number of tokens relative to
ADiT.

Due to computational constraints, we conducted 100 DFT evaluations per model, adding unknown
variance to our reported M/S.U.N. rates. A limitation of the generative model developed here and
in previous work is that while proposing new materials, there is no guidance on how to synthesize



there materials, which leaves an open question for future work. Additionally, while ADiT originally
was developed for enabling generation of both crystals and molecules, we only looked at the crystal
generation aspect, and future work could include molecule generation capability together with our
symmetry aware approach.
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A Example of the Representation

Here we showcase an example of how our representation can be used to create a crystal C =
(G, W, A F, /) using the crystal library PyXtal [28]]. We take the classic example of NaCl, which
belongs to space group 225. Na and Cl occupies two highly symmetric orbits in space group 225,
and have Wyckoff positions "4a" and "4b", respectively, which results in 8 atoms once expanded to
the full conventional unit cell. The representatives of these orbits are completely fixed by symmetry:
(0,0,0) for Na at "4a", and (0.5,0.5,0.5) for CI at "4b" (i.e., both representatives have 0 DOF),
meaning that no prediction of F is required. Furthermore, the unit cell in space group 225 is a cube,
meaning that all sides have the same lengths (in the case of NaCl, 5.65 A), with angles all being fixed
at 90°. Again, this implies that the autoencoder only gets supervised with one number for the unit
cell, namely the the length of the cube (a in £). PyXtal combines the free fractional and free unit
cell parameters into a tuple X, which in this case would be X = (5.65). Given all of this, the tuple
needed to build the crystal via PyXtal would look like

C=(G,W,A F.{)=(G,W, X, A) =[225, (4a,4b), (5.65), (Na,Cl)].
This can later be expanded to the full crystal using PyMatGen [35].

Generation From a generative standpoint, the process of generating NaCL would begin by sampling
space group 225 from the empirical training distribution. Next, Wyckoff positions and atomic species
are sampled, with the constraint that zero-degree-of-freedom (0 DOF) Wyckoff positions cannot be
selected more than once (e.g., assigning “4a” to multiple orbits is disallowed). Since both “4a” and
“4b” are selected, positional predictions are not utilized (no free parameters). Similarly, for lattice
parameter prediction, only one degree of freedom is available (length of cube); therefore, only the
first prediction is retained, and all subsequent predictions of ¢ are discarded.

B Network Details

Autoencoder The MLPs in the encoder (Algorithm [1)) for the fractional coordinates F' and the
unit cell £ is a two-layer feedforward network, using a SiLU [38] nonlinearity between layers. We
concatenated F' and ¢ with their corresponding mask My and M, before passing to the MLP. For
the atom types A and space group G we use a typical nn.Embedding from PyTorch [39]. For the
Wyckoff positions W, since Wyckoff letters and multiplicities (e.g., 4a, 4b) are not unique within a
space group, we encode each position by concatenating its space group identifier with the Wyckoff
label (e.g., 225_4a). Again, we use an nn . Embedding layer to encode this. The Linear layers in the
decoder (Algorithm[2)) are single-layers for the discrete predictions (W and A), and similar two-layer
networks as the encoder for the continuous predictions (F' and ¢).

During training, the free parameters of F' (constrained by G and W, see|[Wyckoff Positions)) and ¢
(constrained by G, see |[Unit Cell) are indicated by binary masks Mg € {0,1}3 and M, € {0, 1}°.
For Wyckoff positions, invalid entries are masked by assigning their logits to —oo prior to the softmax
operation.

C Latent Space Visualisation of Autoencoder

We project the learned material representations to two dimensions using t-SNE, preceded by PCA for
dimensionality reduction and denoising. Figure 3]shows this for 30,000 samples for the MP20 dataset,
with the colours highlight which space group each crystal belongs to. We observe that the latent
space show distinct clusters depending on its space group, with similar space groups being closer
to each other. Still we see some mixing, which could be due to other information that the crystals
share (e.g. similar Wyckoff or unit cell information). We observe that removing the space group
conditioning results in fewer valid crystals (see Appendix D)) and hypothesize that this additional
information helps guide the noisy latents toward the correct cluster.
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t-SNE of material representations

-100

Figure 3: t-SNE and PCA plot of latent embeddings from a trainer autoencoder on the MP20 dataset.

We evaluated several strategies for encoding local information in Algorithm [T} In particular, we ex-
perimented with concatenating and then down-projecting local, global, and combined representations.
Ultimately, we found that a simple additive combination yielded the best performance in terms of
generating novel materials.

D Space Group Conditioning

In this section, we examine the role of space group conditioning in our framework. We modify
Algorithm [T by removing the space group encoding to train a new autoencoder. We then train two
latent flow matching models: one with space group conditioning and one without. The results are
shown in Figure[d] Without conditioning, the model achieves high novelty but low structural validity.
In contrast, incorporating space group conditioning significantly improves structural validity, albeit
at the cost of reduced novelty. This highlights the importance of space group conditioning in our
representation, in contrast to ADiT, which uses the same conditioning but is only able to generate
mostly one space group (P1). Furthermore, this also suggests an interesting avenue for future research:
identifying additional sources of information that may be beneficial to condition on.

Structural Validity Novel Rate
3 sroup Conc

epoch epoch

(a) Structural Validity (b) Novelty

Figure 4: Comparison of structural validity and novelty for DiT models with and without space-group
conditioning.

E DFT Details

First-principles structural optimisation were conducted in the framework of density functional theory
(DFT) [40, using the Vienna Ab initio Simulation Package (VASP) [42143]]. The exchange-
correlation potential was treated using the generalized gradient approximation (GGA) functional in
conjunction with the Perdew, Burke, and Ernzerhof (PBE) method [46]. The projector augmented
wave method [47]] was applied. All input parameters, including plane-wave cutoffs, convergence
criteria, and k-point densities, were selected using pymatgen’s MPRelaxSet [48]]. For systems where
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the tetrahedron smearing method led to convergence issues, Gaussian smearing with a smearing width
of 0.05 was employed. Thermodynamic stability was assessed by constructing the convex hull relative
to all competing phases reported in the Materials Project MP20 and MPTS52 dataset. To enable direct
comparison with Materials Project data, the MP energy correction scheme was employed for anions
as well as for combining GGA and GGA+U calculations [49, 50]. The convex hull analysis was
performed using the pymatgen library [48]]. The convex hull was constructed without incorporating
the energies of the newly predicted structures. Accordingly, phases lying on or below the hull are
considered thermodynamically stable, while those with energies up to 0.1 eV/atom above the hull are
classified as metastable. The reported energy difference with respect to the convex hull is equivalent
to the formation enthalpy (A H,,,) defined relative to the set of competing phases, as commonly used
in the materials science literature [51].

F Evaluation Metrics

Similar to prior works ADiT [6], we follow the evaluation protocol established by [27]], where we
sample 10, 000 crystals and compute validity, stability, uniqueness, and novelty, as defined as follows:

* Structural Validity: % of crystals with all pairwise distances >= 0.5 and crystal volume >=
0.1.

» Compositional validity: % of crystal compositions with charge neutrality and electronegativ-
ity balance according to SMACT [34]. As noted in the main paper, only approximately 90%
of the MP20 materials pass this check; therefore, it should not be relied upon heavily.

» Uniqueness: % of generated crystals that are not duplicates of each other. Comparisons was
done using Structure matcher from PyMatgen [35]].

* Novelty: % of generated crystals that are not duplicates of the training data. Comparisons
was done using Structure matcher from PyMatgen [35]].

* Stability: % of crystals with AH, <0.0 eV/atom and no. of unique elements >= 2. (We
also report metastability as AH, <0.1 eV/atom and no. of unique elements >=2.)

* U.N Rate: % of structurally valid crystals that are both unique and novel

* S.U.N Rate: % of structurally valid crystals that are stable (See Appendix [E), unique and
novel.
* M.S.U.N Rate: % of crystals that are metastable (See Appendix [E), unique and novel.

* P1 rate: the fraction of the 10,000 generated crystals classified as P1, as determined by
PyMatGen [35].

G Licenses

Code We have used the ADiT codebase[];r] as starting point for our implementation. This code is
available under an MIT license.

Training data We used datasets derived from Materials Project [52, 153]], which provide their data
under a CC-BY 4.0 license. [

Data from compared methods Generated structures for compared methods, except ADIiT,
SymmCD and SGEquiDiff, were provided by Yi et al. [7]], available onlineE-] under a MIT license.
for ADiT, SymmCD and SGEquiDiff we trained models from scratch to generate structures ourselves
using official public implementations, without any changes.

"https://github.com/facebookresearch/all-atom-diffusion-transformer
2https://creativecommons.org/licenses/by/4.0/
Bhttps://huggingface.co/xiaohan-yi/CrystalDiT

16


https://github.com/facebookresearch/all-atom-diffusion-transformer
https://creativecommons.org/licenses/by/4.0/
https://huggingface.co/xiaohan-yi/CrystalDiT

H Additional Results: Novel Crystal Statistics

In this section, we present some statistical analyses of the novel structures generated by each model,
based on 1,000 samples drawn from the set of structurally valid and unique crystals, and compare
them to the MP20 training set.

Table 3| showcases compositions in terms of the number of unique elements per structure. Overall,
all methods exhibit similar statistics, with mean values close to the training distribution, indicating
that compositional complexity is largely preserved across models. SymADiT matches best with the
training distribution.

Table [ reports the occurrence of rare-earth elements across generated structures. RE denotes the
number of generated structures that contain at least one rare-earth element, while %RE indicates the
corresponding percentage relative to the total number of structures. Mean RE measures the average
number of distinct rare-earth elements per structure, providing a finer-grained view of how heavily
such elements are incorporated. We observe that most methods produce comparable percentages to
the training data, suggesting that rare-earth inclusion is largely consistent across approaches. Notably,
CrystalDiT exhibits a higher proportion and mean count of rare-earth elements, which may explain
its increased novelty and could also contribute to its high M/S.U.N. metrics, since fewer comparable
materials are available in the convex hull calculations.

Table[3]reveals a pronounced difference in structural complexity across methods. Symmetry-agnostic
models generate structures with substantially higher orbit counts, while symmetry-aware methods
produce distributions that closely align with the training data, suggesting more physically plausible
crystal structures. This can be explained by the fact that in P1 structures, which symmetry-agnostic
methods predominantly sample from, each atom forms its own symmetry orbit, leading to inflated
orbit counts.

I Visual Results

In Figure[5] we present S.U.N and M.S.U.N materials from SymADiT. The generated structures show
a wide range of space groups and compositions. Visualisation was done using the VESTA software
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Figure 5: Schematic illustration of structures identified by SymADiT: (a) thermodynamically stable
structures (S.U.N) with AH,,, < 0, and (b) metastable structures (M.S.U.N) with 0 < AH., < 0.1
eV/atom.

17



Table 3: Composition complexity. Statistics of ~ Table 4: Rare-earth composition. Statistics
the number of unique element types per gener-  of rare-earth element occurrence in generated

ated structure. structures.
Method Sym. #Struct. Mean Std. Min Max Method Sym. #Struct. #RE %RE Mean RE
SymmCD Yes 927  3.522 1241 1 9 SGEquiDiff  Yes 895 307 3430 0.406
DiffCSP++  Yes 898 3477 1278 1 10 SymmCD Yes 927 301 3247 0.392
CrystalDIT ~ No 651 3.353 1.016 1 7 DiffCSP++  Yes 898 374 41.65 0.490
DiffCSP No 911  3.334 1.066 1 8 SymADiT Yes 546 215 39.38  0.430
MatterGen No 918 3.215 0.874 1 7 ADiT No 486 192 39.51 0422
SGEquiDiff ~ Yes 895 3.179 0938 1 8 CrystalDiT No 651 310 47.62 0922
FlowMM No 909  3.164 0.801 1 6 MatterGen No 918 362 3943  0.460
ADIT No 486  3.156 0.765 1 5 FlowMM No 909 390 4290 0.470
SymADiT Yes 546 3.147 0.764 1 6 DiffCSP No 911 288 31.61 0.384
MP20 (train) Yes 27138 3.014 0.726 1 7 MP20 (train) Yes 27138 11018 40.60  0.440

Table 5: Structural complexity. Statistics of the number of
symmetry orbits per generated structure.

Method Sym. #Struct. Mean Std. Min Max
ADIT No 486  12.366 5.074 20
CrystalDIT ~ No 651 10931 5.675 20
DiffCSP No 911  10.692 5.593 20

1
1
1
FlowMM No 909 10411 5327 1 20
MatterGen No 918 9.584 4925 1 20
SymADIT Yes 546 5.328 3260 1 20
SymmCD Yes 927 5.028 3284 1 20
DiffCSP++  Yes 898 5.027 3203 1 20
SGEquiDiftf  Yes 895 4.667 2761 1 20

MP20 (train) Yes 27138 4.758 3.012 1 20
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