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A Diffusion model for periodic materials

This section contains additional model details, following the notation listed in

Table Al.
General notation
n €N Number of atoms in a crystal
M= (X,AL) A crystal structure
X €[0,1)3xn Fractional atomic coordinates
X € R3xn Cartesian atomic coordinates
A e A" Atomic species in a crystal

L= (ll,l27l3) €R3><3

UV eR3 je{1,23}

V = (v1,v2,...v5) € REXN
Ec{1,2,....,n}?>x173

i,5 €{1,2,...,n}

The unit cell lattice matrix

The j-th lattice vector

Concatenation of N d-dimensional column vectors into a matrix
Set of edges in a material

Index of an atom in a material

deN The number of hidden dimension in our GNN

1, e R" n-dimensional column vector containing ones
Diffusion notation

tel,2,...,T Diffusion timestep

TeN Number of time discretization steps for the diffusion process

q(xo) The data distribution

q(xe|lei—1) Single-step diffusion transition kernel

q(xt|zo) One-shot diffusion kernel

q(xr) Prior (noise) distribution

so(-,t) Score model

sx.o(t) Score model for atomic coordinates

log pe(Ao|X¢, Lt, A¢,t) Predicted logits for atom types at ¢t = 0.

sp.o(-t) Score model for lattice

z Standard Gaussian noise z ~ A(0, I)

Table A1l: Table of notations

A.1 Representation of periodic materials

Any crystal structure can be represented by some repeating unit (called the unit cell)
that tiles the entire 3D space. The unit cell itself contains a number of atoms that are

arranged inside of it. Thus, we use the following universal representation for a material
M:

M=(AX,L), (A1)
where A = (a',a2,...,a")" € A" are the atomic species of the atoms inside the unit
cell; L = (11,12,13) € R3*3 is the lattice, i.e., the shape of the repeating unit cell; and
X = (z', 2% ...,2") € [0,1)3%" are the fractional coordinates of the atoms inside

the unit cell.

The lattice L is a parallelepiped defined by the three lattice vectors I',12, and I3.
It can thus be compactly represented as a single 3 x 3 matrix with the three lattice
vectors as its columns. The volume of a lattice is given by Vol(L) = |det L|. Any



physically sensible crystal must have a unit cell with nonzero volume, hence, we require
any lattice matrix to be non-singular.

Fractional coordinates express the location of an atom using the lattice vectors as
the basis vectors. For instance, an atom with fractional coordinates = (0.2, 0.3, O.5)T
has Cartesian coordinates & = 0.21* 4+ 0.312 + 0.513. The periodicity in fractional coor-
dinates is defined by the (flat) unit hypertorus, i.e., we have the equivalence relation
x ~x+k, k€73 We can convert between fractional coordinates X and Cartesian
coordinates X as follows:

X=LX, (A2)
X=L'X. (A3)

A.2 Invariance and equivariance in periodic materials

The energy per atom e(M) = E(M)/n of a periodic material M = (X, L, A) has
several invariances.

e Permutation invariance: ¢(X,L,A) = ¢(P(X),L,P(A)) for every permutation
matrix P.

e Translation invariance: (X, L, A) = ¢(X +t, L, A) for every t € R3.

¢ Rotation invariance: ¢(X, L, A) = ¢(X, R(L), A) for every rotation matrix R €
0(3).

® Periodic cell choice invariance: ¢(X, L, A) = ¢(C~ !X, LC, A), where C triangular
with det C =1 and C € Z3*3. See Fig. A2 for an example.

e Supercell invariance: e(X,L, A) = € (@?ito(c) C X + kill),LC,@?SO(C) A),
where C is a 3x3 diagonal matrix with positive integers on the diagonal, k; €
N? indexes the cell repetitions in the three lattice components, and € indicates
concatenation.

Forces are instead equivariant to permutation and rotation, while being invariant to
translation and periodic cell choice. Stress tensors are similarly invariant to permuta-
tion, translation, supercell choice, and periodic cell choice; while being equivariant to
rotation (see Supplementary A.8.1 for additional details).

A.3 Diffusion model background and notation

Diffusion models [33, 34][1, 2] are a class of generative models that learn to revert
a diffusion process. The diffusion process (also called the forward process) gradually
corrupts an input sample o via transition kernels q(x;|z;_1)!, defining a Markov
chain €y — ®; — .-+ — @7, where T € N is the number of diffusion steps and
1 <t < T. Here, we cover the typical case where the data is continuous-valued and
the transition kernels are normal distributions. See Supplementary A.5 for details on
discrete diffusion models.

LWe follow the convention in machine learning literature that the functional forms of (conditional) prob-
ability density functions depend on the variables that appear as arguments. For example, g(x¢|x+—1) could
be written as ¢x,|x,_, (@¢|@¢—1) to make the dependence of the functional form on t explicit, but we avoid
this to prevent clutter.



The transition kernels are of the general form q(x¢|x;_1) = N (f(zi_1,t),021),
where f(xi_1,t) : R? — R% is affine in @;_;. This implies that the one-shot transition
kernel g(x|xo) is also Gaussian, and for popular choices f(-,¢) the mean and variance
are known in closed form. This enables us to efficiently obtain a noisy sample x; at
an arbitrary time step ¢ during training.

Diffusion models are optimized to approximate the score function of the noise
distributions g(x¢|xo) for any 1 <t <T"

T

0" — argeminz OB g (0) Eq(ae o) [[186 (24, 1) — Vo, log q(ze|20) 3] . (A4)
t=1

where sg(x,t) : R xR, — R?is called the score model. It is standard practice [33, 34]
to parameterize the model to predict the noise e, = —01Vy, log q(x¢|xo) instead of the
score, since the magnitude of ¢, ~ A(0, I) is independent of the diffusion time step t.

The forward diffusion process is designed such that g(xr|xo) = ¢(zr), where g(x1)
is a prior distribution that is easy to sample from (e.g., Gaussian).

In this work we leverage two popular diffusion processes for continuous data, i.e.,
the variance-exploding diffusion [33][3] and the variance-preserving diffusion [34][1]
process, which we briefly explain in the following.

Variance-exploding diffusion

This is the diffusion process used in denoising score matching (DSM) [33]. We define
a sequence of exponentially increasing standard deviations oy, = 01,...,07 = Omax
that define the transition kernels:

Q(mt|$t—1) =N (mtv (Ut2 - Ut2—1) I) ) q(:ct|:1:0) = N(SC(),O'? ) . (A5)

We can generate a sample using the learned model via annealed Langevin dynamics
[33][3] or ancestral sampling from the graphical model Hthl po (Ti—1|x:) [35]:

Ti—1 :ict‘f‘(gtz _0'15271)89*(:1:75’15)+z\/0262_0—t271’ (A6)

where &7 ~ N (0,0’%I), and z ~ N (0,I) is standard Gaussian noise. In Supple-
mentary A.6 we explain how we leverage variance-exploding diffusion in the diffusion
process of the fractional coordinates.

Variance-preserving diffusion

This is the diffusion process used to train denoising diffusion probabilistic models
(DDPMs) [34][1]. In variance-preserving diffusion we define a sequence of positive noise
scales 0 < (1, B2, ... 81 < 1 to obtain transition kernels of the form

q(xe|lxi—) =N (\/ 1- 5t$t—1a5t1) ) q(xi|zo) = N (Vagwo, (1 —ay) I), (A7)



where &; = HZ:l (1 — B¢). Sampling from a model trained to revert the variance-
preserving diffusion process also works via ancestral sampling from the graphical model

T
[1i=1 po (zi—1]z1):

T = \/1%7& (Tt + Brse- (x4, 1)) + \FZ (A8)

starting from xr ~ N (0,I), where z ~ N (0,I) is standard Gaussian noise. See
Supplementary A.7 for details about how we leverage variance-preserving diffusion in
the diffusion process of the lattice.

A.4 Joint diffusion process

To apply the construction of a diffusion process described in Supplementary A.3 to
crystal structures described in Supplementary A.1, we define the forward process
through a Markov chain My — M — --- — My via a transition kernel that diffuses
the atom coordinates, atom types, and the lattice independently as follows:

Q(At+17Xt+17Lt+1|At7Xt7Lt)
= q( A1/ A4)q( X411 X1)q(Lit1| Le) (t=0,1,...., T —1). (A9)

In addition, the noise distributions of atom species A and the fractional coordinates
X factorize into the diffusion of the individual atoms:

n n

q(Ar1|Ar) = [ alai i la), 0(Xi11X0) = [ [ a(=i o l2).

i=1 =1

Note that the factorization of the forward diffusion process does not imply that
the reverse diffusion process factorizes in the same way. Details of the atom type
diffusion, coordinate diffusion, and lattice diffusion are described in Supplemen-
tary A.5 to A.7, respectively. The architecture of the score network sg(My,t) is
described in Supplementary A.8. The combined objective function is presented in
Supplementary A.9.

A.5 Atom type diffusion

For the diffusion of the (discrete) atom species A, we use the discrete denoising dif-
fusion probabilistic model (D3PM) approach [2], which is a generalization of DDPMs
to discrete data problems. As in DDPM, the forward diffusion process is a Markov
process that gradually corrupts an input sample ag, which is a scalar discrete random
variable with K categories (e.g., atomic species):

T
g(arrlao) = [ [ alarlas—1) (A10)
t=1



where ag ~ ¢(ag) is an atomic species sampled from the data distribution and ap ~
g(ar), where g(ar) is a prior distribution that is easy to sample from.

Denoting the one-hot representation of a as a row vector a, we can express the
transitions as:

q(atlai—1) = Cat(ay; p = a;-1Qy), (A11)

where [Q.];; = ¢(ar = jlai—1 = ) is the Markov transition matrix at time step t.
Cat(a;p) is a categorical distribution over one-hot vectors whose probabilities are
given by the row vector p. Similar to DDPM, D3PM assumes that the forward dif-
fusion factorizes over all discrete variables of a data point, i.e., all atomic species are
diffused independently with the same transition matrices Q;. Hence, we only con-
sider individual one-hot vectors in this section. D3PMs are trained by optimizing a
variational lower bound:

Ly, = Eq(ao) — Eq(a1|a0) logﬁg(ao‘al, 1) + Dkr, [Q(aT‘a()) || Q(aT)]

T
+ Z Eq(ailao) DKL [¢(ai—1|at, ao) || po(ai—1|a:, t)]} : (A12)
t=2

Here, pg(ag|at,t) is the model’s prediction of the “clean” atom types at ¢ = 0, and
pe(ai—1|ay,t) is the single-step posterior (see Eq. (A16) and the surrounding paragraph
for how pg(a¢—1|a¢,t) is computed). Moreover, Austin et al. [2] propose an additional
cross-entropy loss on the model’s prediction pg(ao|a:,t):

T
Lee = —Eq(ag) ZEq(at|ag) 10gﬁa(ao|at7t)] )
t=2

so that the overall loss becomes
L =L, + AceLce- (A13)

Three important characteristics of DDPM and DSM are that (1) given xg we can
sample noisy samples x; for arbitrary ¢ in constant time; (2) after sufficiently many
diffusion steps, @t follows a prior distribution that is easy to sample from; and (3)
the posterior q(@;—1|xs, o) in Eq. (A12) is tractable and can be computed efficiently.
D3PM also has these properties, as we briefly outline in the following:

(1) Fast sampling of a; ~ ¢g(at|ao). Since the forward diffusion in D3PM is governed
by discrete transition matrices {Q;}7_;, we can write

q(ailag) = Cat(ay;p = ai—1Qy), where Q; = Q1Q> ... Q. (A14)

The cumulative transition matrices Q¢ can be pre-computed and for many diffusion
processes even have a closed form.



(2) Tractable prior distribution. Two of the proposed diffusion processes are the
absorbing (which we employ in MatterGen) and uniform diffusion processes. Both
gradually diffuse the data towards a limit distribution, which are the one-hot dis-
tribution on the absorbing state and the uniform distribution over all categories,
respectively. For more details, we refer to Appendix A of Austin et al. [2].

(3) Tractable posterior g(a¢—1|a:, ap). Using Bayes’ rule and exploiting the Markov
property g(at|at—1,a0) = q(at|ai—1), we can write

q(ailai—1)q(a;—1]aop)
q(atlao)

q(ai_1la, ap) = (A15)

All terms in Eq. (A15) can be computed efficiently in closed form given the forward
diffusion process.

Reverse sampling process.

We generate a sample ag by first sampling ar and then gradually updating it to
obtain pg(ao.r) = q(ar) Hle pe(ai—_1|as,t). Austin et al. [2] propose to parameterize
pe(ai—1las,t) by predicting a distribution over ag and then marginalizing it out:

po(ai—1lay,t) o< Y gla; 1, arlao)po(aolar, t), (A16)

ao

where we can use our tractable posterior computation again. Since we have a discrete
state space, marginalizing out ag by explicit summation has complexity O(K). In
the case of atomic species we have K =~ 100; thus, this is relatively cheap. This
parameterization has the advantage that potential sparsity in the diffusion process is
efficiently enforced by using ¢(a:_1, at|ag) without having to be learned by the model.

Forward diffusion process.

As the specific flavor of D3PM forward diffusion we employ the masked diffusion
process, which has shown best performance in the original study [2] as well as our
initial experiments. Following Austin et al. [2], we introduce an extra atom species
[MASK] at index K — 1, which is the absorbing or masked state. At each timestep ¢,
the transition matrices have the particularly simple form

1 ifi=j=m,
. 1 _— 'f ) = ]
[ ?bsorblng]ij _ Bt 1 l. J 7& Tnj7 (A17)
Bt if J=m 7é 2,

0 ifm#i#j5#m,

where m corresponds to the absorbing state. Intuitively, each species has probability
1 — B; of staying unchanged, and probability §; of transitioning to the absorbing
state. Once a species is absorbed, it can never leave that state, and there are no
transitions between different non-masked atomic species. Thus, the limit distribution
of this diffusion process is a point mass on the absorbing state.



A.6 Coordinate diffusion

For our model we perform diffusion on the fractional coordinates and outline the
approach in the following. See Supplementary A.6.3 for a brief outline why we favor
fractional coordinate diffusion over Cartesian. The fractional coordinates in a crystal
structure live in a Riemannian manifold referred to as the flat torus T? = S! x S! x St,
i.e., it is the quotient space R?/Z3 with equivalence relation:

z+k~a, k73 (A18)

Thus, adding Gaussian noise to fractional coordinates naturally corresponds to
sampling from a wrapped normal distribution, whose probability density is

Ny (&;2,0°1,1) = Z N (&2 — k,0°I), (A19)

keZ3

where Nw (u, 3, B) denotes a wrapped normal distribution with mean p, covariance
matrix 3, and periodic boundaries B. If the periodic boundaries are [0,1)3,i.e., B = I,
we write My (u, X) for brevity.

For the diffusion of the atom coordinates we use variance-exploding diffusion, i.e.,
the variance of the diffusion process increases exponentially with diffusion time. This
has the advantage that the prior distribution g(a7) is particularly simple, i.e., the
uniform distribution in the range [0,1)3. Jing et al. [4] use this approach for torsional
angles—which live in a 1D flat torus—in small molecule generation. The one-shot
noising process of the fractional coordinates is therefore defined as

q(@i|zo) = N (245 @0, 07 1) . (A20)

A.6.1 Variance adjustment for atomic density

One limitation of using a constant variance for the fractional coordinate diffusion is
that the diffusion in Cartesian space will have difference variance depending on the
size of the unit cell. This limitation becomes clear if we express the distribution of
the Cartesian coordinates @; using Eq. (A2) via linear transformation of a Gaussian
random variable x;:

(&, |@o, Lt) = M (&4; Lexo, 07 Ly L], Ly) . (A21)

Observe that the covariance matrix 3; = 02L;L, of the noisy Cartesian coordinates
depends on the lattice. Thus, the (generalized) variance of the noise distribution also
depends on the size of the unit cell, i.e., |det(2,)| = (o} det Lt|)2.

We mitigate this effect by scaling the variance in fractional coordinate diffusion
based on the size of the unit cell. Assuming roughly constant atomic density d(L;) =
W x 1 < Vol(L;) = |det L;| « n. We therefore choose to scale oy accordingly,

ie.,

oi(n) = —=, (A22)




3 2
such that |det(X;)| = (‘%| det Lt|> is no longer proportional to n.

A.6.2 Score computation for fractional coordinates

Klle<1
105 | k1

Ikll» =5
102 A — lkll.=13

10—1 4
10—4 4

1077 4

E[[IVxlog p(x)II]

1010 4

1013 4

0.0 0.2 0.4 0.6 0.8 1.0
t

Fig. A1l: Expected norm of the score of the wrapped normal distribution over diffusion
time ¢ for different truncation cutoffs ||k||, for a structure with n = 10 atoms. For
t > 0.7, smaller truncation cutoffs incur larger approximation error, as their score
norms do not approach zero for increasing t. We choose {k € Z3 | ||k||oo < 13} as the

set of k offset vectors in the truncated sum (Eq. (A23)) for our model training, which
corresponds to (2 x 13 + 1)% = 19, 683 terms in the truncated sum.

Recall from Eq. (A4) that training diffusion models requires computing the score
function for the one-shot transition kernel. However, for the wrapped Normal distri-
bution in Eq. (A19), (log-)likelihood and score computation are intractable because of
the infinite sum. Given the thin tails of the normal distribution, both can be approx-
imated reasonably well with a truncated sum (Fig. A1). More specifically, the score
function of the isotropic wrapped Normal distribution can be expressed as

_ x—x+k
Vg log ¢ (Z|T) = — Z wkT’ (A23)
keZ3
where
1 | — =+ K|? |l® -z + K'||?

A.6.3 Fractional vs Cartesian coordinate diffusion

Instead of diffusing fractional coordinates as in MatterGen, one could diffuse Cartesian
coordinates, e.g., as done in CDVAE [4] (and in generative methods for molecules [5]).

However, this approach is not suitable for our framework. To see this, note that
while in CDVAE the lattice L is fixed during the diffusion of the atom coordinates, we



diffuse the lattice simultaneously to the atom coordinates (and atomic species). This
makes diffusion of Cartesian coordinates dependent on the lattice diffusion because
the wrapped normal’s covariance matrix and periodic boundaries at diffusion timestep
t depend on knowing the lattice matrix L;. Consequently, our diffusion process from
Eq. (A9) no longer factorizes into lattice and coordinates and needs to be adapted:

@(Xes1, Liy1, Apy1| X, Ly, Ay)
= q(Xt41| X4, Les1, Le)q(Lis1| Ly ) g(Apy | Ar). (A25)

Here, we need to condition q(XtH) on Ly, and L, because in order to convert
the Cartesian coordinates at time step ¢ to time step t + 1 we first need to convert &y
to fractional coordinates using L; ! and then to Cartesian coordinates at t + 1 using
Lt+1 .

The one-shot distribution of noisy Cartesian coordinates (similar to Eq. (A20) for
the fractional case) becomes:

t
q(@¢|®0, {Lv }r—y) = Nw (-’iﬁLtLo_liOaLt (Z U?'Lt_fl(LtT/)1> L;raLt> - (A26)

t'=1

Observe that we require the entire trajectory of noisy lattices Lq,..., L; in order to
express the noise distribution of the Cartesian atomic coordinates. This means that
we first need to sample the entire diffusion trajectory of the lattice, which is slow.
Further, we have found computing the one-shot covariance matrix for the Cartesian
coordinates to be numerically unstable for long diffusion trajectories. We therefore use
the diffusion process of fractional coordinates described in the previous section.

A.7 Lattice diffusion

In addition to the diffusion of the atom types and coordinates described above, we
also diffuse and denoise the lattice L in our approach. We use variance-preserving
diffusion, as variance-exploding diffusion would lead to extremely large unit cells in
the noisy limit. Those are challenging to handle for a graph neural network (GNN)
with a fixed edge cutoff and would require the model to learn scores over a wide range
of different length scales.

A.7.1 Fixed-rotation lattice diffusion

As the distribution of materials is invariant to global rotation, we can either choose a
rotation-invariant prior distribution over unit cells, or decide on a canonical rotational
alignment that we use throughout diffusion and denoising. We opt for the latter, as
it gives us some more flexibility designing the diffusion process. Here, we choose to
represent the lattice as a symmetric matrix. We can do so via the polar decomposition
based on the singular value decomposition:

L=UL, U=wV', L=VvIV', (A27)

10



where W and V are the left and right singular vectors of L, respectively, and ¥ is
the diagonal matrix of singular values. U is a rotation matrix and L is a symmetric
positive-definite matrix.

We restrict our entire forward and reverse lattice diffusion to symmetric matrices,
effectively eliminating the rotational degrees of freedom. That is, for an input data
point with lattice matrix L with arbitrary rotation we first compute the symmetric
lattice L via Eq. (A27) and only use L going forward. In the diffusion process, we
corrupt lattices with additive Gaussian noise z. However, naively sampling z € R3*3 ~
N(0,I) leads to non-symmetric noise matrices in general, which means that after
addition to L the noisy lattice matrices are not symmetric. To avoid this, we can
sample 2 € RS ~ N/(0,I) and construct a symmetric noise matrix via

21 24 25
z = 24 22 26 . (A28)
Z5 26 23

In our entire forward and reverse lattice diffusion processes we exclusively use sym-
metric input lattice matrices L as well as symmetric noise matrices as described above,
so that all intermediate noisy lattice matrices are symmetric as well.

A.7.2 Lattice diffusion with custom limit mean and variance

Naively using variance-preserving diffusion independently on the lattice vectors leads
to the following forward diffusion distribution:

q(Li|Lo) = N (@Loa (1- dt)I) . (A29)

However, for large ¢t we observed that the majority of the resulting unit cells have very
small volume and steep angles, which means that the atoms are extremely densely
packed inside the noisy cells. We therefore modify the diffusion process as follows:

a(Li|Lo) = N (VarLo + (1 = Va)u(n)I, (1 — ar)oi (n)I) (A30)
which yields the following limit distribution for T" — oc:
a(Lr) = N (u(n)I, 0% (n)1I). (A31)

Thus, in the limit distribution we have a tendency towards cubic lattices L oc I, which
often occur in nature and have a relatively narrow range of volumes. Further, the
lattice vector angles when sampling from the prior are mostly concentrated between
60° and 120°. This aligns both with the range of angles of Niggli-reduced cells as well
as the initialization range of cell vector angles in RSS [43], suggesting that this is a
good starting point for the generation process.

To understand the choice of the mean in the limit distribution, recall that the
volume of a parallelepiped L is |det L|. We introduce a scalar coefficient p(n) that
depends on the number of atoms in the cell to make the atomic density of the mean

11



noisy lattice roughly constant for differently sized systems. Setting u(n) = ¥/nc, the
volume of the prior mean becomes Vol({/ncI) = nc. Thus, the atomic density of the
prior mean becomes d(u(n)I) = WD = 1. We can set ¢ to the inverse average
density of the dataset as a reasonable prior.

Similarly, we adjust the variance in the limit distribution to be proportional to the
volume, such that the signal-to-noise ratio of the noisy lattices is constant across the
numbers of nodes. To this end, we set the limit standard deviation as o(n) = ¢/nv.
Thus, for a diagonal entry of the lattice matrix the signal-to-noise-ratio in the limit is

limy—s 00 ‘ZEZ%' = ;‘/% = (5)1/3 and therefore independent of the number of atoms.

A.8 Architecture of the score network

We employ an SE(3)-equivariant GNN to predict scores for the lattice, atom positions,
and atom types in the denoising process. In particular, we adapt the GemNet architec-
ture by Gasteiger et al. [6], originally developed to be a universal MLFF. GemNet is a
symmetric message-passing GNN that uses directional information to achieve SO(3)-
equivariance, and incorporates two- and three-body information in the first layer for
efficiency. Since we do not predict energies, we adapt the direct (i.e., non-conservative)
force prediction variant of the model, named GemNet-dT, which has been shown to
be more computationally efficient and accurate in these scenarios [6]. We employ four
message-passing layers, a cutoff radius of 7 A for the neighbor list construction, and
set the dimension of hidden representations for nodes and edges to 512.

We train the model to predict Cartesian coordinate scores sx (X, Ly, Ay, t) as
if they were non-conservative forces. These scores are equivariant to rotation and
permutation, and invariant to translation. We then transform the Cartesian scores
into fractional scores following Eq. (A2).

For the atom-type reverse diffusion, recall from Eq. (A16) that we predict the atom
types Ay given the atom types A; at time ¢. For materials, we additionally condition
on lattice L; and coordinates X;; more precisely, the (unnormalized) log-probabilities
log pe(Ao|X¢, Lt, As, t) of the atomic species at t = 0 are computed as:

logpe(AO‘XtthaAtat) = H(L)Wa (A32)

where H() € R™ ¢ are the hidden representations of atoms at the last message-
passing layer L, and W € R X are the weights of a fully-connected linear layer, with
K being the number of atom types (including the masked null state).

A.8.1 Computation of the predicted lattice scores

To predict the lattice scores s (X4, Ly, A¢,t), we utilize the model’s hidden repre-
sentations of the edges. For layer [, we denote the edge representation of the edge
(ijk) € € between atoms i and j as méjk € R?, where i is inside the unit cell and j is
k € 73 unit cells displaced from the center unit cell. We use a multi-layer perceptron
(MLP) ¢! : R — R to predict a scalar score per edge. We treat this as a prediction by
the model indicating by how much an edge’s length should increase or decrease, and

12



translate this into a predicted transformation of the lattice via chain rule derivation:

ddyr, 0 P
oL, oL, I (‘”t T +k>H2
-1 L (a:j—:ci-i-k) . <acj—wi+k)T
5 t t t t t
ijk
1 -
= =—dijr(dij) ", (A33)
dijk

where Jijk = ||(i”kH2 and (iijk =L, (w{ -zt + k) are the edge length and edge

displacement in Cartesian coordinates, respectively, and d; i, = mi —x!+k is the edge
displacement in fractional coordinates. The predicted lattice score per edge is then

Hml,, ) - 2k These predicted scores are averaged over all edges (ijk) € £ to get
ijk OL,
the predicted lattice score for layer I:

R 1 1 -
8h.0(Xi, Ly, Ay t) = iZ Z ¢! (mlyy,) - Tdijk(dijk)T~ (A34)
(ijk)EE ijk

Stacking the model’s predictions into a diagonal matrix ® e RIEIXIE]

1 1
diag (¢ E(I J““)>, we can write more concisely
Aijk

85 o(Xi, Ly, Ay,t) = D®'DT = L,D®'DT, (A35)

where D, D € R3*I€l are the stacked matrices of Cartesian and fractional distance vec-
tors, respectively, with D = L;D for structure 7. This form reveals that these predicted
lattice scores have a key shortcoming. To see this, recall from Supplementary A.7.1
that we perform lattice diffusion on the subspace of symmetric lattice matrices. How-
ever, the lattice scores from §ZL’9(Xt, L;, A, t) are generally not symmetric matrices.
We address this issue with the following modification:

le,G(Xta Ly, Ay t) = §lL,9(Xt7 Ly, Ay, t)L]
=L,D®D'L] =D®' D", (A36)

¢! (mi,)

S
where ®' = diag (|5|~d?,jk

). Finally, the predicted layer-wise lattice scores are

summed to obtain the predicted lattice score:

L
sL,B(Xt;Lt7At7t) = ZSlL,O<XtaLt7At7t)7 (A37)
=1

which is scale-invariant and equivariant under rotation. The equivariance derives from
the way it is composed with the Cartesian coordinate matrix, and the scale invariance
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is due to the normalization happening inside & In particular, the diagonal entries
of ®! related to the edges are normalized three times: they are divided by the total
number of edges, and then multiplied twice by the inverse of the norm of the edge
vectors. Given these properties, $g behaves like a symmetric stress tensor o, since the
stress tensor is scale-invariant and equivariant under the rotation operator R:

o'(A\M) = o (M), (A38)
o/ (RM) = Ro(RM)R'", (A39)

where we use A to indicate the supercell replication operation.

A.8.2 Augmenting the input with lattice information

Fig. A2: Diagram showing two equivalent lattice choices L and L = LC that lead to
the same periodic structure. The dots represent atoms in the 2D periodic structures,
and the blue lines indicate edges of atoms inside the unit cell to their four nearest
neighbors, inside and outside the unit cell. Note that both choices of unit cell lead
to indistinguishable structures, as indicated by the identical placement of atoms and

equivalent edges. Here, C' = {(1) ” .

The chain-rule-based lattice score predictions from Eq. (A37) have shown to lack
expressiveness for modeling the score of our Gaussian forward diffusion in our early
experiments. We hypothesize that this is because our periodic GNN model is invari-
ant to the particular choice of unit cell. For instance, it cannot distinguish the two
structures in Fig. A2. To address this, we drop the invariance of the GNN w.r.t. equiv-
alent choices of the unit cell by injecting information about the lattice angles into
the internal representations. This means that the generative distribution is no longer
invariant to the concrete choice of unit cell. We nonetheless note that any lattice can
be uniquely transformed into its so-called Niggli-reduced cell [7]. We apply this trans-
formation to all training data points and, consequently, side-step the loss of cell choice
equivariance we introduce. Concretely, we concatenate the roto-translation invariant
input edge representations m™® with the cosines of the angles of the edge vectors
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w.r.t. the lattice cell vectors:
fnfj‘i = (mf;g, cos(dijk,1"), cos(diji,1?), cos(dijk,l3)) ) (A40)

This additional information allows the model to distinguish the two cases in Fig. A2,
while the internal representations remain invariant to rotation and translation.

A.9 Training loss
Our model is trained to minimize the following loss, which is a sum of the score
matching loss (see Eq. (A4)) for the coordinates and cell, respectively, and the atom
type loss (compare with D3PM objective in Eq. (A13)):

L= /\coorchoord + Acelchell + )\typesLtypesa (A41)

where

T
Leoord = Zat(n)2Eq(mo)Eq(mt|mo) [lI82,0(Xy, Ly, Ay, t) — Va, log q(|@o) |I3]
t=1

(A42)
T
Leen = Z(l - @t)Ut(”)2Eq(LO)Eq(Lt|LO) [HSL,G(Xty L, A t)— Vg, log Q(Lt\LO)Hg]
=1
(A43)

T
Ltypes = IEq(a,g) Z ]Eq(at\ao) [DKL [q(at—l |a/t7 a‘O) || Do (at—l ‘Xta Lta At)]
t=2

- )\CE Inge(a0|Xt7 Lta At7 t)] - ]Eq(a,1|a0) [logpe(a()'Xh L17 A17 1)] .

(A44)

For simplicity, Egs. (A42) and (A44) show the loss only for a single atom’s coordi-

nates and specie, respectively; the overall losses for coordinates and atom types sum
over all atoms in a structure.

A.10 Ablation study

In Table A2 we present an ablation study, demonstrating that the model innovations
introduced in the previous sections improve results as measured by average RMSD and
percentage of S.U.N. structures. With one exception, MatterGen-MP outperforms all
ablated models on both metrics; the only exception is removing the scaling of the posi-
tion noise o based on the number of atoms from Supplementary A.6.1. Here, RMSD
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Removed MatterGen feature Replaced with Avg. RMSD [A] % S.U.N.

MatterGen-MP 0.11 22.56
Variance adjustment (A.6.1) Default wrapped VESDE 0.09 20.59
Symmetric lattice diffusion (A.7.1) - 0.18 17.70
Wrapped normal score (A.6) CDVAE heuristic score 1.41 5.18
Lattice angle augmentation (A.8.2) - 1.32 2.16
D3PM (A.5) VPSDE on one-hot types 0.58 4.32
Mean variance adjustment (A.7) Standard VPSDE - -

Table A2: Ablation study results for MatterGen-MP model trained on MP-20.

of MatterGen-MP is slightly worse, but the fraction of S.U.N. structures is better.
Since we argue that the fraction of S.U.N. structures corresponds more closely to real-
world utility, we choose to add the modification from Supplementary A.6.1 into our
final MatterGen architecture. Moreover, we show that replacing CDVAE’s heuristic
coordinate score with the wrapped Normal score increases the S.U.N. percentage by
more than 4x and reduces RMSD by more than 10x. We further show that our cus-
tom lattice variance-preserving stochastic differential equation (VPSDE) is crucial;
replacing it with a standard VPSDE (with limit distribution A(0,1) for all lattice
matrix elements), as used by Jiao et al. [12], leads to the sampling to fail because
of exploding lattices. We attribute this to the fact that MatterGen’s GNN backbone
operates on Cartesian coordinates. Using a standard VPSDE for the lattice leads to
extremely high-density prior samples at the beginning of samples, which a model using
Cartesian coordinates struggles with. However, compared to Diff CSP—which uses
fractional coordinates to avoid this problem—MatterGen’s reliance on Cartesian coor-
dinates leads to drastically improved RMSD results (Fig. 2 and Supplementary D.5.2).
We attribute this to the interatomic distances used by our model being physically
interpretable across all samples, whereas distances in fractional coordinates are only
interpretable in combination with the lattice vectors.

A.11 Comparison with CDVAE and DiffCSP

The methods most closely related to MatterGen are CDVAE [4] and DiffCSP [12]. In
this section, we explain the key differences between MatterGen and these methods.
One key difference between CDVAE and MatterGen is that the former is based on
the variational autoencoder [8], while MatterGen is a diffusion model. Thus, CDVAE
has an encoder and a decoder, where the decoder starts from a latent variable z and
outputs a crystal structure (A, X, L). The decoder consists of two submodules: one
predicting aggregate properties (lattice parameters, number of atoms, relative propor-
tions of elements), and a diffusion-based GNN whose task is to denoise the coordinates
and atom types. We attribute MatterGen’s stronger performance over CDVAE mostly
to these reasons: (i) while the coordinate diffusion uses the wrapped Normal distribu-
tion (on Cartesian coordinates), CDVAE uses a heuristic target score, which essentially
approximates Eq. (A23) with the single summand with highest wy,, whereas MatterGen
uses a close approximation via truncated sum; (i) CDVAE predicts the lattice from the
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latent variable z and never updates it during the denoising, which means that poten-
tial errors in the initial prediction cannot be corrected, whereas MatterGen denoises
the lattice jointly with the coordinates and atom types; (iii) the prior regularization
in CDVAE is weak, which leads to a divergence of predicted latent variables z of the
training samples and the standard Normal prior; this mismatch leads to decreased
performance when sampling from the standard Normal prior, e.g., the decoder pre-
dicts too many different elements on average compared to the training distribution
(see number of elements results in Table 2 of [4]). In MatterGen, on the other hand,
the forward diffusion process is defined such that it converges to the prior distribu-
tion, which is easy to sample from. In addition, as a diffusion model, MatterGen can
leverage classifier-free guidance [37], the state-of-the-art conditional generation tech-
nique used in Dall-E 2 [48] and Stable Diffusion [9], whereas CDVAE has to resort to
latent-space optimization.

DiffCSP, on the other hand, is also a pure diffusion model. Key differences to
MatterGen are (i) the GNN backbone—MatterGen uses GemNet [6], whereas Dif-
fCSP uses a simpler backbone similar to EGNN [10]; (ii) DiffCSP operates purely on
fractional coordinates, whereas the MatterGen backbone uses Cartesian coordinates.
We argue that Cartesian coordinates have important advantages over fractional coor-
dinates, e.g., Cartesian interatomic distances remain unchanged when constructing a
supercell, whereas fractional distances change even though the supercell is physically
identical to the original structure. (iii) Diff CSP’s main task is (unconditional) crystal
structure prediction (CSP), i.e., predicting atom coordinates and the lattice given fixed
element per atom. DiffCSP can also generate the atom types via diffusion, yet uses
continuous diffusion of one-hot-encoded elements, whereas MatterGen uses D3PM [2],
which was specifically designed for discrete data. MatterGen is also the first gener-
ative model for materials to leverage classifier-free guidance [37] for property-guided
generation, which arguably is the key capability for real-world usefulness.
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B Fine-tuning the score network for
property-guided generation

Here we discuss our fine-tuning procedure of the score model to enable property-guided
generation via classifier-free guidance [37].

B.1 Fine-tuning the score network with adapter modules

Leveraging the large-scale unlabeled Alex-MP-20 dataset enables MatterGen to gen-
erate a broad distribution of stable material structures via reverse diffusion, driven by
unconditional scores. To facilitate conditional generation with classifier-free guidance,
the property-conditioned scores need to be learned through a labeled dataset. How-
ever, labeled datasets, often limited in size and diversity, present challenges in learning
the conditional scores from scratch.

To enable rapid learning of the conditional scores in the sparsely-labeled data
regime, we propose to fine-tune the unconditional score network with additional train-
able adapter modules. Each adapter layer is a combination of an MLP layer and a
zero-initialized mix-in layer [36], so MatterGen still outputs the learned unconditional
scores at initialization. This is desired because the unconditional scores have been
optimized to generate stable materials during pre-training, which is a prerequisite for
modeling the property-conditional distribution of materials.

The additional adapter modules consist of an embedding layer fempeq for the prop-
erty label that outputs a property embedding g, and a series of adapter layers, one
before each message-passing layer (four in total). The adapter layer augments the
atom embedding of the original GemNet score network to incorporate property infor-
mation. Concretely, at the L-th interaction layer, given the property embedding g

n

and the intermediate node hidden representation {H ](L) =1, the property-augmented

node hidden representation {H;(L)};-Lzl is given by:

H'" = H](-L) + fr(nLi))dn (f(L) (g)) - I(property is not null), (B45)

7 adapter

where f(L)

mixin

bias weights. féjipter is the L-th adapter layer, which is a two-layer MLP model. The

indicator function I(property is not null) ensures the model outputs the unconditional
score when no conditional label is given. The adapter modules add additional weights

is the L-th mix-in layer, which is a zero-initialized linear layer without

of fembeds f;g;ptew and féﬁ}dn to each layer of the model. Note that we update all neural
network weights during fine-tuning, not just the added adapter and mix-in layers.

The fine-tuning process uses the same training objective as the unconditional
pre-training stage with conditional property labels incorporated. When fine-tuning fin-
ishes, the score network is able to predict both conditional and unconditional scores.
The fine-tuned model enables us to generate structures satisfying the property condi-
tion without a major sacrifice in terms of stability and novelty. With the unconditional
score network as a strong initialization, the fine-tuning procedure is more computation-
and sample-efficient than re-training from scratch if the labeled dataset is only sparsely
labeled.
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Finally, note that the above fine-tuning scheme also works for fine-tuning on multi-
ple properties. A limitation of this approach is that we have to fine-tune a new model
for every combination of properties. If we assume each property from some given set
of properties is conditionally independent, we could instead compose multiple single-
property conditional models together by following ideas from Liu et al. [11]. We leave
this extension for future work.

B.2 Classifier-free guidance

To generate samples conditioned on a specific value c of a property, we adopt classifier-
free diffusion guidance [37] throughout this work. In classifier-free guidance, a guidance
factor «y is applied to the conditional distribution p(M;|c), such that

py(Mi|c) o< p(c| M) p(My)
p(Milc)\”
x (M) p(M) (B46)
oc p(Myle) p(M;)' =

is used instead of p(M;) when evaluating the model score during the reverse process
in the conditional setting. We adopt a value of v = 2 in all conditional generation
experiments.

B.2.1 Continuous case

The conditional score follows from Eq. (B46) by taking gradients of the logarithm
w.r.t. continuous variables in M;. For example, for fractional coordinates X; we have

Vx, Inpy (Xile) = 7V x, ma(Xile) + (1 —7)Vx, Ing(X;). (B47)
Practically, learning a conditional score Vx, Ing(X¢|c) equates to concatenating a
latent embedding g. € R? of the condition ¢ to the score model sg(Mj,g.,t) during
score matching. The unconditional score Vx, In p(X}) is obtained by providing a null
embedding for the condition, i.e., using sg(M;, g. = null,¢). When we condition on
multiple properties, the conditional score for N properties with embeddings g., is
obtained by sg(My, e,y Geqs- -« Gen s t)-

B.2.2 Discrete case

The model’s task in denoising discrete atom types a is to fit and predict G(a:—1|a, c).
Following Eq. (4) in [2], we can rewrite this as

d(ai—1|as, c) ZQ(at—l,aﬂao) -G(aolay, c).

ao
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Thus, the predictive task is to approximate pg(aglat,c¢) =~ §(aglat,c). For this
distribution we can perform classifier-free guidance as follows:

gy(aolat, c) < g(clag, a;)” - G(aglay)
_ (laolc,ar) - q(clar) 7 aola
( i(aolar) ) d(aolay)

o 4(aole, ar)” - glaolar)' 7.

We can approximate this guided distribution accordingly with an unconditional and
a conditional prediction model, i.e., pg(ao|c,as,t)” - pg(aolas, t)!=7 ~ G(aglc,a;)” -
G(apla;)!=7. Taking the logarithm, we obtain

log (po(aolc, ar, t)” - polaolas, t)' ) = vlog pe(aolc, ar,t) + (1 — v) log po(aolay, t).

C Dataset generation

Here we provide details about the training dataset Alex-MP-20 and the reference
dataset Alex-MP-ICSD used throughout this work.

C.1 Data sources
We obtained crystal structures via three sources:

e MP (v2022.10.28, Creative Commons Attribution 4.0 International License) [14],
an open-access resource containing DFT-relaxed crystal structures obtained from a
variety of sources, but largely based upon experimentally-known crystals.

e The Alexandria dataset [25, 38] (Creative Commons Attribution 4.0 International
License), an open-access resource containing DFT-relaxed crystal structures from
a variety of sources, including a large quantity of hypothetical crystal structures
generated by ML methods or other algorithmic means.

e ICSD (release 2023.1) [39], a proprietary database containing crystal structures
refined from experiment. For the purposes of dataset generation, we queried ICSD
only for experimental crystal structures that were not tagged as already included
in MP, and that were directly calculable by DFT (i.e., ordered crystals).

For crystal structures from MP, we retrieved existing calculations via the MP API.
For other data sources, we performed new calculations using MP settings to guarantee
consistency of data (see Supplementary C.2). We then followed MP’s data analysis
approach as implemented in emmet [12], which includes the following steps:

1. Validation of each individual DFT calculation to ensure required minimum quality
criteria are met.

2. Grouping of calculations of equivalent crystal structures, which de-duplicates crys-
tal structures when the same crystal is present in multiple data sources. See Fig. C3
for an overview of the resulting statistics.

3. Application of an empirical correction scheme [13] to address known systematic
errors from the Perdew—Burke-Ernzerhof (PBE) functional.
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4. Construction of convex hull phase diagrams for each chemical system.

This process resulted in a reference dataset of 850,384 unique structures with
associated energy above hull values calculated using DFT. We refer to this as the
Alex-MP-ICSD dataset. This dataset was then used to derive the Alex-MP-20 dataset,
whose element distribution is shown in Fig. C4. The Alex-MP-ICSD dataset is used as
a reference for the computation of stability (i.e., energy above hull) of generated struc-
tures. We extend the Alex-MP-ICSD dataset to include 117,652 disordered structures
coming from ICSD when computing novelty of generated structures, and we develop
an ordered-disordered structure matcher to assess whether generated structures can
be identified as ordered approximations of known disordered structures (Supplemen-
tary D.4). To train MatterGen, we employ a subset of the Alex-MP-ICSD dataset,
selecting only structures with up to 20 atoms and whose energy above hull is below
0.1 eV/atom; we refer to this as the Alex-MP-20 dataset. Furthermore, we manually
exclude from the Alex-MP-20 dataset all structures belonging to the “well-explored”
chemical systems, as defined in Supplementary D.6. Additionally, we reserve struc-
tures present only in ICSD for testing purposes, and therefore exclude them from
the Alex-MP-20 dataset. In Fig. C3, we report the structure provenance and quan-
tity for the reference (Alex-MP-ICSD) and training (Alex-MP-20) datasets. Finally,
the dataset employed to train the MatterGen-MP model contains structures from the
MP-20 dataset (containing structures with up to 20 atoms) whose energy above hull
is below 0.1 eV /atom from the reference convex hull.

C.2 DFT details

All DFT calculations were performed using the Vienna ab initio simulation package
(VASP) [14] within the projector augmented-wave formalism via atomate2, pymatgen
and custodian [15]. All parameters of the calculations were chosen to be consistent
with MP [14], including use of the PBE functional [16] and Hubbard U correc-
tions. Specifically, the following workflows were used for the calculation of associated
properties:

® Structural relaxations and static calculations for total energy were calculated with
the MPRelaxSet settings and via the DoubleRelaxMaker and StaticMaker classes.

e Band gaps were calculated as above, but via the BandStructureMaker class.

® Elastic tensors were calculated with the default ElasticMaker class with
a stencil including -0.01 % and 0.01 % deformations, as specified by
wf_elastic_constant minimal in the atomate code. The “minimal” preset is used
for reasons of computational efficiency.

All settings were previously benchmarked or in use by MP, and every effort was
made to ensure consistent settings were used in the current work.
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Reference Dataset Training Dataset
Alex-MP-ICSD Alex-MP-20

for stability and novelty calculation restricted to structures with 20 atoms or less
and within 0.1 eV/atom from the reference convex hull
ICSD-only structures are reserved for testing

Alexandria Materials Project

4.4k
(+117.7k disordered
for novelty only)

Alexandria Materials Project

ICSD

Fig. C3: Venn diagrams (not to scale) showing the overlap of crystal structures from
different data sources for the Alex-MP-ICSD reference dataset (left) and the Alex-
MP-20 training dataset (right). Crystal structures were de-duplicated after calculation
and therefore the overlap in this diagram shows cases where the same crystal structure
was present in multiple data sources. Note that the statistics for ICSD only include
the structures sourced for this study and not the full ICSD database.

D Results

This section contains supplementary information for the results detailed in Section 2.

D.1 Common experimental details

In this section we provide information about settings used across different com-
putational experiments, including training and sampling details of MatterGen, and
additional information about the MLFF we employ. Details specific to certain
computational experiments are deferred to Supplementary D.5 to D.10.

D.1.1 Hyperparameters for training base model

The base unconditional model was trained for 1.74 million steps with a batch size of
64 per GPU over eight A100 GPUs using the Adam optimizer [18]. The learning rate
was initialized at 0.0001 and was decayed using the ReduceLROnPlateau scheduler
with decay factor 0.6, patience 100 and minimum learning rate 10~°. For the training
loss we use Acoord = 0.1 and Acel = Atypes = 1, as well as the recommended value
Acg = 0.01 for the D3PM cross-entropy loss.
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Fig. C4: Distribution of elements in MP-20 (top) and the combined Alex-MP-20
(bottom) datasets. Plot generated by pymatviz [17].

D.1.2 Hyperparameters for fine-tuning models

For fine-tuning the base model towards different properties, we used a global batch size
of 128 and the Adam optimizer. Gradient clipping was applied by value at 0.5. The
learning rate was initialized at 6 x 10~° and we used the same learning rate scheduler
as that for the base model. The training was stopped when the validation loss stopped
improving for 100 epochs, which resulted in 32,000 - 1.1 million steps depending on
the dataset.

D.1.3 MatterGen sampling parameters

For both unconditional and conditional generation, we discretized the reverse diffu-
sion process over the continuous time interval [0, 1] into 7' = 1000 steps. For each time
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step, we use ancestral sampling (according to Eqs. (A6), (A8) and (A16)) to sample
(X¢—1,Li—1,A4-1) given (X, L;, A;) using the score model (Supplementary A.8).
After each predictor step, one corrector step was applied. We used the Langevin cor-
rector (Algorithms 4 and 5 in [35]) for the coordinates X; and the lattice L; with
signal-to-noise ratio parameters 0.4 and 0.2, respectively.

D.1.4 Machine learning force field (MatterSim) details

We used the MatterSim [45] MLFF trained on 1.08 million crystalline structures.
MatterSim is based on the M3GNet [21] architecture with three graph convo-
lution layers, resulting in 890,000 parameters in total. To compute the energy
above hull, we used the energy correction scheme compatible with MP (i.e.,
MaterialsProject2020Compatibility from pymatgen [15]).

D.2 Qualitative analysis of generated structures

Assessing the quality of generated crystals is difficult. In this work, we have used
computational metrics to assess the quality of generated materials. However, addi-
tional human review of generated materials can be useful to identify failure modes not
captured by these metrics. We perform this human analysis of generated crystals in
Supplementary D.5.3, D.6.2, D.7.2, D.8.2 and D.9.2.

Ultimately, it must at least be possible to create the material in a laboratory
setting for any hypothetical material to be of practical use, i.e., the material must be
synthesizable. Although it is not practically possible to conclusively determine that a
material is synthesizable using theoretical and computational evidence alone, we can
use computation as a guide. Throughout this work we use the energy above the convex
hull, calculated at 0 K under 0 GPa applied stress, as a signal [19] that a material
might be stable at ambient temperature and pressure. We acknowledge that there are
additional calculations we could perform (such as computing the phonon spectra) that
would improve upon the approximations we make in this work, but robustly assessing
synthesizability of a hypothetical crystal structure is still an open research question.

Energy above hull alone is not sufficient, since many metastable materials with
finite energy above hulls (“off-hull”) are routinely synthesized, while many on-hull
materials have not been, despite best efforts. While an attempt [20] has been made
to suggest reasonable threshold values for energy above hull, this is very dependent
on chemical system: while some materials (such as carbides, nitrides) are able to
tolerate very high energies above convex hull (0.1-1 eV), other materials (such as
intermetallics) are only able to tolerate a very small degree of metastability (meV). It is
also known [21] that traditional methods of simulation using DFT will give inaccurate
energies for some materials, even after empirical corrections [13] are applied which
can correct some of the better understood systematic errors. Furthermore, the energy
above hull is a measure that is only meaningful if the particular chemical system has
been well-explored: for unexplored or partially-explored chemical systems, the energy
above hull might be inaccurate simply due to more energetically-favourable phases
being unknown.
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Using empirical priors to assess the synthesizability of structures is traditionally
done by hand by domain experts and is therefore highly dependent on the chemical
intuition and background knowledge of a particular system by the expert. It becomes
more difficult for a scientist to evaluate a crystal structure picked “at random”, espe-
cially as the number of elements increases, as they are less likely to have encountered
this material in their prior work. Some materials are hard to analyze in this way
because the prior is simply not known or may be biased; for example, any distribution
of a specific property calculated from crystalline materials that have already been syn-
thesized will include bias by not simply including the properties of materials that have
not yet been synthesized. These biases can be because certain elements are more abun-
dant, cheaper, or easier to process, or because certain materials have garnered more
technological interest, rather than because of an a priori physical reason why those
materials could not be made. Simply put, we do not yet know what the distribution
of “possible” crystal structures looks like, even within certain constraints (e.g., maxi-
mum primitive cell size or number of elements). Therefore, assessing synthesizability
using empirical priors is difficult, but might still provide insights. When examining a
generated material, in addition to performing a literature review, additional factors
can be considered, including;:

1. Symmetry; crystals are defined by their symmetry, and nature prefers symmetrical
crystals unless there is a specific mechanism by which symmetry is broken. While
lower symmetry would be expected as the number of elements in a system increases,
in general generated crystals are expected to be symmetrical. P1 crystals are rare
in nature, and when they are reported in databases this is often either because they
have not been refined or even because of mis-identification [22].

2. The presence of defects. Defects could include structural distortions, with a crystal
containing the “correct” atoms but in distorted geometry, or could include point
defects, such as vacancies or interstitial atoms. The presence of defects is not nec-
essarily bad; for example, many “off-stochiometric” materials such as NiO, are
routinely synthesized which can contain large concentrations of vacancies. Some-
times vacancies might be required so that a structure might charge balance; a classic
example might be the bixbyite crystal structure derived from a fluorite structure
with an ordered array of structural vacancies. However, the presence of defects
could also be a concern, especially in the case of unexplored chemical systems
where a material might be erroneously calculated to be “on hull” due to incomplete
knowledge of that chemical system.

3. Local atomic environments should be reasonable, meaning that the material con-
tains reasonable bond lengths and co-ordination polyhedra, where other materials
with those combinations of elements are known.

4. The material should charge balance if highly ionic, meaning that the sum of the
formal valence of its constituent atoms is zero. If a material does not charge balance,
and is ionic, it will likely have a very low defect formation energy if synthesizable.
However, the importance of charge balance should be taken with caution, since the
proportion of new materials that have been discovered that are nominally charge-
balanced has decreased over time [23], with only around 40% newly-discovered
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materials being charge-balanced compared to over 80% of materials discovered a
hundred years ago.

The definition of a material used in this work (Section 2) also allows for many
potential failure modes including but not limited to: non 3D periodic materials such as
2D materials that contain a vacuum in one dimension, amorphous materials, or other
random arrangements of “atoms-in-a-box”. Effort can be made to avoid these classes
of materials by altering the training data of the generative model. Some efforts have
been made to algorithmically categorize crystals [24], which could then be used to this
effect, however these tools are not yet well-developed, and some spurious structures
in the training set should be expected.

Finally, we highlight that MatterGen can generate only ordered materials, whereas
many real materials exist as alloys or solid solutions. In traditional DFT similar
constraints apply, where only fully ordered materials can be calculated (meaning, a
material that contains whole atoms, with exactly one atom on a given atomic site).
However, real materials are often disordered, with fractional atomic occupancy (on
average, a given atomic site might contain, say, 50% of one atom, and 50% of another
atom). A disordered material has many “ordered approximations”—small unit cells
with the correct overall composition—that can represent the parent disordered mate-
rial. Nonetheless, the model can generate structures that are ordered approximations
of a disordered material. As such, MatterGen might generate several ordered approxi-
mations of the same parent disordered material. We take this possibility into account
when computing novelty and uniqueness by virtue of our ordered-disordered struc-
ture matcher (Supplementary D.4). Therefore, whenever the model generates ordered
approximations of known disordered materials, these should be correctly identified
as non-novel. The same applies to ensembles of ordered approximations of the same
disordered material, which should be correctly identified as non-unique.

Given these factors, we acknowledge that there are limitations in materials discov-
ery efforts that still require methods advancements to overcome. In some cases, we have
demonstrated that our model is able to generate synthesizable materials by either syn-
thesizing a material directly or by re-discovering previously synthesized materials (e.g.,
as in Section 2.6). In other cases, we restrict our confidence that structures we gener-
ate are synthesizable to the level of theory and computation we use in this work, in
addition to the finite reference we use for the convex hull. We have attempted human-
assisted evaluation of predicted structures using empirical priors to gain additional
knowledge for how our model performs at generating synthesizable materials.

D.2.1 Visualization

Manual analysis of crystal structures can be influenced by how they are represented
visually, for example the specific bonds that are drawn. In this work, crystal structures
are visualized using Crystal Toolkit [25] with the CrystalNN [26] bonding algorithm,
since this is known to give good results in most cases. A uniform atomic radius was used
since a wide variety of chemical bonding is expected to be present, and no one type
of atomic radii (covalent, ionic, etc.) can be assumed. When valences are indicated,
these are formal valences assigned using heuristic methods in pymatgen [15]. With the
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exception of Fig. 1, all visualizations are of a single cell and all atoms in neighbouring
cells that form a bond with atoms in the cell. All visualizations of crystal structures
are in their conventional unit cell, then manually rotated to improve clarity.

D.3 Stability, uniqueness and novelty (S.U.N.)

Throughout the manuscript, we evaluate the performance of MatterGen and other
methods by measuring the fraction of structures that are stable, unique, and novel
(S.U.N.). Below, we provide detailed definitions of these three criteria.

D.3.1 Stability

We consider a structure to be stable if its energy per atom after relaxation via DFT
is within 0.1 eV/atom above the convex hull defined by our Alex-MP-ICSD refer-
ence dataset comprising 850,384 unique, ordered structures recomputed from the MP,
Alexandria, and ICSD datasets. We stress that stability is always computed using
DFT and against a DFT-computed convex hull; MLFF-predicted energies are only
used for intermediate filtering steps in some computational experiments. If we gener-
ate multiple compounds within the same convex hull diagram whose energies per atom
are below the stability threshold, we consider all of them to be stable, irrespective of
whether all structures would still be below the threshold when considering the com-
bined convex hull. The only exception where we indeed consider the combined convex
hull is in Fig. 3(c-d), where we generate materials given a target chemical system.
That is because we explicitly define the task as finding the most stable structures in
a given chemical system.

We adopt a threshold of 0.1 eV/atom to determine stability as Aykol et al. [20]
have shown that the amorphous limit for meta-stability is between 0.05 eV /atom and
0.9 eV/atom depending on the chemical system. Our threshold ensures that enough
metastable materials are covered but we do not include too many unsynthesizable
materials. Note also that our experimentally synthesized structure (Section 2.6) is
metastable at 0.024 eV/atom above the convex hull and would have been a missed
synthesizable sample at a strict 0.0 eV /atom cutoff. A consequence of this choice is
that it is less likely for our model to generate novel structures exactly on the convex
hull; e.g., when we condition on chemical system (Fig. 3(c-d)). We briefly discuss
results for a 0 eV/atom cutoff in Supplementary D.6.3.

D.3.2 Uniqueness

When we use a method like MatterGen to propose a batch of material candidates,
we would like the candidates to be diverse. Since diversity is difficult to measure,
we instead resort to measuring whether the candidates are unique. We consider a
structure to be unique if it does not match any other structure in a batch of samples
generated by a given method, where uniqueness is computed among all samples in a
batch with the same reduced chemical formula via our ordered-disordered structure
matcher (Supplementary D.4). Since we do not require two structures to have the
same assigned space group for them to match, it is possible (albeit very rare) that two
structures nominally belonging to different space groups are matched.
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Note that the fraction of unique structures is a function of the number of gener-
ated samples (see Fig. 2(d)). Throughout the manuscript, we therefore only evaluate
uniqueness between methods on the same number of samples, e.g., 100 samples per
chemical system in Section 2.3.

D.3.3 Novelty

We consider a structure to be novel if it does not match any structure in an extended
version of our Alex-MP-ICSD reference dataset, containing 117,652 disordered ICSD
structures in addition to the 850,384 ordered structures used to compute the reference
convex hull (Fig. C3). To compute novelty, we first compare each generated structure
with all other ordered structures from our reference dataset Alex-MP-ICSD with the
same reduced formula. Additionally, we compare generated structures with all other
disordered structures from our extended reference dataset that have a similar reduced
formula. In particular, we allow for small differences in the reduced formula (relative
proportion of each element within 10%) in order to account for disordered structures
with small variations in the element proportion. For example, we attempt to match an
ordered structure with reduced formula FeaNisOs with a disordered ICSD structure
with reduced formula Feg 5Nip O5. Similar to our uniqueness calculations (Supplemen-
tary D.3.2), we employ our ordered-disordered structure matcher (Supplementary D.4)
to assess whether two structures match. Since we do not require two structures to
have the same assigned space group for them to match, it is rare but possible that
two structures nominally belonging to different space groups are matched.

Note the difference between uniqueness and novelty: uniqueness refers to whether a
generated structure is distinct from all other generated structures by the same method;
in contrast, novelty measures whether a generated structure is distinct from all other
structures in our extended reference dataset. For example, when asked to generate IV
structures, a model might generate a previously unknown structure N times, in which
case novelty would be high but uniqueness would be low. A practically useful model
should be able to generate both unique and novel structures.

D.4 Ordered-disordered structure matcher

As recently highlighted by Leeman et al. [40], an important step in high-throughput
materials discovery is to check whether a predicted structure matches another (already
known) structure when considering compositional disorder. However, identifying
whether two ordered crystal structures represent the same material while account-
ing for the permutation of chemically similar elements is non-trivial. The pymatgen
StructureMatcher is one of the most widely-employed computational tools to assess
whether two crystal structures with the same chemical composition are the same.
Yet, it fails to match pairs of structures where elements often found in solid substi-
tution [27] (e.g., Au and Ag) are residing in different non-symmetrically-equivalent
sites. This results in inflated uniqueness and novelty metrics since structures that are
different ordered approximations of the same compositionally disordered material are
not identified as such.
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Fig. D5: Flow chart for the proposed ordered-disordered structure matcher when
comparing two structures, assuming structure a is ordered and both structures contain
the same set of elements.

To overcome this issue, we develop an ordered-disordered structure matcher algo-
rithm to assess whether a pair of structures can be identified as ordered approximations
of the same underlying compositionally disordered structure or, similarly, whether an
ordered structure can be identified as an ordered approximation of a known composi-
tionally disordered structure. We design this structure matcher as an extension of the
StructureMatcher class in pymatgen that can match a disordered structure to one
of its ordered approximations (Fig. D5). The ordered-disordered structure matcher is
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Fig. D6: Occurrence of element substitution pairs in compositionally disordered struc-
tures within the ICSD dataset, as a function of electronegativity difference and atomic
radius relative difference. The black lines indicate the threshold for the modified Hume-
Rothery criterion outlined in Eq. (D48); 95% of all element substitution pairs fall
within its bounds.

strictly more generous in matching structures than the pymatgen StructureMatcher;
therefore, novelty and uniqueness values computed with this new matcher will be
strictly equal or lower than the ones computed with the standard StructureMatcher
(Supplementary D.4.1).

When comparing two ordered structures (with the same set of elements), the
ordered-disordered structure matcher will first try to match them using the pymatgen
StructureMatcher. If the structures match, the algorithm terminates and returns
True. If no match is found, the algorithm applies the following criterion inspired by
the well-known Hume-Rothery rules [27] to identify whether pairs of elements a and
b could substitute each other:

2|rq — 7

< 0.3, (D48)
Ta +7p

|Xa - Xb| <1 and

where Y, indicates the electronegativity of element a and r, its atomic radius. The
threshold values of 1 and 0.3 were chosen by looking at pairs of elements that
appear in partial occupancy sites within the database of disordered ICSD structures
(Fig. D6). If no pair of substituting elements can be found, the algorithm returns
False, since neither of the structures could be thought of as an ordered approxi-
mation of a compositionally disordered structure. If, instead, two or more pairs of
elements pass the modified Hume-Rothery criterion in Eq. (D48), then one of the

30



two ordered structures is transformed into its disordered counterpart, where every
clique of elements that could substitute each other is given proportional occupancy
in the disordered sites originally belonging to one of those elements. Finally, we
employ a StructureMatcher with attempt_supercell=True, allow_subset=True,
and comparator=0rderDisorderElementComparator to verify whether one ordered
structure matches the disordered variant of the other structure. In cases where we want
to directly compare an ordered structure with a compositionally disordered structure
(e.g., when computing novelty w.r.t. disordered ICSD structures), then only the final
step of the above algorithm is executed.

Note that the current implementation of the ordered-disordered structure matcher
attempts to match pairs of ordered structures only if their reduced formulas match,
i.e., they contain the same elements in the same ratio. For example, matching will
be attempted for two ordered structures with formulas Fe;NiyOg and FeNisOg, but
will not attempted for two ordered structures with formulas FesNiyOg and FeNisOg.
Whether two crystalline materials with different proportions of elements that are
known to form solid substitutions should be considered distinct or not is an open
question; here, we adopt the former definition.

Benchmark

To verify the performance of the ordered-disordered structure matcher, we generate a
dataset of 24,256 ordered approximations of 1,196 disordered alloy structures (1,164
distinct reduced formulas) using the pymatgen EnumerateStructureTransformation
class. We then compute precision and recall of the ordered-disordered structure
matcher on this paired dataset where many ordered structures match to each compo-
sitionally disordered structure. We obtain 100% recall and 100% precision, meaning
that the ordered-disordered structure matcher correctly matches ordered structures
and the disordered structure they were generated from, while it never matches an
ordered structure with a disordered structure it was not generated from. However, we
note that the precision measured here could be inflated since only 32 out of 1,196
disordered structures share the same reduced formula.

D.4.1 MatterGen performance difference between standard and
ordered-disordered structure matcher

In this section, we compare the difference in uniqueness, novelty, and S.U.N. met-
rics when using the commonly-employed pymatgen StructureMatcher instead of our
ordered-disordered structure matcher used throughout this work. Metrics computed
using the pymatgen StructureMatcher employ the following parameters: 1t0o1=0.2,
stol=0.3, angle_tol=>5, which are the defaults found in emmet [12]. As shown in
Table D3, the ordered-disordered structure matcher identifies a strictly higher num-
ber of matches between structures, thus resulting in strictly lower uniqueness, novelty,
and S.U.N. values. Additionally, the ordered-disordered structure matcher allows
matches between generated ordered structures and disordered ICSD structures, which
is not possible with the commonly-employed pymatgen StructureMatcher, thus fur-
ther reducing uniqueness and novelty metrics. While we only report differences for
MatterGen metrics appearing in the main text for conciseness, we note that novelty,
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uniqueness, and S.U.N. metrics decrease for all methods and benchmarks when using
the ordered-disordered structure matcher instead of the pymatgen StructureMatcher.

Metric Appearing in pymatgen ordered-disordered
StructureMatcher  structure matcher

% Novelty (1 million samples) Fig. 2d 68 % 61 %

% Uniqueness (1 million samples)  Fig. 2d 86 % 80 %

% S.U.N. (Alex-MP) Fig. 2e (teal) 44 % 39 %

% S.U.N. (MP) Fig. 2e (purple) 24 % 22 %

% S.U.N. (well explored) Fig. 3a (teal) 85 % 84 %

% S.U.N. (partially explored) Fig. 3a (teal) 79 % 65 %

% S.U.N. (not explored) Fig. 3a (teal) 54 % 49 %

% S.U.N. (3 elements) Fig. 3b (teal) 86 % 77 %

% S.U.N. (4 elements) Fig. 3b (teal) 73 % 65 %

% S.U.N. (5 elements) Fig. 3b (teal) 60 % 54 %

# S.U.N. & mag. den. > 0.2 A® Fig. 4g (teal) 27 18

# S.U.N. & bulk mod. > 400 GPa  Fig. 4h (teal) 114 106

# S.U.N. (mag. density) Fig. 5a (yellow) 248 59

# S.U.N. (mag. density & HHI) Fig. 5a (teal) 107 49

Table D3: Novelty and uniqueness metrics for MatterGen appearing in the main
text computed using the default pymatgen StructureMatcher and our novel ordered-
disordered structure matcher used throughout this work.

D.5 Generating stable and diverse materials

This section provides supplementary information to the results in Section 2.2.

D.5.1 Additional experimental details

For the results of DiffCSP, we use the checkpoint released by the authors, and for
all other baselines we randomly subsample the 10,000 structures used in [4]. To
evaluate the performance of a generative model on the task of unconditional gener-
ation, we look at two keys metrics. First, we use the RMSD between the generated
and the DFT-relaxed structure to measure local stability. Second, we use the frac-
tion of S.U.N. structures to capture global stability and, to some extent, diversity
(Supplementary D.3). The RMSD metric is defined as

N 2
RMSD = \|min 3 |ag, —apr7 [ (D49)

n

where &,, indicates the Cartesian coordinates of atom n, and P is the element-aware
permutation operator on the atoms of the generated structure. A lower RMSD indi-
cates that generated structures are closer to their DFT-relaxed counterpart. This in
turn reduces the computational time for the DFT relaxation, which is typically the
most costly part of crystal structure generation.
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Model Avg. RMSD [A] % S.U.N.

MatterGen (Alex-MP) 0.021 38.57
DiffCSP (Alex-MP) 0.104 33.27
Table D4: Results of training the DiffCSP base-
line on our Alex-MP dataset. Best result high-

lighted in bold.

The plots displayed in Fig. 2(b,c,e,f), and the structures shown in Fig. 2(a) refer
to samples of 1024 generated structures that have also been relaxed via DFT.

D.5.2 Additional baseline comparison

In Table D4 we present an additional result comparing to the Diff CSP baseline. Here,
we have trained the baseline on the same Alex-MP dataset as MatterGen. We find
that DiffCSP’s generated structures are roughly 5x farther from their DFT-relaxed
local optima, and MatterGen produces stable, novel, and unique structures at a more
than 15% higher rate than DiffCSP.

D.5.3 Additional qualitative analysis of structures

Within the 1024 structures generated unconditionally for Fig. 2(a), a total of 17
unique, on-hull crystal structures were found: 7 binaries, 7 ternaries, and 3 quater-
naries (Table D5). Of these, three had P1 symmetry, and one contained molecules or
was a molecular crystal. Prototype assignment limited to prototypes available in the
robocrystallographer [28] tool, which will assign the “closest” matching prototype
subject to tolerances. The ability for a composition to charge balance assessed by
pymatgen and known common oxidation states for each element. As previously dis-
cussed, a generated crystal can still be reasonable even if it does not charge balance,
and not all materials are ionic.

Four randomly-selected examples from the full set of unconditional structures (both
novel and not novel) were highlighted in Fig. 2 in the main text. These were BaLalr,
K3AlClg, NaNilOg, and NaSm(TmTes),. For BaLaolr, it is well-known that Laglr
forms an intermetallic with a Laves structure, and that Ba can often substitute for
La since both can exist in a +2 oxidation state with a 6s2 outer shell. However, in
this example, we see octahedrally co-ordinated Ir bonded to La, with Ba inserted as
a single plane of atoms in a close-packed configuration, as it would exist in elemen-
tal Ba. It is unclear if this material could exist. The K3AlClg has low space group
symmetry (P1), but consists of Al in an ideal octahedral co-ordination, with K in a
mixed bonding environment. This structure charge balances under the assumption of
AT, KT and Cl, and could be thought of as derived from a defected rocksalt. The
NaNilOg structure exists in the training set and is well-known belonging to a family
of periodate structures AMIOg (where A is an alkali metal and M is another metal
atom). NaSm(TmTes)s is a rocksalt structure with Te in the anion site and a mix of
Na, Sm and Tm in the cation sites.
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Formula Symmetry  # Elements Charge balances  Prototype Classification

BajgAu C2/m 2 - - Crystal with 1D chains
SbAu P63/mmc 2 Yes Molybdenum Carbide MAX Phase  Bulk crystal

SeS P1 2 Yes red selenium Crystal with 1D chains
V3Clg C2/m 2 Yes - Layered/2D crystal
KCls P1 2 - - Hybrid

All7 P1 2 - - Crystal with 1D chains
VBrs Cm 2 Yes Silicon tetrafluoride Molecular crystal
GdScBi P4/nmm 3 - Matlockite Bulk crystal

Sm(FeC)2 Fddd 3 Yes - Bulk crystal

TI4IrOg C2/m 3 Yes - Bulk crystal

CsTeaPd C2/m 3 Yes - Bulk crystal

Sbs PPba Amm?2 3 Yes - Bulk crystal

TePbsClg C2/m 3 Yes - Bulk crystal

FeCoHa P4/mmm 3 - Caswellsilverite Bulk crystal
TbCe(Ho2Tez)2 Cm 4 - alpha Po Bulk crystal
ZnaNigBH Fm3m 4 - (Cubic) Perovskite Bulk crystal
TeaMoWSe2 Cm 4 Yes Molybdenite Layered/2D crystal

Table D5: Summary information on 17 crystal structures that were calculated as
being novel, unique, and thermodynamically stable from a batch of 1024 crystal struc-
tures from an unconditional generation task.
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Fig. D7: Rediscovery of ICSD structures with (a) default pymatgen structure
matcher, and (b) ordered-disordered structure matcher. Dashed lines indicate the total
number of ICSD structures in each split.

D.5.4 Rediscovering experimental materials

Experimental verification is the ultimate test of synthesizability for any generative
model for materials. In addition to the experimental results in Section 2.6, we can eval-
uate whether MatterGen generates reasonable materials which could be synthesized
by trying to ‘rediscover’ experimentally known materials which the model has not seen
during training [23]. For this, we generate 10 million samples using MatterGen, and
check whether they match experimental materials from a hold-out set. As mentioned
in Supplementary C.1, we hold out 4,387 experimental structures from ICSD for test-
ing purposes. These are experimental ICSD structures which were not in the Materials
Project database at our cutoff date of July 5, 2022. Our cutoff date for including struc-
tures from ICSD is July 13, 2023. In addition, we have 1,739 ICSD structures held
out of the training dataset via our i.i.d. splitting between training and validation set.
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We refer to these two sets of held-out experimental ICSD structures as the ‘temporal’
and ‘i.i.d.” splits, respectively.

In Fig. D7(a) we see that MatterGen successfully re-discovered more than 2,200
experimental ICSD structures, of which 1,206 were from the i.i.d. split and 1,013 from
the temporal split. Here, we consider two structures to be equal if they match using
the ordered version of the pymatgen StructureMatcher (Supplementary D.4.1). This
imposes a stricter matching criterion—and therefore more conservative rediscovery
rates—than the ordered-disordered structure matcher (Fig. D5) used throughout this
work. Additionally, we employ the ordered-disordered structure matcher to evaluate
rediscovery of the ca. 118k disordered ICSD structures from our extended reference
dataset, which have not been seen by the model.

In Fig. D7 we show that, besides slightly higher rediscovery rates for the ordered
ICSD hold-out structures, MatterGen’s generated structures also match around 8k
experimentally confirmed disordered ICSD structures. Here we filter out any structures
which match to a training structure using the ordered-disordered structure matcher,
which ensures that ‘rediscovered’ structures are not merely training structures
modified according to the criteria of the ordered-disordered structure matcher.

These results demonstrate that MatterGen is able to generate synthesizable struc-
tures outside its training data. This suggests that MatterGen can be used to propose
novel structure candidates which can subsequently be synthesized.

D.6 Generating materials with target chemistry

This section provides supplementary information to the results in Section 2.3.

D.6.1 Additional experimental details

We explore the capability of MatterGen to find novel stable crystals across the 27
chemical systems listed in Table D6. We group the systems in terms of how many
elements they contain (ternary, quaternary, and quinary), and in terms of how many
structures near the the convex hull were present in the reference Alex-MP-ICSD
dataset (‘well explored’, ‘partially explored’, ‘not explored’). The latter classes are
defined as follows:

e ‘well explored’: systems with the highest numbers of structures near the convex hull.
We removed all structures belonging to ‘well explored’ systems from the training
data set to assess the capability of our model to recover existing stable structures
without having seen them during training.

e ‘partially explored‘: systems that lie between the 30th and the 90th percentile of
the distribution of chemical systems based on the number of structures they have
near the convex hull. This class was designed to assess the capability of our model
to expand known convex hulls. Therefore, we did not remove the existing data
belonging to such systems from the training set.

® ‘not explored’: systems with no data near the convex hull. This class was designed
to test our model in chemical systems where no structures on the hull are present
in the reference dataset.

35



Here, we define ‘near the convex hull’ structures as structures whose energy per atom is
between 0.0 and 0.1 eV /atom above the convex hull. For all three groups, we randomly
chose nine ternary, nine quaternary and nine quinary chemical systems (Table D6).
Moreover, we replaced those chemical systems that had an overlap of more than two
elements with another system to promote chemical diversity. The replacement was
chosen randomly as well.

For this task, we fine-tune our base model on two properties: chemical system and
energy above hull. We encode the latent embedding for the energy above hull and
the chemical system as detailed in Supplementary B.2.1 and Supplementary B.2.2,
respectively. Both properties are available for all structures in the training set of the
base model. Therefore, the training set is used in full for fine-tuning. At sampling
time, we condition on both an energy above the convex hull of 0.0 eV /atom, and on
the chemical system we want to sample.

To compare the performance of MatterGen against substitution and RSS, we use
the MatterSim MLFF [45] (Supplementary D.1.4) to relax the generated structures,
and then perform ab initio relaxation and static calculations via DFT (Supplemen-
tary C.2). In particular, we perform the following steps: (1) generate structures, (2)
relax structures using MatterSim, (3) filter structures for uniqueness, (4) select the
100 structures with lowest predicted energy above hull according to MatterSim, (5)
run DFT on these structures. We report metrics only with respect to those struc-
tures. To allow for a fair comparison between our generative model and non-generative
approaches, we employ MLFF relaxation on a greater number of samples for the lat-
ter. For RSS, we sample 600,000 structures per chemical system according to the
protocol described in Supplementary D.6.1. For substitution, we enumerate every pos-
sible structure according to the algorithm detailed in Supplementary D.6.1, which
yields between 15,000 and 70,000 structures per chemical system. For MatterGen, we
generate 10,240 structures per chemical system.

Ternary  Quaternary Quinary
O-Sr-V Bi-Cu-Pb-S C-H-N-O-S
Well explored Mn-O-Se As-Cl-O-Pb Ba-Ca-Cu-O-Tl
La-Mo-O Fe-Na-O-P Eu-F-K-O-Si

Li-Pr-Te  Cl-Cu-Dy-Rb  Cu-Gd-O-Ru-Sr
Partially explored C-Pr-Ru  Na-Te-Tm-Zr  La-Na-O-Sb-Sc
C-Mg-Sc F-Mg-Rb-Sn Cs-F-O-T1-Zr
Br-Pb-Rh  Cr-Ga-Mg-P Al-C-H-Sb-Zr
Not explored As-Cu-Sr C-Cl-Ho-Ru As-Br-Cr-1-Pt
Cl-Er-In Al-Au-Co-S K-Mo-O-P-Sr

Table D6: Categorization of the 27 chemical systems used to
benchmark model capabilities on chemical system exploration

Random structure search details

For every chemical system, we performed two rounds of RSS using the airss [43] pack-
age. In each round, we generated 300,000 structures by sampling 100,000 structures
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across three different ranges of number of atoms per unit cell. We used the follow-
ing non-overlapping intervals: 3-9, 10-15, and 16-20 for ternary systems; 4-10, 11-15,
and 16-20 for quaternary systems; 5-11, 12-16, and 17-20 for quinary systems. For the
first round, we used airss to propose structures without structural relaxation using
MINSEP = 0.7-3 (minimum separation between atoms in A) and SYMMOPS = 2-4
(number of symmetry operations). All proposed structures were relaxed using the
MatterSim [45] MLFF (Supplementary D.1.4), and the resulting 300,000 MLFF relax-
ation trajectories were used in the second round of RSS to automatically tune the
MINSEP parameter. Again, airss was run without structural relaxation followed by
a MLFF relaxation. Finally, we combined the 600,000 MLFF-relaxed structures from
both rounds and ran DFT structural relaxation and static calculation on the 100
unique structures with the lowest predicted energy above hull according to MatterSim.

Substitution details

A total of 5,143 ordered crystal structures (2,695 ternary, 1,875 quaternary, and 573
quinary) with less than 100 atoms in a unit cell from the ICSD [39] were used as
prototypes. For each chemical system in Table D6, we computed all possible unique
substitutions of the prototypes, relaxed all structures using the MatterSim [45] MLFF
(Supplementary D.1.4), and selected the 100 unique structures with the lowest pre-
dicted energy above the hull according to the MLFF. Finally, we ran DFT structural
relaxation and static calculation on the selected structures.

D.6.2 Additional qualitative analysis of structures

The V-Sr-O chemical system example provided in Fig. 3 produced three novel on-
hull crystal structures discovered by MatterGen: SrV,Og (VPT), Sr3(VOy)a (V)
and SrV,04 (V®T). This chemical system has been well-studied in literature and also
contains SrVOs, a well-known perovskite [29], Sr3(VOy)s is expected to be synthe-
sized in a cation-deficient variant of the SrVOgs crystal structure [30]. We also note
that MatterGen re-discovers the Sro VO, structure, which was already known but not
included in the training dataset.

Vanadates are known to by synthesizable in a variety of frameworks, with the
expected co-ordination of the VO4 sub-unit varying with oxidation state [31] from
the ideal tetrahedron in V' to a variety of other co-ordination environments. All
generated structures have plausible atomic environments with VO, sub-units, either
ideal or distorted, and oxygen co-ordinated Sr atoms.

One SrV,04 structure, having C2/m symmetry, consists of a layers of ideal
VO, edge-sharing tetrahedra separated by a Sr in a triangular prismatic bonding
configuration, resulting in a 1D channel of voids in the Sr layer.

D.6.3 Generating structures at 0 eV /atom of convex hull

In Section 2.2 and Table D5, we show that MatterGen generates around 3 % structures
stable at 0 eV/atom of the Alex-MP-ICSD convex hull. This result is comparable
with the training data distribution, where only 8.0 % structures in the Alex-MP-ICSD
are stable at 0 eV/atom of the convex hull. The fraction of S.U.N. materials at the
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Chemical System  MatterGen conditioned on Ey,;  MatterGen

Cl-Er-In 40 27
As-CI-O-Pb 29 44
O-Sr-V 11 9
Mn-O-Se 10 6
Br-Pb-Rh 10 3
Eu-F-K-O-Si 9 0
C-Pr-Ru 7 13
C-H-N-O-S 2 0
C-Mg-Sc 2 6
Al-Au-Co-S 2 2
La-Mo-O 2 1
Li-Pr-Te 1 0
Cl-Cu-Dy-Rb 1 0
Cs-F-O-T1-Zr 1 0
Bi-Cu-Pb-S 0 0
Al-C-H-Sb-Zr 0 0
As-Br-Cr-I-Pt 0 0
As-Cu-Sr 0 0
Ba-Ca-Cu-O-T1 0 0
Cu-Gd-O-Ru-Sr 0 0
K-Mo-O-P-Sr 0 0
Fe-Na-O-P 0 0
F-Mg-Rb-Sn 0 0
La-Na-O-Sb-Sc 0 0
Na-Te-Tm-Zr 0 0
Cr-Ga-Mg-P 0 0
C-Cl-Ho-Ru 0 0
Total 127 111

Table DT7: Percentage of S.U.N. structures where the sta-
bility threshold has been set to 107> eV /atom. The middle
column reports performance for a model conditioned on both
chemical system and Fy,; = 0.0 eV /atom, the right column
for a model conditioned only on chemical system.

0 eV/atom threshold is 1.7 %, where 59.4 % of structures are novel and 100 % are
unique, similar to our main result using 0.1 eV/atom as the stability threshold (see
Supplementary D.3 on why we use a 0.1eV/atom threshold).

We can encourage our model to generate structures on the convex hull by explicitly
conditioning on the energy above the hull values. As an example, in Table D7, we show
that we can improve the S.U.N. at 0 eV /atom above the hull by jointly conditioning
on chemical system and Ep,; = 0 eV/atom for most chemical systems. Additionally,
the energy above the hull conditioning doubles the total number of structures on the
combined hull found by MatterGen on the 27 chemical systems we consider (from 36
to 78). We note that Section 2.3 reports results for the model jointly conditioned on
chemical system and energy above the hull.
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D.7 Designing materials with target symmetry

The symmetry of a material directly affects its electronic and vibrational properties,
and is a determining factor for its topological [32] and ferroelectric [33] characteristics.
The generation of S.U.N. materials with a given symmetry is a challenging task, as
the symmetric arrangement of atoms in space is hard to enforce without resorting
to explicit constraints based on already known materials. That is because the space
group of a structure might be sensitive to small variations in the atomic positions,
e.g., this is different from image generation problems where small differences in pixel
space do not change the class/concept of the output.

Here, we assess MatterGen’s ability to generate S.U.N. materials with a target
symmetry by fine-tuning it on space group labels. We choose 14 space groups at
random from the subset of space groups that had at least 1000 entries in the training
dataset, two for each of the seven crystal systems. We generate 256 structures per
space group and relax them with DFT.

The results are shown in Fig. D8(a). On average, the fraction of generated struc-
tures with the target space group is 53% (teal), 39% if we also filter for stability
(vellow), and 16% if we additionally filter for novelty and uniqueness (purple). We
note some interesting differences between the 14 space groups. MatterGen has a very
high success rate in sampling stable structures that belong to the highly-symmetric
F43m space group (61%), but these structures have low novelty and/or uniqueness.
This can be explained by the low number of degrees of freedom for structures in this
space group: only four distinct Wyckoff positions having less than 16 sites are present,
all with no spatial degree of freedom. This implies that structures with fewer than 20
atoms within the F43m space group have mostly compositional degrees of freedom.
Moreover, many structures with this space group are present in the reference data set
(32,422 structures); it is therefore hard for the model to generate novel samples. On
the other hand, the model has more difficulty in sampling stable structures belong-
ing to low-symmetry space groups such as P1, P1m1, or C12/c1, but most of those
structures are novel and unique, possibly due to the high number of structural degrees
of freedom present. Finally, we note that some of the most highly symmetric space
groups that were chosen, e.g., P6m2 and Im3 achieve a success rate of being in the
target space group and of being S.U.N. of at least 10% . This is a notable result given
that most previous generative models struggled in generating highly symmetric crys-
tals [4, 12]. In Fig. D8(b), we show 14 randomly generated S.U.N. structures, one from
each space group in Fig. D8(a). A brief qualitative analysis of the displayed structures
can be found in Supplementary D.7.2

In Fig. D9 we compare the marginal distribution of space groups of the train-
ing data (purple) with the space group of samples generated using MatterGen and
relaxed with DFT (teal), where target space groups are drawn from the training data
distribution along with the number of atoms in the unit cell. We display only space
groups with at least 1000 entries in the training dataset for legibility. We observe that
structures sampled by the symmetry-conditioned MatterGen model mostly follow the
space group distribution of the training data, with the exception of the P1, P1m1, and
Clml space groups, which are over-sampled.

39



mw inSG. -|nSG+SUN

o
=
w
]
+
wn

cubic

hexagonal

triclinic
trigonal

CugP3011 Rb,Tl;TeSeq
(P1) (PT)

nhorhombic
tetragonal

Fraction of samples
o
o

o o o
[T S EE N

monoclinic

o
™

1
P3

-

Im3

— — — o E o E O o v E
& o £ & E g E ¢ m E E )
s ¥ E g & E a I8 E 54
o < = 3> 3
3 2
International space group symbol
MngOsF7 CsCu;HgIs SrCaSiPt MnSn;Fg FelrOsRh Li(SnCl3)2
(Pm) (C2/c) (Amm2) (Immm) 14 (P43/mnm)
00 0 6006 o® 0006 i @ D
CSM£3|B KNd_OsOG Cs!!lglng Zn,Sns RbCuAAg3F11 LiH_oZrRh

Fig. D8: Generating materials with target symmetry. (a) Fraction of generated
structures that belong to the target space group (teal), are also stable (yellow), and are
also S.U.N. (purple) for 14 randomly chosen space groups spanning the seven lattice
types. (b) 14 randomly selected S.U.N. structures generated by MatterGen, one per
space group in (a).

D.7.1 Additional experimental details

For generating structures belonging to a target space group, we fine-tune our base
model on the whole training set, and represent the latent embedding of the space
group of a crystal via one-hot encoding of the space group.

We assess the capability of our model to correctly generate structures belonging
to any space group via two tasks. For the first task (Fig. D8), we sample two space
groups for each of the seven lattice systems, and choose to sample only from space
groups that contain at least 1000 structures in the training set. We then compute
the fraction of S.U.N. structures our fine-tuned model generates when conditioned on
these space groups that are classified as belonging to that space group according to the
SpaceGroupAnalyzer module of pymatgen [15, 34]. This metric is computed for 256
generated structures per space group after DFT relaxation has been performed. For
the second task (Fig. D9), we generate 10,000 structures conditioned on space groups
sampled randomly from the data distribution of the training set, and check whether
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Fig. D9: Generating materials with target symmetry. Fraction of generated
structures belonging to space groups generated by MatterGen fine-tuned on symmetry
groups, sampled from the joint distribution of atoms in unit cell and space group of
the training data (teal), and structures present in the training dataset (purple).

our model is able to reproduce the distribution of space groups from the training data.
For both of the above tasks, the number of atoms in the systems are sampled from
the distribution of number of atoms for that space group in the training set. This way,
we avoid ‘impossible’ space group constraints, where the space group we condition on
cannot be satisfied given the number of atoms we set.

D.7.2 Additional analysis of structures

The highlighted examples in Fig. D8 show a high degree of novelty, with few matching
known prototypes. The combination of elements in generated structures is also not
common, e.g., RbCuAgF, SrCaSiPt. It is therefore difficult to reference to known struc-
tures in literature. The majority of the examples could be assigned formal valences,
and half were robust for their target symmetry even when symmetry was calculated
with a higher symmetry-finding tolerance.

D.8 Designing materials with target magnetic, electronic and
mechanical properties

This section provides supplementary information to the results in Section 2.4.

D.8.1 Additional experimental details

To generate structures conditioned on a target property, we fine-tune our base model
on magnetic density (N =~ 605,000 DFT labels), band gap (N = 42,000) and bulk
modulus (N = 5,000), respectively. See Supplementary B.1 for more details on the
fine-tuning scheme, and Supplementary D.1.2 for hyperparameter settings. We rep-
resent the latent embedding of scalar properties via a sinusoidal encoding from the
Transformer architecture [35].

For each property in Fig. 4(a-c), we generate 512 samples with our fine-tuned model

by conditioning on a value of 0.2 A7 for magnetic density, 3.0 eV for band gap, and
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400 GPa for bulk modulus. We relax those structures using the MatterSim [45] MLFF
and filter the relaxed structures by stability, uniqueness, and novelty. We then relax
the remaining structures with DFT and filter by stability, uniqueness, and novelty.
Finally, we compute the desired property of the remaining structures using DFT, and
filter out structures where we consider the computed property to be an outlier, i.e.,
high bulk modulus values with more than 600 GPa and magnetic density values with
more than 0.3 A™°. For more details on the DFT calculations, see Supplementary C.2.
After all filters and DFT computations, we obtain 59 S.U.N. structures for magnetic
density, 130 for band gap, and 19 for bulk modulus.

For Fig. 4(g), we use MatterGen to generate 15,360 samples conditioned on a

magnetic density value of 0.2 Ais, relax those structures using MatterSim and filter the
relaxed structures by stability, uniqueness, and novelty. This results in 163 candidate
structures. Next, we relax them via DF'T, with 140 of them being DFT stable. We then
randomly sub-sample k structures according to the given DFT property calculation
budget, and compute their magnetic density via DFT. As a baseline, we count the
number of structures in the labeled training dataset that satisfy the target property
constraint. For Fig. 4(h), we train a separate property predictor for bulk modulus
(see details below), which we use for both MatterGen and the screening baseline. In
particular, we use predicted bulk modulus values to fine-tune the base MatterGen
model. We generate 8,192 samples conditioned on a bulk modulus value of 400 GPa,
relax those structures using MatterSim and filter the relaxed structures by stability,
uniqueness, and novelty. This results in 174 candidate structures. We relax those via
DFT, with 131 of them being DFT stable. We then randomly sub-sample k structures
according to the given DFT property calculation budget, and compute their bulk
modulus via DFT. For the screening baseline, we use the bulk modulus property
predictor to predict the bulk modulus values of all structures in the training dataset for
which we do not have an existing DFT label, rank those structures by their predicted
bulk modulus values, and choose the top k structures according the DFT property
calculation budget. We then verify their actual bulk modulus values via DFT.

Property predictor details

The bulk modulus property predictor used in Fig. 4(h) consists of a GemNet-dT [6]
encoder that provides atom and edge embeddings, followed by a mean readout layer.
We employ three message-passing layers, a cutoff radius of 10 A for the neighbor list
construction, and set the dimension of nodes and edges hidden representations to 128.

To train the property predictor, we use all materials with DFT Voigt-Reuss-Hill
average bulk modulus values from MP [14] (including structures with more than 20
atoms), which are 7,108 structures in total. We allocate 80% of the data for the training
set, 10% for validation, and 10% for testing. We follow the MatBench benchmark [36]
and predict the log;, bulk modulus. At the end of training, the model achieves a mean
absolute error (MAE) of 9.5 GPa. The model was trained using the Adam optimizer.
Gradient clipping was applied by value at 0.5. The learning rate was initialized at
5 x 10™* and decayed using the ReduceLROnPlateau scheduler with decay factor 0.8,
patience 10 and minimum learning rate 10~8. The training was stopped when the
validation loss stopped improving for 150 epochs.
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D.8.2 Additional qualitative analysis of structures

Magnetic density conditional generation

For the high magnetic density generation task, a manual review of ten generated crys-
tals chosen at random was performed, as well as the two representative structures with
high magnetization density that were highlighted in Fig. 4. Of the random selection,
eight of the ten generated structures were ordered approximations of a Fe-Co alloy:
a-Fe with a partial Co substitution from 10% Co to 40% Co. The Fe-Co system is a
well-known and versatile soft magnetic material system with a wide region where a
a-Fe, Co; —x phase is stable, with a mixture of y-Fe and a-Co expected at lower Co
content. While these generated structures could be considered “good”, in the sense
that they are physically plausible and indeed would be useful magnetic materials, they
are likely only considered novel since these specific ordered unit cells do not currently
exist in the reference databases. Also, as an alloy, predicted quantities such as energy
above hull based on a single ordered approximation will be misleading. Two of the ten
generated structures contained hydrogen, either as FegHy or Fe,CooH, with hydro-
gen in an ideal octahedral environment. The generation of these structures can be
rationalized owing to extensive study of iron hydrides, with the generated structures
having local atomic environments similar to that in a double hexagonal close-packed
iron hydride structure that can exist at high pressure. The realization of these specific
structures is unlikely with phase segregation expected to occur. The two structures
highlighted in Fig. 4(d) contain Gd, an element with a large magnetic moment due to
its 7 unpaired electrons when in its Gd*" oxidation state and in its elemental state.
Therefore, it is unsurprising that the model would preferentially generate materials
containing Gd in this instance: as in the randomly selected sample, this task necessar-
ily shows a strong compositional bias in the materials generated. The GdsN example is
a layered material. Although the GdaN molecule has been studied [37], it is unknown if
and how it might crystallize. The generated GdgH2CN3 structure is rocksalt-derived,
with Gd on one site, and a mix of C, H and N on another site, with all atoms in almost
ideal octahedral environments.

Band gap conditional generation

For the target band gap generation task, a manual review of ten generated crystals
chosen at random was performed, as well as the two representative structures with
desired target band gap that were highlighted in Fig. 4. Unlike the other single prop-
erty optimization tasks, the generated crystals did not show a strong compositional
dependence, with a wide range of elements presented in generated materials. All gener-
ated materials also could nominally charge balance, unlike the materials analyzed from
other single property optimization tasks. This seems reasonable for a task designed to
generate insulating systems; the target band gap of 3 eV (calculated with the PBE
functional, and thus underestimating the true electronic band gap) should generate
insulating materials, and thus more ionic solids. Of the random sample, we could only
find NaNOg3 and the molecular crystal Bl3 as a compositions that had previously been
synthesized. Both were in incorrect symmetry compared to their experimentally known
structures, with the generated NaNOjs in C2/c compared to the experimental R3c,
and B3 in P1 compared to the experimental P63/m. However, both had correct local
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bonding and similar calculated band gaps to the band gaps calculated for their experi-
mental structures. This indicates one instance whereby the model might still generate
useful results even if the generated crystal structure is different from the experimental
ground state, if it can guide a scientist towards investigation of a specific system.

The examples highlighted in Fig. 4(e) were BiVO4 and TINOs. Of these, the local
bonding in BiVO,4 was very similar to that in the experimentally-known bismuth vana-
date which crystallizes in the I4; /amd [38] space group or 14;/a space group [39],
unlike the generated Cmcm space group. The structure consists of ideal VO, tetrahe-
dra and Bi co-ordinated by O atoms with all Bi-O bonds of similar length. However,
the Bi atoms are displaced towards the face of its coordination polyhedra. While this
new BiVOy polymorph is predicted to be stable by DFT, it would be surprising if it
were synthesizable since BiVOy4 has already been extensively studied. It is possible
the structure is dynamically unstable, kinetically inaccessible during growth, or there
is simply a limitation in accuracy or precision of the DFT method used. However,
since the DFT methods used here are predicting it to be stable and on the convex
hull, it should not be seen as a failure of the model that this structure was gener-
ated. Likewise, TINOg thallous nitrate is experimentally-known in the Pnma space
group [40] with a calculated (PBE) band gap of 2.8 €V [41], however the generated
crystal appears quite different to the experimental structure due to a change in T1
co-ordination around NOs  anions.

Bulk modulus conditional generation

For the high bulk modulus generation task, a manual review of ten generated crystals
chosen at random was performed, as well as the two representative structures with high
bulk modulus that were highlighted in Fig. 4(f). All structures show a strong compo-
sitional bias, containing a mix of refactory elements Re, W, Mo and Ir and frequently
also B and C; this is consistent with literature on superhard materials (which includes
materials with high bulk modulus). When the composition contains only refactory ele-
ments, the generated structure typically seems like an ordered approximation of an
alloy of that composition, while those that also contain B or C typically take a very
anisotropic, layered structure. As an example, RegB highlighted in Fig. 4 is known
to exist in the Cmcm space group as an intermetallic and superconductor [42]. The
Re3B2C example is more unusual, with layers of all Re, B, Re, C, Re, ..., and is a
structure that nominally can charge balance. We note that the bulk modulus calcu-
lated is an averaged quantity over the full elastic tensor and we have not examined
the directional bulk moduli in these highly anisotropic systems.

D.9 Designing low-supply-chain risk magnets

This section provides supplementary information to the results in Section 2.5.

D.9.1 Additional experimental details

To generate structures conditioned on magnetic density and HHI score, we fine-tune
our base model on these two properties, encoded as in Supplementary D.8. To evalu-
ate the performance of our model, we proceed as detailed in Supplementary D.8, and
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generate 512 samples with our fine-tuned model, by conditioning on a magnetic den-
sity value of 0.2 A™ and an HHI score of 1200. Of those, 85 samples remain after
filtering by stability and uniqueness following the DFT relaxation. Finally, a total of
49 structures pass the novelty check w.r.t. the reference dataset and are reported in
Fig. 5(a).

D.9.2 Additional qualitative analysis of structures

Targeting a low HHI index in addition to high magnetic density steers MatterGen
away from generating structures with Co, which is associated with poor HHI scores.
Example structures include Fe, Mnj_, O rocksalt alloys (MnFe304, MnyFe305) or
additionally including Mg; however, they only exhibit a high magnetization density in
a hypothetical ferromagnetic state, and not in their actual antiferromagnetic ground
state. Other similar example outputs include a body-centered-cubic FegAu system,
which is well-known experimentally. While the joint optimization task could further
be extended to produce more reasonable candidates—e.g., by penalizing expensive
elements, and preferring metallic systems more likely to be ferromagnetic—the overall
performance of the model with respect to the labels used for training is reasonable.
It is possible that a better treatment of alloy systems would be required to improve
performance of the high magnetic density generation task, and to ensure that the
generated structures are truly novel.

D.9.3 Rediscovering experimental materials

Similar to the analysis in Supplementary D.5.4, we evaluate whether MatterGen can
generate materials that are similar to experimentally known materials which it has
not seen during training in order to assess if the model produces reasonable mate-
rials which could be synthesized. The reference dataset we employ comprises 6,126
ordered structures from the ‘temporal’ and ‘i.i.d” ICSD splits mentioned in Supplemen-
tary D.5.4, and ~117.7k disordered ICSD structures (Fig. C3). We chose to examine
conditional samples of the joint model in Section 2.5 that aims to generate samples of
magnetic density 0.2 A~ and an HHI score of 1250.

Of 130 samples whose corresponding DFT calculations completed successfully, 87
are not contained in the training set according to the ordered-disordered structure
matcher. Of these structures, there are 26 that match at least one ICSD structure that
is not contained in the training set. Of these 26 samples, 18 are unique according to
the ordered-disordered structure matcher. There are 67 ICSD structures that match
at least one of the aforementioned 18 samples, all of which are disordered materials.
Of these 67 disordered ICSD structures, there are 12 sets in which all members are
equivalent according to the ordered-disordered structure matcher (Table D8). We high-
light matches to ICSD structures in chemical systems Fe-Ni, Co-Fe and Ca-Fe-Mn-O
for which there are known permanent magnetic materials. Further, we note that all
calculations of the total magnetic density performed in this work and of the training
data were initialised in a ferromagnetic configuration. In general, it may be that other
magnetic orderings, such as the antiferromagnetic ordering, are lower energy and are
hence more likely to be synthesizable than the ferromagnetic one. This suggests that
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a model for generating functional permanent magnets must be able to successfully
predict the most stable magnetic ordering. Likewise, generated magnets would have
to satisfy additional properties of interest such as a suitable critical temperature and
high coercivity, which is related to its magneto-crystalline anisotropy. We acknowledge
that these are complex properties that depend on many factors, which makes these
properties difficult to simulate and predict. Solving these challenges would require
substantial effort that is beyond the scope of this work.
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Table D8: Rediscovery of ICSD structures described in Supplementary D.9.3. Each row contains structures
that are equivalent under the ordered-disordered structure matcher. Columns are grouped by the source of
data, showing the formulas and space groups of members in each row, in addition to magnetic moment data
if available. The rightmost column includes a non-exhaustive list of references of experimentally observed
magnetic moments for materials that have similar formulas and space groups to those listed before.

* Space group of compositionally disordered equivalent structure, created by replacing elements that often
form solid substitutions with their corresponding fractional occupancies.
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D.10 Experimental validation of bulk modulus conditional
generation

This section provides supplementary information to the results in Section 2.6.

D.10.1 Sampling details

We employ the same MatterGen model fine-tuned for bulk modulus conditional gen-
eration as detailed in Supplementary D.8.1, and generate 8192 samples for each of the
following bulk modulus target values: 50, 100, 150, and 200 GPa, for a total of 32,768
samples. We furthermore add an elemental masking to disallow sampling of certain
elements due to their toxicity, price, availability, or difficulty to experimentally han-
dle; the excluded elements are: F, I, Cl, Br, C, N, Be, Sc, Rb, Rh, He, Pd, Cs, Pr, Nd,
Pm, Tb, Dy, Ho, Tm, Yb, Os, Ir, Pt, Au, Re, TL

D.10.2 Rediscovery of ICSD structures

Acccording to our ordered-disordered structure matcher, we identify 101 structures
among the 32,768 conditionally generated samples that match ordered ICSD structures
in our Alex-MP-ICSD reference dataset. Note that none of these ICSD structures are
included in our Alex-MP-20 training set. For all of them, we perform elastic tensor
calculations using the DFT protocol highlighted in Supplementary C.2. We obtain 95
successful elastic tensor calculations and 6 non-converged ones.

D.10.3 Filtering steps to choose structures to synthesize

We apply the following filtering steps to the initial candidate set of 32,768 structures
to narrow them down to four synthesis candidates.

1. We filter out compounds without oxygen to simplify the synthesis procedures, as
oxides are often easier to synthesize. This reduces the number of candidates to 7919.

2. We filter out structures with a computed energy above hull above 0.05 eV /atom
according to MatterSim [45]. This reduces the number of candidates to 2196.

3. We filter out duplicates and structures that match our Alex-MP-ICSD reference
dataset, since we aim to synthesize a novel compound. This reduces the number of
candidates to 551.

4. We filter out structures that display negative phonon modes when computing the
phonon spectra using the MatterSim MLFF. The phonon spectra are computed
using PhonoPy [62], with supercells contaning approximately 300 atoms, and using
displacements of 0.03 A. This reduces the number of candidates to 119.

5. We filter out structures with a computed energy above hull above 0.03 eV /atom
according to DFT. This reduces the number of candidates to 75.

6. We rely on expert analysis for the final selection of candidates for synthesis. The
criteria are: low number of elements, availability of precursors, predicted local ionic
coordination. Four samples were chosen and synthesis was attempted for all of them.

Synthesis was successful for one of the four chosen samples, as detailed below.
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D.10.4 TaCrs0Og experimental synthesis

The TaCry0O4 sample was synthesized via a conventional solid-state reaction where
Cr powder (> 99.99%, Sigma-Aldrich) and Ta205 (> 99.99%, Ourchem) powder were
used as starting materials, mixed in a molar ratio of 4:1 (Cr : TazOs). A high-energy
planetary ball mill (Model: QM-3SP2) was employed to grind the mixture of TasOs
and Cr powders. The milling process utilized a 100 mL zirconia jar paired with zirco-
nium oxide grinding beads, employing a mix of 3 mm and 5 mm beads in a ratio of
2:1. This mixed approach leverages the individual benefits of both larger and smaller
beads, thereby optimizing grinding efficiency, particle size uniformity, and distribu-
tion. The bead-to-material ratio was maintained at 1:1.5, ensuring a sufficient amount
of grinding media relative to the powder, while keeping approximately one-third of
the jar’s volume empty to facilitate proper milling dynamics. The mixture underwent
high-energy milling at 500 rpm in alternating directions, with 1-hour intervals in each
direction. This forward-reverse sequence was repeated for a total of 12 cycles, pro-
viding an effective method for uniform particle size reduction and ensuring thorough
mixing of the material components. After ball milling, the sample was sintered in a
muffle furnace (Model: KSL-1700X-A1) at 1200°C in air for 12 hours followed by pel-
letization at a pressure of 480 MPa. Finally, the pellets were sintered at 1500°C for 36
hours in the muffle furnace, yielding the final TaCroOg sample. The prepared TaCrsOg
sample was characterized using XRD on a Rigaku SmartLab SE system (see Sup-
plementary D.10.6) and using x-ray photoelectron spectroscopy (XPS) on a Thermo
Fisher K-Alpha X-ray photoelectron spectrometer system (see ?7).

D.10.5 Other attempted experimental syntheses

In addition to the TaCryOg sample, synthesis was attempted for three other
compounds generated by MatterGen that passed all filtering steps detailed in Supple-
mentary D.10.3, but was not successful. The compounds are CroMoOg (P42/mnm),
LaMoO, (C2/c), and Mn3NiOg (R3), and they were generated conditionally with tar-
get bulk modulus values of 200, 100, and 150 GPa, respectively. They are shown in
Fig. D10, and a brief description of their attempted synthesis is given below.

Cr,Mo0Og LaMoQOq4
(P4,/mnm) (C2/c)

OO OO

Fig. D10: Other experimental synthesis candidates
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CrsMoOg (P42/mnm)

High-purity CroO3 powder (> 99.99%, Sigma-Aldrich) and MoO3 powder (> 99.99%,
Sigma-Aldrich) were used as the source materials, mixed in a molar ratio of 1:1
(Cr203 : M003). The mixture was processed using a high-energy planetary ball mill
(model: QM-3SP2), following the procedure detailed in Supplementary D.10.4. After
ball milling, the sample was sintered in a muffle furnace (Model: KSL-1700X-A1) at
750°C in air for 24 hours. The prepared powder samples were characterized using XRD
on a Rigaku SmartLab SE system, but no peaks were observed. Furthermore, sinter-
ing at a higher temperature (900°C ) has been tried, but a clear Mo loss was observed
in this case. We note that CroMoOg has been previously experimentally synthesized
at high temperature and pressure in Collomb et al. [63]. The MatterGen-generated
structure was identified as novel because the experimental entry is not listed in ICSD,
and is therefore not included in our reference dataset.

LaMoO, (C2/c)

High-purity LagO3 powder (99.99 %, Sigma-Aldrich) and Mo powder (99.99 %, Sigma-
Aldrich) were used as the source materials, mixed in a molar ratio of 1:2 (LayO3 :
Mo). The mixture was processed using a high-energy planetary ball mill (model: QM-
3SP2), following the procedure detailed in Supplementary D.10.4. After ball milling,
the sample was air-annealed in a muffle furnace (model: KSL-1700X-A1) at 750°C for
24 hours. The prepared powder samples were characterized using XRD on a Rigaku
SmartLab SE system, but no peaks were observed. Furthermore, sintering at a higher
temperature (900°C ) has been tried, but a clear Mo loss was observed in this case.

Mn3gNiOg (R3)

High-purity Mn,O3 powder (> 99.99%, Sigma-Aldrich) and NiyO3 powder (> 99.99%,
Sigma-Aldrich) were used as the source materials, mixed in a molar ratio of 3:1
(MnyOs3 : NiyO3). The mixture was processed using a high-energy planetary ball mill
(model: QM-3SP2), following the procedure detailed in Supplementary D.10.4. After
ball milling, the sample was air-annealed in a muffle furnace (model: KSL-1700X-A1)
at 1100°C for 24 hours. The prepared powder samples were characterized using XRD
on a Rigaku SmartLab SE system. The XRD peaks did not match with the calculated
ones for the predicted MngNiOg structure. The observed peaks did instead strongly
correlate with the ones of the known MnsNiO4 phase [64].

D.10.6 Rietveld refinement

We carry out Rietveld refinement on the measured XRD spectra for the TaCryOg
experimental sample using the FullProf program [65] (Fig. 6(a)). We obtain excellent
agreement (chi-squared 3.596) with the measured XRD spectra by fitting the theoret-
ical peaks of a mixture of two phases: a compositionally disordered TaCryOg Rutile
phase (shown in Fig. 6(b)) and an ordered CryO3 Corundum phase. We obtain the
structure for the TaCroOg disordered Rutile phase by replacing Cr and Ta atoms in the
structure sampled by MatterGen with the corresponding partial occupancy sites (67%
Cr and 33% Ta). From the Rietveld refinement we conclude that the TaCrsOg disor-
dered Rutile forms ~98% of the sample, while the ordered CroO3 Corundum phase
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forms the remaining ~2%. While conducting the Rietveld refinement, the following
alternative structures on or near the Ta-Cr-O convex hull were tested for goodness of
fit: Cr (Im3m, ordered), CrOs (P4y/mnm, ordered), TaCraOg (P42/mnm, ordered),
TagO5 (Pmmm, ordered), TaCrO4 (I4,md, ordered), TaCrOy4 (I4,md, disordered),
TapCrOg (P42/mnm, ordered), TagCrOg (P42/mnm, disordered), but none of them
matched the observed XRD spectra, even partially.

D.10.7 X-ray photoelectron spectroscopy

We perform an XPS analysis on the synthesized TaCroOg powder sample to verify
the chemical composition and state of the elements (Fig. D11). The measurement was

a Qls
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— Cr2p3 C’/ZP‘
<150,000 O/KU
= Tadd3 Tadds Tadfs
£ Tadp3 L e ' Taat7
5 100,000 Tadpt Y —
g \
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cr3p
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Fig. D11: XPS measurements for the TaCr;Og powder sample. (a) Full XPS
measurement for the sample, with annotation of major peaks. (b-d) XPS analysis for
the Cr2p, Ols, and Tadf peaks, respectively. The black circles indicate the measured
electron count, the black lines indicate the fitted electron count, and the colored Gaus-
sians highlight the single peaks. Source plots are obtained from the Thermo Fisher
Avantage software. Vertical gray lines act as a visual aid to highlight the binding
energy of each fitted peak.

taken four months after sample preparation and XRD analysis, using a Thermo Fisher
K-Alpha X-ray Photoelectron Spectrometer System, with a spot size of 400 pm and
a monochromatic Al K-Alpha source. We used an energy step size of 1 eV, a pass
energy of 100.0 eV, and 1361 energy steps for the full spectrum sweep displayed in
Fig. D11(a). For the three focused scans we instead employed an energy step size of
0.1 eV, a pass energy of 50.0 eV and a variable number of steps: 261 for the Cr2p sweep
(Fig. D11(b)) and 201 for both the Ols (Fig. D11(c)) and Tadf sweeps (Fig. D11(d)).
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The total acquisition times were 68 s for the full sweep, 104 s for the Cr2p sweep, 60 s
for the Ols sweep, and 80 s for the Tadf sweep. The peak fitting analysis was carried
out on the Thermo Fisher Avantage software.

Our analysis indicates the presence of Cr in both 4+ and 3+ valence states
(Fig. D11(b)), and of Ta in a 5+ valence state (Fig. D11(d)), hence corroborating the
hypothesis that the structure we synthesize has reduced formula TaCroOg. The Cr2p
core level (Fig. D11(b)) is fitted with two spin orbit doublets, one for Cr®+ and one for
Cr**. We measure the two peaks belonging to Cr**2p;/5 and Cr®+2p; /5 at binding
energy values of 576.6 eV and 586.4 eV, respectively, and the two peaks belonging to
Cr4+2p3/2 and Cr4+2p1/2 at binding energy values of 578.8 eV and 588.6 eV, respec-
tively. The Ols core level in Fig. D11(c) is fitted with four peaks, which we identify
as Cr-O / Ta-O (529.8 V), C=0 (531.4 eV), C-0 (532.6 V), and Hy0 (534.4 V).
These last three peaks could indicate the presence of adsorbed COs and H50O in the
surface layers of the sample. The Tadf core level in Fig. D11(d) is fitted with one spin
orbit doublet. We measure the two peaks belonging to Ta’*t4f; 2 and Tabt4f; /2 at
binding energy values of 25.5 eV and 27.7 eV, respectively. We additionally measure
a peak at 29.7 eV, which we hypothesize to be a satellite peak, and a possible peak
around 37.0 eV, which could belong to Ta5+5p3/2.

D.10.8 Young’s modulus measurements via nanoindentation

We experimentally measure the Young’s modulus value of the prepared TaCroOg sam-
ple via nanoindentation. The nanoindentation tests are carried out using a iMacro
nanoindentation tester equipped with a diamond Berkovich tip, and using a data
acquisition frequency of 100 Hz. The maximum load force is 1 mN. In Fig. D12 we
report the load-force plots for four measurements carried out in different locations of
the synthesized TaCryOg pellet. From the measured unloading slopes we obtain the

Indentation 1
— Indentation 2
Indentation 3

—— Indentation 4

10 20 30 40 50 60 70 80
Depth (nm)

Fig. D12: Load/depth profile for the nano indentation measurements on four locations
of the TaCroOg¢ pellet we experimentally synthesize.

following four Young’s modulus measurements: 184.7, 200.6, 202.4, and 169.3 GPa. To
compute the above, we assumed a Poisson ratio value for the sample of 0.30, which we
obtain from the DFT elastic modulus calculation we performed. We can then compute
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the bulk modulus K values for the sample as:

Y
K=5qi—sy (D50)

where Y is the Young’s modulus and o the Poisson ratio. From Eq. (D50) we obtain
the following bulk modulus values for the sample: 153.9, 167.2, 168.7, and 141.1 GPa,
which result in a maximum of 168.7 GPa and an average of 157.7+11.2 GPa. Since
correct measurement of Young’s modulus requires a compact sample, we hypothesize
that the observed variation in measurements stems from local non-compactness of the
powder sample we synthesize. Therefore, we take the maximum measured Young’s
modulus as the best estimate of the true Young’s modulus for this sample. The cor-
responding bulk modulus value (168.7 GPa) is close to the target bulk modulus value
we condition on to generate this compound (200 GPa), with a 16% relative difference.
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