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@® PART 1 - WHY GENERATE

Molecular space is huge

- 10° a large training set

- 10® all compounds ever registered

- 10!" GDB-17: all small molecules up to 17 heavy atoms
_ 10" drug-like molecules (a rough estimate)
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order of magnitude: the number of molecules is 10 to this power
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©—< / ~ W/\/ We can never test them all. We need
OH o 4 models that suggest good ones.

Six of the 6,095 molecules with the formula C;H;00; in QM9




@ PART 1 - WHY GENERATE

Crystal space is huge too

known inorganic crystals (approx.) - 2.0 x 10°
predicted stable by GNoME (2023) - 2.2 x 10°

possible binary compounds - 5.1 x 10°

possible ternary compounds - 4.3 x 108

known prototypes decorated with 76 elements

possible quaternary compounds - 9.5 x 10°

possible quinary compounds - 9.5 x 10°

r T T T T

0 20 40 60 80 100
order of magnitude (logio of the number)

arrangement 1 rrangement 2 the lowest energy?

Just decorating known prototypes with 76 elements gives about 10"
possible quinary compounds. Then each one can be ordered in many

a
@
@
@
@
® ways.
@

@

Compound counts: Sci. Adv., doi:10.1126/sciadv.adq1431. Nanoparticle count: Elsborg, Hovmand & Bhowmik, ACS Mater. Au 6, 696 (2026). Known and GNoME counts approximate.



@ PART 1 - WHY GENERATE

From screening to inverse design

Screening: check every item on a list Inverse design: ask for what you want
® 6 6 0 ¢
o000 0 o
O © 0 ¢ ¢ predict ( ) .

property .
O 6 6 0 ¢ Pl target |_ | generative o
® 6 0 ¢ ©o property model
O 6 6 0 O . J O
O 6 ¢ 0 O O
o000 o0 l
O 6 6 0 O new candidates
a fixed list 000

Both need fast property predictions. GNNs give us those, and they also sit inside the generative models.



PART 1 - WHY GENERATE

What makes a generated structure good?

physically valid stable unique and novel

chemically valid

OH

training
PY data novel

f

new, on or below
no atoms on top the hull: stable
of each other

not a copy of the
training data or of each other

every atom has
the right number of bonds

Stable + unique + novel = S.U.N. An example from our battery-materials search:

the hull aft table, uni d
32,600  generoec —~ 27,227 e o = 12,550 o

Parida, Roy, Garcia Lastra & Bhowmik, Batteries & Supercaps (2025).



@ PART 2 - GENERATIVE MODELS IN ONE PICTURE

What a generative model does

1. training data z ~ pgata

% -

2. learn a model py(z)

A
"\

3. sample new z~ py
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Inverse design needs one more step: learn p(x | y), the structures that have a property y, and sample from that.



PART 2 - GENERATIVE MODELS IN ONE PICTURE

Five ways to generate

VAE normalising flow diffusion / flow matching autoregressive / LM reinforcement learning

add noise action
encode _decode invertible map

/—\A _a

=0 ? agent world
O-0-0 E©&=——=0 e 0 O O JEE gent|
IMe predict the next token reward

VAE: squeeze into a smooth map, then decode Flow: an exact, reversible transformation Diffusion / flow matching: start from noise,
learn to clean it

Language model: write it token by token RL: build it step by step for a reward



PART 2 - GENERATIVE MODELS IN ONE PICTURE

Where GNNs sit inside generative models

denoiser: predict the noise

on every atom guide: a property model pushes
encoder: turn a structure samples where we want them
into a vector
a
| 4 f .
O n
—
\ []
\ latent z

sample

The same layers as in Lecture 1: invariant outputs for atom types, equivariant outputs for positions.




@® PART 3 - DIFFUSION

How diffusion works

forward: o, =va, zg+ vV 1—a, ¢ (fixed, nolearning) —
data x

+— reverse: a network ¢ (z;,t) removes the noise step by step (learned)

forward: T = \/@_tib‘o 4 /1 _ &t €, ENN(O, I) . Destroying data is easy: add noise.

. Learn the reverse: predict the noise.

training: L=F; ,, |le—ep(zy,t) |

. Predicting the noise = learning the score.

link to the score: V,logqg(zi|zy) =—€/vV 1—ay

Ho, Jain & Abbeel, NeurlPS 2020 (DDPM); Song et al., ICLR 2021. Toy example computed for this lecture.



@® PART 3 - DIFFUSION

Diffusion runs in two directions

a two-peaked distribution blurs into a single Gaussian the noise schedule

1 - Forward (fixed)
t =100 t =300 t =600 t = 1000

t=0
” = 0y (signal kept)

- - - > ' w1 _ @&, (noise)
‘ After ~1,000 steps: pure noise.

T T T T T
0 200 400 600 800 1000

. Shrink the signal, add a little noise,
again and again.

step t
the score V_logp;(z) points uphill,
towards where data are likely sampling: start from noise, take many small steps along the learned score 2 - Reverse (Iearned)
<4 3
5 . The score points to where data are
likely.
> 17
<4
x 0
14 Start from noise, follow it in small
Sl steps.
-, —3
—I4 —|2 6 é lll t=T (Inoise) t=0 I(data)

Ho, Jain & Abbeel, NeurlPS 2020; Song et al., ICLR 2021. Toy mixture with its exact score, computed for this lecture.



PART 3 - DIFFUSION

For 3D molecules, the denoiser is an equivariant GNN

(¥
Py
O

mij :Qbe(hia hj’ ||33‘Z - xj||2)

T; < T; + C’Z ;) oz (M)

v
mm”Er_C? E"..g ||l O O

A

weuyal met Zt EGNN: rotate the input, the output rotates

ditfusion woise

EDM training: noise atom positions x and types h together

Positions x and atom types h are noised together.
Messages use invariant inputs (distances, atom types); positions then move along the vectors between atoms, weighted by those messages.

So the noise predicted on positions rotates with the molecule, and the noise on atom types stays invariant.

Distances alone would make an invariant, SchNet-like model; the vector update is what makes EGNN equivariant.

Figures from the EDM and EGNN code repositories (MIT): Hoogeboom et al., ICML 2022; Satorras, Hoogeboom & Welling, ICML 2021.



PART 3 - DIFFUSION

Why equivariance matters, and diffusion in a latent space

Atomic Space

Latent Space

\ [ %0 h Diffusion Process

Ep %S9 t=0 >

) O¢ © ©
|~ C 8 A &8\%’& &\%.} 3 . o
© © %o d% ©
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De— | o8 8© —=° -

~—_ ko Learned Denoising Process €g

GeolDM: encode first, then diffuse in a smaller latent space

‘ Remove the centre of mass, and use a rotation-invariant noise prior.

With an equivariant denoiser, every rotation of a molecule gets the same

SETER
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oy 'y
"
-
R probability.
plx. h) = p(Rz, h)

Figures from the EDM and GeolLDM code repositories (MIT): Hoogeboom et al

‘ Latent diffusion trades exact 3D noise for speed and quality.

., ICML 2022; Xu et al., ICML 2023.

12



@® PART 3 - DIFFUSION

Steering generation towards a property

guidance weight w =0 guidance weightw =1 guidance weight w = 4 ‘ Classifier guidance: add the gradient of a
property predictor.

‘ Classifier-free: mix conditional and
unconditional predictions.

Three classes in 2D. More guidance: samples move away from the other classes Too little Ignores the ta rget; toom uch
loses diversity.

Bayes: Vlogp(z|y) = Vlogp(z)+ Viogp(y| z)

classifier-free: eé=(1+w)eg(ws,t,y) —wep(ay, t, D)

Dhariwal & Nichol, NeurlPS 2021; Ho & Salimans, arXiv:2207.12598 (toy example adapted from their figure and computed for this lecture). 13



PART 3 - DIFFUSION

OM-Diff designs catalysts with guided diffusion

_,/ g (I) Conditional generaticn K\\
L ooy coemmeeeeeeeeseeeeeeeeeeeeeeeeesy | reeeeeeeeeeeeeeeeseseessesssssees oo eeee oo Generates all atoms in 3D around a
Q)] :mple c(:\tre ((;) Samph(a;lz-(ac) (3()L]Samp|e ligands o (4) Conditional denoising for T steps : chosen metal.
CT ~p(C ) : i N~ p(N ‘CT ) ' . c:r' ~ N'(U, Iyw) : 3 Denoising step
P P o P
> ﬁ o- .-.. ' «-‘ h .-"
1l Ll RIS *
| D i i D D E i . O i i T Unconditional Carrection
000000 | crmrEEM T | A property model guides it to a target
| binding energy.
’ ° eag? o
o v e QYo ©000g |
o 5 ) @ () v @ © | . Screen fast, then check the best with
v |
5 1 1 / DFT.
N t=T t=-=-T t==T t=-=T t=10 .
\\.\ 4 2 //
() Surrogate screening \ { (ll) DFT calculations \
. h i + substrate. Ez—l
Ygr i Promising? l[— [\__‘ —y
¢ I )

Cornet, Benediktsson, Hastrup, Schmidt & Bhowmik, Digital Discovery 3, 1793 (2024), Fig. 1. 14



PART 3 - DIFFUSION

Little data? Borrow from related data

DPtarget (33) Paug. (m)

Ptarget+aug. (ﬂ:)

?Dtm‘get

Daug.

‘./(41'3, Cta.rget)

. The target data are few and expensive (blue).
. Add many related, unlabelled structures (green).

. A label keeps them apart, so we can still ask for the target.

Cornet et al., Mach. Learn.: Sci. Technol. 6, 025057 (2025), Fig. 2.

15



PART 4 - VARIATIONAL AUTOENCODERS

Why a plain autoencoder is not enough

autoencoder: tight clusters with empty gaps VAE: overlapping clouds fill the space
° , /.’ \\\\
o decodes%o Y X
‘% nonsense ,l: . ...o.:: \\\
! o8 ® oo ® ° \
I «® 04 \
1 ° ‘e 1
: & ’.o. £ - a. * ll
[] \ ° e © % ® . I
’0 ‘é s° :.0:.0.150‘0§~'“. of/
[} o > \ e °® '. . .'. ..‘. ° ’ 7
.‘ﬁ ) \\ . .: o°. .: ‘. //I

*prior N0, I)

. A plain autoencoder compresses well, but its map has gaps: points between clusters decode to nonsense.
. A VAE encodes each molecule as a small cloud and pulls all clouds towards one Gaussian.

So we can pick any point, or walk between two molecules, and still decode something sensible.

16



PART 4 - VARIATIONAL AUTOENCODERS

How a variational autoencoder works

molecule z

encoder
(GNN)

9s(z| )

latent space, kept close to MO, I)

logpo(z) > Eqy,(siz)[logpo(z]2)] — KL(gy(2]z) | MO, I))

first term: reconstruct the molecule;

second term: keep the map smooth

reparameterisation: z=pu,(z) +o,(z) ©€

decoder
po(x | 2)

reconstruction z

. Encode to a small region, not a point.

. The KL term keeps the map filled and
smooth.

. Any point on the map decodes to
something sensible.

Kingma & Welling, ICLR 2014, Kingma & Welling, An Introduction to Variational Autoencoders, arXiv:1906.02691 (2019). Diagram drawn for this lecture.

17



PART 4 - VARIATIONAL AUTOENCODERS

A graph VAE that decodes towards a target

Generator (Decoder) " 5 5 4 5 6 7 8 9 10 Condition

/.. / \ Generated P ‘ _
Given property < ijf%? Dﬁg \ Molecult.e C_O Cér ‘_rg M % QE%.H ff{g):{ 3.00

condition : o
= } ‘ o @ o} & PP el e
! : ? :‘gj-:t:\'f 2.50
/ s s ) " \ 225
Sample a latent vector z from the learned distribution (u, o). "-}- : | m,g Oﬂyﬂ OHR’?

Append the target, here the HOMO-LUMO gap c: the decoder reads [z; ;’ g 2.00
cl.

o »(R*%
Grow the graph one motif per step: pick the next motif and where it U’O *fo U,\)p f"jc \ %‘Q{fh =
attaches. Cj \

1.50
Same z, different c: every branch starts from the same motif, then grows Gic
different motifs to hit each target gap. 5 D

Ortega Ochoa, Benediktsson, Sechi, Jargensen & Bhowmik, J. Mater. Chem. A 11, 26551 (2023), Fig. 3 (HierVAE-based conditional decoder). 18



PART 5 - STRINGS, GRAPHS AND 3D

Three ways to generate a molecule

O
CC(=0)Nclccc(0)ccl /(/O,OH
N
H

a string, one token at a time

a graph of atoms and bonds

Strings: fast, huge libraries; no 3D Graphs: valid bonds by design; no 3D

atoms with 3D positions

3D: needed for shape: binding,
catalysis

19



PART 5 - STRINGS, GRAPHS AND 3D

Generative models for molecules, over time

ChemVAE SELFIES
strings o A +
REINVENT
MolIDQN
JT-VAE MiDi
graphs ® A A ¢ [
GCPN GraphAF
OM-Diff (ours)
G-SchNet E-NF GeolLDM AtomComposer (ours)
3D v A ¢ O ¢ [ e A
MolGym EDM EquiFM
SemlaFlow
20I16 20|17 20|18 20I19 20|20 2()'21 20|22 20|23 20|24 20|25 20|26

® VAE A RL B diffusion ¢ flow 4 LM V¥ autoreg.

Data: ZINC, ChEMBL (strings, graphs); QM9, GEOM (3D). Benchmarks: GuacaMol, MOSES.

20



PART 6 - CRYSTALS

What a crystal is, for a generative model

3. repeats forever: a shifted

2. atoms A at fractlonal box (red) is the same crystal
1. the box: lattice L positions Fc(0,1)? N

065 0.70)

M= (A, F, L): atom types, fractional coordinates Fc[0,1)"*?, lattice L R>*3

invariant to: atom order, rotating L, shifting /'— (F'+t) mod 1, choice of cell

4. positions wrap around

0 and 1 are

the same point

a fractional coordinate
lives on a circle (torus)

Plus symmetry: 230 space
groups.

‘ And the atom count varies.

21



PART 6 - CRYSTALS

What changes from molecules to crystals

prior: Gaussian

data partly noised around the centre
P 5 °© ©
3 % o
% O + o +
£ () ® O Positions

prior: uniform positions,
data partly noised simple cell, unknown types

® The cell

Top: molecule. Bottom: crystal (atoms wrap, the cell changes, types are masked) Atom types

= small noise true position
S—TTIOTE NOISE A
large noise: flat (uniform prior)

Denoiser graph

ortest way back, across the e
, Must not matter

0.0 0.2 0.4 0.6 0.8 1.0
fractional coordinate f (0 and 1 are the same point)

Molecule

Cartesian; centre of mass

removed; Gaussian prior

none

continuous noise on one-hot
types

edges within the molecule

rotation, translation, atom
order

Crystal

fractional, on a torus; wrapped
noise; uniform prior

lattice L is noised and denoised
too

often discrete: types are masked

edges into neighbouring cells
(offsets n); distances from the
noisy cell

the same, plus shifting all atoms
and the choice of cell

22



PART 6 - CRYSTALS

Chemical-space-wide data make foundation generators

possible

Il relaxed or near-stable structures

AFLOW

Materials Project

oQMD

Alexandria

MPtrj

GNOoME (new stable)

LeMat-Bulk (merged, deduplicated)

OMat24

relaxation and off-equilibrium snapshots

(2z012) I 5 <1076
(2013) ] ~15x 105

(2015) I 10 x 1076

2022) I ;5 <1076
(2023)
(2023) I 2> > 1076
(2024) |7
(2024)

~1.6 x 1076

A several million: MP + Alexandria + OQMD

~1.1x10"8

10° 10° 10’ 108

number of entries (approximate, log scale)

From ~150,000 Materials Project entries to
millions across the periodic table (Alexandria,
GNoME, LeMat-Bulk).

MPtrj and OMat24 add relaxation and off-
equilibrium snapshots, mainly for potentials.

MatterGen trains on ~600,000 stable crystals
(Alex-MP-20), over ten times the ~45,000 in MP-
20.

Pre-trained on broad data, small adapters then
steer it towards a property.

Novelty is judged against an even bigger reference set, which includes experimental structures from the ICSD.

Sizes approximate, from the MP, OQMD, AFLOW, Alexandria, MPtrj, GNoME, LeMat-Bulk and OMat24 papers; MatterGen: Zeni et al., Nature 2025.

23



PART 6 - CRYSTALS

Two ways to use a crystal generator

Crystal structure prediction (CSP)

input: NazClz generator ° 0 relax (ML potential, DFT)
> — -
2 Na and 2 Cl per cell types fixed; noise @ 0 lowest energy = prediction
only on Fand L
rock salt distorted layered

De novo generation (DNG)

input: nothing generator relax, then filter:
[*°f |
or a target: "stable, noise on types A, stable, unique, novel (S.U.N.)
band gap = 2 eV" Fand L

new ternary new quaternary new binary

CSP: structure prediction. Given a formula with a fixed number of atoms of
each type per cell, generate only the cell and the positions. Relax many
candidates and keep the lowest energy. Scored by match rate against known
structures.

DNG: de novo generation. Generate atom types, positions and the cell
together, optionally towards a target property. Relax, then keep what is
stable, unique and novel. Scored by the S.U.N. rate.

24



PART 6 - CRYSTALS

How MatterGen works, and what it learns from

data prior (E=T)

atom types A Q00 — OO0

discrete: types are masked

GemNet-based

periodic
positions F E , equivariant GNN cpyes\'fcval
wrapped noise = uniform

predicts the scores

. for A, Fand L
lattice L > together
noise — cubic box, mean density, L )

Training data Novelty reference

Alex-MP-20: 607,683 crystals from Alexandria Alex-MP-ICSD: about 850,000 known

and MP, < 20 atoms, within 0.1 eV/atom of structures, including experimental ones from
the hull the ICSD

Zeni et al., "A generative model for inorganic materials design", Nature 639, 624 (2025); code and weights: github.com/microsoft/mattergen (MIT).

‘ Diffuses types, positions and cell together.

‘ Types are masked; positions get wrapped
noise; the cell relaxes to a cubic box.

‘ One GemNet-based periodic network
predicts all three.

A fair comparison
MatterGen-MP: the same model trained on
MP-20 only, to separate model from data

25



PART 6 - CRYSTALS

What MatterGen achieves, and a caveat

fine-tuned on

10 »‘i B labelled data band gap

= .

¢ - \ | Fine-tune adapters for:
E 30 band gap chemical system

g big pre-trained ‘ Space group

g2 generator <«—— | bulk modulus

: ) small adapters, magnetic density

2

=]

wn

=

~600,000 crystals, no labels bulk modulus

magnetism | supply-chain risk (HHI)

o0 o0 = £ = &< ¢
\'@'ﬁ%;\(:‘i'\ﬁ\@@ﬁ_e‘a\\ﬁ\ SR ol Uf;‘-“\\\@“ 65‘-““@*“ G - J
¢

™
=]

g
o

‘ 2x the stable, unique and novel rate of earlier
models.

g
o

‘ Structures 10x closer to their DFT minimum.

Avg. RMSD to equilibrium [A]
o =
wn e

o
o

R

S
53‘\ o 5(3\ W
o ?,C‘)

o5 A s
¢?;\av‘*\w~:@‘ W g T

‘ Part of the gain is the model; the rest is the bigger
@ o data.

Teal: MatterGen. Purple: the same model on MP-20 only

A caveat: TaCr,0¢ was designed for a bulk modulus of 200 GPa and measured at about 169 GPa. But it formed with Ta/Cr disorder,
and a disordered phase was already known.

Plots from the MatterGen repository (MIT); Zeni et al., Nature 639, 624 (2025). On novelty and disorder, see also Cheetham & Seshadri, Chem. Mater. (2024).



PART 6 - CRYSTALS

Most crystal generators learn from very little data

MP-20 45,231
CDVAE - DiffCSP - DiffCSP++ - FlowMM - FlowLLM - SymmCD - CrystalFormer - ADIiT - Crystal-text-LLM

Alex-MP-20 607,683

MatterGen (and CrystalFormer-RL on a similar Alexandria set)

~2.3 million
CrystalLM corpus CrystalLLM (CIF text from MP, OQMD, NOMAD)

Alexandria ~4.5 million
not yet used in full by a generator

~6.7 million
LeMat-Bulk used as the novelty reference in LeMat-GenBench

10% 10¢ 107
number of training structures (log scale)

Most generators are trained on MP-20 alone. A foundation generator should learn from the broadest, consistent data available, and

full Alexandria or LeMat-Bulk is still largely unused.

Sizes from the MP-20 (CDVAE), MatterGen, CrystalLM, Alexandria and LeMat-Bulk papers; approximate where marked ™. 27



PART 6 - CRYSTALS

Testing crystal generators fairly, and what they need

LeMat-GenBench: one pipeline for every model

4 \ 4 \ 4 3\ 4 \
q g stable? scores
generated valid? unique? novel? .
crystals charge, distances among samples "l vs 6.7M LeMat-Bulk | hurlelzh‘(argn\{mwge]l\l/\lnaljcl—%sdlk > Sli:hlgtnlc)nu%gnl\l
- J " J - v " J

the same checks, the same reference data and the same potentials for every model

What a universal generator needs

stable, but mostly
known materials

° the goal
e ° broad, consistent data ° most of the periodic table

< ° symmetry built in ° ways to steer it
@
° careful evaluation ° open and fast

new, but often unstable
novelty

stability

LeMaterial: LeMat-Bulk (2024, ~6.7M entries, CC BY 4.0) and LeMat-GenBench (2025). Trade-off plot is schematic. See also Park, Li & Walsh, Matter 7, 2355 (2024).

28



PART 6 - CRYSTALS

Other routes to large-scale crystal generation

data_Na1Cl1

cell_length_a 3.9893
_cell_length_b 3.9893
“cell_length_c 3.9893
“cell_angle_alpha 60.0000
“cell_angle_beta 60.0000
_cell_angle_gamma 60.0000
symmetry_Int_Tables_number 1
chemical_formula_structural NaCl

“chemical_formula_sum 'Na1 CI1'
“cell_volume 44.8931
“cell_formula_units_Z 1

ioop_

_symmetry_equiv_pos_site_id

_symmetry_equiv_pos_as_xyz
1%y,

loop_

_atom_site_type_symbol
_atom_site_label
"atom_site_symmetry_multiplicity
“atom_site_fract_x
_atom_site_fract_y
_atom_site_fract_z

. Most are trained on MP-20; CrystaLLM and CrystalFormer-RL use

_symmetry_space_group_name_H-M 'P1'

target
[ *Na” R eGP e AT L e s n wgn agn wgr egn € e aqn o

B I
cross-entropy loss
output

[ “Na” 2" *CI” 1" \n” .. 47 “ " “1" “\n”
AL A

input
[“data_” “Na” “5” “0” “0” “0”

_atom_site_occupancy tokenization
CI CIO 1 0.0000 0.0000 0.0000 1
NaNat1 0.5000 0.5000 0.5000 1

CrystalLLM: a language model that writes CIF files

broader data.

. Language models learn symmetry from data rather than having it

built in.

Antunes et al. 2024; Cao & Wang 2024-25; Park et al. 2025; Joshi et al. 2025; Miller et al. 2024; Sriram et al. 2024; Yang et al. 2024. Figure: CrystalLLM repository (MIT).

CrystalLLM

CrystalFormer (-RL)

Chemeleon

ADIT

FlowMM, FlowLLM

UniMat

GPT-style model on ~2.3 million CIF files

space-group and Wyckoff tokens; RL with ML-
potential rewards

text-guided diffusion; cells up to 40 atoms

one latent diffusion transformer for molecules and
crystals

flow matching, optionally seeded by a language
model

diffusion at GNoME scale, not released

29



PART 6 - CRYSTALS

Crystal generators over time

iMatGen UniMat MatterGen ADIT
VAE and diffusion o @ | | m O =
CDVAE DiffCSP KLDM (ours)
flows L
FlowMM
CrystaLLM Chemeleon
language models + + |
Crystal-text-LLM
DiffCSP++  SymmCD
symmetry first A [ | ® [ |
Crystal-GFN WyCryst
2019 2020 2021 2022 2023 2024 2025 2026
® VAE A B (diffusion ¢ flow 4 LM

Data: MP-20, Alex-MP-20. Samples are relaxed with an ML potential, then checked with DFT.

30



PART 7 - REINFORCEMENT LEARNING

Reinforcement learning works by trial and reward

action: add an atom here

( B
environment
/ \ C, Equivariant
agent o fensaaionp "
Critic
a GNN policy ’.\.
'\ / Our actor—critic agent (2023)
structure + energy model
- y,

goal: max Eror, [R(7)]

new structure + reward (lower energy?) REINFORCE: WJ:E{R(T)nglogm(a”&)
t

REINVENT: log P,y =10g Ppyior (S) + o score(S)

No training data needed, only an energy or property function. A trained agent can be reused.

Figure right: Elsborg & Bhowmik, J. Chem. Inf. Model. 63, 3731 (2023), Fig. 2. 31



@ PART 7 - REINFORCEMENT LEARNING

Three ways to use RL

Q0000
CCO . . . bag: C2HeO
O -~
| edeo0 % . _e
e XY XY O
(_ ) . . . . . build from a formula, atom by atom

edit a SMILES string swap atoms in a structure

e.g. REINVENT, MolDQN e.g. ArtiSAN, alloy nanoparticles (ours) e.g. MolGym, AtomComposer (ours)

Building from a formula is like crystal structure prediction, but one formula allows a huge number of molecules.

32



PART 7 - REINFORCEMENT LEARNING

What the agent is rewarded for, and when

looks bad here...

\ a

©
e
©
e
]
<
O
L
>
o
v ...but ends very stgble
]
energy of the half-built molecule \O [ . .
swap (2 — relax — reward r; = E'(s;) — E(s
O reward at the end P ( £ Jt) t ( t) ( t+l)
(I) 2| A é é Swaps keep the structure complete, so a reward each step works
building step

Building from scratch: reward at the end. Swapping atoms: reward each step. Train once, reuse many times.

Right: Elsborg, Hovmand & Bhowmik, ACS Mater. Au 6, 696 (2026), Fig. 1 (CC BY-NC-ND 4.0). Left: schematic. 33



PART 7 - REINFORCEMENT LEARNING

AtomComposer builds molecules from a formula alone

;, Atom-by-atom | RLepisodewithscoring |.  [Initializereferencedata) [ CumulativeEvaluation Y
sampling | |\ R Extract -
. A +[(sampte newformua ]| ™ | [am7 [ 176 bags e’ No training data: rewards from XTB and a
N ‘\, ex. Jformulas’CanoHs! :h g LT Cumulative .I.I Va||d|ty CheCk.
A Sample molecule N B / Storage i I
',o ,_)[ Play new episodes ] :' collect valid molecules during training
N (e J
) l_ —l repeat| [ Single Checkpoint Evaluation
/ ®yz2mol i:i@| .
o ‘:I‘ / % ; T e Trained on many formulas at once.
! l ) ' - checkpoint —_— a ®
I R, i Rag ! -
ﬁ‘ ; idies ; Single g
| / i Play new Checkpoint B I |
Y / : episodes Storage Metrics
\ E | [ |
(a) Discovery (Novel) (b) 1e3 Rediscove © Expansion Ratio .
> 1iA _I;yv e S — L Up to 10x more valid molecules on new
gy m=—_ 61 Targer”” 5 = formulas than earlier RL.
e F = QM7 size Missing
el S rediscovery
= E 0
= =) ) .
3 21 3 , @ Rediscovery Ratio
: [
01; , i 01 i i
0 1 2 0 1 2

0.0
le7 Steps le7 A AV BRI AR

Hastrup, Cornet, Vegge & Bhowmik, arXiv:2605.28287 (2026), Figs 1 and 6. 34



@ PART 7 - REINFORCEMENT LEARNING

RL for where atoms sit in alloys and nanoparticles

Initial Newiteh = 100 Newitch = 200
Nauwith = 300 Nawitch = 400 Final
Energy og |
[eV] . Cu
Oni
24 |
\ AE=10.54 eV
20
16
Switch No. 0 1000 2000 3000 4000

ArtiSAN reorders a 1,372-atom NiCu cell

(€) AgxsAuypg () AgieaAuygy (2) AgieAug; (h) AgzsAuysy

One agent finds the known best orderings of 309-atom Ag—Au particles

Elsborg & Bhowmik, MLST 5, 035043 (2024), Fig. 4; Elsborg, Hovmand & Bhowmik, ACS Mater. Au 6, 696 (2026), Fig. 3 (CC BY-NC-ND 4.0).
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@ PART 7 - REINFORCEMENT LEARNING

GO-Diff uses diffusion to find low-energy structures

(a) (b) | |
— _ . Trained from scratch, with no data, only the
. energy.
4 —
= |
9,
>
%D 5 ‘ Sample, score, refine, cool down, repeat.
g L
m K
0 _WWL%%

00 03 06 09 1.2 15 1.8 2.1 10° 1071 ‘ Fewer energy calls, and reusable on related
Potential Energy [eV] Temperature systems.

Related idea: Boltzmann generators sample with the right thermodynamic weights (Noé et al., 2019).

R@nne, Vegge & Bhowmik, arXiv:2510.13448 (2025), Fig. 1: an adatom on a stepped Pt surface. 36



@® PART 8 - FOUNDATION MODELS

Foundation models need big, consistent data

QM9

small molecules - B3LYP ‘ One level of theory per dataset.

SPICE

drug-like molecules - wB97M-D3(B))

MPtrj

crystals - PBE / PBE+U ‘ Mixing levels teaches the model the
differences.

still wins.
10° 10¢° 107 108

number of structures (log scale)

Our examples: a Na-cathode dataset (~113,000 DFT structures) and a halide solid-electrolyte dataset.

Petersen et al., Sci. Data 12, 1440 (2025); Parida et al., MLST (2026), doi:10.1088/2632-2153/aea5d8. Sizes approximate.
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PART 8 - FOUNDATION MODELS

Universal ML potentials trade accuracy against speed

MACE-MH-1 Crysta|s
201 MACE-MP-0 - CHGNet - M3GNet - MatterSim - Orb - SevenNet - eqV2 -
UMA
g APFT—OMO\—S
a FAIR Chemisti
c ” Molecules
< MACE-POLAR-LIM MACE-OFF - AIMNet2 - SO3LR - UMA
Z MACE-OMOL-0
Q
Y 10+
I.I? OrbMol-v2
v
8 g Aot Benchmark
PET-OMol-M PET- OMO‘ L
Matbench Discovery: is a new crystal stable?
6 UMA-M 1.1
v better
40 60 100 200 400

ASE NVE runtime at 1296 atoms (ms/step)

Force error vs speed on molecules (OMol25); lower left is better

Leaderboards change every few months: test on your own problem.

Figure from the fairchem repository (MIT): Meta FAIR Chemistry, UMA (Wood et al., arXiv:2506.23971, 2025). 38



PART 8 - FOUNDATION MODELS

Start from a foundation model, then fine-tune

® <> MACE-MP-0b3
350 & @ Trained from scratch
[ MACE-MP-0b3-FT
& 300 \4 @
o
£ 20 4 o} 2
0 ©
%]
= 200 &
o ® @
3 ¢
E @
5 150 @
L ¢ &
100 s ¢ :
] e . 4
s W@ B . ‘
@ [ m
] 5]
m B
. b . g m g o
S A S G N A S S S

Supplementary Information subsection task number

Batatia et al. (incl. Bhowmik), J. Chem. Phys. 163, 184110 (2025), Fig. 4.

. Out of the box: good, not great (pink).

' From scratch: needs lots of data (blue).

Fine-tuned on a little data: best (red).

Multi-head and multi-task models mix levels

of theory safely.
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PART 8 - FOUNDATION MODELS

Where foundation models still fail

i o
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. ® On the hull . . ® On the hull
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Petersen, Lysgaard, Bhowmik, Hippalgaonkar & Garcia Lastra, arXiv:2603.26471 (2026), Fig. 6.

. In NaFePOQ,, removing Na turns some Fe2* into Fe3*.

. ML potentials put the Fe3* in the wrong places.

. So the convex hull, and the voltage, come out wrong (left).

Fix: tell the model each Fe’s charge state (right).

Other weak spots: surfaces, defects, magnetism, long-range charge, unusual
chemistry.
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@® PART 8 - FOUNDATION MODELS

Reactions happen where the training data are thin

a 1 eV barrier is visited ~10-17 times
as often as the valley at room temperature

an energy landscape with three valleys

barrier

energy

T T

1.0

T T

0.0 0.2 0.4 0.6 0.8
reaction coordinate

grey dots: equilibrium MD stays in the valleys
red crosses: random or hot sampling, mostly wasted
amber: follow the reaction path (NEB); stars mark the passes

‘ A potential is only reliable where it has seen data, and reactions happen at the passes between valleys.

‘ Random or high-temperature sampling spends DFT on useless structures. NEB, the dimer method or metadynamics go straight to the pass.

Henkelman, Uberuaga & Jonsson, J. Chem. Phys. 113, 9901 (2000); Laio & Parrinello, PNAS 99, 12562 (2002). Miiller—Brown surface computed for this lecture.
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PART 8 - FOUNDATION MODELS

Knowing where the model is guessing

an ensemble agrees near the data and fans out away from it

models disagree:
high uncertainty

the active-learning loop

run MD with the ML pqtential

Vel N

>

o : flag structures wigh

| -

v SRl ivigh uncertaint)}

[}

pick a diverse batch,
label it with DFT
structures

Ensembles: the standard; costs several models Monte Carlo dropout: cheap; often poorly calibrated Mean-variance output: captures label noise only
Las_t-_layer Bayesian, GP head: cheap, added after Dlstar!ce in feature or gradient space: good for Geisiel] e e e i e
training choosing batches

Lakshminarayanan et al., NeurlPS 2017; Gal & Ghahramani, ICML 2016; Daxberger et al., NeurlPS 2021; Holzmiiller et al., IMLR 2023; Busk et al., MLST 3, 015012 (2022). 42



@® PART 8 - FOUNDATION MODELS

Active learning, error bars and reaction paths in practice

Dataset preparation Batch active learning
10° 10 5 0.010
Feature engineering Selection algorithms ~ -~ Epistemic
Small molecules ‘ -+ Aleatoric
g aer 0.008 — Total
Periodic structures 3 —-- oracle
~ Graph ™ 107t
ASE Database &?’3& — s < 0.006 -
. s = N e ST
@ w J
s <
DFT labelling Q . x = 0.004
— 5 1072
E ~
/ o e~ Epistemic -~~~ Epistemic 0.002 >
B e Aleatoric Aleatoric e
ere —— Total ) — Total \\.\
* GNN kernel 1072 d T 0.0 0.000 "
+ Fullgradient ™ 107 102 107! 100 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 0.0 0.1 02 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
« Last-layergradient RMV (eV) Predicted percentile Confidence percentile
Uso

(a) (b) (c)

GNN model training Simulation PaiNN + Transition1x DFT

Model training Data generation Uncertainty quantification

= " In distrbition
s 3 e A . 00D detection
£ —= 3 -~ A '
Y " | \ | owerastibution
. | ' \
[ ]
Graph representation Feed-forward neural networks Nudged elastic band , | \)/\
/ 1 >
.

Model evaluation Confidence score

b

+ Energy validation
« Forces validatian

+ Deepensemble
= — « Monte Carlo dropout
+ Mahalanobis distance

ML Pregiction

- Wain Data
Test Date

-62 -61 -60 -59 -58 57

Active learning: add data where the model is unsure Atorization EASTayL &V
Error bars that match real errors (top); fast reaction paths (bottom)

Yang et al., CURATOR (ChemRxiv 2024), Fig. 1; Busk et al., MLST 3, 015012 (2022), Fig. 2; Schreiner et al., MLST 3, 045022 (2022), Fig. 1.




@® PART 9 - GNNs INSIDE DFT

In DFT, the density goes round a loop

potential from the density solve Kohn-Sham for
Vst = Vext + vrr|n] + Vge[n] / he orbitals v; (costly, ~ N3

- ™ ‘
starting density no not yet:
(atomic guess, go round again
or an ML guess) (10-60 times)
- > v

. , . new density
mix with the old density
(Pulay, Broyden) ‘ n(r)= Z|¢?:(T)\2

‘ Energy, forces and other properties come only after the loop has converged.
‘ Each round solves a large matrix problem (about N3), so fewer rounds saves real time.
. A better starting density is where machine learning can help.

Hohenberg & Kohn, Phys. Rev. 136, B864 (1964); Kohn & Sham, Phys. Rev. 140, A1133 (1965); Pulay, Chem. Phys. Lett. 73, 393 (1980).

onverged
ﬁ

.

only now:
energy, forces,

stress, properties

o
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PART 9 - GNNs INSIDE DFT

Using GNNs to speed up DFT from the inside

Inputs

Equivariant ML potential

(atomic coordinates and
species, edges...)

Some processing to
handle sparse matrices,
and addition of extra
inputs for the readout.

>

Atomic
Environment
Representation

>

Readout

Outputs

Equivariant matrix

readout

Density Functional Theory

Initialization

\ E 3 Density

SCF
Iterations

Energyfforces
Calculation

(energies,

0 >
E —~> dipole moments...)

O, O Op, Op HI, H

Estimated Density Matrix

density error (schematic)

standard starting guess
—e— ML-predicted density

converged

5 10 15 20 25
SCEF iteration

Schematic: a better start converges sooner

An ML potential replaces DFT. Here the GNN helps DFT start closer: about 40% fewer SCF steps (Graph2Mat) and up to about 20%
less total DFT time (ELECTRA). The answer is still full DFT.

Left: Febrer et al., Mach. Learn.: Sci. Technol. 6, 025013 (2025), Fig. 1.
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PART 9 - GNNs INSIDE DFT

What the network predicts

Scalar features Vectorial features ‘ On a grid: prObe pOintS that Only ”Sten (DeepDFT)
and invariant and equivariant
hidden states hidden states
Compute z !fj2|| zlflf
Edge Features HFIIH H %2 Flpl 422
@ [IT2p, [| @ op
a N . . . ..
Compute s A -3 ] EHEB*QE . As G§u55|ans. one Fourier transform gives the periodic
between nodes E‘i /EI Bﬁj /IZ denSIty (ELECTRA)
;
ZEI ,= L £
Update ZI@B H Z@!
hidden states Z Z ‘n‘ ' A
= = A . . .
— o ‘ As a matrix: blocks splitinto 1 @ |, parts, like Lecture 1
\_Repeat T times J
o (Graph2Mat).

Readout electron density

from probe nodes E !
@pe Do

DeepDFT: density at probe points ELECTRA: Gaussians around atoms

Jargensen & Bhowmik, npj Comput. Mater. 8, 183 (2022), Fig. 1; Elsborg et al., arXiv:2601.19966 (2026), Fig. 1.



@® PART 9 - GNNs INSIDE DFT

Why battery materials need more than energies

_ o oxidation state read from the predicted
a Na ion hops, and an electron moves with it density around each V, at every MD step (schematic)

&
befor V3+
site 1 A
V3+

S

‘ When a Na* ion moves in or out, an electron is added to or taken from a nearby vanadium.

site 2

V3+

MD time

‘ Which vanadium changes affects the energy, the local structure and how the ions move.

‘ An energy-only ML potential cannot tell which atom was oxidised. Predicting the density, or magnetic moments as CHGNet does, can.

Schematic drawn for this lecture. CHGNet: Deng et al., Nat. Mach. Intell. 5, 1031 (2023).
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PART 9 -

GNNs INSIDE DFT

}‘ Gather data \

Generate models

| Apply models \

Large system, ns length
scale

€ b
g WX

Energy =-6.2 eV

¥

Collect charge, energy
and forces from DFT

!

Train on charges,
forces and energy

Active |learning framework ]

Run MD with
ML

—_—>

-—

DFT simulations

Collect points with high
force variance

P
3
/G c-’?,r \
Forces Energy Charges

Ener: :
Y lvv\ YAA i

ns

[ Mechanistic understanding ]

[» Analyze results \

‘( Diffusion pathway \

Vanadium
charge-ordering during
diffusion

ra ~

Diffusion at different
concentrations

J

r 8
>

4
- |
4

Na-ion jumps

Redox reactions

The ML potential moves the atoms; the density model tells us where the electrons are.

de Blasio, Jargensen, Garcia Lastra & Bhowmik, Energy Storage Mater. 63, 103023 (2023), Fig. 1.

Watching vanadium change charge in a Na-ion cathode

Train equivariant GNNs on DFT for energies, forces and the

spin-resolved density.

6 Use their uncertainty to add DFT data where they are unsure

Run MD of about 300 atoms of Na3V,(PO,)s for 200 million

steps.

Integrate the predicted density around each V: V3* or V** at
every step. The charge moves as Na hops, and diffusion

depends on the Na content.
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PART 10 -

WORKFLOWS

The recipe behind most discovery campaigns

/eedback: new DFT and lab results retrain the modeh-\

generate

generative model

or enumeration

107-108

HMs-ms each

>

~

filter

ML surrogate for
stability, properties

10°-10°

-

~

ms each

relax

universal ML
potential

103-10°

~

verify

DFT

102-103

s-min each

hours each

make

synthesis and
measurement

1-100

days-weeks each

Each step costs 10 to 1,000 times more per candidate than the one before, so each step has to throw away most candidates.



PART 10 - WORKFLOWS

Campaigns from the community

Campaign

GNOoME, DeepMind (2023)

A-Lab, Berkeley (2023)

Microsoft + PNNL (2024)

MatterGen, Microsoft (2025)

Cu-Al catalyst (2020)

Robotic chemist, Liverpool
(2020)

What they did

GNN filter + DFT in active-learning rounds

predicted targets, literature recipes, robot synthesis

~32 million candidates, ML filters and ML-potential
MD, then DFT

generator aimed at a bulk modulus, ML potential,
DFT

ML surrogate + active learning over alloy surfaces

Bayesian optimisation driving a mobile robot

Result

2.2 million predicted stable; 381,000 on the
new hull

41 of 58 targets made in 17 days

a new Na-Li-Y chloride electrolyte

TaCr,06: target 200 GPa, measured ~169 GPa

Cu—Al for CO, to ethylene

688 experiments in 8 days

Merchant et al. 2023; Szymanski et al. 2023; Chen et al. 2024 (preprint); Zeni et al. 2025; Zhong et al. 2020; Burger et al. 2020.

Checked by

DFT; 736 already made by others

automated XRD

synthesis, ionic conductivity

one compound made

electrochemical tests

measured photocatalysis
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@® PART 10 - WORKFLOWS

Our own funnel for new Li-battery materials

(@) MatterGen-generated structures (b) DFT relaxation
(Condition: Convex hul| energy < 0.03 eV/atom)

804 structures ‘

MatterGen evaluation pipeline
Convex hull energy < 0.1 eV/atom

MatterSim batch relaxation
(Stable structures with convex hull energy < 0.1 eV/atom)

27227 structures 425 atruictures O
S.U.N sEreening Convex hull energy < 0.03 eV/atom
91 structures
Excluding heavy metals ‘
DFT validation
Li-containirf structures 10 structures
817 structures Potential LIBs ‘

Parida, Roy, Garcia Lastra & Bhowmik, Batteries & Supercaps (2025), doi:10.1002/batt.202500309, Fig. 1.

Generate 32,600 crystals (MatterGen)

Relax with a universal potential (MatterSim)

Filter: S.U.N., no heavy metals, contains Li

Check with DFT: 91 stable, then 10

Compute voltage and capacity: 2 new cathodes
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PART 10 - WORKFLOWS

What these campaigns teach us

G Stable is not the same as new, made or useful a Check disorder and earlier reports

A DFT hull at 0 K ignores disorder, entropy, kinetics and precursors. Several "new" ordered compounds turned out to be known
disordered phases.

° Keep humans in the loop G Report the whole funnel

Automated XRD analysis needs expert checks. Hit rates at every stage, failures included.

ML suggests and filters, physics checks, and experiments decide.

Cheetham & Seshadri, Chem. Mater. 36, 3490 (2024), on GNoME; Leeman et al., PRX Energy 3, 011002 (2024), on A-Lab. 52



PART 10 -

WORKFLOWS

Where GNNs show up in chemistry and materials

[ representationsJ

discovery property
workflows prediction

fo#lnr:)%aetlfn ] equg’:&'a"t [ ML potentials ]

electron density,

RL policies Hamiltonians

generative
models

Same building blocks every time. What changes is what they output and where they sit.
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@ HANDS-ON

Notebook 2: foundation models and a small discovery pipeline

° A foundation potential ° A generative model ° Mini pipelines

Relax molecules and run short MD. Generate crystals with MatterGen. Filter, relax, check stability, rank.

Pre-generated samples come with it, so everything runs on a CPU.
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FURTHER READING

Papers from our group used today

Generative models
Cornet et al., Digital Discovery 3, 1793 (2024). OM-Diff.

Cornet et al., MLST 6, 025057 (2025). Small-data design.

Cornet, Bergamin et al., arXiv:2507.03602 (2025). KLDM.

Renne et al., arXiv:2510.13448 (2025). GO-Diff.

Parida et al., Batteries & Supercaps (2025). Battery funnel.

Reinforcement learning
Elsborg & Bhowmik, J. Chem. Inf. Model. 63, 3731 (2023).

Elsborg & Bhowmik, MLST 5, 035043 (2024). ArtiSAN.

Elsborg et al., ACS Mater. Au 6, 696 (2026). Nanoparticles.

Hastrup et al., arXiv:2605.28287 (2026). AtomComposer.

ML potentials and data
Batatia et al., J. Chem. Phys. 163, 184110 (2025). MACE-MP.

Yang et al., CURATOR, ChemRxiv (2024).

Busk et al., MLST 3, 015012 (2022). Schreiner et al., MLST 3, 045022 (2022).

Schreiner et al., Sci. Data 9, 779 (2022). Transition1x.

Petersen et al., Sci. Data 12, 1440 (2025); arXiv:2603.26471 (2026).

GNNs inside DFT
Jorgensen & Bhowmik, npj Comput. Mater. 8, 183 (2022).

Febrer et al., MLST 6, 025013 (2025). Graph2Mat.

Elsborg et al., arXiv:2601.19966 (2026). ELECTRA.

de Blasio et al., Energy Storage Mater. 63, 103023 (2023).
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FURTHER READING

Further papers from the wider field

How the models work
Ho, Jain & Abbeel, NeurlPS (2020). DDPM.

Song et al., ICLR (2021). Score-based SDEs.
Ho & Salimans, arXiv:2207.12598. Classifier-free guidance.
Kingma & Welling, arXiv:1906.02691. VAE introduction.

Lipman et al., ICLR (2023); arXiv:2412.06264. Flow matching.

Molecules
Gomez-Bombarelli et al., ACS Cent. Sci. (2018). ChemVAE.

Jin etal., ICML (2018). JT-VAE.
Hoogeboom et al., ICML (2022). EDM.

Xu et al., ICML (2023). GeoLDM.

Simm et al., ICML (2020). MolGym. Olivecrona et al., J. Cheminform. (2017).

Crystals
Xie et al., ICLR (2022). CDVAE.

Jiao et al., NeurlPS (2023); ICLR (2024). DiffCSP, DiffCSP++.
Miller et al., ICML (2024). FlowMM.
Antunes et al., Nat. Commun. 15, 10570 (2024). CrystaLLM.

Zeni et al., Nature 639, 624 (2025). MatterGen.

Foundation models and discovery
Batatia et al., J. Chem. Phys. 163, 184110 (2025). MACE-MP.

Wood et al., arXiv:2506.23971 (2025). UMA.
Riebesell et al., arXiv:2308.14920. Matbench Discovery.
Merchant et al., Nature (2023). GNoME.

Anstine & Isayev, J. Am. Chem. Soc. 145, 8736 (2023). Review.
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