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Background ;@ &)

- DFT’s computational expense limits its usage — 0(n?®)

* Machine Learning Interatomic Potentials (MLIPs) have the potential to accurately approximate DFT while

being dramatically faster — 0(n)

* Current MLIPs are mostly trained on smaller problem-specific datasets — limited by computational cost (unlike
language and vision models - generalised across diverse data distributions and tasks)
* This paper:
« A family of Universal Models for Atoms (UMA) — a single generalised model
* Training datasets: 500 million atomic systems, 30 billion atoms
« Covering materials, catalysis, molecules, molecular crystals and Metal Organic Frameworks (MOFs)
« Empirical scaling laws relating compute, data and model size

* Mixture of Linear Experts (MoLE) architecture to improve compute efficiency



Method — UMA Models g 4

Summary of UMA models:
«  Small (S): suitable for computationally intensive applications
* Medium (M): most general-purpose model, more accurate than UMA-S

« Large (L): highly accurate, helps understand scaling behaviour

Inferences per second for Max Atoms per

Model Total Parameters Active Parameters 1k Atoms 0GB GPU Conservative
UMA-S 150M 6M 16 100k-+ v
UMA-M 1.4B 50M 3 10k-+ v
UMA-L 700M 700M 1.6 1k-+ X

Inference speed and max atoms measured on Nvidia H100 with a periodic system that has ~ 50 neighbors per atom within 6A, see Appendix D



Method — Datasets

* 500 million atomic structures, 30 billion atoms

« Datasets differ in domain-specific DFT settings

Molecules 100M Materials 100M Catalysis 230M OMC 25M ODAC 29M .\.\ . i
. &
& @ A\\ 3
.O '. .:(Ob;.‘: ;.3..° ks AN & ; i
°c@® " ° 0000 : e L
o OO .:,;:: e ;
@00 0:‘9.0 Dataset Size l
i — _ o _ e UMA Dataset
ot ——— | O - 11 Lo s e i e e F TEEe e
O s e o | T . mm 0 l;i&-:-’i-: 5 e [Er |
i | iEE 8 fim 5 iii- |
l’l H i 1 + /&8 B + __ + i = ~| ii-l
I} 5
L] L | — ! MBS
1 | ] B £ = 1 ] T

m

lements 1-94

Counts



Method — Architecture g &
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Method — Mixture of Linear Experts (MoLES)

* Mixture of Experts (MoEs — work well for LLMs): _ Global
mbedding

« Outputs of a block calculated by a set of experts, each with MoE

their own individual set of weights

« Gating function selects which experts to use — sparse

4
activation saves compute [ Router }
* Mixture of Linear Experts (MoLEs): vy = Z ar (Wix)
k
« Simple linear maps — efficiency Global
Embedding

» Maintains rotational equivariance when used with eSCN ol

convolution — important for force calculations
* Network weights may be precomputed before running

simulations in some cases — much shorter inference times [ Router }

y=W<*r where W* = (Z aka) v
k



Method — Training Procedure ﬂ &)

» Two-stage approach (adopted by UMA-S and UMA-M)
» First stage: directly predict forces (faster training)

« Second stage: remove the force head, fine-tune to predict conserving forces and stresses using auto-grad

(provide energy conservation and smooth potential energy landscapes)

* Pre-training with BF16 numerical format + fine tuning with FP32 improves accuracy
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Varying the amount of training data for each model

Training Compute vs Active Parameters

Mimima represent optimal model at given level of training compute
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Val Loss

Val Loss

Log-linear scaling behaviour

Optimal dense model size — ~700M parameters (UMA-L)
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Val Loss

Val Loss

Dense vs MoLE

Smaller MoLE model size is needed to achieve a fixed loss

Converge at larger model sizes
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* Multi-task vs single-task

» Effects of the number of experts
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Results

» Inference efficiency

Atoms  UMA-S UMA-M  eSEN-30M- Orb-v3 MACE- MACE-
(6.6M) (50M) OAM (30M)  conservative-  NPA-Q (9M)  OFF23-L
inf-omat (25M) (4.7M)
100 44 21 8 77 38 89
1,000 16 3 1.7 30 24 20
10,000 1.6 0.2 OOM 3.7 2.9 OOM
50,000 0.2 OOM OOM OOM OOM OOM
100,000 0.1 OOM OOM OOM OOM OOM
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* Test results on test-sets

Materials Catalysis Molecules Molecular crystals ODAC
- . = =g - -
% < 2 < & < 2 » < Q= $ Q < M < Q & < 2 Q= S
Qs £ £ M g L < 2 Q% 2 | 98 g S g | =& 2 S | Q% 2
Model 2z G S 5 ID4§ S 5 | B3 S O3 S | O4F s B3 s | o4& S 5 | ©3 S
UMA
UMA-S 20.0 60.8 44 22 72.8 3.1 521 243 702 309 | 3.64 1080 0.88 16.12 | 091 477 097 |2924 160
UMA-M 18.1 514 43 19.0 622 3.2 334 160 465 210 | 326 9.09 0.69 1037 | 082 3.00 098 |290.2 10.7
UMA-L 176 45.5 3.8 248 483 2.8 324 122 435 15.9 233 519 0381 8.76 | 0.59 2.28 0.10 | 291.1 6.5
Literature
eSEN-OMat [23] 16.2 49.6 4.1 20.0 595 3.2 - - - - - - - - - - - - -
eqV2-OMat [5] 149 463 3.6 20.3 47.0 2.7 - - - - - - - - - - - - -
eqV2-0C20 [45] B - B - - - 149.1 1.6 306.5 15.7 - - - - - - - - -
GemNet-OC20 [24] - - B - - - 163.5 163 3433 23.1 - - - - - - - - -
eqv2-ODAC [66] - - - - - - - - - - - - - - - - - 3160 7.2
ST Baselines
eSEN-S-OMol - - - - - - - - - - 367 1156 079 14.11 - - - - -
eSEN-S-OMC - - - - - - - - - - - - - - 1.05 539 094 - -
Target
Practical Utility 10-20 - - 10-20 B - 100 - 100 - 1-3 - 1-3 - 1-3 - - 100 -
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» Test results on important benchmarks
Materials Catalysis Molecules Molecular Crystals
I 3 - T s 2

= S — = = ) R ~ = =8 < £ B ~ o s

3 S 2 2T B 28 5 8, S g 2 S = B o0 3 S =

g < 3 5 g E y 8% 5 >3 3z g =5 B z 5 >8 |®BES 3 <
Model 2 = =S ¢ m3 € @O < Z S < 3 O3 & Q ] Zz0 |[03E N =
UMA
UMA-S 0.916 0.064 0.020 0.203 17.59 5.00 8.54 496 v 68.35% 439 1503 67.6 4321 v 2.695 082 0.2
UMA-M 0.930 0.061 0.018 0.195 1391 339 840 4.76 v 71.12% 2.45 89.7 41.6  588.7 v 2.664 0.81 0.13
UMA-L 0.928 0.065 0.018 0.671 78.50 18.20 20.56 14.48 X 74.41% 3.37 71.7 16.6 246.1 X 2.488 0.84 0.12
Literature
eSEN-30M-OAM [23] 0.925 0.061 0.018 0.170 15.00 4.00 9.13 5.73 v - - - - - - - - -
ORB v3 [57] 0.905 0.075 0.024 0210 - - - ; - - - ; ; ; - ; ; -
SevenNet-MF-ompa [37] 0.901 0.064 0.021 0.317 - - - - - - - - - - - - - -
GRACE-2L-OAM [8] 0.880 0.067 0.023 0.294 - - - - - - - - - - - - - -
MACE-MPA-0 [6] 0.852 0.073 0.028 0412 - - - - - - - - - - - - - -
eqv2-0C20 [43] - - - - - - - - - 60.80% - - - - - - - -
GemNet-OC20 [43] - - - - - - - - - 54.88% - - - - - - - -
ST Baselines
eSEN-S-OMol - - - - . - - - - - 5.15 15448 73.02 608.9 v - - -
eSEN-S-OMC - - - - - - - - - - - - - - - 6.18 0.74  0.18




Discussion @,@ &)

Limitations
 Long-range interactions — standard MLIP cutoff distance of 6 A

« Separate embedding for each discrete charge or spin — limited in generalizing to unseen spins and charges
« Large training dataset — 500M atomic structures
« Empirical scaling relations
» Mixture of Linear Experts — increasing model capacity while maintaining inference efficiency

« Strong performance in test-sets and benchmarks
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