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Application 4 4 3 11
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Task Type 10 3
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Data set distribution

Fig. 1 Categorical dataset distribution of the 13 machine learning
tasks in the Matbench test suite v0.1. Methods of categorization
are listed on the left: Application describes the ML target property of
the task as it relates to materials, Num. samples describes the
number of samples in each task, Input Type describes the materials
primitives that serve as input for each task, and Task Type designates
the supervised ML task type. Numbers in the bars represent the
number of tasks fitting the descriptor above it (e.g., there are 10
regression tasks).
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Table 1. The dataset test suite.

Target property (unit) Task type Data source Samples Structure available Method
Bulk modulus (GPa) Regression Materials Project®**° 10,987 Yes DFT-GGA
Shear modulus (GPa) Regression Materials Project***° 10,987 Yes DFT-GGA
Band gap (eV) Regression Materials Project**** 106,113 Yes DFT-GGA
Metallicity (binary) Classification ~ Materials Project*>** 106,113 Yes DFT-GGA
Band gap (eV) Regression Zhuo et al.*® 4604 No Experiment
Metallicity (binary) Classification  Zhuo et al.*® 4921 No Experiment
Bulk metallic glass formation (binary) Classification Landolt-Bornstein Handbook?%4” 5680 No Experiment
Refractive index (no unit) Regression Materials Project*34448 4764 Yes DFPT-GGA
Formation energy (eV/atom) Regression Materials Project*>** 132,752 Yes DFT-GGA
Formation energy of Perovskite cell (eV) Regression Castelli et al.’ 18,928 Yes DFT-GGA
Freq. at last phonon PhDOS peak (cm™')  Regression Materials Project*>*%4° 1296 Yes DFPT-GGA
Exfoliation energy (meV/atom) Regression JARVIS DFT 2D*° 636 Yes DFT-vDW-DF
Steel yield strength (MPa) Regression Citrine Informatics”" 312 No Experiment

The test suite contains 13 separate ML tasks spread across 10 datasets. The test suite’s datasets are diversified across multiple metrics, including target
property, number of samples (representing several orders of magnitude), and method for determining the target property.
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Table 2. Procedures and sources for creating datasets in Matbench vO0.1.

Task name Target property (unit) Original source Matminer source dataset Additional modifications
log_kvrh Bulk modulus (GPa) Materials Project**~** None? 1,23,6,7
log_gvrh Shear modulus (GPa) Materials Project**~** None? 1,2,3,6,7
mp_gap Band gap (eV) Materials Project**** None? 1,6,7
mp_is_metal  Metallicity (binary) Materials Project®>** None? 1,6,7
expt_gap Band gap (eV) Zhuo et al.*® expt_gap 89,10
expt_is_metal Metallicity (binary) Zhuo et al.*® expt_gap 8,10,11
glass Bulk metallic glass formation (binary) Landolt-Bornstein Handbook?&4” glass_ternary_landolt 8,12
dielectric Refractive index (no unit) Materials Project*>*+*® None? 1,4,6,7
mp_e_form  Formation energy (eV/atom) Materials Project®>** None? 5,6,7
perovskites Formation energy per Perovskite cell (eV) Castelli et al.? castelli_perovskites 7
phonons Freq. at last phonon PhDOS peak (cm™')  Materials Project®***4° phonon_dielectric. mp 1,7
jdftad Exfoliation energy (meV/atom) JARVIS DFT 2D*° jarvis_dft_2d 7

steels Steel yield strength (MPa) Citrine Informatics®' steel_strength 8

Original Source denotes the original work that produced the raw data, which needs not be in tabular form. Matminer source datasets are tabular versions of
this raw data, which can be retrieved with Matminer and may apply additional postprocessing or filtering to the original source data. More information on
these datasets can be found on Matminer’s dataset summary page and in the Matminer source code. Additional modifications are enumerated.
2Generated using the Materials Project API** on 4/12/2019.

(1) Remove entries having a formation energy or energy above the convex hull more than 150 meV.

(2) Remove entries having Gyeigts Greuss Gvrrr Kvoigr Kreusss OF Kvrn less than or equal to zero.

(3) Remove entries failing Gpreuss < Gvrr < Gvoigt OF Kreuss < Kvrr < Kvoigt

(4) Remove entry with refractive index less than 1.

(5) Remove entries having formation energies greater than 3.0 eV. This operation removes ~1500 1-dimensional crystal structures likely resulting from mis-
converged DFT structure optimizations of Half-Heuslers present in the Materials Project database as of the generation date.

(6) Remove entries containing noble gases.

(7) Remove all columns except structure and the target variable.

(8) Remove all columns except composition and the target variable.

(9) Filter according to unique compositions by ensuring no composition has conflicting metallicity.

(10) Correct erroneous GaAsy;Poo composition from Zhou et al.*® originally aggregated from Kiselyova et al.>%

(11) Filter according to unique compositions by removing compositions with a range of reported band gap values of more than 0.1 eV. For each remaining
composition, select the value closest to the mean of that composition’s reported values.

(12) Filter according to unique compositions, removing compositions with any conflicting bulk metallic glass formation classifications.
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- Miedema - Density features
- Yang Solid Solution - Dimensionality
AutoFeaturization -Demlet al. - Orbital Field Matrix

- ElementFraction - SineCoulombMatrix
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W‘ - NaN handling

. v Ar Gradient Boosted Trees
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methods
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Fig. 2 The AutoML + Matminer (Automatminer) pipeline. The
pipeline can be applied to composition-only datasets, structure
datasets, and datasets containing electronic bandstructure informa-
tion. Once fit, the pipeline accepts one or more materials primitives
and returns a prediction of a materials property. During autofeatur-
ization, the input dataset is populated with potentially relevant
features using the Matminer library. Next, data cleaning and feature
reduction stages prepare the feature matrices for input to an
AutoML search algorithm. During training, the final stage searches
ML pipelines for optimal configurations; during prediction, the best
ML pipeline (according to internal validation score) is used to make
predictions.

14

Automatminer& 3. 1bFHERK
tiERBEDERTFER (BAER
N7 NIVREREBRT S &),
LR FDOIV—=2T (J’Uﬁﬁ'ﬂ
DT E) « RITHIE. &
U%?JLQ‘EE?R&%OJJII%%EQ
THETITI VAT LTH S0

SR FDIRHBESE LT
MatminericE&& S lcicikF
£ RFiEzIFITHE. ETILD
ZEERIIsklearnic H 514
ETFILERELTWS, =a1—7
LRy b= PIEFRFEZSVME
EFEW(-EARNICIGHRNGTE
TIb)o



Matbench®iEX%Z5=E$ (Automatminer)

- Automatminerid., LR FPETFTIVIRBERZHSHUHAEUVLTEE.
Tree-based Pipeline Optimization Tool (TPOT) Ic& b BE) TRiE{LT 3
(YR S EICBRBHBEWEIRF. IR FORILIE, EFIL. EZDETILDINALIN—
INGA—FZERTB L) o TPOTLI?ME‘*G)LHSH’J?)LZI‘UZ‘A‘Ca%%o SCIRF
—ETFIL>FDETIVDINAINT D& S ICAKIEBED B DD TTPOTHHEI U LYo

c BB FPETIVERBES+FEZICHITZIREDKREZTE3DICH T Tpreset&E LT
RELTWS, UTFICFEHSEN S,

7ty A 5 AT 3ERF AutoMLEH BE HEOX b
debug BERTT A M@ =/\BE (MagpiedD#) “o B FEF TR
express ERAMEROEE FEE (GEHNOEEES 24F5E LA = iR

L)

heavy BEESR (AFRA) Z¥OE IR NERF 48h~ bIMcE

ot

15




Matbench®:EXZ5:E (fE)

MAE/MAD®DZ5EH
MAE (Mean Absolute Error) . e
& MAE | MAD D EREK
ETINDOFRAREDFT (BLDZE)
& -  EMODIFE : ETIIE "BICFEIZFRHT S, OERUMKRE

e o EAERFE  ETLE TEEEDHRVEREL ZLTWS
MAE = — "
- > |y — il

i1 o {BEAOISEW : EF/LIF TEBMICIERESTA ZLTWS

c EMZBZS: ET/ILIE TFHEIFALIDBHEN,

MAD (Mean Absolute Deviation from Mean)

T ZFDHDDHESIEDES (FEINhSDIXL D) KT
= :

1 n
MAD = ~ —
- ?:1: lyi — 7|

CZTYRFRT—YDFHE

Dummy (FEFE) TEnd CDIED T ICH S,

16



Matbench®DiEXZ5HE (FHlIFER)

Target name (unit)

NN X
) o
e o® o . « o «
{\6\6\!9’&\ :ﬁ:“a\o PR ‘\\0‘(\\ \(\2\&6\“ 6&\% kY o %\‘\G(ﬂ \09\ o \09\ 9&\ 9\0“(\ 3’6“6 o 'A\\\G\N €\° \0‘(\\

c,(’P" \09 \\OQ'
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(wrt. MAD Best Score (Nested CV only) (wrt. MAD
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Fig. 3 Comparison of machine learning algorithm accuracies on the Matbench v0.1 test suite. See Table 1 for more details of the test sets.
Numbers on each square represent either the mean average error (regression) or mean ROC-AUC (classification) of a ﬁve foId nested cross
validation (NCV), except for Best Literature scores. Best Literature scores were taken from published literature models®**®>* evaluated on
similar tasks or datasets, often subsets of those in Matbench, and do not use NCV. Colors represent prediction quality (analogous to relative
error) with respect to either the dataset target mean average deviation (MAD) for regression or the high/low limits of ROC-AUC (0.5 is
equivalent to random, 1.0 is best) for classification; blue and red represent high and low prediction qualities, respectively, with respect to
these baselines. Accordingly, red-hued columns indicate more difficult ML tasks where no algorithm has high predictive accuracy when
compared to predicting the mean. Red-hued rows therefore indicate poorly performing algorithms across multiple tasks. The best score for
each task is outlined with a black box (The Best Literature scores are excluded because they do not use the same testing protocol). To account
for variance from choice of NCV SJ)Ilt multiple scores may be outlined if within 1% of the true best score. A comparison with a pure Random
Forest (RF) model using Magpie?® and SineCoulombMatrix*® features is prowded for reference. Dummy predictor results are also shown for
each task. All Automatminer, CGCNN, MEGNet, and RF results were generated using the same NCV test procedure on identical train/test folds;
all featurizer (descriptor) fitting, hyperparameter optimization, internal validation, and model selection were done on the training set only. A
full breakdown of all error estimation procedures can be found in Methods.
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"We selected a total of 180 crystal structures, named CSP180, from the Materials Project database...
ensuring a diverse and representative sample."
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"The criteria for difficulty classification include factors such as space group classification, template-
based categorization, and the prototype ratios defining the crystal structures.”
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Table 2: Details of the binary_easy, binary_medium and binary_hard
data for benchmark crystals used in this work. See Table S1 for the
whole set.
Materialid  Pretty formula Space group Crystal system Category
mp-2334 DyCu 221 Cubic binary_easy
mp-2226 DyPd 221 Cubic binary_easy
mp-1121 GaCo 221 Cubic binary_easy
mp-2735 PaO 225 Cubic binary_easy
mp-1169 ScCu 221 Cubic binary_easy
mp-30746 YIr 221 Cubic binary_easy
mp-24658 SmH» 225 Cubic binary_easy
mp-20225 CePbs 221 Cubic binary_easy
mp-788 CosTeq 194 Hexagonal binary_easy
e mp-20176 DyPbs 221 Cubic binary_easy
EIRESNT=BEDHI: mp-1231  Cr6Ga, 223 Cubic binary_easy
mp-12570 ThB o 225 Cubic binary_easy
mp-20132 InHg 166 Trigonal binary_medium
mp-2209 CeGas 191 Hexagonal binary_medium
mp-30497 TbCds 191 Hexagonal binary_medium
mp-30725 YHg, 191 Hexagonal binary_medium
mp-2731 TiGag 139 Tetragonal binary_medium
mp-2510 ZrHg 123 Tetragonal binary_medium
mp-2740 ErCos 191 Hexagonal binary_medium
mp-570875  GayOs, 70 Orthorhombic ~ binary_medium
mp-861 Hf4Niy 140 Tetragonal binary_medium
mp-1566 SmFes 191 Hexagonal binary_medium
mp-2387 ThyZny 140 Tetragonal binary_medium
mp-1607 YbCuj 191 Hexagonal binary_medium
mp-13452 BePd, 139 Tetragonal binary_hard
mp-11359 GazCu 123 Tetragonal binary_hard
mp-1995 PrC, 139 Tetragonal binary_hard
mp-30501 TioCd 139 Tetragonal binary_hard
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Table 1: A summary of the main CSP softwares. MLP: machine learning potentials; MOGA: multi-objective genetic
algorithm;

Algorithm Year | Category Open-source | URL link | Program Lang
USPEX [4] 2006 | De novo (DFT) No link Matlab
CALYPSO [19] 2010 | De novo (DFT) No link Python
ParetoCSP [28] 2024 | MOGA+MLP Yes link Python
GNOA [9] 2022 | BO/PSO + MLP Yes link Python
TCSP [17] 2022 | Template Yes link Python
CSPML [29] 2022 | Template Yes link Python
GATor [30] 2018 | GA + FHI potential Yes link Python
AIRSS [31, 32] 2011 | Random + DFT or pair Potential | Yes link Fortran
GOFEE [33] 2020 | ActiveLearning + Gaussian Pot. | Yes link Python
AGOX [13] 2022 | Search + Gaussian Potential Yes link Python
GASP [34] 2007 | GA + DFT Yes link Java
M3GNet [35] 2022 | Relax with MLP Yes link Python
ASLA [36] 2020 | NN +RL No link N/A
CrySPY [37] 2023 | GA/BO + DFT Yes link Python
XtalOpt [38] 2011 | GA + DFT Yes link C++
AlphaCrystal [39, 40] | 2023 | GA + DL Yes link Python
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2.4 Evaluation metrics

Evaluation metrics are essential in materials science research as they quantitatively assess the performance and
effectiveness of different materials. Currently, numerous evaluation metrics exist in molecular research, such as RDKit
[62] and MOSES [63]. However, in the field of materials informatics, there is no unified standard for evaluating
new structures. Recently, we introduced a set of distance metrics for CSP performance comparisons in benchmark
studies [64], including M3GNet energy distance, minimal rmse distance, minimal mae distance, rms distance, rms
anonymous distance, Sinkhorn distance, Chamfer distance, Hausdorff distance, superpose rmsd distance, edit graph
distance, Fingerprint distance, to standardize the training and comparison of material structure generation models.
For test structures in the polymorph category, we employ a detailed evaluation approach. We compare the predicted
structures with multiple ground truth structures, each representing different polymorphs. As each sample corresponds
to multiple ground truth polymorphs, this results in several evaluation metrics for each sample. To identify the most
accurate predictions, we select the evaluation metrics associated with the ground truth structure that has the minimum
M3GNet energy distance. This method ensures that the selected metrics reflect the closest match to the predicted
structure, providing a reliable measure of prediction accuracy. The distance metrics are shown below. Table 3 shows
selected distance scores for various test samples generated by the AGOX-pt algorithm.

* Wyckoff position fraction coordinate RMSE distance
* Wyckoff Minimal MAE distance

M3GNet Energy distance *5_1 5 nt_{t%%ﬂﬁ‘zd) %;ﬂ“ﬁ t E@*ﬁ n¢~% ‘(_ J: >

* Pymatgen RMS distance

- T. FABEELBT 2D, ICREMSEOREREIC
e e F—NBEENEELRN (Ehb—E—8) CEici

¢ Hausdorff distance

* Superpose RMS distance b T\ ﬁa Uﬁqzﬁ*ﬁ*?&h‘ 5 % o

* CrystalNN Fingerprint distance
* Edit Graph distance

: ’;ﬁj;ﬂ +Pymatgen (FEH#MIDIE#S 1 7'5 Y, matminer & b A7 45E84 % 18Y) DStructureMatcher
EEMEBDHESIMES D
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Ranking scores of algorithms: To evaluate how different performance metrics reflect the actual closeness of the
predicted structures to the ground truth structure, we employed quantitative distance matrices of CSP [64] to assess
the quality of all structures generated by the algorithms. We adopted a ranking scheme to evaluate candidate CSP
algorithms based on the quality of their predicted structure against the ground truth structure. For each test structure,
all algorithms are first ranked based on the quality of their predicted structures, i.e., their distances to the ground
truth structure. Ranking scores on a 0-100 scale are assigned to the algorithms using a standardized scoring method
to ensure fairness in ranking. The ranking scheme is illustrated as follows: for example, if there are five algorithms
for comparison, five evenly distributed scores ranging from 100 to O are assigned to the five algorithms sorted by
their performance from the highest to the lowest. Specifically, the algorithm in the first place receives a score of 100
(reflecting the smallest distance), and the second-placed algorithm earns a score of 75, followed by 50 for the third
place, 25 for the fourth place, and O for the fifth place. In cases where multiple algorithms produced structures with
identical quality/distances, they were assigned the same rank, and scores were averaged according to their rankings. For
instance, if the first and second place algorithms tie in the quality of their predicted structures, their scores are set as the
average of 100 and 75 [(100 + 75)/2]. Similarly, if all five algorithms have the same performance, their scores are set as
the average of the five scores [(100 + 75 + 50 + 25 + 0)/5]. Figure 5 shows the ranking scores based on the overall
average distances for each algorithm.

XX distanceDF T 5 E. BDI LK ANERBEFAERESIORESR
BIFTECUES, ChZEBSEEDICTVFVIIVRATLADBEBAINTLS,
BEEMICChbd. FHDRINZER (StructureMatcherDf5R & ZZRIBE D IE 7 3R) T,
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Figure 2: Comparison of structure prediction performance in terms of the success rate (%) measured as the percentage

of the predicted structures (out of 180 test samples) that match the ground truth structures according to Pymatgen
StructureMatcher and have identical space groups.
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Figure 5: Comparison of CSP algorithms by their ranking scores based on the average of all 12 distance metrics of the
predicted structures against the ground truth structures.
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