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4.1 Our strategy for learning materials concepts. a, Diamond
as an example material and its various attributes showing different
information of diamond in different data forms, or modalities. Since
each attribute has its own advantages and disadvantages in expressing
a material, using multiple attributes for a material can provide
a more comprehensive view of the material.  Particularly, the
combination of the crystal structure and the X-ray diffraction (XRD)
pattern, which we employ in this study, is known to well reflect two
complementary structural features of materials, the local structure
and the periodicity[97]. b, Our goal is to represent each material
as an abstract constant size vector (embedding) whose distances to
other embeddings reflect conceptual (functionality-level) similarities
between materials. These embeddings allow us to visualise the
materials space intuitively and also to search for conceptually similar
materials given a query material. We learn embeddings from pairs
of crystal structures and XRD patterns in the framework of deep
metric learning. This cross-modal learning approach trains deep
neural networks by teaching them that each pair should represent the
same material entity. Because the XRD pattern can be theoretically
calculated from the crystal structure, this learning can be performed
in a self-supervised manner without any human annotations for the
materials dataset. . . . . ... 74

4.2 A map of the materials space. a, A global map of the materials
space, plotted via a t-SNE visualisation of the embeddings. Each
point corresponds to an individual material that is encoded by the
trained crystal-structure encoder. The map was annotated with
cluster labels through manual inspection. b, A close-up view of a
cluster of cuprate superconductors in the materials space. ¢, Crystal
structures of Y-123 and Y-124 families, which are closely distributed
in b. The CuO chain in Y-123 and the double CuO chain in Y-124,
which is similar to vertically repeating Y-123, are important features
of YBCO superconductors. . . . . . ... .. ... ... ... ... 75
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4.3

4.4

4.5

Overview of self-supervised deep metric learning for
representation learning of materials. a, The proposed
network architecture, including two separate DNNs to encode
the crystal structures and XRD patterns into unified embedding
vector representations. To account for respective input data forms
(Fig. 4.1b), the crystal-structure encoder employs a DNN for point
clouds while the XRD pattern encoder employs a 1D convolutional
neural network. b, A schematic view of proposed bidirectional triplet
loss. This triplet loss is used to simultaneously train the two DNN
encoders to output embeddings that are close together when the input
crystal structures and XRD patterns are paired (red-coloured x and
y) and far from one another when the inputs are not paired (x and
y vs others). More details are given in the METHODS section.
Elemental distributions within the material embedding
space. t-SNE plots of the embeddings are laid out on the periodic
table, coloured blue or grey according to whether each material
contains the corresponding element or not. Similar distributions in
the vertical and horizontal directions (groups and periods) of the table
indicate that the embeddings successfully capture the behavioural
similarities between elements in crystal structures. “n.a.” means no
material containing the element is found in our dataset. . . . . . ..
Crystal structures of queries and nearest neighbours. a,
Crystal structures of the Hg-1223 superconductor and its first and
second nearest neighbours, Hg-1234 and Hg-1212, in the embedding
space. These are all Hg-based copper oxide superconductors with high
T, and are built on two important components, namely, block layers
and superconducting layers. Placing these close-kin materials, yet
with different numbers of superconducting layers, as close neighbours
suggests that the embedding captures the conceptual similarity in
their structures. See also Table 4.1 for the top-50 neighbour list
of Hg-1223, in which more superconductors with high 7, are found.
b, Crystal structures of the well-known lithium-ion battery cathode
material LiCoO, and its neighbours in the embedding space. The
layered and spinel families, which are two major types of the cathode
materials, were identified in the neighbourhoods. See also Table 4.2
for the list of the top-50 neighbours, in which more layered-family

materials are found. . . . . . ...,

76
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4.6 Physical property distributions within the material
embedding space. t-SNE plots of the embeddings are coloured
according to the physical properties: energy above the hull, band
gap, and magnetisation. These plots show clusters of materials with
similar physical properties, indicating that the embeddings capture
the property similarities between materials. a, The distribution
of energy above the hull (eV). A large value of energy above the
hull indicates that a material is unstable. A cluster of unstable
compounds containing sparse unsynthesisable crystal structures was
identified on the upper left. b, The distribution of the band gap (eV).
The distribution overlap of large-bandgap materials in this figure
and oxides in Fig. 4.4 demonstrates a well-known connection between
the band gap and oxygen. c, The distribution of magnetisation (T).
Materials with large magnetic moments have higher composition
ratios of magnetic elements such as Mn, Fe, Co, and Ni and are
particularly studied in the rare-earth permanent magnet research.
The distinct yellow cluster in the top right of this figure contains
intermetallic compounds of the magnetic elements and rare-earth
elements (e.g., Ce, Pr, Nd, and Sm), as evident from Fig. 4.4 where
the distributions of these elements overlap in this area. . . . . . . .. 79

4.7 Distributions of the local intrinsic dimension within the
material embedding space. t-SNE plots of the embeddings are
coloured according to the local intrinsic dimension of the each data
point (= 1024 dim embedding vector). . . . .. . ... ... L. 79
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L5ZEMTEDL—FAT, N2 770y NEEPEY—-IZRZE, MEOME 21X
WNLIZEZ DN T A= RERETEHERD D, ZOFETHRIFERNPARE AR
INBZ NS, ZDNRTA—RFHEITIIREBR TN B E L X, B -
MFEETH->THE 1D VB L2 BT 5FHE 2> T3,

ZHOUMaANDEI NS, Hon{HELZXRD XX =28, T—X%5
WO REBLED T —RZD—HOMIREINZD, HDWIEFEMAR 27T
E— 7 MEDIFRDAZ WL, FHIIE N7 — 2D T —HOIEHR L G
NN WS FIEVPE L BIED, T — XS DR OREIAR MLy 712725,
BB \WEEAITHE R 2@ U TS D 27 2 DMENTRERIZADAATLUE S &\ o 72 [
EH UKL LTWa,

Z ZTRIE. AR K 25 THEAD B S NS T — X iR 2 G ERE . TV TV
Ao THEMLT 5 Z & T, g & b ALEWNZRALH (Bl iFZET 51 > G
XHE) IZME G720, TNETEMEHITIAMOMENSTHERHINTWAP 72
T—=REWENT Z & THEZRFERADNENNDS LB X T, FIXZ O PR A F8
TE52DIT, BWEEEHWSZ L 258072, BMFEIX Mrz2EKT 5720
DNV —IVEIHRINIERT B Z <, T—E06ZDI— ) 2¥ET5HMTH
%, UIDoTT =P 0WAHIZEHELRVWE S A, EEET — 2 X—20D
BAFOHE T — X DEEL R INT VD06, KRG S E OIs Iz
WUZBED—DEEZSND,

XRD OF—ZEFFHZBIL T, U — b UL MEFHIEEEAOE S DR 255, /AT
FEZOED (24371 £V 7 b Y =7 [38-41] DM HE D 5% < DL R INTE
7o ULDL, V=)V MNMENOBHENEZ HIEL 25X T <BoNTE D, 7O
G- Z 7= FIEZE > T2 3 F U [42, 43] X, HBIFZRFIHZ KL 722 F 28— h T R
T LW 8L [44), WIEAMEICERE 2 A 5 TR Z2 AW BE)k [45) e Xz &
EEoTW5B, WP EZAWEZIEIZED > TERB2 S, Bk, V— ML
NMENT DR MV AR I TdHB/NT A — RPN, BERFEEET NVIZE T2/ A1 38—
NIA—RPFHBEOREL 2K AL THD I LICEH L, BHEEET VL, %23
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WCEDERINBENTA=REFHNT, NANR=RTA =R EEINDHETHH %
b, ZORENVETNVOMREEZ KELSAELT S [46, 47, L7z TNAAR—1RTF
A—R WY T 5 L FHEHERMETHLIeNH, NIN=NITA =K
WAL WO REBREDRHELLTED, ZN2MBLT-ODFEELEREINTVS
[48-50], AWIETIZ. TD5>HT Ty 7Ry 7 ARt [51] L IEXN 2 B E#EL
DFEAMiZHNT, V= )V MEFDONRT A =X 2 HEFHET L7 70 —F 2 EE
T 5,

FRRLMENS XRD OFT — Xz HEML S 272012, VU — L Mg
ZHWY, EHFEEE2HOWTXRD SZ —rh oG Ee2EEYHITS Y
TO—FIZEW 0D, T B TR S L TEARAAZ I —F L2y b
7 —2 (CNN) % W78 [52) G ST\ aB 03, R TIRERS JIEX.
EBREMICEDLEZETVOHIMORES XX, FHIll, A AANDOERAMEL %2 B L
T, BWEFEETLIT) ZLDEPIZEDIS IOy V7 Ta—F2HW5,

INSDIEIZ & >TXRD DHET — XEIFDIEBT 5 &, Hx XL B0
ET—RE2FITTEHILNTE, ZOMBEEY Y 7T — 2O ofi7- 2R
EIROBWENEFNEZ LIRS, EBRPYIal—Ya vy TEsniaEE 2
fRfld 2121k, 2 < 0HEE. AMP 1T OMEZHEEL. BLDDH DR L
fmhG & OMICYBN IR 2 5257 T —F 2 L b, ZOT 70—FTHxd
BARERZEHDEN, KRERRMEF N 2ET 51EZ0, ABPOESI ZLDTE
57 —ZDUITIZIRO 3D 2728, T T & 2 DIFRHIZ IR B & B~ B AFD
BEIZR S NG, —f, FEEET — & L EMFE 2 AEbES Z e TE L
ANFIDEHER D & 2 72 W R 2K ERE» S B HRE2EN U RB 2G5 Z & A HE
20, WHIEARIPAIO I %20 2 CTHEMEEEZ AT TE 5, Fil-7 7u—F
MEHTEL1FTTH5S, Al-assisted IZWEE BT 5 TFHEDO—DODREL LT,
i A IS D FELUME % 3@ U THRLE - O BERERI BB 2 € Bk T 258 2 S5/ U 7=,
T2 TIE, HEEYEMEBDE Z o, KiaEIEICIE TEEEMR] X TEGEME &
Wo 72 RIOEERRE (2> 7 h) 2EEFNDL L HE X, HERBEDHHRZHE <
SNTT BT T, KRG ORIV RE TR &\ o T2 IR 2R AR O B UM TR
L, BEUEE I UrREBTERwWEeEbnd arye T LRV O ISR
MM 2 e Rt TENIR,. B U2 EE 2 I L 7257 — X 28 O FEBIZ
KELFET BT THD, ZDHDIZIE, HERFEEDORFOMMRIIERZ MR- F
T, MG 2 EE E TR RZ D2 MLEE (embedding) (24 S D S5k
TEMTZHENRDH S, THIESWEZIIL. 220N O FEEEH RO JEEUE 16 6
T HERouREMZRE L. AN I Nk RS E 2 OEMIZES T 58 e FE T
LEE LTS ZenTE s, ZOMEIE. HASEUHECHEGEFRDO S EIZH
WT, SECHGROERZ GHEE LTS 720 ICFHlICZE I TH D [53-55). K
BB B 5 W LR L W B P AT H B 55, AMISETIREEEE % AW
TINZMSEBEMPEOT 70 —FI2 &0, HEEEIZDOWTZOMRKER
ZH Z 7z embedding 25T 5 Z & 2ikA b, 55N 72 embedding (2134 RHA £ D
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BREOMEOBHRLEEND LHfFEINEZ 205, 2D embedding % FW TH
BEDEL7Z MR 2 MR L 72 0, embedding % AI#ML S 5 Z & THRHAE L O FLIM: D A]
B, THROLBMEIOMXZ#IK 22N TEZIXTTH D, HmiESED R AT R
(R rEfEOERE) & FHRRE OFRE) D % embedding (ZHX D AL 720, R
FLEDREIL ) — R 2w ID6RET7 572 LT, MFRMEDREIAS A E D
SEEEINAIMAEXRD NZ =V EHWTRIE L, ZhoTNTNE T T 7EAAA
—a—I)xv h7—2 (GCN) 8 LU CNN % HW\WT DeepNeuralNetwork (DNN)
IZELD AL, SUFE—XILEEOT Tu—FE2HAWS, FEHOEIZIE, DNN AD
ANRT (FR#E XRD) 23FE UMIEIZH G T 2008 5 b &\ D G % 2E &
WHWBZETANT—RZDEDONINLVERD, T—RIZHTEIAFTIZLDE T
NUVAIFEHAWS Z e EENAEEL o7 (HEHED 0 FH), fmEET —
ZUZX U T embedding % 5 2 255 135G 0 < DD 7R T T WS 2 [56-59]. DNN
ZRAWAMOYEEDFH X X 7 OIEY & U TRIERIZ embedding 2§ 6505 &
WO 77 —FTHH, TOWEIZOWTE T+ BRGNP RINTIhhotz, K
e, BEORAT - FBEO 2 O0EX) T4 2HWAZ L THCOHNEH b 2%
BRI U722 LITMA, HEEHEYE OPSHADTEH THEE O R\ embedding
/LI LIZTA—NALTVWAEBRDRTAI=— IR THEELER D,

1.2 AR DIERK

AFETIE, MR Z X0 E#Iz, KO ESHETS720, XRD NX—>DHE)
T — X R EAR DR . 2T & D15 N KEOKEFREE D S Mk 2R & i
fEd 2 L5 2 DDOREIZE Y M,

12007 —< (23%F) & BWEHZHOCEE»DHETHREH
R— 2V DR ZITOMETH 5, EdD@Ey, SHTIERIEDNA Z)V—Tv ML
WES T REORIET — X BHAWEINSE LS 1T o772, TDT—X%E NP
WU TEHBIZITT 2D RERPFEL > TWDE, T Z THIIHAE XRD /83X —
VERHUNT, BEWEEE R WS T — R AR EAT OB R EL D LA Z, BURD
T — Z R CIX. FRE DR EE S 72012, FlllF— 2126 LTI E FILIC
HOKYIab—yavkRe 74y 7407387 7u—FRL<HLNTW
%o AIFZETIE, 2OV Ial—va lBELAETERZ W EIZEHL, Y3 a
L—yavapBe URWRITEDORY (7 7u—F1) XU, ¥YIalb—vs
YOHEEME (7 7e—F2) LWHHAKZR T Ta—F THRICIO AL, 77
O—F1 (2%) Tld, INXTEMINET—X2EIZ, XRD /SZ — v b o i
WEOEBLRFETH B FME (REER - ZRIH) 2 EETIT 5 @5k E e
ETIVEBELL, £7-. GEERTFHIVTRLEHREZEE T VIERTE 425
X, ZDETNVHEBIIETHIO 72O OFBAHA P FHET 51ETTH D, £ T, fif
FRATRE G 7V TV XL DFHE T 0o E2 @ U T, HisHELIZEE S
T, XRD 7 —XAHic BT 2 TREEE O . REBRAOEMKILEHIELZ, 77
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O—F2 (3%) TlE. HHUTFT—Z2~OYHETFTLOHCiFDE, [VIalb—Ta
VMRS ZA L, HTROMELRTEROREL] &AL L, BEREILD—
MThHd7I7v Ry 7 AREbofME: UTERM LUz, BARMIZIX, BRE
NR=VDHHEE UTIESHERLTWE Y — M)V MEZRNRIZZOT Ta—F
ZEHAL, YIalb—YarviREXMfoHEHEE LT, ZOHEEH LIZLE
IXRDOFOYPE D HEfb % R A T,

INFETITRARIZME (=< 1) IZ&>TXRD DEE)T — X HEEHT 5 &
ZFOEITIE, FHIRPY I aL—Ya itk THELNEKBDOM GG T — X D3
HugeL b, ZOT7—RZ2EHTNIEHZRRB %285 2 EWARRIZAR D L E R
Tzo ZITT—<2 (4%) TiE, MG T — & S E I L D fEEER o
BSREL NV OBLEZ ERILT A2 L 2BU T, 10 ifFZ2 A 25 K2WER LD
FOUE (MEzef]) 208k d 2 22 2 BiE L2, £3. EEYMEMEBEDOEAI X 0,
FEMRE IR OBREDRE (22T h) EENDLERTZ, T—XDOHAR
MERZ R Z 72T bIVREL (embedding) % 39 2 A TH 5 R EIERETH
ZHOWCHBEMGEZYE T 5 2 LT, MROERZELUE % # 2 72 embedding D%
fF& . Z® embedding D AI#RALIZ & 2 WE ZE ] D WAL & G AT,
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ANil%y
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FEOES

TG OY — 2 70— 12815 AFONMAZES T720I12, MR X #REHr
(XRD) W& —=IZEEDWTHEmRR & 2R % 70 83 2 Bl 7 (ML) R—=ZADT
T —FZFFE Uz, AR TIXEBRANDOIGHS BHEZ T, AR AR AT 58 22 RF
BB L, FHEAETIVONEN D 2 FREMP TR, REARR— X DM
FETNVITY XALZHHA LU, Fx DML E TV, Triclinic system % Bk < # 5 5%
(7 1) DODFTIIM I0NDREZ R L, TR (230 ) @ﬁ*ﬁf A
B D 1AL 5 4T 88N DIEEEZR LT, /oy ZEFAETNVOSMIZL D, 74
U 72988 O CEERIZ A S TW» 2RI HEE (GAEE o)) @—ﬁﬁ’&ﬁ
2bdTBZEIZEEIN L. MIRAGER ML 7 7u—F 2 Wb Z & T, £y —X
WCHOAFE NI N TV aRVWRE 2 R TE 5 gtz R U 7z,
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2.1 H=

FERE DB ME 135S RS TR HRIE T B 720, fmmi s ORI A RIS Iz B 1T 5
REBEELFEO DO TH S, FEEIX. B, e, RFofEEe
ME. V1 MEERLQEORBIZL VRTINS, FmEGEzHX5720121%, B
KX #REHT (XRD) ¥R dtE7EH A oo Tnd, JIE L 7BmKE N
R— VD OREEREEDEMEHE D -DIIIE =2 DA VT oY v I, REREIBEORE,
RGO N T A =X DHEE, BEDORELRY., W O2DPDATY T2&5
BENRH L, D TFEPP2EDI1F) — bV MEIC X 2 EEREELLTH L, B
TBAED ST A — R % FECTHRIEAT 2 BENDH S50, EEMRTOVIIHERIZH
JBZEMBEORES ., FENZ X 2FTHAI BTN E L 20 FEDP LD AT Y
TThHbH, MHRF ORI CTHEHRKEDORAEK XRD N — U2 EHINTNWS
ZeEEEANE, NS DABOFEMRPIFIEETHIT S Tu Ak, MEZEICS
FRHORRAR MLV Ry T b, bbb, BRRE/SX =20 T — X% H
iU, 53R ABOBEEZB ST Z T, MBSO Z)L—7y M EIZDR
NBLHAENS, £Z T, FAEINAEBEEDP R BT —XARXR—-AZEBEI N
TWbZ ey, RREEREE IIERTEZMERREIFAZ -2 208 HRTHES
ReHLEEHHTELZLIT Y FEAET, BWMZEE (ML) 7 70 —FI2 X D
R & BB E T A EMIZE - T2,
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2.1: Overview of our ML methodology which enables on-the-fly crystal system
and space group classification based on powder XRD patterns. One may also obtain
data-driven insight by analysing the interpretable ML model.

FHHIT — ZARATIZ BT DHE S R FERA I N T VWS FEY 2 TH D,
NE—=V R MAE ZMAGDLET 7o —F, XRD XX —VOHMEZHNS
TIHR—F VIAR)VIIZEBET TR —F e RERIGAADREINT WS,
AWFSE & FBRIZ, XRD 8% — v S 22l 2 283 il e LTI, Park
5 A Convolutional Neural Network (CNN) & W7z iff55 % HERK L TW5 [52], 2D
MERIRTY /A ZXPE =D T H— =072 \W\Wo7 XRD NZ — VD ARTER
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MEOELETEHEEWAEMEREEZ R T, BIREWIIETH S, LU, Park 5
DWW CNN I, —fRIZBOTEBA ED /85 A — &Iz X DR S N5 IR I EM 72 €
TNTHY, NERZONIB 7O A% IR L TEKYH HHE L ST L&
WHETH L, BMFZEOLTIZEWTIEEWTHIEREDOE T IV EREKT 5 Z & 3
R EINEN, FEMIIZBEWTIE, ABDPMRAGERFIEEZH WS Z LT,
T — REREN R MR RO REN 2R T Z b EETH L L EXTWS, H LU ML
ETNMEFINX— VSRR P EREEZ A ETE 5D THNIE, ZDONEBIZIX
DEHAZFEOIZT THD, 20, FHUAZETVESNTHI LITLD., Rk
BEREEDIMEZ DR DD & —EHIZOWTERMIZFET 5 Z L3
BETHD, /2, EBEOXRDHEIEIZEWTIE, HIET520 L v IR X ORI
F— Vo ZEBREMIE, FUETLICEFINSZ LW EETH D, Park 5OF
FERXZDOREZEELTES T, FREPELNIEXZ DOHAE CNN 2 HlfHd 5 6 EH
H5, HIFIIEFOHERZ A WTEEEM?»S 1 HEE2E T 5728, EE
DT — R FEHT A~ DA REME IZREN TH 5,

AARFE TR, AMDSERE A RE R REE OB L O, BT E 7L 3 XLk
TEARR—=ADY VY TP DEHE I A N RFEEZHNSZ LT, XRDAX =05
FEAGR - BB EHE RSB . RGO 7T — X BREIY 2 BRMb 2 BV 3
L, VTNEEEWEETNT) ALEHND Z & T, ETIVINEEOBIRYEDREG
Y. EBREMGOEF IS B2 TEEIc T2 2B LTWS, kB, ZOWH
FZOHMKIE, TNFETIREINZHEFNAIZED S XRD NX— v O+
BaREESHMI LI TIERL, T—Xho ORI, EMHFIIBII2FERIZE
WTHWRPT WS Y T IVA ML 7 7R —F O EEEZ R T Z L IZH B HIIERES N
72\,

2.2 ERBLUER
2.2.1 ¥EREOFT—4 OGS L OIS HERS

B FEETVOFEEDD, HESRMEET — X X—2Z (ICSD) %5 199,391
EO¥ AR XRD 7 — X % pymatgen # FHHWCEHHE U7z GEIZHER 2 > a vizidid
U7z)e —MRR R XRD N — V3T O T — & KA v b Tidid T, ZHILET
R ETIIBTIRTEDORZ pLE LTHRbNSE, 2O LD BRERITDOT—XEHAWN
TMLETILVEZZEHULEIS & T5L, LD D2 LRRHZFHIZLERT — X &
DHEREEEAIZBINS 2 RGO CIFENSRIENFEAE L, IELU LK FERN
BT 5 2 EHISNT WS [46]), WITDWN % 5T 5 7212 d — R T 7
O—Flk, T—XORENLREE XD DBORGTETRIT LI L THY, ZDH
BUE TR (feature) ] 5 Wi GHiR 7 (descriptor) | & IFIXN S [14], HEifX
BREREHO LSz, BiFINZKEDT —ZBPRHTERZSETIX, ERXRT—X
Yy MEHWTEEDNN 228385 22T, RHEgmtise e TV 0%E %2R
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RHZ1T D end-to-end 7 7B —F DIEFH L 28> TW5 [60-62], file LT, itk
BEWTIEHY 1400 D T ~NOUAF E B h 5 72 % TmageNet 7— X & v |k [60] A° ﬁﬁ\z\
67]’L ZD XD REKRT — X DA DeepLearning FEDHEL 7w o72, LA L,

IBWTIEAAARERT =X BRSNS Z & HEIZA R S 7= R8s 13-
7f)>f$ﬁj¢’6 EDLEOMBHMAILE IR SN 5, AFETIR, BRI E
HAWTFHCTREEZERTSZ 212 L7z, XRD /XX —> (Fig. 2.1 left) 1213% <
DE—=IDHH, INOWERBED T+ V=TV P UTHEEL TV, §E
WEET DR FOMEIZIE, E—IREBD> 5 (L~ zR\wT) =2
DIRETIFR L, ¥— I MEDAVE#ET 5, £ 2 TARMIETIL, BUFD 11 FDK;
WaBEIR U7z, 1) AR S 10 KDY — 27 DALE, 2) 0°525 90° £ TOHIFIZH
LY — 27 DK,

ZDEIIZUTEXRD NZ =2 % 1LIRGTTORBE TR L, £ OREZER Dk
+ % Stochastic Neighbour Embedding with t-Distribution (t-SNE)[63] 2\ T, 2
Wt TH AL L TR (X 2.2), t-SNE I, TOZRTCEMIIBIT 5T — X [E L
DRFFREEZ R R R o7 E £ T, BWLT — X% KV IRIRLRZERMIZ~Y Yy 77
27-HODFETHY, @IRITET —XDOAFULD7ZDIZIEK HWONBEFIETH 5,
ZOKED, XRD NX —VIFRHEHEEMIAS AL TE D, SRR T & ITHER
MR TAR B LTS Z EMNRTINDS, ZIVUIARMIETERH L7 11 EOR
WED, D LEFERBRDEDLS XRD XX — VDR ZEIRZATWAS Z & 2 &k
T3, BB, ZOIXWODIXEIRITET — XD 2RTIZB T2 TH Y, &Kl (t-SNE
diml, 2) IZDOW TR Z 525 Z & 13— I iZE L W,

N L ]
£ '
- 4
z »y
=~ . $a v

v Triclinic e *;;

Monoclinic v -
o Orthorombic v ;ﬂ?,f
+ Tetragonal v o b p
] >

*  Trigonal "‘

+ Hexagonal wr 'ﬁ,

v  Cubic 1“‘!”

t-SNE dim 1

2.2: t-SNE visualisation of XRD patterns. Each point corresponds to one XRD pattern.
XRD patterns form loose clusters for each crystal system. Axis labels are omitted because
it is difficult to give physically meaningful interpretation of the two dimensions given by
t-SNE algorithm.
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MR XRD /8% — 281 BRI OHALIZ X, AFHEEEHELEDORTATH S 20
WMEDLONDGZENL VD, 7Ty 7O 2dsind = X B X OCEHELR 2 MV DE K
Q =4rsinf/N (dBLONIE, ZnThEFEHOEMES &K O A O E %K
) K0 20%d, 1/d, 1/d? QIZHE L TERRLT 256 H5, TNHDE =1
BORLDEVWIREEICGADHELZHANZL A, ZOREITINE L, BHT
EERMETHEILPHSNTRoTz (K 2.1), 22T, [k<HWLNS Cu K, K
PEX AR 2 RIRIC, BT — A EOBALIZIZ 20 2B Z I LT,

% 2.1: Comparison of crystal system classification accuracy for various peak position
notations and ML algorithms (in %). Accuracy is a ratio of correct classification to all
classification for the test data. Notably, the accuracy of CNN taken from Ref. [52] is only
for reference purpose because the dataset preparation and the evaluation condition were
different from those used herein.

Algorithm Acc. (20) Acc. (d) Acc. (1/d) Acc. (1/d?) Acc. (Q)
Random Forest 91.53 91.40 91.39 91.47 91.47
Extremely Randomised Trees 92.24 92.16 92.22 92.17 92.26
K-Nearest Neighbor 92.01 91.96 92.04 91.58 92.04
Decision Tree 86.44 86.41 86.39 86.54 86.40
Logistic Regression 56.00 57.80 56.14 55.22 55.97
CNN(10°-110° )[52] 94.99 - - - -

2.2.2 HHEZET7I I XLOWKRS

A E T LY ZLAOFEEICE VT, FHIEREZ T T2 <, XRD HRORHE
Mo ZOWEIZW OPDEFHEN LRI NG, £9. WETS20 L VIFHMIZED
BTHELEHEI NS 2O, FHIZHW S HEMZEE T 7L & EREMICEDE THI
WS DRERDD, Lo T, @EIZHIHTE 2 Z EWEERSEM L 2D, N
AT, BRRIRDERERZ T Tl 2HBTFURO FHIRROBHRIFO NG Z &
LEMEHEETHE, INO 2T FERERF L, AMETEITVXLT A VA
b (RF) [64] BLOZDIRET VT XL Z2FH U, RF B X OMORKRMN 8
WEE 7V 3 X L (Extremely randomised trees (ExRT)[65], k-nearest neighbour
(KNN)[66], logistic regression[67], and decision tree[68, 69]) Z I\ 7=fifm% (72 Z
) DEORRER 2.11Z5RT, RFBLCEXRT &, WITNEREAK 68, 69] & IFF
ENDEEMFEE TV TV XL EZR—RZULEFETH D, RERIZT—XZIELL
DS B 7DD if-then V=V DMAGDOEEZFEEH L, ZHHWT — XD E %%
VRS TFMEI TS, RFBLVPEXRT TRIDREARZZHIML, £D%
BURTTPHIZITD (T H 2 T0N) ZET, B—DRERL D &EWIEREZ FHE S
LEOBGEEI N, TV YTNMIZEDEWVEREEE S DITIE. TNENORE
RKELOMHEZ T IFEZ 8, WHIFRRIHURAPODOEREEL I EVEETDH D,
RF & ExRT DEWEZ DEIZH O, RF TIEEREARD if-then )V —)L % i@ H O 7
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BT AE5DIZMNLT, ExXRT TIRZIDIL—ILDOFEEDO—HE2EBKL 5 v X LR ET
52 & T, RFICHAR, I B—OPRERFALOMEZ FIF 5 LFKHZ, FH
BOHEAIA P2 RKELLHBLTWS, 20T VX AMHIZE>T, 287 — KTkt
TELA—N=T 4w T 4 VT HMI R, RHMOT —RIZHT 208D LK
LNTW5D, £72. ExXRT ® RF 2 8L LTV TY XL0E, /A XX d 55
fEMEZ A5 2 L EERFHTH L, EEOFERTIE, HOE—I2HLD5
Dol b, WEFHFHIMIAEZE—IDREINEBND DL, T—RIIBITEID
LD BARZERMEIE, TUH VI IWVIZHWONDZHDIERD S H IR0 25
oTHEEELRDL2EDD, ZHEIRTTFUIRINE 72D, HENRTFHFERICE
WTCTIIAELOMEE M 252N TE S, M EOHmE LHIRFEROFER (£ 2.1)
0. RWFgETld, RBENMEREZR L, OB E2 2T FiEE UTEXRT %
BEBRU-, BT —2 25— 3> (3.3GHz 10 27 CPU, 96GB RAM) T,
ExRT € 7I)VOFEE I H 2 5HERMIZED. 1 DD XRD NX — Y DRFHIZH 15
REIFH IV TH D, +ICHENZRRMEGHE IR M TEEROCTFRIITZ S
Zebh b, Triclinic system DRFEMENDIZ, T—& Y —ZIZHWZICSD I
BWT, Triclinic DFEED 4 % LD WE WD T =R DD I N RELRFEKIZ -
TWwWbeEZ6N5,

2.2.3 HRRBLUEHEEDODE

FEUFHETNVOEMMEZFGT 572012, £9 1CSD O —f % il T — &
ERNZTANT =R ULTHEIL, TAMT =X oFHHE I N2 EK XRD /8 & —
YaRRAWT, HBARNRRIUZBI 5 FHIMREZBEEL 72, TA N T —XIZBIT 5%
FEmROFHIKERZROE 22 B XX 231277, X 2.3 1ZEFFTF (confusion
matrix) LIEIXN, SFEINFERER (FHIZ I A) &, B2 I ADLEKRERL
THH, NAKREDEIZZO/BRIBIIHMEEZRT, ThoDERMS, s
D FHIE T IVIEHE XRD /8 X — > 5 5 Triclinic system ZFRWTE K Z 90 %D
ETHMREZDETELZLBHS IR 572,

% 2.2: Classification performance of crystal system classification with ExRT in the test
set

Crystal system Accuracy (%) Precision (%) Recall (%) Fl-score Number of data

Triclinic 47.61 74.55 47.61 0.5811 1,403
Monoclinic 86.38 80.88 86.38 0.8354 5,895
Orthorhombic 89.84 86.91 89.84 0.8835 7,719
Tetragonal 92.77 92.73 92.77 0.9275 5,949
Trigonal 88.00 93.36 88.00 0.9060 3,532
Hexagonal 94.44 95.77 94.44 0.9510 6,093
Cubic 99.60 98.77 99.56 0.9918 15,477
Average 92.24 92.16 92.24 0.9209 (total) 46,068
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Triclinic L0476 0.452 0.038 0.006 0.004 0.014 0.011

Monoclinic [0-033 [JEEZ 0.097 0.004 0.001 0.001 0.000
Orthorombic [0-003 0.068 [REEEER 0.022 0.002 0.005 0.001

Tetragonal [0-000 0.003 0.045 [ZE] 0.007 0.010 0.008

Actual label

Trigonal [0-000 0.004 0.025 0.025 [ 0.037 0.029

Hexagonal [0-000 0.001 0.009 0.018 0.023 (¥ 0.004

Cubic |0-000 0.000 0.000 0.002 0.001 0.0071 {eECE[]

Predicted label

2.3: Confusion matrix for crystal system classification

TANT =B 5 EMBESEOMERES M L 72, FHFSRICEB T 2 RE 1%
DA% EMREE AT U256 DR BKEE 1L 80.46% (X 2.4a) 725 7=, ZERIFEDBHIE A
R0 LE (230 7 T A) ORFMETH D, KRBT 278 7 — XA
DEOGBEIZHRThr R DWW e 2BAaL e, ZOTFHKEEIIZYTHELE
Zohb, LU, sAENEMZ TR, PRS2 g8 NI 54 (top-5) B
K104 (top-10) ZIEfREE AR U756, FHKEE X 92.42% B LU 94.35% & K
&z 9 %, conventional ZRZEFHIREIEICBE W T L EB DM ZAT Z & 13%
W7z, PEREfRRE E U Tl top-5 ® top-10 7 — AN K D HEEIZHIL 26 D & E X 5,

ZDETNVOWREIXXRD XX —YOHIAAZ ) —=> T OHRIIET+22ED
ThHhiHLEZONDED, M24a2METDHE. ZOFTEORAERTHEN2 DR
Dotz, 1 DHDOEIL, BWEEIIE I 2 MBI REO—DTH B A4 — /N —
TAav T4V ZIBEELZEDTHE, KM24aBLCbD2, 12, 14, 15, 62, 139
DZEMBET, H<RVWEZRIVDBHHUZWATWS Z &R TINS, Tk, ML
ET ML B FHDREDZERBIR 2 MHAA D5 Z L 2 EEKT 5, TNEMGET
L, FETF—RIZEENDZEEEO L AN T LAEZM 251258 T, TOMM»S,
ZENZH W ARG T — X RXR—Z (ICSD) OZEMBED ST 72 D OfF b 23
HBHIEVMRTHNG, ZOT—ZDEVIZED, ETIVHHEIZFEH LZ7 I X
2L FRTHENA T ABNEINZEEZ NS, T ORMEIIEEEE O S EIZE
WTHHEEH L, 75 AARH# (class imbalance) & LTHISNT WS, RERM
ENIERS WP BERA T, 2BOEFET—XIZ LT, BETFT—2 (FEPXK
fa7e &) BT ADBUDPRHHATER W —ATH 5, 5 U7 T ARG
HZREM N EEL LT, T—RDOY TV U ITDTLTRTY 7 ADARYI M % lET
L2y77a—F&, TREIAEMLEFECTFHETNVAIZRE TS 2007 Fa—
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(a) Predicted (b) Predicted
1 25 50 75 100 125 150 175 200 230 1 5 10 15
1 T T T T T T T T B

25F [ | 0.8
50 0.7
75 ST 06
, 100f = 1 a, 1 {79

= : = |
F 125 : . 104
150 | - i 10F 1 1dos
175} S N [ | 1 [Hoz2
200 | R u 1 1o
230 1 1 ! ) . , \ . 15, ! 1 . Lloo0

2.4: Normalised confusion matrix for space group classification. Normalisation is done
in the horizontal direction. Tick labels represent space group numbers. (a) The overall
confusion matrix. Some space groups lacked in the test data are shown as grey horizontal
lines. (b) The confusion matrix of triclinic and monoclinic crystal systems (the upper left
corner of (a)).

FRDB, T—ROYT) v ITOTRIZIE, 2RI ITADT—2%2MFIK LT
YD T AT =2 EEDE S undersamphng77ﬂ FDIEP, ]S DF
ETHET 7 ADT—R %K UT 5 oversampling 7 70 —Fh3H 5, ETILDK
B, &7 7 ACEHAMITEZLUTETNVEFEETLHZ LT, DI I AREHI N
BWESIZTET T —FRRENTH S, EACIIFET—RIIEENEE T T
ADEGOHE IR ENHEbns, LML, ZhoeonwTno7 Ju—F%, 7 A
T —RIZNT B FHMEREEM EXERIZIEES R, ZORKE LT, FHEK
B BEMBOT —XIIHE 7 T AN I EH B —FT, Do 7 214
UDMEWZRE S 5 AR DR D DO TREWI EREZAS5ND, £/, ICSD I3H
EFHATRE RS G T — XA X — AP TRAHFOBIETH D, BEHMEIDZ < A
FREINTVWD, LW ->TICSDIZBIT 5T —X D0 1%, BIfEFE TITHIZEOD ik
DR EZS>TZWEDORO IZHIG L TWE (=EHERYERIT ELBEE I N TV
%) LRI BHILELTESL, Lo TEMHLOMERRENEEZ NS RE, E
WM E L B D, T —RDOAI ) ==V 7B 58NS 725 THED
DAZIBINEWZ s, KR TIEY 7 AREHEIZMEZTOTICFHET LV
HELU =,

COFHEOHED 2 DHIX, C—2 DO EMENS DAZLMBEZIREL &5
L9577 —FHMKICHEKT D, MREH/SZ — 2056 EHE D DR
(centrosymmetric) %>, % 95 T\ (non-centrosymmetric) 22z HWrd 5121, E—
VREDWHBRPMBETH L, LMo T, E—27@ELZMHEAL &KL DML ET IV
Tl&, B NZ =22 5 Bt O A 2 Hllrd 5 Z & 3R EAFRETH 5,
& 2.4a B O b ORFAITHIZERELS FARD L. ZOFIRIDVRIF L 7228 % HTHY
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I ICSD
W After reduction

40000

30000

20000

Number of materials

10000

2.5: Histograms of crystal systems in our dataset before and after data reduction.

LZeNTESL, Hle LT, K 24b T, T A MTF—XOIEFULFRZ 22 MR 1,
4, 6, 8, 9M, FNZNHULAFID minimal isomorphic supergroups fa\ ZHIRECH
%2, 11, 10, 12, 15 & FHEINBEZ L LBDLNDE, ETIVIZ KL BN D
WiRZ ST L7z & 2 5, ﬁ%%@i%@&%(Tbe—&#ﬁwﬁ%aﬁm>ﬁ\
HUDFR D B WIZFEFD R ZEFRE DRI DIEFRITH 5 Z EDH S Mo 7z, 5
F EiE, A2 KT & v &0 S HilfY & FRER U 72 BT O Tl iR & T
TEHZLTHIGTEDEDTHDIeEZONS, FHE ZOMEXFHIZEY—2
HEDIFHREI VAL Z & TR TE 2D, EERICBWTLIXLIER I D S5 L5
L GBI A OREEIZ L > T — ZREIAHEN TR WEEG, ©— 7EE
WITFIZ TR ZTE ) A X b, £z, FHICHWSREENIEZ 2 Z 205,
FEHUIZETIVESNMT 2B ZOMME L DHLS T2 VWO HRELED, K
2%, RERMNIZEBRADIGHZ RIEX - FE2HFE L TVWEZ 2, #BikT 2 &
IICETNVOMREEEHL TWBZ s, HilNEZIFANZ ETE—Z58ED
A2 HWRWZ 232y e w7,

1, HEfiAR R LT, K 24a B X0 b OIEWARREICHDE R Y b (e L
T (row, column) it T (50, 12), (97, 139), (132, 116)) I&. T DT — 248K
DZEHIFZ DNV T DGR A, T — XM CERMLLEG L L THRGLT S I & TR
FHAEINZHDTH 5,

2SR & KGRI ISR R D B 72, FHIL 726G 5% 2 22 MR Pl Ok
BEe UTHWS Z & T, T OMREDN M LT 2 aaeE2rH 5, 2D & SIT,
BEDOMLETNVEMAEDEDETA T TIEARY F 7 LIE| Zfﬂ/bé Aguiar et al.
70, T1] &, AR F 72K > TEARREHT/NZ — 2 & MLIZ & % 22RO Tk
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14000 12000

12000 [
10000 |
10000 [
8000 -
8000 [ |

| 6000 [~

Number of materials
Number of materials

|
6000 | I
4000 l |i |
20001l N 1 | |
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(a) ICSD. (b) After reduction.

|
| 4000 f+

2000 [+

2.6: Histograms of space groups in raw ICSD (a) and after reduction which used in
this study (b).

ERmETsZ ezl Tcwnd, LU, BXDT—ATiE, ARy F T %17o
TH PHllMEgE XM EET, WCHEATEZ e hbhorz, ZOHBE LT, fHR
FHTOGAND ) A R o TREM FHROLEHIEREEZ 5 X LPEX
bNb, FoT. ARV FLITDT AT 1 TIFHKEND DD, KR TIHERHL
BWEDE U7,

224 MEOERT—F =AW EMROREE

ZZFET, ¥Iab—va itk OABUZMAXRD NX—Y 2 HAWT, FEERY
A X EEFHR VBN RRMETICB I AR EFANZ, RIZ, XD ERITEW
ZHTTFHETVOMREZMEET 5720, FEBIZHIE L7 XRD N X — > % Wiz
i 21T o7z, ZD7HIZ, Park et al 12X 23CHK [52] £ 0. Ca, ;Ba, ;SisNyO4 H
& UF BaAlSi,O;N;:Eu*™ O#K XRD R& — > %5[H U7z, 25 DOYEIE Park 5
IZ& o TAP LUK FEE D RS S N -WE T, ICSD IZIE*X 117= 1 75 9000 LA
FOFER T N 24 TOVWTNIZH B I RWIEFIC I — a2 £ D720,
ARFEEBGET RNV FY—27 L UTHBWEZEZ 5N 5, Park 512 & ->T, HllE
U7ZXRD XX —=VIZHTHHEBI Y= —FIZE OB Lz =210 X b3
REHEINTVWBI NS, ZOVY—2 VA M2HFEEE L THRSRP ISR
FHT 2 Z 2id, RAGDRHZ DWW THEEIRE Z T ORI EHHH L TWB Z LT 5,
Xk [52] D supplementary tables HDFRIZRI N TWS 20 DFFHAD RO NT VWS Z
Ero, E—7 ORBOBRIIFHATE o7z, TI T, FHEL S -7/
EBRANL, BAMDS 10 KO =7 MEFITEHAVWS IS ET LV EEHIL 2, Z
DETNEHVTFHEIT-722 25, 20 200(LEMORRREEE LT
FTRL, BAAAZ2—F Ny b 7—2 (ONN) 2BV FHIET IV [52] T
FHNZELIL Tz, BaAlSi,O;N,:Eu®t OZEMML EL BT E 2 e TE 72,

Park SIZ XA A XET T, EFEHAE—27HBBMAY 7 v 02T TH S
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TREOR[72] 2 HWT I NG 2 DDORY FY—IYEOMEHR%ZHE L. TREOR
AR AUNRT A= EHEBL 20 EEY R ERMNE SNV EREHRDTT
Wb, RiffFETH, TREOR DIFNEBONRKNZEBEMASY 7 b7 2HWT
Ca, sBa, sSisNsO4 3 & U BaAlSi,O,N:Eu?T ¥R XRD /3% — 2 DWW THEU %
f1o7z (3% 2.3), MBICISKEEEWT Y 7 by =7 3y 7 —YTH 5 Crysfire2020
WEENDEEERZHW, BITIZEY 7727 DT 7 4 ) FRETITW, BEIH
TG F DY) A MY BB EENDGEERERTIIF vy r~v—20, TS5 TR
GEFANYVHEL LUz, 2OZen6AR 5RO — 2B WTIE, A5
TRETLFEEF. AHONMARUICHFZOY 7727 XD BWHREZRT I &
DA S TR o 72, BEEIZFHWZZWERER DN T & 525 preliminary 224G R TldH
550D, LT H 10 EOREEE AW HHEEKTEETIVR, 1 HEOT—X
RV (ZEDXRD XA —V) 2R EE UTHWEZCONN &0 & BVWiERZ R
U722 CIFEHTARERERTH D, @ LREER O EEMEDW D THER X 724
Relotz, ERTHEINEGHMREXRD NZX—=128WTIE, Y7 FL- /14X
MR-, E—=FJDERIDPOENR-7ZH LT, =20 EELLAT Vb
TEHZEDRHLWT—=ZARUIXLIEH B, E— 27 Dk ZE{FbTIZ%E L 72 ExRT
ETFINTE D L FPHDPFITAZZL1E. 205 BRBAKNTRVWT =21z L TH
AFEDT Ta—FPNEHATE L HHEEZ2 KRBT EEDTH S,

% 2.3: Comparison of indexing software on Park’s benchmark materials

Software
Material
atena ITO[73] FJZN[74] TREOR[72] KOHL[75] DICVOL[76] LZON[74] Ours
Cay 5Bag 5SisNgO5 v X X X X X v
BaAlSi,O3N;:Eu?" X v X v v v v

2.2.5 HBEOE—IVEEMNYV I MU T7ICLBEER

BIIOFARE LT, AFETHWEZT AN TF—=RIZ2WT, KL ffibh T\
BBANY 7 827 Tdhd TREOR OMEEZFANT, B -2 25 KL EH D
Triclinic & TIXRWYEZ T AN T =205 7 VX L2 10,0004 > 7V v 7L,
TREOR @7 7 # )V b 3% E T U 72 SEBRITIIHE RGN Y 7 b =27 8w r—
VT 5 Crysfile2020 D —F# & U Tl X TW5 TREORIO % f\W 7z, [FIFH X 4
TWd trlog ZHWTHZ 7 7 A )V 2B 5 B U 728, fREUHITRERD U X
b T, Figure of Merit (FOM) 2V R DM DG iR % TREOR O & A7 L
7zo TREORIKEHEIIY 7 T2 7 TH S0, AV IEL K THEEKFEHD
WY THRWT —AEFZ5NED, #ERROEROMAIZEH U7z, 7B, Triclinic #4
EOWE %R UZDIE, TREOR 1T 7 4 )V F &€ Tl Triclinic BAAD &)L % {K
ELUTHRBEMNTT2720TH 5B, 10,0000 5 HEHEA i trlogic kdu s 7 7
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A IVOBRILIIZ R . BT 4,413 fEl OFE SRS 12 DWW T FOM IZE D < o
fpaf3d Z N TE R, ZD 55 FOMHE—E THEMARDIEL Rl XN T W=D
1% 43.67"% TH o7z, ZDEMAFTH] (K 2.7) Tl& Trigonal 3 & U Hexagonal system
ANOBHBHBHENIOH DD, ZOMBIIRHTHS, TOT—K0 6, AifiTOH
#lEBRIZ. TREOR 13/35 X — X OMFARE 2 & NI X 5/ AL Tld 4 7 MEie
ERETERVWIEWREBIN, A7) =V I EDZDIIKREDT — X % HENE
WM HHBICIEIAIETHILLEEZ OGNS,

Monoclinic JRNAEN 0.086 0.017 0.104 0.014 0.001

Orthorhombic 4 0-250 [ 0.397 0.227 0.022 0.104 0.000
S Tetragonal 4 0.070 0.057 0.020 0.031 0.047
©
E
© Trigonal 4 0.092 0.121 0.013 0.193 0.017
<

Hexagonal { 0-005 0.024 0.001 0.062 0.027
Cubic 4 0:000 0.000 0.222 0.000 0.000 JONEE
Y SO S > v
o&\(\ ‘\0(50 y Qoo (\Qoo y Qoo O;o
N N \ < A
N (@0 <& K
o

Predicted label

2.7: Confusion matrix of crystal system classification with TREOR which
peak-indexing software

2.2.6 =ERBEDOXRD/NY—2AEBWRSTE

ZOFHEIFY I alb—y a3 XD ERINZEERZ XRD N& — 2 THl#f S
NTWBD, ET =BT EATREADISERZ D EIZERRNBDD,
KT =R T 2B TOMREEZRAND L FEETHDIEEZOND, TA D
HT—=&& LT, Le Bail 5iZ & o Ti7bN72 T 7 FE B VERIZE W THEIER
E X N7z Samplel-3 DT — X & AWz, TS0 IXIER ITREEE D HE L W 04
2ET, TNSOYBEOHMIZOVWTIEI Y Y RREVERO 0 Y 27 hR—Y
(http://www.cristal.org/sdpdrr2/) Z 2RI N\, TH o DYEHIZDOWT, £
EFRIZE O ERR e 22 PRIL MR 2R 24177, AFKIZ. Samplel 2
WOWTIEEIR & D IFR WAER 2137225, Sample3 (IZ DWW TIEAEER - MBI
ELWFHNEAIT R D> 72, Sample3 17 7 — L > & Br #¥disorder U THESI U 72 %
OTHMLHETHY, BEREZIZ3IFDOEH L ORIz E LI &
TV hR=VYNTHERSNT WD, ZORERIE, AFFRICE T DREFEDI
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EWERZROY 7 M 27 LEMROMTHERZESHMZIAIZIES RN L %
RIBT AN, ZNIFETL YRDIFETH B,

R 2.4: Symmetry prediction results for Le Bail’s benchmark materials
y Yy p

Material Symmetry Prediction (Top-10 for space groups) Correct?
Sample 1 Monoclinic Monoclinic v
(AL,F[CoN,Hay)) P2/c (No. 13) 14,2, 62, 19, 12, 29, 28, 58, 15, 138 x
Sample 2 Monoclinic Orthorhombic X
(Sr5V4(F/O/OH/H,0),,) | P21/c (No. 14) 2, 15, 62, 14, 176, 205, 138, 63, 4, 13 v
Cubic Orthorhombic X
Sample 3 (Cg;Bry) 123 (No. 197) 12, 216, 51, 174, 200, 227, 175, 204, 187, 33 x

2.2.7 HEHWEEETINOEFABLC-ANHRER

BEIZER 21 WR L7z & 212, BMFEET VO FHIMREL WS Tk, < Bl
RTNITVALTHSKNN &, WERKDT VY > 7NV TH5 ExRT DN K E 7
o rz, UL, BEARPEXRT DX D7 tree R—AD T IV T X LIE, &
B & 0 BRI N O L, FHICAWAREEOEEEZEH T 5
ZEWHEEARMT, KNN KD 3L DFRE R4 ICREL T ND, T72bb, #
BUEETLVEZEBREIIONTSILIZE>T, R ETHMBEIZOVWTOHEEE
L5 ENTES, ZOXIRHEEX. H2HIZLG U - BB+ D72 RN LR v
N7 w7 EEREHEO T A VD7D O R D S, TDKDITT — XEE
B 7= R 2R T 52 21k, WhiE, ARZUE L EnVwEReTs—2&
ZALIZENIEL L5050 THY, BHRFHICSVWTIX THERER] N5
— P TH D, LTIZBEWT, RO 3 DDHKD7=DIZ M ROBED S FH
AETNEDNT D, 1) FHEOBEEMEOFHME 2) FiE (Y¥—27400E) OB
% S FEAMERE DTN DR 3) FEFR AT BT 2BV — VD E RS X AL

F9. MERBRDHIB IR NHEOEEEZH L, K 251TRLZ, FEEE
Y X, T O BT RRERDEROE., BERDESDINDHE (=tree
DA EEE) O LN T 2RBEOEIEZ2EELL 25D TH S, ZDEHEA
FIZIEWL< 2907 70 —F 03D 57, AW T Gini impurity[47] % tree D73
R UTHWZ, ZOMBRTEHIRE AL, C—27/B L, KAMIIZBIT5
V= MEDOEEENEHVETHD, ZHIFIRO XS IIRTE 5, £9. ICSD I
GENDHEREEOKFEBIITDIZL A LD —EDHFIZEEZTND 72D, A

3k 2.5: Feature importances for crystal system classification. Peak n represents the
position of n-th lowest angle peak.

Feature Number of peaks Peak 1 Peak 2 Peak 3 Peak 4 Peak5 Peak 6 Peak 7 Peak 8 Peak 9 Peak 10

Importance 0.184 0.109  0.089  0.095 0.094 0.084 0.070 0.069 0.063  0.070 0.073
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THWZ 20 &P (0° - 90°) IZB T B E—278ud, FITHEHORFRMEIC & b e
INd, Ko TE—I7HOBERITITHEELEORNTMEDEHRMNE TN, FHERERARDSD
DD — 7D EELRLRE 25 2 & 3 H IZIFHPARERE VWA B,
—h. BAHOY - MEIPEEL LAHHIIY—27HIZEEHHPATIERZVWE DD,
IS AR ORI 2 R T 5 Z L AVREB I Nz, EREEPLEDLE,
BRAMPSE— 27 2 10 REATZLTEH L, ZH5 DALEIFFEE DXFREIZ &> Tk
FAHBNIZ o THESINS, il LT, simple cubic &z & 2 7-1546. K4
2> SMEIZ 001, 011, 111 D 3 DD KHBEHND, & L Z OREED c i A AIZEAT
cubic 7* 5 orthorhombic fi&IZ B b7z T4, L2 D001 8 XV 011 KEHZ X i
TEHEIE—INENTNIDIIHAL, BAIZL->TIEISITEROKNE—27 % H
B35, ZOMERL LT, EAMIOADE =T DIZL AXIZZD X S ITHFMEDK
NI TELZE—2IC&oTHDONE Z LT D, (KA 5EAZ 10 KD
Y— 7 fLE I, cubic MG DL AT, 2RMIEARIIZS 7 M T2 2 8k 5,
[FkkDigam L, MIEHER 2 DR VIR D OFERRICDOVWTHE VLD, Lo T,
EAMID 20 FHIRIZ % K DE— 7 BE LU TWAEEIIHEEIMENZ L 2=k L, £
DHEELROTHD IS, E—IMNEDEBRIEHRDECB VW TEHELRE
B HHAHAINSG, U EOMRIFEMROBBAIE EFFELRVWEDTDH

D, FUTTRERSE MLETIVOSIZEWT, ¥— I MBI RT3 15%E]
ERICHER T 52N TE D,

WA, FHENTFINICE X 285 AEE 520D FENSLEEREINTED,
KMHHVSNT WS Gini REUCE S KREEEEEICNA T, &Y EXVRTFE
WX OVRBEOFG 20T 52 L id FElOiEimafimd 6 ETHEELER -, £2
T, ETNVO PRI T 2 RBED TS %l 5 FEONRREITH 5 SHAP (SHapley
Additive exPlanations)[77] Z FH\ T, SHAPfaEZ & L7z (X 2.8), SHAP i, 7' —
LHERIZPWTE T VLAY —DHF G2 REE27-ODHEETHEY ¥y — TV 1 fHIC
BOESREINZT AT 47T, FBEEREE LRI, SHAPEAKREWEEZ
OFREEN FHFERITT U TR E AW EEZ FIFT Z e 2R T, K 2.8 1R LA R
ST BT S SHAP I, fEDK/NBEFRIZEAL TR 2.5 IR U REEEE & 1%
E—HLUTWABZ DRI N, Lo TERLZBET-BELEEEIESNZZ
EMS, =IO AKBE SEAMDO Y — 7 M EOREESERRDEICBWTEE
ARE R RS20 FREROBMA L DRI e B 5D, B, SHAP
fll T — X 2ERIZDWTEFTHRL, fHOET —XIZOWTERT 52 &£ HHE
Thbd, &oTEEKHRASLT— XU TR OB ZE T 554125 SHAP
EE2HNDZENTE, ZHEFEE T — X 2RI U TOAEHRE T E 5 Gini FREUC
ROV R EEEE IS T 2EMETH 5,

WIZ, ETNVOFHIZHWS Y- EDEH L., HEEEOKFNEZ Tay T
520T, MRADERAZIZE T3 ¥ — 7 ABEBROEENZ ML 72 (K 2.9),
TITIHY—IMBEOMELFARL-DIZ, ETNVIZANT IREBE»S Y — 27
EROWTERLUZ, 12 AEDFRERRTIE, RAEAMDS 5.6 KDY —2 THEHNRY
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number of peaks
peakl
peak3
peak2
peak4
peak5

peak6 .
B Orthorhombic

peak9 mmm Monoclinic
caks B Cubic
P B Tetragonal
peak7 B Hexagonal
B Trigonal
k1
peakl0 | B Triclinic
0.0 02 0.4 0.6 08

mean(|SHAP value|) (average impact on model output magnitude)

2.8: SHAP values of crystal system prediction

100 F

80 ‘
3 60 [
g —¥— Triclinic
8 Monoclinic
< 401 —@— Orthorombic -
—4— Tetragonal
—#— Trigonal
20 F —+— Hexagonal
—r— Cubic
—8— Average
0

0 2 4 6 8 10 12 14 16 18 20
Number of peaks

2.9: Classification accuracy vs. number of peak positions used in training.

MU, ZhAEOY =27 Z2HWTHBEDN EIZb TN TH o7z, 7. MR,
RIFERBIZHBERIER (E—=280) 5%\ WS @M ER A S D27k - Tz,

ERTHBARZ LD, RERSERAZEH L, RS RMEE Z A L T,
XRD XX —> %O HRZEZ T CTHMREEDEREHE TSI LN TES, 20D
o1 IFEEOH) & L THSNARERINEE K OBEBKRLEDOTHY, EE
PINCEEIR T 5 Z & IZREETH B, T 2 Tlk, AT N72HAE XRD /X% — V3 cubic
Wd&m, 25 TRV R FHITEY Y IR fENEHR A7 280 T, FE Uk
WHEEHET VDA O, s ORERA O B Z2 K AT,

ExRT ZIRERDLERIZE O FREITS TNVIT) AL THS720, FHLU
ExRT ®EF A0S0 EHA2HE T3 Z 2 IZR#ETH S, 2 T, ExRT Z2HWSK
LIz, B—DOWREARZE HWT cubic or not DX A7 i NT-, 7T XA E,
FHNZ W2 ZEOEINP tree DRENZIET VXA LEREENDEZ 26, LY —
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N2 ZBZ CTHEBRIERZ T 572, FEHKROT A DMT—XIE, cubic & & not-cubic
BEDRRBUZ R L5V v T v 7 U, FEIC X DBl S - REBZRERE
IERNPERHT BT —XOREFHZ 2K 2,10 12R_F, ZD2DDOWREARIE, FH
WZHOTHNR2ODEBDA%EHNWZES 1 72132 DHM tree HOEIZE D20 b 5T,
80% %A LB NENFREEZ R LTz, ETEHIAREHE LT, ¥—27HKHBD
BRI DORERZEWTFHIZHWSNT WS Z L IFEHN A2 EZ 50
%5, R25THHEMLZIED, WFRENEOHEEIZEZ DRI X —ITET 50
FE—213D%< 032 6, [HfE— 27 OARBUIKESEE DM X 2RI
CUTCTHETHELLEWVWA D, —HT, M210allB\WT, =273 (BKAM»SEX
3RKHOY—2) OMENIDDERXAZIZED I IZHFLGE L TWE M ERT S
Zlik, E—2HBOEEIZEYABETIERY, ZOMROTR2D LT, X 2.10b
IZBWT, cubictiE & ZNDADHEET, ¥—2 3D LizB I ZznEThDT —
RDPFHIPNEIZ>TVWBZENBITOND, T TR X SI1Z, RHEEEE O
an . ARAMO Y — 7 A KBRS O R 2 KRB LU, SRR EI A
WEBWTEERRKHMTHS ZEDRREBINT VWS, X 2.10bI2E1) 5 Cubic & ZH
DA DFEREE I BT =27 3ORMADE WX, ZOMHESBER X7 AR M
EXFET DI L2 EER L, K 2.10a DIRERIZE ZIZZI DL S WMEZFIH LU Tk
WMzEIT>TWS, BLEDE#H K U, cubic or not DN FHE WD TV TNV R A D %58
UT. MLETI)IWVAZM@UZERNLZAFRBROHZRTIENTE -, £z, i
R (T IR) 2T 2ERDIHD O B FAROMHHADHER S Nz,

2.3 F&oH

AIFEDNA T A MZDOWTHmm T Do AL TIE XRD NEZ — 256w
G ORI (FEMR B L OZEMEE) 2 FPHlIT 28 FEET VML 72, #H
T — RIS R E T — 2 RXR— A (ICSD) 7S #HBE LM AR XRD N2 — v %
AWz, /A XER2EFRVHBNLR T —XTEELEZHDD, BFELEZFHIET
WITEBOHER XRD NZ = i2B8WTH RIFRNREEZRT Z e BRI N, T
HIE TN DOFEEIZET B RFIE N RFHEEZ TR RRETH D, FEEREM,
ZEDLE-HIME RS TH D, ALY, REDOFHNT—X2EHIZAT ) —=
V7T HEHBITHEL 2 PRTFIEIFER T & 72 Lm0 1 7=,

AKHFEDE S —=DDRKERNA T4 ME, FEHUZTHETIVOSH %28 U TR
ME DR, TR b bR BRI O —H 2 ERIIZEMK(ELZZ . TH S, M
BERIZBIT B DERDNATA—RIZINETCORBANIHEDOEHEINBE -0,
T =X o RERAZ BT 57 o —Fi3, ERFEOKRENMIZEEHIRT 5L R
REND, FHZ, BT E— L2 HWEZERTIIE — LR LADEER T
., HIEREE 2 A D 72D DKWL FERT V1 VB EETH 5 [78-80], Hilk
LT, HlEd 2208, T—2 K12 bORIFE, HIERREDEBRT A =&
DWT, MLETANINSDNRNTIA—=ZDHA RIA VA2 RTIET, HIEIZIG
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104 T
H Cubic
i Others
1
108 F i

(2] 1

X 1

o] 1

(] 1

oy i

o 102 |

8 pee-- |
-

5

Q of peak 3: Qs c o O
Qs=2.444 A" 2444 A1<Qs !
: -_\Il
’Number of peaks : n‘ ’Number of peaks : n‘ i
-1
| cubic || other | [cubic | [ other | Q of peak3 (A1)

(a) The trained decision tree classifier 1.(b) Visualisation of the decision function:

(Accuracy = 83.42%) this figure corresponds to (a)
104 F
2 Cubic
[ "% Others
108
9
©
g8 |
S 102
Number of peaks:n| & |
>
c

n<29 29=n

100 1 1 1 1 1

cubic other 0 of peak3 (A1)

(c) The trained decision tree classifier 2.(d) Visualisation of the decision function:
(Accuracy = 83.20%) this figure corresponds to (c)

2.10: Visualisation of the decision tree classifier for cubic system identification. The
peak position is represented by the length of the scattering vector ().
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U7z ZE DB PENPTREIZA S & Rl N, WEDRRILEHEZRY Y — ADHER)
HHICEBNS 5 2R SN s,

2.4 FiE

2.4.1 #MAXRDNNY—VF—8+tv hMD#(E

MAXRD N —> DT —X¥y NEHART 25720, #9919 Ji{h OGS A3 & 8%
X N7 RS RRSE T — X _R— A (ICSD 2018.1) 7 5. #KIo#iH Python 54 7
7V T®H 5 pymatgen[81] Z FHWT XRD XX — Y &5 U7z, XFEOEEIX Cu Ky
RiME X SRIZBDETLIH405 A& L, 20 L2 P130°t0 90° & Lz, 22T/ 1 X,
Ny I 759V R E=ZREVWoHEIZB I AREe2EEFRELTEST, H
MO T =&y b2 H#fFHL 2,

B EIIB W T T =Xty NOEPETIVOMEIZERKTS Z 26, %Y
WWHWET =2ty NMIFEED ) A R b RNt T —2RhEaEns5681. %
NOEWMORS T =R IV VIV TPRBRETH S [82), FEITH > TICSD %M
L. UFNOHHTH 3 HEDOT— R E2RAL 2,

L. HHRICKRIEL D S (B« {1 REEED RE): 19,967 1+

2. ICSD 12 &% X 72 Z8[HHE & spelib[83] Tk X 17z BN —E L 2\ W i -
8,540 1F ZDARA—HMDFEHRD—D& L TIHEMEDOIDEENEZ SND, —
fle UTA—HOMEEDOHIZIFRE FAE L UT0.672E0HERR s, Zh
EAED 2/3 TR VEMEIH D o —AeFZoNE, UL, %M
FEMR—E L 72\ 8,000 42 _E D % fE AN #9252 L IXRHEETH 5728,
o DEBDFEHRD S IIWTE L, 2o 2 T2 L 72, hexagonal g
TIXEFAEIZ 2/3 2 GUREEDLZ WA, EHBEOA—BUZ & b R 7- i
IZ, ICSD IZEFR X T3 22,953 D hexagonal f&ED 5 5 2,067 # (9.0%)
ThHhOH, FET—ROMEIZEZ HEINIVWEEZ LGNS,

3. RIKF220% 08 EoREE: 9484 U — b )L MEFIZE T D RIATF X, BE
fLURSEE TN LT —ABDO XL 2 E KT 5, ZORKFTFAKI WG
&G, BoNMEEMEDOFEENBENZ & 2 RIBRT 5,

4. T EBMPE KRR (> 50 A) #Eil: 1,0224F Zh o OREEIZIER ICEMT, T
BN T 7 AYEZEVRIZRAR FCRA L Zs D0 L Bbnd, ZOMETIE
TELNT 7 APEZWHRELTEST, £/220 &S BANEITFEED ) 4 X
RO MREREAAIEE72D, FEHT—XPSHD RV,

5. KT EBDIEF NS 72 (< 2.5 A) B 1730 Zh S E@E T ClliE s vz
Mg Ebhsd, INSOMEIXZ<DbTrRTIv I UrELT, B
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KIFE G & FRRIZAIETH D, FET—RIZIIAREYTH 5 720D B
W77,

AR TIX, &FFT 169,563 ffD XRD N&Z — 22T INOEFIZMFEHA Lz, TD
ICSDB LS, T=R I VLV IV ITHDT =Xty MIBI25EHRDE A NI T A
Z. B 251253, ICSD6YIal—yay U7z XRD /SR — V& H W HEesE
flicik, JMWT—RXRET AN T —REDETIHEIZ, TARNT—XADY =27 DH
BEMEZBS 720, —BRIGICHWSNDE TV X LT —&2pEITIdmd, HAfR—
ADT—RyEERA U, MEWIZEOMEE . BYEICS 2 Rl % [t
ZBABRENIZED, IZIFFAUHPEEEZR > ZWEPBEL BRI ND Z LIFHE
MTHH, TN DOREEIXICSD IZH I N T VWS, ICSD » S iEfmiEEzZ 7 v X
DTERUTHI - T AN T =22 0EILZ5GE, 5 L2ELWE IR - 7
T —XOWAIZEENDAHEEND D, FERII, TANT—XEHWTHHY
BADOPALMEZ ELFicE RS (F=2DY—=2), ZOV—=2F, TA
FTF—X2HEROLUESWMETHET L2 T—HEBNINDEEEZSNS, ZIT
1%, ICSD 12 2014 FE £ TIZEREREI Nz T — & (123,4954) #FHT —x & L, 2014
LRI BRI N2 T — & (46,068 F) 2T AN T —RIZFAWZ, ETIVOFEHIC
FriH, TOEIIZUTHEMULZIRE - T AN T =X &y PO AT, FEMmRPE
FIFEDOWNERIZ K E 722 ff 0 BN Z & 2 fERR L 7=,

72, X 2.10 T#HGw L 7z Cubic ® 2 AR EHH DT — X £ v MiE, cubic Hif &
non-cubic fEENE L <25 &S, non-cubickiEz 7 v X —H > 7)) 7L IR
FT—=REMHEL. 10 0 EIZEBRIETTHIE TV ONALMEREZ FH L 72, $E5RD 50
KRR D TIEFI T — 2 2 6 B fR %2 200032 T XLz v T V7L
2T =Ry NEHOTRERDEE 27V, FPHMEREOIHMEIZIZT A N T — & %
FAW7=,

2.4.2 MWZEEETILEEMIBE

AW TIE, BARDO ML 7V 3) X L%\ 7z: Logistic Regression[67], K-Nearest
Neighbour[66], Decision Tree[68, 69], Random Forest[64], Extremely randomised
trees [65] ZNHDTITY XLDEKE L LT, scikit-learn[84] & 7z, %& ML E
TIVDNARN=8F A= ZPBEITIE T v X LY —FEE AW, JIfT — 2T 10
DEILZZBGEZ TV, D BOWHREZ R U NS N = NI RXA =X 2HH U7, kil
DML 7NIYZLDS>H, BYAT 4y ZEFTIE, 7 — X ORHEERLLLIE O A
TV ESDESHLEPRE L DS, £ I TRNFIHIZK > T, FEEDOEZE
B0, 21 ITHIRBIEL 72,

SEMEREDFRIEIZ I, accuracy (KEFE). recall, precision, Fl-score %\ 7z, Hi
N3 DDFRIEIE, true-positive (T'P). true-negative (T'N). false-positive (FP).
false-negative (FN) OEZHWTLATD LS IZEZEI NS,
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TP +TN

A = 2.1
Y = TP Y FPYTN + FN 21)
TP
Precision = ————— 2.2
recision = s (2.2)
TP
l= ———. 2.
Reca TPLFN (2.3)

% L C. precision & recall ZH W T, Fl-score A RD LS IZERI NS,

Precision x Recall
F1=2 2.4
% Precision + Recall (2.4)
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AHTTIFEN 25655 H D GSAS-IT [38] Tldk GOF. FullProf [39] IZHEWTIX 2 &
XN 5,

Optimiser Configuration Rietveld Refinement Software

— — e — —

Perform refinement
with the configuration

background function : Chebyshev
degree of background function : 9

{

Minimise Rup(x) I
- 1 background refinement : True

|

|

\

subject to c(x)

. peak shape refinement : True
- generate a new configura- etc.
tion x based on the results of
previous refinementtrials | ~==Z00— ——— = —— — — — —
- validate constraints Initial Parameters

—_—e— e — ——— — — -

{
| initial crystal structure
Trial 2 instrument parameters

; I etc. .
Trial 3 \ : A

Trial 1

/ w\ o °
Blackbox Optimisation LOOpP  Refined Crystal Structure

3.1: Overview of the BBO-Rietveld approach. An optimiser iteratively samples a new
promising configuration and then runs a Rietveld refinement software with the sampled
configuration. A refined crystal structure that achieves the best fit is obtained as a final

output.
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(BT &0 Ry, BEUTGOF NI WHERZ/[L Z &M TE 2,

Y,0; 8 LDSMO IZ2WT, BBOIZX D5 N7z Ry, BND 7 1 MR &
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SREZ LT, Y,0, TI0EL, DSMO T 99 [ENEFHHE IZ L DFER KD BIAI W R,
/B ENTEZ, LEXD, BBOICHDIDKREFIEIZED, Al s 45MHD
T — A TIRRAE & FEL EOWRETHE Y — b AL MERDPEBETE 5 Z LAVR
SNz, FRIITHEEHIREFAELUT, TPER 2 D0YHETLEL TRWHERZ
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% 3.1: List of optimised parameters. The parameter type “conditional” means that the
parameter search space depended on the other parameters.

Parameter Parameter type Search space

initial 20 bound refinement categorical {True, False}

initial 20 lower bound (deg.) real [15,130] for Y,Os,
[15,80] for DSMO

initial 20 upper bound (deg.) real/conditional [l + 20, 150] for Y503,

[{+20, 100] for DSMO
(I is the initial 26
lower bound)
background function categorical {Chebyshev, cosine,
Q? power series,
Q2 power series,
linear interpolate,
inverse interpolate,
log interpolate}

degree of background function integral [1,15]

background refinement categorical {True, False}
instrument zero position refinement categorical {True, False}

sample shift X refinement categorical {True, False}

sample shift Y refinement categorical {True, False}

scale factor refinement categorical {True, False}

peak shape refinement (Gaussian: U, V, W) categorical {True, False}

peak shape refinement (Lorentzian: X, Y) categorical {True, False}

peak shape refinement (SH/L) categorical {True, False}

5TV BRI — VBRI D W BRI EA U FAIELC o\ Tl

m@%fm@w:a%%@bfwéoﬁﬁ%?k%?é%&@m\ﬁﬁ%tw—»
DEAZEET, U — )L Mg 2 P @b OMEE UTH>T\\Wa 728, X
RPEHEP O S TLREU-MREE2RET LI Z N RIATNG,

BBO IZ X W B oSN fEEDEIZDWT, LR TDSMO 2#liZi#i#wd %, TPE
DEE 2 Z 72 100 BIOFEERIZE T 5 Ry, BUNDFERFEEIZDOWT, T — X DIRIG
ZIEMET 2 FHED—DTH 2L IRt RERKIE [93, 94] 2 W T, #EahME R £ o
HPEZ AL L 72 (1 3.6), KIHDOERDN 1 DOFESFEEITH IS U, KA OFERE
DG DML ITHINT 5, A NITIEEBE I L B2 RITE WIS REE VRN Z
AR—ZRKLTHED, AME L2 FEMBET L FAEOHEEHETHS Z AT
DRI N, TNHDOMEDR FiEZR 3.212RT, £/, MOk L
I NEDREE D HER T E 5, ZOMGETIE, O1 O o JEEEAZEHEE 12 & BH55HI
HAR10 % 72> THED, MOREL IZ2 BRLBHMO—DOTHHLEZI LN
(% 3.2d),

ZOEEIE 2 DOMBER M CEMREIN T Uy DIEARESELR-TE D, HE
IV FD Uy 1ZFAEFETH B2 RN E & WS EFIZ criteria IZIB S EIXFEA I NS
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B4 3.2: Optimisation history for Y,03. (a) Optimisation history of Ryyp. (b) Optimisation
history of GOF. The curves show the optimisation history of Ry, and the optimisation
history of GOF for Y,04. In both metrics, our proposed method exceeded human expertise
at around 100 evaluations.

REFERTH o7z, UL, TOHEED R, IFFHH I X 2 FEMTOMERL B
INE L, EREREZ T EKIIHLTWAEEDEMEEZEZONS, ZDOHNHE
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ANBEDREIE X, bestfit Z EFD 72 MOME L D B total energy SR E L, DR
WZHARTHMRPNZ R ZETH S Z e BRIz (X 3.6b),

ZD &Sz, AEDOHITPEVAARE UIZEBORMZIEETESZ X, HE)
fEORELA) Yy bTH O, FERMORTEERE T2y Ial— T 5T F AN~
NYATLE WML FIEEZBAT, TNETRIOPRPoZHLUVWERZE
< A[REMER S B, F7z. BBO ZfH 5 FHMKIE, fERDH A KT 4 2% DFT FHHIC
EBTANVF—DRBED E, bRA RHFRIZHEDWT BBO I & B HEE MY A b
ML, WOTEARHEYRMEHRT A Z 2N TES, TNETORBEIZLD
FEIOHTY — bV MEFFD/8T X — R BEITRBIN 253 2 W T Wi BRI
X, NS R =R DOERZEEZHIFEL T, TELLEITRLIERMBIZIET L 2N
HbbhoTeFEZoNb, UL, A TRET 2 BBO ZHWZHE Y — hX
IV NEIR, FEIE D IZ22CHRNZEBDNT A =2 DflAGDLE ZFEHE L. 5
MG ZIRETHILNTE S, D0, KfZHEIRT 5720ITHW N5 HIFIX
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3.3: Optimisation history for DSMO. (a) Optimisation history of Ryp. (b)
Optimisation history of GOF. The curves show the optimisation history of history of
Ry, and the optimisation history of history of GOF for DSMO. The result of AutoFP
in (b), GOF = 3.56, is omitted. In both metrics, our proposed method exceeded human
expertise at around 100 evaluations as same as the case of Y,0Os;.
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DB ZHIZ L > TES DL LW ZMEIE, VU — b UL MEFTIZIR S 3o
MESEFTH LUIXVIRELIMETHE EEZOND, AMIETIRELZ BBO %
AW TF — 2B EELD 7 Ta—Fidy v TVENRSsEmhThy, 207 Tu—
FIIMDO D EOFEBROMEIZ L AR ICHATE L2 E 2 5,
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3.4: Riteveld plots. (a) Rietveld plot of YoO4 with the best configuration. (b) Rietveld
plot of DSMO with the best configuration. The refinements with the best configurations
achieve good fits for Y03 (Rwp = 6.610%, GOF = 1.748) and DSMO (Ryp = 9.211%,
GOF = 2.130).
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5EIBELTZ, TNEDNRT A—=XOHIAMEIX GSAS-IIDT 7 4 )V b XT A —
&AWz, U— )b MENTIZB T 2FEEEGENT A —& (f & e, KA
B OWMMEIZ, SCHR [44] TREES TV A RERESE T — X 2\, TPE IX&EW
MREZ R RICEMRSRE 2 BT, TR, h7 TV 8 FMAERDONT A —
REGUREERD ZENTEH/RT, SEOEHMICEL 28273 ) XL
T#H 5, TPE X, #EOFMEFER (NI A—XBLXOHIRT S R,, DIEDRT) (Z
HEONWT, FilBBYERNRTA =R 2T ) T L, TDNT A —XT GSAS-II
WZEBY =NV MR ZEETT LI 2BOBA L TRELEZTS, V=X)L
NMENF DO FIEIL, ATFD—RIRH A KT 14 Uo7z, 1) X UDICEHT 5 20 H
FDOBRE, 2) Ny 7I0 Y ROREEN 3) 20 DX KFHIE L unit cell 7¥F A —
X D¥E#EAL, 4) Y2 T IVD displacement /X T A =X B L PEFNEZ =V D AT —
WVOREE. 5) RN T A= DOREE ., 6) ATy 7 (1) T&EL 7 20 Hilf %R
Wz R =V 2IRDFEEAL, 2B, Bl LIZBEWTIE, Uy DIEE L WS YRR
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3.5: Histograms of Ry, with optimised configurations. (a) Histograms of Ry, for
Y,0;. (b) Histograms of Ry, for DSMO. The values for AutoFP are taken from Ref. [44].
The result of AutoFP for DSMO, Ry, = 12.8%, is omitted.
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& (kx, ky, kz) = (1,1,1), AT ¥ IVIZIETV T Y 7 NUEKRT > > v )L [95]
%, KEAHEENEIEIZ 1X PBE (Perdew-Burke-Ernzerhof) % i\ 7z, DSMO Ti% Dy
&SV M ETILICEALTWS, total energy DFHEIZZ ORIEZHLD 1AL 7=
b, BitmMEEMAIZ DOWT Dy & St OREDO R TOMAGHLYE (4@b) TDFT
FHEZITV, 206 438D D5 5 E/ND total energy DIEZ Z DFHEDAER & LT
BHALZ, ZODSMO DFRFEEZE X 3.81Zm U7z, F725HRICER U CldeE Rl
ESerh BREM Rl o v ¥ a7 — > a P TV A Vi Y R —DLZEFEMERIC TS
ARV A ARV AR
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3.6: MDS visualisation of DSMO. Each point in this figure represents a crystal structure
of DSMO refined with the 100 configurations optimised by BBO (i.e., 100 crystal structures
with the best Ry, among 200 configurations from each of 100 runs) or the crystal structure
refined with the best configuration by the human expert. These points are colored by its
Ry, (a) and total energy (b).
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5 3.2: Refined results of DSMO with different methods. The atom positions are indicated
in fractional coordinates. The numbers in parentheses are standard uncertainties obtained

from Rietveld refinement.

(a) Best by BBO (Ryp = 9.211%, GOF = 1.748).

Atom =z Y z Uiso Site
Mnl  0.0000 0.5000 0.0000 0.0059(4) 4b
Dyl 0.0037(7)  0.0253(1) 0.2500 0.0148(3) 4c
Srl 0.0037(7)  0.0253(1) 0.2500 0.0148(3) 4c
01 0.5623(29) -0.0070(11) 0.2500 0.0058(50)  4c
02 0.2738(22) 0.2840(19) 0.0315(15) 0.0208(31) &d

(b) Best by human expert (Ryp = 9.775%, GOF = 1.855).

Atom = Y z Uiso Site
Mnl  0.0000 0.5000 0.0000 0.0066(5) 4b
Dyl 0.0040(8)  0.0253(2) 0.2500 0.0154(18)  4c
Srl 0.0040(8)  0.0253(2) 0.2500 0.0154(18)  4c
01 0.5669(30) -0.0084(12) 0.2500 0.0125(50)  4c
02 0.2738(23) 0.2833(19) 0.0288(16) 0.0176(31) &d

(c) Similar to human expert by BBO (Ry, = 9.577%, GOF = 1.817).

Atom = Y z Uiso Site
Mnl  0.0000 0.5000 0.0000 0.0067(4) 4b
Dyl 0.0036(9)  0.0254(2) 0.2500 0.0153(3) 4c
Srl 0.0036(9)  0.0254(2) 0.2500 0.0153(3) 4c
01 0.5733(40) -0.0067(13) 0.2500 0.0129(50)  4c
02 0.2741(24) 0.2833(19) 0.0272(16) 0.0172(30) &d

(d) Another interesting candidate by BBO (R, = 9.484%, GOF = 1.799).

Atom =z Y z Uiso Site
Mnl  0.0000 0.5000 0.0000 0.0065(4) 4b
Dyl -0.0064(7)  0.0251(1) 0.2500 0.0156(3) 4c
Srl -0.0064(7)  0.0251(1) 0.2500 0.0156(3) 4c
o1 0.5176(80) -0.0075(10) 0.2500 0.0058(50)  4c
02 0.2760(18) 0.2723(19) 0.0446(11) 0.0287(30) &d

o8
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Best fit Outlier

(b) b-axis view

3.7: Refined crystal structures of DSMO obtained in different settings. Bestfit and
Outlier correspond Best by BBO and Another interesting candidate by BBO in Fig. 3.6,
respectively.

Coordinate1 Coordinate2 Coordinate3 Coordinate4

3.8: Arrangement of Dy and Sr in the crystal structure of DSMO
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FA4E TILFE—YIVEER#EE L
8B ZZ B D R[{R1E

4.1 AEDEEF

JR RIS ZE B D h ST DR E RO T Z L IEFM OO0 5 Tuk AT
H Y. BATHRRICKDMRHRBE, BWHEOFR TFREY T Z2HET LS WE T %
5, MEIFIRZINE S 2 720121F, MHEORE & BErEDBIfR (FEEYMAEE) 23
fRed B ENBEETHD, T4 —7 7 ==V TIZREINDIEEDOBEMTE DA
&0, MRlORZ MLERBL (embedding) %%Ed 5 Z & T, MEHEOEAEN 7B
REDMT2IENTEDLI BT, UL, ZEHDEZODOMEIT—2D7 /
T—=Yay (TUE) IFEMRRRES KRR EREEOEVWI A N E
Wg 5720, KB REEMR T — X 26K e UM R OBEGRO S IRIZIEFED
NI TH o7z, REFFETIE, Deep Neural Network 3 & O'H S Zfilidh b 2738 D P A
EHWT, AL BRNRT 7 F—Ya vz —4fib3iz, 12 5L Lok
DS, Mk embedding 2 #8925 Z LTI L 7z, AW THE S 4172 embedding
DD 5. SHERAEYIRBEERD ) F 7 LA 7 Bk E 2 & O REHE D 2\ EE
M, ThbE MR 27 M BEREBINTVWEZERHLIIR -7z, THiZ
0. BaMplar 27 2L 7R R O KRB 2 I DR & . ARHE
DBEREAFELUME D & B LIRS ATBEIZ 72 5 72,

4.2 B=

TR DR TS RRFMEI, £ ORSMFSEICHR T 5, MG N NNV R yy 7
LT IV F — 70 & OEEEAIYINEIZ 5- 2 5 52 ZU3HEEYIMERRE (structure-property
relationship) & U CHIS N, YIHMIRIZB I AEER MYy 72 U THRONH L
7o TET2(96, 97, —H. MERIZOR XTI, TEEEMR] (98] X KA
[99]. TEEMAEL) [100] 72 &, MRlD X0 @EZYME (e 2iEGmSI N 560%
W, LA U, WESEYMEMEBEZILRLU., HAENR LD L S G IR T 5 Dh,
DFE DG & MBI DOBEBEDRIFR (structure-functionality relationship) % MifEd 5 Z
liE, MR ZORELRETDH 5, AFFETIE. TD XD LEEL NV TOME
FLOBEMMEE THRlav e 7 b)) RERZ2ICT S, HRRFE TR, ZhE T
Bl DREE DHHE % LR b L CHERIH O OB 2R FEA EFIic X W #ifEd 5 Z & T,
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XFED AR MAT Y THUTH LW R 2 R U T & 72 [96-100), L2L. 2077
O—F IO TRERFGTHEET B7-ODITHERNRIIBEN 26 X5%257, %
KW - SRR R TR Z N E TIIEHEME I N TR ICElLST, Zho o
MEIZEMO2MGE2IET 5 Z L IZRBETH > 72, WMl e BIEDBERKRIZIEDI VTR
HROMBIZRERT 5720101, &z @l THMRlaye T a2 by TXY v
TIREC & 52 FB. T70bb [MEEMOMK ] BPRENH D LEZD, AT
X, FEREET — X L REEE A A SO, fEEEE QRS E X RN R
2 MVEBHOZEMZ2%ET 52T, ZOHLMIEEOERZHIES, ZORH%
fiE. 1) MR2EORXENZEATEMEO&EI 27 M 2L, 2) K0 FEH
DR TIEM B OBERE L NV OFLUMEREZHA TV Z e PHBKTH D &
Z %, AFFETIZ, MEIOMREZIEZ 272012, MERBREREMIZHZ S <V FE—
BN RREEREMEFHTAZLICER LU (M 4.1), ZOBERICHDIRGUE. THE
DIV T MIEREEICHR U ZARBENLREETH D, KREOHIET — X 54
LS D REE RPN 2 SRR 0§58 Z 212 & - T, MBI OBERE L ~)L OELUME %2
RABZLENTES] 2WVWHBHLDTH S,

AMFZETIE. Materials Project DF — X R — A28k X N i= AR D 5 5 122,543
O EMEZ T U7z, ZOTF—X 2y ME, BFEOFEH R 2 BRI K%
AN—LTWBEEZOND, FTHOICTEFEREREZENT S, M 4.2a1%, FE
8 % D TR DR S 2 1024 RIT DSR2 Z F )L (embedding) (2 v
Y7 U, Z2ORI MVEREOZERZ AL L 728D TH D, WHIXERIO U]
ZH725, TD 1024 IX5ED embedding % Al LT 5 7212, JLOEIRITTZEMIZE T
% R 7 B2 A B R o 2 F EF TE VBRI T — X &2y ¥V 7T 500
HIIE AT Td 5 t-SNE (Stochastic Neighbour Embedding) % F\, £ embedding
Z2IRTLTRBLU 72, SAPRI OB 2§ i & HINCHIT 5 Z &k, 7L
MR ETH->TEREELEEZEZ ONSED, BIREZ LT, ZOXTIERMEIDZ
OMELI Y T MZEDWTHA R I T AR —2ERLTWEZ DS NITR -
7zo (M42ahD7 /5= avz2R),

KBUET — X DD DL AR & BIGRME 2 T 9 5 721, B (ML)
T4 —T=a—F)%xy h7—2 (DNN) DEEZFEME 25 [1, 82], Wik
PHARSHENM AR, ZNSDOHMOEHIZL > T2 R T LA 27 Z)V—0 4%
AHEEINTEZ, XTVTINA VT AT 4 7 ATBWTHEBKIZ, 0o O
RO FEEAWT, AMOFAEETIINES > 23 E ORI ND0H 5,
BlIZ X, YT RO 7Dk T — X 250l § 2 R R %2 %51 2854, DNNIZ X
L R— 2 DRHHEDRERD TR L D REF SN RHME L v HEN MR
AR ERREINTVWS [101-112], FBRIZ. AMDIFE)TIZELD A 720 KEAE
IR — & % 43 H L 72 D [56-59, 113], #4RIZER] %2 W86 3 5 7212 [56-59], KBl
¥ (representation learning) LWFIENE T 7u—FhREHI N TS, THIEE
MEHZDOWT, Z DR RME % KL 72 embedding & FEIEN S X T MILREL %
/B2 EHNET2EMTHD, AWEE., ZORHAFEHDOOL DL L THED
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Tonsd, TNETITWEINTVAIHETIE. MEOREEEKD 72012 DNN %
WS 58, MR T — 2 215 L 35 RIEFAEHNTNTEWTH, MRIFOARER
B FRIE R SEAUE D BRI 2 ZE R EH I N T WAL, Bz, BEFORBIZEY [56-59,
113] 1. embedding #7132 7z IZRELZ 22 (F : YPETHI [57, 58], HAR S B
X A7 [113]) ZHAWTDNN Zil#L., ZODNNIZT—XE2 AN LTRSNDH
M )1 % embedding & A7%23 2 & T, FEEIZMRIRBLZ S L T\ 5 [57, 58]
REZXAZIZEDLLZDES>%T7 Ta—F Tk, 28H2DNNOED S H EDJHE
n 5 embedding 2135 N E A, 7z, D H U7z embedding N2 )L [H] D BH#EXC$H
BMEZEID 72012, ED XD RIREEZH VWS REPVAHKTH 5,

AR TIE, RKEDT—XEDNNZHWAZETHEOI VT M2 AT
embedding Z# HRMWIZFETED I L 2HEiET 5, 37747178 LT, I
HEPYEORMEZRES 5] LW FANTHE D Z T, AT X 2 ZHTE RO
T/ T—=Yavia Ui, fmiEEOANSHMEIa v T N ERR T I 2 HIET,
IO, AR TIIERBEDREDAZFEE T — X UTHW., BRI A
BUME (B DEBARELR ) ® TR & \Wo Tz T _)L, BEEERIRE PR Y D
PitefE) XAbRIEE (B : LiCoO,) ZBd 27T /T —¥ a Vid—HUHWT W,
X512, BEFEWIZE T DNN OFHIZRBE X A7 2 HWTWAH 72D U SMENZ
fEH U, embedding DEAFRM: 2 BIRNIZE T NALT 57212, RELZEEIZIX, Deep
Metric Learning (DML) [55] & MEXN 2 PeflA % W5, DML 137 — & [H O FE
MREZZET2 ML OMEZETHD, REXATZEZHVERIAEH R0,
embedding M D E#E % B RET 5 L 512 DNN OFEER L INE, £/, 75
ATGRVEDT ) T—a VPR EINEZFEET - X EHWTHAD L ¥E e LT
DB [55] —fMH7e DML & 358740, Lk Did b AR5 Tl MG T — X DA
MmoT /) T—Ya VEUVICERIIC ML ETVESET 5,

4.3 WRBIUVER

DNN O3 %, BAED DNN 2 HWT AN T —XIZA#% X2, DNN O H A58
HAM D (B Ef) SR LTEDSS VT WA 2D, TO XL Z2BIET
5EIIZDNNDNTRA—REFHTEHOEEEZBEVIKRT I L Tlrbhd, T
bbb, S OHAEIER Y. BAED DNN O A2 e DXL 215
B (loss B%) D BETH S, il LT, — iR EIFMETHIIEX, BEHHEHRIC
PR R E 2258 (B : N2 RE vy 7)) 2RV, loss BIEUTIZOEY —FEii 2%
SEYIH R A ME b S, 4 [ElIE DNN 28 SEED A» S (BEEHRD 7 /) 7 —
YaViELT) BEMIZFEEIES0, BEEROGAH[IZTREZMATZ, 20
BEERBT AT 14 7Tk, BB SR T 5 2 DO ARG RE (s WS
DJIFEE & JHHNE) 2RBT 57 DATNZH U T, #H—M7% embedding % ¥4
THILTHD (X4.3a), MEFETIE, MMORAMEEX, K1z / — K JKT
Mofar Ty VAR LTI 7EEIIERIN AR INS, T LU THmESE
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DJEHIMEIX, FEEEEDP SFHE SN XRD RX =itk > TREEINS, XRD N
R—vlk, 7oy T OEAME 7 —Y) TEHE W, &S S FERIIZEHRE S
52 EMTES, AR TIE, MMEE XRDZ AL T52DODNN Y I—
X—%ERHZFZE L, ZO2D00RZDZ AN UT—EHUZMOAAZITD &5
\Z DNN Z ii#ifbd 5, ZOFHEFERIT—HAEHICRZ 20, EBRIILTOIERIZ
VUTNIREIETH B, 1) AN I NFEREMEGE L XRD 8% — V3E UM NI G
3~ % positive pair TlZ, 2 2D embedding X7 MV D=2V v Nif#EZ /N <
L. ii) 23 o D ATIINEIR BB G T 5 negative pair Tldk, #IZFHEZ K& <
T35, ZOJFHETDNN 2% T 572012, RIS TId loss BAELE U TS triplet
loss Z gl U7z (Fig.4.3b), X DM PE HEIIOWTIE, FHEOEIVa vz
I N7V, ML OBUSP S, AZEO BFENFEET 7o —F1%, AEHbiid
DFEHIIHEINDG, —BINBEEH D FETIE, T-RIIHLTT /) T—Yay
DR Z6NADIZR LT, HEHH» D FEEIX, HReIT27—-XBEH¥H
BT7 /) T—varvESAAMERETH D, MOHCHKD D FEHOH & LTI,
HASHELUEIIBWT, XEO—H2ERMIIRBIETEE, TOREHRS % H#H
EXEDBRAZ 53] %, HERFBICB VT, ANEGIZY YK E P EEEDONT 2
MEA, ZOMTITHUTAREL 8B LS5y b7 —2 2¥ESE 550 [114) 2 EH
HD,

FENZ X DR L7z embedding 28R EdRDLFE UWHEE 2 DZHR 208 5
ZMER T 5728, LA N T embedding DHEZKET 5, BMAIZIE, 1) embedding
DEAKD DA% t-SNE 12 X B A/ #ifb 2 HAWT O 5, 2) fEEEE OB % &
PNZIR A TWBEDHHRBE 720D, WL DD HEELMENZ DWW T embedding Z2[HIZ B
SRR BRI T 5, HIKO T FuY—2H0UE, o8 1 Ik RO
A7 =)V T embedding 222 035 Z &2, M2 XZEEMSOMUE 70 —X
Ty T UTHRSEZ LY T 5, o2 Tk, a2k s o2 boRESIB &
O, MRS RS » SRR 2 2 5 T, BIREEER, VF UL L VE
MR, BEMRLZ XV F v — T IZHW T,

4.3.1 Embedding ZE£&D DT

embedding ZZH D t-SNE 2 Fl\ 7z ZIRu 44k (X 4.2a) Z2RE T2 & RO
a7 MIETAHRE B UIkA o I AR =DREATENS, M FTZTON
Nz OWTihRZ, £9, BRE7=4Y (X) 2K 707 2Ah1 MM
& (A,BB'X,) 1I2DWT, —#D 7 5 AKX — AR D /20 & iz - THEAE L.
@ UfEd 70 b XA TR OWERZ KL TS, ZOFEIE, AHFEORETF
EM, FEEH ORI TV 1 NORANRR FEREZBUNICKA U RBN o, fiEer
OISR LEUMEZ IR A TWAS Z L 2RT, MAT, KDL FITIEK, RFWNZR 2
TCWIETHLEBRSEX A V37 F 4 N [115] 5, FEF-OBEBEIIGUZ2 5
AR —=%HE LTS, EiiZiE, b TEEDOKWHE % RO R Ay E
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DI TAR—=WH Y, FEEHEHEPYINEE LR 5 &6 BRI O—D2%2RLTWVWS
(FEfIEX 4.6a S, T o6 DO —HOFERIT, WEHOYHMMEIZET 5T /
T—=vavhE L d, EEEEDOAD SYEOYMMMEEIZET 2 EREE SN
5Z%RLTVWS,

ZOMIKIZ B B ERE N RO —DIk, KA H 2 ML YiEEERD -
TAR—=THb, ZDTTAX—ITIE, BANFHER I WM AYBLEEARTDH S
La-Ba-Cu-O %%, 2Dk 12, & <HIS N2 EmisfiiE (T,) BEEATH 5 YBCO
(YBa,Cu,O,, Y-123) RENEEND, IN5OBMEEARIIIEL T, BEEEICR
AR 72 H8E TH 5 CuO, plane[98] 26D, Z DHIBLYIEIREILR S T AR —DIEK
X, REFIEIZE S embedding IZBWT, Z ORHEM ARGV I N TWEZ L
ERIBTE, TDZITAR—%ISIZHLHARNS E (X 4.2b), MG R
OV T T AR =PEBEIIFEL T WA I ERERTHNS, Y-123 R FDOIRET
H 5 Y-124 RlE, CuO chain IZBE L THEIEHLL TWE D (M 4.2c 2H), Z
DFELMEIXHIHIZEZ 25D TIE AL, 7T/ 7= a VUL Z OFELMEDERR X
NTVWBZLIFEIREMRETH o7z, 512, SARLYEE RO BIE R
BB EERERETHS 70y 7@ XN 5 BikEE IR -> T, Bi, TL, Pb,
Hg % & Ot =B E B EEARD, TNThD 7 I AX—%2FKR LTS Z
EaMER U, INoOYEPIN ETilEL TWwa Z Lk, embedding 23821k
WIBALEAR DS MG DR, OV TG E BREDBIRZ LA TV 5 &\ S R
ROEXREPEMITIBEDTHDELEX S,

E72. t-SNE (2 K B A8UKIZ & o T, FEEEE 2D MR 22 % e 5 Z &
NTE 5, REFEOHKY Z R TS MHHRAERIE, MRHXNOTEONHTH
%, BTREPMITVWBE TR A %, FUE72ITBL U 72468 SIS %2 Ko ik
Wi 5720, embedding DFEN S FL WIHE, BxE2EOYWEO LML
FARIRIZR D EFREINDG, M4412BWT, AHRDOIET, ExEr2E0Y
BaREETHEBTNT IS4 MPLUTRLE, PRINA@Y, B 44121F, F@0
7 I AR =D AR EOHEE (R RO ARICELL 7362 RT 2 ENRT
Wiz, DX X7 7 —2 WL, ZNS5ON4IE T7Vh)E&Eeail). 3d
EREEMA]. TVT7T7—AI] RELATE,. embedding 235G IC BT 5
TEMOEFOEMMEZ LA TVWE I L Z2RLTWVWS, X512, ABKIZt-SNEIZX
% embedding DAL E FHWT, YHE L TEOSMMIIB T 2 HEEZ NS Z &
NTEDMEMRL (X 4.6b, 4.6¢)

4.3.2 Embedding ® intrinsic dimension D7

AHFFETHE U724 embedding 1%, 1024 J55D T — XK1 v Ttk I b 57 —4X
THY., 1024 WITEDEIRTER Y ML WRr b, TZEFTIDONRY ML Et-SNEIZ X
D 2RICIZIRTTHIR L T b Uigam U 7205, 2Ok D Z LI OVWTHRED
5728, T—XDAREMRIRITCT 7245 intrinsic dimension (ID) D %17 - 72,
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B HIZB I D RBN T A T4 T2 LT, A EERGTERT — X TH->Th,
FEBRIZIE T — R T & OEIRGTAREB D ZERNIZ A LT D (SRR [46) &\
EZDH D, RTHIIRIZ & 2 HALIE Z DEFZTIZLT WS Z s, RERZ
ID % HEH 2 Z LI &b, GTHIE L 72 LS, 7 — R DOARKDORR % £ OFEE
KLU TWEDDRIB%EIGEIEMNTE S,

ETT XD u— VIR ID 2 #ET B2, EFDAH (PCA) 123D
WTID Z2#ET 57NV TY XLD—DTH S Fukunaga-Olsen 3% [116] % T4
MraEiTolz, THIZEDRABEEONZZT—NLRIDIZ14 T, T—XRA Y MK
TH 5 1024 RTCIZLEARNIL LN S WE DD, 28 U 7245 S embedding (X
AEWNZERTTHDEEZO5ND, &> TH-SNEIZ XD 2IRITITFEM L 7= Al 4k
TIEZ S DEBPRDONT VWS ZEWRBIN, INS5DOFRHULIEE E X2 7EN
PR & UCIRT 5 Z e Wi e ZE X o5,

T — Z XM RN S R R o TO/M T 2560 H 0. TOHET — XX
BRFIZ R B ID 25D, ZNEFHARND D, £T—XmufEOa—H)V7i 1D %
FRRIZ T U7z ZHUEET — XD kEEIZDOWTDID iz iR 9 Z iz &
DREEBZEDNTE, SHEk =25 LTHNZ1To72 (728, Fukunaga-Olsen
Fik, PCA 2 &OLK Fiz, TR 2R TR B TR E2EHDOLFEOEEIZH
HLUTHSPCAZBEHATALOIRLZT7 VT ALTHY, Z7a—s)LID #EE
THu—HIVID#ERBDOHEZIT>TWS), TS5 LTHELZT—H L7 1D
HT—<v 7L UTtSNE ETRfE L., K 4.712R U7z, BRBEHAEDOBERIC
£ 0. embedding 75 7 ¥ X LT 10% & it UEHAES KA L L 72, & miDfEh
embedding ZEMIZH T2 F DT — X FUEHED ID 2R L TW5, AEonzo—
J1VR ID I3 F/IME 2, BRIE 17 & 72 o 72, M 4.7 FFIZBEWT, FLERIZ ID AYE W
WD 7 5 AR =K EINTWBE I ERRTINS, ZTN5IEX 4.2a12B W T
FLOMRICREE DOMBIED 7 7 A X =R EINT WA Z L exfaLTED, UM
B L embedding 22/ ©H HEPHEWID 25 o 2B R 7 T AR —%2 KL T
WBZEWREBEING, —FH T 4.7 DHREIZID 23E <, t-SNEIZ K% 2k H]
FUETIED EL T — X DWEERRE T, T —XDEAG > T EHELREED XS ITR
Z5, ZOMHETIIREDOMBHEL UTIHIRTE 527 7 A2 =27, K 4.2al
BWTCHBIRE G 25 Z BN o720, ZOWHIZT—X2DEWID ICHKT S
KEWLRH LI ThHhdLEEZ NS,

4.3.3 Embedding ZZ[EIC 5 1T BIEED DT

I, FE U 75 G O FERES MR OB RE L~V T OB 2 R L TV B H
EI3D%BREET 5720, W DDPDORYF =7 HEHZDWT, embedding ZEfIZH
BTN, FE T 0 AI2E W T embedding X2 M IVIE L O FEEE D FdE L
WZida—2 Yy FERZHWTWA 720, embedding JE65 % 2473 5 72 O FEEERIEL
IZba—2 Uy RifE AWz, £3TOOHE LT, HWETHREEWT, (134K) %

Chapter 4 PR TR 69



B 2 T\ 7o e S D 20 A & W 22 ) oD AT A4 L

E D EIREBIEEIRTH 5 Hg-1223 Dt W Uiz, KRS Z 2T, 1 HHB LU
2/ H D%, [FU Hg RAEREEEARTH 5 He-1234 B KU Hg-1212 TH - 7=,
INS200WEIFENT, (125 K 8L 90 K) 2/79 23, Hg-1223 L iE 70w Vg
DEHEL>TWD [117) (K 4.5a), X 512, He-1223 DEFE 504D ) A - %7~
% &, T1-2234 (T, = 112 K), T1-2212 (T, = 108 K), and T1-1234 (T, = 123 K)[118]
E\WVWo 7z TIRDEERE T, BEEARZIZUD, 2ROEREBLEERPEGEENE Z
Ebrotz (F4l), MEEEL T, L ORO A =X LlF, EEEE»SEHIZ
HHTEZ2HHARDDOTIERY, IThoDERD S, REFIEIHEHHEE L it
MR 72ERERINBICFEE L, INSDOFX vy TEFRINIZHEDTWE Z LR
Xz,

RIT, SHOBX DEEEZ THABMBTH S, VF U LA A EMMENZD
WTHER U, VT VLA VERIZ. FIMEORRS X0 OME - #k - Ytk
DIFINIZ Ko THIE LU CTERERZRH, TOREMPAR MLy 21 F, T3 F—
BEPHEIZAMOKTAHY —F (IEEMH) 1255 100, £->TI I TiE, B
FHI N, POERE ULTERBRAY — FMRITH 5 LiCoO, D% 7z, %
SREZEIT, 3DDEELAY —FMBRD S5 2D, $abb, BIRMES KUTA
YR IVR [100] D 77 — RAPEID LiCoO, DEEIZH D572 (M 4.5b), & b Ak
Iz IE. LiCoO, E[FkRIZ, EBEEM 2 G AZERMELEZ 5D LiIMO, 77 IV —
3, LiCoO, Dirfs topl0 FIZFIET B Z D30 £ L7z, Zodizid, oz
& HEREMMEITH S LiNIO, R G END (F4.2), 5 —DOHEERYER
THhdAEFRIVIE, LiCoO, D 51 & HIZ LiNi,O, 23, 200 % HIZ LiCo,0, 'K
DM olz, FLEZRAY —FMBEHDOI S, ROD—D2THBERIT=A 77 3
D —l%, LiCoO, DEFEIIEA OS5 o72E DD, X 4.2a D EIiil 7 T AR —
EEHRLTWS, BIRENEEL LT, ZThH6D3207 7 I = LT, /=R
WEZEETH S John Goodenough D ZIIV—TDFAFKL7-£ D TdH 5 [100], LA
LEoO#ERIZ, INETHACTRLEFLENEZ R > 2 EETRITNIERRTE
72702 o T2 BRI OBESI B 2 . ARIFSED embedding MEA 722 & 2 RTH
DEFZ N5,

BB, AFIETIE, EERTERO - HE2MOTRICERL 72 A — =)L TRl X
N7-MEE (B : Li;CosNiOg = LiCoy -sNij:0,) 122V TH, AT EovILDX
TIITHEINDZ e, TOME L OO ZBEYNIZFEL TWb, OB
PEIX, RERDORHHE % I\ 7z embedding & KT 2 LHHETH B (K 4.2), Z Ok
Fix, BEFEN, A2 EOEDE Y (H 00 unit cell DK E X0 ¥) 1o
UTAZET, AENSEEOREMEZZT#BL TVWE I L2 RLTWS,

PAEDOFEMZR AN E D, AL TIRET 5 ML ET VA, MEREEOERIZH S,
WIBOREHEL NV ORI E . HRINZRT /7= a VL TRIEBL TWd 20D
fam—H U TRz, RIBEFEZH VDL LT, T —a&RHE UTIEIE
LT — R TH BMEREEIZDOVWT, TOMRNFBERA - £, BEkInk
T2 (AERDONZ PV) L ULTORBEZERTES, ZNIEMRBET X%
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SR T VT AL ZHOTHDHES ZDDRERN—RLVERO RSB DTH
0. B2 ISP S NS ERENTH D, ZORKKLI - —ZD—Hlk
UT. BHZRMWZMHAZMEPRER I N5E512. 0 embedding ZMIZH 1T 5
MRLa Y& 7 s OBPEICE D WT, BMFEOMET — X N—ZA D 5[ Uk &
HADMEZEAZ ) —=v 7 TELL51T5 L ffT NG,

4.4 F&O

AWFFETIX, DNN 2 HWT, #ESEED A SYEOMOIAA % HERIZEE T
B EEI L, 155607 embedding ZEENZDWT, 70— V504 & JRFr
MR B DT A OB STERERLS AT 5 2 2T, ZOZEMBMEOBEEL ~v
DI, MRIOMESZRIRL TWDE Z BRI Nz, SHBAF L k2
O AT A F AT X0 6 f 4 5& ] O BBV A HART 1, MR D 72 72 BAARME D 7 HL X,
HEBMBHERD A2 ) —= v B D e EZ 6N, T o DRI AR DOR:
DRABREVIAA, 72 Vo2 T AL BHEEZIT W=D, HLWH
Bz LA U, ABORDHGROBEZ T L2817 L 705 Z e oiffa g, X
51, FEmEEE OBSEENE 2 B R U 7 REIZE R 2 8T 5 Z Lk, MIIZE ) 5 5ehm
BRHEO—DTH 2 TArEORHMEZ i 2 72#RLD inverse design] [8, 82] NDEH—Hx
B, RFRDOT =270 —I2X 0, AT DR % i 2 72 bk & BEREZE 2 S0
TETL. Z OGN Z AR MEEICS Yy ¥ 7T 5 2 LW ARRIZZR 5,
AHRFEMN, ML &2 HWZMRIOFE R - BETD TV — 27 20V —12D27% 035 Z & & ff
LTW3,

4.5 FiE

T — % DG & AL

AW TlE, 7 —& Y — A& LT Materials Project &\ 7z, HJE 752 Ry
725 IGRETDT — X % 2020 4 7 A 8 HIZ Material Project API Z W TINEEL 7=
& A, 122,543 (Materials Project 2KD 93%) 1Z78o7z, S 612, FHEITITH
WD o lzb DD, FERDERED DTS AL ENED T — 2 % 2020 410 H 14
HIZEITEAE U7z, MRl #i kizid VESTA[119] % W7z, XRD /3% — > Dt
BT X pymatgen[81] 2\, X RO EIX 1.54184 A (Cu K,) & L, 20 L > Ik
10° 225 110° £ T0.02° % A& U7z, L7zhi> T, 1 ARDXRD /N&Z— 1% 5000 ¥Rt
DARZ FLE UTREINS, PEHEZEIELDIT, £XRD N —rDOE—
JEEDRKMEE LIZAT—) V7 LT,
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X 4.3a1ZR 9 & D12, AW TIE 258D DNN % embedding T> 3 —& & LT
U7z, fifEo Ty a— KO7zdi2id, EREOEBOIE 7 (37205, unit cell I
EENDRT) OFEEZ, R TOIEFIZH U TAZE LR SGIET, EEED embedding N
7 MVIZEWT 5B RH 5, ZD7-HIZ, AiFSETlE Crystal Graph Convolutional
Neural Networks (CGCNN)[104] % i\ 7z, CGCNN AND AJj& U T, unit cell D
JHFD IR v b2 57K (RFEF]) X, &EFz2/ —RFeL, o1&
DiEtE CEES AN IZXo Ty YMWEHIND S 7 7 RBU LS NG, 7
7 7NDFFIE, FFRERZ PV UTRBIN, 32075 7BARAAEE Y
0= V7 =) Y ERT, B-OEEROREANYZ MUIZEHEND, XRD /S
R—=2ZD20WTlE, XRD XX = DTy a—F 1 v IZHT 2 BAFDOMSE [52] 12
Peo TREII NIz, BHENR T 4 — R 747 — N 1IRILEBARAA=2—T ) 1V b
7—2 (CNN) Z{FHU7Z, &3y N7 —27DH&RIZ, 3 DOD%EEEEEZEEL .,
BA&IRIZ 1024 YRITD embedding X2 V&R H I Uiz, KFEIZE T 2 AHfFE T
TH—F TR, ZERBIZINSDT I -X—D—iF, b5 —-HDOTra—-XD
I & > CTHAEMICHEINHRZ G A 5NE7-0, 2 00Ty I—XZHKIZEY
5L, BENLREED D FHIZHARTEEDPARALE LB AR D o7, £ T,
FEREZEIE DO, BRI E &2 R\ 2§ X TOEARIABE /Y
JE DIEIZ, batch normalisation [120] WRHETH S Z & 2 FKH U 7=,

2D FIF

BEBEAT V=V a v ATy T NEOANT =255y FHIIEE NS,
x;, BE Py, %, i-th FHOR UMEORREEES L O XRD 238 L 72 embedding
RIPMNVDRTETE (RIT4TRT )y HERYT 4 TRT (x4, ;) IZ2WT, F
BUAH S BTG triplet loss ZFHHE T 5728, FENY FOHFM S 2FIHD X 5T T
THUTN (2 BEOy) 25 VRNCH YTV IT 5, Zns 3 OWEOL
S B L O XRD 2 S d %,

Ly (i, yi, ) = max(0, [l; — yill — lla; — w3l +m), (4.1)
Ly (@i, yi, i) = max(0, || — yill — [l — il +m), (4.2)

ZITANT A TH YT x) id, loss DEEE (L) > 0) 1295728 {@y}ps D
mroY T TING, . y BRI {ys ez OREDOT N SFEIIN S,
Z D loss DEFRIEK 4.3b 2R U7z, 22Ty m >0k~ =YV EREEN DN A N —
NI A=RTHD, HEA 41X, EARMIZIE, % embedding y; (2 LT, D%
ATa 7V v IV 2y %, ROT 1+ TXRTEALOEM (|2, —y) cv—I v
EMATEROMPSHDERI 5 &35 (M 4.3b D EEA DK K), HEKX 4.2 HFH
PROERCTERIND, o T, INo6Dloss id. H D embedding 2327 L) & LT
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526Mta%’ ZDRT D embedding 37 TV DEOIEEL 705 Z & 2 RT3

IWETNT VWD, B, ¥—Y ¥ m DEIZHI T NS embedding D AT —)LiZ
@&%@?6t . ZOMEIFIERIC RIS ETE S, TITE, m=1& U7,
WIZ, MG triplet loss ik, Ny FRDFTRTOY > TN Dloss DIFEFE LT, M
T LSRRI N,

()
QNE:L + LY (4.3)

oA, BAETIZ 2 B A€ — XV DB Tl T 7z loss BIEL [121] (2
BLLLUTWBN, KOV TN >TWS, Ny FH AL AN % 5I121ZH%E L.
WESR A BlRE Nk Z W T Z O loss BAE % Jxi@fb U 7z, optimiser (21 Adam [122]
AV, FERIZI0POEHE LT, 7—X2y MIEEND TR TONRYEIZ
DWT, HEt1000 =Ry 7%#EH U7z, FHITIENVIDIA V100 GPU %2 1 AffH L
TH1HZZEL 7,
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Spectroscopy

Band structure

¢ L1
Crystal structure XRD pattern

Diamond C
Name Composition
Attributes
Crystal structure  Atom positions Atom species Visualisation in 2D space
3D vectors one-hot vectors
“_MATERIALS MAp
x y z HHe C d = -

(o, 9o, @) (9,0, ..,1,.)

— P 4 RV )
(0.5, 0 0) (0,0, 1, . ,—A_"N\ -,
Embedding vector o n;
l 1024 dimensions

XRD calculation
self-supervision — [IITTTTT--T]

Search for cenceptually
Self-supervised @1

XRD pattern XRD pattern vector ' . similar materials
intensity (5000 dimensions) deep metric learning [(TTTTTTT—-T] Diamond
[(TTTTTTT-—~T17 Ruby
- (0.1, 0.8, 0.9, 0.3, ..., 0.1) - [(ITTTTTTT-—T7 :
[(TTTTT T 1]

4.1: Our strategy for learning materials concepts. a, Diamond as an example
material and its various attributes showing different information of diamond in different
data forms, or modalities. Since each attribute has its own advantages and disadvantages
in expressing a material, using multiple attributes for a material can provide a more
comprehensive view of the material. Particularly, the combination of the crystal structure
and the X-ray diffraction (XRD) pattern, which we employ in this study, is known to well
reflect two complementary structural features of materials, the local structure and the
periodicity[97]. b, Our goal is to represent each material as an abstract constant size vector
(embedding) whose distances to other embeddings reflect conceptual (functionality-level)
similarities between materials. These embeddings allow us to visualise the materials space
intuitively and also to search for conceptually similar materials given a query material. We
learn embeddings from pairs of crystal structures and XRD patterns in the framework of
deep metric learning. This cross-modal learning approach trains deep neural networks by
teaching them that each pair should represent the same material entity. Because the XRD
pattern can be theoretically calculated from the crystal structure, this learning can be
performed in a self-supervised manner without any human annotations for the materials
dataset.
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(intermetallic compounds)
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(polyanion family)

-
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Double perovskite ™ Double perovskite
(A,BBX,) \ (A,BB'X,)
X=0 :“ﬁ
.‘:* § .-',: X=6) :{\\::‘
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q{* X=| vy X=Br
Perovskite (RMO,) 4 )
3 Li-ion battery materials
/', (layered, spinel family)
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superconductors
v / e,
2D materials - ¥ An g ~<— Rare-earth permanent magnets
V‘\l \: St 3 \ ‘."Q Aden. asgd: 2 54
Rare earth compounds [ <& '!:-.‘.',,. W i Heusler alloys
b C  Y-123(YBa,Cu,0,) Y-124 (YBa,Cu,0,)
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: \\ b8, s ’ ':'
AN - CuO chain a0 00 Double CuO chain -1
103 N 2 N Chain 1-*¢f
° . o Chain 2
& \\ ';q & @ Y
\ o
I d
\\. & ‘P
V124 %y
Y-based family Yo gt
\ ;i -« ¢
\
\ -
\ b

4.2: A map of the materials space. a, A global map of the materials space, plotted

via a t-SNE visualisation of the embeddings. Each point corresponds to an individual

material that is encoded by the trained crystal-structure encoder. The map was annotated

with cluster labels through manual inspection. b, A close-up view of a cluster of cuprate

superconductors in the materials space. ¢, Crystal structures of Y-123 and Y-124 families,
which are closely distributed in b. The CuO chain in Y-123 and the double CuO chain
in Y-124, which is similar to vertically repeating Y-123, are important features of YBCO

superconductors.
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Embedding
vector x

Crystal structure encoder

Point features

Point cloud representation Fully connected

O °
o Global
convolution pooling

o
Graph
convolution

XRD pattern encoder Embedding
- - N vector y
= RN Feature maps Fully connected
S———-1._ "~
£ ‘\\‘\\:‘\ il -
= RN ERENN REEETN
? NN TSs ':==x.ﬁ — —
? 1D convolution 1D convolution 1D convolution Flatten

Negative samples e .
0 . oﬁop (different materials) ‘ ?
02 D% Crystal structure ) A
o.oog ooqo encoder @ n\‘H
°g ©0° 0 B " A
o e
Pairs of crystal structures and Positive pair Lya(x,y,2")
their XRD patterns in a batch. (same material)
]
-
XRD pattern / vl o
encoder VN i
Negative samples K
(different materials) Loy@ 9.9

4.3: Overview of self-supervised deep metric learning for representation
learning of materials. a, The proposed network architecture, including two separate
DNNs to encode the crystal structures and XRD patterns into unified embedding
vector representations. To account for respective input data forms (Fig. 4.1b), the
crystal-structure encoder employs a DNN for point clouds while the XRD pattern encoder
employs a 1D convolutional neural network. b, A schematic view of proposed bidirectional
triplet loss. This triplet loss is used to simultaneously train the two DNN encoders to
output embeddings that are close together when the input crystal structures and XRD
patterns are paired (red-coloured x and y) and far from one another when the inputs are
not paired (x and y vs others). More details are given in the METHODS section.
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S\ O . o N R S = . N T
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La

® ¢ |
h, Pl:l‘ y

Actinoid * 3 0
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K 4.4: Elemental distributions within the material embedding space. t-SNE
plots of the embeddings are laid out on the periodic table, coloured blue or grey according
to whether each material contains the corresponding element or not. Similar distributions
in the vertical and horizontal directions (groups and periods) of the table indicate that the
embeddings successfully capture the behavioural similarities between elements in crystal

Lanthanoid

Pa

structures. “n.a.” means no material containing the element is found in our dataset.
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First nearest neighbour
Hg-1234 (HgBa,CasCu,010)
? ?

Query
Hg'1 223 (HgBazcach303)

I I Bloc(:; I?yer /.\‘.
"{‘o &i ‘ @ . gt
= 5

o Toliol
LN

!

i
o0

LN

-

Superconducting layer
(Cu0,)

Layered family

LiNi;04 (No.51)

Second nearest neighbour
Hg-1212 (HgBa,CaCu,0s)

Spinel family

LiCo,04(N0.253)
L > a

4.5: Crystal structures of queries and nearest neighbours. a, Crystal structures
of the Hg-1223 superconductor and its first and second nearest neighbours, Hg-1234 and
Hg-1212, in the embedding space. These are all Hg-based copper oxide superconductors
with high 7. and are built on two important components, namely, block layers and

superconducting layers.

Placing these close-kin materials, yet with different numbers

of superconducting layers, as close neighbours suggests that the embedding captures the
conceptual similarity in their structures. See also Table 4.1 for the top-50 neighbour list
of Hg-1223, in which more superconductors with high 7, are found. b, Crystal structures
of the well-known lithium-ion battery cathode material LiCoO, and its neighbours in the

embedding space.

cathode materials, were identified in the neighbourhoods.

The layered and spinel families, which are two major types of the

See also Table 4.2 for the list

of the top-50 neighbours, in which more layered-family materials are found.
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a Energy above hull (eV) oo b Band gap (eV) . C Magnetisation (T) .,
it B
035 e N &‘?
o, B Ay | ; ‘ o k1.0
lo.30 ¥ : : B
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| 0.2
| [0.05

I ..

4.6: Physical property distributions within the material embedding space.

t-SNE plots of the embeddings are coloured according to the physical properties: energy
above the hull, band gap, and magnetisation. These plots show clusters of materials
with similar physical properties, indicating that the embeddings capture the property
similarities between materials. a, The distribution of energy above the hull (eV). A
large value of energy above the hull indicates that a material is unstable. A cluster of
unstable compounds containing sparse unsynthesisable crystal structures was identified
on the upper left. b, The distribution of the band gap (eV). The distribution overlap of
large-bandgap materials in this figure and oxides in Fig. 4.4 demonstrates a well-known
connection between the band gap and oxygen. c, The distribution of magnetisation
(T). Materials with large magnetic moments have higher composition ratios of magnetic
elements such as Mn, Fe, Co, and Ni and are particularly studied in the rare-earth
permanent magnet research. The distinct yellow cluster in the top right of this figure
contains intermetallic compounds of the magnetic elements and rare-earth elements (e.g.,
Ce, Pr, Nd, and Sm), as evident from Fig. 4.4 where the distributions of these elements
overlap in this area.

Local intrinsic dimension

4.7: Distributions of the local intrinsic dimension within the material
embedding space. t-SNE plots of the embeddings are coloured according to the local
intrinsic dimension of the each data point (= 1024 dim embedding vector).
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% 4.1: The top-50 neighbours of Hg-1223 in comparison with hand-crafted
descriptors.

Our embedding Ewald Sum Matrix Sine Coulomb Matrix
No. Formula 1D Formula 1D Formula 1D
Query Ba2Ca2Cu3HgO8 mp-22601 Ba2Ca2Cu3HgO8 mp-22601 Ba2Ca2Cu3HgO8 mp-22601

1 Ba2Ca3Cu4HgO10 mp-1228579 Sr4TIFe209 mp-1218464 TI(CuTe)2 mp-569204

2 Ba2CaCu2HgO6 mp-6879 Ba2La2Ti2Cu2011 mp-1214655 Cala2BiO6 mvc-15176

3 Ba6Ca6Cu9Hg3025 mp-1228760 CeY4Mg5 mp-1226574 PtC4S2(10)2 mp-1102535

4 Sr2CaCu2(Bi0O4)2 mp-1218930 Ba6Nb2Ir(Cl106)2 mp-558113 Ba2FeReO6 mp-31756

5 Ba10Ca5Cu10Hg5031 mp-1229139 Ba6Ru2Pt(Cl06)2 mp-554949 Hg(SbO3)2 mp-754065

6 SrCa2Cu2(Bi0O4)2 mp-1208800 Ba2Nd2Ti2Cu2011 mp-557043 Ba2CuWO6 mp-505618

7 Ba8Ca4Cu8Hg4025 mp-1228371 Ba4ScTi4BiO15 mp-1228157 CalLa2WO06 mvc-15479

8 Ba2Ca3TI2(Cu03)4 mp-556574 La3ZnNi3 mp-18573 Ba2YTaO6 mp-12385

9 Ba2Mg3TI2(WO3)4 mvc-129 ZrdWC5 mp-1215364 TICdTe2 mp-998919
10 Ba2TIV207 mvc-2978 Nd3GaCo3 mp-1103877 TICuPd2 mp-1096374
11 Sr2YCu2(BiO4)2 mp-1208863 Y4Ti6Bi2021 mp-1216208 LaTIAg2 mp-867817
12 Sr2LaCu2HgO6 mp-1208803 Sm3HoS4 mp-1219190 In3Au mp-973498
13 Ba2CaTl2(Cu04)2 mp-573069 Ba3Bi(B0O2)9 mp-1200141 CeTlAg2 mp-867298
14 Ba4CaCu6(Hg08)2 mvc-15237 AgRhO2 mp-997106 Cs2WBr6 mp-541753
15 Ba4Ca4Cu6Hg2017 mp-1228265 YbSm3S4 mp-1215523 TlIn3 mp-1187742
16 Ba2AITICo207 mvc-2977 Ca4Cd3Au mp-1227562 In3Pt mp-1184857
17 Sr8Pr4Cu9(Hg08)3 mp-1218674 InAg4 mp-1223819 Ca4Cd3Au mp-1227562
18 Ba6Ca3Cu6Hg3019 mp-1228161 Sr4zrTi3012 mp-1218457 Cd3Pt mp-1183641
19 Ba8Ca8Tl7(Cu4013)3  mp-1204270 Ce3Ni2Ge7 mp-1213875 Ag3Au mp-1183214
20 Ba4Ca4TI3Cu6019 mp-542197 Ba2YTIV207 mvc-2994 Mn4BiSb3 mp-1221739
21 Ba6Ca6TI5Cu9029 mp-680433 Te3Au mp-1217358 NdTIAg2 mp-974782
22 Ba2AITICo207 mp-1266279 Nd3Cu4(P20)2 mp-1209832 Hgl3 mp-973601
23 Ba2Ca2TI2Ni3010 mvc-3067 Ba4Zn4B14Pb2031 mp-1194514 TICdIn2 mp-1093975
24 Ba2Ca2TI2Cu3010 mp-653154 Ba6Na2Nb2P2017 mp-556637 CePd2Pt mp-1226474
25 Ba2Ca2TI2C03010 mvc-3021 Ba2Tb2Ti2Cu2011 mp-505223 PmHgRh2 mp-862913
26 Sr2CaCu2(Bi0O4)2 mp-555855 Sc2TICu3S5 mp-1209018 Sr2LaCu2HgO6 mp-1208803
27  Ba4TI2Cu2HgO10 mp-561182 Eu(GaGe2)2 mp-1225812  NdPd2Pb mp-1186317
28 Ba6Ca12Cu15Hg3037 mp-1229082 AgTe3 mp-1229041 PmTIRh2 mp-862967
29 BaCuReO5 mvc-7248 Sm3GaCo3 mp-1105102 Cd3Ir mp-1183645
30 Ba2Ca3TI2(FeO3)4 mvc-145 Nb4Rh mp-1220441 HgPd3 mp-1184658
31 Sr10Cu5Bi10029 mp-667638 La3(Al2Si3)2 mp-1211155 SnPd2Au mp-1095757
32 Ba2Ca3TICu4011 mp-1228589 Ce2In8Pt mp-1103614 PmTIAg2 mp-862966
33 Ba2Ca3TI2(Cu03)4 mp-556733 CaNb2Bi209 mp-555616 Rb2LaAuCl6 mp-1113498
34 La2B3Br mp-568985 Ce2In8Ir mp-1207157 VAg3HgO4 mp-1216423
35 BaTl(SbO3)2 mvc-10727 Tc6BiO18 mp-1101632 In2SnHg mp-1097125
36 Sr10Cu5Bi10029 mp-652781 Sb3Au mp-1219474 PrBiPd2 mp-976884
37 Ba2TI2Zn2Cr3010 mvc-3164 Sr4LaCl11 mp-1218463 TIIn3 mp-1216611
38 Ba2Ca2TI2Fe3010 mvc-3027 LaBiS20 mp-1078328 Cd2AgPt mp-1096169
39 Ba2Ti3TI2010 mvc-2939 HfNb4CN4 mp-1224363 Rb2CeAuCl6 mp-1113397
40 Sr2TaAlCu207 mp-1251503 MoN mp-1078389 In2SnPb mp-1223808
41 Ba2Mg3TI2(SnO3)4 mvc-10576 YZnGe mp-13160 Cd2AgPt mp-1183537
42 Sr2AITICo207 mp-1252241 Pr3(Al2Si3)2 mp-571302 Ag2PdAu mp-1096329
43 Ba2AITIV207 mp-1265780 Sr2(BiPd)3 mp-1207133 Ag3AuS2 mp-34982
44 Ba2CaTl2(Cu04)2 mp-6885 Na3HoTi2Nb2012 mp-676988 PmRh2Pb mp-862958
45 Sr2LaCu2(Bi0O4)2 mp-1209034 Sr2YCu2BiO7 mvc-280 PmPd2Pb mp-862950
46 Ba2AITIV207 mvc-3002 Na3DyTi2Nb2012 mp-689927 Sr2PrTICu207 mp-1208792
47 Ba2Mg3TI2(FeO3)4 mvc-28 Rb3NaRe209 mp-1209462 InAg2Au mp-1093943
48  Sr2DyCu2(Bi04)2 mp-1209149  Sr3Fe2Ag2S205 mp-1208725  Ag2SnBiS4 mp-1229127
49 Ba2CuHgO4 mp-6562 Ba2Pr(Cu02)3 mp-1228546 Sb3Au mp-29665
50 Ba2TI2W3010 mvc-3144 Ce3(Al2Si3)2 mp-29113 PmAg2Pb mp-862876

We compare the top-50 neighbours of the Hg-1223 superconductor obtained by using our
embedding and two hand-crafted descriptors (Ewald Sum Matrix and Sine Coulomb

Matrix)[110]. The query material, Hg-1223 (HgBa,CayCuz0g), has the highest known 7,
(134 K) at ambient pressure. Quite impressively, the neighbour list obtained by our

embedding seems to be completely filled with superconductors, including the well-known
Hg-1224 (No.1) and Hg-1212 (No.2) as well as Tl-based high-T, superconductors such as
T1-2234 (No. 8), T1-1234 (No. 32), and T1-2212 (No. 44). By contrast, the lists obtained
by the two existing descriptors contain irrelevant materials rather than superconductors.
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% 4.2: The top-50 neighbours of LiCoO, in comparison with hand-crafted
descriptors.

Our embedding Ewald Sum Matrix Sine Coulomb Matrix
No. Formula 1D Formula 1D Formula 1D
Query LiCoO2 mp-22526 LiCoO2 mp-22526 LiCoO2 mp-22526

1 Li14MgCo13028  mp-769537 LiNiO2 mp-25587 LiCoO2 mp-1222334

2 Li4Co3NiO8 mp-867537 Co(HO)2 mp-24105 CoHO2 mp-27913

3 Li8Fe(Co03)2 mp-761602 LiFeO2 mp-1222302 LiCoF2 mp-1097040

4 Li3(Co02)4 mp-850808 LiNiO2 mp-25316 LiCoN mp-1246462

5 Li3MnCo308 mp-774219 Li2NiO2 mp-19183 Li2CoN2 mp-1247124

6 Li20(Co02)21 mp-532301 MgMnN2 mp-1247154  Be5Co mp-1071690

7 Li3CrCo308 mp-849768 Li2CaCd mp-1096283 Be3Co mp-1183423

8 Li3MnCo308 mp-758163 NiO2 mp-25210 Be2Co mp-1227342

9 Li8FeC09020 mp-764865 LiFeOF mp-775022 CoCN mp-1245659
10 Li3Co2NiO6 mp-765538 MnO2 mp-1221542 Li3Co mp-976017
11 Li3CrCo308 mp-759149 Co(HO)2 mp-625939 Li2Co0O2 mp-755133
12 Li3TiCo308 mp-757214 Co(HO)2 mp-625943 Li2CoO2 mp-755297
13 Li4MgCo308 mp-754576 Li2Cu02 mp-1239022 Be12Co mp-1104193
14 Li5C02Ni3010 mp-769553 Co02 mp-1062939 Co02 mp-1181781
15 Li(Co02)2 mp-552024 NaCoO2 mp-1221066 Co02 mvc-13108
16 Li14Co013028 mp-777836 NiO2 mp-634706 Co(HO)2 mp-626708
17 Li3(NiO2)5 mp-762165 MgMnQO2 mp-1080243 Co(HO)2 mp-625939
18 Li2CoO2F mp-764063 LiCuF2 mp-753098 Co(HO)2 mp-625943
19 Li2(Co02)3 mp-758539 Ni(HO)2 mp-625074 Co(HO)2 mp-24105
20 Li5Fe2Co3010 mp-769566 CrO2 mp-1009555 Co02 mp-1062939
21 Li2CoNi308 mp-752703 CoHO2 mp-27913 Co02 mp-1062643
22 Li10Fe3C07020 mp-760848 NaLi2As mp-1014873 Co02 mp-556750
23 Li7Co5012 mp-771155 LiNiO2 mp-25411 CoH3 mp-1183678
24 Li3(NiO2)4 mp-755972 Li2Co02 mp-755133 CoH mp-1206874
25 Li9Ni15028 mp-759153 LiCuO2 mp-754912 Co02 mp-1063268
26 Li20C021040 mp-685270 CrN2 mp-1014264 CoN mp-1008985
27 Li7(NiO2)11 mp-768079 MgCr mp-973060 CoN mp-1009078
28 Li2(NiO2)3 mp-762391 Ni(HO)2 mp-1180084 FeHO2 mp-755285
29 Li4Co2Ni3010 mp-778996 Co(HO)2 mp-626708 LiFeO2 mp-1222302
30 Li2Co3NiO8 mp-757851 Ni(HO)2 mp-27912 LiFeO2 mp-19419
31 LiCoNiO4 mp-754509 VO mp-19184 CoBO3 mp-1183397
32 Li4(NiO2)7 mp-774600 Be4AlFe mp-1227272 LiFeOF mp-775022
33 Li(Co02)2 mp-774082 FeO2 mp-1062652 LiNiO2 mp-25411
34 Li(Co0O2)2 mp-752807 LiCoF2 mp-1097040 NiHO2 mp-1067482
35 Li8(NiO2)11 mp-758772 LiFeO2 mp-19419 Li4Co(OF)2 mp-850355
36 Li3BCoNi308 mp-774300 Na2NiO2 mp-752558 NiHO2 mp-999337
37 Li2CoNi308 mp-1178042 Li2Cu02 mp-4711 LiNiO2 mp-25587
38 Li7(NiO2)8 mp-690528 Li2Co02 mp-755297 LiNiO2 mp-25316
39 Li10Co3Ni7020 mp-769555 MgCr mp-1185858 LiFeO3 mp-1185320
40 Li7Ni13024 mp-758593 Sc2Co mp-1219429 LiFeN mp-1245817
41 Li9Co7016 mp-1175506 MnBO3 mp-1185996 CoNF3 mp-1213745
42 Li3Cr(Co03)2 mp-761831 VN mp-1001826 LiNiO3 mp-1185261
43 Li2Co3NiO8 mp-778768 NiHO2 mp-999337 Li4FeN2 mp-28637
44 Li2FeCo308 mp-1177976 CrO mp-19091 LiNiN mp-29719
45 Li4Co3(NiO4)3 mp-777850 Ni(HO)2 mp-625072 Be3Fe mp-983590
46 LiBAI2Co06 mp-1222591 VN mp-925 NiO3 mp-1209929
47 Li(NiO2)2 mp-752531 GaH6N2F3 mp-1224894 Be5Fe mp-1025010
48 LiFeO2 mp-19419 Fe(HO)2 mp-626680 Li2FeO2 mp-755094
49 Li4AINi308 mp-1222534 CiN mp-1018157 Be12Fe mp-1104104
50 Li3CoNi308 mp-757871 VN mp-1018027 FeB2 mp-569376

We compare the top-50 neighbours of LiCoO, obtained by using our embedding and two
hand-crafted descriptors (Ewald Sum Matrix and Sine Coulomb Matrix)[110]. The query
material, LiCoO,, is one of the most crucial lithium-ion battery cathodes. In the list of
our embedding, the many neighbours of LiCoO, are occupied by LiCo; M, O, families
with the same layered structure as LiCoO, but partly substituted with different
transition metals M. While most of our list is filled with lithium oxides, the other two
lists obtained by the existing descriptors do not suggest this consistent trend.
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O—FLLTD, T—XEEKT 70 —FOEMEEZRTEDTHLLEZSND,
INGZBUT, FHIIT — X 2R T 2 &0 HEEZHAITERTE -2 D
EEZD,

oIz, FHIP Y I ab—Ya ViTd s THRLONSREHEET — X DRIz DWW
TH, WP EZ AU 20N FEORRICE D flA 7, S & MR I
WIZEMCHET 5 2 &0 6, KGR T OFELINEZ MBI OREIZ £ THAIAA
TEREMT S Z &L <. BHOWEORHMIZMTEE O FBNFERICH > Tz, %
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LeEZT, T, EEHREEEAWSZ LT, SEEIcoOWT, MEoa Y
7 N ERZATZRT FIVERBL (embedding) %7326 FiEZMAFE L2, 2D embedding
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DS ZEWAREL 725, FH U7z embedding D3 4rH &, SR LY B REIK D,
Li 1 A &b R Y, EEAYEO 3>t 7 N &2 2 725D embedding 12 K
BLEXNTWNWDE Z EDERI N, MEEMEET — X203 & 7 MELMEIZHED < HEEP,
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BB RGHAREEDFIE LT, 7Ty 7Ry 7 Akt E AWz ) — s )L b
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