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Quasi-atom: a missing concept in solid compounds

Atom (

Particle-in-box

b\
RN

1}
N

\ L/

Nucleus

Quantum confinement from boundary condition

-
&

-
@‘G
-
GGG GG

In solid compounds, all local orbitals are born equal.

Quasi-atom




Quasi-atom Chemistry in materials

Quasi-anions Quasi-molecules . . .
Once occupied, interstitial states become
O chemically active sites
0.023
S5 Overlap creates distinct motifs: quasi-anions,

0019 quasi-molecules, and bonding/anti-bonding
o017 guasi-atom pairs

QCL'

Na 200 GPa Li 80 GPa

Quasi-atom bonds Motifs help explain stability, band-gap

behavior, and electron transport in dense
materials

Miao et al. Angew. Chem. 2016, 56, 972-975
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Quasi-atom bonds govern metal structures

1 2
A 1A The complex pattern of metal

H structures: a 100-year puzzle

Na @ 3 4 5 6 7 8 9 10 11 12
B IVB VB VIB VIB VIIB VIIB VIIB IB 1B g ‘
& FCC
K Ca e \"/ Cr ‘x\\M\Q‘? Fe Ni Cu O
HCP
Rb| | Sr @@ Nb | [ Mo @ rh | [pd | A \\\ Be HCP
k\ Other
\\\\\ .‘\\\_
Cs || Ba| YLa) Ta|| W Ir Pt| | Au |} g\?
NGNS NN

* Alkali metals adopt BCC
* Alkaline metals adopt close packed except Ba (BCC)
* Transition metals Ca HCP Ca FCC
* Grps 3&4 HCP -2 Grps 5&6 BCC =2
e Grps 7&8 HCP = Grps 9,10,11 FCC = Grps 12 HCP Sun & Miao, PNAS 2023




Chemical template theory

Conventional bond Chemical templates

sublattice

Sun & Miao, Chem 2023, 9, 443-459.



The ELF and the chemical templates in superhydrides
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Electron localization function (ELF)
compares local kinetic energy density
to a homogeneous gas

1

B =T Xz (r)

High value = localized electrons
Low value = delocalization
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Hydrogen atoms assemble in
interstitial sites with high electron
localization
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Sun & Miao, Chem 2023, 9, 443-459.



Density Functional Theory and Structure Search

. . . First principles (QM)
Provides energies, forces, and electronic

structure by solving for electron density r y) o

Il
— ! o
Allows relaxation of structures at target gj &%ﬁ o
pressures via enthalpy comparisons I ﬂ)

CALYPSO searches over lattice vectors
and atomic positions to find low- Zm
enthalpy structures

Best candidates undergo further
calculations and analysis




Machine Learning vs Deep Learning

Machine Learning

Input Extract Labels Train Predict Traditional machine learning

usually depends on hand-crafted
— - descriptors extracted from inputs
S — A 39t m

v

A

Deep Learning

Deep learning maps those

Extract + Train Predict representations automatically
X X“X“X X . during training
RKaXaXaXal




Anatomy of a neural network

Forward Propagation
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Backward Propagation
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AutoGluon and Convolutional Neural Networks

@ AutoGluon

Input

Encode Decode

Automated machine learning framework that
trains, tunes, and combines multiple models

Useful for feature-based data where input is
a set of descriptors

Output

Convolutional neural networks
(CNNSs) learn spatial patterns
from input

In encoder-decoder form, it can
transform one spatial field to
another
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PHYSICAL CHEMISTRY

Topic 1:
Designing

tunable TMX,
electrides

ACSPublications N——
Most Trusted. Most Cited. Most Read.

Sun, Ellis, et al. J. Phys. Chem. Lett. 2024, 15, 6174-6182.
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TMX, and Chemical Templates
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From Ca,N Electrides to TMDC Catalysts

* Electride: material where trapped electrons act
as anions

* Electrides enable strong H, activation

* Major limitation: Ca,N is highly sensitive to air
and water

y I“‘A * Solution: Can we engineer electride states in
stable monolayer compounds like TMDCs?

Electron layer

MX,

X DDA DD DD LS

.‘."‘.‘.‘.‘.‘...‘.‘.‘."‘.‘.‘.....‘.

PAPAPAP AL AP AP AP AP AR AP AP AP AP AP AP 40 4] &

14



Chemical-template impacts TMDC stability

Electron Localization Function (ELF)
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Metal sublattice retains distinct interstitial localization across 2H, 1T, and 1T’ phases

Larger ELF value at X, correlates with lower formation enthalpy

15



Tunable electrides through defect

engineering
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Vacancy engineering creates strong electrides

PDOS

Only chalcogen vacancies generated interstitial
electrons at the defect sites
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Quasi-atom states in Vg and Vgy.m052 CONtribute
strongly near the top of the valence bands
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Localized quasi-atom states at S vacancies
HOMO at I' of V¢ MoS, HOMO-1 at I" of V, MoS,

Frontier states in both Vg and Vs, are spatially localized at the vacancy-centered
quasi-atom site

Localized electride states carry substantial charge at vacancy cite

18



Vacancy-induced electrides regulate H adsorption

Chalcogen vacancies trap excess electrons
Localized electrons behave as 0D electride states

Electride states tune H binding toward optimal HER

Crystal orbital of monolayer MX, with X vacancy

Electron localization

J .N\ >, »f\ R

0D Electrides __°le in regulating
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Topic 2: High

Pressure
Superconductivity

- J
WILEY.#ven ¢

Zhao, Ellis, et al. Adv. Funct. Mater. 2025, 35, 2415910.

Ellis, et al. J. Phys. Chem. Lett., submitted.
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Superconductivity in molecular

hvdrides
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Critical temperature T; [K]
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Superhydrides hold record superconducting T.
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High-pressure chemistry
unveils unique material
structures and unusual
stoichiometries leading to
discoveries of high T,
superhydrides
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The ELF predicts superhydride formation
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Electron localization function (ELF)
compares local kinetic energy density
to a homogeneous gas

1
1+ x2(r)

ELF(r) =

High value = localized electrons
Low value = delocalization

Hydrogen atoms assemble in

interstitial sites with high electron " 0.-1
localization Sun & Miao, Chem 2023, 9, 443-459.
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Structure and bonding in NaKH;>
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Origin of high T. Superconductivity

®H @K ®Na
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Frequency (THz)
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Elongated H, bonds create interstitial electronic state

Conventional H,
bonding state

&
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Interstitial orbital
between H, units

- == HOCO e ™

-1F --- (NaK)H,, bond (A) o\
9

0.70 0.75 0.80 0.85
H-H distance (A)

Interstitial state becomes
occupied above ~0.79 A
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NaK metal sublattice acts as a chemical template

ELF of NaK metal
sublattice shows
strong interstitial
localization

Occupied orbital of Orbital persists in full
sublattice is centered NaKH, linking neighboring
at the same interstitial H, molecules

sites
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Metallization in high pressure H,

28



Competing phases for dense H, under pressure

Ama2

Many proposed phases are very close in
enthalpy, assigning a “correct” structure is
difficult

Representative structures chosen due to
agreement with experimental results

Enthalpy difference per proton (meV)

e 75 100 125 150

— — Cmca — — P6Jmmc —— High-Cmca Pben
Pa3 P2,/c Ibam f,,é 'm

Peaz, Cmem Cmca-12 %

- C2C

100 150 200 250 300 350 400

Pressure (GPa)

Pickard & Needs, Nat.
Phys. 2007, 3, 473-476.

29



Pressure-driven gap closure in molecular hydrogen

B2n (Phase IIl) Ama?2 (Phase IV) PBE is known to
>0 | underestimate
HSEO06
%‘ 2.5 7 HSEOG . energy gaps
S 2.0 .
G ;5] aPBE | eBE HSEO06 functional
2 is more consistent
o 107 T with experimental
0.5 A - metallic transition
0.0 ! . o near 425-500GPa

| I I I | I I | I I I
200 250 300 350 400 450 200 250 300 350 400 45(
Pressure (GPa) Pressure (GPa)

PBE - standard DFT functional that approximates electron interactions
HSEO6 — more accurate, but more expensive functional (exact exchange)
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Energy (eV)

Interstitia

B2n 425 GPa

In Amaz2, layered geometry channels
charge into sheet-like pathways
between molecular layers

band-edge states drive metallization

In B2n, conduction band minimum
forms lobes that bridge neighboring
molecules through dense 3D lattice

Energy (eV)
[=)

AmaZ2 400 GPa
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ACSPublications
Most Trusted. Most Cited. Most Read.

Topic 3: Machine

learning assisted
materials discovery

Sun, Ellis, et al. JACS 2025, 147, 40407-40419.
Ellis, Miao. PRX Intelligence, submitted.

32



Chemical-template guided

superhvdride discover
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The ELF predicts superhydride formation
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Electron localization function (ELF)
compares local kinetic energy density
to a homogeneous gas

1
1+ x2(r)

ELF(r) =

High value = localized electrons
Low value = delocalization

Hydrogen atoms assemble in

interstitial sites with high electron " 0.-1
localization Sun & Miao, Chem 2023, 9, 443-459.
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Chemical template-based discovery workflow

Two-step approach enables the discovery of metal superhydrides
New theory Identification of Identification of
. Step I metal lattice metal superhydride
Chemical template Step II ﬁ °
9
concept J : Q) J - J\\Q)
E §§>: o
Searching space | ™ % & 0>
O Given metal type b o o . (‘ $ D
O Given H/M ratio 9

Traditional structure search approach

Using the chemical template theory and corresponding 2-step approach
greatly reduces the search space and makes superhydride discovery more
efficient.
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Predicting formation energy from metal templates

B. Feature engineering

C. ML model training

A. Training data preparation
2 2 L p——
B lraining se
MH,_Sym,_P M[H,],_Sym,_P O Atom features soo @ Testset
@ooo@Vv @ ©O w5 | X N Wi |5
Q d) Remove O Crystal features < 1507
[+))
e Q0 ¢ o P | @ | Veen| | L E |
Structure 5 [_) z3100
O Compositions Y W

g ‘optamlzatlon ’ ‘

x” xﬂ'[ xf/x/\/l 50 -

MAE = 11.366
R? = 0.951

M: 16 s-d border metals : O Electron features
, Thermodynamic 0 T T T T
ﬁyg"p zsspl:‘r’;?c”f’;z Conermas™ [ Stability (Ey,) ] Al v | Bl g | » 12%;(,“;\5}? 00 20
Step 1. training set Step 2. feature Step 3. ML
preparation (DFT) engineering model training
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Screening metal lattices for promising candidates

D. Candidate preparation

E. Metal lattice screening

Metal lattices
Hypothetical M lattices W Self-consistent
©¢9 Po M[H,]J,_Sym, 200GPa | Calculation [ 7939
° P M: 16 s-d border metals Feature candidates
09 09 x: integer within [6, 16] oNgnesiNg
) Sym,;: 52 prototypes
IOptimization at 200 GPa “Structure generation
r Volume expansion R
Aa; A
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1421 metal
lattice candidates

Step 4.
metal lattice
candidates

Step 5.
metal lattice
screening
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Predicting new superhydride structures

F. High-throughput computational screening of metal superhydrides Step 6 Search MH
. n

[Metal lattice candidates o Potential superhydrides

° 9 Crystal structurg predictign at given Q WO rkﬂ ow based
) 0 O | M-H stoichiometries ) ) %@ o] The H atom on the Chemical
- 101 t position
%0, & e , ‘))-e 4 d’ signswitn | | template
) 0 o ) 5 1) distribution
0 ) ———=======fYes:==z========= L ) NeW Structures W|”
Stability analysis o Substitute M with s-d border metals rExtending to other M-H system\ be transfe rred to

Structure

i ucture i (meV/atom)
| " £ optimization : EE 50 other MH,, and SCC
g E,” % |Discard|i il B_a‘ [ o5
i e i Ce| Pr | Nd| Hf Allows us to search
? ave prototype to M-H system / : .
— — s R . Ac|Th|Pa| U I_0 complex MH,, with
= 13 prototypes, 31 metal superhydrides h g Very |arge cells
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Newly identified metal superhydrides
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Superconductivity of novel superhyc
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Training data

This work

Estimated 7, values suggest that many of the newly discovered superhydrides are strong
high 7. candidates, with 19 above 100 K

Superconductivity is driven mainly by H-dominated high-frequency phonons

Workflow identified 31 new stable metal superhydrides and 13 new structural prototypes
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Seitz-invariant ELF prediction via 3D

CNN
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The ELF can be expensive to calculate

First Principles (QM) Machine Learning (ML)

) - Encode Decode
& — . Input Output
. .‘\ -

i - LI-(po-uQy-

hZ
—— VY 4+ VY = EY

2m Solution: We can treat the ELF as a 3D image
The time required torun a and train a model to predict it directly
quantum mechanics-based
calculation scales cubically Problem: How do we represent our structure?

with electron count (N)
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Crystal structure representation

Crystal input | Fields on the unit-cell grid
SAD field psap(r) ELF field ELF(r)
P -

< L -

Atomic species Construct SAD
A={a; a, ..} i N
Fractional coordinates

Xel[0,1) DFT post-processin
— ELF
SHfiMposacmcme g%%smes Reference ELF from DFT
Crystal input (A, X, L) Fields defined on the same periodic 3D grid (N, x N, x N,)

SAD is the electron density obtained by freezing atomic charge density at each atom center
without allowing their electron clouds to hybridize or relax into bonded states

Since the SAD and ELF have the same grid size, the problem is nhow an image transformation
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Making the model Seitz-Invariant

Seitz operator notation Symmetry on the grid
({_) Seitz 6}>erators RIty
T—__ _  Space-group R t
/ | @ & symmetry P MG
[ /" Rolations, translations, {Rl8= 8 ol 8
| o T | and possible inversions "
‘ _ A |
< o | { Ce (oo 0 90 rohakon about
\:g"'i\__ | stom 1o Gquialert posiions mitor (12.0,0) mm&fv:nslauonz
/ in the infinile crystal. Space-group operations permute grid points
—

Seitz symmetry — Standard notation system for describing the symmetry operations
of crystal structures in 3D space groups

Invariance — Property that guarantees the model makes the same prediction even if
the crystal structure is rotated or translated according to its symmetry group
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Architecture for a symmetry-aware image transform

; "“
-

Latent 3D features

Input Output

Predicted

ELF voxel @ H

values.  predicted ELF

45



Physics-aware loss function

Kendall Loss: An adaptive weighting scheme that

automatically learns how to balance the voxel, gradient,
and histogram objectives during training, eliminating the
need to manually tune loss weights.

Predicted Compare prediction Reference
and target patch.
y(r)) y(r))|
9 * Lv * Lhist *

Voxel loss (L) |

i d

Smooth-L1 over ELF values
Encourages accurate
L voxelwise predictions.

J

Gradient loss (Ly) |
A
= A
B

—

Match periodic finite differences

Preserves sharp features and

. comrect ELF vanation.

(Histogram loss (L, ;)

ply)

KL divergence between

Matches global distribution
& of ELF values. )

VOX vs. Epoch

0.035

VOX

0.030

0.025
0 50 100 150
Epoch

HIST vs. Epoch

0.6

504
T
0.2
0 50 100 150
Epoch
GRAD vs. Epoch
0.15
3
& 0.14
0.13
0 50 100 150

Epoch
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Electron localization function prediction

GaBaBinary Syetem 0 Parity Plot: ELF Maxima (Metallic Structures)
’ ° O."s //
T Model tested
') :..’:°‘.‘. )
°7] s ; -“-:g';g:! o on subset of
; :ﬁ..‘f metal lattices
€ 038 o doeal Ryt 00
DFT ML £ . e ‘”& . "? -
Calculated Predicted s ° .-.".o. ) 28 ,:.o.“ A T MaXima most
FePb Binary System 507 y.t' 9 }'.u Ay
3 D X .l relevant to
§ ...0 :. < J.O :::Q:.O o™ . .
8 06 Ci ey O prediction of
- r &R |
AN superhydride
4 ° )
os{ Mt . structures
// ’. ‘.. °
04+ i - : : .
ML 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Calculated Predicted DFT Calculated ELF Maximum
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Conclusions

* Quasi-atom states and chemical templates provide a framework for
understanding the formation mechanism and structure preference of
many compounds

* In TMX, monolayers, chemical templates and vacancies create tunable
electride behavior and influence H adsorption

* Interstitial states help explain strong superconductivity in molecular
hydrogen and pressure driven metallization of H,

* Template-guided machine learning accelerates discovery, enabling
efficient screening of superhydrides and rapid ELF prediction

Quasi-atoms & Tunable TMX, electrides Superhydrides & dense H, Physics-guided ML
chemical templates

_— o X vacancy [ .
n _Q —© ; ﬁ) v - J
N i W | N\ M ‘l « W Vi v I
- YV LYY B b

Structure Physics-informed ELF prediction
i encoder-decoder (3D field)

i b4 y * A AW (' C /s
kr k, e | O - f\(\ro\f\f -> L/‘\ﬂ\l~,,/
| 69 61— VY e e || S e
— o Q" S . F o>
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Future work

Aim 1: Supercomposition Dataset Curation Aim 2: Representation, Training, and Candidate Screening Aim 3: Chemical Template Guided Crystal Structure Search of Candidates from Aim 2

Candidate metal template Crystal structure prediction at

—| predicted M-H, M-C, M-B, M-N, M-BC,
M-BN stoichiometries from chemical

M

Bo W T W s
o w2
Mo

Metal sublattice » Superposed spherical = | EE T e \
“ ‘ atomic densities in 3D grid (SAD) ——

Lattices

St Y Zr Nb
ot Y Siconm Nopim

‘M Remove N Model trained to predict - template effect B il i ] B
Hatoms » ‘ D= - formation enthalpy from BlOSbEEE Metal lattices 4% =L o
D — » SAD metals and binary & B i e
O ; S : 1 ternary mixtures o Lowest AH( structures screened for Ra %__ E:'},m %__
I. t_ruf:tur'e ’ . an Downstream 3D Conv. (] o . o stability by convex hull oo
%) optimization = e
50 E

%
Ac Th /
Ao T
R B

Epu <50

low formation
enthalpy, therefor

i=1

L
;a/r
='; @ CEE p
k J % mEEn: @ Metal lattices with o ‘ 'o ‘
: (]

{“‘1/: HEOPQXTY) = ) viHeem X,

M: 16 s-d border metals L—— strong template Can substitute M with
P: 5 pressure points Enthalpy of Seitz symmetry pooling effect, are good Can explore supercomposition s-d border metals and
Formation candidates for Aim 3 compound for target properties repeat
1. Acetonitrile Under 2. Elusive Transition State 3. Transformation to
High Pressure (Non-Equilibrium, Under Compression) Polymeric / Carbonaceous Phases

Forming
Bonds
______________________ v
Non-equilibrium transition state Polymeric / Carbonaceous
under high pressure Network
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