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Supplementary Text
Molecular fingerprinting

All organic spacer structures in this study were stored in the Simplified Molecular Input Line Entry
System (SMILES) format, a widely used textual representation of molecular structure. Molecular
fingerprinting was performed to extract key structural and chemical descriptors.

For high-throughput purposes, fingerprinting was automated using the RDKit library in Python.
The workflow took the SMILES representation of the organic spacer as input and returned a set of
12 organic descriptors, categorized as follows:

(1) Conjugated backbone descriptors: number of rings; percentage of ring linkages; percentage
of six-membered rings

(2) Tethering ammonium descriptors: number of primary ammonium groups (-NH3+); linker
length (distance between ammonium groups and backbone); and ammonium position on the back-
bone

(3) Heteroatom substitution descriptors: number of nitrogen atoms (pyridine-type); number of
fluorine atoms, number of oxygen atoms (furan-type); number of nitrogen atoms (pyrrole-type)

(4) Side chain descriptors: number of side chain attached to linkers; number of side chains
attached to the backbone

Descriptors were computed using SMARTS (SMiles ARbitrary Target Specification) patterns,
enabling the identification and counting of specific functional groups. A new descriptor, the ammo-
nium position on the backbone, was developed specifically for this work. This descriptor quantifies
the relative position of tethering ammonium groups on the conjugated backbone using a distance

matrix approach (see Figure S4).

High-throughput calculation

Molecular morphing. Molecular morphing was implemented as a systematic method to explore
chemical space by generating variants of molecular structure. The process used reaction SMARTS
patterns implemented in the RDKit library to iteratively apply predefined chemical transformations.
This approach performs stepwise modifications on a starting molecular structure, generating new

variants while adhering to defined chemical constraints.



The molecular morphing process began with PDMA, a well-characterized prototype molecule,
represented in SMILES format. As shown in Figure S6, a set of 13 morphing operators, encoded as
17 unique SMARTS patterns, was defined to ensure that each transformation adhered to established
chemical constraints. These morphing operation include: increasing number of rings, substituting
heteroatoms on aromatic rings, modifying linker lengths, etc.

Each operator was applied iteratively to the starting molecule to generate new molecular struc-
tures. The newly generated molecules were stored as SMILES strings, ensuring compatibility with

downstream fingerprinting and modelling workflows.

Frontier level calculation of organic spacers. The 3D molecular structures of organic spac-
ers were generated from SMILES string using the RDKit library, which efficiently converts the
molecular graph representations into 3D coordinates.

Conformational sampling was performed assuming isolated, gas-phase configurations of the
spacers, independent of their incorporation into the 2D perovskite lattice.

For each spacer molecule, an ensemble of 3D conformers was generated with the Experimental-
Torsion-Knowledge Distance Geometry (ETKDGv3) algorithm, which reproduces experimental
torsion-angle distributions and accurately models small-ring and macrocyclic systems, followed by
energy minimization using the Merck Molecular Force Field (MMFF94s).

The lowest-energy conformer from the optimized ensemble was selected for subsequent quantum-
chemical calculations.

DFT calculations were then performed using Gaussian 16 package with the B3LYP functional

and 6-31G** basis set to calculate the energy levels of the HOMO and LUMO.

Hybrid Perovskite Structure Generation. The hybrid perovskite structures were constructed
by inserting the organic spacers into a Pbls-based inorganic framework. Initial conformations
of the organic spacers were visualized in Avogadro and adjusted according to literature-reported
configurations to reflect their likely conformations within the 2D perovskites. Specific modifications
include:

(1) Ensuring the linearity of linker groups to reduce aggregation effects observed in isolated

forms.



(2) Constraining rotations of linked aromatic rings to reflect dihedral angles typically found in
hybrid perovskites, which are smaller than those in the isolated gas phase. For instance, benzene-
benzene linkages were assigned a dihedral angle of 20°; thiophene-thiophene and thiophene-
benzene linkages were constrained to 0°.

A 2 x 2 x 1 supercell of Pblg octahedra was employed (each unit cell containing four organic
spacers and four Pbly units), starting with an ideal cubic configuration in inorganic layers. Organic
spacers are aligned along the lattice ¢ direction, with two ammonium tethering groups intercalated
within the cavities formed by the Pblg octahedra. Organic spacers are arranged in herringbone
(out-of-phase) configuration (see Figure S10). This configuration was chosen as it is frequently
observed in experimental studies, with minimal influence on the electronic structure compared
to other configurations. Interlayer distances between neighbouring Pbly layers were modulated
according to spacer length, ensuring realistic structural representation. The framework was built

programmatically using a combination of RDKit and pymatgen.

Perovskite Structure Relaxation. DFT-based structure relaxations were performed using the
Vienna Ab initio Simulation Package (VASP) 5.4.4 with the Perdew-Burke-Ernzerhof (PBE) func-
tional and projector augmented wave (PAW) pseudopotentials. Grimme’s DFT-D3 dispersion cor-
rection with zero damping was included to account for van der Waals interactions critical to layered
perovskites. Relaxation was conducted in two steps:

(1) A preliminary relaxation with a loose reciprocal density of 64 (resulting in k-point grids
suchas 1 X 1 X 1or1x1 X2, depending on the lattice parameters along the c-axis).

(2) A tighter relaxation with a reciprocal density of 300 (resulting in k-point grids such as
3x3x2,3x3x%x3,o0r3x3x4). Convergence criteria required an energy difference per atom

below 5 x 1076 eV.

Electronic Structure Calculations. To investigate the electronic properties of 2D perovskites,
spin-orbit coupling (SOC) was included due to the significant relativistic effects in Pb-based
compounds. The following workflow addressed the known limitations of commonly used functionals

in predicting bandgap values and ensure alignment with experimental data:

1. Band structure shape identification: The band structure across the Brillouin zone was initially



calculated using the PBE+SOC functional. This functional effectively captures the qualitative
shape of the band structure but is known to underestimate the bandgap for perovskite materials.

The results provided a foundational map of the electronic band dispersion.

2. Accurate bandgap calculation at representative points: To obtain accurate bandgap values,
the HSE06+SOC hybrid functional was applied at critical points in the Brillouin zone (I" and
7). This method corrects the bandgap underestimation of PBE+SOC, ensuring quantitative
agreement with experimental values. For structures with interlayer distances below 5 A,
calculations were performed at both I and Z points to capture the dispersion of inorganic
bands from I" to Z. For larger interlayer distances (greater than 5 A), calculations were focused
on the I'" point only, as the dispersion becomes negligible. A Hartree-Fock exchange (HF)
percentage of 40% was used in the HSE06+SOC calculations, yielding bandgap values with

a deviation of only 0.05 eV from experimental results.

Figure S37 shows the impact of mixing factor on the organic frontier levels in DJ perovskite.
A range of mixing factors (25% to 45%) has been employed in earlier studies to match
experimental bandgap values. In this work, we select a mixing factor of 40%, as it yields
the smallest average error of 0.05 eV. The mixing factor impacts the organic levels slightly
more than the inorganic levels, though both follow very similar trends. This suggests that the

energy level alignment type is unlikely to vary significantly for most proposed DJ perovskites.

Table S1 and S2 shows the bandgap of several existing DJ perovskites with different mixing
factors, confirming the mixing factor of 40% yield the smallest error compared to experi-

mental value.

3. Band structure across the Brillouin zone: Band structure was calculated using the HSE+SOC
method for the three representative candidates shown in Figure 6¢c—e. To reduce computational

cost, only five k-points were sampled along each k-path.

High-Throughput Framework. The high-throughput DFT calculations for both organic spacers
and hybrid perovskite structures were conducted on the Gadi supercomputer, utilizing a workflow
based on the Materials Project (MP) input parameter template. The MP standards are widely

recognized as the minimal benchmark in the field of DFT calculations, ensuring reproducibility



and consistency across studies. These parameters are particularly suitable for capturing the general
structural and electronic properties of a wide range of materials.

To meet the specific demands of hybrid perovskite systems, which are characterized by strong
spin-orbit coupling, van der Waals interactions, and low-symmetry structures, we further refined

and tightened the computational parameters. Key refinements included:

* Energy Convergence Criterion: The MP default for electronic energy convergence (EDIFF)
is 5% 107 eV per calculation. For our study, we set a stricter threshold of 5 x 107® eV per

atom to ensure reliable energy differences for low-symmetry perovskite structures.

* Plane-Wave Cutoff Energy: While the MP standard cutoft energy is typically 520 eV, we
adjusted this to 480 eV, as testing showed that this value-maintained accuracy for perovskite

systems while optimizing computational efficiency.

* Reciprocal Space Sampling: For initial structural relaxation, we used the default MP recip-
rocal density of 64 (resulting in k-point grids such as 1 X 1 X 1 or 1 x 1 X 2, depending
on the c-axis lattice parameter). For final relaxation and electronic property calculations, we
increased the reciprocal density to 300, corresponding to dense k-point grids such as 3x3x 3,
3x3x%2,or3x3x4. This stricter k-point sampling ensured accurate modelling of structural

distortions and electronic properties in the layered perovskites.

* Dispersion Corrections: To account for van der Waals interactions in layered systems,
Grimme’s DFT-D3 dispersion correction with zero damping was included. This refinement

is critical for accurately describing interlayer interactions in 2D perovskites.

The high-throughput framework was automated using the pymatgen library to generate VASP
input files and parse outputs, enabling systematic and efficient exploration of ~ 3,000 organic
spacers and ~ 400 hybrid perovskite structures. By building on the minimal standards established
by the Materials Project and incorporating additional refinements specific to perovskites, we ensured
that our computational results met the highest standards of accuracy and reliability for this material

system.



Machine Learning

All machine learning tasks in this work were conducted using the Scikit-learn library in Python.
This included data preprocessing, dimensionality reduction, training of regression and classification

models, and extraction of feature coefficients for model interpretation.

Dimensional reduction for chemical space visualization. To visualize the chemical space of
organic spacers, we employed unsupervised learning techniques for dimensionality reduction. We
compared Principal Component Analysis (PCA), a linear dimensionality reduction method, with
t-distributed stochastic neighbour embedding (t-SNE), a nonlinear technique designed to capture
complex high-dimensional data structures in a lower-dimensional space. While PCA provided an
initial overview, the resulting plots exhibited significant overlap between data points, limiting its
ability to distinguish between structurally diverse spacers. Consequently, we selected t-SNE for its
superior capability in preserving local and global relationships within the data.

Each spacer was represented numerically using a 12-dimensional fingerprint vector that encodes
key structural and chemical features relevant to our analysis. The dataset, comprising ~ 20, 000
fingerprints corresponding to ~ 4 x 10% spacers generated across generations Go to Gg, was
subjected to t-SNE analysis. We utilized a perplexity of 40 to balance the consideration of local and
global data structures, optimizing the algorithm’s sensitivity to both densely and sparsely populated
regions of the chemical space.

The output of this process was a set of two-dimensional coordinates that effectively represent
the high-dimensional chemical space of the spacers, enabling clear visualization of structural

similarities and differences across spacer generations.

Data Collection and Input Features. The dataset comprised high-throughput computational
data on 3,239 organic molecules across generations G to G4 with varying structural and electronic
properties. The target properties for prediction were the highest occupied molecular orbital (HOMO)
and lowest unoccupied molecular orbital (LUMO) energies of isolated organic spacers.

The input features were 12-digit organic fingerprints, which are highly relevant to the target
properties due to their comprehensive representation of molecular descriptors. These fingerprints

capture the chemical, electronic, and structural characteristics of the organic molecules, providing



a robust basis for predictive modelling. Correlation analysis revealed minimal redundancy among
the features, negating the need for additional feature selection methods.

To ensure comparability across features, all input data were normalized to have zero mean and
unit variance using the StandardScaler module in the Scikit-learn library. This normalization step

mitigates bias arising from differences in feature scales, thereby optimizing model performance.

Model Training and Validation. The data was partitioned into training and test sets using an
80:20 random split, ensuring an unbiased evaluation of model performance. The training data was
further subjected to five-fold cross-validation to ensure robustness and to avoid overfitting.

We evaluated the performance of several machine learning models implemented in the Scikit-
learn library. Grid search with cross-validation was used to identify optimal hyperparameters for

each model, as summarized in the following table.

Method HOMO LUMO

Linear regression no hyperparameter | no hyperparameter
Lasso regression a =0.001 a =0.001

Ridge regression a=10 a=50

Elastic net regression a =0.001 a =0.001

SVM (kernel = linear) C=20,e =0.1 C=10,e =0.1
SVM (kernel = rbf) C=10,e=0.1 C=10,e =0.1
SVM (kernel = poly) C=1,e=0.1 C=1,e=0.1

K neighbours regressor | n_neighbours =7 | n_neighbours =7
Random forest regressor | n_estimators = 100 | n_estimators = 100

Performance metrics. The models were evaluated based on two key metrics:

(1) R? Score. Quantifying the proportion of variance explained by the model, with higher values
indicating better fit.

(2) Root Mean Squared Error (RMSE): Providing an absolute measure of predictive accuracy,

with lower values indicating smaller residual errors.



Both metrics were calculated for the training and test datasets. The results demonstrated excellent
predictive performance for both linear (~ 0.95) and non-linear models (~ 0.99). This level of
performance suggests that the relationships in the data are well captured by the chosen models,
obviating the need for more advanced techniques, such as deep learning, for this study.

LASSO regressions were selected as the optimal model due to their decent predictive accuracy
and interpretability. The importance of each input feature, both normalized coefficient and unnor-
malized coefficient, was analysed to verify the contribution of the organic fingerprint descriptors

to the target predictions.

SHAP value analysis. To interpret the feature importance and contribution of individual organic
descriptors in predicting HOMO/LUMO, we employed SHapley Additive exPlanations (SHAP)
values. SHAP values provide a game-theoretic approach to quantify each feature’s impact on the
model’s output.

Unlike the conventional approach of using the average feature value as the reference point, we
calibrated all SHAP values using a baseline molecule from Generation 0. This calibration allowed us
to directly compare feature contributions relative to a chemically meaningful reference, facilitating
more insightful interpretations.

The SHAP values were computed and visualized using the SHAP library in Python.

Synthesis feasibility

Synthetic accessibility The presence of an organic spacer in the PubChem database was used as
a proxy for synthetic accessibility. PubChem is a comprehensive chemical information repository,
widely used to assess the availability and feasibility of molecular synthesis.

The neural form of organic spacers is converted to SMILES format to ensure compatibility
with PubChem’s search algorithms. The neutral SMILES string was used to retrieve chemical
information via the pubchempy library, which interacts with the PubChem API. Key identifiers,
including the compound identifier (CID) and International Union of Pure and Applied Chemistry
(IUPAC) name, were extracted for each molecule.

The SA score is calculated using RDKit from organic molecules in their neutral form. These

scores typically range from 1 to 10, with lower scores indicating better synthetic accessibility.



Formability topological molecular descriptors. Formability score was calculated based on five
topological molecular descriptors. The distance matrix of each organic spacer is obtained using
RDK:it library. All hydrogen-donor nitrogen atoms was identified in the distance matrix, and their

corresponding distance matrix was calculated according to the equation below.

1. Steric hindrance index (STEI): This descriptor measures the steric hindrance around a target
nitrogen atom, calculated as the inverse sum of the cubed distances to all other atoms in the

molecule:

STEL, = Zn: L (S1)
J=1 (dN[—AtomJ-)

A larger STEI indicates a higher density of nearby atoms, increasing steric hindrance and

potentially reducing the likelihood of forming hydrogen bonds with the inorganic framework.

2. Eccentricity: Eccentricity quantifies the molecular shape with respect to a nitrogen atom,

measuring the longest distance between the nitrogen and any other atom in the molecule:

Eccentricityy, = max (d Ni— Atomj) (S2)

Larger eccentricity values correspond to more elongated molecules, which are favorable for

forming 2D perovskite layers.

3. Number of rotatable bonds (NumRot): This descriptor reflects the flexibility of the ammonium
group tethered to the nitrogen atom, calculated as the minimum distance from the nitrogen

to the nearest atom in the conjugated backbone:

Num_Roty, = min (dNi_RingAtom j) (83)

A higher number of rotatable bonds improves flexibility, facilitating the anchoring of the

organic spacer to the inorganic framework.

4. N-N pair distance (Disyy): This descriptor measures the spatial separation between two

nitrogen atoms in a molecule:
1

(S4)
]

DiSNl-—Nj =



A smaller value indicates a larger distance, reducing repulsive interactions and enhancing

structural stability in 2D perovskite layers.
5. Ammonium position in backbone: this descriptor is one of the 12 digit in fingerprinting. See
Figure S4 for more details.

(dN i—N. j) - dprimary ammonium
Max(dertom i—mAtom j )

Ammonium_positiony _ N = (S5)

To translate raw descriptor values into a unified formability metric, each was mapped onto
a probablistic scale using a sigmoid transformation. The sigmoid parameters were empirically
fit based on reported organic spacers and their formed dimensions, i.e., 2D perovskite-forming
(positive) and non-2D perovskite forming (negative) organic spacers. To ensure smooth gradation
in score values and avoid overfitting to binary labels, a smearning factor was introduced into the
sigmoid function. The overall formability score was calculated as the average of the transformed

values, providing a continous score that reflects the likelihood of successful 2D perovskite formation.

Formability score calculation. The formability score is computed by averaging five logistic
regression outputs, each based on a molecular descriptor x;, with a smearing factor o introduced

to control the sharpness of the sigmoid transition:

1
l+exp(—(o-a;- xi+b;))

score; =

where a; and b; are the fitted parameters, and o = 0.15 is the smearing factor (shared across all

descriptors). The final formability score is:

5
Z score;

i=1

Formability Score =

| —

With descriptor-specific parameters:



STEL:

Eccentricity:

Linker position:

Number of rotatable bonds in tail:

Nitrogen-nitrogen distance (disNN):

a =-156.259,
a=117.730,
a = 54.558,

a =43.249,

a = —22.249,

b =-2.060
b=1.112
b =1.643
b =1.529
b =-2.097
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Figure S1: Schematic representation of energy level alignment types in 2D perovskites. In type I
alignment, both low-energy electrons and holes are localized in the same component: type la in
the inorganic layers and type Ib in the organic layers. In type II alignments, electrons and holes
are separated between different components: in type Ila, electrons are localized in the inorganic
layers and holes in the organic layers, whereas in type IIb, the reverse occurs. It should be noted
that the designations “a” and “b” are sometimes interchanged in the literature depending on the
component being emphasized (37). In other studies, only type I and type II are referenced without
further categorization (33), and type Ib in our context is occasionally described as “reversed type I’
(34). Notably, alignment type Ia is referred to as type Ib in some literature (37,72); here, we defined

type la as the configuration where inorganic states serving as the band edges.
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Figure S2: Reported organic spacers included in this study with their molecular fingerprint.
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Ammonium position descriptor

C6 C1 2 ) —do, :
&2 Descriptor = NN primary _ammonium
N \ N1 P Max(dﬂAtom i—mAtom j)
C5 N\~ c3
C4

0 < Descriptor <= 1 (para position)

O

N1 C1 C2 C3 C4 C5 C6 N2 o/ 1.0 3/5
N1|]O 1 2 3 4 5 3 4 ®
HN@ H3N® NH;
cit|]1 0o 1 2 3 4 2 8 :
c2{2 1 0 1 2 3 1 2 N N OO
| N oz
c3|3 2 1 0 1 2 2 3 Z N NH;
®
c4(4 3 2 1 0 1 3 2
cs5(5 4 83 2 1 0 2 1
HN 1.0
c6(3 2 1 2 3 2 0 1 /
| ) |
N2[4 3 2 3 2 1 1 O i /I
/
Distance matrix C,f,)H
3

Figure S4: Illustration of the ammonium position descriptor. The ammonium position descriptor
is derived from the molecular skeleton using a distance matrix. This descriptor is calculated as the
ratio of the maximum distance along the conjugated backbone to the distance between the tethering
ammonium group and the backbone. Representative organic spacers with their corresponding

ammonium position descriptors are shown.



Molecular fingerprint: [0, 1,0,2,0,1,0, 0,0, 0, 0, 0]
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Figure SS: An illustration of one-to-one (top) and one-to-multiple (bottom) mappings between a
molecular fingerprint and its corresponding organic spacer(s). The upper panel shows a one-to-
one mapping where a fingerprint corresponds to a distinct organic spacer. The lower panel shows
another example where multiple organic spacers (isomers) sharing the same fingerprint, including
the molecule depicted in Fig. 2. These isomers may differ in features such as the position of
heteroatom substitution, side chain placement, or the linker length between tethering ammonium
groups. The variations may affect to a certain extent the chemical and physical properties of the
cations, but the energy levels are almost the same. On the other hand, these molecules may have
different levels of synthesis feasibility, which warrants elucidation based on future detailed analysis

and experimental efforts.
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Figure S6:

of existing

Rationale for selection of PDMA as the generation G organic spacer. The distribution

spacers across generations when different candidates are selected as Gy molecules is

depicted. PDMA (top right) was selected because it results in most existing spacers appearing in

early generations, demonstrating its structural simplicity and suitability for easy transformation into

other molecular structures via morphing operations.



Operator 1: Ring linkage
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[#6.#7 1][C:2]c 1 coc([C:3][#6,#7 4]jcc>={#6 #7 :1][C:2]c1 sc([C:3][#6 #7 4] )cc
[#8,#7 1][C:2]c1 coc([C:3][#8,#7 :4])cc1>=[#6,#7:1][C:2]c1 sce([C:3][#6,47 4])c1

g
-
Operator 4: Primary/secondary ammonium exchange
[eA)[CIINH3 #]==[nH+:1]
@

= 4
NH3 - | NH
A

Operator 5: Linker length increase
[#6:1][CH2:2][NH3+:3]>=[#6:1][CH2:2][CH2][NH3+:3]

@

® NH;
©/‘NH3 ©/\/

Operator 6: Linker length decrease
[#6:1][CH2][NH3+]==[#6:1][NH3+]

®
] NH;
= NH. »
(Y\ . ©/
~F

Operator 7: Ammonium position change
[eH:1][e:2][C:3]==[cH:2][c:1][C:3]

NH
= —— @
g @\_,NH;;

Operator 8: N substitution (pyridine-type)
[cH:1]==[n:1]

. PN
e

Operator 9: F substitution
[eH&rE:1]==[c:1][F]

o -~ O

Operator 10: O substitution (furan-type)
[C&r5:1][S8r5]|[car5:2]=={car5: 1 [0&rS][car5:2)]

5 — 0

Operator 11: N substitution (pyrrole-type)
[8&r5:1]==[nH:1]

H
S

Operator 12: Side chain (linker)
[eH:A==[c:1]C

® @
@f‘NH3 - dwm

Operator 13: Side chain (backbone)
[#6,#7:1][CH2:2)[#6 #7 :3]==[#6 #7:1][CH:2)(C)[#6,#7:3]

o - O

Figure S7: List of molecular morphing operators used in this study for generation of hypothetical
organic spacers. A set of 13 morphing operators, encoded as 17 unique SMARTS patterns, was

defined to ensure that each transformation adhered to established chemical constraints.
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Energy (eV)

Figure S10: Crystal and band structure of DJ perovskites with different organic spacer packing
arrangements. a and ¢ show the out-of-phase (herringbone) arrangement of organic spacers. This
configuration is commonly observed in reported 2D perovskites, and our DFT calculation indicate
this type of packing leads to minimal dispersion of molecular orbitals. b and d show the in-
phase arrangement, a configuration typically found in oligomer thiophene-based spacers. Our DFT
calculations suggest that this configuration can alter the energy dispersion of certain molecular
orbitals, due to the electronic coupling among tightly packed organic spacers (32). For the two
spacers shown here, no significant change in the organic frontier orbital was observed, although
one occupied orbital in b shows a enhanced dispersion of ~ 0.7 eV. While one study reported
that the out-of-phase configurations have a lower total energy (50), there is no consensus on the
preferred packing, and the exact packing type should be confirmed by both DFT calculations and
by experimental measurements whenever a new organic ligand is explored to synthesize 2D hybrid
perovskites. In the current work, for consistency, we adopt the out-of-phase packing pattern across
all DJ perovskites. We anticipate that molecular packing will have only a minor influence on the
predicted energy-level-alignment types for most candidates. However, as suggested by previous
experimental work(57), when the linker lengths are long and face to face m-m stacking present,
additional factors such as in-plane orbital dispersion, organic—inorganic hybridization, and subtle
shifts in the inorganic band edges may arise. These effects could potentially alter the energy-level

alignment in certain cases and therefore warrant further investigation in future studies.
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Figure S11: General consideration of energy level alignment in DJ perovskites. a model crystal
structure of DJ perovskite constructed by inserting organic spacers between inorganic layers. b Four
factors affecting the energy level alignment in DJ perovskites.: (i) energy gap at the inorganic band
edge (I" point), (i) inorganic band dispersion (I" to Z), (iii) energy gap between organic frontier
orbitals, and (iv) frontier orbital dispersion. ¢ Quantitative analysis of energy level alignment in
252 DIJ-phase perovskites in Gg — G and existing spacers (experimentally reported), illustrating

significant shifts in organic frontier levels (several eV) compared to inorganic levels (<1 eV).
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Figure S12: Influence of organic spacers on inorganic band edge. The modification of inorganic
energy levels is driven by two primary factors. a Inorganic energy gap at the I'" point, influenced
by octahedral distortions, including the tilting (Pb-I-Pb angle) and internal distortion (I-Pb-I angle)
of the Pblg framework, leading to energy changes of approximately 1 eV. b energy dispersion,
determined by interactions between neighbouring iodide atoms when the interlayer distance is
below 5.0 A, resulting in similar energy changes (approximately 1 eV). Dispersion is quantified by

the energy difference between the I" and Z points.
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Figure S13: Correlation between organic frontier levels in hybrid perovskites and their isolated
molecular forms. a HOMO levels show a strong linear correlation between hybrid perovskites
and their corresponding isolated cations, with a Pearson correlation coefficient of 0.92. b LUMO
levels also follow a linear trend within groups of organic spacers categorized by ring count. The
correlation decreases as the ring count increases, with Pearson coefficients of 0.94 (one ring),
0.79 (two rings), and 0.31 (three rings). As discussed later, energy level alignment in multi-ring
systems increasingly depends on full DFT validation due to the greater conformational variability
of larger organic spacers. ¢ The HOMO-LUMO gap remains consistent between the two calculation

methods, with a correlation coefficient of 0.94.
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Figure S14: Comparison of training/test scores of various ML models for HOMO/LUMO predic-
tion. No overfitting was detected, as evidenced by comparable performance on both training and

test sets.
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Figure S16: Predicted vs. true values for LUMO level across various ML models.
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Figure S17: Normalized feature coefficients of all linear models used in this work. The normalized
coeflicients represent the change in the target variable resulting from a one-standard-deviation
change in organic descriptors, enabling intuitive comparison of feature importance across different
scales. All linear models exhibit similar performance in terms of feature coefficients, indicating
comparable behaviour. LASSO regression was selected due to its L1 regularization, which favours
solutions with fewer non-zero coefficients, effectively identifying key features and reducing model

complexity.
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Figure S18: Effect of linker length on the frontier energy levels of four representative organic
cations. HOMO and LUMO energies are shown for a benzene-based, b thiophene-based, ¢
naphthalene-based, and d bi-thiophene-based backbones as the number of carbon atoms in the
tethering ammonium is increased from CO to C4. For most backbones, the upward shift in frontier
energy levels induced by increasing linker length rapidly saturates when extending the linker to
propyl (C3) and butyl (C4), except for bi-thiophene-based spacers. Overall, for most organic spac-
ers, while increasing linker length influences the frontier levels of the organic cation, its impact

progressively diminishes as the linker becomes longer.
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Figure S19: Effect of fluorination on the frontier energy levels of representative organic cations.
Comparison of non-fluorinated and fully (peri-)fluorinated a acene-based, and b oligothiophene-
based spacer cations with increasing conjugation length. c-e Structural isomers of acene-based
spacer cations with fluorine substitution at different positions on the aromatic backbone. Single-
site fluorination leads to only minor shifts in the HOMO and LUMO energies, whereas extensive
fluorination results in a substantially larger lowering of both frontier levels, consistent with the
previous report (73). Within this subset, no clear or systematic dependence of frontier energy
levels on the backbone classes and substitution position was observed. These results suggest that
fluorination can effectively tune frontier energy levels primarily when multiple fluorine atoms are
introduced, while the effect of single-site fluorination is, on average, weak across the backbone

classes considered.
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Figure S20: SHAP value analysis of representative organic spacers in type Ila. The SHAP values

are calibrated using the Gp molecule as a baseline.



LUMOpeq = - 10.488 eV

1 = no. N (pyridine)

1= no. rings ® ® N +0
HaN SN H3N \W
| e | ®
) . ~NH _NH
0 = % ring linkage +0
8 other features —0|
-10.5 -10.0 -9.5 -9.0 -8.5 -8.0

LUMOyp,se = - 8.247 &V

LUMOgeq = - 10.594 eV

1 = no. N (pyridine)

: @
0 = % 6-membered rings he s HN S o -0.11 .

1 = no. rings

8 other features -0 |

-10.5 -10.0 -9.5 -9.0 -8.5 -8.0
LUMOpge = - 8.247 &V

LUMOpreq = - 10.475 eV

1= no. N (pyridine)

2/3 = ammonium position HaN/\(jNH(9 Hau/\(\w +0.01
N NF
1= no.rings +0
8 other features —0|
-10.5 -10.0 -9.5 -9.0 -8.5 -8.0

LUMOpqee = - 8.247 &V

LUMOpreq = - 10.575 eV

1= no. N (pyridine)

0 = % 6-membered rings
1 = no. O (furan)

8 other features -0 |

-10.5 -10.0 -9.5 -9.0 -8.5 -8.0
LUMOypse = - 8.247 €V

Figure S21: SHAP value analysis of representative organic spacers in type IIb. The SHAP values

are calibrated using the Gy molecule as a baseline.
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Figure S23: Machine learning analysis of the relationship between fingerprints and PubChem
existence. A logistic regression model was employed to reveal the relationship between molecular
fingerprints and the likelihood of existence in the PubChem database, achieving a an accuracy of
0.93 and b an AUC of 0.96. These metrics demonstrate the model’s reliability in capturing this
relationship. ¢ Key influencing features include the number of aromatic rings, which has the most
significant impact, followed by side chains and heteroatom substitutions such as fluorination and
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Figure S24: Hydrogen-donor nitrogen for hydrogen bond formation in 2D perovskite. This study
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Figure S27: Comparison of our formability score scheme with machine learning methods.
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Figure S28: Pearson’s correlation coefficient between formability score and molecular fingerprint.
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Figure S32: Electronic structure of inverse-designed type /1, DJ perovskites (Part 1).
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Figure S32: Electronic structure of inverse-designed type /1, DJ perovskites (Part 2, continued).
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Figure S32: Electronic structure of inverse-designed type /1, DJ perovskites (Part 3, continued).



a %25 —organic
g o —inorganic
+ 20 HaN SN
%15
o
8
0 10
—

o

2 s

k)

c

8 ON—x
(011 IRl i mrl
AT EETITY T 11 m

-3 -2 -1 0 1 2 3 4
Energies (eV)
b _
%25 —organic
5 —inorganic
320
] ® N,
=
P
915
=
©
=
v 10
fl
o
25
9]
c
[ LTI TE L] T m
L N TN I [T
-3 -2 -1 0 1 2
Energies (eV)

c -

E —organic

> @ — inorganic

$20 H;N/\[S\NHG ¢}

- s

s N

w0

~15

w0

[9]

=

210

w0

u—

S)

5

w

C

8 o —— |
I LRI MR e 1 1 1l
(IR AT [ N
-3 -2 -1 0 . 1 2 3 4

Energies (eV)
d

N
ul

N
o

=
(=]

Density of states (states/eV)
=
w w

—organic
—inorganic
@ S,
Y e
N7
mw

[0 WEmmn 1
T |

-3 -2 -1

o

0 1
Energies (eV)

Figure S33: Electronic structure of inverse-designed type 11, DJ perovskites (Part 1).
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Figure S33: Electronic structure of inverse-designed type /1, DJ perovskites (Part 2, continued).
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Figure S33: Electronic structure of inverse-designed type /1, DJ perovskites (Part 3, continued).
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Figure S33: Electronic structure of inverse-designed type /1, DJ perovskites (Part 4, continued).
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Figure S33: Electronic structure of inverse-designed type /1, DJ perovskites (Part 5, continued).
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Figure S33: Electronic structure of inverse-designed type /1, DJ perovskites (Part 6, continued).
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Figure S33: Electronic structure of inverse-designed type /1, DJ perovskites (Part 7, continued).
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Figure S33: Electronic structure of inverse-designed type /1, DJ perovskites (Part 8, continued).
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Figure S33: Electronic structure of inverse-designed type /1, DJ perovskites (Part 9, continued).
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Figure S33: Electronic structure of inverse-designed type 11, DJ perovskites (Part 10, continued).
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Figure S33: Electronic structure of inverse-designed type 11, DJ perovskites (Part 11, continued).
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benzene-based and b thiophene-based spacers connected by fusion or linking.
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Figure S35: Energy level alignment of the previously reported RP-phase spacer (33) exhibiting
type I, alignment characteristic. Our calculations, performed using the same perovskite structure as
in their study, result in a Type 11, alignment, regardless of whether we apply the systematic mixing
factor of 0.4 used throughout our study or the 0.25 mixing factor employed in the previous work.
The discrepancy in computational results is likely due to differences in software implementations
and methodological choices. While direct comparisons across different simulation methodologies
and experimental techniques remain challenging in 2D perovskite research (49), the relative trends

within our calculations—conducted with a consistent set of computational parameters—are inter-

nally reliable.
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Figure S36: Chemical space visualization of inverse-designed DJ perovskites.
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Figure S37: Effect of HF mixing factor on the calculated energy gap of organic and inorganic
components in DJ perovskites. A range of mixing factors (25% to 45%) has been employed in
earlier studies to match experimental bandgap values. In this work, we select a mixing factor of
40%, as it yields the smallest average error of 0.05 eV. The mixing factor impacts the organic levels
slightly more than the inorganic levels, though both follow very similar trends. This suggests that

the energy level alignment type is unlikely to vary significantly for most proposed DJ perovskites.



Table S1: Comparison of calculated bandgap values and reported experimental values.

Compound | HSE06 + SOC | Experiment

1 2.42 - (54)

2 2.26 2.34 (54)

3 2.39 2.42 (74)

4 2.56 2.44 (75),2.42 (47)
5 2.42 2.46 (75),2.43 (76)
6 2.57 2.58 (76)

7 2.38 2.52 (62)

8 2.56 2.42 (62)

9 2.56 2.39(62)

10 2.79 - (50)

11 2.38 2.38 (49)

Table S2: Effect of HF mixing factor on the bandgap values of DJ perovskites.

Compounds | Experiment 25% | 30% | 35% | 40% | 45%
2 2.34 (54) 1.82 | 1.97 | 2.11 | 2.26 | 242
4 2.44(75),2.42 (47) | 2.12 | 2.26 | 2.41 | 2.56 | 2.71




Table S3: Fingerprint criteria for targeted energy level alignment type.

Type Ib Type lla Type llb
oligothiophene-based  acene-based

no. rings [5, 7] [2, 6] [2, 4] 1
% ring linkage 0 1 0 0
% 6-membered rings 1 0 1 [0, 1]
no. primary ammonium 2 2 2 1
linker length [0, 2] [0, 6] [0, 6] [0, 3]
ammonium position [0.5, 1] 1 1 (0, 1]
no. N (pyridine) 0 0 0 [0, 4]

no. F 0 0 0 [0, 2]
no. O (furan) 0 0 0 [0, 1]
no. N (pyrrole) 0 [0, 2] 0 [0, 1]
no. side chain (linker) 0 0 0 [0, 2]
no. side chain (backbone) 0 0 0 0
Number of molecules 2 11 1 42




Table S4: List of inverse-designed type I;, DJ perovskites.

Molecular structure Generation Fingerprint cid Formability score LogP

o 9999® o G7  150,1,2,0,10/11,0,0,0,0,0,0] 85868421 0.99 5.46
@

O‘COO Gs [5,0,1,2,0,9/11,0,0,0,0,0,0] 154316963 0.99 5.46
NH;
®




Table S5: List of inverse-designed type 11, DJ perovskites. We used Log P as a qualitative estimation
for solubility. Some organic spacers, those above 6, may exhibit poor solubility, which could pose

a challenge in synthesis. However, this also depends on the specific solutions chosen in synthesis.

Molecular structure Generation Fingerprint cid Formability score  LogP
@
a -y G4 [2,1,0,2,4,1,0,0,0,0,0,0] 170868983 1.00 2.48
HaN s
NS,
b we = Lo~ ™ G4 [4,1,0,2,2,1,0,0,0,0,0,0] 392006 1.00 5.85
s s
@
NH;
¢ s A G5 [3,1,0,2,4,1,0,0,0,0,0,0] 85702348 1.00 421
s <\
. ’\ NH3®
d DT G5 (5,1,0,2,2,1,0,0,0,0,0,0] 10719177 1.00 7.58
HNS 'S\ Y
®
S NHg
e s A= G6 [4,1,0,2,4,1,0,0,0,0,0,0] 10835744 1.00 5.94
Hi ¢ A\
f 3 G6 (2,1,0,2,6,1,0,0,0,0,0,0] 85702352 1.00 3.26
s
S NH3
g s (>~ G6 [4,1,0,2,0,1,0,0,0,0,0,0] 142729566 0.99 6.10
v~ U
<]
NH3
h LD G7 [3,1,0,2,6,1,0,0,0,0,0,0] 85702353 1.00 4.99
i ;s\ T s
R
B "
i L DT G7 [5,1,0,2,4,1,0,0,0,0,0,0] 85702350 1.00 7.66
AT
1\ S' NH, @
ioe, Dy G8 [4,1,0,2,6,1,0,0,0,0,0,0] 85702356 1.00 6.72
9 s
®
NHg
K O o G9 [5,1,0,2,6,1,0,0,0,0,0,0] 85702358 1.00 8.44
Dy N
HaN s Y/
@
NH;
I . LT G4 3,0,1,2,4,1,0,0,0,0,0,0] 138986756 1.00 3.00




Table S6: List of inverse-designed type 11, DJ perovskites. We use Log P as a qualitative estimation
for solubility of the organic spacer. Organic spacers with Log P below -1 may post a challenge due

to relatively high polarity. They tend to have poor solubility in nonpolar or less polar solvents.

Molecular structure Generation Fingerprint  Formability score LogP
@® a ® b
HSN/\CEHO Y “jw@ G2 [1,0,1,1,1,1,1,0,0,0,0,0] 0.98 -0.06
° Cc d ® e f g
I E NN SN KNS, 5 o N o [1,0,0,1,1,1,1,0,0,0,0,0] 0.97 0.00
/\[NIINHQ HN/\NIr\//NH@ /\[N"L: H,N&i)IN"NH HaN‘i)l\//NH G3 .
h i i
® ® ® ) ® Ne ®
HaN SNH HaN SNH HN SNH [1 ,0,1,1,1,2/3,1,0,0,0,0,0] 0.96 -0.06
O C U a3
k | m n
@ N @ N ] N. @
HN S HaN S N SN N SN [1,0,1,1,1,1,2,0,0,0,0,0] 0.98 -0.67
e T ke T e a3
o
® N
T e Gz [10.1,1,1,1,1,1,0000] 0.97 0.07
P q r
® Ne @ ] @ ® Ne @
BN TS 1,0,1,1,1,2/3,2,0,0,0,0,0 0.96 0.
Ay /m A[N/ gs I ] 0.67
s t
@® ®
ke T e Ga  [1,01,1,1,1,3,00000] 0.98 107
u v w
® N ® N, ® N
HSNJ\NI(\DNH@ H;NJ\E ]H@’ St G4 [1,0,1,1,1,1,2,0,0,0,1,0] 0.98 011
N
@ X @ y
S T I B G4 [1001,1,1,20,0,0,00] 0.97 061
N “Ne
z aa ab ac ad
© @ e o o, _o
HyN o o o, HaN \ el N“X - ®
e Y e “[@ e L e S G4 [1001,111,01000] 0.97 0.47
ae
H(g N\‘N@
Sl G5  [1,0,1,1,1,2/3,30,0,0,00] 0.96 127
N
af ag ah
HS%J\WNQNH@ LS Hﬁ)\[m\"”@ G [1,0,1,1,1,2/3,2,0,0,0,1,0] 0.95 0.11
1 A P 5 . -0.
o ai ® aj
T V\f as [1,0,0,1,2,1,2,0,0,0,0,0] 1.00 -0.57
§
ak al
H% s HaN S,
Tl w® N‘\N,,N G5 [1,0,0,1,1,1,2,0,0,0,1,0] 0.96 -0.05
~N He
am
@ H
N e G5 [1,0,0,1,1,1,2,0,0,1,0,0] 0.97 134
=N
an
[}
”]N\/\WN]NE’ G6 [1,0,1,1,2,2/3,3,0,0,0,0,0] 0.99 123
Noy?
ao ap
)
AN o e G6  [1001,1,12001,10] 0.96 078
N< 4




Table S7: Properties of selected inverse-designed final candidates for type I, I1,, and 11, energy

level alignment.

Energy level

i N Molecular structure Fingerprint Generation cid Formability score
alignmen
2 99949 ‘. [5,0,1,2,0,10/11,0,0,0,0,0,0] a7 85868421 0.99
Type Ib
OOOOO [5,0,1,2,0,9/11,0,0,0,0,0,0] G8 154316963 0.99
]
D™ [2,1,0,2,4,1,0,0,0,0,0,0] G4 170868983 1.00
N_° NHy
we I \ [4,1,0,2,2,1,0,0,0,0,0,0] G4 392006 1.00
o s’
@®
Type lla W [3,1,0,2,4,1,0,0,0,0,0,0] G5 85702348 1.00
i ¢\
NS
oAU 4.1,0,2.0,1,0,0,0,0,0,0] G6 142729566 0.99
we~s” U
OOO [3,0,1,2,4,1,0,0,0,0,0,0] G4 138986756 1.00
Hfg
e [1,0,1,1,1,1,1,0,0,0,0,0] G2 15034997 0.98
]
e [1,0,1,1,1,1,1,00,0,00] G2 12933348 0.98
]
M e 1,0,0,1,1,1,1,0,0,0,0,0] G3 54534495 0.97
Type lIb N
]
/\NCN@ [1,0,0,1,1,1,1,0,0,0,0,0] G3 82418955 0.97
]
"sNﬁN@“‘g [1,0,1,1,1,2/3,1,0,0,0,0,0] G3 266781 0.96
NS O
N 1,0,1,1,1,2/3,1,0,0,0,0,0 a3 18953632 0.96
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