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Abstract

This study presents an integrated computational methodology that couples
density-functional theory and time-dependent DFT descriptors, all-atom molecular-
dynamics (MD) morphology, and physics-constrained machine-learning pipeline
applied to 3HT decamer:JSM5 donor-acceptor blend. The oligothiophene series
(n = 1-10) exhibits near-convergent frontier-orbitals beyond n ~ 6 and monoton-
ically declining reorganization energies (0.251 eV at n=6 to 0.210 eV at n=10),
justifying the use of the n = 10 oligomer as the finite-length model of the donor
polymer. According to NTO analysis, the JSM5 excitation is classified as locally ex-
cited with charge-transfer (CT) mixing, whereas the donor excitation is classified as
delocalized Frenkel-like. Because morphology descriptors do not exist for the 2,080
literature device training dataset, latent morphology variables, derived from the
residuals of the device targets that molecular features fail to explain, are appended
to the training table as placeholder inputs, into which the MD-derived descriptors
of the new blend could be inserted during prediction. An ensemble of Random
Forest, Extra-Trees, Gradient Boosting, and an ARD Matérn Gaussian Process,
and a Physics-constrained neural network (PCNN) were trained on dataset with
molecular electronic descriptors only and on molecular + latent morphology vari-
bles. OPV performance predictions for the 3HT decamer:JSM5 blend show that
adding MD-derived descriptors raises the blended (Ensemble/PCNN) PCE from
~4.0% to ~4.5%, while the PCNN model alone improves from ~2.4% to ~3.7%.

1 Introduction

Over the past decades, the photovoltaic performance of organic solar cells (OSCs) has
advanced to exceed a 20% power conversion efficiency (PCE) milestone.™»? This perfor-
mance growth stems largely from the introduction of non-fullerene acceptors® that feature
tunable energy levels and minimize non-radiative recombination losses*® that enabled si-
multaneous gains in short-circuit current density (Js¢), open-circuit voltage (Vo¢), and
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fill factor (FF).%7 Despite these milestones, the interdependence of key photovoltaic pa-
rameters still poses fundamental challenges. Specifically, trying to minimize voltage losses
often leads to a simultaneous drop in the fill factor due to field-dependent free-charge
generation and geminate recombination at the donor-acceptor interfaces.® Consequently,
tuning the active layer is essential to improve device performance.’

Computational modelings at the quantum mechanical and atomistic levels have be-
come essential complements to experimental characterizations, giving mechanical insights
into the electronic and morphological factors that dictate photovoltaic performance. Den-
sity functional theory (DFT) and time-dependent DET (TDDFT) provide essential molec-
ular descriptors - such as frontier orbital energies, reorganization energies, and exciton
binding energies - that control charge transfer and separation at the molecular level 101
On the other hand, molecular dynamics (MD) simulations reveal how donor and acceptor
materials self-assemble, phase-separate, and form w-stacking within the bulk hetrojunc-
tion active layer.!? Recent multiscale frameworks couple all-atom and coarse-grained MD
with sequential quantum mechanics/molecular mechanics (QM/MM) calculations. This
approach quantifies how structural disorder localizes frontier orbitals and modifies charge-
transfer state energetics in polymer films.!® Furthermore, integrating MD-generated mor-
phologies with Marcus theory'* enables predicting mesoscopic charge hopping rates and
carrier mobilities. This bridges the gap between molecular packing and device-level trans-
port properties.!? 16

The increasing complexity of organic photovoltaic materialas design has catalyzed
the adoption of machine learnign (ML) approaches,'™2° which complement earlier em-
pirical design rules that relate frontier-orbital energies to PCE.?! However, the conven-
sional data-driven models lack physical interpretability and can violet fundamental de-
vice constraints such as the detailed balance between Jgo , Vo, FF, and PCE.?* 2
Physics constrained ML frames overcome these limitations by embedding domain knowl-
edge directly into model architectures such as physics-informed neural network?> 2" and
symbolic regression integrating quantum mechanical descriptors.?® Recent studies have
demonstrated that constraining ML models with physical consistency equations not only
enhances predictive accuracy for photovoltaic parameters but also yields interpretable
structure-property relationships.?®2 Such methodologies establish a robust pipeline for
translating quantum chemical and morphological data into actionable predictions of de-
vice performance.

This study focuses on 3-Hexylthiophene (3HT) decamer:JSM5 active layer, a donor—
acceptor combination unexplored computationally. JSM5 is a m-extended, (§-side-chain-
free Y6-type fused-ring acceptor that has demonstrated 17.3% efficiency when paired
with the polymer donor PM6,3° within the broader family of Y-series and m-extended
acceptors that have pushed efficiencies beyond 15-20%.3%32 The donor, a decameric
oligomer of P3HT leverages the electron-rich character and strong 7—m stacking propensity
of thiophene units, which enhance conjugated planarization and reduce packing distances
in photovoltaic polymers.?> By combining DFT/TD-DFT for electronic structure, all-
atom MD for morphology, and physics-constrained ML framework this study aims to (i)
investigate how supplying MD-simulated morphology descriptors, alongside DFT/TD-
DFT descriptors, changes the predicted device performance of this blend and (ii) establish
a computational protocol that could be used to predict photovoltaic performance of new
materials, see Figure 1.
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Figure 1: Overview of the multiscale computational workflow. Quantum-chemical and
molecular dynamics (MD) calculations provide molecular and aggregate-level descrip-
tors, while literature device data (OPV-DB) are used to train the baseline ensemble
and physics-constrained neural network (PCNN). The model predictions are subject to
physical constraints and combined using validation-error-based weights to estimate power
conversion efficiency (PCE). Predictive uncertainties, including aleatoric and epistemic
contributions, model disagreement, and conformal prediction widths, are propagated to

PCE through Monte Carlo sampling.




2 Computational Methods

2.1 Quantum Mechanical Calculations

All ground-state geometry optimizations and electronic structure calculations were per-
formed using the Gaussian 16 (Revision C.01)3* software package. Ground-state geome-
tries of polythiophene oligomers (n = 1 — 10) and the JSM5 molecule were optimized
in the gas phase at the B3LYP level of theory. For the polythiophene oligomers, struc-
tural optimizations were benchmarked using both the split-valence 6-31G(d, p)®> and the
correlation-consistent cc-pVTZ3® basis sets. The geometry of JSM5 was optimized utiliz-
ing the 6-31G(d, p) basis set. Because the alkyl side chains negligibly affect the electronic
properties, they were represented as methyl groups in the calculations in all oligomer and
acceptor structures. Frequency calculations were performed at the same level of theory
to confirm that all optimized structures represented true local minima on the potential
energy surface, evidenced by the absence of imaginary frequencies. The torsional poten-
tial energy surface (PES) of 3HT decamer was mapped by performing a relaxed scan
of the inter-ring dihedral angle from 0° to 360° at 30° increments. Charge transport
properties were evaluated by calculating the internal reorganization energies (\) via the
standard four-point adiabatic potential energy method.?”3® Vertical excitation energies,
oscillator strengths, and electronic transition characteristics were simulated via TD-DFT
using the range-separated hybrid CAM-B3LYP functional.®® Natural Transition Orbital
(NTO)*® analysis was subsequently performed to visualize and characterize the nature of
the optically excited states. Post calculation wavefunction-based analyses (electrostatic
potential, MPP/SDP) were carried out with Multiwfn analyzer.>42

2.2 Molecular Dynamics Simulations

Classical molecular dynamics (MD) simulations were performed using the LAMMPS*
package under periodic boundary conditions in all three spatial dimensions. The simu-
lation systems were constructed with Moltemplate.** The systems were described using
the all-atom OPLS-AA%8 force field. Bonded interactions included harmonic bond and
angle terms, OPLS dihedrals, and CVFF-form improper dihedrals. Non-bonded inter-
actions were modeled using 12-6 Lennard-Jones plus Coulomb potential with geometric
combining rules, a 1-4 scaling factors of 0.5, and 1-2 and 1-3 interactions. Real-space
nonbonded interactions were truncated at 12.0 A, and long-range electrostatics were eval-
uated using the particle-particle particle-mesh (PPPM)%® method.

Prior to equilibration, atomic overlaps in the initial configuration were relieved by a
soft push-off stage. All nonbonded interactions were temporarily replaced by a soft re-
pulsive potential (cutoff 7.5 A), while the bonded terms were kept active. The potential’s
prefactor was ramped linearly from 0 to 60 kcalmol=! over 10,000 steps of 0.1 fs, with
the maximum atomic displacement limited to 0.01 A per step. The full force field was
then restored, and the structure was relaxed by conjugate-gradient minimization (energy
and force tolerances of 107%; maximum 5000 iterations and 50,000 force evaluations).

The minimized system was then equilibrated in stages. Velocities were initialized from
a Gaussian distribution at 300 K, and a 2.5 ps NVE run (0.25 fs timestep) was performed
with a displacement-limited integrator (maximum 0.05 A per step) to remove residual
structural instabilities. The timestep was then increased to 1.0 fs. The system was
equilibrated for 50 ps in the NVT ensemble at 300 K using a Nosé-Hoover thermostat®®:>!
(damping time 100 fs), followed by 200 ps in the NPT ensemble at 300 K and 1 atm
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with isotropic pressure coupling (barostat damping 5000 fs) to relax the cell toward the
bulk density. A further 100 ps NVT run at 300 K stabilized the structure after volume
relaxation.

Production MD was carried out in the NVT ensemble at 300 K for 500 ps (1.0 fs
timestep). Wrapped atomic coordinates with periodic image flags were saved every 5 ps
for subsequent structural and electronic-structure analyses.

2.3 Performance Prediction

The workflow is implemented as a Python pipeline that parses ground-state DFT, TD-
DFT, natural-transition-orbital (NTO) and molecular-dynamics (MD) outputs and com-
bines them with the closed-form photophysical descriptors in Appendix A. The device
targets V,., Js. and FF are learned from a literature compilation (OPV-DB;*? 2,080
devices after consistency filtering and unit standardization), and the power conversion
efficiency is computed as PCE = V,.J, . FF. Each record contains sample_id, donor and
acceptor SMILES, V,., Js., FF, PCE, device architecture (conventional or inverted), and
the donor and acceptor HOMO, LUMO and optical gap. The features omit process-
ing and morphology variables, which largely determine OPV performance; the models
therefore may learn little beyond HOMO/LUMO energy-level trends.

Data splitting Records are divided 70/15/15 into training, validation, and test sets by
grouped shuffling, so that no donor—acceptor (D—A) pair appears in more than one split.
Group labels are taken from a configured group column, the donor-acceptor SMILES pair,
other material or pair identifier columns, a pattern in sample_id, or identical rounded
D—A descriptor tuples. The validation set is used for early stopping, blend weights and
conformal calibration; the test set is held out for final evaluation.

Model families Two complementary model families are trained on the same splits and
features:

i) a baseline ensemble, trained separately for each target, of Random Forest,”® Extra-
Trees,* Gradient Boosting® and a Gaussian Process with an automatic-relevance-
determination (ARD) Matérn kernel,®® combined with fixed weights of 0.15, 0.30,
0.30 and 0.25, respectively; and

ii) a Physics-Constrained Neural Network (PCNN) with mean and log-variance output
heads. Each target x € {V,., J,, FF} is bounded by a sample-specific ceiling,

T = Tmin T (mmax - xmin) 0(2)7 (1)

where z is the raw network output and o is the logistic function. By default, z,.« =
Eg'iﬁ) =1Pp—FEA, for V., and T = FFg;reen(Voc) for FF, so both bounds hold by
construction. A ceiling Jy. < m JAMISG(E ), with margin m, is also available. Each

ceiling is disabled automatically if more than 5% of training labels violate it.

The training loss combines a heteroscedastic Gaussian negative log-likelihood with
soft physics penalties on V. < E?a‘;, Jse < I NgissNeolls Jse < JP'ncg and the Green
fill-factor limit.5” Samples lacking the efficiency features required by a given penalty
are masked from that term rather than imputed. The reported PCNN estimate is

the mean over five random seeds.



Blending and physical caps The two families are blended using weights inversely
proportional to their validation PCE mean absolute error (MAE), clamped to [0.25, 0.75].
A two-tier guard acts on the relative PCE difference Apcg between the families. If
Apcg > 0.5, the baseline weight is capped at 0.45. If Apcg > 1.0, the weight of the
better-validated family is raised to between 0.60 and 0.75. The blended prediction is
then truncated at two hard physical caps: an energetic cap on V., and an optical cap on

Jse-

Uncertainty quantification The total uncertainty combines aleatoric (PCNN vari-
ance head), epistemic (Monte-Carlo dropout and between-seed spread),*® *® model-disagreement
and conformal® terms. Conformal widths are calibrated on the validation split using
PCNN predictions. Because this split also drives early stopping and blend weights, the
widths are floored by out-of-fold grouped cross-validation (CV) widths of the baseline
ensemble, so that no reported ¢ is narrower than the baseline’s cross-validated error.
PCE uncertainty is propagated by correlated Monte-Carlo sampling with 20,000 draws,
performed in log space for V,. and J,. and in logit space for FF. Draws that violate the
physical caps are rejected rather than clipped. The resulting intervals are widened by ex-
plicit data-quality penalties, applied for an IP/EA scissor correction, a vibronic fallback,
an unreliable local-excitation—charge-transfer (LE-CT) coupling, deep-inverted charge
separation, tension with a mechanistic ceiling, and conflicting dissociation metrics.

2.4 Latent Morphology Representation

Morphological descriptors like molecular orientation, phase separation, domain size, and
crystallinity are known to be important in determining organic solar-cell performance.5
On the other hand, the training dataset has molecular descriptors only. Hence, a different
pipeline is used to build a latent morphology representation learned from the training
devices and predicted from molecular features. The latent variables are derived from
the photovoltaic targets, through the part of the targets that molecular features fail to
explain. The latent variables are placeholder inputs that allow the trained pipeline to
accept MD descriptors for a new blend.

Ablation design. The Python pipeline (Section 2.3) is run twice.

e Without the morphology block (Without). Training uses molecular and electronic
descriptors only. The new blend is queried with its own molecular and electronic
descriptors.

e With the morphology block (With). The latent columns are appended to every
training device, and the model is fitted on this extended table. The new blend is
queried with the same molecular and electronic descriptors as in the Without arm,
and its MD-derived dexcriptors of Section 3.3 are included.

Construction. (1) Out-of-fold reference residuals. A random forest (300 trees, max
depth 8, min split 4, min leaf 2) is fit per target on molecular features alone (morphol-
ogy columns, targets, PCE, and identifiers excluded); five-fold shuffled (not group-aware)
out-of-fold predictions give residuals 7. (2) Residual decomposition. Residuals are stan-
dardized, reduced by PCA to min(3, -) scores, and, when fewer than four components are



available (always, for three targets), supplemented by the residual magnitude m; = ||z;||2
as the fourth axis, assigned in fixed order to (w-distance, Rpa, S, X.). (3) Rank map-
ping [Eq. 21). (4) Molecular mapper. A ridge regression with cross-validated penalty
(a € [1073,10%]) is fit from standardized molecular features to each 4, with predictions
clipped to [lg, ug).

Leakage control. Because the proxies derive from the targets, using them naively as
predictors of the same targets would be circular. A nested cross-fit is therefore applied:
for each of five outer folds, steps (1)—(4) are repeated on the fitting rows only, and the
resulting mapper predicts the held-out rows. Every training device receives out-of-fold
latent values produced without its own targets; validation and test devices receive pre-
dictions from the final mapper fit on the training partition only. All other preprocessing
(feature engineering, selection, imputation, scaling) is likewise fit on the training partition
only, and the exported metadata record the target-derived status explicitly.



3 Results and Discussion

In order to justify the n = 10 oligomer as a representation of the donor polymer employed
in the blend, the polythiophene oligomerseries is utilized as a computationally trace-
able proxy for the 3HT decamer donor throughout, measuring convergence with chain
length. The excited state and charge-transport-relevant characteristics of the isolated
donor oligomers and the JSM5 acceptor are described after the molecular level. Addi-
tionally described is the absorption of the D-A dimer, which probes the blend’s interface.
The MD snapshots are used to extract the D-A dimer. Lastly, the machine-learned de-
vice performance predictions are discussed, along with their sensitivity to morphology,
uncertainty, and the extent of the evidence. The goal of this effort is to demonstrate a
protocol that integrates DFT/MD descriptors with ML performance prediction for new
donor - acceptor blends.

3.1 Ground-State Molecular Properties
HOMO - LUMO (H-L) Energy Levels

Figures 2 and 3, respectively, show front and side views of B3LYP/6-31g(d, p) optimized
geometries of the 3HT decamer donor and JSMb5 acceptor. The 3HT decamer adopt
a near-planar backbone in its front view, with the side view confirming a coplanar ar-
rangement of the thiophene rings that is favorable for intramolecular m-conjugation. The
JSM5, on the other hand, has a C-shaped front view. From an electronic perspective,
the near-coplanarity of 3HT decamer favors p-orbital overlap across the backbone, pro-
moting delocalization and effective m-conjugation. For JSM5, while the C-shape limits
continuous extendable m-electron delocalization over the entire molecule, the deliberate
inclusion of electron-withdrawing terminal groups and a rigid central core preserves local
donor-acceptor interactions necessary for modulating the bandgap.
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Figure 2: Front and side views of the B3LYP/6-31g(d, p) optimized geometry of the 3HT
decamer donor.

The geometry of polythiophene oligomers from 1mer to 10mer were optimized using
6-31g(d, p) and cc-pVTZ basis sets and the corresponding H-L energy levels were ex-
tracted as depicted in Figure 4. The basis set effect on the H-L energy levels over the
entire oligpmers is small, demonstrating robustness of the results. The H-L trend clearly
shows the energy gap narrows as the conjugation length increases. The gap-narrowing
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rate decreases with conjugation length, relatively stabilizing after 6mer. The H-L gap
decreased by 0.88 eV from 3mer to 6mer abd by 0.33 eV from 6mer to 10mer, while
it decreases by only 0.05 eV from 9mer to 10mer. This suggests that around 6 to 10
units effective conjugation length is nearly reached, which implies additional repeat units
contribute progressively less to electronic delocalization.

d
)
)
/

frontview o.%¢

Roge , o ; ﬁﬁ»@‘; 9
side view

Figure 3: Front and side views of the B3LYP/6-31g(d, p) optimized geometry of the
JSM5 acceptor.

Moreover, extrapolating the H-L gap of the oligomers, Figure 5a, to that of infinite
repeat units using the modified Kuhn free-electron equation,®® Equation 2, shows the gap
nearly converges to 2.09 eV for 10mer close to the measured gap of P3HT, 1.9 eV to 2.1
ev as reported in the literature.®> Therefore, the H-L energy gap value of 10mer is valid
to be used as a representative donor unit in the device-level prediction.

E,(N) = EO\/l — 2B cos (NLH) 2)

Here FEj is the effective HOMO-LUMO gap of an uncoupled conjugated unit, S is the
dimensionless effective coupling between neighboring units, N = 2n is the number of
linearly conjugated C=C bonds in an oligomer with n thiophene units, and E,(N) is the
HOMO-LUMO gap of that oligomer.

Figure 4 also shows the H-L energy level of JSM5 for comparison with polythiophene
oligomers. The H-L level of JSM5 compared to polythiophene 10mer, shows the H-
L alignment that is potentially suitable for strong electron-withdrawing character and
potentially enhanced donor-acceptor charge separation.

Electrostatic Potential (ESP) Analysis

Figure 6 depicts the ESP map of polythiophene oligomers (n =1 to n =10 ), and clearly
shows that as conjugation length increases ESP delocalizes along the backbone. This

9



== LUMO (B3LYP/6-31G)
~— HOMO (B3LYP/6-31G)
= LUMO (B3LYP/cc-pVTZ)
== HOMO (B3LYP/cc-pVTZ)

Energy (eV)

& &
NS¢ o

< S
o N <§

Number of Units / System

&

&

g
A

o
&

& & N
¥ & \°§\

Figure 4: Frontier molecular orbital energies of polythiophene oligomers (1mer - 10mer,
illustrating convergence of the band gap in larger oligomers) and JSM5. Results compare

6-31g(d, p) (blue/green) and cc-pVTZ (red/orange) basis sets.
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delocalization suggests, as conjugation length increases charge density becomes evenly
distributed, polarization becomes less localized, and exciton diffusion should increase
which in turn supports enhanced charge transport in longer chains. In fact the ESP map
also shows the potential distribution stops changing appreciably beyond about 6 units,
supporting the effective conjugation length of about 6-10 units discussed above.

The extended ESP along the backbone is correlated with higher HOMO delocaliza-
tion, larger integral transfer, and lower reorganization energy. More importantly, the
conjugated backbone containing sulfur acts as the dominant electron-rich region indicat-
ing high electron density a typical property of conjugated polymers. This is evidenced
from the global surface minimum extracted using multiwfn analyser.

Torsional Potential Energy Surface (PES)

Table 1 reports the molecular planarity parameter (MPP) which reflects the overall de-
viation of the molecular structure from a fitting plane and the span of deviation from
the plane (SDP) that represents the deviation span of the structure relative to the fitting
plane.%® Both MPP and SDP values of a more planar molecular structure is expected to
be low. In this regard, the planarity decreases with chain length which is expected as a
consequence of chain flexibility. As the MPP and SDP values of JSM5 are greater than
the decamer of the donor it also signifies that the acceptor is less planar than the donor.

Table 1: MPP and SDP for the neutral and charged (cationic for donor, anionic for accep-
tor) optimized geometeries of the n = 6-10 of polythiophene donor and JSM5 acceptor.

6mer Tmer S8mer 9mer 10mer JSM5

MPP 0.00904 0.02251 0.06736 0.08813 0.10782 0.26543

Neutral Optimized ohp (0405 011132 0.33661 044172 0.53823  1.92286

MPP 0.04644 0.05067 0.08468 0.10729 0.14216 0.21849

Cat/anion Optimized ¢pp 07 =g60 018537 0.20806 0.38200 0.46669 1.58314

Both metrics increase monotonically with oligomer length in the neutral state, from
0.009 A/0.045 A (MPP/SDP) at n = 6 to 0.108 A/0.538 A at n = 10, and are larger still
for JSM5 (0.265 A/1.923 A). This is the expected consequence of chain flexibility: longer
backbones have more rotatable inter-ring bonds and more possible steric clashes between
adjacent rings, so some residual non-planarity accumulates even though every individual
inter-ring torsion remains close to its planar minimum (see the torsional analysis below).
The two observations are not contradictory, because MPP/SDP integrate small local
deviations over the whole chain, whereas the PES analysis characterizes each dihedral
independently. Together with the frontier-orbital results above, this indicates that repeat
units beyond the n ~ 6-10 range add comparatively little electronic delocalization but
do add some conformational (planarity) disorder.

Backbone planarity is a prerequisite for the delocalization inferred above, so it was
tested directly by relaxing dihedral scans of every inter-ring torsion in the decamer from
0°to 360°with 30°interval, as depicted in Figure 8. Inter-ring torsional angle numbered
sequentially along the backbone as defined in Figure 7. The resulting potential energy
surface (PES), Figure 8, indicates a global minima near 0°; symetric maxima near 90°and
270°, and a shallow local feature near 180°. These peaks show that planar conformations
maximize 7 overlap and orthogonal conformations disrupt conjugation. All inter-ring
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Figure 6: Electrostatic potential distribution on polythiophene oligomers (n = 1 (top
left) to 10 (top right)) mapped on the p = 0.001 a.u electron-density isosurface (£2.206 x
1075 a.u), with red regions illustrating higher electron density (more negative potential)
and blue regions illustrating lower electron density.

Figure 7: Notation for the nine sequential inter-ring dihedral angles (D1 - D9) scanned
along the decamer backbone for PES calculation.
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Figure 8: Relaxed torsional PES for the dihedrals D1 - D9 of the decamer, scanned from
0°to 360°in 30°increment (electronic energy reported in Hartree).

torsions relax to values below 3°, indicating an intrinsically planar backbone that fascil-
itates extensive 7 electron delocalization. On the contrary, the small rotational barrier
indicates moderate resistance to twisting, sufficient to preserve planarity at ambient con-
ditions while allowing thermally accesssible fluctuations. The low variation among the
equilibrium torsions suggests minimal static conformational disorder, which is expected
to enhance intrachain electronic delocalization and charge transport. These findings are
consistent with the TDDFT and NTO analysis, indicating that the polymer possesses a
rigid conjugated framework favorable for photovoltaic and charge-transport applications.

3.2 Excited-State and Charge-Transport Properties

Figure 5b the TDDFT of the n = 3 to 10 fitted with Kuhn model supports n = 10

Having established that n = 6 - 10 oligomers approach the converged electronic struc-
ture of the donor, TDDFT absorption spectra were computed for n = 6 - 10, for JSM5,
and to prob ethe inter-face, for a D-A dimer extracted from the MD blend, Figure 9.
The oligomer series shows a systematic red-shift and increasing intensity of the lowest
energy (m — ) absorption band from n = 6 - 10, in agreement with the ground-state gab
narrowing in Figure 4 providing independent, excited state support for the same chain
length trend.

JSM5 features a peculiar absorption profile that includes a low-energy band similar
to the n = 7 oligomer characteristic, as well as a higher-energy manifold of transitions
near 3.5 - 4.5 eV. The spectroscopic characteristic of the more complicated excited-state
landscape anticipated for an acceptor—donor—acceptor NFA architecture is this higher-
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energy manifold, which represents excitations localized on or delocalized across the fused
core and terminal groups of JSM5. However, this profile does not give a complementary
absorption with the donor as expected for a D-A blend. This is because the TDDFT
of the small molecule was run for only a single chain and resulted in a far blue shifted
profile compared to the experimental absorption of JSM5. This suggests recalculation of
TDDEFT for a number of chains.(to be calculated)

— JSM5
S5 ———)
-~
5
(<)
N
=
—
=]
=]
%)
-
-
w
1<)
Q
=)
[c}
=]
o
Q
[72]
©
\ >
e PN
1 2 3 4 5 6 7 1 2 3 4 5 6 7

Energy (eV) Energy (eV)

Figure 9: Calculated UV-Vis absorption profiles of polythiophene oligomers, 6mer to
10mer (left) and JSM5 (right). Inset illustrates comparison on oscillator strength and
peak absorption energy of 3HT decamer, JSM5, and D-A dimer.

The comparison of the TD-DFT spectra for the 3HT decamer, JSM5, and the D-A
dimer, inset of Figure 9, is consistent with the emergence of intermolecular charge-transfer
(CT) character in the dimer. The pronounced red shift of the dimer’s lowest absorption
band relative 3HT decamer and JSM5 indicates a stabilization of the CT excited state,
which is typical when donor and acceptor moieties are electronically coupled. A more
reliable assessment of intermolecular CT quality would require natural transition orbitals
(NTO) analysis on the dimer (yet to be calculated)

Reorganization energy (1))

Table 1 reports two complementary planarity metrics, MPP and SDP, each evaluated for
the neutral and the charged optimized geometries. Both metrics increase monotonically
with oligomer length in the neutral and charged states. In the neutral state, MPP and
SDP rise from 0.009 A and 0.045 A, respectively, at n = 6 to 0.108 A and 0.538 A at
n = 10. In the charged state, they rise from 0.046 A and 0.159 A to 0.142 A and 0.467 A
over the same range.

The neutral-to-charged comparison in Table 1 (cationic donors, anionic JSM5) shows
that while MPP is larger in the cation than in the neutral molecule for every n = 6-10 (by
0.017-0.037 A), SDP is larger in the cation for n = 6-7 (by 0.11 and 0.07 A) but smaller
for n = 8-10 (by 0.04-0.07 A). Polaron-induced planarization, a phenomenon common in
conducting polymers, is only observed for n > 8 only on SDP. The discripancy on MPP
might be due to the methyl side chain. JSM5 shows a clearer effect: both MPP and
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SDP decrease upon reduction (MPP 0.265 — 0.218 A; SDP 1.923 — 1.583 A), i.e., the
anion is more planar than the neutral molecule, which is consistent with charge-induced
relaxation toward a more conjugated geometry that would stabilize an electron on JSM5.

The reorganization energies of the donor and acceptor were obtained with the four-
point scheme using Equation 3. Table 2 reports the internal reorganization energy, A,
computed by the four-point ASCF method®"3® (Eq. 3) for hole transport along the
oligomer series and for electron transport along the JSM5. A decreases monotonically
from 0.251 eV at n = 6 to 0.210 eV at n = 10, and JSM5 has the lowest value of the
set (0.176 eV). Because the nonadiabatic hopping rate!!1%64.65 depends exponentially
on —\/4kgT (Equation 16), this ~0.04-0.08 eV reduction is expected to translate into
a modest increase in the intrinsic hopping rate at fixed electronic coupling. The trend
is directionally consistent with the frontier-orbital and ESP analyses (delocalization im-
proves with chain length over the range studied), and the low A, is favorable for electron
transport on JSM5.

— Lt _ 0 0 o+

)\h — ED,neutral ED,neutral + ED,cation ED,cation (3)
— 0 0 —

)\e _ EA,neutral - EA,neutral + EA,anion - EA,anion

Table 2: Reorganization energy

A (eV)
6mer  0.251
Tmer  0.239
polythiophene Oligomer 8mer  0.229
9mer  0.219
10mer 0.210
JSM5 0.176

Natural Transition Orbitals (NTO)

Figure 10 shows NTO decomposition*’ of the dominant TD-DFT transition for n = 10
oligomer. Hole and electron NTO pairs co-localize over the same set of thiophene rings
along the backbone, with two dominant transition weights (A; = 0.803 leading transition
and Ay = 0.142 a secondary, weaker transition). This spatial overlap of hole and electron
NTOs is a distictive characteristic of a locally excited (Frenkel-like), delocalized m—m*
state rather than a charge-transfer state, consistent with the chemically homogeneous,
non-polar backbone of the oligothiophene donor.

JSM5 presents a qualitatively different picture, see Figure 10. The dominant tran-
sition (A = 0.845) shows a hole NTO concentrated on the central fused core, while
the corresponding electron NTO retains substantial amplitude on the core but also ex-
tends measurably onto the peripheral terminal substituents; the secondary transition
(A = 0.116) shows a similar but more pronounced hole/electron spatial offset. This par-
tial (rather than complete) spatial separation of hole and electron density is consistent
with a state that is best described as locally-excited with charge transfer (CT)-admixture:
substantially more charge-transfer character than either oligothiophene excitation, but
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Figure 10: NTO of 3HT decamer and JSM5

not the fully separated hole/electron pair that would be expected for an intermolecular
D-A CT state at the blend interface. This distinction matters for the diabatic locally
excited (LE)-CT mixing framework of Eq. 15: it indicates that JSM5’s intramolecular
excited state already sits partway toward CT character even before intermolecular mixing
with the donor is considered, which should lower the effective barrier for the subsequent
intermolecular LE—CT step relative to a purely local excitation on either component.

3.3 MD-Driven Morphology and Molecular Packing

Figure 11 shows a representative snapshot of the equilibrated production cell (500 ps
NVT, 300 K) of the decamer:JSM5 blend and a D-A dimer extracted from it. The
cell shows partially interpenetrating donor (blue) and acceptor (green) regions with rare
D-A contact, qualitatively signifying poorly intermixed domains. Because charge trans-
port in amorphous blends proceeds by thermally activated hopping between localized
sites, transfer-integral statistics extracted from MD morphologies'® are best interpreted
within Marcus-type hopping!* or, for strongly disordered systems, Miller-Abrahams and
Gaussian-disorder pictures.%¢ % From these configurations the morphology descriptors
(m-stacking distance, Rpa, S, X., aggregation sizes) and the transfer-integral statistics
used by the pipeline are computed.

The descriptors in Table 3 describe a weakly ordered, essentially amorphous blend.
The orientational order parameter, S = 0.055, is close to the isotropic limit (S = 0),
and the crystalline fraction is low (X, = 0.2). The largest aggregate contains only two
molecules a single donor— acceptor network. This is consistent with the qualitative picture
of Fig. 11 (rare D-A contact). The 7-stacking distance, 3.70 A, lies in the range usually
quoted for thiophene-based donors and Y-type acceptors (roughly 3.5-3.8 A). The chain
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Figure 11: Left: simulation cell of the equilibrated decamer (donor, blue):JSM5 (acceptor,
green) blend after 500 ps NVT production at 300 K. Right: a representative D—A dimer
extracted from the same configuration, used for coordinate-based transport-descriptor

analysis.

Table 3: Average core morphology descriptors extracted from snapshot of the equilibrated

production.

Feature Value Likely meaning

Zip_Rg 11.00 A Chain radius of gyration

Lp 11.82 A Persistence length

S 0.055 Orientational order parameter

pi_-distance 3.70 A 77 nearest-neighbor distance (A)

Xc 0.2 Crystalline fraction

agg size max / agg sizemin 2 /1 Largest and smallest aggregates ob-

served

J_hole mean 1.84 meV  Hole transfer integrals
J_electron_mean 1.53 meV  Electron transfer integral

disorder_hole 0.604 eV Site-energetic disorder

disorder_electron 0.672 eV Site-energetic disorder
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size descriptors are compatible with the near-planar DF'T geometries: R, = 11.0 A is what
a rigid rod of about 38 A (ten repeat units at =~ 3.8 A) would give (L/v/12 ~ 11 A), while
L,=118 A is only about a third of that contour length, indicating some bending. The
hole and electron transfer integrals (1.84 and 1.53) and the energetic disorder (0.604 and
0.672) are of similar magnitude for the two carriers, which suggests balanced rather than
strongly asymmetric transport. A site-energy disorder of 0.6-0.7 eV would be several
times larger than values typically reported for amorphous organic semiconductors and
three to four times the reorganization energies, which would place transport deep in a
trap-limited regime. Table 3 should therefore be read as the as-built, amorphous limit of
the blend, not as the morphology of a processed (annealed or solvent-additive-treated)
film. The MD simulation needs recalculation because the side chains on both D and A
moites were not included

3.4 Performance Prediction Comparison

The OPV performance of the decamer:JSM5 blend is evaluated using two ablation arms,
Without and With the morphology block, as described in Section 2.4. To assess the
predictive performance and uncertainty of the pipeline, the models were evaluated on
a held-out test set of literature-reported devices. The corresponding parity plots and
prediction intervals are presented in Figures 12a and 12b, respectively, using predictions
from the Without morphology-block arm, while the quantitative results are summarized
in Table 4. Overall, the models exhibit moderate predictive accuracy, with performance
varying across target properties. Open-circuit voltage (V) is the most accurately pre-
dicted property, with test R? values of 0.687-0.701, followed by short-circuit current den-
sity (Jse; R? = 0.610-0.687) and power conversion efficiency (PCE; R? = 0.542-0.595).
Fill factor (FF) exhibits the weakest predictive performance (R?* = 0.375-0.379), con-
sistent with its sensitivity to morphology, charge-carrier recombination, and processing
conditions, which may not be adequately represented by the molecular descriptors alone.

Table 4: R? on the grouped held-out test split for the baseline ensemble and the PCNN.

Metric Baseline Test R? PCNN test R?
Ve (V) 0.701 0.687
T, (mA cm™2) 0.687 0.610
FF 0.375 0.379
PCE (%) 0.595 0.542

The parity plots in Figure 12a further reveal systematic patterns in the prediction
errors. Predictions of V. generally follow the parity line, although deviations increase
at the upper end of the measured range. For example, a device with a measured V..
of approximately 1.16 V is underpredicted at around 0.98 V. For FF, the predicted
values are concentrated within approximately 0.4-0.75, whereas the measured values
span a wider range of 0.22-0.79. Consequently, the models overpredict low FF values and
underpredict high ones. Similar regression toward the mean is observed for J,;. and PCE,
accompanied by several substantial prediction errors. These discrepancies indicate that
the models have difficulty capturing extreme values within the heterogeneous literature
dataset. Such behavior can arise from limited training dataset features, see Section 2.3.
The results suggest that the models capture some of the underlying relationships between
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molecular descriptors and device performance but have limited accuracy at the extremes
of the experimental distributions. Accordingly, predictive performance should be assessed
using both overall statistical metrics and errors across the target-property range, rather

than relying on R? alone.

OPV Performance Predictions - Parity Plots
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(b) Predictions with 95% predictive intervals
on the same held-out test split. Devices are
sorted by measured value (orange); the red
line is the predicted value and the shaded
band is the 95% interval.
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Figure 12: Learning performance of the models

The prediction intervals in Figure 12b provide additional information about the reli-
ability of individual predictions. For much of the prediction range, the measured values
fall within the nominal 95% intervals, particularly for V,. and PCE. The interval widths
increase modestly toward the lower end of the predicted ranges for Js., FF, and PCE,
while pronounced local increases in width occur for individual devices exhibiting greater
disagreement among ensemble predictions. These variations suggest that the estimated
uncertainty can help identify predictions for which the model outputs are less consistent.
However, several observations at the extremes fall outside the predicted intervals: high-
FF and high-V,. measurements exceed the upper bounds, whereas low-J,. and low-PCE
measurements fall below the lower bounds when the corresponding predictions overesti-
mate the measured values. This pattern suggests that the intervals may underestimate
uncertainty in the tails of the target distributions, where regression toward the mean
is most pronounced. If the intervals are derived primarily from ensemble disagreement,
they may capture aspects of model uncertainty without fully accounting for experimen-
tal variability and other sources of predictive error. The intervals should therefore be
interpreted as estimates of model-associated uncertainty rather than as fully calibrated
measures of total predictive uncertainty.

The limited learning, seen as regression toward the mean at the extremes of Voc, Jsc,
FF, and PCE and as prediction intervals that miss tail observations, most likely arises
because the input features (donor and acceptor molecular descriptors, HOMO/LUMO
levels, optical gaps, and device type) omit the processing and morphology variables that
largely control OPV performance, so the model can capture only energy-level trends
and cannot explain the device-to-device variation that drives extreme values. To keep
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this limitation explicit rather than claim a fix, the training data are augmented with
latent morphology variables derived from the photovoltaic targets themselves that the
molecular features fail to explain. These latents are not intended to supply the omitted
processing-morphology physics; because they are target-derived, they can only absorb
residual outcome variation and may encode the same unexplained device-to-device varia-
tion. Their practical role is to provide morphology-compatible input channels and place-
holder slots so the trained pipeline can later accept molecular dynamics (MD)-derived
descriptors for a new blend. Thus, for an unseen donor—acceptor pair, the learned latents
can be replaced with computed morphology descriptors, allowing morphology informa-
tion to enter prediction through a consistent interface, while the underlying omission of
processing variables remains a limitation to be addressed with measured or simulated
process—morphology data.

Table 5: Predicted device metrics for the decamer:JSM5 blend from the baseline ensemble,
the PCNN, and their blend, Without and With the morphology block.

baseline PCNN Blend
Metric Without With Without With Without With
Voe (V) 0.954 0.916 1.011 0.943 0.992 0.929
Jse (mA cm™?) 11.295 10.062 4.667 7.711 7.650 8.909
FF 0.560 0.574 0.500 0.507 0.527 0.541
PCE (%) 6.038 5.288 2.385 3.685 3.998 4.478

Table 5 gives the predictions for the decamer:JSM5 blend from the two ablation arms
and their blend. In the With arm the morphology inputs of the new blend are the MD-
derived descriptors of Table 3 and DFT, TDDFT and NTO drived descriptor that are
used in the Without arm. The predictions for the new blend (Table 5) are internally
consistent but depend strongly on the model arm. The blended estimate lies between
the baseline and PCNN values for every metric. The With arm shifts the blended PCE
only from 3.998% to 4.478% (+0.48 percentage points, about 12% relative), driven by
Jse (7.650 — 8.909 mA cm~2) and FF (0.527 — 0.541) and partly offset by a lower V.
(0.992 — 0.929 V). Without the MD-derived descriptors the baseline and PCNN differ
by 6.63 mA cm~2 in J,, and 3.65 percentage points in PCE (6.038 vs. 2.385%). With it,
they differ by 2.35 mA cm™2 and 1.60 percentage points (5.288 vs. 3.685%). The MD-
derived descriptors move the two architectures in opposite directions for Jy. (—1.23 for
the baseline, +3.04 mA cm ™2 for the PCNN) and for PCE (—0.75 vs. +1.30 percentage
points), and in the same direction only for V,. (decrease) and FF (increase). The reduction
in inter-model spread is compatible with the MD-derived descriptors supplying useful
information.

Limitations of the work Despite capturing some relationships between molecular de-
scriptors and OPV performance, the present framework has some limitations. First, the
input features are insufficient to fully represent the factors governing device performance,
particularly processing-dependent morphology, charge-carrier transport, and recombina-
tion. Second, a potential source of uncertainty arises from the difference between the
descriptor sources used for model training and prediction. The training dataset primar-
ily relies on experimentally reported molecular and electronic descriptors, whereas the
descriptors for the new decamer blend are obtained from DFT, TDDFT, NTO, and MD
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calculations. Differences between experimentally reported and computationally derived
descriptors may introduce systematic discrepancies and limit the transferability of the
trained models to new donor—acceptor systems. Third, the latent morphology descriptors
require further validation and optimization against independently obtained morphology
information, either from experimental characterization or from computational approaches
such as MD simulations. In the current framework, these target-derived latent variables
primarily capture residual variation in device performance rather than explicitly repre-
senting the underlying processing-morphology relationships. Consequently, their inclu-
sion should not be interpreted as a complete solution to the omission of morphology-
related physics.
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4 Conclusion

This work presented an end-to-end multiscale study of a 3HT decamer:JSM5 active
layer that connects DFT/TD-DFT electronic structure, all-atom MD morphology and
a physics-constrained ML framework trained on 2,080 literature devices. Because the
literature dataset contains no morphology descriptors, latent morphology variables were
appended to the training table. They are derived from the part of the device targets
that molecular features fail to explain, and serve solely as input slots into which the MD
descriptors of the new blend can be supplied.

At the molecular level, the oligothiophene series approaches a converged electronic
structure at n =~ 6-10: the HOMO-LUMO gap narrows by 0.33 eV from n = 6 to n = 10
but by only 0.05 eV from n = 9 to n = 10, and the ESP distribution stops changing
appreciably beyond about six units. Kuhn extrapolation places the decamer gap at
2.09 eV, within the 1.9-2.1 eV range reported for P3HT, which supports the decamer as
the finite-length model of the donor. Relaxed torsional scans show an intrinsically planar
backbone, although MPP and SDP grow with chain length, and JSM5 is less planar
than the donor. The reorganization energy decreases from 0.251 eV (n = 6) to 0.210 eV
(n = 10), and JSM5 has the lowest value (0.176 eV). The NTO analysis classifies the
donor excitation as delocalized and locally excited (Frenkel-like), and the JSM5 excitation
as locally excited with appreciable intramolecular CT admixture (A = 0.845).

On held-out literature devices (grouped split, n ~ 310), the pipeline reproduces the
data with moderate accuracy (test R? for the baseline ensemble/PCNN: V. 0.701/0.687,
Js. 0.687/0.610, PCE 0.595/0.542, FF 0.375/0.379). Predictions regress toward the mean
at the extremes, and the nominal prediction intervals under-cover in the tails, which
is attributed to the absence of processing and morphology variables from the training
features. The pipeline is therefore a usable but limited reference model for the comparison
below; improving its predictive accuracy was not the objective.

For the decamer:JSM5 blend, supplying the MD-derived descriptors shifts the blended
PCE prediction from 4.0% to 4.5% (+0.48 percentage points), through Jg. (7.65 —
8.91 mA cm™?) and FF (0.527 — 0.541), partly offset by a lower V. (0.992 — 0.929 V).
The two model families respond in opposite directions in J,. and PCE (baseline PCE:
6.04 — 5.29%; PCNN PCE: 2.39 — 3.69%), and their disagreement narrows from 3.65
to 1.60 percentage points. Because the latent variables are target-derived surrogates pre-
dicted from molecular features alone, the shift reflects the response of the trained pipeline
to MD inputs entered through these slots; it cannot be attributed to a physical morphol-
ogy effect of the simulated descriptors. The narrower inter-model spread is compatible
with, but does not establish, that the descriptors carry useful information.

The influence of MD descriptors on predicted performance will require validation and
optimization against independently obtained morphology information, together with sen-
sitivity analysis of the latent-slot construction. Within these limitations, this work pro-
vides an electronic-structure characterization of the 3HT decamer blend and a systematic
procedure for incorporating MD-derived descriptors into a literature-trained model.
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A Physics-Constrained Descriptor Equations

This section collects, and connects, the closed-form relations that convert quantum-
chemical and morphological inputs into the photophysical and device-relevant descriptors
used in the ML architecture of Section 2.3. Physical constants are taken from CODATA
2018.

(a) Absorption and exciton formation

The ionization potentials and electron affinities are obtained from adiabatic ASCF ener-
gies (optimized neutral and optimized ion geometries),3" 38

[Py = E(D")— E(D°), EAp=E(D")—E(D"), EA,=E(A%)—E(A7), (4)

where F(X) is the total SCF energy of species X at its own optimized geometry; D°,
D*, D~ are the neutral, cationic and anionic donor; A° and A~ are the neutral and
anionic acceptor; I Pp is the donor ionization potential; and FAp, F A4 are the donor
and acceptor electron affinities. These establish the energetic basis for the donor transport
gap, [ Pp — EAp, and the interfacial gap, EfA = IPp — FAy4, used throughout the CT-
state and V. relations below. (The four-point cycle is used only for the reorganization
energies Ap, A..) A consistency guard checks the physical requirement [P, — FAp >
Es, + Ef°°r on the donor, where Eg, is the TD-DFT first singlet excitation energy and
Efler = (.10 eV is the minimum admissible binding energy.

The AM1.5G-limited optical short-circuit current is the photon flux integrated above
the optical gap,??

D(E,) = / IAML—“(A)CM, JP = 0.1¢®(E,) [mAcm?, (5)
X he/A>E, he/A

where E, is the optical gap (eV); A is the wavelength; Ianisc()) is the AM1.5G spectral
irradiance (Wm™2nm™"'); he/A is the photon energy, with & the Planck constant and ¢
the speed of light; ®(E,) is the photon flux with energy at or above E, (photonsm™2s™!);
q is the elementary charge; and J2* is the resulting photon-limited short-circuit current
density. The factor 0.1 converts A m~—2 to mA cm~2. The same integral is tabulated once
on a 0.005 eV grid between 0.5 and 4.0 eV and interpolated inside the PCNN, so the
training-time ceiling and the post-hoc clip use one function and cannot disagree.

The radiative decay rate and lifetime of the singlet exciton follow the Strickler-Berg
relation,”™
&7 f = e2winf | Tr:ly (6)

h 2megmecd k,

where w is the angular frequency of the Sy — S; transition; A is the reduced Planck
constant; k, is the radiative decay rate (s71); e is the elementary charge; n is the refractive
index of the medium; f is the TD-DFT oscillator strength of the Sy — 57 transition; g
is the vacuum permittivity; m. is the electron mass; c is the speed of light; and 7, is the
radiative lifetime. The TD-DFT S; energy and oscillator strength are used directly.

An effective, dielectric-screened exciton binding energy is obtained by applying an
Onsager-sphere polarization correction to the donor transport (IP-EA) gap,

e? 1
Epol = 2Sscalos————— (1 — —) ., EM"=(UPp—EAp—E,)—Es, (7

871-f‘:O'r’sphere Er
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where E, is the polarization (screening) energy of an electron-hole pair, i.e. twice the
Born solvation energy of one charge in a dielectric sphere; Sg.a1e 18 a dimensionless scaling
factor ; rgphere is the radius of the dielectric sphere; ¢, is the relative static permittivity ;
and EfT is the effective exciton binding energy. E,; is applied once, and only to gas-phase
ASCF inputs (equivalently, as the Born shifts /P — IP — E,,/2, EA — EA+ E,q/2);
for inputs that are already condensed-phase, £, = 0.

For use as a fast ML feature directly from frontier orbitals,

E, — (EEUMO _ gHOMO _ Esl), (8)

is also computed, where EHOMO i the donor HOMO energy; ELUMO is the acceptor

LUMO energy (both in eV, so the order LUMO—HOMO gives a positive gap); Fg, is as
above. The singlet—triplet gap, AEsr = Es, — E7, (with Ep, the first triplet energy),
and the Forster radius™ for exciton (or LE—CT) energy transfer,

gA ()\D - )\A)2
Joveray Jovera ~ max)\4 T S T a7_92 , 9N |

128704 N, fap e ¥ Emax D p{ 2(0h +03%)
(9)

A

complete the exciton-formation descriptor set. Here Ry is the Forster radius (the donor—
acceptor separation at which transfer and decay are equally likely); x? is the dipole orien-
tation factor (2/3 for random orientation); ®p = k,/(k, + k,,) is the donor fluorescence
quantum yield, with k,, the non-radiative decay rate; n is the refractive index; Ny is
Avogadro’s number; the numerical prefactor 9000In 10 applies for Joyerlap in M~ cm? and
Ry in cm; Joyerap 1S the donor-emission/acceptor-absorption spectral overlap integral;
Emax 18 the acceptor peak molar extinction coefficient (M~!'cem™!); Ap and A4 are the
donor-emission and acceptor-absorption peak wavelengths; and op, 04 are the Gaussian
standard deviations of the donor and acceptor line shapes, in the same units as A.

RS _ 9000(In 10) k*®p
6 =

(b) Exciton diffusion and dissociation

Following the continuum-electrostatic picture of CT energetics,”* ™ the CT-state energy
is evaluated from the donor ionization potential, acceptor electron affinity, and the donor—
acceptor contact distance supplied to the pipeline. The implemented Coulomb term is

e? 14.4
Ecoulomb = = eV], 10
Coulomb dmepe, Rpa €TRDA[A] [ ] ( )

where Ecouomp 1S the electron—hole Coulomb binding energy at the CT geometry; Rpa
is the donor—acceptor contact distance; ¢, is the relative permittivity as above; and
14.4 eV A is the value of €?/(47¢y).

The CT-state energy before LE-CT mixing is

62

Eg’aj{e = [PD - EAA - ECoulomb - Epol + Eimagea Eimage = <0. (11)

B 167ege, 2o
Here E2%° is the unmixed (diabatic) CT energy; [Pp — EA, is the interfacial gap;
E,. is the CT polarization (reaction-field) stabilization; Einage is the electrode image-
charge stabilization (non-positive); and zeg = min(Rpa, delectrode), Where dejectrode 18 the
configured electrode distance.

The LE and CT energies entering the charge-separation relations are the diabatic
energies: on the TD-DFT/NTO route Er g and Ecr are the dimer diabats of Eq. 14, and
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on the electrostatic fallback Erp = Eg, and For = Eg%fe. The driving force for interfacial
charge separation”™ and the CT— S, recombination driving force follow directly,

AGes = Ecr — Evg, AGer = —Ecr, (12)

where AG¢g is the free-energy change of LE—CT charge separation; AGecg is that of
CT— Sy charge recombination; and Ergp, For are the diabatic LE and CT energies
defined above. Negative values mean downhill (exergonic) steps. The energetic offset
between the LE and CT states, normalized by the thermal energy at 300 K, quantifies
how activated the LE—CT step is:

AFEcs
kT 1300k’

where AF¢g is the LE-CT energy offset (positive when CT lies below LE); kp is the
Boltzmann constant; 7' = 300 K is the temperature; and kg7 = 0.0259 eV.

The LE-CT coupling Vig_ct is treated as an explicit electronic-structure input to
the CT-state calculation. For a dimer TD-DFT/NTO route the coupling estimate is

Vig—ct = AE15v/p(1 — D), Erp=(1—p)E1+pEs, Ecr=pE+(1—p)E,, (14)

where Vi g_cr is the electronic coupling between the diabatic LE and CT states; E; < Es
are the adiabatic energies of the lower and upper selected states; AFE1, = Fy — Fj is their
splitting; p is the CT fraction of the lower state (from the NTO analysis); and Erg, Ecor
are the resulting diabatic energies. The routine requires the two selected states to have
approximately complementary CT character, |p; — (1 — p1)| < 0.15, where p;, ps are the
CT fractions of the lower and upper state. This is a two-state TD-DFT/NTO mixing
estimate (in the spirit of the generalized Mulliken—Hush scheme™), not a fragment-orbital
DF'T calculation and not a rigorous diabatization.
Eq. 14 is the inverse of the 2 x 2 LE-CT mixing relation,

AFEcs = Erp — Ecr = —AGcs,

(13)

Erg+FE 1 1 Ern—FE
E, = DETCTi§\/(ELE — Eor)? + 4V _cr Xer =5 1+ \/(E Lg : CT4V2 :
LE — Lior)* + 4ViE_oT
(15)

where £ and E, are the lower and upper adiabatic (mixed) energies, and ycr is the
CT character (CT population) of the lower adiabatic state, between 0 (pure LE) and
1 (pure CT). The same coupling enters the semiclassical Marcus!® %77 and Marcus—
Levich-Jortner (MLJ)™ charge-separation rates, with the total reorganization energy
A = Aotal + Aext; Where Ajoal = Ap + Ae is the four-point inner-sphere sum (hole plus
electron) and Aey is the Pekar outer-sphere term:

jMarcus 2 Vi_or [_ (AGes + )\)2]

k,Marcus

where kY% is the LE—CT charge-separation rate (s™!); % is the reduced Planck
constant; Vi g_cr is the coupling; A is the total reorganization energy; kg7 is the thermal
energy; and AGgg is the driving force of Eq. 12.

(16)

27 = 55 1 (AGes + Aa + nhw)g
by = V72 _ c A, = Shw, Ay = A—A,.
MLT = 7 VLE-CT 7; n AmakeT P { DakpT ’ a W Ad a

(17)
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Here kypy is the MLJ charge-separation rate (s71); S is the Huang—Rhys factor of the
effective high-frequency quantum mode; hw is the energy of that mode (here w is the
vibrational angular frequency, not the transition frequency of Eq. 6); n is the number of
vibrational quanta excited in the product state (the Poisson-weighted sum is truncated
numerically); A, = Shw is the quantum (high-frequency) part of the reorganization en-
ergy; and )\, is the remaining classical part, treated as in Marcus theory. The CT— 5
recombination rate k... is obtained from the same expressions with AGcs — AGcr and
Vig—cr = Veor—g,, the CT-ground-state coupling.

Because Egs. 16 and 17 assume nonadiabatic electron transfer, the pipeline com-
putes the ratio 2|Vig.cr|/Aotal and the inverted-regime ratio (—AGcg)/Aotar (both with
the inner-sphere Ao, i.6. excluding Aex) and demotes the resulting charge-separation
efficiency to diagnostic-only status when either guard trips (thresholds 0.5 and 1.0, re-
spectively); no physical ncs and no charge-separation-based J. ceiling is then reported.
Here n¢g is the charge-separation efficiency from the Marcus/MLJ kinetics.

Finally, the probability that a bound CT (geminate) pair separates into free carriers,
rather than recombining, is estimated with Onsager-Braun field-dependent dissociation

theory,®%8! with a = Rpa:
2 3 0 n
¢ tn) ¢F (20)
ger — _ 94 _dpetpm) o, CF n=S"_ g
b dregera’ 7 £0Er 8reoe(kpT)?’ o(b) Z_: nl(n+ 1) (18)

where EFT is the Coulomb binding energy of the CT pair at separation a; ¢ is the
elementary charge; 7 is the Langevin-type recombination coefficient (m®s™); p., p are
the electron and hole mobilities; b is the dimensionless field parameter; F' is the applied
electric field; and ¢(b) is the Onsager field-enhancement factor, with summation index n.

37 EbCT kdiss
Egiss = —— ——— | ¢(b), s = T, 19
e = exp( DY) = (19)

where kqiss is the CT-pair dissociation rate (s7!); ke (s7!) is the CT recombination
rate, taken from an explicitly supplied CT recombination rate or, failing that, from the
CT— Sy MLJ/Marcus rate above; and 7g;s is the probability that a CT pair dissociates
rather than recombines. The mobilities p.j are the Marcus-derived electron and hole
mobilities.

(c) Device-level constraints and rank mapping

The PCNN fill-factor ceiling is Green’s ideal fill factor,?”
Voe — IN(V,e + 0.72) @V
Voc + 1 7 o nidkBT’

where nyq is the diode ideality factor, and the energetic V. ceiling is ¢V, < [Pp — EA4.
With P, = 100 mWcm ™2, PCE (%) = V,.[V] Js. [mA cm™2] FF, which is the form used
throughout.

The latent-morphology slots of Section 2.4 are filled by mapping the rank r;; (from
1 to N) of the score of training device i on latent axis d into that slot’s physical range
[£d7 ud]a

FFG (Voe) = (20)

r;qa — 0.5
-~ |’
where NV is the number of training devices and € = 0.02 is a boundary-adjustment factor
that keeps Z;q within [lg + e(ug — £y), ug — €(ug — £q)].

Tig = g + (ud — fd) €+ (1 — 26) (21)
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