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ABSTRACT

Global energy challenges establish building-integrated photovoltaics as a pivotal decarbonization frontier, where semitransparent
organic photovoltaics (ST-OPVs) represent a promising technology for simultaneous power generation and daylight transmission.

However, their widespread application is constrained by a fundamental efficiency and transparency trade-off governed by complex
photon management. Herein, we introduce a physics-enhanced deep learning (PDL) framework that embeds optical physical
priors into neural network, significantly reducing the reliance on extensive experimental datasets while enhancing predictive

accuracy beyond conventional simulation and purely data driven methods. Building on a novel halogen-additive engineering

strategy, that enables opaque devices with a power conversion efficiency exceeding 20%, our PDL-guided optimal optical design

delivers corresponding ST-OPVs with a record light utilization efficiency of 6.09%. When scaled to large-area manufactured

modules, multi-scale building energy modeling demonstrates that the nationwide deployment of such ST-OPVs could meet up
to one-fifth of China’s total energy demand, highlighting their transformative potential in advancing sustainable energy systems

and supporting global carbon neutrality goals.

1 | Introduction

With worldwide electricity demand projected to double by 2050
[1], buildings - accounting for nearly one-third of global energy
consumption and CO, emissions - represent a critical frontier [2-
4]. Building-integrated photovoltaics (BIPVs) thus offer a crucial
solution by transforming facades into active power generators,
facilitated by recent advances in solar window technologies |5,
6]. Among these, semitransparent organic photovoltaics (ST-
OPVs) are particularly attractive due to their dual functionality

of selective visible light transmission for daylighting and efficient
near-infrared (NIR) photon harvesting for power generation,
alongside inherent flexibility and aesthetic versatility [7-10].
However, maximizing their decarbonization potential requires
resolving the fundamental trade-off between power conversion
efficiency (PCE) and average visible transmittance (AVT). Opti-
mal light utilization efficiency (LUE = PCEXAVT) calls for a
synergistic approach: on one hand, developing a highly effi-
cient device platform through material innovation to ensure
superior power conversion capability; and on the other hand,
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implementing advanced optical engineering to manage photon
distribution. Both strategies are indispensable for pushing the
performance limits of ST-OPVs. This complex photonic multi-
objective optimization involving intricate interactions among
material properties, layer architectures, and photonic pro-
cesses, remains an intractable challenge for conventional design
paradigms.

An answer to this challenge lies in artificial intelligence (AI)
as a transformative approach to accelerate the discovery and
optimization of next-generation energy systems like ST-OPVs
[11-14]. Indeed, traditional ST-OPV development is built on
iterative experimental trial-and-error, which is a prohibitively
slow process for exploring the vast, high-dimensional design
parameter space [15-17]. While physics-based optical simulations,
such as the transfer matrix method (TMM), can predict device
performance, they become computationally intractable for global
optimization under multiple constraints. Purely data-driven deep
learning (DL) models have the potential to transcend these
limitations by learning complex patterns directly from data
[18-21]. However, their effectiveness for novel materials and
device optimization is severely limited by a critical constraint:
the scarcity of large-scale, high-quality experimental datasets
required for robust training and generalization [22-24]. This data
scarcity poses a major impediment for applying standard DL
methods in ST-OPV development.

To overcome such a critical data barrier and fully harness
the power of AI, we introduce a novel physics-enhanced deep
learning (PDL) framework. Our core innovation lies in the
architectural integration of fundamental physical principles
into the DL structure, creating a synergistic physics-Al frame-
work. This methodology uniquely combines physics-informed
representation, which embeds optical prior knowledge (e.g.,
wavelength-dependent absorption/transmission physics) into a
unified network, with physics-enhanced multi-stage learning.
The latter leverages large-scale pre-training on extensive TMM-
simulated datasets, followed by physics-guided fine-tuning on
limited experimental data. By transcending the limitations of both
pure simulation and pure data-driven DL, this PDL framework
drastically reduces dependency on scarce experimental data
while accurately capturing the intricate photonics governing
ST-OPV performance. Consequently, it enables highly accurate
prediction of PCE, AVT, and LUE across the vast design space and
facilitates efficient global optimization.

Leveraging state-of-the-art opaque OPVs with a PCE
exceeding 20% enabled by a novel halogen additive, 3,4,5-
trichlorobromobenzene (TCBB), our PDL-optimized optical
design further pushes ST-OPVs to reach a record LUE of
6.09%. Furthermore, translating laboratory-scale breakthroughs
into quantifiable macro-scale energy impacts is essential for
evaluating their practical applicability. The successful transfer
of the optical structure to a large-area module allows, using a
building energy modeling [25], to assess the viability of such
ST-OPVs as power-generating transparent facades. Employing
a DL segmentation model to extract building areas from high-
resolution satellite imagery and scaling the model nationally,
we predict that a nationwide deployment could meet one-fifth
of China’s total electricity demand in 2024, demonstrating
the critical role of high-performance ST-OPVs in enabling

net-zero energy buildings and reducing building-related carbon
emissions. Our work establishes physics-enhanced AI as a
transformative paradigm for accelerating the development of
sustainable energy technologies essential to meet global carbon
neutrality imperatives.

2 | Results and Discussion

2.1 | Physics-Enhanced Deep Learning-Guided
Optical Design for ST-OPVs

Achieving high-performance ST-OPVs necessitates a synergistic
approach integrating material innovation with optical engineer-
ing. While advancements in non-fullerene acceptors (NFAs) have
propelled OPV efficiencies beyond 20% [26-30], the intrinsically
low charge carrier mobility of organic photoactive materials
fundamentally limits the active layer thickness. This limitation
poses a persistent challenge in simultaneously maximizing light
absorption and visible transparency for ST-OPVs, underscoring
the need for advanced light harvesting strategies beyond mate-
rial development [31-34]. However, the multi-objective, multi-
variable nature of ST-OPV optical design, balancing PCE and
AVT, makes conventional methods like the TMM computation-
ally prohibitive for global optimization. Therefore, we developed
a PDL framework, called PhyOptiNet to enable precise and
efficient optical design, fully realizing the performance potential
of ST-OPVs.

As illustrated in Figure 1la, this framework incorporates prior
physical knowledge and enables precise modeling of material
properties (detailed in Experimental Section). It includes a neural
network training methodology for material property embedding
and prediction specifically tailored for data-scarce scenarios. The
training process comprises two phases. (1) A physics-informed
representation: we explicitly encode fundamental optical proper-
ties - the wavelength-dependent complex refractive index (n,k) -
as intrinsic constraints directly into the vector representation of
materials. This method restricts the model’s representation space
to physically meaningful regions, reinforcing a strong correlation
between embedding and the governing physical principles. This
ensures that model predictions maintain high physical plausi-
bility and adhere to fundamental optical constraints, addressing
a key weakness of purely data-driven DL approaches. (2) A
physics-enhanced multi-stage training: This phase combines
simulated and experimental knowledge. It involves extensive
pre-training with large-scale simulated data generated by our
TMM-based optical model (Figure S1), which establishes rigorous
mathematical relationships between (n,k) and device optical
outputs (transmission, absorption) [35]. While TMM predictions
are inherently limited in capturing the complexities of real
fabricated devices (e.g., interfacial roughness, non-ideal layer
uniformity), pre-training the deep neural network model on
this physics-based simulated data instills foundational physical
accuracy and significantly boosts the model’s generalization
capability. Subsequent fine-tuning leverages experimental ST-
OPV performance data, extracted from the reported ST-OPV
literature (see Experimental Section for details), to transfer the
physics-informed knowledge learned from simulation to the
experimental domain. This critical step calibrates the model
to account for real-world deviations, substantially enhancing
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(a) i-PhyOptiNet: physic-enhanced deep learning framework
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FIGURE 1 | Architecture and Performance of the PhyOptiNet PDL framework. (a) Schematic diagram of the PhyOptiNet architecture integrating

physics-informed representation and physics-enhanced multi-stage learning. (b) PCA visualization of optical material representations incorporating
optical physics priors, revealing distinct clustering by material category: HTL (green), BHJ (blue), ETL (purple), metallic (gray), and dielectric (yellow).
(c) Enhanced learning efficiency and accuracy through physics priors: Comparison of training (left, single epoch) and validation (right, full training)
loss convergence for models without (dashed) and with (solid) physical prior fusion. (d) Accurate prediction of complex material behavior: Comparison
of predicted versus ground truth n and k values of Ag. (e) Performance metrics (MSE, MAE, Pearson correlation coefficient, Spearman correlation
coefficient) comparison of different algorithms for the physics-enhanced multi-stage training. Darker color indicates better performance (i.e., lower
MSE and MAE, higher Pearson and Spearman correlation coefficients). (f) High-fidelity device performance prediction: Predicted versus experimentally
measured AVT and Jgc values for the optimized PhyOptiNet model across diverse material combinations.
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predictive accuracy, particularly under the limited experimental
samples. This physics-enhanced approach facilitates the effective
integration of physical priors, computational simulation data, and
authentic experimental data within a unified DL framework.

Within the physics-informed representation stage, we propose
a universal vector embedding method for material properties
that seamlessly integrates optical physics with DL. This approach
addresses two fundamental challenges in computational material
design: (i) the effective representation of material properties, and
(ii) the unification of categorical and numerical feature embed-
ding. Specifically, we train an independent material embedding
network to map discrete material categories to their continuous,
wavelength-dependent complex refractive indices. The weights
from this optimized network are then used to initialize the
embedding layer of the main device performance prediction
model. This latent space acts as a physical prior, restricting the
model’s searching space to physically meaningful boundaries
and ensuring that materials with similar optical properties are
positioned closely in the vector space. Our framework estab-
lishes a unified representation scheme for material properties,
enabling the incorporation of arbitrary physical properties prior
to task-specific model training. Following this stage, distributed
vector representations of optical materials were generated. These
representations were subsequently reduced to two dimensions
using principal component analysis (PCA) for visualization
(Figure 1b), revealing distinct and physically interpretable clus-
tering boundaries among material categories: hole transporting
materials (green), bulk heterojunction (BHJ) photoactive mate-
rials (blue), electron transporting materials (purple), metallic
materials (gray), and dielectric materials (yellow). Figure 1c
demonstrates the benefit of physical priors on learning efficiency
and accuracy by comparing the convergence behavior of models
with and without physical prior fusion. The left panel displays
training loss reduction within a single epoch, highlighting accel-
erated convergence due to the incorporation of prior physical
knowledge. The right panel tracks validation loss throughout
the training process, revealing consistently lower validation
errors and superior prediction accuracy for the physics-enhanced
model. Figure 1d compares the ground truth and model-generated
n-k dispersion curves of Ag, demonstrating excellent agreement
and validating the model’s ability to accurately model complex
material physical properties.

PhyOptiNet consists of an embedding layer, a feature fusion
layer, and a prediction layer, specifically designed to fuse and
extract material category features and predict relevant physical
properties. The feature fusion layer for physics-enhanced multi-
stage training was optimized through a comparative evaluation
of Transformer encoders [36], long short-term memory (LSTM)
networks [37], feedforward neural networks (FNNs), and con-
volutional neural networks (CNNs) [38]. Model performance
was rigorously assessed using four metrics: mean squared error
(MSE), mean absolute error (MAE), Pearson correlation coeffi-
cient, and Spearman’s rank correlation coefficient. As shown in
Figure le, the multi-head attention-based Transformer encoder
showed superior overall performance across all metrics, which
can be attributed to its enhanced ability to model complex,
long-range dependencies inherent in optical physics, LSTM,
FNN, and CNN exhibited relatively poor results. Consequently,
the Transformer encoder was selected as the feature fusion

layer for subsequent experiments, yielding strong agreement
between predicted and experimentally measured values of AVT
and short-circuit current density (Jy) after training (Figure 1f).
The close alignment observed across diverse material combi-
nations further validates the effectiveness and robustness of
our proposed PDL framework. Furthermore, ablation studies
(Figure S2) confirm that physical prior fusion, simulation-based
pretraining, and experimental fine-tuning are all indispensable
for achieving highly accurate predictions. Therefore, the core
scientific contribution of the PDL framework lies in its unique
ability to bridge the gap between the physical rigor of first-
principles optical simulations and the empirical reality captured
by experimental data. This synergistic integration effectively
mitigates the pervasive simulation-to-reality gap, resulting in a
superior predictive capability. Specifically, the trained PhyOptiNet
demonstrates high predictive accuracy for Js. and AVT. By
leveraging these high-fidelity, physics-constrained predictions,
we can efficiently identify optimal device configurations that
maximize LUE, thereby significantly accelerating the experimen-
tal validation cycle and outperforming purely physics-based or
data-driven approaches.

Building on PDL’s foundational capability to accurately predict
key device performance metrics (Jyq, AVT), the framework proves
powerful for tackling the intricate light management challenges
in ST-OPVs, essential for balancing PCE and AVT. To demonstrate
its practical utility in ST-OPV optical design, we applied PDL
to optimize the device performance following a typical device
structure comprising a 150-nm indium tin oxide (ITO) anode,
a 30-nm PEDOT:PSS hole transport layer (HTL), a 100-nm
BHIJ active layer (PM6:BTP-eC9), a 10-nm PNDIT-F3N electron
transport layer (ETL), a 10-nm transparent Ag electrode, and
a bilayer optical coupling layer (OCL) (Figure 2a). Within this
configuration, we focused specifically on enhancing photon dis-
tribution by engineering the OCL atop the transparent electrode.
The OCL exploits optical interference effects to manipulate light
propagation, with its material composition and layer thicknesses
serving as critical design parameters governing photon harvesting
and exciton generation. While high-throughput (HT) optical
modeling has advanced OCL design as reported in our previous
works [15, 16, 32, 34], its predictive accuracy remains constrained
by complex real-world optical non-idealities and computational
complexity. Compared to the pure HT model, the PDL framework
significantly reduces absolute prediction errors (MSE and MAE)
and achieves a higher Spearman’s rank correlation coefficient
(Figure S3), which demonstrates that PDL provides a more
accurate relative ranking of candidate designs. Therefore, PDL
overcomes the limitations of HT optical modeling by integrating
physical priors with data-driven learning, delivering enhanced
predictive accuracy and design capability for complex optical
systems even under limited experimental data constraints.

Figure 2b provides a comparative analysis of predicted Js--AVT
performance for optimal optical material designs generated by
four distinct approaches: HT optical modeling (blue), a DL
model trained solely on experimental data (ED, green), a DL
model trained purely on simulation data (SD, yellow), and our
PDL hybrid model (red). For the ED, SD, and PDL models, we
represent the top 50,000 data points ranked by descending LUE.
Refractive indices and extinction coefficients are provided in
Figure S4. The results highlight limitations of existing methods:
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FIGURE 2 | PDL-guided Optical Design in ST-OPVs. (a) Schematic device structure of the ST-OPV featuring a bilayer OCL engineered for enhanced
light management. (b) Predicted Jgc-AVT results obtained by high-throughput optical modeling (HT, blue), experimental data-only trained DL (ED,
green), simulation data-only trained DL (SD, yellow), and the PDL model (red). For the ED, SD, and PDL models, only the top 50,000 data points,
ranked by descending LUE, are shown. The blue square and the red circle are performance obtained for HT-guided device with an OCL of LiF(140
nm)/ZnS(80 nm) and PDL-guided device with an OCL of HfO,(114 nm)/TiO,(36 nm), respectively. (c) Physics-driven material representation: PCA
visualization of material embeddings learned by ED (left, poor separation), SD (middle, partial differentiation), and PDL (right, distinct categorical
boundaries and physics-aligned organization) models. Material categories area defined as: HTL (green), BHJ (blue), ETL (purple), metallic (gray), and
dielectric (yellow). (d) Interpretable attention mechanisms: Visualization of attention weights in the fusion layer for ED (left, localized/imbalanced),
SD (middle, imbalanced), and PDL (right, globally balanced) models, reflecting comprehensive consideration of material interactions. Simulated optical
field distributions for (e) the control device without OCL, (f) the HT-guided device with an OCL of LiF(140 nm)/ZnS(80 nm) and (g) the PDL-guided
device with an OCL of HfO,(114 nm)/TiO,(36 nm). (h) Exciton generation rate profiles within the photoactive layer for the control, HT-guided, and
PDL-guided devices. (i) Differential enhancement in exciton generation rate relative to the control device, highlighting the superior photon harvesting
of the PDL-guided design. (j) EQE and transmittance spectra for the PDL-guided device and control, exhibiting simultaneous enhancement in visible
transmission and NIR EQE, and their corresponding difference spectra.
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ED predictions exhibit scattered distributions, failing to establish
robust structure-property relationships due to data scarcity. SD
predictions largely overlap with HT results. As expected, its
training data originate directly from the HT simulator, offering no
predictive advantage beyond the simulator itself. Strikingly, PDL
generates predictions that consistently surpass HT benchmarks,
demonstrating superior feature extraction and generalization
enabled by its physics-enhanced learning paradigm. Specifically,
PDL-guided optimal devices are predicted to achieve a ~10%
relative improvement in LUE (an absolute increase of ~0.5%)
compared to HT-guided designs. Moreover, comparative analysis
confirms that PDL outperforms conventional global optimization
strategies under identical computational budgets (Figure S5).
While traditional search algorithms are fundamentally capped
by the predictive limitations of the physical models they rely
on, PDL successfully discovers a distinct, higher-performance
parameter space that overcomes the simulation-to-reality gap.
Figure 2c reveals the transformative impact of physical priors
on material representation learning. ED models yield overlap-
ping clusters with poor categorical separation (left), indicative
of inadequate learning. SD models show partial differentia-
tion (middle). In contrast, the PDL approach (right) achieves
both physically accurate representations and distinct categorical
boundaries. Notably, red points exhibit directional alignment
along the principal component 1 axis, strongly indicating a
physics-driven organization of the embedding space. The mirror-
symmetric distributions between SD and PDL confirm that
physical priors introduce anisotropic scaling to enhance sepa-
rability without disrupting the underlying covariance topology,
a key insight enabled by PDL. Figure 2d analyzes attention
mechanisms, crucial for understanding material interactions.
The ED model develops localized patterns due to data limitations
(left), while the SD model exhibits similar imbalances (middle).
Ultimately, PDL achieves globally uniform and interpretable
attention distributions (right), enabling holistic evaluation of
relevant material interactions for optimal design. The balanced
attention weights demonstrate the effective integration of physi-
cal domain knowledge with data-driven learning within the PDL
framework.

To validate the AI-guided design, we further simulated light
field distributions for three ST-OPV configurations: the con-
trol ST-OPV without OCL, the HT-guided ST-OPV (using an
OCL of LiF(140 nm)/ZnS(80 nm), as suggested by the HT
model), and the PDL-guided ST-OPV (using an OCL of HfO,(114
nm)/TiO,(36 nm), as suggested by the PDL model). Figure 2e-
g illustrate the OCL’s impact on light management, revealing
significantly enhanced optical fields in both HT- and PDL-guided
devices compared to the control. This enhancement is spec-
trally selective and spatially optimized, manifesting as enhanced
light transmission across the visible spectrum in the external
region, directly contributing to improved visible transmittance.
Simultaneously, it achieves concentrated and efficient absorption
of strong NIR fields within the photoactive layer, paramount
for maximizing photon harvesting. Quantitative analysis of the
exciton generation rate profiles (Figure 2h) and their differential
enhancement maps (Figure 2i) confirms the superior photon
harvesting capabilities of the PDL-guided device. This design
effectively channels incident NIR photons into the active layer,
leading to a substantial increase in exciton generation specifically
in the spectral range beyond human visual perception. Most

importantly, the calculated external quantum efficiency (EQE)
and transmission spectra presented in Figure 2j demonstrate
the PDL-guided optical design’s achievement of simultaneous,
optimized enhancement in both visible light transmission and
NIR EQE. This dual improvement is essential for ST-OPVs,
directly enabling an optimal balance between AVT and PCE,
to maximize the LUE. These comprehensive optical simulations
establish that our physics-enhanced Al not only learns effectively
from limited experimental data but also rigorously adheres to
fundamental optical principles, yielding interpretable, physically
coherent, and high-performance designs for next-generation
ST-OPVs.

2.2 | PDL-Guided Optimization of
High-Performance ST-OPVs

While the PDL framework provides an advanced solution for
optical design, achieving high-performance ST-OPVs fundamen-
tally relies on the efficiency of their opaque counterparts. To
establish a foundation for PDL-guided ST-OPV optimization, we
first developed high-efficiency opaque OPVs through a halogen
additive engineering strategy by introducing a novel additive,
TCBB, into the active layer. A series of opaque devices were fab-
ricated with the following structure: ITO/2PACz (self-assembled
monolayer)/BHJ (120 nm)/PNDIT-F3N (10 nm)/Ag (100 nm),
as illustrated in Figure 3a. The BHJ active layer comprises
the ternary blend of PM6:BTA-3:L8-BO. The control device was
prepared using the conventional additive 1,3,5-trichlorobenzene
(TCB), as reported in our previous work.16 The incorporation
of TCBB induces a slight redshift in the absorption peak of the
acceptor (L8-BO), suggesting enhanced intermolecular packing
(Figure S6). Importantly, this modification does not compro-
mise the visible transmittance of the active layer (Figure S7),
which is highly advantageous for the subsequent development of
semitransparent devices. Furthermore, atomic force microscopy
(AFM) characterization (Figure S8) reveals that the TCBB-
processed film exhibits reduced surface roughness compared to
the film processed with TCB. To provide direct structural evidence
of the molecular packing, we performed grazing-incidence wide-
angle X-ray scattering (GIWAXS) measurements (Figure S9). Both
films exhibit a preferred face-on orientation. The 1D line-cut
profiles reveal that the TCBB-processed film exhibits a tighter
out-of-plane 7— stacking distance and a narrower full width at
half maximum (FWHM) for the (010) diffraction peak compared
to the control film. This corresponds to an increased crystal
coherence length (CCL), confirming that the TCBB additive
promotes more ordered molecular crystallization and enhances
intermolecular 7—7 interactions. The electrostatic potential map
in Figure 3a highlights prominent o-holes on the halogen atoms
of TCBB, which are expected to facilitate strong halogen-bonding
interactions with the BHJ molecules, leading to optimized crystal-
lization kinetics and molecular orientation during film formation
[39-42]. Consequently, the TCBB-based opaque device achieves
a significantly improved PCE of 20.36%, with an open-circuit
voltage (Vc) of 0.891 V, a short- circuit current density (Jgc) of
28.31 mA cm~2, and a fill factor (FF) of 80.73%, outperforming
the TCB-based control device (PCE of 19.32%), as shown in
Figure 3b. The concentration of the TCBB additive was optimized,
asdetailed in Figure S10 and Table S1. Corresponding EQE spectra
(Figure 3c) further confirm the enhanced performance.
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FIGURE 3 | Opaque device optimization leveraging TCBB additive. (a) Device architecture of opaque OPVs with TCBB additive, the molecular
structure and electrostatic potential distributions of TCBB. (b) J-V characteristics and PCE distributions. (c) EQE spectra, and (d) Jsc-I and Vc-I
characteristics measured for the control OPVs and TCBB-based OPVs. (e) 2D TA images and (f) Charge transfer dynamics probed at 620 and 882 nm for
the control and TCBB-based BHJ films. (g) Marcus fitting, (h) EQEg;, spectra, and (i) energy loss analysis for the control OPVs and TCBB-based OPVs.

To elucidate the enhancement mechanism, we systematically
investigated exciton dissociation, charge recombination, and
charge collection dynamics. Detailed characterization and cal-
culation methods are provided in the Experimental Section.
The exciton dissociation and charge collection dynamics were
first quantified by analyzing the photocurrent density (J,p)
as a function of the effective voltage (V) (Figure S11). The
TCBB-based device exhibits a higher exciton dissociation prob-
ability (Py;s) and charge collection efficiency (P, respectively
(Table S2), indicating that the refined morphology induced by
TCBB effectively facilitates geminate and non-geminate charge
separation. Mott-Schottky analysis derived from capacitance-
voltage (C-V) measurements (Figure S12) reveals a lower trap
density (N,) in TCBB-based devices, which suggests suppressed
structural disorders and electronic traps within the BHJ [43].
To further evaluate the charge transport kinetics, we employed
the space-charge-limited current (SCLC) method (Figure S13).
The TCBB-based films show significantly enhanced hole (u,)
and electron (u.) mobilities, with a more balanced transport
ratio (u,/u.) compared to the control device, which can be

attributed to the more ordered molecular packing and optimized
phase separation, which provide efficient percolating pathways
for charge carriers and thus suppress bimolecular recombina-
tion. The recombination mechanisms were further scrutinized
through light-intensity dependent Jy. and V. measurements
(Figure 3d). The TCBB-based device yields an « value closer to
unity and a reduced V. slope (Table S2), signifying effective
suppression of bimolecular and trap-assisted monomolecular
recombination. Finally, femtosecond transient absorption (fs-TA)
spectroscopy was performed to probe the energy and charge
transfer dynamics within the BHJ blends. Figure 3e displays the
2D TA maps for both control and TCBB-based films. A prominent
photoinduced absorption signal is observed at 882 nm, which
is assigned to the local excited (LE) state of the acceptor. The
decay of this LE signal coincides with the concomitant rise of the
donor ground-state bleaching (GSB) signal at 620 nm, providing
direct evidence of efficient hole transfer from the acceptor to
the donor [44]. Notably, the TCBB-processed film exhibits a
significantly faster donor GSB rise and an accelerated decay of the
acceptor LE state compared to the control film (Figure 3f). These
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kinetic traces reveal that the incorporation of TCBB promotes
more rapid exciton harvesting and efficient charge separation
at the donor/acceptor interfaces, which correlates well with the
observed improved Jg- and FF.

To further understand the origin of the enhanced V. in TCBB-
based devices, a detailed energy loss analysis was conducted
using electroluminescence (EL) and Fourier-transform photocur-
rent spectroscopy EQE (EQEgps) measurements (Figure 3g).
By fitting the sub-gap tail of the EQE spectra and the EL
emission, the charge-transfer (CT) state energy (E-r) was deter-
mined. The TCBB-based device exhibits an E.; of 1.416 + 0.002
eV, which is closer to the bandgap (E, = 1.445 eV, defined
by the intersection of the normalized EQE and EL spectra)
compared to the control device (1.412 eV). The reduced E,-
Eqr offset suggests that the TCBB additive promotes a more
favorable energetic alignment at the donor/acceptor interfaces,
thereby minimizing the driving-force loss (AE,). Moreover, the
electroluminescence external quantum efficiency (EQEg;) of
the TCBB-based device is significantly higher than that of the
control device (Figure 3h), indicating suppressed non-radiative
recombination. As summarized in Figure 3i and Table S3,
and further supported by the statistical data obtained from
15 independent devices (Figure S14), the total energy loss is
decomposed into three components: radiative loss above the
bandgap (AE,), radiative loss below the bandgap (AE,), and non-
radiative recombination loss (AE;). These results clearly show
that the TCBB-based device achieves a reduction in both AE, and
AE, [45-47]. Whereas the reduction in AE, is small, the reduction
for AE; is stronger. The sum of the reduced energy losses aligns
well with the observed V. improvement of approximately 0.011
V. Therefore, we conclude that the significant suppression of
non-radiative recombination, together with the enhanced and
more balanced charge carrier mobilities (u,/p.) accounts for the
enhanced V- and FF. This mitigation of energy loss aligns
well with our earlier observations of suppressed bimolecular
recombination and accelerated charge-transfer dynamics. In
summary, the TCBB additive leverages strong halogen-bonding
interactions to template molecular crystallization, resulting in a
refined BHJ morphology and reduced energetic disorder. This
leads to significantly improved charge collection, faster charge
separation, and suppressed bimolecular and non-radiative recom-
bination, ultimately providing a high-efficiency opaque founda-
tion (PCE > 20%) for subsequent semitransparent photovoltaic
development.

Taking advantage of the high-performance opaque platform, we
fabricate ST-OPVs by replacing the 100 nm-thick opaque Ag
electrode with a 10 nm-thick Ag semitransparent electrode, as
reported previously [14, 15, 33]. To achieve an optimal balance
between PCE and AVT, the donor-to-acceptor ratio and BHJ
thickness were systematically optimized. As the donor polymer
PM6 primarily absorbs light in the visible region (500-650 nm),
reducing its weight ratio is a direct strategy to enhance AVT.
However, a significant reduction in donor content can lead to
insufficient photon harvesting and disrupted charge transport
pathways, thereby compromising PCE. As shown in Figure S15
and Table S4, we evaluated various D:A ratios and identified
0.6:0.1:1.2 (PM6:BTA-3:L8-BO) as the optimal composition. This
formulation preserves efficient charge extraction while signifi-
cantly improving transparency. Subsequently, the BHJ thickness

was tuned to further refine the light management (Figure S16
and Table S5). An optimized thickness of 80 nm was selected to
maximize the LUE. Additionally, we incorporate a laser-induced
hierarchical antireflection (AR) coating (Figure 4a) to mitigate
parasitic reflection at the glass-air interface (see Experimental
Section) [48-50]. This AR coating reduces the average reflectance
from 9.0% (bare glass) to 4.9% (AR-coated glass) across the
400-900 nm wavelength range (Figure S17). Finite-element sim-
ulations confirm enhanced light intensity within the ITO and
active layers, demonstrating superior photon harvesting (Figure
S18). The AR-enhanced device, exhibiting a LUE of 4.19% (Table
S6), is used as the control ST-OPV for subsequent comparative
studies.

The pivotal demonstration of PDL’s power lies in its guidance
for OCL design. The OCLs were designed and optimized for
the aforementioned device using HT and PDL (with the iter-
ative optimization process illustrated in Figure S19). The J-V
characteristics, EQE, and transmission spectra measured for the
control ST-OPV, the HT-guided ST-OPV with an OCL of WO,
(90 nm)/ZnS (70 nm), and the PDL-guided ST-OPV with an
OCL of TeO, (110 nm)/ZnSe (33 nm), are shown in Figure 4b,c.
Corresponding photovoltaic parameters are listed in Table 1.
To ensure the practical viability of the PDL-guided design, the
optimized OCL of TeO, (110 nm)/ZnSe (33 nm) was deposited
via high-vacuum thermal evaporation. As confirmed by X-ray
photoelectron spectroscopy (XPS) and AFM measurements, the
evaporated TeO, and ZnSe films maintain their correct chem-
ical stoichiometry (Figure S20) and exhibit uniform, smooth
surface morphologies with low roughness (Figure S21), which
are crucial for minimizing optical scattering and realizing the
designed thin-film interference effects. Remarkably, the PDL-
guided device achieves an excellent LUE of 6.09%, with a PCE
of 14.97% and an AVT of 40.70%, significantly outperforming
both the control ST-OPV and the HT-guided device (LUE =
5.39%). Figure S22 presents the quantum utilization efficiency
(QUE = EQE+T) spectra for all devices. Importantly, all QUE
values remain consistently below the bare substrate transmission,
confirming the reliability of our results. Beyond efficiency, aes-
thetic integration is paramount for BIPV applications. The CIE
1931 chromaticity coordinates (Figure 4d) and the corresponding
device photographs (Figure 4b, inset) reveal that the PDL-
guided device maintains an excellent neutral color perception.
Figure 4e benchmarks our PDL-guided ST-OPV against state-of-
the-art devices, highlighting its top-tier performance enabled by
the physics-Al synergy intrinsic to the PDL framework. Scala-
bility was further validated via a 100-cm? PDL-guided module
(Figure 4f). The ST-OPV module achieved a PCE of 9.85% and an
AVT of 40.7%, demonstrating the potential of our PDL-optimized
architecture from laboratory devices to large-area manufactured
components. Finally, a maximum power point tracking aging test
was performed to monitor the performance decay of the different
ST-OPVs under room-temperature ambient condition. The PDL-
guided device exhibits longer Ty, life time (80% of the initial PCE)
of 1030 h compared to that of the control device (220 h) (Figure
S23), indicating improved stability attributed to the built-in
encapsulation effect provided by the dielectric stacks of OCL for
preventing the permeation of moisture and oxygen into the BHJ
active layer. To summarize this part, PDL-guided optical engi-
neering, by fusing physical priors with data-driven optimization,
enabled unprecedented optical design precision that effectively
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FIGURE 4 | PDL-guided device optimization of high-performance ST-OPVs. (a) Device structure of the ST-OPV featuring a PDL-guided OCL and
a laser-induced hierarchical AR coating. (b) J-V characteristics, (c) EQE and transmission spectra, and (d) CIE chromaticity coordinates for the control,
HT-guided, PDL-guided ST-OPVs. (e) Comparison of the PCE, AVT, and LUE values between the optimal PDL-guided ST-OPVs demonstrated in this
work and those reported in the literature. (f) J-V characteristics of the 100-cm? PDL-guided ST-OPV module. Inset in Figure 4b: Photographs of the
control ST-OPV and PDL-guided ST-OPV devices. Inset in Figure 4f: Photograph of the 100-cm? PDL-guided ST-OPV module.

TABLE 1 | A summary of photovoltaic parameters measured for the opaque control OPV processed by TCB additive, the opaque OPV processed
by TCBB additive, control ST-OPV, HT-guided, and PDL-guided ST-OPV. Semitransparent devices are denoted with a “-ST” suffix. The results were

averaged from the measurements of 15 devices.

Jea [MA
Device Voc [V] Jsc [mMA cm™2] cm™2]» FF [%] PCE [%] AVT [%] LUE [%]
Control 0.880 + 0.002 27.59 + 0.17 27.11 79.58 + 0.54 19.32 + 0.15 - -
TCBB 0.891 + 0.002 28.31 +0.25 27.62 80.73 + 0.33 20.36 + 0.22 - -
Control-ST 0.891 + 0.002 19.72 + 0.34 19.45 79.41 + 0.36 13.95 + 0.27 30.03 4.19
HT-ST 0.892 + 0.002 19.49 + 0.68 19.09 79.35 +£ 0.26 13.79 + 0.49 39.11 5.39
PDL-ST 0.891 + 0.001 20.94 + 0.26 19.83 80.21 + 0.37 14.97 + 0.19 40.70 6.09

¥ntegrated current densities from the EQE spectra.

transcends the inherent efficiency-transparency trade-off in ST-
OPVs. This accomplishment not only validates PDL’s superiority
over conventional simulation-based approaches but establishes a
new technical benchmark for practical BIPV applications, posi-
tioning our ST-OPVs as scalable solutions for sustainable built
environments.

2.3 | Quantifying BIPV Energy Potential of
ST-OPVs at Multi-Scale

While achieving a LUE exceeding 6% through device optimization
represents a significant advance in ST-OPV performance, trans-
lating this laboratory breakthrough into practical contributions

to global decarbonization requires rigorous quantification of its
real-world engineering potential. To bridge the gap between
microscopic materials discovery and macroscopic application,
we developed a multi-scale energy estimation framework. This
framework enables comprehensive assessment of BIPV poten-
tial for ST-OPVs at both individual building and regional
scales, providing critical insights into their capacity to support
national renewable energy transitions and carbon neutrality
goals. Although full nationwide deployment may not be prac-
tically achievable, estimating the theoretical maximum energy
generation potential under ideal conditions serves as a valuable
benchmark for evaluating the ST-OPV technology’s scalability
and its relative contribution to the energy mix, guiding strategic
planning and policy decisions.
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The energy estimation is first performed at the single-building
scale (Figure 5a). To ensure high fidelity in our estimations,
we developed a comprehensive building energy model, param-
eterized with the performance metrics of our experimentally
validated large-area ST-OPV module (PCE = 9.85%, AVT =
40.70%). The model integrates critical variables including local
climate (e.g., solar irradiance, ambient temperature), building
characteristics (e.g., shape, height, wall-to-window ratio), and
geospatial positioning (e.g., orientation, shading). As a case
study, we apply the framework to the library building (31°19’N,
121°24°E) at Shanghai University (SHU) with a stacked triangular
elliptical geometry (Figure S24). After modeling this architec-
tural form, we quantify the energy yield achievable through
full retrofitting of all window surfaces with ST-OPV modules
(Figure 5b). Comparative energy analysis reveals that this instal-
lation could meet ~13% of the building annual electricity demand
(Figure S25). For provincial-scale simulations, we adopted a
standardized building model (Figure S26), with parameter set-
tings detailed in Experimental Section. Building height data,
primarily sourced from China’s Seventh National Population
Census (Figure S27), serve as key inputs for region scale building
characterization. Simulated energy yields for a representative
building across various provincial-level divisions are presented in
Figure 5c, offering an intuitive visualization of the spatial vari-
ability in BIPV performance under diverse climatic conditions
(Figures S28).

To facilitate national-scale estimation, our framework incorpo-
rates regional analysis of the building coverage using a stratified
sampling-based spatial searching method (Figure 5d), and a
DL segmentation model for accurate building area extraction
from high-resolution satellite imagery (for details of the model
architecture and training process, see the Experimental Section).
Central to this approach is a U-Net-based semantic segmenta-
tion model (Figure 5e) that classifies land cover into distinct
categories: buildings, vegetation, water, barren land, and arti-
ficial surfaces (e.g., roads, playgrounds) [51]. A case study on
the SHU campus illustrates the model’s effectiveness in accu-
rately identifying and delineating building areas, confirming
its reliability for urban feature segmentation. This successful
extraction of building areas at the campus scale, characterized
by diverse architectural styles and dense landscaping, highlights
the model’s robustness. Such a high-precision mapping ensures
that the subsequent scaling to the national level is built upon
a reliable quantification of available building surfaces, mini-
mizing spatial uncertainty in the overall BIPV energy potential
assessment.

Our national-scale analysis encompasses 3,100 samples spanning
all 31 provincial-level administrative divisions of the Chinese
mainland. By multiplying this coverage ratio by the total geo-
graphical area of each respective division, we quantified the
absolute building coverage area across the Chinese mainland
(Figure 5f and Figure S29). Building upon this building coverage,
Figure 5g presents China’s nationwide assessment of annual BIPV
energy generation potential. Derived by integrating building
area data with region-specific solar energy conversion parame-
ters, the map uses darker hues to delineate regions of greater
yield. Our calculations indicate that full ST-OPV deployment
on all building windows could yield 8.16 x 10" J (2.26 x 10'
kWh) annually, sufficient to satisfy nearly one-fifth of China’s

total energy demand (9.85 X 10> kWh, China National Energy
Administration 2024), and potentially eliminate 1.22 x 10° tons
of CO, emissions. Details of these calculations are provided in
Experimental Section. Figure 5h further shows the BIPV self-
sufficiency ratio, defined as the ratio of BIPV energy yield to
provincial energy demand across China. It reveals that provinces
with high self-sufficiency ratios can achieve significant energy
autonomy. To avoid overestimating the deployment potential
due to the assumption of stable device performance, we further
conducted a sensitivity analysis to evaluate the impact of long-
term module degradation on energy generation (Figure S30
and Table S7). We evaluated annual degradation rates ranging
from 0.5% to 3%, covering the operational benchmarks of both
commercial silicon-based and thin-film photovoltaics. While
higher degradation rates inevitably shorten the operational ser-
vice life before reaching the industry-standard Ty, end-of-life
threshold, the annual energy contribution of ST-OPVs during
their operational lifespan remains significant. Concurrently,
regions with substantial absolute BIPV generation, even if self-
sufficiency is lower, are critical for national renewable energy
integration, grid stability, and urban decarbonization, including
urban heat island mitigation. Moreover, vertically deployed solar
harvesting systems circumvent the land scarcity constraints
inherent to conventional solar farms, while distributed gen-
eration from building envelopes enhances grid resilience and
reduces transmission losses. Given that coal remains the pre-
dominant source of China’s electricity, accounting for more
than half of the national power generation according to the
National Bureau of Statistics of China, the widespread imple-
mentation of such ST-OPVs could theoretically offset nearly
40% of the nation’s coal consumption for power. Such sub-
stantial substitution potential underscores the importance of
ST-OPVs as a low-carbon technology in reshaping the national
energy mix and accelerating the transition away from fossil
fuels. By quantifying decarbonization potential geospatially, ST-
OPVs provide policymakers with an actionable roadmap to
support China’s 2060 carbon neutrality goal, positioning them
as essential urban infrastructure beyond mere photovoltaic
innovation.

3 | Conclusion

In summary, we introduce PhyOptiNet, a PDL hybrid model that
overcomes the predictive limitations of conventional approaches
to modeling ST-OPVs. By integrating physics-informed data
processing through embedding fundamental optical properties
as priors with physics-enhanced training via the combination of
simulation-based pre-training and experimental fine-tuning, the
PDL framework effectively addresses both the data scarcity con-
straints in deep learning and the computational intractability in
physics-based simulations. This approach is pivotal for optimiz-
ing ST-OPV devices and advancing the efficiency-transparency
trade-off frontier. Building on a TCBB-based halogen addi-
tive engineering strategy that elevates opaque device efficiency
beyond 20%, our PDL-guided optical design further enables
ST-OPVs to achieve a record LUE of 6.09%. Virtual building
integration analysis conducted using an experimentally validated
ST-OPV module projects that such advanced photovoltaic sys-
tems hold significant energy-saving potential, capable of meeting
up to one-fifth of China’s total energy demand, which could offset
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approximately 40% of the nation’s coal consumption for power
generation. This work highlights the transformative potential of
physics-enhanced Al in promoting sustainable urban infrastruc-
ture and global decarbonization, paving the way toward a net-zero
energy future.

4 | Experimental Section
4.1 | Material

PM6, BTA-3, L8-BO, and PNDIT-F3N were purchased from
Organtec Ltd. PDMS and its curing agent (Sylgard 184) were
purchased from Dow. TCB, TCBB, ZnS, WO,;, TeO, and ZnSe
were purchased from Adamas. All chemicals and reagents were
used as received.

4.2 | Device Fabrication

The ITO/glass substrates (15 Q sq') were cleaned using ultra-
sonication sequentially with detergent, deionized water, acetone,
and isopropyl alcohol, each for 30 min. After wet cleaning, the
ITO/glass substrates were exposed to plasma treatment (200
W) for 2 min prior to device fabrication. The substrates were
then quickly transferred into a nitrogen-filled glove box with
0, and H,O0 levels < 0.01 ppm. A 2PACz HTL, dissolved in
ethanol (0.3 mg mL™!), was deposited on the ITO/glass substrates
using spin-coating at a rotation speed of 3000 rpm for 30 s,
followed by annealing at 110°C for 10 min. The PM6:BTA-3:L8-
BO mixture solutions (16 mg mL™) with different weight ratios
of PM6 to BTA-3:L8-BO, dissolved in chloroform and with a
10 mg mL™ TCB or TCBB additive, were stirred at 60 °C for
1 h to prepare the ternary BHJ active layer. The weight ratio
of BTA-3 was kept at 0.1. PM6:BTA-3:1L8-BO BHIJ active layer
was then deposited on the 2PACz HTL by using spin-coating at
a rotation speed of 6000 rpm for 30 s, followed by annealing
at 120°C for 10 min. Subsequently, a 10 nm-thick PNDIT-F3N
ETL (0.95 mg mL™" in methanol with 5 v% acetic acid) was
deposited on the BHJ active layer by spin-coating at a rotation
speed of 3000 rpm for 30 s. An Ag (10 nm) upper electrode
was deposited by thermal evaporation in a vacuum system (<5
x 107* pa). The evaporation rate for Ag was 1.0 A s™'. The
OCL layers were deposited on the upper electrode via high-
vacuum thermal evaporation in a chamber with a base pressure
below 5x10~* Pa. To prevent undesired redox reactions and
maintain stoichiometry, TeO, and ZnSe were evaporated from
inert ceramic crucibles. The evaporation rate was maintained at
2.0 A s7! for both materials, with the film thickness monitored
by a quartz crystal microbalance and subsequently verified by
spectroscopic ellipsometry. The hierarchical AR coating was
finally stuck upon the front side of the glass substrates. The
active area of the ST-OPVs is 3.74 mm?, defined by an aperture
mask.

The 100-cm? ST-OPV module were fabricated with an archi-
tecture similar to that of the small-area devices. The module
comprised 12 sub-cells connected in series. The series intercon-
nection was realized through laser-patterned P1, P2, and P3 lines.
Specifically, the P1 line, which defines the isolation between
ITO electrodes, had a width of 100 um. The P2 line, serving to

isolate the HTL/BHIJ/ETL stack, was set to 120 um. Finally, the
P3 line, defining the separation between the Ag/OCL layers, was
patterned with a width of 90 um.

4.3 | Characterization

The J-V characteristics of the ST-OPVs were measured using an
AM1.5G solar simulator (Newport Oriel Sol3A) (100 mW cm™2)
and a source meter (Keithley 2420). The solar simulator was
calibrated using a standard monocrystalline silicon reference
cell with a KGS5 filter. The EQE spectra were measured using
a 7-SCSpec solar cell measurement system (7-STAR Co.). The
stability of the as-prepared ST-OPVs was monitored in a N,-
purged glove box with moisture and oxygen levels below 0.1 ppm
at 25°C. All transmission, absorption, and reflection spectra were
measured using a UV-vis spectrophotometer (MAPADA UV-
1800PC). AFM measurements were performed in tapping mode
using a Bruker Dimension Icon scanning probe microscope under
ambient conditions. C-V characteristics were measured using an
electrochemical workstation (Corrtest CS2350H) at frequencies
ranging from 1 kHz to 1 MHz. Scanning electron microscopy
(SEM) images were obtained using a ZEISS GeminiSEM 300
microscope. TA spectroscopy was performed using a pump-probe
system. The amplifier generated a 1030 nm pulse with a repetition
rate of 50 kHz, a duration of 300 fs and an energy of 50 mJ
per pulse. The pulse was then divided into two parts using
a beam splitter. One was introduced to an optical parametric
amplifier to produce a certain wavelength for the pump beam
(780 nm, 1.26 mW), and the other was focused onto a YAG
plate to generate a white light continuum as the probe beam.
The transmitted probe light from the sample was collected
by a CCD sensor. EQEprpg was measured using a Fourier-
transform photocurrent spectrometer (PECT600, Enlitech). The
EL, EQEg; spectra were obtained using an Enlitech REPS
Ultra integrated system. XPS measurements were carried out
on a Thermo Scientific K-Alpha instrument equipped with a
monochromatic Al Ka source (1486.6 €V, 400 um spot), operated
at 12 kV/6 mA with a 60° take-off angle. The work function
was set to 4.2 eV, and Ar* clusters sputtering was employed for
surface preparation. GIWAXS measurements were carried out at
beamline IW1A of Beijing Synchrotron Radiation Facility with
an incident beam energy at 8 keV (the fixed grazing angle is
0.2°). The beam center and sample-to-detector distance were
calibrated with LaB;. The samples were directly prepared on
clean Si substrates with the same conditions as the device
preparation.

4.4 | Energy Loss Analysis

AE, is calculated by A E, =E, —qu%, where V(S)% is the

Shockley-Queisser limit V. AE, is calculated by A E, = qu)% -
E

4 /o EQE(E)am.s6(E)AE 27 -
len(W + 1), where @z (E) = - E%¢ 7. AE,
is calculated by A E; = —ElnEQEEL. Vg%, k, T, @avsc> Drg
are the Shockley-Queisser ilimit Vo, the Boltzmann constant,
the temperature, solar irradiation, and the black body spectrum,
respectively. E.; was extracted by fitting the sub-gap tail of
the EQEgps spectra and the EL emission spectra based on the
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Marcus theory. The fitting equation is expressed as EQE(E)
—(B-Ecr+A)?
L. kT , where E is the photon energy and 4 is the

EV/4mAkT
reorganization energy.

4.5 | Charge Transfer Dynamics Analysis

Exciton dissociation, charge recombination, and charge collec-
tion dynamics were investigated using the following methods. J,
is defined as the difference between the current density under
AML5G illumination (J;) and in the dark (Jy), i.e., Jop =J; ~J4. Vegr
is given by Vg = V-V, where V; is the voltage at which J,
= 0,and V,,, is the applied bias. Py;i; and P were derived from
the resulting J,,~ Vg curves. J, was extracted under high reverse
bias (V4= 2.5 V), where all photogenerated charges are assumed
to be fully dissociated and collected without recombination. P
is then calculated as Py = Jsc /Jg, evaluating bulk exciton
dissociation, while P is determined as Pcc = Jpoyer / Jsat, Where
Joower 18 the current density at the maximum power output
point, quantifying charge collection capability. Trap density (N,)
was estimated from Mott-Schottky plots extracted from the C-
V data, using the following equation: N, = m (ddc—‘iz), where
q is the elemental charge, ¢, is the relative dielectric constant
of the BHJ (assuming ¢, = 3), g, is the vacuum permittivity,
and A is device area. These measurements accounted for dipole
alignment and energy barrier effects induced by the interfa-
cial modifications. Charge transport properties were evaluated
using the SCLC method. Electron-only and hole-only devices
were fabricated with the structure of ITO/ZnO/BHJ/PNDIT-
F3N/Ag and ITO/2PACz/BHJ/Mo00,/Ag, respectively. Here, J-V
curves were recorded in the dark, and mobility values were
calculated by using the Mott-Gurney equation: J = z arsguZ—:,
where d is the thickness of the active layer. Light intensity-
dependent Jg: and V. measurements were performed under
AML1.5G illumination with varying light intensities (I) from 0.1
to 100 mW cm™2. The ideality factor (n) and recombination
coefficient (o) were determined from linear fits to the V-
I and Jg-I, respectively, using the following equations: Jg. =
", Vo= n(ﬂ)ln(I), where k is the Bolzmann constant, T is
temperature. !

4.6 | Laser-Induced Hierarchical AR Coating

Polished 316 stainless steel substrates, dimensions: 20 mm (L) X
20 mm (W) x 2 mm (T), were processed via ultrafast laser etching
system (Nanjing Trizlaser). The system employs a picosecond
laser (Amber NX IR model) from Suzhou Bellin Laser Co.,
Ltd. The laser employed has a wavelength of 1064 nm, a pulse
duration of 10 ps, and an operational frequency of 100 kHz.
During the lithography process, the line spacing was 20 pm.
SEM images of the processed steel substrates are presented in
Figure S31. PDMS solution, formulated using a mixture of the
curing agent and base resin with a weight ratio of 1:10, was
spin-coated at 500 rpm for 30s onto the structured steel mold
and cured at 60°C for 24 h. A ~150 um-thick cured PDMS
hierarchical AR coating was carefully peeled off from the steel
mold and attached to the front side (glass-side) of the device
(Figure S32).

4.7 | Optical Model

Wavelength-dependent transmission, T(1), absorption, A(4), pro-
file of the electric field, E(x, 1), and exciton generation rate in the
BHJ,G(x, 1), were calculated using the transfer matrix method
over the wavelength range from 300 to 1000 nm. The materials
used of the device structure ITO/HTL/BHJ/ETL/Ag are ITO,
2PACz, PM6:BTA-3:18-BO, PNDIT-F3N:TBA, Ag, respectively.

In the simulation, considering an incoming light normal to the
device, the functional layers are considered as a homogeneous
media with wavelength dependent optical constants. Within a
multilayer thin-film optical system, the transfer matrix for the j-th
layer is as follows:

i5; i5;
1 e’ rie’
M, =- 5 O is: 1
J 4 rje—léj e—zSJ ( )

where r; = Z”i—;:’ is the interface reflection coefficient; t; =
I J

27 s the interface transmission coefficient; §; = = n;d;coso;
nj_1+n;j A

is the phase retardation; 77; = n; + x; is the complex refractive
index of the j-th layer (n;is the refractive index, x; is the extinction
coefficient); d; is the thickness of the j-th layer; 6; is the angle
of incidence within the j-th layer. For an m-layer structure, the
overall transfer matrix M\, is the product of the individual layer

matrices:

m;, m
Mtotal = Ml . M2 Mm = I:mll mZ:l (2)
1

Within layer j (at position z;, z; € [(0, d;)]), the electric field
E;(z;) can be decomposed into forward (+) and backward (-)
propagating waves:

E; (z;) = Ejfre“?fzf +Ej’e‘”‘~fzf 3

where + denotes the forward wave (propagating in the + z
direction); — denotes the backward wave (propagating in the —
z direction); IF{J = 27” 1; is the complex wave vector within layer j.
The transfer matrix M; for layer j relates the input electric fields
(incident side) to the output electric fields (exit side):

— M, [5’ ] @

Therefore, M; encapsulates both interface reflection/trans-
mission effects and phase propagation through the layer. The
boundary conditions for the m-layer structure are: 1. No backward
wave in the exit medium: E,, = 0; Incident field amplitude
normalized to 1 in the incident medium: E; = 1. Applying these
conditions leads to the matrix equation:

1 E},
|:E0—:| = Mtotal [ 0 ] (5)

Solving this system yields:
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Starting from the known amplitudes (E;, and E;) and recur-
sively applying the inverse matrix relationship back through the

layers:
Ef ET
il =pm2 j+1
H e [E] ?

where M;+11 is the inverse matrix of M;. This recursive calculation
yields E} and E; for all layers.

According to Poynting’s theorem, the absorbed power density
P,5(z;) within layer j at position z; and wavelength 4 is:

Py (2) = i weplm (’sz) |Ej (zj)|2 ®)

The absorption, A1), of layer j is obtained by integrating P,,(z;)
over its volume and normalizing to the incident power flux
(P in):

Aj KL= /udj Pu}:(z])dz} =

. n

I (’T)j )E*)ze‘zﬁﬂf + ‘E"zezﬁfzf +2Re [E*E’ X eZi“/ZJ] dz;

i OFAN j jY j
©)

wherea; = %, Bj= ?, the third term represents the standing

wave interference contribution.

Assuming every absorbed photon is converted to electron, the
simulated Jg is calculated by integrating A(4) of the BHIJ:

Jsc = [A@F(A)2dA (10)

where e is the elementary charge, h is the Plank constant, c is the
speed of light, and F(1) is the AM1.5G radiation.

T(A) is calculated from the forward wave amplitude in the exit
medium (m+1):

2 Re(kz,m+1 )

T @A) =B, .| — o )

AVT is then calculated as follows:

AVT < L IOV R W)
Jo Sy (2)-F(A)dA

where V(A1) is the photopic function.

The exciton generation rate G(x, 1) at position x within the active
layer is given by:

2megnkF (1)

= |E (. DI (13)

G (x,4) =
where ¢, is the vacuum permittivity, F(4) is the AM1.5G solar
irradiation, E(x, 4) is the modulus of the electric field at posi-
tion x within the active layer and wavelength 4, h is Planck’s
constant.

4.8 | Physics-Enhanced Deep Learning Hybrid
Model, PhyOptiNet

PhyOptiNet comprises an embedding layer, a feature fusion layer,
and a prediction layer, enabling the fusion and extraction of
material category features x,, € RM and material physical quan-
tities x, € R, as well as the prediction of other relevant physical
quantities y, € R. The fundamental building block of PhyOptiNet
is a two-layer feedforward neural network, consisting of two
linear layers with ReLU activation, as expressed in (Equation 14).
Here, W, and W, denote learnable linear transformation weights,
while b, and b, represent learnable biases.

FFN (x) = max (0,xW, +b)W, + b, 14)

The embedding layer consists of a Material Embedding Net-
work (MEN) and a Physical Quantity Embedding Network
(PQEN), which jointly transform materials and their associ-
ated physical quantities into unified vector representations.
The MEN, constructed using the fundamental unit defined in
(Equation 14), processes the one-hot encoded material category
X, € RM through the first linear layer W)™ g RM*dmodel pMEN
Rémodel to obtain a distributed vector representation Xy € Ridmodel,
Subsequently, X0, passes through a ReLU activation function
and the second linear layer WYFN & Rdmodeixdmodel hMEN € R dmodel,
yielding the final material embedding x, € R, Similarly,
the PQEN employs the same fundamental unit to process the
physical quantity x, € R via the first linear layer W];QEN S
R Xdmodel | beEN € RYmodel, ReLU activation, and second linear layer
WgQEN € R“‘modelXd"m‘el,bIZ)QEN € Rémocel | resulting in the distributed
embedding xg € RYmodel, The concatenation ofx,;,1 and Xg produces
the joint embedding x, € R%dmocel | representing the distributed
embedding representation of materials associated with specific
physical quantities.

The feature fusion layer extracts and combines material charac-
teristics with their associated physical quantities while modeling
complex mappings between materials and their properties. We
implement this layer using a Transformer Encoder with self-
attention mechanisms, where each block comprises self-attention
layers and the fundamental unit defined in (Equation 14). The
input x, € R?4mocel is transformed into a fused representation X, €
R%Imodet through this layer.

The prediction layer, built upon the fundamental unit in (Equa-
tion 14), processes x, € Rmowl via the first linear layer W' €
R%4modetXdmodet /4 HPL € Rdmodel/4 ReLU activation, and second lin-
ear layer WEL € Rdmocel/1 pFL € R yltimately generating the
predicted physical quantity y, € R.

For physics-informed data processing, we first incorporate prior
knowledge of n-k characteristics. The training samples are
obtained by sampling n-k curves of optical materials, yielding
datasets {(xﬁ,?, x{(fi, yé’Z)}i » and {(xf,i,) R xéii, y:(;ik))},-:]’ where M rep-
resents the number of optical materials and N denotes sampling
instances per material. The neural network parameters are
optimized to minimize the sum of mean squared errors between
predicted values y, and ground truthy, for each physical quantity,
as formalized in (Equation 15).
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~ P 2 2
6=argmax ¥, (75 = v,,) + (7 —va)  09)

where 6 denotes the network parameters, with j, =
PhyOptiNet — n(x,,,x, ;6) and J, = PhyOptiNet —
k(xy, xg,;0). The prediction networks PhyOptiNet-n and
PhyOptiNet-k share weights in both the embedding and feature
fusion layers. Upon completion of training, the material
embedding network of PhyOptiNet yields x,, € R%n°%! which
represents the embedded representation of optical materials
with respect to their n and k physical properties. This derived
embedding representation of optical materials for specific
physical properties can be directly applied to various downstream
tasks. Furthermore, by sampling multiple physical properties of
materials and training the model with these samples, we can
achieve a joint embedded representation that simultaneously
captures multiple physical characteristics of optical materials.

For physics-enhanced training, we employ the optical model to
generate a simulated dataset comprising random combinations of
materials and thicknesses for all functional layers. The simulated
dataset contains over 600 000 data points. The optical model
combines material types x,, € R®™ with thickness parameters
X, € R¥, where each composite material consists of k con-
stituent materials. The optical model calculates the AVT and
Jsc for these material combinations, yielding pretraining datasets
{000 X Vi, -, and {06, X0 vg, b

Following a similar approach to the physical prior embedding
process, the pretraining phase optimizes neural network param-
eters by minimizing the sum of mean squared errors between
predicted values ¥, and ground truth y, for each physical quantity,
as formalized in (Equation 16).

2
~ —

1 «N 2 _—
6 = arg msaX; Zi:l (y‘ZAVT - yQA\/T) + (y(IJSC ~ Vayge > (16)

where 6 represents the network parameters, with
Vaer = PhyOptiNet — AVT(X,,, X,,;6) and %JS\C =
PhyOptiNet — Jsc(X, X,4,;0). The prediction networks for
AVT (PhyOptiNet-AVT) and Jg- (PhyOptiNet-Js-) share weights
in both the embedding and feature fusion layers. Prior to
pretraining, we initialize the weights of the material embedding
network using those obtained from the physical property prior
embedding phase, thereby effectively incorporating physical
prior knowledge into the pretraining process. Building upon the
pretrained model, we fine-tune it using real experimental data —
containing 295 data points extracted from 135 ST-OPV literature
sources - covering key attributes such as materials used, device
configuration, transmission spectra, EQE spectra, AVT, and
Jsc values, to adapt it to specific task scenarios. This phase
maintains the same data format and optimization objectives as
the pretraining stage, with the only difference being the source
of training data (real experiments instead of simulations).

All training procedures were conducted on a workstation
equipped with an AMD Ryzen 9 5900X CPU and GeForce RTX
4090 GPU. The embedding dimension d,; 4 Was set to 64 for all
models. For the physical prior embedding phase, we configured
a maximum of 2000 epochs with a batch size of 512 and learning
rate of 1073, The pretraining phase employed 200 epochs, batch

size 512, and learning rate 10~%, while the fine-tuning phase used
100 epochs, batch size 64, and learning rate 10~*. In both the
physical prior embedding and fine-tuning stages, all available
data were allocated to the training set for loss minimization.
During pretraining, the simulated data were split into training
and validation sets at a 95:5 ratio.

To identify optimal architectures for optical material property
prediction, we comparatively evaluated four feature fusion lay-
ers: Transformer encoder, Long Short-Term Memory network,
feedforward neural network, and convolutional neural network.
The Transformer encoder implementation utilized multi-head
attention (4 heads) with 3 stacked encoder layers. We carefully
adjusted the hidden layer dimensions of Transformer encoders,
LSTMs, and FNNs, as well as the channel numbers in CNNs,
to maintain approximately 0.5M trainable parameters across all
architectures.

PhyOptiNet generates optimal top-k material design proposals
through a physics-enhanced deep neural network, with its
training process in Algorithm 1.

The first stage involves the embedding of physical prior knowl-
edge, where the algorithm initializes all weight parameters of the
neural network before commencing the physical prior learning
phase. During this stage, the model undergoes multiple training
iterations on a dataset incorporating physical laws, aiming to
enable the neural network to learn specific optical properties
of materials. Figure S33 demonstrates the model’s capability in
physics-informed embedding, showing its effectiveness in mod-
eling optical material properties, whether they exhibit smooth
variations or abrupt changes.

The second stage constitutes the pre-training phase on simulated
data. Here, the algorithm reinitializes most of the network’s
weights while preserving the previously learned material embed-
ding weights. This approach ensures that the model retains
the acquired physical prior knowledge while allowing other
parameters to adapt to the new training objectives. Subsequently,
the model undergoes iterative optimization on the simulated
training dataset. After each training epoch, the current model’s
loss value on the test set is computed, and the best-performing
weight parameters are recorded.

The third stage involves fine-tuning with experimental data,
where the model is further optimized using real-world experi-
mental datasets. This phase aims to bridge the gap between sim-
ulation and reality, thereby enhancing the model’s performance
in practical applications.

Upon completion of these three training stages, the algorithm
invokes the get_selection function to extract the top-k optimal
material design proposals from the fully optimized model.

We conducted ablation studies on the three-stage training
approach and analyzed its effectiveness through visualization
of attention matrices, as shown in Figure S34. When using
only a single-stage training scheme (i.e., training solely on
simulated or experimental data), the attention weights exhibited
an imbalanced distribution, making it difficult for the model
to integrate global information for decision-making. This issue
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ALGORITHM 1 | PhyOptiNet training.

Input: PhyOptiNet: physics-enhanced deep neural network;
datasets: training data.

Output: top_k_proposal: Top k material design proposal.

1: Initialize PhyOptiNet weights

2: epoch < 0

3: while epoch < MAX EPOCH do

4: Optimize PhyOptiNet on datasets.physical_prior

5: end while

6: weight < PhyOptiNet.mater_embedding_weight

7: Initializing PhyOptiNet weights

8: PhyOptiNet.mater_embedding weight < weight

9: epoch < 0

10: best_loss « get_loss(PhyOptiNet,
datasets.simulated_data_test_set)

11: best_weight « PhyOptiNet.weight

12: while epoch < MAX EPOCH do

13: Optimize PhyOptiNet on
datasets.simulated_data_train_set

14: loss « get_loss(PhyOptiNet,
datasets.simulated_data_test_set)

15: if loss < best_loss then

16: best_loss « loss

17: best_weight «PhyOptiNet.weight

18: end if

19: end while

20: PhyOptiNet.weight < best_weight

21: epoch « 0

22: while epoch < MAX_EPOCH do

23: Optimize PhyOptiNet on datasets.experimental_data

24: end while

25: top_k_proposal « get_selection(PhyOptiNet, K)

26: return top_k_proposal

persisted even in two-stage training. After incorporating physical
prior knowledge and implementing the full three-stage training,
the attention distribution became more uniform. The model
demonstrated enhanced focus on global information, leading to
decisions that approach the global optimum.

4.9 | BIPV Energy Generation Estimation

The energy generation model was developed in OpenStu-
dio (https://openstudio.net/) and simulated using EnergyPlus
(https://energyplus.net/). For simulations at the provincial level,
a standardized building model with a base measuring 30 mx60
m was constructed for each of the Chinese mainland’s 31
provincial-level administrative divisions. The number of floors
in each model was set to the median value for buildings in
the respective province, as derived from the China Population

Census Yearbook 2020 (Volume III, Section 9). The first floor
height was 7.3 m, while subsequent floors were 4.5 m each. The
window-to-wall ratio was 0.55, which corresponds to the median
value within the range of 0.4 to 0.7 as stipulated by the design
standard for energy efficiency of public buildings (GB 50189-
2015). The initial baseline simulations established a theoretical
maximum by assuming a constant module DC efficiency of 9.85%
and a visible light transmittance of 40.70% without temporal
decay. The simulations utilized standalone building models with
typical meteorological year weather data for respective locations,
assuming unshaded local environments. They did not account for
specific balance-of-system losses (Figure S35). The relationship
between solar altitude and the incidence angle on vertically
oriented facades was inherently accounted for by EnergyPlus.
The program automatically calculates the solar position and inci-
dence angle throughout the year using geographical parameters
(latitude, longitude, etc.) from the weather file. The Photovoltaic
Performance:Simple model was adopted, which incorporates
angle-dependent effects on solar radiation collection.

During the training of the segmentation model, the training set
was a hybrid dataset (LoveDA [52] + OpenEarthMap [53]) com-
prising 7,691 rigorously annotated images with pixel-level masks
(Figure S36). All labels were systematically remapped to maintain
consistent semantic correspondence across datasets, resulting in
six unified land cover categories: (1) buildings, (2) vegetation
(including farmland), (3) waters, (4) barren, (5) artificial surfaces
(roads and other), and (0) unlabeled regions. The original image
resolution was preserved during preprocessing, with all samples
resized to 512 x 512 pixels (downsampled from 1024 x 1024) to
balance computational efficiency and feature preservation, rig-
orously annotated to ensure comprehensive geographic coverage
and adaptability across multiple resolutions (0.5-1 m pixel™).
Data augmentation pipelines were applied during the processing.
The segmentation model employed a UNet-like architecture
with a ResNet50 backbone serving as the encoder, initialized
with ImageNet pre-trained weights (Figure S37a). The decoder
featured a symmetrical structure with skip connections enhanced
by convolutional block attention modules (CBAM). Each CBAM
module sequentially processed features through both channel
attention (using global average pooling and multi-layer percep-
trons) and spatial attention (employing 7 X 7 convolutional
filters), effectively highlighting semantically important regions
across different scales (Figure S37b). The model incorporated
deep supervision [54] through auxiliary outputs from layer3 and
layer4, which were upscaled using bilinear interpolation to match
the input resolution (Figure S37c).

The model was trained using a composite loss function combining
focal loss (o = 0.75, y = 2) to address class imbalance, dice loss
(smoothing factor = 107°%) for improved boundary alignment,
and boundary loss (kernel size = 3) specifically enhancing edge
precision. The deep supervision branches contributed additional
focal and dice losses with reduced weights (0.5 for layer3 output
and 0.3 for layer4 output). The Adam optimizer was employed
with an initial learning rate of 10~ and implemented ReduceL-
ROnPlateau scheduling (factor = 0.5, patience = 2 epochs).
Training utilized mixed-precision acceleration with gradient
scaling and clipping. The model was trained on a workstation
equipped with an Intel Core i9-12900 CPU and Nvidia RTX
A4500 GPU. Training employed a batch size of 16, with fivefold
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cross-validation to ensure robust performance evaluation. Early
stopping was implemented (patience = 10 epochs) based on
validation loss improvement tolerance of 107, with a maximum
training duration of 100 epochs per fold. Quantitative assessment
via confusion matrix analysis reveals strong per-class precision.
Further evaluation using intersection over union and pixel
accuracy for buildings demonstrated high segmentation accuracy
(Figure S38).

The stratified random sampling algorithm begins by loading
and validating the input geospatial data (GeoJSON format),
converting it to a projected coordinate system (EPSG:3857) when
necessary. A dynamic grid-based approach was employed where
the study area is progressively divided into increasingly finer
grids (starting from \/r_l X \/r_l, where n is the desired sample
size) until the target number of non-overlapping samples is
achieved. Within each grid cell, random sampling locations were
generated and validated against geometric constraints (complete
containment within study boundaries) and spatial requirements
(minimum distance between samples). The sampling process
incorporates adaptive parameters, including variable sample
square sizes (6144 m for Shanghai, 8192 m for the rest divisions)
and an adjustable maximum grid density multiplier to handle
varying spatial distributions. Each valid sample is exported as a
GeoJSON file in WGS84 coordinates (EPSG:4326). A total of 100
samples were collected from each provincial-level administrative
division. Finally, the corresponding high-resolution (1 m pixel™)
satellite images were manually obtained from Google Maps and
Bing Virtual Earth.

The annual BIPV energy generation (noted as Wypy) is obtained
using the following Equation (17):

Wiy = Wiingle X Rg X BF XK a7

where Wy, is the BIPV energy generation of the single building,
Ry is the building cover ratio, BF is the block-scale availability,
and K is the deployable ratio (0.4) [55].

To account for module aging in the sensitivity analysis, annual
degradation rates of 0.5%, 1%, 2%, and 3% were applied to the
initial PCE. These values were selected to represent the optimistic
(0.5%) and conservative (1%) estimates for commercial silicon
photovoltaics, as well as the optimistic (2%) and conservative
(3%) estimates for thin-film photovoltaics (e.g., CdTe, CIGS).
The operational service life was defined by the Ty, metric,
representing the duration until the module efficiency degrades
to 80% of its initial value. The average annual energy generation
was calculated by integrating the decaying energy yield over the
service life up to T,.
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