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inter-molecular charge transfer (ICT) characteristics and
comprise electron donor (D) and electron acceptor (A)
moieties. For ICT molecules, their HOMO and LUMO
are localized in the D and A groups, respectively. The
fundamental molecular design strategy for TADF emit-
ters, thus, centers on creating a spatial separation archi-
tecture for the D and A groups and ensuring minimal
shared chemical bonds and atoms between the two
groups. Following this vague principle, a huge number of
TADF molecules have been synthesized but only a small
proportion of materials displayed high electroluminescent
(EL) efficiency with ideal stability.
Generally, obtaining a desired TADF molecule often

requires laborious trial-and-error. A non-chemical lab
experimental approach that accurately predicts the EL effi-
ciency of TADF molecules could accelerate the optimization
process. The considerable reductions in organic synthesis,
purification, photophysical characterization, device fabrica-
tion, and performance assessment of the candidate mole-
cules align with the goal of “green chemistry”. Determining
the dominating structural features of TADF molecules
during their complex transition between ground state and
excited state remains a challenge. Although density func-
tional theory (DFT) calculations can offer predictions on the
electronic structure, energy level, and photophysical infor-
mation of organic molecules, such as ΔEST, photo-
luminescence quantum yield (PLQY), the lifetime of the
excited state, and emission maximum, the computation is
often time-consuming and may deviate from the actual
values, especially for complex D-A structured molecules.
With recent advances in deep learning (DL) techniques,
there is a considerable potential for a more reliable approach
to predict the excited state properties of TADF molecules.
Data-driven DL approaches have been proven effective

in chemistry and chemical material studies, especially the
investigation of structure−property relationships6–10. An
ideal DL-based organic material design approach should
have: (i) an accurate molecular representation for the
input and (ii) an interpretable model that rationally
associates the critical structure elements with molecular
properties. Although simplified molecular input line entry
systems (SMILES) and molecular fingerprints are com-
monly used for molecular representations11–13, they often
overlook key elements influencing certain properties. The
application of existing DL models such as convolutional
neural networks (CNNs)14,15, recurrent neural network
(RNN)16, and graph neural networks (GNN)17,18 in the
fields of chemistry or chemical material without mod-
ifications is usually inappropriate as these models were
established for other domains. Another significant draw-
back of purely data-driven DL approaches in organic
material design is their lack of interpretability, leading to
an inability to derive property insights associated with
material performances.

The focus in pursuing an efficient DL-guided perfor-
mance prediction and design method for TADF materials
lies in molecular feature representation and DL model
optimization19. Luminescent properties of TADF mole-
cules arise from both their molecular geometry and
electronic structures, but electronic structures have been
long overlooked in previous AI prediction attempts of
TADF molecule properties. The excited property of a
TADF molecule is predominantly influenced by its D and
A groups, particularly certain key atoms and chemical
bonds. Thus, molecular representation and model opti-
mization in the current study are based on the critical
molecular geometrical and electronic features of the D
and A groups of TADF molecules.
In this contribution, we developed an “Electronic

Structure-Infused Network (ESIN)” for data-driven
emission efficiency prediction and TADF emitter design.
Built on the basis of elemental chemical features and a
limited amount of data including reported experimental
results and theoretical calculations of recently published
TADF molecules, ESIN is endowed with the ability to
predict the PLQYs of TADF molecules through an
essential “frontier molecular orbitals (FMOs) weight-
based representation and modeling” feature. Two to five
atoms exhibiting the largest weight in HOMO-1, HOMO,
LUMO, and LUMO+ 1 are selected as the topological
centers. Subsequently, multiple substructures based on
each topological center were sampled via a D and A
groups-based method named Sampling and Aggregate
(SAGE) to generate local representations of molecular
orbitals. The model also integrates global information
from the molecular fingerprints associated with these
substructures to construct a comprehensive representa-
tion of the molecular orbitals. It is worth noting that each
generated representation only correlates with the D or A
group. More importantly, considering the crucial role of
coupling between the vibrational energy level and elec-
tronic energy level, the maximum harmonic frequencies
and corresponding vibration vectors are also integrated
into the molecular representation. To strengthen model
interpretability, attention mechanism generates a ratio
representing the contribution of each FMO on the pre-
dicted PLQY of the input TADF molecule20,21. The sig-
nificance of ESIN in predicting PLQY and recommending
molecular design of TADF emitters has been experi-
mentally verified.

Results
Designs of frontier molecular orbital weighted model
Our strategy for molecular representations prioritizes

the key atoms in D and A groups, which are selected,
screened, and inferred based on the elemental chemical
features and low-level theoretical calculations of the D-A
molecules. Figure 1 outlines the ESIN conception and
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Abstract
Free of noble-metal and high in unit internal quantum efficiency of electroluminescence, organic molecules with
thermally activated delayed fluorescence (TADF) features pose the potential to substitute metal-based
phosphorescence materials and serve as the new-generation emitters for the mass production of organic light
emitting diodes (OLEDs) display. Predicting the function of TADF emitters beyond classic chemical synthesis and
material characterization experiments remains a great challenge. The advances in deep learning (DL) based artificial
intelligence (AI) offer an exciting opportunity for screening high-performance TADF materials through efficiency
evaluation. However, data-driven material screening approaches with the capacity to access the excited state
properties of TADF emitters remain extremely difficult and largely unaddressed. Inspired by the fundamental principle
that the excited state properties of TADF molecules are strongly dependent on their D-A geometric and electronic
structures, we developed the Electronic Structure-Infused Network (ESIN) for TADF emitter screening. Designed with
capacities of accurate prediction of the photoluminescence quantum yields (PLQYs) of TADF molecules based on
elemental molecular geometry and orbital information and integrated with frontier molecular orbitals (FMOs) weight-
based representation and modeling features, ESIN is a promising interpretable tool for emission efficiency evaluation
and molecular design of TADF emitters.

Introduction
Organic light-emitting diodes (OLEDs) have garnered

significant attention due to their potential in various
display and lighting applications. A crucial factor in their
efficiency and longevity is the choice of emitter. Purely
organic molecules with thermally activated delayed
fluorescence (TADF) features perform reverse intersystem
crossing (RISC) process, converting triplet excited state
energy into light emission1–3. Leveraging the RISC pro-
cess, OLED devices with TADF emitters can achieve 100%
internal quantum efficiency (IQE). Over the past decade,
cost-effective organic TADF materials have emerged as
strong contenders to replace metal-based phosphorescent

materials that currently dominate the active matrix OLED
(AMOLED) display manufacturing industry, offering the
dual benefits of being free from noble metals and
achieving high internal quantum efficiency of electro-
luminescence4,5. Despite significant investment from both
industrial and academic sectors, the experimental trial-
and-error method remains lengthy, with extremely lim-
ited success in high-performance TADF emitters suitable
for industrial applications.
The design principle of high-performance TADF emit-

ters is drawn from the underlying luminescent process
theories. To promote and accelerate the RISC process, a
critical factor is maintaining a sufficiently small
singlet–triplet splitting energy (ΔEST) between the lowest
singlet (S1) and triplet (T1) excited states, which can be
achieved by minimizing the overlap between the highest
occupied molecular orbital (HOMO) and the lowest
unoccupied molecular orbital (LUMO) of organic mole-
cules. Typically, TADF molecules possess either intra or
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inter-molecular charge transfer (ICT) characteristics and
comprise electron donor (D) and electron acceptor (A)
moieties. For ICT molecules, their HOMO and LUMO
are localized in the D and A groups, respectively. The
fundamental molecular design strategy for TADF emit-
ters, thus, centers on creating a spatial separation archi-
tecture for the D and A groups and ensuring minimal
shared chemical bonds and atoms between the two
groups. Following this vague principle, a huge number of
TADF molecules have been synthesized but only a small
proportion of materials displayed high electroluminescent
(EL) efficiency with ideal stability.
Generally, obtaining a desired TADF molecule often

requires laborious trial-and-error. A non-chemical lab
experimental approach that accurately predicts the EL effi-
ciency of TADF molecules could accelerate the optimization
process. The considerable reductions in organic synthesis,
purification, photophysical characterization, device fabrica-
tion, and performance assessment of the candidate mole-
cules align with the goal of “green chemistry”. Determining
the dominating structural features of TADF molecules
during their complex transition between ground state and
excited state remains a challenge. Although density func-
tional theory (DFT) calculations can offer predictions on the
electronic structure, energy level, and photophysical infor-
mation of organic molecules, such as ΔEST, photo-
luminescence quantum yield (PLQY), the lifetime of the
excited state, and emission maximum, the computation is
often time-consuming and may deviate from the actual
values, especially for complex D-A structured molecules.
With recent advances in deep learning (DL) techniques,
there is a considerable potential for a more reliable approach
to predict the excited state properties of TADF molecules.
Data-driven DL approaches have been proven effective

in chemistry and chemical material studies, especially the
investigation of structure−property relationships6–10. An
ideal DL-based organic material design approach should
have: (i) an accurate molecular representation for the
input and (ii) an interpretable model that rationally
associates the critical structure elements with molecular
properties. Although simplified molecular input line entry
systems (SMILES) and molecular fingerprints are com-
monly used for molecular representations11–13, they often
overlook key elements influencing certain properties. The
application of existing DL models such as convolutional
neural networks (CNNs)14,15, recurrent neural network
(RNN)16, and graph neural networks (GNN)17,18 in the
fields of chemistry or chemical material without mod-
ifications is usually inappropriate as these models were
established for other domains. Another significant draw-
back of purely data-driven DL approaches in organic
material design is their lack of interpretability, leading to
an inability to derive property insights associated with
material performances.

The focus in pursuing an efficient DL-guided perfor-
mance prediction and design method for TADF materials
lies in molecular feature representation and DL model
optimization19. Luminescent properties of TADF mole-
cules arise from both their molecular geometry and
electronic structures, but electronic structures have been
long overlooked in previous AI prediction attempts of
TADF molecule properties. The excited property of a
TADF molecule is predominantly influenced by its D and
A groups, particularly certain key atoms and chemical
bonds. Thus, molecular representation and model opti-
mization in the current study are based on the critical
molecular geometrical and electronic features of the D
and A groups of TADF molecules.
In this contribution, we developed an “Electronic

Structure-Infused Network (ESIN)” for data-driven
emission efficiency prediction and TADF emitter design.
Built on the basis of elemental chemical features and a
limited amount of data including reported experimental
results and theoretical calculations of recently published
TADF molecules, ESIN is endowed with the ability to
predict the PLQYs of TADF molecules through an
essential “frontier molecular orbitals (FMOs) weight-
based representation and modeling” feature. Two to five
atoms exhibiting the largest weight in HOMO-1, HOMO,
LUMO, and LUMO+ 1 are selected as the topological
centers. Subsequently, multiple substructures based on
each topological center were sampled via a D and A
groups-based method named Sampling and Aggregate
(SAGE) to generate local representations of molecular
orbitals. The model also integrates global information
from the molecular fingerprints associated with these
substructures to construct a comprehensive representa-
tion of the molecular orbitals. It is worth noting that each
generated representation only correlates with the D or A
group. More importantly, considering the crucial role of
coupling between the vibrational energy level and elec-
tronic energy level, the maximum harmonic frequencies
and corresponding vibration vectors are also integrated
into the molecular representation. To strengthen model
interpretability, attention mechanism generates a ratio
representing the contribution of each FMO on the pre-
dicted PLQY of the input TADF molecule20,21. The sig-
nificance of ESIN in predicting PLQY and recommending
molecular design of TADF emitters has been experi-
mentally verified.

Results
Designs of frontier molecular orbital weighted model
Our strategy for molecular representations prioritizes

the key atoms in D and A groups, which are selected,
screened, and inferred based on the elemental chemical
features and low-level theoretical calculations of the D-A
molecules. Figure 1 outlines the ESIN conception and
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Introduction
Organic light-emitting diodes (OLEDs) have garnered

significant attention due to their potential in various
display and lighting applications. A crucial factor in their
efficiency and longevity is the choice of emitter. Purely
organic molecules with thermally activated delayed
fluorescence (TADF) features perform reverse intersystem
crossing (RISC) process, converting triplet excited state
energy into light emission1–3. Leveraging the RISC pro-
cess, OLED devices with TADF emitters can achieve 100%
internal quantum efficiency (IQE). Over the past decade,
cost-effective organic TADF materials have emerged as
strong contenders to replace metal-based phosphorescent

materials that currently dominate the active matrix OLED
(AMOLED) display manufacturing industry, offering the
dual benefits of being free from noble metals and
achieving high internal quantum efficiency of electro-
luminescence4,5. Despite significant investment from both
industrial and academic sectors, the experimental trial-
and-error method remains lengthy, with extremely lim-
ited success in high-performance TADF emitters suitable
for industrial applications.
The design principle of high-performance TADF emit-

ters is drawn from the underlying luminescent process
theories. To promote and accelerate the RISC process, a
critical factor is maintaining a sufficiently small
singlet–triplet splitting energy (ΔEST) between the lowest
singlet (S1) and triplet (T1) excited states, which can be
achieved by minimizing the overlap between the highest
occupied molecular orbital (HOMO) and the lowest
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the information from adjacent neighbors towards the
center, in the order of (blue → green → orange→ red).
Through this iterative process, the information from the
acceptor area is aggregated to the LC-Atom. Notably, the
CGB-SAGE approach developed in this study is tailored
based on aromatic rings within D or A group, and in
alignment with the FMO distribution features. Four cri-
teria in each iteration of the CGB-SAGE are detailed in
Fig. 2a, where neighbors are identified by assessing if the
atoms have at least two distinct pathways to the sampling
center. The semi-empirical level calculation results reveal
that hydrogen atoms have negligible contribution to
HOMO-1, HOMO, LUMO, and LUMO+ 1. Hence, the
hydrogen atoms are excluded during the sampling pro-
cess.

hðkÞv ¼ σout
1
n

Xn�1

i¼1

σðhðk�1Þ
ui ; dui�vÞ þ σðhðk�1Þ

v ; dv�vÞ
" # !

ð1Þ

Moreover, both FMO information and 3D coordinate
relationship are incorporated into the aggregator of the
CGB-SAGE. As depicted in Eq. 1, σout and σ are two fully
connected (FC) layers, in the iteration process the center
and the neighbors share the FC layer. hv represents the
features of center atom v and hui symbolizes the features
of the neighbors of atom v. hv and hui are treated sepa-
rately in each iteration. dv-v represents the distance for the
center atoms themselves and is defined as 0, while the dui-
v is the distance from the neighbor atom ui to the center
atom v (Fig. 2b). The initial values for the features hv and
hui are defined based on the basic information of each
atom’s essential chemical properties including FMOs,
harmonic frequencies and vibration vectors (Table 1). The
coupling between electron and vibrational transitions
significantly impacts the properties of excited state
molecules. The maximum harmonic frequencies that are
associated with ground state and the corresponding
vibration vectors are adopted as the molecular vibration
information in the atom representation25,26. Experimental
results showed that our model, infused with electronic
structure and vibration information, excels in establishing
the correlations and causalities between structures and
properties of TADF molecules (Table S1 in Supporting
Information).
To provide a more comprehensive description of the

substructure’s structural information, the model con-
catenates the embeddings of the local sampling centers
with ECFPs. The ECFPs used are fixed-length binary
encodings that describe the local environment around
each atom in the substructure with in a certain radius (see
the Materials and Methods section). In addition, the
Modification Groups Information (MGI) is encoded and
integrated with the environmental information (Fig. 2c),

including the number and the average distances from the
attached key groups to the LC-Atom within the sub-
structure. Although the ECFPs are typically effective for
binary numerical encoding of small molecules in other
studies27–29, the ECFPs proposed in the current work are
capable of describing fragments of large molecules due to
the fact that the rational environmental information of the
sampling centers was adopted.
Two model structures are used and compared to merge

the embeddings of the four FMOs (HOMO-1, HOMO,
LUMO, and LUMO+ 1). One architecture is referred to
as the FC Attention Block, while the other is a generic
Transformer Encoder, namely Transformer Output Layer.
The transformer output layer comprises a layer of mul-
tiheaded self-attention (MSA) block and a residual con-
nection (Fig. 2e)20.
The Mol-A typically exhibits a significantly larger

molecular size and atom count compared with Mol-B
(Fig. 2d). Despite this, during the sampling process, rela-
tively similar-sized substructures have been generated and
used for both molecules. The embeddings of sub-
structures are concatenated and fed to the FC attention
block to generate attention weights (Fig. 2d). The FC
Attention Block consists of two FC layers, which generate
factors e1-e4 to quantify the influence of each molecular
orbital on the prediction. These factors are normalized
using the softmax function to obtain attention weights a1-
a4, which are then used to compute a weighted sum of the
representations of the four molecular orbitals to obtain
the overall molecular orbital representation. These
weights, representing both electronic structures and spa-
tial structures of the TADF molecules, are critical for the
understanding of the PLQY prediction mechanism.
Orbitals with larger attention weights have a more pro-
nounced effect on prediction outcomes, indicating their
significant contribution to a TADF molecule’s PLQY
value. The PLQY prediction is exported by the READ-
OUT function with a sum pooling layer and two FC lay-
ers. The prediction results underscore that the ESIN
approach has been successfully focused on the key
structural elements that govern the PLQYs of TADF
molecules, omitting subsidiary structural elements. This is
especially vital for the studies of TADF molecules with
large sizes, complex structures, and multiple functional
groups.
For the Transformer Output Layer, the MSA block

generates the attention weights for inter-molecular orbi-
tals (Fig. 2e). The model generates query (Q), key (K), and
value (V) vectors for each of the four orbitals using a FC
layer. These Q and K vectors are then used to compute
association factors between molecular orbitals, which are
normalized by the softmax function to produce the
attention weights. Differing from the attention weights in
the FC Attention Block, which focus on the influence of
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PLQY prediction process. TADF-CO-SO2 (2-(4-(diphe-
nylamino)phenyl)-9H-thioxanthen-9-one-10,10-dioxide)
molecule was used as an example to illustrate the prin-
ciple of generating molecular substructure representa-
tions, embeddings, and attention mechanism. Semi-
empirical level (PM7) calculations provide molecular
geometry and electronic structures22,23. For TADF-CO-
SO2, four substructures were determined based on the
contributions of atoms to FMOs including HOMO-1,
HOMO, LUMO and LUMO+ 1, respectively.
A few atoms contributing significantly to FMOs were

defined as the cornerstones for each substructure. In a
substructure, the atom with the most substantial con-
tributions to the FMO local center atom (LC-Atom) was
adopted as the center (red node) of an aggregator. Such
aggregation information on all the local sampling centers
is then combined with the extended-connectivity

fingerprints (ECFPs) of the corresponding substructure to
build the final embeddings of each FMO13. The LC-
Atom-centered aggregator was utilized as a topological
framework to construct molecular representations infused
with the critical information relevant to FMOs. To ensure
the molecule representation with adequate chemical
connotation, a Chemical Groups-Based Sampling and
Aggregate (CGB-SAGE) method was introduced to gen-
erate FMO embeddings. The SAGE method, originally
proposed for the graph neural networks, produces node
embeddings with a nonselective feature extraction of
neighbors in specified “search depths”24. As the CGB-
SAGE process illustrated in Fig. 1, for an acceptor group
gi, starting from the LC-Atom, repeated neighbor sam-
pling yields progressively larger regions (red → orange →
green → blue). After obtaining the topological framework
through sampling, each iteration of the aggregator collects
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the information from adjacent neighbors towards the
center, in the order of (blue → green → orange→ red).
Through this iterative process, the information from the
acceptor area is aggregated to the LC-Atom. Notably, the
CGB-SAGE approach developed in this study is tailored
based on aromatic rings within D or A group, and in
alignment with the FMO distribution features. Four cri-
teria in each iteration of the CGB-SAGE are detailed in
Fig. 2a, where neighbors are identified by assessing if the
atoms have at least two distinct pathways to the sampling
center. The semi-empirical level calculation results reveal
that hydrogen atoms have negligible contribution to
HOMO-1, HOMO, LUMO, and LUMO+ 1. Hence, the
hydrogen atoms are excluded during the sampling pro-
cess.
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Moreover, both FMO information and 3D coordinate
relationship are incorporated into the aggregator of the
CGB-SAGE. As depicted in Eq. 1, σout and σ are two fully
connected (FC) layers, in the iteration process the center
and the neighbors share the FC layer. hv represents the
features of center atom v and hui symbolizes the features
of the neighbors of atom v. hv and hui are treated sepa-
rately in each iteration. dv-v represents the distance for the
center atoms themselves and is defined as 0, while the dui-
v is the distance from the neighbor atom ui to the center
atom v (Fig. 2b). The initial values for the features hv and
hui are defined based on the basic information of each
atom’s essential chemical properties including FMOs,
harmonic frequencies and vibration vectors (Table 1). The
coupling between electron and vibrational transitions
significantly impacts the properties of excited state
molecules. The maximum harmonic frequencies that are
associated with ground state and the corresponding
vibration vectors are adopted as the molecular vibration
information in the atom representation25,26. Experimental
results showed that our model, infused with electronic
structure and vibration information, excels in establishing
the correlations and causalities between structures and
properties of TADF molecules (Table S1 in Supporting
Information).
To provide a more comprehensive description of the

substructure’s structural information, the model con-
catenates the embeddings of the local sampling centers
with ECFPs. The ECFPs used are fixed-length binary
encodings that describe the local environment around
each atom in the substructure with in a certain radius (see
the Materials and Methods section). In addition, the
Modification Groups Information (MGI) is encoded and
integrated with the environmental information (Fig. 2c),

including the number and the average distances from the
attached key groups to the LC-Atom within the sub-
structure. Although the ECFPs are typically effective for
binary numerical encoding of small molecules in other
studies27–29, the ECFPs proposed in the current work are
capable of describing fragments of large molecules due to
the fact that the rational environmental information of the
sampling centers was adopted.
Two model structures are used and compared to merge

the embeddings of the four FMOs (HOMO-1, HOMO,
LUMO, and LUMO+ 1). One architecture is referred to
as the FC Attention Block, while the other is a generic
Transformer Encoder, namely Transformer Output Layer.
The transformer output layer comprises a layer of mul-
tiheaded self-attention (MSA) block and a residual con-
nection (Fig. 2e)20.
The Mol-A typically exhibits a significantly larger

molecular size and atom count compared with Mol-B
(Fig. 2d). Despite this, during the sampling process, rela-
tively similar-sized substructures have been generated and
used for both molecules. The embeddings of sub-
structures are concatenated and fed to the FC attention
block to generate attention weights (Fig. 2d). The FC
Attention Block consists of two FC layers, which generate
factors e1-e4 to quantify the influence of each molecular
orbital on the prediction. These factors are normalized
using the softmax function to obtain attention weights a1-
a4, which are then used to compute a weighted sum of the
representations of the four molecular orbitals to obtain
the overall molecular orbital representation. These
weights, representing both electronic structures and spa-
tial structures of the TADF molecules, are critical for the
understanding of the PLQY prediction mechanism.
Orbitals with larger attention weights have a more pro-
nounced effect on prediction outcomes, indicating their
significant contribution to a TADF molecule’s PLQY
value. The PLQY prediction is exported by the READ-
OUT function with a sum pooling layer and two FC lay-
ers. The prediction results underscore that the ESIN
approach has been successfully focused on the key
structural elements that govern the PLQYs of TADF
molecules, omitting subsidiary structural elements. This is
especially vital for the studies of TADF molecules with
large sizes, complex structures, and multiple functional
groups.
For the Transformer Output Layer, the MSA block

generates the attention weights for inter-molecular orbi-
tals (Fig. 2e). The model generates query (Q), key (K), and
value (V) vectors for each of the four orbitals using a FC
layer. These Q and K vectors are then used to compute
association factors between molecular orbitals, which are
normalized by the softmax function to produce the
attention weights. Differing from the attention weights in
the FC Attention Block, which focus on the influence of
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PLQY prediction process. TADF-CO-SO2 (2-(4-(diphe-
nylamino)phenyl)-9H-thioxanthen-9-one-10,10-dioxide)
molecule was used as an example to illustrate the prin-
ciple of generating molecular substructure representa-
tions, embeddings, and attention mechanism. Semi-
empirical level (PM7) calculations provide molecular
geometry and electronic structures22,23. For TADF-CO-
SO2, four substructures were determined based on the
contributions of atoms to FMOs including HOMO-1,
HOMO, LUMO and LUMO+ 1, respectively.
A few atoms contributing significantly to FMOs were

defined as the cornerstones for each substructure. In a
substructure, the atom with the most substantial con-
tributions to the FMO local center atom (LC-Atom) was
adopted as the center (red node) of an aggregator. Such
aggregation information on all the local sampling centers
is then combined with the extended-connectivity

fingerprints (ECFPs) of the corresponding substructure to
build the final embeddings of each FMO13. The LC-
Atom-centered aggregator was utilized as a topological
framework to construct molecular representations infused
with the critical information relevant to FMOs. To ensure
the molecule representation with adequate chemical
connotation, a Chemical Groups-Based Sampling and
Aggregate (CGB-SAGE) method was introduced to gen-
erate FMO embeddings. The SAGE method, originally
proposed for the graph neural networks, produces node
embeddings with a nonselective feature extraction of
neighbors in specified “search depths”24. As the CGB-
SAGE process illustrated in Fig. 1, for an acceptor group
gi, starting from the LC-Atom, repeated neighbor sam-
pling yields progressively larger regions (red → orange →
green → blue). After obtaining the topological framework
through sampling, each iteration of the aggregator collects
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each molecular orbital on the prediction, the attention
weights generated in the Transformer Encoder emphasize
the inter-FMOs associative and influential characteristics.
Each FMO is assigned four attention weights, which are
used in the weighted sum of V vectors to generate the
adjusted representation for each FMO. Finally,
the representations of 4 FMOs are combined to form the
overall molecular orbital representation, which is then
employed to predict the PLQY through the READOUT
function.

TADF experimental dataset and performance of models
The PLQYs of doped thin films (858), crystal (1) and

solutions (80) dataset are drawn from recently reported
photophysical results of TADF molecules. Out of 1085
initial data entries with PLQY values for doped films and/
or solutions, 939 TADF molecules were deemed valid in
format. All TADF emitters in the data set are D-A-type
molecules, encompassing well-known donor and acceptor
groups. It is worth noting that some multiple resonance
TADF (MR-TADF) molecules are also included30–34.
These molecules were randomly divided into a training
set and a test set in an 8:2 ratio. Figure 3a provides an
overview of the data set used in this study. The pre-
ponderance of reported TADF molecules showcased
exemplary electroluminescent performance, accounting
for the dataset’s tilt towards relatively high PLQY levels.
The prediction results, derived from three ESIN var-

iants are compared in Fig. 3b. The color distribution
reflects the performances of the models. Evaluation
results highlighted the efficacy of the CGB-SAGE blocks
in enhancing the performance of ESIN over representa-
tions generated exclusively by ECFPs. Comparing the
ESIN using the FC attention block to that using the
transformer output layer, the former resulted in a more
balanced prediction performance across the spectrum of
reported PLQY values, while the latter excels in PLQY
values above 60. These findings are in accordance with the
lower mean absolute percentage error of the ESIN with
FC attention, as outlined in Table S3 in Supporting
Information. The diminished prediction accuracy of ESIN
with a transformer output layer for lower PLQY values
can be associated with the imbalance of PLQY distribu-
tion in the training data, especially considering the
model’s extensive parameter count (over 2 million). In
contrast, the ESIN with a FC attention block only con-
tains about 350 K parameters, suggesting its higher suit-
ability for a relatively smaller training set. Comprehensive
cross-model comparisons of the PLQY prediction per-
formances also reveal that ESIN with FC attention block
is on par with the reported leading models (Fig. S1)35–39.
We evaluated our model using the results of the bisection
method. A threshold of 85% is adopted, which can cover
most high-quality molecules, and the model achieved an

accuracy of 70% and a recall rate of 40% in predicting
experimental PLQY values that are greater than the
threshold in test set. The results demonstrate that the
model in this study is efficient for quickly screening out
high-PLQY TADF molecules.

Chemical intuition and molecular design insights of
the model
Four FMOs are involved in ESIN to explore the influ-

ence of electronic structures on the PLQY values of TADF
molecules. The results originated from the FC attention
block revealed that the embeddings of HOMO and
LUMO dominate the attention values. The attention
weights obtained from the transformer output layer show
that the attention weight values associated with
LUMO+ 1 and HOMO exceed those associated with the
other FMOs (Fig. 3c). These findings demonstrate
the important role of HOMO, LUMO and LUMO+ 1 in
the TADF emission process. The distribution of attention
weights in ESIN with transformer output layer is con-
sistent with the understanding of the RISC process in
partial TADF molecules, which is associated with the
higher triplet excited energy levels. Systematic statistical
analysis on the distribution of attention weights of the
four FMOs reveals that for a TADF molecule, one or two
of the three FMOs, including HOMO, LUMO, and
LUMO+ 1, exhibit larger attention weight(s).
Meanwhile, HOMO-1 consistently registers the smallest

attention weight. For a series of TADF molecules sharing
the same D-A framework but featuring varied modified
groups, each molecule exhibits an identical or similar
distribution pattern for the attention weight parameters of
the four FMOs. These results perfectly align with the
elementary principles of TADF molecules: (i) the excited
state results in the electronic transition from HOMO to
LUMO or LUMO+ 1; (ii) the molecules with analogous
D-A structures possess similar emission properties.
Three series of TADF molecules with designated D-A

frameworks are selected from the database as examples
and illustrated in Fig. S2. For the TADF molecules with
rigid oxygen bridged boron containing acceptor, those
with elevated PLQYs also exhibit relatively lower var-
iances in the attention weights of four FMOs. A similar
trend – a rise in PLQYs concurrent with a reduction in
attention weight variance – was also observed in the
results of 2,4,6-triphenyl-1,3,5-triazine (TRZ) acceptor-
based TADF molecules with a D-A-D arrangement fea-
ture. Figure S2c illustrates two sets of molecules with
different 1,8-naphthalimide (NAI) based acceptors.
Despite a discrepancy in slope of the trend line between
the two groups, both exhibit a remarkable correlation
between PLQY and variance of attention weights. The
information on TADF molecules with NAI-based accep-
tors in the distribution map is detailed in Table S4.
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Table 1 Atom representation of the ESIN

Feature Description Size

Atom type Embeddings of the type of atom (e.g., C, N, O, S). 32

Harmonic frequencies 5 vibration frequencies (cm−1) with the largest intensity. 5

Vibration vector Vibration vector of corresponding frequencies. 15

Relative position to the sampling center Distance to the sampling centers in Cartesian coordinates. 3

Chemical bonds Number of bonded atoms. 1

Cyano Whether the cyano group is connected. 1
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each molecular orbital on the prediction, the attention
weights generated in the Transformer Encoder emphasize
the inter-FMOs associative and influential characteristics.
Each FMO is assigned four attention weights, which are
used in the weighted sum of V vectors to generate the
adjusted representation for each FMO. Finally,
the representations of 4 FMOs are combined to form the
overall molecular orbital representation, which is then
employed to predict the PLQY through the READOUT
function.

TADF experimental dataset and performance of models
The PLQYs of doped thin films (858), crystal (1) and

solutions (80) dataset are drawn from recently reported
photophysical results of TADF molecules. Out of 1085
initial data entries with PLQY values for doped films and/
or solutions, 939 TADF molecules were deemed valid in
format. All TADF emitters in the data set are D-A-type
molecules, encompassing well-known donor and acceptor
groups. It is worth noting that some multiple resonance
TADF (MR-TADF) molecules are also included30–34.
These molecules were randomly divided into a training
set and a test set in an 8:2 ratio. Figure 3a provides an
overview of the data set used in this study. The pre-
ponderance of reported TADF molecules showcased
exemplary electroluminescent performance, accounting
for the dataset’s tilt towards relatively high PLQY levels.
The prediction results, derived from three ESIN var-

iants are compared in Fig. 3b. The color distribution
reflects the performances of the models. Evaluation
results highlighted the efficacy of the CGB-SAGE blocks
in enhancing the performance of ESIN over representa-
tions generated exclusively by ECFPs. Comparing the
ESIN using the FC attention block to that using the
transformer output layer, the former resulted in a more
balanced prediction performance across the spectrum of
reported PLQY values, while the latter excels in PLQY
values above 60. These findings are in accordance with the
lower mean absolute percentage error of the ESIN with
FC attention, as outlined in Table S3 in Supporting
Information. The diminished prediction accuracy of ESIN
with a transformer output layer for lower PLQY values
can be associated with the imbalance of PLQY distribu-
tion in the training data, especially considering the
model’s extensive parameter count (over 2 million). In
contrast, the ESIN with a FC attention block only con-
tains about 350 K parameters, suggesting its higher suit-
ability for a relatively smaller training set. Comprehensive
cross-model comparisons of the PLQY prediction per-
formances also reveal that ESIN with FC attention block
is on par with the reported leading models (Fig. S1)35–39.
We evaluated our model using the results of the bisection
method. A threshold of 85% is adopted, which can cover
most high-quality molecules, and the model achieved an

accuracy of 70% and a recall rate of 40% in predicting
experimental PLQY values that are greater than the
threshold in test set. The results demonstrate that the
model in this study is efficient for quickly screening out
high-PLQY TADF molecules.

Chemical intuition and molecular design insights of
the model
Four FMOs are involved in ESIN to explore the influ-

ence of electronic structures on the PLQY values of TADF
molecules. The results originated from the FC attention
block revealed that the embeddings of HOMO and
LUMO dominate the attention values. The attention
weights obtained from the transformer output layer show
that the attention weight values associated with
LUMO+ 1 and HOMO exceed those associated with the
other FMOs (Fig. 3c). These findings demonstrate
the important role of HOMO, LUMO and LUMO+ 1 in
the TADF emission process. The distribution of attention
weights in ESIN with transformer output layer is con-
sistent with the understanding of the RISC process in
partial TADF molecules, which is associated with the
higher triplet excited energy levels. Systematic statistical
analysis on the distribution of attention weights of the
four FMOs reveals that for a TADF molecule, one or two
of the three FMOs, including HOMO, LUMO, and
LUMO+ 1, exhibit larger attention weight(s).
Meanwhile, HOMO-1 consistently registers the smallest

attention weight. For a series of TADF molecules sharing
the same D-A framework but featuring varied modified
groups, each molecule exhibits an identical or similar
distribution pattern for the attention weight parameters of
the four FMOs. These results perfectly align with the
elementary principles of TADF molecules: (i) the excited
state results in the electronic transition from HOMO to
LUMO or LUMO+ 1; (ii) the molecules with analogous
D-A structures possess similar emission properties.
Three series of TADF molecules with designated D-A

frameworks are selected from the database as examples
and illustrated in Fig. S2. For the TADF molecules with
rigid oxygen bridged boron containing acceptor, those
with elevated PLQYs also exhibit relatively lower var-
iances in the attention weights of four FMOs. A similar
trend – a rise in PLQYs concurrent with a reduction in
attention weight variance – was also observed in the
results of 2,4,6-triphenyl-1,3,5-triazine (TRZ) acceptor-
based TADF molecules with a D-A-D arrangement fea-
ture. Figure S2c illustrates two sets of molecules with
different 1,8-naphthalimide (NAI) based acceptors.
Despite a discrepancy in slope of the trend line between
the two groups, both exhibit a remarkable correlation
between PLQY and variance of attention weights. The
information on TADF molecules with NAI-based accep-
tors in the distribution map is detailed in Table S4.
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Table 1 Atom representation of the ESIN

Feature Description Size

Atom type Embeddings of the type of atom (e.g., C, N, O, S). 32

Harmonic frequencies 5 vibration frequencies (cm−1) with the largest intensity. 5

Vibration vector Vibration vector of corresponding frequencies. 15

Relative position to the sampling center Distance to the sampling centers in Cartesian coordinates. 3

Chemical bonds Number of bonded atoms. 1

Cyano Whether the cyano group is connected. 1
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allow us to quickly filter emitters and suggest molecular
modification strategy.
To validate the interpretability of ESIN, two new

diphenylquinoxaline-based molecules DPQ-DPAC and
DPQCN-DPAC (Fig. 4b and Table S6) were synthesized
and experimentally accessed (details in Supporting
Information). The PLQY values of DPQ-DPAC and
DPQCN-DPAC were accurately predicted, and the higher
experimental value of PLQY of the former corresponded
with its lower variance of model-generated attention
weights for the four FMOs, as determined by the model.
The structure and the attention weights of the synthesized
molecules are depicted in Fig. 4b. A shift in attention
weights is evident upon modifying the acceptor. The
cyano group in DPQCN-DPAC increases the attention
weight of the LUMO+ 1 and suppresses the variance of
attention weights, which corresponds with the enhance-
ment in PLQY value. Based on the model verification, the
ability of ESIN to evaluate the luminescent potential of
TADF molecules can be attributed to the capacity to
investigate the molecular structure-dependent FMO
characteristics and potential, which are associated with

PLQYs of TADF molecules. Consequently, ESIN emerges
as an innovative tool for proposing high PLQY TADF
molecules, extending beyond traditional molecular design
strategies.
For designing a new efficient molecule, we typically start

with a reported core framework and explore different
combinations and modifications to optimize the electro-
nic distribution. The trained ESIN model, which can filter
out molecules with lower PLQY, provides an effective
method for optimizing design. For a target D-A structure,
the first step involves analyzing the relationship between
attention weights and PLQY to fit distribution patterns.
Next, by identifying the substructures that have the
greatest impact on the distribution patterns, we can focus
on the key substructures. Finally, through model predic-
tions and experimental feedback, we refine the distribu-
tion pattern model to find the best modification sites, thus
rapidly identifying efficient TADF materials.

Discussion
To pave the way for an AI-based PLQY prediction and

molecular design approach for TADF emitters, ESIN was
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The distribution of attention weight values aligns closely
with the PLQYs, especially for a series of TADF molecules
bearing a similar D-A framework (Fig. 4). Figure 4a pre-
sents the diphenylquinoxaline-based molecules collected
in the data set (for details, please see Table S5). Since
most of the PLQYs in the dataset were obtained from

doped films and solutions, the trend line was drawn
excluding the point from the crystalline sample, which has
lower PLQY and was marked in gray in Fig. 4a. The PLQY
values are inversely correlated with the variance of
attention weights. Although the relationship is not suffi-
ciently robust due to the limited data, this trend may
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allow us to quickly filter emitters and suggest molecular
modification strategy.
To validate the interpretability of ESIN, two new

diphenylquinoxaline-based molecules DPQ-DPAC and
DPQCN-DPAC (Fig. 4b and Table S6) were synthesized
and experimentally accessed (details in Supporting
Information). The PLQY values of DPQ-DPAC and
DPQCN-DPAC were accurately predicted, and the higher
experimental value of PLQY of the former corresponded
with its lower variance of model-generated attention
weights for the four FMOs, as determined by the model.
The structure and the attention weights of the synthesized
molecules are depicted in Fig. 4b. A shift in attention
weights is evident upon modifying the acceptor. The
cyano group in DPQCN-DPAC increases the attention
weight of the LUMO+ 1 and suppresses the variance of
attention weights, which corresponds with the enhance-
ment in PLQY value. Based on the model verification, the
ability of ESIN to evaluate the luminescent potential of
TADF molecules can be attributed to the capacity to
investigate the molecular structure-dependent FMO
characteristics and potential, which are associated with

PLQYs of TADF molecules. Consequently, ESIN emerges
as an innovative tool for proposing high PLQY TADF
molecules, extending beyond traditional molecular design
strategies.
For designing a new efficient molecule, we typically start

with a reported core framework and explore different
combinations and modifications to optimize the electro-
nic distribution. The trained ESIN model, which can filter
out molecules with lower PLQY, provides an effective
method for optimizing design. For a target D-A structure,
the first step involves analyzing the relationship between
attention weights and PLQY to fit distribution patterns.
Next, by identifying the substructures that have the
greatest impact on the distribution patterns, we can focus
on the key substructures. Finally, through model predic-
tions and experimental feedback, we refine the distribu-
tion pattern model to find the best modification sites, thus
rapidly identifying efficient TADF materials.

Discussion
To pave the way for an AI-based PLQY prediction and

molecular design approach for TADF emitters, ESIN was
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The distribution of attention weight values aligns closely
with the PLQYs, especially for a series of TADF molecules
bearing a similar D-A framework (Fig. 4). Figure 4a pre-
sents the diphenylquinoxaline-based molecules collected
in the data set (for details, please see Table S5). Since
most of the PLQYs in the dataset were obtained from

doped films and solutions, the trend line was drawn
excluding the point from the crystalline sample, which has
lower PLQY and was marked in gray in Fig. 4a. The PLQY
values are inversely correlated with the variance of
attention weights. Although the relationship is not suffi-
ciently robust due to the limited data, this trend may
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equipped with a xenon arc lamp (Xe750) and integrating
sphere. PLQY values were measured by Hamamatsu
absolute PL Quantum yield spectrometer C11347 with
excitation wavelength of 365 nm. The samples were
measured after N2 bubbling for 5 min.

Theoretical calculations
The stablest geometric conformers for the molecules in

the database were optimized by CREST driven xTB pro-
gam package 6.4.1version at GFN1 level44–47. Based on
the stablest conformers the vibrational normal modes
were achieved using PM7 as a semiempirical density
functional thorery method supported by Gaussian 09 D01
version48. The orbital compositions were calculated by
Multiwfn program using Hirshfeld method based on the
converged electronic wavefunctions supported by Gaus-
sian 0949–53.
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established. Originating from the fundamental under-
standing that the excited state properties of TADF
molecules are intimately associated with their D-A geo-
metric and electronic structures, we endeavored to imbue
ESIN with a “chemistry mind” capable of comprehen-
sively evaluating the structure-property relationship of
TADF molecules. The model, grounded in the principles
of FMO theory, significantly bolsters the explainability of
the DL framework. The molecular representations in this
study prioritize the crucial atoms in the D or A groups
that dominate the excited state properties of TADF
molecules. A few of the atoms that predominately influ-
ence HOMO-1, HOMO, LUMO, and LUMO+ 1 are
adopted as key elements, and the coupling between
vibrational and electronic transitions was woven into the
molecular representations. This is particularly advanta-
geous for characterizing molecules with multiple donor
and acceptor groups, differing from other models that rely
on expanding the sampling range when representing each
atom to enhance comprehension of the entire molecule
which often leads to an exponential surge in computa-
tional requirements.
This approach introduces a new paradigm in efficiently

characterizing organic luminescent molecules. The inte-
gration of attention mechanisms allows for a nuanced
understanding of the relative importance of different
segments in the luminescence pathway. By examining the
attention distribution shifts across structurally varied
molecules of the same system and correlating these with
experimental PLQY results, we can discern patterns that
guide us towards designing candidates with heightened
PLQY. In the case of the diphenylquinoxaline-based
molecules, by modifying the group of the candidates
with the highest contribution to the LUMO+ 1 orbital,
we engineered a subtle yet profound shift in the model’s
sensitivity from primarily focusing on the HOMO to
emphasizing the LUMO+ 1. This deliberate manipula-
tion, informed by the model’s insights, led to the synthesis
of TADF molecules exhibiting enhanced efficiency.
Currently, while large-scale models are rapidly evolving,

there remains a scarcity of datasets related to TADF
materials that are sufficiently extensive to warrant the
training of a TADF-specific large-scale model. Even when
trained with a relatively limited dataset, ESIN demonstrates
superior interpretability and PLQY prediction capacity,
offering invaluable insights for high-performance TADF
emitter design. With the accumulation of experimental data,
our model stands as an interpretable and efficient molecular
representation approach, poised for application in future
large-scale deep learning studies aimed at elucidating other
photoelectronic properties of organic materials.
So far, available TADF training datasets are still limited,

and the standardization across different datasets is hard to
be achieved. Therefore, inaccuracies in the training data

should be expected, which might affect the predictions.
However, it is anticipated that upon new available data
increasing, we can gradually refine and improve our
molecular orbital model that will meet the demand for
accurate predictions of PLQYs.
It is worth to note that at present, the model reported in

this study may not be applied to other high-performance
electroluminescent materials such as iridium or platinum
based phosphorescent complexes. Therefore, the model
should be modified or rebuilt in the future.

Materials and methods
Training platform and setting
The ESIN is developed in TensorFlow40, with training

carried out via mini-batch stochastical gradient descent
using the Adam optimizer41. The batch size is set to 32
and the learning rate is designated as 0.01 during training.
The loss value of the model is obtained by summing the
L2 loss and the regularization term losses42. Compre-
hensive hyperparameters are detailed in the Supporting
Information (Table S2). Weight initialization for con-
volution operations and output layers is executed using
the built-in initializer of the Tensorflow.
A NVIDIA GeForce RTX 3090 Ti GPU was used for

model training and prediction. After the necessary semi-
empirical calculations results were prepared, the model
can be fully trained within 24 h based on our dataset. For
each new molecule, the prediction time is very fast,
typically taking less than one second.

ECFPs
In the ESIN running process, the ECFPs are calculated

using RDKit43 tools with feature-based invariants. The
length of the ECFPs for each substructure is 2048. For
computing the integer encoding of ECFPs, we set the
sampling radius to 2. The radius determines the depth of
the connectivity information captured, which refers to the
number of bond hops away from the central atom. A
larger radius includes more distant neighbors and more
complex structural information. Due to the limited
number of molecules in our dataset, we haven’t selected
larger radius. To prevent non-convergence, in ESIN the
employed lengths of ECFPs for FC attention block and
transformer output layer patterns are 2048 bits and 300
bits, respectively.

Materials purification
All materials used in this study were purified by

sequentially crystallization, column chromatography and
two times vacuum sublimation.

Photoluminescence measurements
The steady PL spectra and PLQYs were obtained with

an Edinburgh FLSP920 fluorescence spectrophotometer
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equipped with a xenon arc lamp (Xe750) and integrating
sphere. PLQY values were measured by Hamamatsu
absolute PL Quantum yield spectrometer C11347 with
excitation wavelength of 365 nm. The samples were
measured after N2 bubbling for 5 min.

Theoretical calculations
The stablest geometric conformers for the molecules in

the database were optimized by CREST driven xTB pro-
gam package 6.4.1version at GFN1 level44–47. Based on
the stablest conformers the vibrational normal modes
were achieved using PM7 as a semiempirical density
functional thorery method supported by Gaussian 09 D01
version48. The orbital compositions were calculated by
Multiwfn program using Hirshfeld method based on the
converged electronic wavefunctions supported by Gaus-
sian 0949–53.
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established. Originating from the fundamental under-
standing that the excited state properties of TADF
molecules are intimately associated with their D-A geo-
metric and electronic structures, we endeavored to imbue
ESIN with a “chemistry mind” capable of comprehen-
sively evaluating the structure-property relationship of
TADF molecules. The model, grounded in the principles
of FMO theory, significantly bolsters the explainability of
the DL framework. The molecular representations in this
study prioritize the crucial atoms in the D or A groups
that dominate the excited state properties of TADF
molecules. A few of the atoms that predominately influ-
ence HOMO-1, HOMO, LUMO, and LUMO+ 1 are
adopted as key elements, and the coupling between
vibrational and electronic transitions was woven into the
molecular representations. This is particularly advanta-
geous for characterizing molecules with multiple donor
and acceptor groups, differing from other models that rely
on expanding the sampling range when representing each
atom to enhance comprehension of the entire molecule
which often leads to an exponential surge in computa-
tional requirements.
This approach introduces a new paradigm in efficiently

characterizing organic luminescent molecules. The inte-
gration of attention mechanisms allows for a nuanced
understanding of the relative importance of different
segments in the luminescence pathway. By examining the
attention distribution shifts across structurally varied
molecules of the same system and correlating these with
experimental PLQY results, we can discern patterns that
guide us towards designing candidates with heightened
PLQY. In the case of the diphenylquinoxaline-based
molecules, by modifying the group of the candidates
with the highest contribution to the LUMO+ 1 orbital,
we engineered a subtle yet profound shift in the model’s
sensitivity from primarily focusing on the HOMO to
emphasizing the LUMO+ 1. This deliberate manipula-
tion, informed by the model’s insights, led to the synthesis
of TADF molecules exhibiting enhanced efficiency.
Currently, while large-scale models are rapidly evolving,

there remains a scarcity of datasets related to TADF
materials that are sufficiently extensive to warrant the
training of a TADF-specific large-scale model. Even when
trained with a relatively limited dataset, ESIN demonstrates
superior interpretability and PLQY prediction capacity,
offering invaluable insights for high-performance TADF
emitter design. With the accumulation of experimental data,
our model stands as an interpretable and efficient molecular
representation approach, poised for application in future
large-scale deep learning studies aimed at elucidating other
photoelectronic properties of organic materials.
So far, available TADF training datasets are still limited,

and the standardization across different datasets is hard to
be achieved. Therefore, inaccuracies in the training data

should be expected, which might affect the predictions.
However, it is anticipated that upon new available data
increasing, we can gradually refine and improve our
molecular orbital model that will meet the demand for
accurate predictions of PLQYs.
It is worth to note that at present, the model reported in

this study may not be applied to other high-performance
electroluminescent materials such as iridium or platinum
based phosphorescent complexes. Therefore, the model
should be modified or rebuilt in the future.

Materials and methods
Training platform and setting
The ESIN is developed in TensorFlow40, with training

carried out via mini-batch stochastical gradient descent
using the Adam optimizer41. The batch size is set to 32
and the learning rate is designated as 0.01 during training.
The loss value of the model is obtained by summing the
L2 loss and the regularization term losses42. Compre-
hensive hyperparameters are detailed in the Supporting
Information (Table S2). Weight initialization for con-
volution operations and output layers is executed using
the built-in initializer of the Tensorflow.
A NVIDIA GeForce RTX 3090 Ti GPU was used for

model training and prediction. After the necessary semi-
empirical calculations results were prepared, the model
can be fully trained within 24 h based on our dataset. For
each new molecule, the prediction time is very fast,
typically taking less than one second.

ECFPs
In the ESIN running process, the ECFPs are calculated

using RDKit43 tools with feature-based invariants. The
length of the ECFPs for each substructure is 2048. For
computing the integer encoding of ECFPs, we set the
sampling radius to 2. The radius determines the depth of
the connectivity information captured, which refers to the
number of bond hops away from the central atom. A
larger radius includes more distant neighbors and more
complex structural information. Due to the limited
number of molecules in our dataset, we haven’t selected
larger radius. To prevent non-convergence, in ESIN the
employed lengths of ECFPs for FC attention block and
transformer output layer patterns are 2048 bits and 300
bits, respectively.

Materials purification
All materials used in this study were purified by

sequentially crystallization, column chromatography and
two times vacuum sublimation.

Photoluminescence measurements
The steady PL spectra and PLQYs were obtained with

an Edinburgh FLSP920 fluorescence spectrophotometer
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High-fidelity light-field display with enhanced
information utilization by modulating chrominance
and luminance separately
Zhaohe Zhang1, Xunbo Yu1✉, Xin Gao1, Boyang Liu2, Hanbo Wang1, Chao Gao3, Zeyu Hao1, Ruiang Zhao1 and
Xinzhu Sang1

Abstract
Light-field displays typically consist of a two-dimensional (2D) display panel and a light modulation device. The 2D
panel presents synthesized parallax images, with the total information content of the three-dimensional (3D) light field
dictated by the panel’s total resolution. Angular resolution serves as a critical metric for light-field displays, where
higher angular resolution correlates with a more realistic 3D visual experience. However, the improvement of angular
resolution is typically accompanied by a reduction in spatial resolution, due to the limitations of the 2D display panel’s
total resolution. To address this challenge, a light-field display method with enhanced information utilization is
introduced, achieved through the independent modulation of chrominance and luminance. A static light-field image
display system is proposed to verify the feasibility of this method. The system employs a bidirectional angular
modulation grating (BAMG) and a collimated light source (CLS) to create uniformly distributed viewpoints in space. A
luminance modulation film (LMF) and a chrominance modulation film (CMF) are utilized to modulate the light-field
information, with chrominance and luminance synthesized images printed at pixel densities of 720 pixels per inch (PPI)
and 8000 dots per inch (DPI), respectively, to align with the differential sensitivities of the human visual system. In the
experiment, the proposed display system achieves a full-parallax, high-fidelity color display with a 98.2° horizontal and
97.7° vertical field of view (FOV). So, the light-field display method of modulating chrominance and luminance
separately has been proven to achieve high-fidelity display effects.

Introduction
3D display technologies, including volumetric displays,

integral imaging and holographic displays offer various
approaches to achieving more realistic visual effects than
traditional 2D displays1–4. Among these, light-field dis-
plays, in particular, hold significant promise for creating
high-fidelity visual experiences. Light-field displays typi-
cally consist of a 2D display panel coupled with a light
modulation device. The 2D panel presents synthesized
parallax images, with the total information content of the

3D light field determined by the display panel’s space-
bandwidth product (SBP), often reflected in its total
resolution. The light modulation device controls the for-
mation of spatial viewpoints, enabling the 3D effect.
Techniques such as lenticular lens array, diffraction
gratings, and liquid crystal lenses are used to manipulate
the light field5–7. However, they do not alter the total
information content, which remains constrained by the
display panel’s total resolution.
The key performance metrics of light-field displays

include angular resolution, spatial resolution, and viewing
angle. Angular resolution is typically expressed in parallax
images per degree (PIPD), which indicates the information
density8–10. In conventional light-field encoding methods,
each pixel on the 2D panel corresponds directly to a pixel in
the parallax image for each viewing angle. As a result, these
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