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materials discovery in low-data regimes
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Generative AI has emerged as a powerful tool for the discovery of organic light-emitting diode (OLED)

materials. However, its practical application remains underexplored due to the small datasets and

difficulties in ensuring molecular synthesizability. To overcome these challenges, we introduce a building

block-based autoregressive generative model. Trained on a dataset of approximately 1000 OLED

molecules, the model demonstrated refined control over key thermally activated delayed fluorescence

(TADF) properties, including S1 energy and the singlet–triplet energy gap DEST, while generating

structurally novel candidates through strategic repurposing of building blocks not previously associated

with TADF activity. In addition, we experimentally validated its potential by synthesizing four AI-designed

green emitters and integrating them into OLED devices, achieving external quantum efficiencies of up to

11.22% at 1000 cd m−2. It achieved more than a 100-fold reduction in the computational cost of

quantum chemical calculations compared to conventional heuristic methods. This work bridges the gap

between generative molecular design and experimental realization, showcasing a pathway to overcome

data scarcity and unlock innovative discovery of optoelectronic materials.
1 Introduction

High-throughput virtual screening (HTVS) has gained great
attention as a powerful strategy for accelerating materials
discovery.1–3 By rapidly exploring large chemical spaces with in
silico methods, HTVS can facilitate the identication of prom-
ising candidates that would benet from greater experimental
validation.4,5 Numerous successful applications, conrmed by
experiments, have demonstrated the potential of HTVS.6–11

One of the critical factors that inuence the HTVS process is
the quality of the initial chemical library. When the library has
a low density of desirable candidates, it is necessary to enlarge
the library in order to identify valuable hits, which can even-
tually lead to substantial increase in computational costs.
Unfortunately, such low densities are oen inevitable when
using simple strategies like random sampling, due to the
complex and specic requirements of functional materials.
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Traditionally, these issues have been tackled by deriving expert-
driven rules to capture key characteristics of materials tailored
for specic applications.3 For example, photovoltaic and
organic light-emitting diode (OLED) materials are typically
designed through the combination of donor and acceptor
building blocks to facilitate charge-transfer excitations.7,12–14

While these rule-based strategies can be effective, they are
unlikely to capture all the key characteristics. Consequently,
HTVS guided solely by expert heuristics still requires the
screening of millions to billions of compounds to identify high-
potential candidates.

In this context, generative AI has emerged as a promising
alternative to overcome the limitations of expert rule-based
design strategies. These models can learn the underlying
distribution of training data and capture key features of data,
enabling the design of libraries enriched with promising
candidates.15 In recent years, generative models have achieved
remarkable advancement in diverse elds, including image
synthesis,16 natural language processing,17 and drug discovery.18

In materials discovery, generative AIs have been used to design
novel functional materials.19–31 However, applying generative AI
to materials discovery poses several unique challenges. Unlike
in previous domains, where models are typically exposed to
millions or even billions of data points, datasets relevant to
materials discovery oen contain just a few thousand, or even
just a few dozen, data points.32,33 Furthermore, synthesizability
must be ensured, which is less pertinent to language or image
generation tasks.34,35 These requirements are further
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complicated by the multi-objective nature of materials
discovery, including factors such as stability, functionality, and
performance.36 As a result, the experimental validation of
molecules designed by generative models is uncommon in the
materials domain.

In this work, we present a successful application of genera-
tive AI to accelerate materials discovery, supported by experi-
mental validation. Among various types of materials, we
focused on thermally activated delayed uorescence (TADF)
materials,37–39 a domain characterized by limited data avail-
ability (approximately 1000 samples) and signicant challenges
when relying solely on expert-driven design rules, such as the
combination of donor and acceptor building blocks.

To address these challenges, we used the Building Block–
based AutoRegressive (BBAR) molecular generative model,
which was originally developed for drug discovery.40 BBAR
generates molecules by iteratively assembling molecular
building blocks and has shown strong performance in gener-
ating candidates with desired properties given as conditions,
including those that rarely appear in the training data.
Furthermore, BBAR can implicitly consider synthesizability; by
preparing the building blocks through retrosynthetic decom-
position of known compounds and restricting fragment
attachments to compatible connection sites dened by the
same retrosynthetic templates, the generated molecules are
more likely to be synthesizable.

Leveraging the BBARmodel, we synthesized four novel green
TADF molecules and fabricated OLED devices to evaluate their
performance. Fig. 1 illustrates the overall workow of our study,
which proceeded as follows. We rst compiled a training set of
approximately 1000 OLED molecules from various literature
sources, focusing on molecular structures and their optoelec-
tronic properties. Using this dataset, we trained the BBAR
model to generate candidate molecules for red, green, and blue
TADF emitters. The model produced a virtual chemical library
of candidates projected to achieve signicantly higher hit rates
compared to traditional heuristic-based approaches, which was
veried by extensive quantum chemical calculations. Targeting
green emitters, we identied dozens of highly promising
candidates for experimental validation. Since the BBAR model
inherently considers synthesizability during generation, the
selected candidates were readily synthesizable. This stream-
lined process culminated in four nal molecules for device
testing. Their device level evaluation showed EQEs of up to
11.22% at 1000 cd m−2, highlighting the potential of generative
AI to bridge computational design and experimental realiza-
tion, particularly in data-scarce scenarios.

2 Methodology
2.1 Preparation of the OLED dataset

To construct the training dataset for our BBAR model, we
utilized molecular structures from the OLED database reported
by Zhao et al.41 The dataset was originally developed for pre-
dicting thermal stability, specically glass transition (Tg) and
decomposition temperatures (Td), and thus does not include
electronic properties relevant to TADF design. Therefore, we
Digital Discovery
extracted the molecular structures (e.g., SMILES) and labeled
two key electronic properties, the S1 energy and DEST, by per-
forming quantum chemical calculations on all molecules.

Here, the S1 energy represents the vertical excitation energy
of a molecule transitioning from the ground state to the rst
excited singlet state (S1), which closely correlates with the
display color range, and the DEST represents the energy differ-
ence between S1 and the rst excited triplet state (T1), known as
one of the critical factors for enhanced reverse intersystem
crossing (RISC).42–46 These two electronic properties were
utilized as the ground-truth generation conditions for training
the BBAR model, with further details provided in Section 2.2.

To obtain these two properties, we rst generated initial
molecular geometries using the ETKDG algorithm,47 followed
by universal force eld (UFF) optimization,48 implemented in
the RDKit library (RDKit: Open-source cheminformatics,
https://www.rdkit.org). To reduce computational cost, these
geometries were pre-optimized with the GFN2-xTB method49

and then optimized using DFT with the B3LYP functional50

and the 6-31g(d) basis set, as implemented in Gaussian 16.51

From the optimized ground-state geometries, the vertical
excitation energies to the S1 state and T1 state were calculated
using time-dependent DFT (TD-DFT) at the same level of
theory. Out of 1182 molecules, 64 failed during the
calculations, mainly due to optimization convergence failures,
resulting in a nal dataset of 1118 molecules. The
distributions of their calculated electronic properties are
provided in Section 1 of the SI.
2.2 Workow of the BBAR model

Before presenting the main results, we briey describe the
workow of the BBAR model used in this study (Fig. 2). The
BBAR model is designed to generate candidate molecules that
satisfy specied target property requirements, which are
provided as input conditions. Starting from an initial building
block, the model iteratively adds new building blocks until the
resulting molecule achieves the desired properties. This
conditional generation process involves three sequential steps.
In the rst step, the model determines whether the current
molecule requires further modication to achieve the target
properties. Multiple properties can be specied simultaneously,
and BBAR considers them simultaneously during the genera-
tion process. Importantly, BBAR does not explicitly compute
intermediate property values to make this decision. Instead, it
predicts a termination probability, pterm, and stochastically
samples whether to terminate based on this value. In the next
step, if termination is not selected, the model chooses the next
building block from a predened library. Rather than treating
this as a standard classication task over a xed set of options,
BBAR leverages graph representations of each building block to
individually estimate likelihood scores (pi), indicating how
likely each is to improve the molecule with respect to the
desired properties. This workow is a key innovation of the
original BBAR model, as it allows the evaluation and incorpo-
ration of new or previously unseen building blocks during
generation if they are deemed useful. This capability
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Schematic overview of our work using generative AI for materials discovery in low-data regimes. Starting from a small OLED dataset
(∼1000 compounds), a generative model is trained to produce a focused chemical library enriched with candidates likely to satisfy target
electronic properties, such as singlet energy (E(S1)) and singlet–triplet energy gap (DEST). These candidates are subsequently evaluated via
quantum chemical calculations, and promising molecules are shortlisted through human-expert (hybrid) screening. The selected compounds
are synthesized and experimentally characterized. High-performance candidates can be further developed into widely used OLED materials.
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signicantly expands the design space and opens new oppor-
tunities for innovation in materials discovery, an advantage that
will be discussed in more detail below. In the nal step, the
model selects an atomic attachment site on the current mole-
cule for appending the chosen building block. Specically, it
predicts a probability distribution over all candidate attach-
ment sites conditioned on the current molecule and the target
properties. One site (marked as a red circle in Fig. 2) is then
Fig. 2 A schematic illustration of the BBAR model. Starting from an initia
performs three sequential tasks: (1) it predicts the probability of termina
necessary (low value of pterm), it evaluates a predefined library of buildin
based on the computed probabilities; and (3) the model predicts a proba
molecule for appending the selected building block. One site (marked as
building block is added at the chosen site. This three-step cycle is repe
model can implicitly consider synthesizability by leveraging deliberately

© 2026 The Author(s). Published by the Royal Society of Chemistry
selected according to this probability distribution, and the
building block is attached at the selected site. The resulting
molecule is then used as the input for the next iteration of the
three-step cycle.

The BBAR model is trained on sequences representing the
stepwise assembly of molecular building blocks. These
sequences are prepared by rst decomposing OLED molecules
in the training set using the BRICS (Breaking of
l molecule (left) and given target properties (E(S1) and DEST), the model
ting further modifications (pterm); (2) if further modification is deemed
g blocks (blue inset) using graph-based embeddings and selects one
bility distribution over possible atomic attachment sites on the current
a red circle) is then sampled according to these probabilities, and the

ated until the model decides to terminate. Within this framework, the
curated building blocks.
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Retrosynthetically Interesting Chemical Substructures) algo-
rithm.52 Specically, we utilized the BRICS implementation in
RDKit, which applies 16 retrosynthetically inspired chemical
decomposition patterns to partition molecules into syntheti-
cally meaningful units. Applying this procedure to the 1118
molecules in the training set yielded a total of 5905 initial
fragments. Aer removing duplicates via canonicalization, we
established a nalized library of 589 unique building blocks,
which serves as the fundamental component set for molecular
generation. Next, random assembly orders of these building
blocks are enumerated. For example, if a molecule is composed
of three connected fragments (A–B–C), possible training
sequences might include A/ A–B/ A–B–C or C/ B–C/ A–
B–C. These sequences are randomly sampled during training.
The BBAR model is trained to reconstruct the original mole-
cules by following the selected assembly sequence, conditioned
on the calculated target properties (S1 energy and DEST). Aer
several training epochs, the model is then used to generate new
molecules tailored to specic property requirements.

We randomly split the dataset into training, validation, and
test sets with a ratio of 75 : 15 : 10, and trained the model for 20
epochs. Details on the model architecture and training hyper-
parameters are provided in Section 2 of the SI. Additional
technical information, including the training objective func-
tion, can be found in the original work by Seo et al.40

3 Results
3.1 Tuning S1 energy and DEST

We rst assessed the performance of the trained model in the
conditional generation of TADF candidates. During generation,
we set the target DEST to a low value of 0.1 eV to induce high
RISC rates and set the target S1 energies to 1.87 eV, 2.23 eV, and
2.73 eV, which correspond to the red, green, and blue emission
ranges, respectively. For each pair of target properties, 1000
candidate molecules were generated. These molecules were rst
validated using the RDKit library, and the S1 energies and DEST
were calculated for the validated molecules using the same
procedure described in Section 2.1.

For comparison, we prepared a baseline set of molecules
using the “random enumeration” method as described by Kim
et al.5 This protocol follows the combinatorial assembly of
predened donors, linkers, and acceptors originally curated by
Gómez-Bombarelli et al.,7 specically forming donor–linkern–
acceptor structures with n = 0, 1, 2. Considering all possible
combinations results in a pool of approximately 5.49 million
candidates, from which we randomly sampled 1000 molecules
for testing. These selected molecules were then validated using
the same procedure described above. This baseline set is
referred to as the “Random” set.

Fig. 3 shows the distributions of S1 energy and DEST for the
generated molecules targeting blue, green, and red colors,
respectively. The red dashed lines indicate the target values for
each property in each task. As shown in the gure, a large
portion of the randomly enumerated molecules lie far from the
target values, with substantial variance. In particular, the
distributions of both S1 and DEST are approximately Gaussian,
Digital Discovery
centered away from the desired regions, reecting the inherent
randomness of the enumeration process. This not only suggests
that heuristic-based design strategies alone are insufficient to
guide efficient TADF discovery, but also implies that such
strategies may bias exploration toward irrelevant regions of the
chemical space.

In contrast, the BBAR-generated molecules exhibit property
distributions that are more closely aligned with the target
values. For DEST, the distributions consistently peak near zero
across all color targets, which is a favorable condition for TADF.
For S1 energy, although the distributions remain relatively
broad, the peak positions shi downward from blue to red,
closely tracking the respective target values. These results
indicate that the trained generative model can effectively guide
exploration of TADF-relevant chemical space, even when
trained on a relatively small dataset of approximately 1000
molecules.

Table 1 summarizes the detailed hit rates for each genera-
tion task. We considered a molecule to be a hit if its S1 energy
falls within 1.6–2.0 eV for red, 2.17–2.5 eV for green, or 2.5–2.75
eV for blue emission, and its DEST value is below 0.2 eV. On
average, 61.4% of the BBAR-generated molecules satisfy the
DEST threshold, while only 6.3% for the randomly enumerated
molecules. This again conrms the earlier observation that
heuristic donor–acceptor combinations alone are insufficient to
consistently generate molecules with low DEST values.

From the perspective of emission color, the difference is even
more pronounced. On average, 24.4% of BBAR-generated
molecules fall within the desired S1 energy ranges, whereas only
around 1% of the randomly enumerated molecules meet this
condition. This larger discrepancy arises because donor–
acceptor heuristics are primarily effective in promoting low
DEST (i.e., enhancing RISC), but are less suited for ne-tuning
emission color. One can see that the hit rate for red-emitting
molecules with the random enumeration set is particularly low,
a mere 0.1%. This is likely because the donor and acceptor
fragments used in the original work were primarily prepared for
developing blue TADF materials. However, even for the blue
emission task, the hit rate remains low at 1.7%, underscoring
the limitations of heuristic-based design. On the other hand,
the BBAR model has achieved substantially higher hit rates for
all emission colors without access to any prior domain knowl-
edge. When both criteria were considered simultaneously,
BBAR, as expected, achieved much higher hit rate than the
random enumeration method: on average, 18.4% of BBAR-
generated molecules were hits, compared to just 0.73% for the
random enumeration.

In addition to the hit rate analysis, we evaluated the chemical
diversity of the generated molecules, as summarized in SI
Tables 2 and 3 (see Section 3 of the SI). Across several metrics,
the results indicate high chemical diversity. The novelty scores
were close to 1, and the generated molecules exhibited a wide
range of scaffolds and building blocks not prevalent in the
training set. These ndings conrm that BBAR effectively avoids
structural redundancy while exploring a broad and diverse
chemical space to generate molecules with the desired proper-
ties. We refer the reader to the SI for a detailed analysis.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 Scatter plots that show the distribution of S1 energy and DEST for molecules generated by BBAR. (a) Blue TADF candidates, (b) green TADF
candidates, and (c) red TADF candidates are displayed, with target values marked using dashed lines. Marginal distributions for S1 energy (E(S1))
and DEST are displayed on the top and right axes of each plot. For comparison, a scatter plot and a marginal distribution of randomly enumerated
molecules are included. The BBAR-generated molecules exhibit a distribution concentrated around the target values, highlighting higher effi-
ciency in generating molecules with the desired properties than the random enumeration.

Paper Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

2 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 3
/3

/2
02

6 
7:

41
:4

8 
PM

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
3.2 Exploring TADF-relevant space with BBAR

We visualized the chemical space of the evaluated sets using the
t-distributed stochastic neighbor embedding (t-SNE) algo-
rithm.53 We used Morgan ngerprints54 with a radius of 2 and
a bit length of 1024 for visualization. Fig. 4 presents the t-SNE
plot of molecules generated by the BBAR model (referred to as
“BBAR”) and those generated via random enumeration (referred
to as “Random”). For additional context, we included two
reference sets: “TADF (train),” consisting of molecules from the
training set with DEST < 0.2 eV (indicative of TADF potential),
and “TADF (ref. 7),” comprising four blue TADF emitters re-
ported by Gómez-Bombarelli et al.7 To balance the number of
molecules between the “BBAR” and “Random” sets, we addi-
tionally sampled 2000 molecules for the “Random” set.

Fig. 4 reveals two key ndings. First, the “BBAR” set shows
substantial overlap with the “TADF (train)” set, signicantly
more than the “Random” set, indicating that the model
successfully learned the property distributions of the training
data. Second, the four experimentally reported TADF molecules
(“TADF (ref. 7)”) are located within the same clusters as the
training set, conrming that the training data is well suited for
guiding the model in TADF material design. In contrast, the
“Random” set (generated via donor–acceptor enumeration)
shows clear separation from both the “BBAR” and “TADF
Table 1 Performance comparison between molecules generated by ran

Random enumeration

DEST
a E(S1)

b Bothc

Blue 57 (6.3%) 15 (1.7%) 8 (0.9%)
Green 57 (6.3%) 16 (1.8%) 11 (1.2%)
Red 57 (6.3%) 1 (0.1%) 1 (0.1%)

a Number ofmolecules satisfyingDEST < 0.2 eV.
b Number ofmolecules satisfy

(red). c Number of molecules satisfying both DEST and S1 energy criteria.
candidates.

© 2026 The Author(s). Published by the Royal Society of Chemistry
(train)” clusters. This separation suggests that random heuristic
methods oen produce molecules with properties incompatible
with viable TADF materials. For example, many “Random”

molecules exhibit high DEST values (unfavorable for high RISC
rates) and S1 energies outside the visible range (pink labels).
The “BBAR” set, however, contains numerous candidates with
low DEST and visible-range S1 energies (red labels), aligning with
TADF requirements. This analysis underscores that, when well-
suited building blocks are provided, BBAR can systematically
explore a meaningful subset of TADF-relevant chemical space,
representing a signicant advancement over conventional
heuristic strategies.
3.3 Qualitative observations of the generation process

In this section, we highlight two notable behaviors of the BBAR
model, observed by closely examining numerous generation
processes. First, BBAR frequently adopts a donor–acceptor
combination strategy. Fig. 5a and b illustrates two representa-
tive examples, where both start from a benzene scaffold but
target different emission colors. When targeting a red-emitting
TADF molecule (Fig. 5a), BBAR rst adds two acceptor blocks
(highlighted in blue), which lower the lowest unoccupied
molecular orbital (LUMO) energy level. It then attaches a donor
block (highlighted in red) to the opposite side, raising the
dom enumeration and BBAR for blue, green, and red TADF candidates

BBAR

DEST
a E(S1)

b Bothc

363 (53.0%) 134 (19.6%) 83 (12.1%)
379 (60.4%) 147 (23.4%) 104 (16.6%)
339 (70.8%) 144 (30.1%) 127 (26.5%)

ing S1 energy criteria: 2.5–2.75 eV (blue), 2.17–2.5 eV (green), and 1.6–2.0 eV
Percentages indicate the proportion relative to all successfully validated
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Fig. 4 Visualization of the chemical space using t-SNE. Four sets of molecules, molecules generated by BBAR (BBAR), molecules satisfying DEST
< 0.2 eV from the training set (TADF (train)), randomly enumerated molecules (Random), and TADF materials in Gómez-Bombarelli et al.7 (TADF
(ref. 7)) are displayed in the figure. The BBAR-generated candidates near the desired TADF materials demonstrate the model's ability to focus on
exploring the desired chemical space. Annotated structures highlight representative molecules with their corresponding S1 energy (E(S1)) and
DEST values. The pink labels represent randomly enumerated molecules with high DEST and S1 energies outside the visible range. The dark blue
labels correspond to TADFmaterials from ref. 7, while the red labels denote BBAR-generatedmolecules with very lowDEST and S1 energies within
the visible range.
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highest occupied molecular orbital (HOMO) energy level. This
combination decreases the S1 energy from 3.276 eV to 1.975 eV,
falling within the red emission range, while simultaneously
lowering DEST. Conversely, when designing blue-emitting TADF
molecule (Fig. 5b), BBAR rst introduces two donor blocks (red-
colored fragments) to elevate the HOMO level, followed by an
acceptor block (blue-colored fragment) with limited p-conju-
gation to maintain a relatively high LUMO energy level. This
results in a molecule with blue emission and a low DEST.

We believe this behavior stems from the fact that many of the
OLED molecules in the training set were originally designed
using conventional donor–acceptor combination strategies,
which the BBAR model appears to have learned effectively.
Remarkably, chemical concepts such as HOMO, LUMO, donor,
or acceptor were never explicitly introduced to the model during
training or generation. This suggests that BBAR was able to
infer these design principles solely through its data-driven
Digital Discovery
learning process. Beyond these simple heuristics, the model
appears to have developedmore sophisticated design strategies,
as previously demonstrated by its focused exploration of TADF
candidates. This distinction is likely to originate from funda-
mental differences in the generation process. Traditional
heuristic approaches are essentially qualitative: they categorize
fragments as either donors or acceptors and randomly combine
one from each category, regardless of nuanced differences in
electronic or structural properties. Dening more advanced
design rules that account for such complexities is challenging to
do manually. Therefore, these approaches oen overlook the
current molecular context and generate many unsuitable frag-
ment combinations, leading to a low hit rate in TADF design.

In contrast, BBAR behaves more like a quantitative decision-
making system. Given the molecular state and target properties,
it exibly evaluates both fragments and attachment positions as
continuous probability values. This probabilistic reasoning
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 Generation process of TADF candidates by BBAR. Examples illustrating the BBAR's generation of TADF candidates for (a) red and (b) blue
emissions, starting from benzene. The model iteratively adds donor and acceptor building blocks to achieve the target S1 energy and DEST, as
commonly found in human heuristic design strategies. (c) Examples of BBAR-generated molecules incorporating building blocks that are absent
from the TADF materials (defined as DEST < 0.2 eV). These molecules also meet desired electronic property requirements, showcasing the
model's capability to generate structurally novel TADF candidates by leveraging building blocks not previously present in any TADF materials
within the training data.
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allows BBAR to surpass heuristic strategies in TADF design,
despite following a supercially similar donor–acceptor
combination strategy. A more systematic interpretability anal-
ysis, such as statistically characterizing recurring decision
patterns across generation processes, could potentially uncover
new design principles beyond conventional heuristics.
However, such quantitative analysis is challenging, particularly
for the BBAR model, which was not designed with interpret-
ability as a primary goal. Therefore, we leave this aspect for
future work.

Another key observation is that BBAR can generate struc-
turally novel candidates by incorporating unseen building
blocks. Here, we dene “unseen” as building blocks that do not
appear in any TADF-active molecules within the training set,
where TADF-active molecules are dened as those with DEST <
0.2 eV. Fig. 5c presents representative examples, where the
green-highlighted components indicate such unseen blocks.
Notably, these building blocks were initially present in non-
TADF molecules, exhibiting large DEST values and S1 energies
outside the visible range. However, BBAR successfully repur-
poses these blocks by combining them with other suitable
units, shiing S1 into the visible region and signicantly
lowering DEST. This behavior highlights BBAR's ability to
enhance chemical diversity by leveraging building blocks that
were not previously associated with TADF-relevant properties in
the training set. Conventional approaches such as random
enumeration would entail substantial computational cost to
achieve this, as expanding donor/acceptor fragment sets will
© 2026 The Author(s). Published by the Royal Society of Chemistry
exponentially increase the library size. Overall, these results
demonstrate the dual advantages of generative AI to materials
discovery: enabling efficient exploration of chemical space and
facilitating the generation of structurally diverse candidates,
even in low-data regimes (here, ∼1000 molecules).
3.4 Experimental validation of BBAR

Leveraging the strong performance of BBAR, we successfully
synthesized four new green TADF materials. Of the 1000 BBAR-
designed candidates targeting green emission, we rst ltered
out molecules with molecular weights above 1100 Da, leaving
518 candidates. Aer excluding molecules that failed quantum
chemical calculations, 496 molecules remained. These were
then screened using the following criteria: (1) to ensure green
emission, only molecules with S1 energies between 2.17 and
2.50 eV were retained. (2) To ensure TADF-relevant properties,
we selected molecules with DEST < 0.2 eV. (3) To conrm radi-
ative uorescence, we retained only those with nonzero oscil-
lator strength (f(S1) > 0). (4) For suitable energy-level alignment
in device applications, we selected molecules with HOMO
energies above −6.0 eV and LUMO energies below −1.0 eV.
Applying these lters yielded 72 candidates, a manageable set
for human evaluation. Similarly, applying the same screening
criteria to the blue and red sets yielded 48 blue and 65 red
candidates, respectively.

Although BBAR biases generation toward synthesizable
structures by assembling building blocks, the generated
Digital Discovery
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molecules are not guaranteed to be readily synthesizable. This
is mainly because (i) we did not fully dissect the commercial
availability of all building blocks in the library, and (ii) even
when the structures can be expressed as fragment assemblies,
the corresponding synthetic routes may still be impractical
under realistic experimental constraints. For these reasons, we
performed retrosynthetic analysis on the green candidates
using SciFindern55 to assess synthetic accessibility. As a result,
we identied 17 viable candidates. Considering building-block
availability and synthetic cost, we nally chose four candidates
(G-1, G-2, G-3, and G-4) for device-level testing, as shown in
Fig. 6a. Detailed synthetic procedures for each candidate are
provided in the SI.

A common device architecture was used to characterize the
four candidates under consistent conditions (Fig. 6b). Their
Fig. 6 Experimental validation of green TADF candidates. (a) Structures o
structure used for testing the TADF candidates, including an energy ban
synthesized materials. (d) External quantum efficiency (EQE) as a functi
candidate. The best-performing candidates achieved an EQE of 11.22%
candidate. (f) Luminance as a function of voltage for each candidate.

Digital Discovery
photophysical and device-level properties are summarized in SI
Table 4. Photoluminescence (PL) measurements in toluene
conrmed that the emission wavelengths of the four candidates
ranged from 515 to 542 nm, falling within the typical green
emission range of 495–570 nm. The PL wavelengths were
slightly red-shied compared to the theoretical calculations,
but this deviation was not signicant. Consequently, BBAR was
able to effectively guide the design of green-emitting TADF
molecules. Transient PL decay measurements (Section 6 of the
SI) further conrmed that all four candidates exhibited distinct
TADF characteristics. Following device fabrication, the emis-
sion wavelengths exhibited a slight blue shi relative to their
solution-state values. The corresponding electroluminescence
spectra of the OLED devices are shown in Fig. 6c. Fig. 6d pres-
ents EQE as a function of current density, while Fig. 6e and f
f the four selected green TADF candidates. (b) Schematic of the device
d diagram of the components. (c) Electroluminescence spectra of the
on of current density, demonstrating the performance of each TADF
at 1000 cd m−2. (e) Current density as a function of voltage for each

© 2026 The Author(s). Published by the Royal Society of Chemistry
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show current density and luminance as a function of voltage,
respectively. The EQE values at 1000 cd m−2 were around 10%
for all candidates, with G-4 achieving the highest performance
at 11.22%. Remarkably, throughout the entire process, we
considered only around 1000 candidates for quantum chemical
evaluation, in contrast to a previous HTVS-based study7 that
screened over one million molecules and performed quantum
calculations on more than 400 000 to identify just four novel
TADF emitters. Since model inference typically takes less than
a second, which is negligible compared to DFT calculations as
they oen require tens to hundreds of minutes, this reduction
represents more than a 100-fold improvement in discovery
efficiency and underscores the potency of generative AI to
accelerate materials discovery while successfully yielding
experimentally validated materials with device-level
performance.

4 Conclusions

In this work, we demonstrated the successful application of
generative AI to overcome longstanding challenges in materials
discovery—particularly in data-scarce domains such as ther-
mally activated delayed uorescence (TADF) emitters, where
synthesizability and multi-property optimization pose signi-
cant hurdles. By training the BBAR model (a building block–
based autoregressive framework) on OLED molecular data, we
developed a generative system capable of designing TADF
candidates with enhanced synthesizability and tailored opto-
electronic properties. BBAR effectively optimized key TADF
metrics, including S1 energy and DEST, achieving over a 100-fold
increase in hit rate compared to expert-guided heuristic
approaches. While BBAR mimics traditional donor–acceptor
assembly in the generation process, it outperforms heuristic
enumeration strategies by quantitatively evaluating building
block suitability through data-driven likelihood estimation.
Furthermore, the model could generate novel TADF candidates
by repurposing building blocks not previously associated with
TADF activity, expanding the accessible chemical space. With
these advantages, we successfully designed four green-emitting
TADF molecules at the device level, achieving external quantum
efficiencies (EQEs) of up to 11.22% at 1000 cd m−2. These
results underscore generative AI's transformative potential in
molecular discovery: it enables efficient exploration of high-
probability candidates while fostering structural diversity, even
in data-limited scenarios.

However, we note that our approach may still struggle in
extremely low-data regimes (e.g., training sets with fewer than
a couple of hundred examples) and should therefore be applied
with caution in such scenarios. In these cases, we have observed
that model performance can degrade substantially, even for
relatively simple tasks such as log P-conditioned molecule
generation. To address such challenges, more advanced meth-
odologies such as pre-training on large-scale datasets and
employing improved model architectures will likely be neces-
sary. We leave this as future work and consider it a key direction
in materials discovery. Nonetheless, our work demonstrates
a successful integration of computational design and
© 2026 The Author(s). Published by the Royal Society of Chemistry
experimental validation, highlighting its potential to accelerate
the development of functional materials for next-generation
optoelectronic applications.
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