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ABSTRACT 

We investigate degradation in three OLED host materials: TBSO (4-(m-tolylsulfonyl)-1,1-biphenyl), DPPCarba (9-(3,5- 
diphenylphenyl)carbazole), and DPPTriphen (2-(3,5-diphenylphenyl)triphenylene), using static electronic-structure calculations, 
non-adiabatic molecular dynamics (NAMD), and machine-learning-accelerated NAMD (ML-NAMD). Static analysis identifies 
DPPTriphen as having the most favorable overall stability profile, whereas TBSO shows the greatest degradation susceptibility, 
with S–aryl cleavage emerging as an important pathway. All three hosts are also vulnerable under high-energy exciton–exciton 
annihilation conditions. Direct NAMD shows that TBSO can undergo bond dissociation on a sub-picosecond timescale. A fully 
connected neural-network potential reproduces the reference data with 𝑅2 = 0 . 999 for energies and 𝑅2 = 0 . 998 for forces, while 
providing an approximately 4 . 2 × 103 speedup over direct NAMD. This enables 3519 trajectories to be propagated to 1 ps and yields 
29 degradation events from the first excited state. These results show that static descriptors alone do not fully capture degradation 
propensity and that explicit excited-state dynamics provides complementary mechanistic insight for designing more stable OLED 

host materials. 
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 Introduction 

he development of organic light-emitting diodes (OLEDs) has
ransformed the landscape of display and lighting technologies.
n 1987, Tang and VanSlyke published groundbreaking work on
mall-molecule-based OLEDs [ 1 ], and in 1990, Friend et al. first
escribed polymer-based OLEDs [ 2 ]. Since then, the technology
f OLEDs has attracted both industrial and academic interest
 3–5 ]. Over the years, multiple generations of OLED emitters
ave been developed. The first [ 1 ], second [ 6 ], and third [ 7 ]
enerations of OLEDs are based on fluorescent, phosphorescent,
nd thermally activated delayed fluorescence (TADF) type of
mitters, respectively, with the latter two achieving internal
uantum efficiencies (IQEs) approaching unity. More recently,
his is an open access article under the terms of the Creative Commons Attribution Licen
riginal work is properly cited. 
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advanced concepts such as Hyperfluorescence [ 8 ], direct singlet
harvesting (DSH) mechanisms [ 9 ], and inverted singlet-triplet
(INVEST) [ 10 ] mechanisms have also been proposed. These
advancements in OLEDs lighting and display technologies have
surpassed traditional light-emitting diode (LED) technologies in
commercial applications, particularly in the realm of display [ 11,
12 ]. 

Although significant progress in the OLEDs industry has been
made by leaps and bounds, a key concern of the low operational
stability of materials in OLEDs remains a challenging issue in
the field [ 13 ]. In particular, chemical degradation of the host
materials in the emissive layer is regarded as one of the key
factors limiting device lifetimes [ 14–16 ]. Ideal host materials must
se, which permits use, distribution and reproduction in any medium, provided the 
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FIGURE 1 Chemical structures of the OLED host molecules inves- 
tigated in this study: TBSO, DPPCarba, and DPPTriphen. 
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xhibit ambipolar charge-transport properties while providing
ufficiently high triplet energies (3 eV for blue OLEDs) to
nsure efficient energy transfer to the dopant. The intrinsic
hemical degradation in the host materials can occur through
wo mechanisms: an unimolecular one and a bimolecular one.
nimolecular degradation can be caused by inherent instabilities
f the polarons or the excitons. Conversely, the bimolecular mech-
nisms are driven by annihilation processes between polarons
nd excitons. Among the latter, exciton–polaron annihilation
EPA) and exciton–exciton annihilation (EEA) are believed to be
he dominant mechanisms responsible for chemical deterioration
n OLEDs [ 17 ]. In its turn, EEA processes can be divided into
inglet-singlet annihilation (SSA), singlet-triplet annihilation
STA) and triplet–triplet annihilation (TTA) depending on the
pin symmetry of the involved excitons. For second- and third-
eneration OLEDs, where exciton lifetimes span the nanosecond
o microsecond range, TTA is particularly prominent [ 17 ]. In
LED materials, TTA is usually the more relevant channel in a
tatic stability analysis because triplet excitons have much longer
ifetimes than singlet excitons and can therefore accumulate to
igher steady-state concentrations. These annihilation processes
an generate highly energetic excited states. In particular, TTA
an populate higher-lying singlet states, S𝑛 , when the energetic
ondition 2 𝐸( 𝑇1 ) ≥ 𝐸( 𝑆𝑛 ) is satisfied. In blue OLED materials,
here triplet energies are commonly of the order of 3 eV, higher-
ying singlet states with energies approaching 6 eV may therefore
ecome energetically accessible [ 18 ]. Such energies substantially
xceed the dissociation energies of many common covalent bonds
nd may consequently open degradation pathways that are inac-
essible from the lowest excited state, such as the average bond
nergies of C–H, C–C, C–N, and C–S bonds being 4 . 28 , 3 . 60 , 3 . 16 ,
nd 2 . 68 eV , respectively [ 19 ]. Moreover, EPA and EEA processes
lso quench photoluminescence by converting excitons back to
he ground state, contributing to the efficiency roll-off commonly
bserved at high exciton densities [ 20 ]. Because these diffusion-
riven processes occur on ultrafast timescales (femtoseconds to
icoseconds) and become more prominent under high-brightness
onditions, understanding their impact on the chemical stability
f host molecules is essential for designing longer-lived OLEDs
 21 ]. 

n this work, we present a comprehensive first-principles investi-
ation into the chemical degradation mechanisms of three widely
sed OLED host materials–TBSO, DPPCarba, and DPPTriphen
as shown in Figure 1 ) [ 22, 23 ]. To identify thermodynamically
usceptible sites, we first computed bond dissociation energies
BDEs) for all potentially cleavable C–C, C–N, and C–S bonds
n the above-mentioned host molecules, using a highly accu-
of 11
rate double hybrid DFT functional (B2PLYP) for ground-state
energetics and the algebraic diagrammatic construction scheme
of second order (ADC(2)) for excited-state energies. Although
these static calculations provide valuable insight into the ther-
modynamic driving forces of bond cleavage in the ground state,
the first excited state, and the high-energy states generated via
EEA and EPA, they inherently neglect the dynamical aspects
of bond-breaking processes. Taking into account the shortcom-
ings of using the above-described static approach, which only
considers thermodynamic aspects. We performed nonadiabatic
molecular dynamics (NAMD) simulations employing the fewest
switches surface hopping (FSSH) algorithm to probe excited-
state deactivation dynamics and kinetic pathways for chemical
degradation over a 1 ps timescale with a 0.5 fs timestep. Given
the computational cost of standard NAMD and the stochas-
tic nature of bond dissociation events, we also used machine
learning accelerated NAMD (ML-NAMD) simulations to speed
up reaction discovery, particularly for TBSO, by efficiently
generating a larger number of trajectories, thereby enhancing
the statistical significance of our analysis. By integrating static
calculations with dynamical simulations, we provide a molecular-
level understanding of the degradation mechanisms in OLED
host molecules. The novel findings of this study will help to design
next-generation OLEDs materials with improved operational
stability. 

2 Computational Details 

2.1 Optimization and Hessian 

The ground-state and charged-state geometry optimization and
hessian calculations were performed with density functional
theory (DFT) [ 24, 25 ] with hybrid functional B3LYP [ 26–28 ] in
combination with 6-31G* basis set [ 29, 30 ] for all the atoms.
For the optimization of excited states, time-dependent DFT (TD-
DFT) [ 31–34 ] with the same level of theory as in the ground-state
calculations was used with the Gaussian 16 package [ 35 ]. 

2.2 Bond Dissociation Energy 

The BDEs of the host molecules were computed only for the
homolytic fission with the Equation ( 1 ): 

BDE = 𝐸AB − ( 𝐸A + 𝐸B ) (1)

For the single point calculations to calculate BDEs we have used
the double hybrid DFT functional B2PLYP in combination with
6-311G* basis set for all atoms [ 36 ]. The Gaussian 16 package was
used for this purpose. 

2.3 Excitation Energy 

For the accurate adiabatic and Frank–Condon excitation energy,
the algebraic diagrammatic construction scheme of second order
(ADC(2)) [ 37–40 ] in combination with the def2-TZVP basis set
[ 41 ] for all the atoms was used with the Turbomole 7.0 package
[ 42 ]. 
Advanced Theory and Simulations, 2026
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TABLE 1 ADC(2) vertical and adiabatic excitation energies of the 
first excited singlet and triplet states for the three host molecules. In the 
main text, 𝐸S1 and 𝐸T1 refer to the adiabatic 𝑆1 and 𝑇1 excitation energies, 
respectively. All energies are given in eV. 

Molecule 

𝑺𝟏 𝑻𝟏 

Vertical Adiabatic Vertical Adiabatic 

TBSO 4.81 4.45 3.72 3.18 
DPPCarba 3.94 3.74 3.61 3.40 
DPPTriphen 3.98 3.80 3.32 2.97 
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.4 Molecular Dynamics (MD) 

ewest Switches Surface Hopping (FSSH) was used to investigate
egradation from a dynamical perspective. FSSH is a mixed
uantum–classical method in which an ensemble of independent
rajectories approximates nuclear wave-packet motion, with each
rajectory propagated on one electronic state at a time [ 43–45 ].
ransitions between electronic states are treated stochastically
sing Tully’s fewest-switches algorithm, which minimizes the
umber of hops while preserving the electronic-state populations
 46 ]. We conducted simulations of the FSSH dynamics in two
istinct scenarios. First, we initiated the simulations from the 𝑆1
tate to assess the stability of the molecule in its first excited state.
econd, we initiated the simulations from the 𝑆6 state to examine
he stability of the molecule in the SSA process, for TBSO, the S6
tate lies at 5 . 95 eV and was therefore chosen as a representative
igh-energy initial state. To ensure a comprehensive analysis, we
enerated a total of 100 trajectories for the scenario when starting
rom 𝑆1 and 50 trajectories for the scenario when starting from
6 . The initial conditions, i.e., position and momentum, were
enerated using the Wigner distribution for the quantum har-
onic oscillator. Each trajectory was simulated for a duration of 1
icosecond, employing a time step of 0.5 femtoseconds. To obtain
he necessary energy and gradient values, we employed the TD-
3LYP method in combination with the def2-SV(P) basis set. The
onadiabatic couplings (NACs) in Newton-X 2.2 were evaluated
s time-derivative couplings from wavefunction overlaps between
lectronic states at consecutive nuclear time steps, using the
ocal-diabatic representation [ 47, 48 ]. Within the present TDDFT-
ased dynamics setup, transitions from 𝑆1 to 𝑆0 were not included
ecause the required ground-state–excited-state NACs are not
vailable in the same way as excited-state–excited-state couplings
n the standard linear-response TDDFT framework [ 49 ]. For these
omputations, we utilized the NewtonX 2.2 [ 50 ] and Turbomole
.0 packages [ 42 ]. 

.5 Machine Learning 

s our use case aims at high accuracy and speed, rather than
eneralizability to other molecules, we use a fully connected
eural network (NN) inspired by prior work for simulations of
BSO [ 51, 52 ]. The NN is trained to predict energies 𝐸𝑖 and
orces 𝐹𝑖 using a combined mean squared error loss function
 , with forces trained as negative gradients of energies w.r.t.
he atom positions 𝑅𝑖 (Equation 2 ). We incorporate a masking
echanism in the loss function that leaves out missing labels
uring the training process to handle missing energy and force
abels resulting from changes in electronic states. The NN takes as
nput an inverse distance-based feature representation of TBSO,
hich consists of 703 features resulting from 𝑁 = 38 atoms.
here are 7 electronic states (ground state and 6 excited states;
 = 7 ) that lead to 7 energy values and 𝑘 × 3 𝑁 = 798 gradient
omponents as the model outputs. The NN models consist of 6
ayers with 5000 neurons per layer and a sharp-softplus activation
unction (See Section S1 ). The training process is carried out with
he Adam optimizer, a DFT-calculated data set from the static
nalyzes that is randomly split for training (70 815 data points)
nd testing (23 604 data points), and an exponential decrease of
earning rate from 10− 6 over 1000 epochs. The NN models were
mplemented using TensorFlow/Keras (v2.10) (see Supporting
dvanced Theory and Simulations, 2026
Information for hyperparameter tuning and ML training details).

𝓁 ((𝐸1 , . . . , 𝐸𝑛 ) , ( 𝐸1 , . . . , 𝐸𝑛 , 𝐹1 , . . . , 𝐹𝑛 )) 

= 

𝑛 ∑
𝑖= 1 

||𝐸𝑖 − 𝐸̂𝑖 ||2 +
𝑛 ∑
𝑖= 1 

||𝐹𝑖 − ( −
𝜕𝐸̂𝑖 
𝜕𝑅𝑖 

) ||2 (2)

For ML-NAMD simulations, we applied Zhu–Nakamura theory
of surface hopping (ZNSH) [ 53 ] instead of the FSSH as the
non-adiabatic couplings are challenging for ML prediction [ 52,
54 ]. ZNSH estimates the probability of surface hopping based
on energies only and has been successfully applied to excited-
state dynamics studies. To enhance the simulation efficiency,
we incorporated PyRAI2MD [ 52 ] instead of NewtonX with NN
potentials since this package is designed to readily utilize the NN
predictions with a minimal number of I/O operations. 

3 Results and Discussion 

The main goal of this work is to understand both the thermo-
dynamic driving factors and the dynamical pathways leading to
bond cleavage and thus degradation. In this section, we begin
by examining the BDEs of all chemically susceptible bonds,
establishing a thermodynamic baseline for molecular stability on
the ground state and excited states. Then we move on to NAMD
simulations to capture the dynamics underlying these degrada-
tion pathways, enabling a dynamic perspective that complements
the static energy analysis. Finally, we employ ML-NAMD to
improve the statistical robustness of our trajectory sampling in
NAMD, allowing us to construct a comprehensive mechanistic
picture of degradation in these host materials. 

3.1 Thermodynamic Stability and Bond 

Dissociation Energies 

For the static BDE analysis, we use descriptors of stability for
unimolecular dissociation (formation of exciton and polaron) and
bimolecular dissociation (EPA and TTA, suggested by Freidzon
et al. [ 22 ]). In Figure S6 , we show how the adiabatic and ver-
tical energies were computed. The computed ADC(2) excitation
energies are shown in Table 1 . 

An OLED device is considered stable if, at 70◦C , one-half of
the initial luminance is not lost before 106 h of operation [ 17 ].
Using the Arrhenius equation, this lifetime criterion gives an
3 of 11
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pproximate energetic stability descriptor of 𝐸charge ≈ 1 . 5 eV for
egradation processes occurring in charged molecular states.
herefore, for a molecule to be stable against degradation induced
y hole or electron transport through the layer, the lowest bond
issociation energy in the cationic or anionic state should exceed
 . 5 eV . For degradation in the first excited state, the relevant
escriptor is defined as Δ𝐸exc = BDE GS − 𝐸S1∕T1 , where BDE GS

s the ground-state bond dissociation energy and 𝐸S1∕T1 is the
diabatic excitation energy of the corresponding singlet or triplet
tate. In this case, the molecule is considered stable when Δ𝐸exc
s larger than 1 . 4 eV for singlet excitons and 1 . 5 eV for triplet
xcitons [ 55 ]. 

his estimate also highlights the intrinsic difficulty of designing
table deep-blue phosphorescent molecules. Since blue phos-
horescent emitters typically require triplet energies of approx-
mately 3 eV , maintaining a residual stability margin of Δ𝐸T1 =
 . 5 eV would require ground-state BDEs of roughly 4 . 5 eV .
uch high BDEs are difficult to achieve for many bonds in
rganic molecules, making blue emitters particularly susceptible
o excited-state degradation [ 56 ]. In addition to direct exciton-
nduced bond cleavage, degradation can also occur through
xciton–polaron annihilation (EPA), also known as the hot-
olecule dissociation mechanism. In this process, annihilation
nvolving charged and excited species can generate a highly
nergetic molecular state that may dissociate if sufficient energy
s available [ 57 ]. Therefore, we define the EPA stability descriptor
s Δ𝐸EPA = BDE 

+ ∕− − 𝐸S1∕T1 , where BDE 

+ ∕− is the BDE in the
ationic or anionic state. To avoid spontaneous bond cleavage
hrough EPA, Δ𝐸EPA should be positive [ 58 ]. Consequently, for
lue phosphorescent molecules, the BDEs in the charged state
hould be larger than the relevant triplet excitation energy. 

or exciton–exciton annihilation (EEA), also referred to as the
ighly excited-state dissociation mechanism, two excitons inter-
ct such that their excitation energies are combined on one
olecule. Depending on the nature of the interacting excitons,
his process can be described as SSA or STA or TTA. The
orresponding stability descriptor is defined as Δ𝐸EEA = BDE GS −
 𝐸S1 ∕T1 , where the factor of two accounts for the energy of the
wo annihilating excitons. A positive value of Δ𝐸EEA indicates
hat the energy released by the annihilation process is insufficient
o cleave the bond, while a negative value suggests that bond
issociation is energetically accessible [ 59 ]. For the TTA channel,
he descriptor becomes Δ𝐸TTA = BDE GS − 2 𝐸T1 . To suppress TTA-
nduced dissociation in blue phosphorescent molecules through
TA, Δ𝐸TTA should always be positive. In other words, the
round-state BDEs should therefore exceed twice the first triplet
xcited-state energy. 

sing the degradation descriptors defined above, we compare the
nimolecular stability of the three host molecules with respect
o charge and exciton induced bond cleavage. The corresponding
escriptors are shown in Figure 2 , while the underlying BDEs
re listed in Table S2 (more detailed information is given in
ection S5 ). TBSO is predicted to be the least stable molecule,
ainly because the S–aryl bonds are weak in the anionic state.
n particular, Bond 1 and Bond 2 have BDE 

− values of 1.00 and
 . 10 eV , respectively, which are below the 1 . 5 eV charged-state
tability threshold. TBSO is also unstable in the first excited
inglet state, with Bond 1 giving Δ𝐸S1 = − 1 . 38 eV . DPPCarba
of 11
shows improved charged-state stability, although the anionic
BDE of Bond 1 is slightly below the threshold at 1 . 39 eV . However,
DPPCarba remains vulnerable to singlet-exciton-induced degra-
dation, especially at Bond 1 (as shown in Figure S7 ), correspond-
ing to the C–N bond, for which Δ𝐸S1 = − 0 . 37 eV . In contrast,
DPPTriphen shows the highest overall molecular stability against
unimolecular degradation. All charged-state BDEs are well above
the 1 . 5 eV threshold, and the excited-state descriptors are more
favorable than those of TBSO and DPPCarba. Nevertheless, the
singlet-state descriptor for Bond 2 remains below the required
threshold, with Δ𝐸S1 = 0 . 79 eV . Thus, although DPPTriphen is
clearly the most robust of the three molecules considered here,
singlet-exciton-induced degradation may still represent a possible
limiting pathway. Overall, the unimolecular analysis follows the
stability trend TBSO < DPPCarba < DPPTriphen. 

For the bimolecular degradation pathways considered here
include EPA and TTA. The corresponding static stability descrip-
tors are shown in Figure 3 . In this analysis, positive descriptor
values indicate that the corresponding bond cleavage process is
energetically unfavorable, whereas negative values indicate that
dissociation is energetically accessible. All three molecules show
negative Δ𝐸TTA values, suggesting that none of them is fully stable
against TTA-induced degradation within the static picture. For
the EPA process, DPPTriphen is predicted to be the most stable
of the three molecules. All EPA descriptors for DPPTriphen are
positive, indicating that bond cleavage through the considered
EPA channels is energetically unfavorable. In contrast, TBSO
and DPPCarba show several negative EPA descriptors. Between
these two molecules, DPPCarba is comparatively more stable
than TBSO. For DPPCarba, the most vulnerable EPA channel
is the anionic singlet process at Bond 1, corresponding to the
C–N bond, with Δ𝐸EPA = − 2 . 35 eV . For TBSO, the lowest EPA
descriptor is obtained for Bond 1, corresponding to the S–
aryl bond, with Δ𝐸EPA = − 3 . 45 eV . This indicates that TBSO is
especially susceptible to EPA-induced cleavage in electron-rich
excited configurations. 

A general trend across the three molecules is that the anionic
singlet EPA channel gives the lowest, and therefore least favor-
able, descriptor values among the exciton–polaron processes. This
suggests that degradation following the interaction of an anionic
species with a singlet exciton may be the most critical EPA path-
way for these host molecules. Although DPPTriphen is stable with
respect to the EPA descriptors, it remains unstable toward TTA-
induced degradation. The lowest TTA descriptor for DPPTriphen
is found for Bond 2, corresponding to the C–phenyl C bond, with
Δ𝐸TTA = − 1 . 35 eV . Overall, the static bimolecular analysis gives
the same stability trend as the unimolecular analysis, namely
TBSO < DPPCarba < DPPTriphen. These results are consistent
with previous multireference calculations by Freidzon et al. on
DPPCarba and DPPTriphen [ 22 ]. 

3.2 Excited-State Degradation Dynamics Using 
NAMD 

The static degradation descriptors discussed above provide a
useful energetic screening of the possible bond–cleavage path-
ways. However, these descriptors do not include the explicit time
evolution of the nuclear geometry after excitation, nor do they
Advanced Theory and Simulations, 2026
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FIGURE 2 Static analysis of unimolecular dissociation processes for (a) TBSO, (b) DPPCarba, and (c) DPPTriphen. The plotted quantities 
correspond to bond dissociation energies in the cationic and anionic states, together with the effective dissociation energies in the first excited singlet 
and triplet states. The red dashed horizontal line indicates the common 1 . 5 eV stability threshold used for charged-state and triplet-exciton-induced 
degradation, while the blue dashed horizontal line indicates the 1 . 4 eV threshold used for singlet-exciton-induced degradation. 

FIGURE 3 Static analysis of bimolecular degradation processes for (a) TBSO, (b) DPPCarba, and (c) DPPTriphen. The plotted quantities correspond 
to the calculated stability descriptors for exciton–polaron annihilation in the cationic and anionic states and for triplet–triplet annihilation. Positive 
values indicate that the corresponding bond cleavage process is energetically unfavorable, whereas negative values indicate that dissociation is 
energetically accessible. The horizontal line at 0 eV therefore represents the stability threshold, above which the molecule is considered stable against 
the corresponding bimolecular degradation pathway. 
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how whether the weak bonds actually elongate or dissociate
n a realistic timescale upon OLED operation. To gain further
nsight into the degradation dynamics, we therefore performed
on-adiabatic excited-state dynamics simulations. Because such
imulations are computationally demanding, especially for the
arge host molecules considered here, we selected TBSO as a
epresentative system for the dynamics study. This choice is
otivated by the static unimolecular and bimolecular analyzes,
hich identify TBSO as the least stable molecule among the three
andidates. In particular, TBSO shows very low anionic BDEs
or the S–aryl bonds and strongly negative excited-state stability
escriptors, indicating a high probability of bond cleavage. There-
ore, if dissociation is accessible within the short simulation time
f approximately 1 ps , TBSO is expected to be the most likely
andidate to show this behavior. In particular, TBSO shows weak
dvanced Theory and Simulations, 2026
S–aryl bonds in the anionic state and unfavorable excited-state
stability descriptors, suggesting that it has the highest probability
of exhibiting bond elongation or dissociation within the short
simulation time accessible to direct dynamics. Therefore, fewest-
switches surface hopping (FSSH) dynamics simulations were
performed for TBSO over a time scale of 1 ps. 

Two initial excitation scenarios were considered for the non-
adiabatic dynamics simulations. In the first case, the trajectories
were initialized in the S1 state to probe the stability of TBSO in the
first excited singlet state. In the second case, the trajectories were
initialized in the S6 state to represent a high-energy excited-state
conditions. Following TTA, a higher-lying singlet state, S𝑛 , may be
populated when 2 𝐸( 𝑇1 ) ≥ 𝐸( 𝑆𝑛 ) . For blue OLED materials with
triplet energies of the order of 3 eV, this criterion permits access
5 of 11
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FIGURE 4 FSSH dynamics of TBSO initialized from S1 state and from S6 state. State populations are shown for trajectories started from (a) S1 and 
(b) S6 . Panels (c) and (d) show the corresponding time evolution of the two S–aryl bond lengths, Bond 1 and Bond 2, as S–C bond length distributions. 
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o singlet states with energies approaching 6 eV. The S6 state of
BSO, with a vertical excitation energy of 5.95 eV, was therefore
elected as a representative high-lying singlet state within this
nergy range. The simulations do not explicitly describe the
imolecular TTA process, nor is S6 assumed to be its unique elec-
ronic product; instead, they probe the subsequent non-adiabatic
ynamics and possible degradation following population of such
 highly excited state.. Each trajectory was propagated for 1
s using a time step of 0.5 fs. The initial conditions for the
ndependent trajectories were generated from a harmonic Wigner
istribution [ 60 ]. 

he resulting state populations and selected bond-length distri-
utions are shown in Figure 4 . When the dynamics is initiated
rom S1 , the population remains mainly on the low-lying excited
tates during the simulation, with S1 being the dominant state
hroughout most of the trajectory time. In contrast, trajectories
nitialized from S6 show rapid redistribution among several
xcited states, reflecting stronger non-adiabatic coupling and
 more complex relaxation pathway from the higher excited-
tate manifold. The corresponding bond-length plots compare
he evolution of Bond 1 and Bond 2, which correspond to the
wo S–aryl bonds identified as weak points in the static analysis.
he sampled trajectories show occasional elongation of the S–
iphenyl bond, i.e., Bond 2, suggesting that dissociation may
referentially proceed through this bond. However, within the
imited number of completed 1 ps trajectories, the bond-length
of 11
distributions of Bond 1 and Bond 2 remain broadly comparable,
and no clear distinction between the two possible dissociation
channels can be made from the direct FSSH simulations alone. 

However, the direct FSSH simulations were limited by conver-
gence problems. From the S1 initial condition, 100 trajectories
were started, but only 29 trajectories completed the full 1 ps
simulation. For the S6 initial condition, 50 trajectories were
started, but only 8 trajectories reached 1 ps. The remaining
trajectories terminated earlier because of electronic-structure
convergence failures. Although all trajectories, including those
that did not complete the full simulation time, were retained
for training the machine-learning models discussed in the next
section, the number of complete direct FSSH trajectories is
not sufficient to draw statistically robust conclusions about the
dissociation probability. Therefore, to obtain a more compre-
hensive dynamical picture and improve the statistical sampling,
we next performed machine-learning-accelerated non-adiabatic
dynamics simulations. 

3.3 Accuracy and Speed of the Trained ML 

Models 

To benchmark the accuracy and speed of ML TBSO excited state
potentials, we tested the trained NN model on the test set with 23
604 data points. The mean absolute error (MAE) and coefficient
Advanced Theory and Simulations, 2026
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FIGURE 5 Scatter plots of (a) energies and (b) gradients predicted by the NN model v.s. the TD-DFT ground truth value of all electronic states 
from 𝑆0 to 𝑆6 . (a) The model achieves a MAE of 0 . 039eV and a 𝑅2 value of 0.999. b) All gradient components of all atoms, in all three dimensions, and 
all electronic states are shown. The model achieves an overall MAE of 0 . 050eV ⋅ Å− 1 and a 𝑅2 value of 0.998. 
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f determination ( 𝑅2 ) of the predicted energies and gradients are
ummarized in Figure 5 . The NN model achieves the MAE of
 . 039eV and 𝑅2 of 0.999 on energy predictions, and the MAE of
 . 050eV ⋅ Å− 1 and 𝑅2 of 0.998 on gradient predictions, suggesting
n almost linear correlation between NN predictions and DFT
alculated labels. 

he inference time (forward pass) of a single TBSO geometry
n a single NN with 5000 neurons per layer to predict energies
nd forces takes 178 . 7ms on a single CPU. As a comparison,
 TD-DFT (B3LYP/def2-SV(P)) calculation requires on average
54 s for a single molecular geometry. Neglecting the MD system
pdate time, this comparison indicates a 4 . 2 × 103 acceleration
f using a NN to propagate MD simulations compared to TD-
FT calculations. A further speedup can be obtained when using
PUs and parallelizing NN predictions over many molecular
eometries in a batch-wise way: A forward pass of 89 geometries
n parallel with the 5000 neurons per layer model on a GPU
akes on average 51.4 ms (37.4 ms for a single geometry). With
he ML accelerated simulation, we can collect 3519 ML-NAMD
rajectories, each running over 1 picosecond, within 24 h. 

.4 ML-NAMD Analysis 

o assess the reliability of the trained machine-learning models
uring the dynamics simulations, the electronic-state popula-
ions obtained from direct NAMD and ML-NAMD simulations
ere compared. As shown in Figure 6 , trajectories were initialized
ither from the first excited state ( S1 ) or from the sixth excited
tate ( S6 ). Owing to the much larger number of trajectories
ccessible with ML-NAMD, namely 3519 trajectories for S1 and
844 trajectories for S6 , the ML-NAMD state populations exhibit
 much smoother time evolution than the corresponding direct
AMD results, which are based on only 29 and 8 completed
rajectories for S1 and S6 , respectively. Despite this difference
n sampling, the overall population dynamics are comparable
etween the two approaches. In both cases, the population
emains dominated by S1 after the initial relaxation period,
dvanced Theory and Simulations, 2026
indicating that the ML model captures the main features of
the excited-state relaxation. The remaining deviations between
the ML-NAMD and direct NAMD populations can be attributed
to the limited number of completed direct trajectories, as well
as methodological differences between the ZNSH scheme used
in ML-NAMD and the FSSH approach used in the direct
NAMD simulations. 

After validating the ML-NAMD state populations against the
direct NAMD results, we used the larger ML-NAMD trajectory
ensemble to analyze rare bond-elongation events associated with
possible degradation. 

The improved sampling enabled by ML-NAMD allows rare bond-
elongation events to be identified within the 1 ps simulation
window. For trajectories initialized from S1 , 29 out of 3519 ML-
NAMD trajectories show abnormal elongation of Bond 2, defined
here as an S–biphenyl bond length larger than 2 . 50 Å. This elon-
gation is interpreted as a possible early signature of degradation
or bond-cleavage initiation. As shown in Figure 7 , the ML-NAMD
results reproduce the same qualitative behavior observed in the
direct NAMD simulations, where 1 out of 29 completed trajecto-
ries also shows abnormal elongation of Bond 2. The agreement
between the direct and ML-accelerated simulations supports
the conclusion that Bond 2 is a likely degradation-sensitive
coordinate in TBSO. However, the much larger ML-NAMD
trajectory ensemble provides a more statistically meaningful
estimate of how frequently such bond-elongation events occur.
Additional bond-length analyzes for trajectories initialized from
S6 and for the other selected bonds of TBSO are provided in the
Supporting Information . 

It is important to note that the static descriptors alone do not
clearly distinguish between the two possible S–aryl dissociation
pathways in TBSO. In the unimolecular analysis, both Bond
1 and Bond 2 show similarly unfavorable descriptors for first-
excited-state stability, suggesting that either bond could act as
a degradation site. A similar conclusion is obtained from the
bimolecular static analysis, where the corresponding EPA and
7 of 11
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FIGURE 6 Comparison of NAMD and ML-NAMD results on state populations during simulation. (a) NAMD trajectories initialized in the S1 state. 
Populations average 29 trajectories. (b) ML-NAMD trajectories initialized at S1 . Populations average 3519 trajectories. (c) NAMD trajectories initialized 
at S6 . Populations average 8 trajectories. (d) ML-NAMD trajectories initialized at S6 . Populations average 2844 trajectories. 

FIGURE 7 Comparison of abnormal bond 2 lengths detected by NAMD and ML-NAMD for trajectories initialized at 𝑆1 . (a) 1 out of 29 trajectories 
with abnormal bond 2 lengths detected by NAMD. (b) 29 out of 3519 trajectories with abnormal bond 2 lengths detected by ML-NAMD. 
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TA descriptors also indicate comparable instability for the
wo bonds. In contrast, the dynamics simulations provide a
ore detailed picture of the degradation process by explicitly
ollowing the time evolution of the molecular geometry. The ML-
AMD trajectories reveal that abnormal bond elongation occurs
referentially along Bond 2, indicating that this bond is more
of 11
likely to initiate dissociation under the simulated conditions.
This comparison highlights the importance of going beyond a
purely static energetic picture when studying OLED degradation,
since non-adiabatic dynamics can capture rare bond-elongation
events and pathway preferences that are not evident from static
descriptors alone [ 61, 62 ]. 
Advanced Theory and Simulations, 2026

C
reative C

om
m

ons L
icense



4

T  

t  

O  

c  

t  

t  

a  

t  

p  

t  

t  

(
a  

A  

t  

s  

o

T  

n  

o  

b  

e  

o  

b  

a  

o  

o  

e  

r  

T  

l  

r

A

P  

a  

c  

v  

s  

w

A

P  

R  

M  

K  

t  

p  

F  

f  

c  

a  

M  

a  

P  

f  

F

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A

 25130390, 2026, 10, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/adts.70584 by K

arlsruher Institut Fur T
echnologie, W

iley O
nline L

ibrary on [02/11/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

rea
 Conclusions and Outlook 

his work presents a comprehensive first-principles investiga-
ion of chemical degradation mechanisms in three classical
LED host materials: TBSO, DPPCarba, and DPPTriphen. By
ombining DFT/B2PLYP and ADC(2) calculations, we charac-
erized the ground- and excited-state thermodynamics relevant
o unimolecular and bimolecular degradation pathways. In
ddition, non-adiabatic molecular dynamics (NAMD) simula-
ions to probe excited-state relaxation and degradation on the
icosecond timescale. The static degradation descriptors show
hat DPPTriphen is the most robust candidate with respect
o unimolecular dissociation and exciton–polaron annihilation
EPA), whereas TBSO is the least stable due to its weak S–
ryl bond, making it unsuitable for general OLED applications.
ll three materials exhibit intrinsic susceptibility to degradation
hrough triplet–triplet annihilation (TTA). Notably, the NAMD
imulations further confirm that TBSO can undergo degradation
n an ultrafast, sub-picosecond timescale. 

o accelerate excited-state sampling, we trained a fully connected
eural network for ML-NAMD, achieving a 4 . 2 × 103 speedup
ver standard NAMD while maintaining an 𝑅2 > 0 . 998 for
oth energy and energy-gradient predictions. This acceleration
nabled the generation of 3519 trajectories and the identification
f 29 degradation events from the first excited state, which would
e statistically inaccessible using conventional direct simulations
lone. Current ML-NAMD is limited by its restricted performance
n highly distorted geometries and near-crossing regions with-
ut sufficient NAMD training data, such as conformers with
longated S–C bonds. Future work will focus on expanding and
efining the neural-network model to more fully represent the
BSO chemical space. In particular, we will employ parallel active
earning [ 63 ] to efficiently enrich the dataset in under-sampled
egions, especially those associated with dissociation events. 
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