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This study presents the development and application of a generative machine learning model for the design
of novel spiropyran photoswitches with enhanced switching speed and absorption bands with small
spectral overlap between the open and closed form (i.e. high addressability). Leveraging a scaffold
decoration approach, we fine-tuned a general chemical recurrent neural network (RNN) model on
a curated dataset of photoswitches. The fine-tuned model was evaluated against both the pretrained
baseline and literature-reported spiropyran compounds, demonstrating superior performance in
generating diverse and novel candidates. Notably, the fine-tuned model effectively mitigates common
biases in decoration patterns and functional group selection observed in the literature. The study also
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photoswitches, validating the design principles derived from the generative model. These findings

DOI: 10.1039/d5dd00327j highlight the potential of generative models in accelerating the discovery of advanced molecular

Open Access Article. Published on 16 September 2025. Downloaded on 11/21/2025 10:56:25 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

rsc.li/digitaldiscovery

1. Introduction

Photoswitches are molecules that isomerize upon exposure to
light and whose initial state can subsequently be restored by
irradiation with another wavelength, or via a thermal process
with a characteristic lifetime 7 (see Fig. 1(a)). Molecular photo-
switches have been known for over 150 years." In this time
a wide variety of classes of switches have been developed,
including azobenzenes,** spiropyrans®® (SP), diarylethenes”®
and others.”™ Possible applications range from photosensitive
devices and data storage,"* over photopharmacology,*** to
molecular machines.**"

This wide range of applications leads to different demands
for the switching behavior. Thermal backreactions are for
instance not desired in data storage applications, since the
molecules need to be switched back and forth in a controlled
manner. This class of switches are referred to as P-type photo-
switches in the literature (P indicating a photochemical back-
reaction). The ideal timescale for thermal backreactions in
other applications (using T-type thermal switches) can range
from minutes in drug delivery to less than seconds in 3D
printing applications.'®* Furthermore, the wavelengths used
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photoswitches with tailored properties.

for switching must often be in some desired range due to
technical as well as material/biological boundary conditions
(such as tissue penetration depth).

All of this implies that there is no single optimal photo-
switch, but rather a range of optimal switches for different
applications. Even for a given application, the existence of
multiple competing design targets will usually lead to a Pareto
front of candidates that represent different trade-offs between
the target properties. Overall, photoswitch design is thus
a highly challenging task. Unfortunately, this challenge is still
most commonly addressed via trial and error. Here, a common
strategy is to modify known photoswitches, for example by
adding or exchanging side groups. This approach is prone to
human bias towards specific chemistries, e.g. based on previous
knowledge or synthetic accessibility. It is also inefficient,
requiring a large number of time-consuming syntheses to cover
a small volume of chemical space. Indeed, this is a general
problem of molecular design and by no means limited to
photoswitches.

More unbiased and efficient approaches for molecular
design based on machine learning (ML) have therefore been at
the focus of much attention in recent years, for example in drug
discovery and materials design.**** Here, generative models,
which implicitly learn molecular construction rules, are
a particularly elegant approach. Unlike virtual screening or
combinatorial approaches, generative models can transcend
currently known chemical libraries, allowing for true de novo
design. Different ML architectures have been used for this
purpose, including Recurrent Neural Networks (RNN),*

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 (a) Potential energy surface scheme for a Spiropyran (SP) photoswitch. (b) Thermostability performance criterion described by a char-

acteristic bond length of the merocyanine (MC) form. (c) Addressability performance criterion described by a ratio of the spectra of the closed SP

(blue) and open MC (red) forms.

variational auto-encoders,”® autoregressive deep neural
networks,” and generative adversarial networks.*® These
approaches have also been used specifically in the context of the
popular class of azobenzene photoswitches, including ML
enhanced discovery,* excitonic property learning,** and tuning
of thermal barriers with ML interatomic potentials.*

In this paper, we explore the use of generative ML for the
photoswitch design challenge. As a use case, we focus on the
application of xolography, a volumetric 3D printing method,*®
based on SP photoswitches serving as spatially addressable
dual-color photoinitiators. This enables the fast layer-wise
printing of millimeter sized objects in a box of viscous resin,
using an orthogonal laser-projector setup. Specifically, closed
SP molecules are first opened to their merocyanine (MC) form
by irradiation with wavelength 2, (see Fig. 1(a)). In a second
step, the MC form is photochemically excited with another light
source (projector) to initialize a radical polymerization cascade.
Because the MC form is only present in places that were previ-
ously irradiated with A,, the polymerization can thus be initi-
ated in a highly localized fashion by the projector.

From a material standpoint, the speed of the printing
process is primarily governed by the thermal lifetime of the
open MC form of the switch. A perfect photoswitch for this
application should display a fast thermal backreaction to the SP
form, with a lifetime in the order of the illumination time of the
second light source (projector). In other words, the thermosta-
bility of the open form should be low (see Fig. 1(b)). A second
requirement for this application is that the closed form can be
excited independently from the open form, in order to avoid
unwanted polymerization initiated by A, via residual open MC
molecules in the resin. It is thus desirable that there is a suit-
able wavelength A, with small spectral overlap between the SP
and MC forms. This property is referred to as addressability in
the following (Fig. 1(c)).

© 2025 The Author(s). Published by the Royal Society of Chemistry

2. Methods

2.1 Design criteria

The thermostability and addressability of a SP photoswitch can
be understood by considering the potential energy surface (PES)
scheme in Fig. 1(a). First, the excitation wavelength 1, must be
energetic enough to allow excitation of the SP form, in order to
induce switching to the MC form. The thermal backreaction
then requires overcoming a free energy barrier AG¥, which
defines the thermostability. Finally, the addressability depends
on the nature of the ground and excited states of both the SP
and MC form, from which the quotient of oscillator strengths at
each wavelength can be computed. This ratio defines the
addressability as the likelihood of exciting the SP form instead
of the MC form, given equal concentrations of both forms. In
order to train a generative ML model to design molecules with
low thermostability and high addressability, we now need
computationally affordable descriptors which predict these
properties reasonably well.

Following Fig. 1(a), the most intuitive descriptor for ther-
mostability would be the energetic barrier for the transition
from the MC form back to the SP form. Unfortunately, this
schematic depiction is overly simplistic since multiple
conformers exist for both the SP and MC forms, so that in
general several transition states lie between the SP and MC
forms. This makes a reliable high-throughput prediction of
reaction barriers extremely challenging. Furthermore, compu-
tationally efficient semiempirical methods like GFN2-XTB that
work well for predicting molecular geometries are not suffi-
ciently accurate for barriers.*® As a consequence, the computa-
tional effort of predicting kinetic barriers accurately would be
very high (Fig. 3).

We therefore define a heuristic descriptor for thermosta-
bility, which is physically motivated and cheap to compute. In
a previous investigation of a prototypical SP photoswitch, it was
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Fig. 2 Slicing scheme for a training molecule. Slicing along aliphatic
bonds can lead to different definitions of the scaffold and the deco-
ration. Stars indicate open decoration positions.

Fig. 3 6-Nitro-1'-3'-3'-trimethylspiro[2H-1-benzopyran-2,2’-indolin]
as the most cited SP molecule.

found that the backreaction follows a rotation along the high-
lighted bond in Fig. 1(b).** The MC structure has two resonance
structures (a fully conjugated and a zwitterionic one), depend-
ing on which the rotating bond is formally either a double or
single bond. We can thus infer that the thermostability is lower
if the zwitterionic character of the structure is higher. We
therefore use the length of the rotating bond in the MC form
(predicted with the GFN2-xTB method, see Computational
details) as a proxy for inverse thermostability of a given struc-
ture. While this approach is certainly not perfect, it yields
a descriptor that is robust and fast to compute. For conve-
nience, bond lengths are reported as relative deviations to the
prototypical SP 6-nitro-1'-3'-3'-trimethylspiro[2H-1 benzopyran-
2,2-indolin] (6-nitro-BIPS, see Fig. 3)* so that values above 0%
indicate longer bonds (and therefore predicted
thermostabilities).

As described above, the main ingredient needed to compute
the addressability are ground and excited state energies of both
forms, as well as the oscillator strengths o for each transition. As
for the barriers, semiempirical calculations proved to be of too
low accuracy for this purpose in preliminary tests (see Fig. S1).
We therefore used Time-Dependent Density Functional Theory
(TD-DFT) calculations with the hybrid PBEO functional and
def2-TZVP basis set, from which Gaussian broadened UV/vis
spectra are obtained (see Computational details). The
quotient of SP and MC spectra, which is used to define the
addressability, is shown in green in Fig. 1(c).

With this, computationally affordable descriptors for ther-
mostability and addressability are defined, which can be used to
train and validate the generative model.

lower
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2.2 Generative model

In contrast to general molecular design tasks, the current
project requires preserving the photoswitchable SP core in all
generated molecules. In addition, we need a data efficient
model due to the scarcity of known SP reference molecules. To
achieve this, we combine a transfer learning approach with the
REINVENT scaffold-decoration architecture.”” REINVENT is
a long-short term memory RNN (LSTM-RNN), which can be
trained on the SMILES molecular string representation. String
representations show excellent performance in quality metrics
for generation tasks and are competitive with graph based
approaches.* More importantly, large chemical databases (like
ChEMBL*) contain millions of SMILES, which can be used for
pretraining general chemical models.

The REINVENT scaffold-decoration model is trained in a self-
supervised manner, based on scaffold-decoration pairs that are
created with a slicing scheme applied to all training molecules
(see Fig. 2). Each molecule in general yields several scaffold-
decoration pairs depending on its size and the sliced bonds.
This procedure allows the model to learn the grammar of
chemical modifications from the examples in the training set.
The trained model can subsequently be used to decorate any
target scaffold on arbitrary predefined decoration positions.
Importantly, it can also be applied to scaffolds that were not
present in the training set and can generate completely novel
decoration groups.

2.3 Transfer learning

A model that is pretrained on a general database like ChEMBL
can already be used to generate novel SP molecules. However,
the goal of molecular design is not just the generation of new,
chemically reasonable candidates, but the generation of
candidates with desired properties. To achieve this, we apply
transfer learning (TL), which works by retraining a baseline
model (e.g. trained on ChEMBL) on performant candidates with
the desired properties. This general idea was first applied in
chemistry by Segler et al.,* and subsequently further adapted
for a variety of systems in the fields of drug discovery,**
catalysis®* and functional materials.**** Ideally, TL can guide
the generation process towards systems of interest, while still
maintaining the generalizability of the previously trained
baseline model. Alternatively, generative models can also be
trained in a conditional manner, but this requires large labelled
datasets, which are not available here.*®

The full generative TL workflow (see Fig. 4) starts with pre-
training a REINVENT baseline model on a subset of ChEMBL,
which is a manually curated database of over 2M bioactive
molecules. Herein, training molecules have been filtered as in
the work of Arts-Pous et al.*” for size, number of rings and other
aspects. The dataset was further tailored for the SP application
by only selecting systems which feature a benzene or pyrrolidine
moiety (the two substructures which occur in the SP photo-
chromic core). In total 783 k molecules resulted from this
filtering, yielding a training set of 36.8 M scaffold-decoration
pairs after slicing. The resulting model is referred to as the
baseline model in the following. Further details on the training

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 Transfer learning workflow. From left to right: initial model is trained with a big chemical database (ChEMBL) and used to query all
decoration pattern. The sampled molecules are analyzed according to the performance criteria and the hit candidates are used for retraining.

data and training process can be found in the Computational
details.

In the next step, the possible SP decoration patterns are
provided to the model. For two side-groups and 10 decoration
sites, a total number of 45 unique decoration patterns can be
identified. Here, the two open positions at the double bond in
the central pyran ring are not considered because they are
synthetically inaccessible. Since the generation with the RNN
model is probabilistic, each decoration pattern is queried
multiple times to sample extensively from the chemical space of
possible SP molecules. It is pertinent to emphasized that the
REINVENT model does not merely memorize the decorations in
the training set, but generates new side-groups, not present in
the input data. Indeed, 52.7% of the unique decorations pre-
dicted by the final model were not part of the training data.

We next draw a sample from these new photoswitch candi-
dates (144 molecules for each of the 45 decoration patterns) and
compute the addressability and thermostability descriptors for
each. From this, a set of performant SP molecules is selected.
Since addressability and thermostability can be conflicting
criteria, we cannot define a simple ranking of all candidates.
Instead, we selected molecules according to the Pareto front of
addressability and thermostability via a non-dominated sorting
algorithm. To this end, we define the first three layers of the
Pareto front as the set of performant SP candidates, in order to
strike a balance between performance and chemical diversity.

In the last step of the TL workflow, the REINVENT model is
fine-tuned using these performant SP candidates as a new
training set. The fine-tuned model was then used to generate
improved additional photoswitch candidates. Note that in
addition to providing performant SP candidates for retraining,
the first set of generated systems also provides important

© 2025 The Author(s). Published by the Royal Society of Chemistry

insights on which decoration patterns are favorable for our
design criteria, by considering how frequently each pattern
occurs in the performant set. Indeed, this pattern effect is
substantial, so that we also used a correspondingly weighted
sample of generated molecules to evaluate from the fine-tuned
set. Nonetheless, at least five candidates were included for each
decoration pattern, to ensure a diverse sample of candidates.
Additional ablation studies on different steps of the workflow
can be found in the SI. This confirms that both fine-tuning and
reweighting promising decoration patterns is important to
achieve optimal results.

3. Results & discussion
3.1 Evaluation of generated molecules

In order to evaluate the molecular distributions generated by
the baseline and fine-tuned models, we computed the perfor-
mance descriptors for 17.3 k and 15.9 k unique molecules based
on three independent TL runs, respectively. Here, the different
total number of unique molecules is due to a higher number of
duplicates generated by the fine-tuned model. This is consistent
with a more focused exploration of chemical space.

In addition, a set of literature-known doubly substituted SP
molecules was compiled via a SP substructure search on Sci-
Finder and PubChem, resulting in 976 doubly decorated SP
molecules (see Computational Details). Fig. 5 provides an
overview of the addressabilities and relative bond lengths in
both sets. Focusing on the extreme values, the central panel
shows the convex hulls of the different distributions, including
the respective Pareto fronts towards the top right. Additionally,
marginal distribution plots for the addressability and bond
lengths are included as separate panels on the top and right.

Digital Discovery, 2025, 4, 3098-3108 | 3101


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5dd00327j

Open Access Article. Published on 16 September 2025. Downloaded on 11/21/2025 10:56:25 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Digital Discovery

50—
= |iterature
Baseline
40 === Fine-tuned
2
330
©
0
n
020
©
<
10
0
-1 0 1 2 3

Relative bond length % [%]

Fig. 5 Convex hull plot of the addressability (based on the spectral
overlap of open and closed forms) and relative bond length (as a proxy
for thermostability of the open form) for different sets of molecules.
Green: literature known spiropyran molecules. Yellow: candidates
generated by the general baseline model. Blue: candidates generated
by the fine-tuned spiropyran model.

Overall, the molecules of the literature set show a bimodal
distribution for the relative bond length criterion with maxima
around 0% and 1%, with a somewhat higher density at the
shorter bond length peak. In contrast, the generative datasets
display unimodal distributions peaking around 1%. Interest-
ingly, the fine-tuned model has an additional shoulder and tail
towards even longer bond lengths, indicating that the fine-
tuning indeed works as expected. For the addressability, all
datasets are unimodal and peaked at the lower end of the range.
Again, the fine-tuned model displays a pronounced tail towards
higher addressability and significantly larger mean values (6.5
vs. 2.4 for the baseline). In terms of the Pareto fronts, it can be
seen that the fine-tuned model dominates the baseline, which
in turn dominates the literature data. Since the Pareto fronts
correspond to the most extreme values in the sample (i.e. they
are outliers by definition), the precise shape of the front
somewhat varies between different runs of the workflow.
Nonetheless, the trends described above are robust across
multiple independent runs.

The bimodal distribution of the literature data in terms of
bond lengths to some extent reflects the biases in traditional
“trial and error” molecular design. Many of the reference
molecules are decorated in para-position to the oxygen, and
often feature a nitro group. This is due to the large number of 6-
nitro-BIPS derivatives that have been reported in the literature.
Unsurprisingly, this leads to a bond length distribution peaked
around the 6-nitro-BIPS reference. Another factor that likely
influences the trend towards shorter bond lengths in the liter-
ature distribution is the fact that long thermal backreaction
times are actually desired in some applications, such as energy
storage or drug delivery.

3102 | Digital Discovery, 2025, 4, 3098-3108
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In contrast, the distribution generated by the baseline model
has no bias towards 6-nitro-BIPS or other previously known
photoswitches. This shows that SP molecules naturally tend
towards longer bond lengths across chemical space. Assuming
that the inverse relation between bond length and thermosta-
bility is robust, this indicates that a large range of fast-switching
SP molecules is unexplored. On the other hand, the address-
ability distribution between the literature and baseline datasets
are virtually identical. Literature bias thus does not seem to
affect this property significantly.

Comparing the fine-tuned and baseline distributions, we
find that both properties are significantly influenced by the
retraining step, vindicating our TL approach. Here it appears
that the addressability is a more elastic property, though this is
likely due to its definition as a quotient of oscillator strengths,
which can in principle be arbitrarily large. In contrast, bond
lengths are naturally constrained by chemistry, and variations
beyond a few percentage points would be highly unusual.

3.2 Decoration patterns

As mentioned above, a key feature of the TL workflow is that the
fine-tuned model preferentially samples decoration patterns
which are more likely to produce performant molecules. A
comparison between the most common decoration sites in the
fine-tuned and literature datasets is shown in Fig. 6. This
reveals significant differences between both sets. As mentioned
above, literature SPs show a strong preference for the site para
to oxygen (index 9 in Fig. 6), with 45% of all reported structures
being decorated at this position. Apart from this, only

a) Literature reference

b) Fine-tuned model

3%

250 3%

Fig. 6 (a) Most favoured decoration positions for doubly decorated
spiropyrans reported in the literature (b) Most favoured decoration
positions for spiropyrans generated by the fine-tuned model. Red
numbers are the indices of the position used in the main text.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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decorations at the nitrogen (index 1), para to the nitrogen (index
4) and ortho to the oxygen (index 7) are observed. In contrast,
the fine-tuned model prefers the position para to the nitrogen
(index 4) with about 25% of all sampled structures being
decorated here. The second most likely decoration sites are
meta position to the oxygen (indices 8 & 10) and ortho to the
nitrogen (index 2).

In general, the fine-tuned model thus samples a much wider
variety of decoration sites, providing the possibility for novel
discoveries. It is also interesting to note that in some cases the
patterns are opposed to what is found in the literature: for
example, decorations meta to the oxygen are not found in the
literature at all but are among the most common for the fine-
tuned model. These trends can again be related to biases in
the literature and opposing design targets (e.g. long vs. short
backreaction times). While a decoration of an electron with-
drawing group ortho or para to the oxygen can help to stabilize
the open form, an electron withdrawing decoration meta to the
oxygen (and therefore para to the rotatable double bond) can
weaken the double bond character via mesomeric effects.

In terms of biases, the influence of 6-nitro-BIPS derivatives
on the literature dataset is clearly evident in Fig. 6. However,
this bias should not simply be interpreted as a lack of creativity
on the side of synthetic chemists. Instead, the synthetic acces-
sibility of the site para to the oxygen is much higher, when SPs
are synthesized by condensation of a substituted salicyl-
aldehyde with a substituted indolin. The generative models
used herein do not explicitly account for synthesizability,
though concepts of chemical stability should implicitly be
learned from the ChEMBL training data. Indeed, a recent review
by Bilodeau et al. highlights the role of synthesizability for
molecular generative models.*” Westermayr et al. showed that
the structure-based synthetic complexity score (SCS) of Coley
et al. could be used to bias generative ML models towards
synthetically accessible systems.***®* However, we found that

Baseline model

View Article Online

Digital Discovery

this approach cannot easily be transferred to the current scaf-
fold decoration setting, because the SCS distribution for deco-
rated SP scaffolds is highly static (see Fig. S6). Furthermore,
overemphasizing synthesizability can also unduly constrain the
novelty of the generated molecules, in particular when synthe-
sizability (an inherently subjective concept) is quantified based
on literature-known molecules. At this point, a critical assess-
ment by a trained synthetic chemist is therefore still the best
option.

3.3 Pareto optimal molecules

So far, our discussion has focused on general properties and
trends of the generated datasets. We now turn to specific
molecules, namely those on the Pareto fronts of the baseline
and fine-tuned datasets, respectively (see Fig. 7). These mole-
cules represent extremes of the generated distributions and
either optimize one criterion at the expense of the other (the
edges of the front) or represent an optimal trade-off between
both (the center of the front). The eighteen depicted molecules
are a representative sample covering the full property range. All
Pareto optimal molecules are shown in the SI.

In Fig. 7, the molecules in each box are arranged from
highest to lowest addressability from top left to bottom right
(and reverse for the relative bond length). Some general struc-
tural trends are similar between both datasets. For structures
with high addressability (first row), conjugated chains attached
meta to the SP oxygen (index 8 in Fig. 6) are prominent. For the
fine-tuned model these decorations additionally feature
heterocycles. These modifications are physically plausible, as
they would be expected to lead to a red-shift of the absorption
bands, in particular for the MC form. A second common deco-
ration for highly addressable systems is a methoxy group ortho
to the oxygen, which may have additional mesomeric effects.

To achieve long relative bond lengths, the fine-tuned model
consistently decorates the position next to the double bond of

Fine-tuned model

3.0%
11.13

{ 3.0% X

Fig.7 Molecules of the pareto front with numerical values for the relative bond length on the top and addressability on the bottom. Left: results

from the baseline model. Right: results from the fine-tuned model.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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the central pyran ring (index 10 in Fig. 6) with bulky substitu-
ents. This likely has steric effects on the conformational
ensemble of the MC form, favoring longer bonds at this
position.

Whether this has the desired effect of lower thermostability
of the MC form is unclear, however, since such substituents
could potentially also lead to larger barriers for the backreaction
or prevent switching altogether. This highlights a general risk in
proxy-based optimization, namely that the descriptor can be
optimized in a way that is detrimental to the intended goal. On
the other hand, these molecules also consistently feature
nitrogen-based substituents, which could feature beneficial
electronic effects by extending the conjugated m-system, in
addition to the electronic withdrawing effects of the NO,
moiety. Additionally, some functional groups predicted by the
model can be highly sensitive to their chemical environment
and thus solvent polarity or pH can have drastic influence on
their photophysical properties. Thus, additional precautions
must be taken when evaluating the predicted molecules.
Comparing the baseline and fine-tuned datasets, it is also
interesting to note that the former more frequently contains
functional groups that are typical in medicinal chemistry, such
as cyclopropane or trifluoromethyl groups, which are much less
prevalent in the fine-tuned set. This indicates that the fine-
tuning moves the model away from the medicinal chemistry
focused ChEMBL training set.

In order to explore the biases inherent in the ChEMBL
training set, we explored the PubChem dataset as an alternative
(see Fig. S3). This reveals that the training set of the generative
model influences both the nature and the complexity of the
decorations. For example, we observed a trend towards more
hydrocarbon-based substituents in PubChem, while the
ChEMBL decorations tend to contain more halogens and aryl
substituents. Furthermore, the PubChem model yields overall
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more complex decorations. This reveals that the underlying
training data has significant implications on the chemical space
accessible by the generative model. The increased complexity of
the PubChem decorations, while potentially enhancing the
performance of the resulting photoswitches, also presents
challenges related to reduced synthetic accessibility.

3.4 Experimental validation

The ultimate test for a molecular design framework is the
experimental validation of the predicted molecules. To this end
a series of molecules designed by both the baseline and fine-
tuned generative models were synthesized (see Fig. 8). We
aimed to explore the effects of certain functional groups and
decoration patterns that were commonly found in molecules
predicted to be performant. The molecules were selected
according to chemical diversity and synthetic accessibility. The
manual selection process involved retrosynthetic analysis of the
potential candidates and the commercial availability of the
precursors. There were more than six synthetic sequences
attempted, however, some of the candidate molecules could not
be obtained as their synthesis was either unsuccessful or they
could not be obtained in a purity sufficient for spectroscopic
analysis. For these reasons, the synthesized molecules do not
correspond to the Pareto optimal molecules designed by the
generative model but rather reflect the general design principles
which can be derived from the generative model. Nonetheless,
all candidates are expected to have above average addressabil-
ities and/or relative bond lengths.

Clearly, this experimental dataset is inherently limited by the
challenge of synthesizing and isolating certain model-predicted
molecules. A significant portion of the models' predictions
involves molecules that, while chemically intriguing, are chal-
lenging to synthesize and isolate due to underlying thermal

= =1 0

1 2

Relative bond length v;—or") [%]

Fig. 8 Scatterplot of descriptors of all photoswitches generated by the fine-tuned model. Experimentally synthesized molecules are shown in

red and highlighted in the margins.
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reactivity, not directly related to their photoswitching proper-
ties. To address this, candidate molecules were subjected to
retrosynthetic analysis to identify synthetically approachable
structures. Note, that even the elusive molecules remain valu-
able for advancing theoretical studies as they provide critical
insights into the photophysical, structural, and thermochem-
ical factors governing spiropyran switching behavior.

Among the synthesized compounds were the following
derivatives. Spiropyran 1 featuring electron withdrawing nitro
group on the indoline part of the molecule and methoxy group
was found to have red-shifted absorption maxima of the open
merocyanine form tailing to 700 nm and significantly lower
activation barrier (9.85 & 2.99 k] mol ) for thermal ring-closure
as compared to the model derivative. Compound 2 with two
nitro groups was measured to have an activation barrier of 63.84
+ 1.22 kJ mol . Compound 3 was a switch with significantly
different absorption of the closed form compared to the model
compound and the previously measured ones with its absorp-
tion maxima of only 310 nm. The activation barrier for ring-
closure for this compound was measured as 39.94 =+
3.44 k] mol ™. The spiropyran 4 was observed to undergo slight
opening upon irradiation with 313 nm at —35 °C, however, due
to the freezing point of acetonitrile, the exact activation barrier
could not be determined. For compound 5, an activation barrier
of 26.52 + 1.27 k] mol~! was measured. This derivative shows
the difference of alkoxy group influence compared to its regio-
isomer 1. Compound 6 was observed to have blue shifted lowest
absorption maxima of merocyanine form and its activation
barrier was found to be 42.62 + 1.82 k] mol ™.

For reference, the activation barrier of 6-nitro-BIPS was
measured as 101.77 4 0.45 k] mol . A full comparison of all
measured candidates can be found in the SI (Fig. S8). This also
allows a post-hoc validation of the bond-length criterion for
thermostability. We find a moderate negative correlation (with
R* = 0.67) between the experimental activation barriers and the
relative bond length. Though not perfect, this is certainly
a useful accuracy for guiding molecular design, especially given
the heuristic nature of the descriptor.

4. Conclusion

In this contribution, we have presented a generative TL frame-
work for the de novo design of SP photoswitches. We find that
the presented approach effectively pushes the Pareto front
towards systems with the desired performance descriptors and
avoids biases in the current literature. In particular, we find that
the range of possible SP decoration patterns is underexplored
and suggest promising sites for functionalization, as well as
novel side group chemistries. This approach could readily be
extended to other photoswitch classes, since the scaffold-
decoration architecture used herein allows maintaining arbi-
trary photoactive backbones.

Beyond statistical analyses of the generated chemical spaces,
we have also critically examined the individual structures
designed by the generative models. In agreement with previous
reports, we find that the synthesizability of some of the candi-
dates is likely low. Nonetheless, consistent design rules
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regarding the nature of the functional groups and the decora-
tion patterns can be derived from the proposed molecules.
These have been validated by synthesizing six molecules. All of
the newly synthesized compounds are predicted to display
shorter thermal half-lives of their merocyanine isomers when
compared to the baseline 6-nitro-BIPS molecule. This was
confirmed by spectroscopic measurements, which show that
the observed activation barriers are significantly lower than for
6-nitro-BIPS in all cases. However, even though the qualitative
prediction is correct, the criterion of relative bond length was
found to not correlate perfectly with the measured barriers.

In future work, we aim to improve the generative design of
photoswitches by developing more reliable performance
descriptors and exploring ‘human-in-the-loop’ approaches. ML-
accelerated quantum chemical calculations represent an
intriguing route for predicting more accurate thermal back-
reaction barriers. Indeed, Axelrod et al have shown that
equivariant neural networks can be trained with active learning
to predict diabatic ML potential energy surfaces for azobenzene
photoswitches.** However, even for a somewhat smaller space of
3100 molecules (compared to the space considered herein), this
required 570 000 training geometries, which would need to be
added to the current cost of transfer learning and evaluation
(13 000 DFT calculations in one run of the current workflow).
Moreover, it should be noted that the switching of azobenzenes
is less complex than that of spiropyrans, due to the presence of
multiple conformers in the open merocyanine form of the
latter. Therefore, to obtain an accurate diabatic ML potential for
a broad chemical space of spiropyrans, even larger computa-
tional effort would be required. This is out of the scope of the
current study yet certainly worth pursuing in future work.
Beyond this, the establishment of dedicated experimental
libraries for further benchmarking of computational models
can further increase the quality of the descriptors and synthe-
sizability should be considered in a more rigorous manner.

5. Computational & experimental
details

5.1 Training data collection and curation

The training data for the REINVENT scaffold-decoration model
is based on a subset of the ChEMBL dataset, tailored for the
spiropyran core structure. The initial training set from the
original REINVENT paper contains a filtered version of the
ChEMBL25 database.* The filtering steps include standardiza-
tion, structural and QED filters as well as token filters. This cuts
the initial ChEMBL set of 1.8 M structures down to 827 k
structures. To further tailor the dataset for the spiropyran
design task additional filtering was applied based on
substructure matches to benzene or pyrrolidine with rdKit*
leaving 783 k molecules. To generate scaffold decoration pairs,
a slicing scheme was used to cut along every aliphatic bond with
the constraints that each scaffold must have at least one ring
and the maximum molecular weight of a decoration is below
300 g mol . This slicing resulted in 36.8 M scaffold-decoration
pairs, which were used to train the REINVENT RNN model.
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5.2 Training of the scaffold decorator model

The dataset from 5.1 was used to train the RE-INVENT scaffold-
decorator model. The model was trained over 50 epochs with
a batch size of 1600. The exponential learning rate decay started
at 10~* and stopped at 10~ °® with a learning rate gamma of 0.95.
This training procedure was used for the initial training of the
ChEMBL model as well as the retraining within the TL
workflow.

5.3 Query of the scaffold-decorator model

Since the RNN model has a probabilistic character, one must
query each scaffold many times to obtain meaningful statistics.
Herein, two strategies are used to sample diverse decorations:
on one hand, the scaffold SMILES are randomized 36 times,
leading to distinct but equivalent SMILES representations,
which are processed differently by the RNN. On the other hand,
each of these is queried 36 times. For the doubly decorated
molecules discussed herein, this results in 36* sampling
attempts in total. The actual number of generated molecules is
drastically lower, however, since many duplicate molecules are
generated.

5.4 Semiempirical calculations with GFN2-xTB

To compute the performance descriptors, 3D coordinates for
the candidate molecules were first embedded using the DGETK
method as implemented in rdKit.** The resulting structures
were prerelaxed with the MMFF and further refined using the
GFN2-xTB method** with the ALPB implicit solvation model and
acetonitrile as the solvent. This procedure was performed for
both the MC as well as SP form of the candidate molecules for
10 generated conformers each.

5.5 DFT calculations

The GFN2-XTB optimized geometries were subsequently used in
single-point TD-DFT calculations to obtain the excited states
with ORCA 5.0.3.%* All calculation were carried out using the
PBEO functional® with the def2-TZVP* basis set.

5.6 Spiropyran literature dataset

Literature known SP molecules were obtained via a substructure
query with SciFinder and PubChem. In total 5.2 k unique SP
molecules were found for both datasets combined. For a fair
comparison further filtering steps were applied in rdKit: 2.1 k
(approx. 41%) of the found SP molecules were doubly decorated.
Some of the doubly decorated molecules feature condensed ring
systems attached to the photochromic core and therefore
change its general structure. Since only the “primitive” SP core
was decorated in this work, systems with condensed rings as
decorations were also excluded. Some of the literature known
structures had decorations at the rotatable double bond in the
MC form which was not decorated in the workflow and there-
fore also discarded. The result of this filtering was 976 SP
molecules.
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5.7 Synthetic procedure for the candidates

Spiropyranes presented in this work were synthesized by
condensation of an appropriate indolinium salt (1 equiv.) with
the corresponding derivative of salicylaldehyde (2 equiv.) using
piperidine (~1.1 equiv.) as a base. The reaction is performed in
ethanol or DMF based on the specific derivative. Upon the
completion of the reaction, the crude material was purified by
crystallization from hot ethanol or by column chromatography
in order to obtain samples of sufficient quality for spectroscopic
experiments. Further details are available in the SI.

5.8 Spectroscopic analysis of the candidates

The spectroscopic measurements were performed using Agilent
Cary 60 instrument connected to a cryostat. A short-arc mercury
xenon lamp together with monochromator is used as a light
source for the measurements with concurrent irradiation. All
samples were prepared using spectroscopy grade acetonitrile
and compounds were weight using Sartorius ME5 analytical
microbalance. Further details are available in the SI.
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