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Abstract

Upconverting nanoparticles (UCNPs) transform low-energy light into higher-energy photons,
enabling applications in subwavelength and subsurface imaging, nanoscale sensing, therapeutics,
optogenetics, printing, and optical computing. However, the widespread adoption of UCNPs is
hindered by their low brightness and limited spectral tunability. Predicting the ideal nanoparticle
architectures to overcome these limitations is challenging, because UCNP photophysics are
governed by highly nonlinear, complex energy transfer networks that span the excited states of
lanthanide dopants. Due to the large number of possible combinations of dopants, concentrations,
host matrices, heterostructures, and reaction conditions, optimizing the compositional and
synthetic parameters of UCNPs using conventional trial-and-error approaches is intractable.This
Account explores how researchers can overcome these challenges and enhance the properties
of UCNPs using artificial intelligence (AI) and machine learning (ML). We first review how
the early foundations of AI-guided discovery were established with automated experimental
workflows and physical modeling. Using robotic synthesis platforms and differential rate equation
models, researchers have successfully navigated high-dimensional compositional spaces to reveal
optical phenomena such as energy-looping and photon avalanching in nanoparticles.Building on
these data-driven approaches, ML was integrated into UCNP research initially for processing
raw characterization data, such as automating the analysis of TEM images and time-resolved
luminescence curves. AI approaches were extended to interpret signals in applications that
utilize UCNPs, such as classifying the cytotoxicity of drugs based on upconversion luminescence
microscopy data. Most significantly, ML is driving the design of new UCNP compositions and
structures, including our recent development of closed-loop active learning of UCNP core-shell
heterostructures. By coupling Bayesian optimization with kinetic Monte Carlo (kMC) simulations,
we achieved 110-fold enhancement in UCNP emission over just 40 iterations. To bypass the
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steep computational cost of simulating UCNP heterostructures with up to 9 shells, we leveraged
differentiable deep learning surrogate models based on heterogeneous graph neural networks to
perform inverse design. Notably, these hetero-GNNs were able to extrapolate far outside of the model’s
training data and predict UCNP heterostructure compositions with 6.5-fold more intense emission
than the brightest UCNP in the training set.In the future, we predict that AI/ML approaches will
become integral to UCNP research. UCNP experiments may soon be accelerated by autonomous self-
driving laboratories in which robotic synthesis, in-line characterization, and ML agents operate in
a closed feedback loop to intelligently investigate underexplored chemical spaces. Large language
models (LLMs) could parse literature to develop overarching hypotheses and detailed recipes for
these autonomous workflows, with generative models suggesting novel structures to test. Together
with human creativity and critical analysis, these AI tools will accelerate the discovery of advanced
upconverting nanomaterials, aiding fundamental understanding of their mechanisms, and inspiring a
broader array of photonic applications.
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Conspectus:  

Upconverting nanoparticles (UCNPs) transform low-energy light into higher-energy photons, 
enabling applications in subwavelength and subsurface imaging, nanoscale sensing, therapeutics, 
optogenetics, printing, and optical computing. However, the widespread adoption of UCNPs is hindered 
by their low brightness and limited spectral tunability. Predicting the ideal nanoparticle architectures to 
overcome these limitations is challenging, because UCNP photophysics are governed by highly nonlinear, 
complex energy transfer networks that span the excited states of lanthanide dopants. Due to the large 
number of possible combinations of dopants, concentrations, host matrices, heterostructures, and 
reaction conditions, optimizing the compositional and synthetic parameters of UCNPs using conventional 
trial-and-error approaches is intractable.  

This Account explores how researchers can overcome these challenges and enhance the 
properties of UCNPs using artificial intelligence (AI) and machine learning (ML). We first review how the 
early foundations of AI-guided discovery were established with automated experimental workflows and 
physical modeling. Using robotic synthesis platforms and differential rate equation models, researchers 
have successfully navigated high-dimensional compositional spaces to reveal optical phenomena such as 
energy-looping and photon avalanching in nanoparticles. 

Building on these data-driven approaches, ML was integrated into UCNP research initially for 
processing raw characterization data, such as automating the analysis of TEM images and time-resolved 
luminescence curves. AI approaches were extended to interpret signals in applications that utilize UCNPs, 
such as classifying the cytotoxicity of drugs based on upconversion luminescence microscopy data. Most 
significantly, ML is driving the design of new UCNP compositions and structures, including our recent 
development of closed-loop active learning of UCNP core-shell heterostructures. By coupling Bayesian 
optimization with kinetic Monte Carlo (kMC) simulations, we achieved 110-fold enhancement in UCNP 
emission over just 40 iterations. To bypass the steep computational cost of simulating UCNP 
heterostructures with up to 9 shells, we leveraged differentiable deep learning surrogate models based 
on heterogeneous graph neural networks to perform inverse design. Notably, these hetero-GNNs were 
able to extrapolate far outside of the model’s training data and predict UCNP heterostructure 
compositions with 6.5-fold more intense emission than the brightest UCNP in the training set.  
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In the future, we predict that AI/ML approaches will become integral to UCNP research. UCNP 
experiments may soon be accelerated by autonomous self-driving laboratories in which robotic synthesis, 
in-line characterization, and ML agents operate in a closed feedback loop to intelligently investigate 
underexplored chemical spaces. Large language models (LLMs) could parse literature to develop 
overarching hypotheses and detailed recipes for these autonomous workflows, with generative models 
suggesting novel structures to test. Together with human creativity and critical analysis, these AI tools will 
accelerate the discovery of advanced upconverting nanomaterials, aiding fundamental understanding of 
their mechanisms, and inspiring a broader array of photonic applications. 
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1. Introduction 
 

Upconverting nanoparticles1-5 (UCNPs) combine the energy absorbed from two or more low-
energy photons into the emission of a high-energy photon.6, 7 This step-wise, multiphoton process is 
valuable for applications where near-infrared light is beneficial for minimizing scattering and 
photodamage, but where conversion to shorter wavelengths is needed for efficient detection8 (e.g., for 
night vision2, 9) or to stimulate photochemistry (e.g., for optogenetics,10, 11 therapeutics,12-15 and 
lithography16). The exceptional photochemical stability of UCNPs is a critical feature that enables extended 
tracking of single particles,17-20 nanoscale sensing,21-24 and continuous-wave lasing,25-27 while the high 
nonlinearity of UCNPs and photon avalanching nanoparticles28-32 is leveraged for subwavelength 
imaging30, 33, 34 and optical computing.35, 36  

The widespread adoption of such applications is currently limited by several key challenges, most 
significantly the low brightness of UCNPs compared to conventional fluorophores.37 The high laser power 
densities (101-106 W/cm2) needed to compensate for the low quantum yields of UCNPs (ca. 1%) discourage 
their application in photosensitive environments.38 UCNPs also face challenges with their long 
luminescence lifetimes, limited tunability of their excitation2, 39 and emission wavelengths,1 and large size 
relative to the processes they probe.19, 20 

Thus, a major objective of UCNP research is to discover new compositions and structures that 
overcome these limitations.37 UCNPs with ideal properties, however, are difficult to predict because their 
photophysics are driven by complex energy transfer (ET) networks among the excited states of the 
lanthanide dopants.40 To tune UCNP properties, researchers historically have relied on trial-and-error 
approaches, modulating the combination and concentration of lanthanide dopants,1 modifying host 
crystal matrices (typically NaYF4),41-43 partitioning dopants across heterostructures,44-46 and coupling 
UCNPs to ligands,8, 47 dyes,10, 48, 49 and plasmonic structures.26 Systematic screening of these compositions 
is complicated by the fact that UCNP properties are highly dependent on synthesis conditions.50 The large 
number of variables in such many-component structures leads to millions of possible combinations to 
explore, turning the search for optimal candidates into a high-dimensional optimization problem that is 
experimentally intractable7 even with high-throughput automated approaches developed in our group.1, 

51 Even simulations4, 40, 52 are prohibitively expensive at large system sizes.53 
With the current boom in artificial intelligence (AI), machine learning (ML) and data-driven 

approaches in principle could be used to improve UCNP properties and enhance fundamental 
understanding of upconversion phenomena. ML models are already being used to predict materials 
properties,54, 55 design experiments for self-driving autonomous laboratories,56-58 and generate new 
materials to explore. These methods have been extended to colloidal nanoparticle systems50, 59 such as 
semiconductor quantum dots,60-62 perovskites,63, 64 metals,65, 66 and their complex heterostructures.67 
However, ML has been used only sparingly to investigate UCNPs, leaving its potential untapped. It is an 
open question whether AI/ML approaches can lead to the discovery of genuinely new upconverting 
materials or understanding. In this Account, we review recent applications of AI to UCNPs (Figure 1) and 
discuss how ML can truly “level up” research into upconverting nanomaterials. 
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Figure 1. Overview of ML in UCNP research, including applications, objectives, and future directions. 
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2. Are UCNPs ready for ML? 
 

Are UCNPs an appropriate platform for ML-guided optimization and discovery? AI approaches 
excel for complex problems that cannot be solved analytically, using simple deduction (e.g., varying a 
single dopant concentration), or using basic heuristics (“high dopant concentration quenches emission”). 
UCNP investigations fit this profile because, like common ML problems, UCNPs have many components 
(e.g. dopants, host matrices, and subdomains) that are coupled through highly nonlinear relationships,7 
such as the complex ET networks among lanthanide dopants.40 Such high-dimensional problems cannot 
be solved by brute force experimentation due to its prohibitive cost and due to noisy, rough response 
surfaces.4 Like the best ML problems, UCNP research often features well-defined objectives,7 such as 
optimizing brightness, recommending synthesis steps, or interpreting biological assays. There is also 
ample room for ML algorithms to improve UCNPs because baseline efficiencies are low38 and performance 
spans orders of magnitude.1, 2, 68 ML also promises to discover and optimize UCNPs more efficiently than 
conventional workflows since the optimal solutions are often found in tiny regions in high-dimensional 
parameter space that are underexplored due to human bias.69  

Is there enough high-quality UCNP data for ML? ML models typically require large quantities of 
training data. These data must be sufficiently reproducible and readily comparable across experiments, 
since variations in synthesis protocols, measurement conditions, and reporting formats can limit robust 
ML analysis. With their rapid optical readout and chemically interchangeable but electronically diverse 
lanthanide dopants, UCNPs are ideal platforms for generating large combinatorial libraries.7 We and 
others have demonstrated robotic51, 70, 71 and microfluidic72 workflows that can produce expansive, ML-
ready datasets through the high-throughput synthesis of UCNPs1 and programmed growth of multi-shell, 
lanthanide-doped heterostructures.46, 73 The ability to calculate approximate UCNP spectra facilitates the 
validation and pre-training of new ML algorithms using computational data prior to expensive 
experimental campaigns. We have successfully generated over 200,000 UCNP spectra2 using differential 
rate equation calculations (DREs)52 and simulated over 30,000 spectra of multi-shell UCNP 
heterostructures4 using kinetic Monte Carlo (kMC).3, 40, 74 Crucially, ML remains attractive because DRE 
models are limited in complexity, and kMC becomes computationally prohibitive for large UCNPs. 

 Previous data-driven approaches for UCNPs. Even before their integration with ML, high-
throughput computational and experimental methods have accelerated the discovery of new UCNP 
structures, the development of computational methods, the elucidation of ET pathways, and the 
observation of novel optical phenomena. In 2010, we demonstrated automated UCNP synthesis using 
WANDA,51 the first reported nanocrystal synthesis robot. Screening UCNPs doped with every combination 
of up to three lanthanide co-dopants yielded comprehensive datasets1 used to develop a computational 
DRE package predicting the luminescence of NPs with any combination of lanthanide dopants.52 We 
utilized these tools to predict UCNPs optimized for single particle imaging20 and short-wave infrared 
excitation.2 High-throughput computational screening for UCNPs excitable at 1064 nm identified energy 
looping Tm3+-doped NaYF4 nanoparticles,68 which were subsequently refined with WANDA to discover 
photon avalanching nanoparticles (ANPs).30 These ANPs exhibit optical nonlinearities exceeding 30, 
enabling the realization of new modes of super-resolution imaging,30, 33, 34 photoswitching,33, 35 and 
sensing.21, 22, 75 These examples demonstrate that high-throughput, data-driven workflows have 
underpinned major advances in UCNPs and are primed for integration with ML. 
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Figure 2. Examples of ML objectives (a), data representations (b), and models/architectures (c). Scanning 
transmission electron microscopy images in (b) were reproduced from Ruan and Zhang.76  
 
 
3. Machine learning 
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that generate new materials to test. 
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the surrogate model f(x) is trained with such labeled data, the model can be used to evaluate untested 
structures. This forward process, known as inference, provides fast property estimates, enabling 
inexpensive screening and iterative optimization at scale.77, 78  

Surrogate modeling tasks are typically formulated as regression or classification (Figure 2a). 
Regression models predict continuous-valued properties (e.g., band gap, elastic modulus, emission 
intensity, decay lifetime), whereas classification models predict discrete labels (e.g., crystal quality54, 79 or 
phase,55 metal/insulator, paramagnetic/ferromagnetic). Surrogate models (Figure 2c) range from classical 
machine-learning algorithms – such as Gaussian Process Regression, Support Vector Regression,79 and 
tree-based ensembles (e.g., Random Forest) – to modern deep learning (DL) approaches that use artificial 
neural networks with many layers to approximate high-dimensional functions. For complex materials like 
UCNPs, whose structure is not easily described by a list (vector) of known features, DL models can operate 
on richer data modalities such as images and graphs.4 Model architecture (Figure 2c) is often chosen to 
match the data type (Figure 2b): multilayer perceptrons are effective for fixed-length feature vectors; 
convolutional neural networks (CNNs) are well suited for microstructure images; and graph neural 
networks (GNNs) provide a natural framework for atomistic structures and highly interconnected 
relationships. 

Unsupervised learning. Whereas supervised learning with surrogate models requires the time-
consuming labeling of many (x,y) data pairs, unsupervised ML models have been developed to operate 
only on input data (y) without explicit labels (x). Rather than mapping structure to property, unsupervised 
methods seek to uncover latent (hidden) structure in the data, for example by grouping samples with 
similar behavior (e.g., UCNPs that exhibit pure red emission with high quantum yield) or describing the 
variation in the dataset with fewer variables than the input dataset (e.g., by identifying common spectral 
components). Typical unsupervised techniques include dimensionality reduction, such as principal 
component analysis (PCA80), and clustering methods such as k-means, which partitions data into groups 
based on similarity (Figure 2a). These approaches are used to organize large composition or structure 
spaces, identify families of materials with similar behavior, and detect outliers or mislabeled samples. 
Unsupervised models do not intrinsically know that the UCNPs in a red-emitting cluster are codoped with 
Er3+ and Tm3+ or Ho3+, but those clusters can prompt further studies that reveal such correlation. 
Unsupervised learning also underpins modern generative AI for materials: unconditional generative 
models such as variational autoencoders, generative adversarial networks (GANs), and diffusion models 
learn the underlying distribution over compositions or structures and can sample novel candidate 
materials, much like such models can generate new human faces from existing photographs. Generated 
structures can then be guided or filtered by supervised surrogate models and physical constraints to 
accelerate materials discovery. 

Sequential learning. While supervised and unsupervised models are often trained by fitting them 
simultaneously on a single dataset, sequential learning algorithms learn incrementally from a series of 
experiments, selecting which ones to perform in each iteration. Data from one set of experiments is used 
to retrain an underlying surrogate model, which is then used by the algorithm to select the next set of 
experiments. This results in a closed feedback loop that is repeated continually to optimize a quantifiable 
material property (known as the objective function) while reducing the amount of data needed to train 
the surrogate model.81 For example, active learning55, 82 (Figure 2c) iteratively optimizes model 
performance (e.g., accuracy) by selecting informative new samples, such as those in underexplored 
regions where the model has high uncertainty or those expected to most improve the model. Meanwhile, 
Bayesian optimization (Figure 4a) optimizes model performance and material properties simultaneously, 
and is ideal when budgets are small and evaluations are expensive.3, 58, 83, 84 In contrast, reinforcement 
learning85 (RL) learns a policy for making decisions under a given set of conditions so as to maximize some 
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ultimate objective. Such approaches are valuable for dynamic tuning of serial, path-dependent processes 
such as UCNP growth or assembly to maximize optical properties or structural order.86  

A key limitation of many ML models is that they are trained for specific systems and may struggle 
to generalize to new materials or extrapolate to new conditions. Techniques such as transfer learning87 
(Figure 2c) and fine-tuning have been developed to adapt pretrained models to new and related tasks 
while reducing the amount of additional training. Active meta-learning uses an ensemble of historical 
models trained on different tasks (e.g., optimizing the growth of perovskites with different cations79, 88) to 
train a meta-model optimized for learning future tasks (e.g., growth with new cations) with only a few 
additional experiments.89 While many other ML models exist, this brief introduction demonstrates the 
broad capabilities of ML that can be applied to UCNP design, synthesis, and characterization. 

 
4. Applications of ML to UCNPs 
 

While data-driven methods based on physical models and automated synthesis have been used 
extensively to explore UCNP structure and properties, the actual application of ML and modern deep 
learning architectures to UCNP research only emerged recently, in 2020, and is still limited to a handful of 
examples discussed below. This relative scarcity may be due to the dearth of large, high-quality, 
standardized datasets and meaningful ML representations that capture the structural and photophysical 
complexity of UCNPs. Nevertheless, we can gain insight from the more extensive library of AI approaches 
used to explore bulk upconverting materials and lanthanide complexes, as well as to optimize 
nanoparticles for downshifting and downconversion applications.90  

 
ML for raw data analysis. The most prevalent application of ML to UCNPs has been to accelerate 

the processing of raw characterization data such as microscope images and luminescence spectra. These 
models leverage existing ML architectures for image analysis, denoising, and pattern matching. For 
example, Wen et al.91 used unsupervised clustering to automate UCNP sizing from transmission electron 
microscopy (TEM) images, enabling objective, statistically representative analysis (Figure 3a). In parallel, 
data-driven models have been employed to analyze time-resolved luminescence signals from UCNPs. Liao 
et al.92 used a CNN to automate the decoding of complex lifetime fingerprints from single UCNPs and 
resolve overlapping signals (Figure 3b). Similarly, Liu et al.93 used neural networks to analyze the lifetimes 
of single UCNPs in super-resolution imaging, successfully identifying densely clustered particles with over 
93% accuracy. More recently, deep-learning-based image reconstruction architectures have been 
explored to extract data from images94 and convert low-quality raw signals into higher-fidelity outputs.93, 

95 Wu et al.96 employed a CycleGAN model trained on UCNP images measured at two different emission 
wavelengths (455 and 808 nm) to enhance the resolution at longer wavelengths in highly scattering 
specimens (Figure 3c). These examples demonstrate that ML can rapidly extract critical physical 
parameters from UCNP characterization, enabling efficient processing of large, high-dimensional datasets 
and samples from high-throughput experimental workflows. 

 
ML for application-specific interpretation of data. Beyond aiding raw data analysis, ML models 

have been extended to applications more specific to UCNPs and lanthanide-doped nanocrystals, such as 
using the luminescence of the lanthanide ions to infer the environment surrounding the nanoparticle 
probes.97, 98 Although using downshifting instead of upconversion, Ximendes et al,99 Santos et al,100 and 
others have leveraged automated ML-based analysis of emission spectra to perform more accurate and 
precise real-time temperature measurements within rare-earth-doped nanoparticles. Here, ML directly 
infers meaningful patterns or quantitative metrics from optical signals within an application context, 
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rather than extracting physical data, which is beneficial due to the complex and non-linear relationship 
between UCNP luminescence and external stimuli.  

 
ML has been particularly prevalent in the biomedical applications of UCNPs, making logical 

decisions or evaluations from the results of UCNP-based biomedical assays. Mejia-Mendez et al.97 trained 
eight different ML models to predict cell viability in the presence of Yb3+/Er3+-doped ZnO UCNPs using 
inputs including particle size, concentration, and composition, host matrix band structure, and cell type. 
ML models have also been used to map the transient signals of UCNP-based immunoassay devices to 
blood drug concentrations for real-time pharmacokinetic monitoring.98 Furthermore, Zhai et al.101 utilized 
a CNN to rapidly quantify gallic acid concentrations from colorimetric and luminescent features in 
smartphone images of UCNP test strips. After extracting the spatiotemporally varying positions of UCNP-
tagged motor proteins from upconversion micrographs, Yi et al.102 used these trajectories as inputs to 
train a Support Vector Machine (SVM) that classifies the neurotoxicity of drugs (Figure 3d).  

 
In information technology, ML-based pattern recognition has been applied to optical encryption, 

facilitating the decryption of 188 distinct fingerprints encoded in the time-dependent luminescence of 
pulse-modulated UCNPs.103 In an interesting inversion, UCNPs have also been used as the physical 
hardware to execute ML operations104 and construct physical neural networks.105 Bednarkiewicz et al.36 
leveraged the long lifetimes and extreme nonlinearity of photon avalanching nanoparticles (ANPs) to 
perform optical reservoir computing in what could be considered a random optical neural network. The 
Tm3+ 4f12 states in ANPs act as information reservoirs that integrate multiple signals in a non-additive 
fashion, enabling classification of numeric digits whose images are represented as a series of excitation 
light pulses.36 Just as nonlinear activation layers enable artificial neural networks to model complex data, 
the nonlinearity of ANPs is critical for capturing complex spatial information needed for accurate image 
recognition. The authors also classified the digits by feeding the ANP-encoded signals into a 2-layer NN, 
illustrating that ANPs can be used as embedding layers (i.e., reducing dimensionality) for ML models. 
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Figure 3. Examples of ML in UCNP Research. (a) Unsupervised clustering for automated TEM image 
processing by Wen et al.91 (b) CNN for classifying single UCNP lifetime decay curves for high-capacity 
optical multiplexing. Adapted with permission from Liao et al.92 Copyright 2021 
American Chemical Society. (c) Generative adversarial network (CycleGAN) upscaling low-resolution 2-
photon upconversion micrographs into high-resolution, 4-photon-equivalent images for deep-tissue bio-
imaging. Reproduced from Wu et al.106 (d) SVM predicting drug-induced neurotoxicity from intraneural 
UCNP trajectories. Reproduced with permission from Yi et al.102 Copyright 2021 
American Chemical Society.  

 
  

High-resolution non-scattering imageScattering image

UCNP classification
from optical fingerprintTime-resolved

UCNP image series

a

b

c

d



 11 

 
 

 
 
Figure 4. ML applications in UCNP inverse design. (a) Bayesian optimization workflow for simulating 
emission spectra (left) with kinetic Monte Carlo (kMC) given an input UCNP structure, composition, and 
excitation parameters. Schematic illustration of design space exploration (middle) during the 
optimization. Bayesian optimization algorithm (right) based on Gaussian Process to evaluate the 
acquisition during the iteration. (b) Optimization performance of a Yb3+/Er3+-doped NaYF4 UCNP 
recommended by the BO workflow (purple line) and random search (gray line). (a), (b) Reprinted with 
permission from Xia et al.3 Copyright 2023 American Chemical Society.  (c) Generation of SUNSET database 
of UCNP spectra simulated by kMC simulations. (d) Heterogeneous graph representation of a UCNP. (e) 
Gradient-based search in UCNP structural design using the hetero-GNN surrogate model based on the 
graph representation in (d). (c), (d), and (e) Reproduced from Sivonxay et al.4 
 
 

ML for evaluating and optimizing UCNP structures. While ML has accelerated the processing of 
UCNP luminescence data, there are few examples utilizing AI to design and discover new UCNP 
compositions or structures.107 In one example, Bao et al.108 used literature data to train eight different ML 
regression models to predict the thermally induced upconversion luminescence enhancement from 
structural features of Er3+/Yb3+ co-doped UCNPs, including dopant concentrations, host phonon energy, 
absorption cross-section, and particle morphology. The authors found that combining the different 
models into an ensemble model provided the highest predictive accuracy.  

UCNP research is only beginning to exploit sequential learning to optimize UCNP structure and 
properties. One of the first such applications was our active learning of core/shell UCNPs using Bayesian 
optimization (BO) with Gaussian processes (GPs).3 A GP surrogate model trained on kMC data learned a 
probabilistic mapping of UCNP structure (e.g., core and shell radii) and composition to targeted properties 
– in this case, the simulated UV-violet emission (UVV, 300-450 nm). An acquisition function leveraged the 
model’s predicted mean and uncertainty to propose the next candidate for kMC simulation. By repeatedly 
cycling through kMC evaluation and model refinement in a closed-loop computational pipeline (Figure 
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4a), the workflow rapidly optimized heterostructures, delivering ca. 10-fold UVV enhancement for 
Yb3+/Er3+-codoped UCNPs within 22 BO iterations (Figure 4b) and ca. 110-fold enhancement for 
Yb3+/Er3+/Tm3+ triply doped UCNPs after 40 iterations.3 Notably, the BO pipeline was able to autonomously 
navigate heterostructure design space and learn well-established UCNP design principles (e.g., highly 
doped cores combined with inert shells promote upconversion), 500 times faster than the historical rate 
of discovery.  

 
Heterogeneous GNN surrogates for differentiable inverse design. While BO can efficiently 

explore simple systems such as core-shell nanoparticles, it is well known that BO becomes 
computationally intractable with large numbers of features,109 which is the case for complex UCNP 
heterostructures with multiple shells and dopants.46 In addition, simulating such large, multi-component 
UCNPs also becomes prohibitively slow – some kMC simulations take more than two months on high-
performance computing clusters, severely limiting exploration in high-dimensional combinatorial design 
space. As an alternative, we explored deep-learning surrogate models, which can model complex, high 
dimensional spaces and rapidly approximate physical properties (e.g., emission intensity). A central 
challenge, however, lies in how to represent UCNPs in DL models. Nanomaterials often exhibit properties 
distinct from their bulk counterparts, yet their structures are too complex for conventional vector 
representations and difficult to describe with hand-crafted descriptors.  

To address these scaling and representation challenges for complex multi-shell UCNPs, we 
developed a graph-based inverse design approach that replaces expensive kMC simulations with deep 
GNNs and BO with gradient-based optimization (Figure 4cde).4 Graph representations (Figure 2b) are a 
natural fit for materials110 such as UCNPs because each node (circle) can contain features of different types 
(e.g., elemental identity, local coordination environment), while the edges connecting the nodes 
represent relationships between those nodes – interactions that can be conditioned by factors such as 
distance or rate. These characteristics are essential for UCNPs due to their dependence on nonlinear ET 
interactions and their wide variety of features. Moreover, graphs efficiently encode UCNP features across 
a broad range of length scales, from atomic interactions to >100 nm UCNP diameters, which is impractical 
using image-based representations. We developed UCNP graph representations in which dopant nodes 
(green circles in Figure 4d) represent the different types of dopants in a given domain (e.g., Er3+ dopants 
in the UCNP core), with node features encoding dopant identity, concentration, and geometric 
information. Critically, we found that representing the different ET interactions (e.g., core Er3+→ shell Yb3+ 
ET) as a second type of node (triangles in Figure 4d), rather than as edges, maximized the accuracy of our 
GNN by allowing more information, such as interaction type and distance, to be passed as messages 
between the dopant nodes during model training and inference.  

To predict emission intensity directly from UCNP heterostructure designs, we trained a GNN 
based on our heterogeneous graph representation (hetero-GNN) with a dataset of >6,000 UCNP spectra4 
(SUNSET, Figure 4c) that we simulated with kMC.74 Compared to different baseline models and 
representations (e.g., image-based CNNs), the hetero-GNN achieved the lowest prediction error. Notably, 
the hetero-GNN exhibited more accurate extrapolation to UCNP structures far outside of the training set 
distribution, e.g., UCNPs with four shells vs. training set UCNPs with up to 3 shells. Crucially, the surrogate 
is differentiable, allowing us to use the hetero-GNN model with common gradient-based optimizers for 
rapid inverse design. Using basin-hopping–style global search on the trained hetero-GNN, we optimized 
UCNP heterostructures with up to 9 shells to have 6.5-fold greater predicted UVV emission than the 
highest intensity in the training set (Figure 4e).4  
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Figure 5. Future applications of ML to UCNPs. (a) ML-guided autonomous synthesis of UCNPs. (b) Smart 
Dope autonomous flow chemistry platform for optimizing downconversion in Mn2+/Yb3+-doped CsPbCl3 
nanoparticles. Reproduced from Bateni et al.58 (c) DDPM-based generative AI model for novel core-shell 
nanoparticle design.  
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to update the ML model, which is then used to recommend the next series of experiments (Figure 5a). 
Such “closed-loop” workflows have the potential to dramatically accelerate the discovery of new UCNPs 
due to their ability to intelligently explore ultrahigh-dimensional spaces that elude human intuition and 
biases.  

 
SDLs based on microfluidics, laboratory automation robots, and mobile robots, have already been 

developed for photocatalysts,111 photovoltaic materials,112 organic dyes for lasing,113 chiral 
nanoparticles,64 and semiconductor nanocrystal heterostructures.67 To discover Mn2+/Yb3+-codoped 
CsPbCl3 nanocrystals for “quantum cutting,” Abolhasani et al.58 integrated ensemble neural networks and 
BO with an autonomous flow-chemistry platform named “Smart Dope” (Figure 5b) to identify 
compositions with downconversion luminescence quantum yields as high as 158%.  

 
UCNPs represent an attractive platform for such autonomous frameworks, with their intricate, 

high-dimensional design space and complex, non-linear optical responses. However, this high-
dimensionality also presents a challenge to SDLs since it requires far larger datasets than can be produced 
experimentally, and far larger numbers of iterations that can be performed in a reasonable timeframe. 
SDLs for UCNPs (Figure 5a) could adopt a more integrative autonomous strategy in which experimental 
data is supplemented with computational modeling of various fidelities114 and with literature data parsed 
by large language models. Such a multifidelity integrated approach reduces the need for large quantities 
of expensive experimental data and would provide a robust and scalable foundation for navigating the 
inherent complexity of lanthanide-doped nanomaterials. 

 
Generative AI for UCNP design. Autonomous UCNP discovery requires a method to 

computationally generate hypotheses and new lanthanide-doped structures to test, particularly materials 
predicted to have targeted properties like brightness in selected spectral windows, nonlinearity, and 
switching behavior. Despite our progress in computationally predicting optical properties from UCNP 
structure, performing the inverse operation – predicting a UCNP structure that will have a defined set of 
properties – is still challenging. One reason is that AI tools such as regression models have excelled at 
refining material designs by interpolating within existing structure templates and heuristics, but they have 
struggled to extrapolate beyond their training data. This means that such models are less likely to explore 
qualitatively new structural motifs or counter-intuitive configurations – precisely the kinds of designs 
needed to achieve order-of-magnitude gains in UCNP performance rather than incremental 
improvements. 

We anticipate that UCNP research will increasingly adopt generative AI (GenAI) approaches to 
propose novel candidate UCNP structures. GenAI methods are already being exploited in materials: 
diffusion-based models such as MatterGen115 demonstrate that one can generate stable inorganic crystals 
and perform crystal structure prediction (CSP) by sampling structures conditioned on composition and 
properties. A denoising diffusion probabilistic model (DDPM) could be trained to generate new multi-shell 
UCNPs (Figure 5c) by first using a forward process to gradually perturb observed UCNP structures with 
Gaussian noise, while a neural denoiser such as a time-conditioned U-Net CNN (Figure 2c) learns to predict 
the noise added at each step t. The reverse denoising process can then be used to generate novel UCNP 
heterostructures. Similar generative frameworks in synthesis design116 use learned reaction models to 
propose chemically plausible reaction pathways that achieve a target product.  

The key difference from mainstream UCNP optimization is that methods like BO or gradient-based 
refinement propose candidates by navigating a landscape, whereas GenAI can generate diverse 
candidates that meet desired targets (spectral features, brightness, lifetime, and synthesizability). These 
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target families are spread over the distribution of possible UCNP structures, naturally reflecting the multi-
modal nature of UCNP inverse maps – different architectures can realize similar outputs via different 
pathway balances. This is especially valuable for UCNPs because we want not just the best predicted 
structure, but a set of alternatives that balance brightness vs. lifetime vs. spectra – under certain hard 
constraints (e.g., minimum shell thickness, bounded dopant loading, allowed layer sequences). Looking 
forward, the most promising roadmap is therefore a stack: advanced representations (e.g., 
graph/heterogeneous-graph descriptions of layered domains and dopant interactions), rich datasets 
(large-scale kMC and rate-equation simulations, plus high-throughput experimental data), and physics-
inspired generative algorithms. RL can further bias or fine-tune the generator toward candidates with 
maximal predicted reward (e.g., emission intensity, favorable ET pathways), in close analogy to emerging 
diffusion+RL frameworks in molecular design and synthesis planning. 

Large language models (LLMs) are another class of generative AI that promise to enhance UCNP 
research.117 Already used for the discovery of extractants that separate lanthanides,117 LLMs prompted by 
informal queries could be used to aggregate and summarize UCNP data from diverse sources, including 
literature, experimental databases, and unstructured notebooks. More significantly, LLMs could be used 
to generate hypotheses118 and detailed experimental plans119 that could direct autonomous experimental 
workflows. Although they did not investigate upconversion, Schaak et al73 used an LLM trained on their 
high-throughput dataset of robotically synthesized lanthanide-doped nanoparticle heterostructures to 
identify and autonomously synthesize nanoparticles with 1-4 rare earth elements that met specified 
constraints.  

Key considerations for all LLMs and deep learning approaches are the large quantity of reliable 
data needed to train such models, as well as user- and application-programming interfaces to efficiently 
access such data.88 Unlike fields such as biology, where contribution to public databases is normalized and 
even required, there are few databases of well-labeled UCNP data.4 In order to reach the influence of 
models such as AlphaFold,120 the UCNP community must collectively agree to deposit data and metadata 
(e.g., experimental parameters) in shared databases using standardized formats and FAIR (Findable, 
Accessible, Interoperable, Reusable) data principles.121 

6. Conclusion  

Although UCNP research is only beginning to utilize ML, the applications surveyed here strongly 
suggest that ML can and will enhance UCNP research in the future. The adoption of ML-guided approaches 
will almost certainly expand until it becomes mundane and indistinguishable from everyday UCNP science. 
However, advances in the areas of hypothesis generation, physics-informed models, extrapolation far 
outside training data, and physical interpretation of ML models are needed before AI-guided approaches 
can challenge human intuition, creativity, and understanding. We predict that AI-based techniques will 
primarily be used to enhance human experimentation, with cutting-edge discoveries like ANPs still 
requiring human intervention and improvisation. Considering how AI has already changed science, from 
predicting protein structures120 to analyzing massive material datasets,53 it will be fascinating to see where 
ML takes UCNP research in the future. 
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