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Abstract:  
 

This perspective highlights the evolution of techniques for automating the synthesis of colloidal 

nanocrystals. Over the past 25 years, microfluidic reactors and robotic workflows have been 

developed to enhance the reproducibility of nanocrystal synthesis, facilitate rapid screening of 

reaction conditions, optimize material properties, and perform multi-step syntheses of high-quality 

nanoparticles with complex heterostructures. Modern automated systems are now valued for their 

ability to generate robust datasets for validating physical models, supporting chemical 

mechanisms, training machine learning models, and for directing autonomous experimentation. 

We discuss the early challenges and limitations of these technologies and present key lessons 

for effectively utilizing automated and ML-guided tools to accelerate nanocrystal discovery for the 

next 25 years.  
  



 
 

Main Text: 
 

As Nano Letters celebrates its 25th anniversary, I reflect upon my own scientific career, 

which has grown in parallel with this journal. I started graduate school under the mentorship of 

Prof. A. Paul Alivisatos and Prof. Richard Mathies in August 2000, around the same time that 

Alivisatos and fellow co-editors were launching Nano Letters. Little did I know that my first 

manuscripts as a graduate student and as a postdoc would be published in Nano Letters and 

would become early examples, respectively, of automating the synthesis of colloidal nanocrystals 

using microfluidics1 and robotics.2  

Why would one want to automate nanoparticle synthesis? At the start of the millennium, 

nanocrystal research was producing a steady stream of innovations,3 in areas such as shape 

control,4 heterostructuring,5, 6 self-assembly,7 for applications in photovoltaics,8 biological 

imaging,9 and optoelectronics.10 But reproducing the nanocrystals in these reports could be 

challenging, complicated by the large number of synthetic variables, particularly impurities in 

reagents.4, 11 These issues hindered fundamental studies and real-world adoption of colloidal 

nanocrystals.  

  



 

 

 
 

Figure 1. Microfluidic reactors for nanocrystal synthesis. (a) Glass microchip with multi-zone 
integrated heaters for continuous flow, high temperature synthesis of CdSe nanocrystals.12 (b) 
Glass/silicon/SU-8 microchip for measuring millisecond kinetics of CdSe®Ag2Se with in situ X-
ray absorption spectroscopy.13 X-rays are transmitted through a silicon nitride window on the back 
side (left) of the chip. Droplet generation (c) and convective mixing microstructures (d) in a glass 
microchip for high-temperature segmented flow synthesis of CdSe nanocrystals using 
perfluorinated polyether carrier fluid.14  (e) Millifluidic, PTFE-tubing-based segmented flow reactor 
for cesium lead halide nanocrystals. (Inset) Image of generated droplets after exiting the heating 
zone taken under 405 nm excitation, showing bright luminescence of CsPbX3 nanocrystals, 
reproduced from Lignos et al.15 
 

 

Tiny reactions for tiny particles. To address these challenges, my advisors and I 

envisioned a future in which microfluidic reactors16 would replace the Schlenk lines and three-

neck flasks of conventional nanocrystal synthesis. The automated process control and predictable 

fluid mechanics (e. g., laminar flow) of microfluidic devices would in principle offer greater 

reproducibility, while controllable mixing and rapid thermal transport in microscopic volumes 

would enable fine manipulation and even intensification17 of reactions.18 Finally, the ease of 

running multiple reactors in parallel, with small sample volumes and in situ characterization, would 

facilitate high-throughput screening.18 With a nanocrystal microchip in every fume hood, scientists 
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would be able to precisely synthesize their desired nanoparticles and quickly optimize their 

properties. 

Twenty-five years later, we still don’t have “a chip in every hood,” not only due to the 

technical challenges described below, but also because a single approach rarely addresses every 

need of a discipline.  But, we and others19 did demonstrate that microfluidics are a viable approach 

for synthesizing nanocrystals. The first microfluidic reactions, reported in 2002, were room-

temperature syntheses of CdS19 and TiO2 nanoparticles20 in microfabricated chips, followed by 

high temperature syntheses of CdSe nanocrystals in fused silica microcapillaries.21 In a 2003 

Nano Letters communication, we reported the high-temperature microchip synthesis of CdSe 

quantum dots,1 which reacted and flowed in microchannels etched in glass (Figure 1a) while being 

characterized in-line spectroscopically. Fine control over nanocrystal size and fluorescence was 

achieved by varying reaction temperature (180-210 °C), flow rate ratios (1:1 to 5:1 precursor to 

diluent), and flow rates (1.5-3 µl/min, corresponding to mean residence times of 250-500 s).1 

Subsequent work expanded the utility of these microreactors to a wider range of nanomaterials,18, 

22 including other semiconductors (e.g., InP23), metals, (Au,24  Co25), oxides (SiO2,26 Fe2O3,27 and 

Cu2O electrocatalysts28), and heterostructures (CuInS2/ZnS,29 Pt-Pd on Ti3C2Tx MXenes30). To 

characterize rapid reactions such as nanocrystal cation exchange, we used micromachined 

silicon-based reactors whose narrow, high-aspect-ratio channels facilitated mixing and in situ X-

ray absorption spectroscopy on millisecond time scales (Figure 1b).13 

Lesson #1: Microfluidics do not solve all problems. Early practitioners of microfluidic 

nanocrystal synthesis discovered their disadvantages: the microreactors produced nanoparticles 

with lower quality and with properties (e.g., sizes, shapes, compositions, crystal structures) 

confined to narrower ranges than those accessible to flask syntheses, due to the lower reaction 

temperatures31 and limited reagent compatibility of the devices. Commonly used surfactants like 

long-chain alkylphosphonic acids were solid at room temperature, making them difficult to flow. 

Even worse, solids like aggregated nanocrystals often collected on microchannel surfaces, fouling 

reactions.12, 24, 31-33 Short reaction times led to polydisperse nanoparticles, due to the wide 

residence time distributions34 (>25% standard deviation for a <10 s reaction12) arising from the 

parabolic flow profiles in continuous flow.31 Long reaction times, in contrast, required lengthy 

microchannels35 that resulted in larger dead volumes and high back pressures that could 

destabilize pumps, resulting in inaccurate and intermittent flow rates and imprecise reaction times. 

Lesson #2: Simpler (and segmented) is better. To combat these issues, researchers 

segmented reaction solutions using multi-phase schemes 17 utilizing gas bubbles21, 26, 36, 37 or 

immiscible carrier fluid,14, 15, 26, 32, 38, 39 to separate nanoliter reaction plugs flowing down 



microchannels (Figure 1cd). Reagents mixed rapidly within milliseconds inside each plug due to 

internal convection within the flowing droplets,40 while adjacent plugs remained isolated, acting 

as independent, microscopic batch reactors. In 2005, we developed a high-temperature, liquid-

liquid segmented flow microchip reactor in which CdSe nanocrystals grew in droplets of 1-

octadecene/oleic acid separated by perfluorinated polyether carrier fluid (Figure 1cd), enabling 

stable multiphase reactions up to 300 °C.14 However, segmented flow reactors had their own 

issues: their fluorinated silane coatings, required to stabilize droplet flow in glass reactors, 

degraded after hours, and expensive droplet chips still required specialized expertise to fabricate 

and operate.33   In addition, multiphase systems can exhibit complex phase diagrams, instability, 

increased transport, and miscibility at higher temperatures and different pressures.41 

Despite these challenges, the advantages of segmented flow reactors highlighted that 

microfabricated chips were overengineered for nanocrystal synthesis. Segmenting flow offered 

the same advantages of microchips – fast mixing, predictable transport, and narrow residence 

time distributions – but could be achieved without microfabrication.   Beginning in 2011, 

microchips gave way to millifluidic droplet reactors33, 42 constructed from off-the-shelf 

fluoropolymer tubing (e.g., PTFE) with inner diameters of hundreds of microns to millimeters 

(Figure 1e). The fluorinated material eliminated the need for surface modification and could be 

easily replaced or cleaned. The simplicity of these polymer tubing reactors has resulted in 

segmented flow reactors becoming de facto standard in milli/microfluidic nanocrystal synthesis,41 

enabling present-day researchers to construct complex, modular workflows42 and perform multi-

day reactions of PbS nanocrystals,43 perovskites,15, 39 2D nanomaterials,44 doped systems,45, 46 

gold nanoparticles,38, 47 and chiral nanostructures.48  

Lesson #3: Confining synthetic space confines discovery. The greater problem with 

nanoparticle microreactors in their first decade was their limited scientific impact on nanocrystal 

synthesis, with few discoveries of new materials or phenomena. The devices lacked a “killer 

application” – a use case so compelling that it justified widespread adoption. Microfluidics were 

not ideal for bleeding-edge nanoparticle research because their restricted reaction conditions 

could not be used to make the highest quality nanocrystals. Because the devices could be 

destabilized or permanently disabled by unexpected phenomena like bulk precipitation, they were 

poorly suited for exploratory research, limiting them to screening well-behaved reaction systems. 

This was a major disadvantage in the 2000’s, when many nanocrystal discoveries (e.g., nano-

Kirkendall effect,49 nanocrystal cation exchange50) were observed serendipitously in experiments 

gone awry. High-throughput reactions confined in fixed microscale geometries were not 

conducive to uncovering and investigating such happy accidents, which often required one-off 



changes in workflow and new characterization techniques. The problem with early microfluidic 

reactors was – to paraphrase a movie from that era (2003’s Finding Nemo51) – if you never let 

anything happen to your microfluidic nanoparticle reaction, then nothing interesting would ever 

happen to it.  

Rise of the robots. As a postdoc at the Molecular Foundry, I postulated that automating 

nanoparticle synthesis with robots could bypass many of the frustrations of microfluidics. 

Nanoparticles could be grown in automated batch reactions that closely resembled conventional 

flask reactions and use identical conditions, facilitating transfer of workflows and knowledge 

between the modes. Reactions could be isolated in reactor wells such that failed reactions would 

not disrupt others. Eliminating flow would broaden accessible parameter space by decoupling 

parameters such as reaction times and mixing rates that were correlated in flow reactors,35 and 

offline characterization would enable high-quality characterization without sacrificing throughput. 

 

 
 

Figure 2. Robotic synthesis of semiconductor nanocrystals. (a) WANDA robot at the Molecular 
Foundry, Berkeley Lab.2    (b) Microplate of CdSe and CdTe nanocrystals synthesized in WANDA. 
(c) HAADF-STEM image of multi-shell, NaEr0.75Yb0.1Y0.15F4 
@NaYF4@NaGdF4@NaYF4@NaGdF4 nanocrystals synthesized with WANDA using a multi-step, 
layer-by-layer growth protocol. (d) HERMAN nanocrystal synthesis robot at the Molecular 
Foundry. (e) Microplate of CsPbX3 nanocrystals synthesized in HERMAN, where X = Cl, Br, I and 
their combinations. Image co-credit: Quinten Akkerman. (f) Robotically generated map of 
dominant species produced by the cesium-lead-bromide system as the concentration of cesium 
and lead precursors are varied. ML = number of monolayers in a OLA2CsML-1PbMLBr3ML+1 
nanoplatelet. Reprinted in part with permission from Dahl et al.52 Copyright 2020, American 
Chemical Society. 
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In a 2010 Nano Letters communication, we introduced a robot called WANDA (Figure 2a) 

that synthesized high quality nanocrystals such as CdSe (Figure 2b), CdTe, and lanthanide-doped 

NaYF4 upconverting nanoparticles (Figure 2c).2 WANDA features a custom array of eight, 

independently controlled, high temperature (350 °C) reactors that could rapidly heat and cool 

reactions within minutes due to the low thermal mass of the reactors. In contrast to previous high-

throughput workflows, WANDA was designed to precisely control a smaller number of flask-scale 

reactions to prioritize reproducibility and to enable detailed mechanistic studies. Because there 

were no previously reported robotic reactors for colloidal nanocrystal synthesis, WANDA’s 

reactors took inspiration from parallel reaction arrays developed for polymer synthesis and 

catalysis by Symyx Technologies,53 the combinatorial materials science pioneer that collaborated 

in the design of WANDA. Following synthesis, properties of WANDA’s nanocrystal products, such 

as concentration, size, size distribution, and relative quantum yield can be determined rapidly and 

precisely from absorption and photoluminescence (PL) spectra measured ex situ using high-

throughput microplate readers.  

The benefits of WANDA were immediately apparent: compared to a batch of six manual 

syntheses, robotically grown CdSe nanocrystals exhibited 10-fold greater reproducibility across 

and within 8-reactor batches for features like diameter, and they exhibited 25% narrower size 

distributions (extracted from the full width at half maximum of PL spectra).2  WANDA enabled 

broad screening of nanoparticle reaction conditions, allowing rapid optimization under synthesis 

conditions relevant to nanocrystal chemists.  

Lesson #1 redux: Robots do not solve all problems (but can help isolate them). A 

significant insight from these reproducibility studies was that only half of the reproducibility gains 

were achieved through automation of the process control like liquid handling, stirring, and heating. 

We found that much of the remaining variability in nanocrystal outcomes was introduced before 

automation started, through impurities in reagents, or via inconsistencies in how precursors were 

treated during and after preparation. While the robot could not solve all of these issues, the 

precision of automation allowed us to systematically eliminate errors and quickly isolate external 

sources of error. Our robotic studies established that, even with automation, reproducibility is a 

strong function of manual operations like purifying reagents (e.g., recrystallizing trioctylphosphine 

oxide54) and preparing and using large batches of stock solution under consistent conditions, and 

also subtle adjustments to workflows such as weighing aliquots.2 

Lesson #3 redux: Do the right reactions, not the most reactions. As other combinatorial 

studies have noted,55 some reactions have intrinsic variance regardless of experimental rigor. 



This fact generalizes Lesson #3 from the Microfluidics section: robots can only optimize reactions 

or provide insight about them within the chemical space dictated by the reagents. WANDA can 

screen thousands of combinations of temperature and reagent concentration, but if the 

nanocrystal precursors (e.g., anionic/cationic precursors for binary semiconductors) are 

intrinsically irreproducible or do not have the ideal balance of reactivities,54, 56, 57 automated 

methods may not be able to appropriately tune nucleation and growth to achieve the ideal 

nanocrystal sizes,56 size distribution,58 alloying, 57, 59, 60 or heterostructuring.57, 61, 62 Expanding 

experimental space, e.g., performing a single, manual kinetic isotope experiment, often provides 

more mechanistic insight than sampling 1000 combinations of precursor concentrations within a 

narrow parameter space. These examples illustrate that even with robots, humans and their 

experimental designs provide a critical role in determining the effectiveness of automated 

workflows. In essence, robots are extensions of human effort, acting as force multipliers rather 

than replacements. 

Broadening the library of robotically synthesized materials. Using these lessons, we have 

expanded the library of nanomaterials produced by WANDA to include semiconductors (PbS, 

PbSe, LiZnSb,63 CsPbBr3), metals (Ag, Te), oxides (ZnO64, 65), and doped nanomaterials 

(NaYF4:Yb,Er,66 KPb2Cl567), of various sizes, morphologies (e.g. nanorods64, 65, 68, 69 and 

nanowires), and advanced heterostructures including graded-alloy materials57, 61, 62 and rare earth 

oxychloride nanocrystals with as many as 20 shells.70 A key strength of WANDA is the ability to 

execute complex, multi-step workflows, such as the layer-by-layer, SILAR-like growth of doped 

oxide nanorods64, 65 and multi-shell upconverting nanoparticle heterostructures71 (Figure 2c) with 

up to 10 domains,72 a process that can take over 12 hours and 100 precursor injections. Beyond 

WANDA, we and others have developed additional nanoparticle synthesis robots with capabilities 

including microwave reactors, powder dispensing, and various in-line, in situ, and post-synthetic 

characterization tools. Our 2nd-generation robot, HERMAN (Figure 2de) integrates a custom high 

temperature microplate reactor that can heat as many as 96 samples in parallel to 350 °C and 

purify nanoparticles in an on-deck centrifuge. Other laboratories have developed robots to 

automate the synthesis of CdSe,73 Cu1-xAgxInSySe1-x,74 and metal halide perovskite 

nanoparticles.75, 76 Advanced robotics now automate complex workflows that integrate multiple 

synthesis and characterization modules, connected by mobile robots77 or multi-axis robots.78  An 

outstanding question is whether these robots can deliver scientific innovations that justify their 

development cost and effort. 

Lesson #2 redux: Keep it simple (with robots, too). Our robotic endeavors reinforced 

previous microfluidic lessons that automated workflows are the most productive when complexity 



is kept to the minimum necessary to achieve scientific objectives. While intricate workflows with 

many degrees of freedom and many steps may seem impressive, each individual operation is an 

opportunity for failure, and such complexity increases costs and training. Science is accelerated 

by minimizing steps that can lead to downtime, for example, by using solutions and slurries rather 

than dispensing powders and by dividing tasks among smaller, more specialized, robots that can 

operate in parallel.  Employing robust, off-the-shelf liquid handling robots allowed us to perform 

over 25,000 perovskite reactions,79 and allowed us to understand the stability of double perovskite 

nanocrystals,80, 81 map cesium lead bromide nanocrystal transformations (Figure 2f),52, 82, 83  and 

elucidate their weakly reversible reaction networks.52  

The widespread adoption of inexpensive open-source hardware like Arduino- and 

Raspberry Pi-based microcontrollers84, 85 and OpenTrons liquid handlers75, 76 has empowered the 

construction of nanocrystal synthesis robots by individual labs. 3D printed robots, such as those 

developed by Cronin et al for the synthesis of gold nanoparticles,84, 85 are orders of magnitude 

less costly, faster to upgrade, and can be controlled with Python frameworks. These robots are 

less likely to withstand high temperatures and harsh chemistries, but such generality may not be 

necessary for many nanocrystal reactions with mild conditions.  

Lesson #4: Integrate physical models to maximize scientific impact. The most scientifically 

impactful application of WANDA and other robots has been to produce robust, high-quality 

datasets for training or validating chemical and physical models.  These models have underpinned 

mechanistic investigations into CdSe QD precursor conversion, nucleation, shell growth,54, 86 and 

size distribution evolution,87 gold nanoparticle growth and scattering,88 and photophysical 

modeling of the energy transfer networks within doped upconverting nanoparticles.89-91 The 

importance of interfacing robots with models cannot be overstated: while robots can perform 

hundreds or thousands of reactions to optimize conditions for properties, computational models 

can perform millions of calculations in parallel, enabling simultaneous screening of many 

parameters and generalizing from empirical data into abstract concepts. Compared to traditional 

combinatorial approaches, these models accelerate discovery by intelligently generating and 

testing hypotheses for robotic reactions.  

A salient example of such synergy between models and robotics is the discovery of photon 

avalanching nanoparticles.92, 93 After training a differential rate equation model86 on luminescence 

spectra of WANDA-synthesized NaYF4 nanoparticles doped with hundreds of lanthanide ion 

combinations,90 we used it to predict that Tm3+-doped nanoparticles exhibit energy looping,89 the 

key energy transfer mechanism behind photon avalanching.94 WANDA was used to validate this 

prediction and further optimize the structure of these nanoparticles, leading to the first 



demonstration of photon avalanching in single nanoparticles.95 These avalanching nanoparticles 

(ANPs) exhibit among the highest reported optical nonlinearities -- greater than those of a 30-

photon process -- enabling applications such as <70 nm resolution confocal imaging,95  super-

resolution localization microscopy with 1 Å precision,96 and optical switching.67, 96 Importantly, 

while automation was essential to discovering ANPs, it was only one part of a complex, often 

manual, campaign.  

 
 

 
Figure 3. Machine-learning guided synthesis of nanoparticles. (a) General workflow for closed-
loop, autonomous nanoparticle synthesis guided by machine learning. (b) Reaction sequences 
tested and optimal sequence (red trajectory) during the reinforcement learning of the steps 
(circles) for colloidal atomic layer deposition on CdSe nanoplatelets, reproduced from Volk et al.44  
Inset: absorption peak wavelength vs injection number for conventional and machine-learned 
sequences. (c) UV/blue emission intensity vs number of nanoparticles tested during the Bayesian 
optimization of Yb3+,Er3+,Tm3+-tridoped core-shell NaYF4 nanoparticles simulated with KMC, 
resulting in 110-fold enhancement of intensity. Reprinted with permission from Xia et al.97 
Copyright 2023 American Chemical Society. (d) Heterogeneous graph structure of a core@shell 
upconverting nanoparticle (UCNP) heterostructure doped with Yb3+ and Er3+.72 (e) 9-shelled Er3+, 
Nd3+, and Yb3+-doped UCNP optimized with a heterogeneous graph neural network trained by 
KMC simulations.72  
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Machines for machine learning. In the current technological era, microfluidic and robotic 

workflows have finally found their killer application: feeding the insatiable demand for data by 

machine learning (ML) models.79, 98  High-throughput workflows are now prized for their ability to 

efficiently generate the “big data” required to train modern ML models.99 A major focus is 

autonomous, “self-driving” labs in which in-line characterization directs subsequent experiments, 

enabling rapid “closed-loop” optimization of materials and efficient exploration of parameter space 

(Figure 3a shows an example workflow).s 

As early as 2007, pioneers in microfluidic nanocrystal synthesis recognized the value of 

such reactors for producing large datasets, training neural networks102 and performing closed-

loop statistical optimization of nanocrystal properties.103, 104 Such demonstrations were sparse and 

sporadic, however, until the artificial intelligence (AI) boom of the late 2010’s, when ML-guided 

nanocrystal research accelerated with the optimization of metal halide perovskite nanoparticle 

luminescence wavelengths in microfluidic droplet reactors (MARIA105) and with mobile robots 

(AIR-Chem104). By 2020, ML and automation were firmly established in nanocrystal research, with 

segmented flow reactors utilizing Bayesian and neural network algorithms for optimizing the 

wavelength,39 doping,46 and chirality48 of perovskite nanoparticles, and exploring colloidal atomic 

layer deposition of nanoplatelets (Figure 3b).44 Robots have been integrated with genetic 

algorithms,85 literature mining,78 large language models70, 106 and AI-guided sizing88 to synthesize 

Au nanocrystals, Ag nanorods, CsPbBr3, and Cs2AgIn1−xBixCl6 double perovskite nanoparticles.  

We used robots to build ML models for ZnCdSSe quantum dots,60 and used pairwise difference 

regression to identify ligands that enhance the luminescence of CsPbBr3 quantum dots.107 

Lesson #1 revisited: ML does not solve all problems, even with automation. We quickly 

realized that no robot – regardless of throughput – can fully supply the data demands of ML 

models. Even active learning approaches107, 108 designed for small data struggle to cover the vast 

synthetic and compositional space of nanocrystals, and even massive experimental campaigns, 

do not guarantee new discoveries.  

A key challenge of training ML models with experimental data is selecting which features 

to measure – as discussed in Lesson #3, nanocrystal reactions can only be optimized within the 

confines of the defined feature space. Characterizing and sampling even a fraction of minor but 

potentially critical features like reagent impurities11 would require immense resources, as would 

training models in such high-dimensional feature space.  Furthermore, while parameters such as 

temperature and concentration are easily varied, varying critical features like the chemical 

structure of ligands requires new chemicals to be purchased or synthesized, and properties such 



as solubility, chemical compatibility, and toxicity to be determined.107 These operations become 

the bottleneck, rather than the trivial steps of synthesis.  

Nanoparticles also have complex, hierarchical structures that span disparate length scales 

– from atomic point defects to microscale super-lattices – that are difficult to represent in models. 

Unlike organic molecules and bulk crystals, nanoparticles lack a standard digital representation 

(e.g., string or list of atomic coordinates) because they consist of disparate components, such as 

dopants, defects, and surface ligands, many of which are not characterized routinely.72 Likewise, 

nanocrystal synthesis can involve multiple steps, including purification, that are not always well 

documented.  We have recently used graph representations to tackle these issues, allowing 

graph-based models to more efficiently and accurately capture the spatial and conceptual 

relationships between features, such as energy transfer interactions between dopants in different 

domains in multi-shelled UCNP heterostructures (Figure 3de).72  However, these models are still 

complex and require large training datasets. 

Lesson #4 redux: Statistical models need physical models, too. As with automated 

synthesis, we have found that nanocrystal applications of ML are most effective when used in 

conjunction with high-throughput computational screening, which produces well-labeled data that 

can be generated reproducibly in large quantities. We recently demonstrated the Bayesian 

optimization of core/shell Yb/Er/Tm-tridoped UCNPs using kinetic Monte Carlo (kMC) simulations 

achieving over 110-fold increase in ultraviolet luminescence intensity after only 40 iterations 

(Figure 3c).97 For complex heterostructures of 3-10 shells, we used a >6000-element KMC 

dataset to train heterogeneous graph neural networks (Figure 3d) that exhibited the ability to 

extrapolate beyond the KMC data and predict structures that had up to 6-fold greater upconverted 

intensities (Figure 3e).72    

Simulations can also be slow, however; some of the aforementioned KMC simulations 

require more than 60 days.72    Computationally trained ML models also need to be validated 

experimentally. In many cases, further optimization with robots is needed to reconcile 

discrepancies between experiment and models. Mixed ML models that can learn from both high-

throughput experiments and simulation could be developed using fine tuning, transfer learning,109 

multi-fidelity approaches,110 and digital twins.46 Such combined approaches will be vital for 

efficient screening of the high-dimensional parameter spaces of future nanostructures.  

Conclusions and outlook. As automated nanochemistry enters its next 25 years, it will 

be fascinating to see how ML-guided experimentation transforms science. Will there be a robot 

or AI agent in every hood? My journey through nanocrystal research with microfluidics, robots, 



and ML suggests that the most successful applications of AI and automation will be those that 

focus on the science by keeping the following lessons in mind: 

 

1. Automation and ML should not be treated as magic cure-alls but as tools for augmenting 

sound scientific strategies. As with any technique, these tools have their strengths and 

weaknesses and should only be used if they are the most appropriate tools for reaching a 

conclusion. 

2. Keep it simple.  Automated workflows are the most effective when they are streamlined and 

focus on critical bottlenecks, such as initial screening, generating training datasets, and 

characterizing properties. A key skill is identifying such rate limiting operations as workflows 

evolve – for some steps, manual experimentation may be most effective and provide the most 

insight. ML approaches such as digital twins44 can be developed to recommend efficient 

experimental strategies for balancing robotic and manual experiments. 

3. Technology should not confine discovery. Automated techniques should be able to adequately 

sample experimental space and provide opportunities to identify serendipitous phenomena111 

and make conceptual connections. New ML models, such as those based on foundation and 

large language models,112 must be trained to make such connections, generate hypotheses106 

from unexpected data, and work around obstacles to testing those hypotheses. 

4. Integrate and ground workflows with physical models to maximize fundamental insight and 

generate useful hypotheses. 

 

The prominence of automated and ML tools will rise and fall as with all technology trends, but 

their greatest impacts on nanocrystal synthesis will come from accelerating experiments that 

reveal new materials and scientific insights. Precedent suggests that, like lasers and digital 

computers, AI and automation will find their role in unexpected and inconspicuous ways, buried 

in mundane tools and Supporting Information sections, leaving everyday nanocrystal science as 

their ultimate killer app. 
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