
ABSTRACT 

EPPS, ROBERT WOOD. Accelerated Lead Halide Perovskite Development by Autonomous 

Robotic Experimentation in Flow (Under the direction of Dr. Milad Abolhasani). 

 

Conventional batch scale synthesis strategies for the exploration and manufacturing of 

colloidal nanomaterials are often inefficient and unable to sufficiently control the relevant 

multivariate synthesis space due to high chemical consumption, low sampling rates, and 

uncontrolled heat and mass transfer rates. For a burgeoning and highly sensitive material group 

such as lead halide perovskite (LHP) nanocrystals, time- and labor-intensive batch synthesis 

strategies cannot effectively capture the full complexity and potential of the reaction space, thereby 

limiting innovation and discovery. Recently, microfluidic platforms have been hailed as a 

promising alternative method for controlled synthesis of LHP nanocrystals due to their sampling 

efficiency and proclivity to process automation and optimization as well as tunable and predictable 

advection rates. In this thesis, a plug-and-play modular microfluidic synthesis strategy is presented 

to (i) capture complete tunability in the synthesis and modification of cesium lead-halide 

perovskite nanocrystals and (ii) achieve on-demand synthesis property tuning for continuous 

nanomanufacturing through devices and strategies that may be immediately applied towards the 

study of a wide range of colloidal nanomaterials. The developed microfluidic LHP nanocrystal 

synthesis strategy enabled, for the first time, decoupling of the advection rates and residence times 

in a continuous flow process for the room-temperature synthesis and halide exchange of LHP 

perovskite nanocrystals. This system sampled up to 10,000 experimental conditions per day and 

produced nanocrystals with emission bandgaps ranging from 465 to 512 nm, solely through 

variable mixing. Next, through integration of a sample isolation loop with the microfluidic reactor, 

the LHP precursor formulation module and microreactor were separated, thereby enabling 



continuous systematic exploration of LHP synthesis conditions at arbitrarily long residence times 

within the same microreactor length. 

In order to investigate the properties of the in-flow synthesized LHP nanocrystals in-situ, 

three novel modules were developed and integrated with the microfluidic platforms: (i) a reduced 

path length flow cell for in-situ spectral characterization of high concentration samples, (ii) a 

passive micromixer for facile continuous flow mass-transfer enhancement, and (iii) a low-cost 

velocity and phase length detector for precise process control in a multiphase flow synthesis 

format. Next, these flow and material characterization modules were integrated with machine 

learning-guided synthesis space exploration algorithms to achieve the closed-loop, autonomous 

LHP nanocrystal development in flow via an Artificial Chemist. The impact of in-house generated 

experimental data sets in the autonomous formulation-synthesis-property optimization of LHP 

nanocrystals was demonstrated in two case study evaluations of the halide exchange of cesium 

lead bromide nanocrystals. Through eight different synthesis space algorithms and after over 1,400 

automatically selected experiments, the first application of neural networks in a self-optimizing 

colloidal nanomaterial synthesis system was demonstrated through an ensemble neural network 

model with statistical inference from a position of no prior data. Using the data sets generated in 

these studies a surrogate model was constructed to represent the physical experimental platform. 

Through this model and high-performance computing, over 150 machine learning-guided 

decision-making algorithms were tested across more than 600,000 simulated experiments. These 

simulated studies demonstrate the favorable performance of the ensemble neural network method 

over several established techniques as well as improve the performance of the previously reported 

model. 



The work presented in this thesis demonstrates the potential of modular, tube-based 

microfluidic platforms for the accelerated synthesis and development of colloidal LHP 

nanocrystals through integration of novel fluidic microprocessors with time- and resource-efficient 

material space exploration strategies. Further implications of the scientific knowledge and 

technologies presented here will impact the rate of LHP development and discovery and their 

adoption by energy and chemical industries. 
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CHAPTER 1 

Background and Motivations 

Over the past two decades, colloidal semiconductor nanocrystals, known as quantum dots 

(QDs), (e.g., CdSe, ZnS, InP, and organic/inorganic perovskite) have been extensively explored 

for device-level applications in solution processed photovoltaics and light emitting diodes.1–13 

While the synthesis (nucleation and growth) of II-VI and III-V QDs have been extensively 

characterized, a fundamental and complete understanding of the next generation of QDs – such as 

organic/inorganic halide perovskite QDs – has yet to be established. Comprehensive 

characterization of the reaction kinetics for these groups as well as continuous inline optimization 

to account for batch-to-batch variability would significantly enhance band-gap engineering in 

large-scale manufacturing. In the effort to discover and develop next-generation QDs, there exists 

a significant need for the development of automated robust strategies that rapidly explore the large 

parameter space (both continuous and discrete variables) associated with the synthesis of QDs and 

simultaneously deliver high quality, application-ready nanoparticles.14,15 

Although conventional flask-based strategies have been the main driving force for the 

discovery and studies of QDs over the past three decades,16,17 approaching characterization, 

screening, and optimization of QDs with a manual batch system presents inherent limitations in 

sampling rate, reagent volume, and analysis time.18,19 Furthermore, scale-up from batch synthesis 

for large-scale manufacturing of high-quality QDs often amplifies existing mixing inefficiencies 

and well-known batch-to-batch variation that can further affect the resulting products through 

variable and unfavorable heat and mass transfer kinetics. In the case of inorganic halide perovskite 

QDs (e.g., cesium lead trihalide), nucleation and growth kinetics occur on the order of seconds.3,13 

Therefore, it may be challenging to obtain sufficiently small Damköhler numbers (Da) in batch 
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systems for accurate (i.e., not mass transfer limited) reaction kinetics characterization, which may 

result in an inhomogeneous nucleation process (Figure 1-1A).20  

 

 

Figure 1-1. Mixing and mass transfer limitations of (A) batch systems compared to (B) multi-

phase microfluidic strategies for screening and large-scale manufacturing of colloidal 

semiconductor nanocrystals. 

 

Over the past decade, microfluidics has been promoted as an alternative strategy towards 

addressing the previously-mentioned challenges associated with conventional flask-based 

systems.21–25 Single-phase microfluidic strategies, while superior to batch systems in chemical 

consumption and sampling efficiency, are oftentimes limited to laminar flow regimes with an 

unwanted axial dispersion, which can restrict mass transfer to radial diffusion.26 In contrast, 
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microscale multi-phase flow has been demonstrated to achieve substantially shorter mixing 

timescales on the order of 1 ms due to two axisymmetric recirculation patterns formed within the 

moving droplets.27 The enhanced mixing and mass transfer characteristics of multi-phase 

microfluidics makes it an ideal option for high-throughput screening and inline optimization of the 

synthesis of colloidal nanocrystals (Figure 1-1B). Recently, different multi-phase microfluidic 

strategies including combinatorial sampling,28 three-phase flow format,29 single droplet oscillatory 

flow method,30 and chip-based approaches, 31–34 have been developed for the labor- and material-

efficient characterization and screening of various colloidal semiconductor nanocrystals as well as 

scaled-up synthesis.35 It should be noted, however, that consistency in plug formation and flow 

rates within numbered up microfluidic manufacturing platforms presents a significant challenge in 

regard to uniform mass transfer properties and is an active topic of research. Numerous commercial 

production systems that seek to address flow irregularities have been proposed.36–39 

In-situ microfluidic studies of nanomaterials synthesis are typically performed using a 

single detection point attached to the reactor outlet (e.g., UV-Vis, fluorescence, or IR 

spectroscopy) with a constant length reactor segment.16,17 Time-dependent data are then obtained 

by varying flow rates within this stationary system. However, the direct correlation between the 

mixing timescale and the average flow velocity of multi-phase microfluidic strategies, combined 

with the strong dependency of the formation of nanocrystal nuclei to the degree of mixing, would 

result in temporal spectral measurements obtained under significantly different mixing 

characteristics.  

Despite the substantial improvement in performance of perovskite QDs over the past five 

years,40–43 one major obstacle hindering their development is Edisonian (trial and error)-based QD 

synthesis, discovery, and optimization methods.44 Currently, flask-based and combinatorial 
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experimental platforms are used to search over the vast chemical universe (i.e., reaction space) of 

metal halide perovskite QDs and their synthetic routes for applications in optoelectronic devices. 

Such strategies often fail to surpass the output of an expertly guided, albeit ad-hoc, manual search, 

resulting in a time- and cost-intensive discovery of the optimal synthetic pathway.45 These methods 

also fail to meet the challenges imposed by batch-to-batch precursor variability, which is prevalent 

in QD syntheses.46 When moving between laboratories, source chemicals, reactors, or even 

replicates in a QD synthesis, it is difficult to attain a consistent product. Colloidal semiconductor 

nanocrystals are highly complex and sensitive materials, where two compositionally identical 

solutions may have entirely different optoelectronic properties (differently sized nanocrystals). 

The massive chemical universe of colloidal QDs and strong dependency of their optoelectronic 

properties on environmental/synthesis conditions demonstrates a need for a high-efficiency 

autonomous robotic experimentation strategy, located in-house with the synthetic chemist, to 

rapidly mine the experimentally-obtained QD synthesis data and intelligently select the next 

reaction conditions. 

While in their infancy, self‐optimizing devices have begun to unravel the challenges of 

these more complex chemical processes, with their existing applications spanning organic 

reactions to nanocrystal syntheses.47–49 Recent advances in supervised and reinforcement machine 

learning (ML) techniques, such as multi‐output neural networks (NNs), ensemble methods, and 

Bayesian optimization, provide an exciting opportunity for reshaping the synthesis and 

optimization of QDs through the ML‐based direction of a high‐throughput QD synthesizer.50 

Among the rapidly growing variety of ML applications, including expedited and enhanced 

analyses of complex reaction data sets,50–56 deep reinforcement learning algorithms have recently 

been demonstrated to outperform highly trained human experts when utilized to predict the 
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outcome, optimize the yield, and plan synthesis routes of various reactions in both supervised and 

self‐optimizing systems. Such ML‐accelerated strategies have been effectively applied to a large 

number of studies, which span organic synthesis planning and optimization51–53,55,56 to the 

formation of advanced materials, including single‐crystal perovskites,57 metal–organic 

frameworks and nanocapsules, 58,59 gold nanoclusters,50 and lead sulfide QDs.54 Capitalizing on 

the recent progress of ML‐enhanced optimization algorithms, a smart QD manufacturing strategy 

that relies on decision‐making algorithms and NNs trained on experimentally‐measured QD 

properties can significantly accelerate the synthetic path discovery, optimization, and continuous 

manufacturing of colloidal QDs with precision‐tailored optoelectronic properties.  
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CHAPTER 2 

Automated Microfluidic Platform for Systematic Studies of Colloidal Perovskite 

Nanocrystals: Towards Continuous Nano-Manufacturing 

R. W. Epps, K. C. Felton, C. W. Coley, and M. Abolhasani, Lab on a Chip, 2017, 17 (23), 4040-

4047. 

 

2.1. Introduction 

Colloidal organic/inorganic metal-halide perovskite nanocrystals have recently emerged as 

a potential low-cost replacement for the semiconductor materials in commercial photovoltaics and 

light emitting diodes. However, unlike III-V and IV-VI semiconductor nanocrystals, studies of 

colloidal perovskite nanocrystals have yet to develop a fundamental and comprehensive 

understanding of nucleation and growth kinetics. Here, we introduce a modular and automated 

microfluidic platform for the systematic studies of room-temperature synthesized cesium-lead 

halide perovskite nanocrystals. With abundant data collection across the entirety of four orders of 

magnitude reaction time span, we comprehensively characterize nanocrystal growth within a 

modular microfluidic reactor. The developed high-throughput screening platform features a 

custom-designed three-port flow cell with translational capability for in-situ spectral 

characterization of the in-flow synthesized perovskite nanocrystals along a tubular microreactor 

with an adjustable length, ranging from 3 cm to 196 cm. The translational flow cell allows for 

sampling of twenty unique residence times at a single equilibrated flow rate. The developed 

technique requires an average total liquid consumption of 20 µL per spectra and as little as 2 µL 

at the time of sampling. It may continuously sample up to 30,000 unique spectra per day in both 

single and multi-phase flow formats. Using the developed plug-and-play microfluidic platform, 
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we study the growth of cesium lead trihalide perovskite nanocrystals through in-situ monitoring 

of their absorption and emission band-gaps at residence times ranging from 100 ms to 17 min. The 

automated microfluidic platform enables a systematic study of the effect of mixing enhancement 

on the quality of the synthesized nanocrystals through a direct comparison between single- and 

multi-phase flow systems at similar reaction time scales. The improved mixing characteristics of 

the multi-phase flow format results in high-quality perovskite nanocrystals with kinetically tunable 

emission wavelength, ranging as much as 25 nm at equivalent residence times. Further application 

of this unique platform would allow rapid parameter optimization in the colloidal synthesis of a 

wide range of nanomaterials (e.g., metal or semiconductor), that is directly transferable to 

continuous manufacturing in a numbered-up platform with a similar characteristic length scale.  

In this work, we report the first modular microfluidic platform that is ideal for in-situ 

screening and optimization of the synthesis of colloidal nanocrystals with both fast and slow 

kinetics at the synthesis temperature through controlled mixing. Utilizing a custom-designed, 

translating flow cell we demonstrate a significant improvement in sampling efficiency over 

stationary flow cell systems by obtaining up to 40 unique sample spectra associated with 20 unique 

residence times within a single equilibrated flow reactor at a constant mixing timescale. Next, as 

a case study, we characterize the relatively fast colloidal synthesis of cesium lead trihalide QDs to 

address the impact of mixing timescale (through adjusting the flow velocity) across both single 

and multi-phase systems as it pertains to nanocrystal growth and final product quality.  

2.2. Materials 

Cesium hydroxide solution (50 wt% in H2O ≥ 99.9% trace metals basis), lead(II) oxide (≥ 

99.9% trace metals basis), tetraoctylammonium bromide (98%), and oleic acid (technical grade 
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90%), were purchased from Sigma-Aldrich. Toluene (99.85% extra dry over molecular sieves) 

was purchased from ARCOS Organics. 

2.3. Precursor Preparation and Synthesis 

The precursor preparation and perovskite synthesis were adapted from the procedures 

reported by Wei et al.8, with minor modifications to better suite mixing analyses and continuous 

flow experiments. 

Precursor 1 (Cesium-Lead). 3 mL of a high-concentration Cs-Pb solution was prepared by 

first heating 0.6 mmol cesium hydroxide, 0.6 mmol lead(II) oxide, and 3 mL oleic acid in an 8 mL 

vial at 160 ⁰C until a clear solution was formed (approximately 15 minutes), followed by heating 

at 120 ⁰C for 1 hour. 0.0021 M Cs-Pb precursor used in syntheses was prepared by further diluting 

0.5 mL of the high concentration solution with 47.5 mL of toluene in a sealed 50 mL vial. 

Precursor 2 (Bromide). 15 mL of the 0.013 M Br precursor solution was prepared by 

dissolving 109 mg tetraoctylammonium bromide in 1 mL oleic acid and 14 mL toluene in a sealed 

20 mL vial then vigorously stirring until a clear solution was obtained.  

Both single and multi-phase flow syntheses were performed by continuously flowing the 

two precursors at a 6.4:1 – (precursor 1):(precursor 2) volumetric ratio. Flow equilibrium in the 

microreactor was assumed to occur after waiting three residence times for the furthest sampling 

port. Comparative batch syntheses were performed by swiftly injecting the Br solution into a 

quickly stirring (700 rpm) Cs-Pb precursor solution in the same volumetric ratio used in flow 

synthesis. 

2.4. Reactor Design 

  The modular screening platform, shown in Figure 2-1, consists of an adjustable length of 

off-the-shelf Teflon tubing (Microsolv, fluorinated ethylene propylene (FEP), 0.125” OD, 0.04” 
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ID), a custom-designed translating three-port flow cell, a collection of modular flow cell tracks 

with sampling ports, and a raised support structure on each end of the reactor length. The support 

structures, flow cell, and sampling tracks are each custom machined in aluminium (ProtoLabs), 

and the modular reactor extensions are 3-D printed in a stereolithography resin (Methacrylate 

Photopolymer Resin, Formlabs Form 2, 0.025 mm layer resolution). The reconfigurable 

microreactor system may operate under both single and multi-phase flow formats. Single-phase 

flow experiments incorporate an off-the-shelf T-junction (IDEX Health & Science, 1/16” PEEK), 

shown in Figure 2-1B, while multi-phase flow experiments utilize a custom-designed PEEK four-

way junction with a T-junction combination of precursors followed by a Y-junction plug formation 

with an inert gas (10 psig, nitrogen), shown in Figure 2-1C. 
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Figure 2-2. (A) Schematic illustration of the automated and modular microfluidic platform with 

the three-port translational flow cell and the optional extension module. (B) Schematic of the 

standard T-junction for the single-phase flow and (C) the custom-designed four-way junction for 

the multi-phase flow format implementing a Y-junction plug formation. 

 

Operation of the automated microreactor system is carried out through a custom-developed 

LabVIEW script to control three syringe pumps (Harvard Apparatus, PHD Ultra), a 30-cm 

translational stage with a maximum linear velocity of 5 cm/s (Thorlabs, LTS300), fiber-coupled 

fluorescence and absorption characterization light sources (Thorlabs, M365LP1; Ocean Optics, 

DH-2000BAL), and a fiber-coupled photospectrometer (Ocean Optics, Flame Miniature 

Spectrometer). The LabVIEW process flow chart is provided in Appendix A, A-1. The ratio of the 

precursors was adjusted by controlling the volumetric flow rates of precursor 1, Q1, and precursor 

2, Q2. The size of the liquid plugs was tuned by adjusting the relative flow rates of the continuous 
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phase (i.e., pressurized nitrogen), QG, to the total liquid phase, QL=Q1+Q2. Upon reaching 

equilibrium at the desired feed conditions, the translational stage automatically positions the three-

port flow cell along each of the 20 sampling ports. Absorption and PL pathlength corrections are 

applied to take into account the port-to-port variations (see Appendix A, Figures A-2 and A-3). 

Upon reaching a preregistered port position, the stage is temporarily stopped and a light-source 

toggle sampling system, shown in Figure 2-2, is applied. The sampling of a single condition 

includes an average across ten individual spectra for both absorption and photoluminescence, and 

it may complete in as little as 400 ms. Sampling times for multi-phase flow is dependent upon the 

specific condition flow rates– i.e., the duration of time required for at least two plugs to pass the 

sampling port.  

 

 

Figure 2-2. Schematic of the toggle switching strategy used for the automatic acquisition of both 

absorption and photoluminescence spectra of in-flow synthesized perovskite QDs using the same 

fiber-coupled miniature photospectrometer. 

 

The designed modular microfluidic system can be adjusted to capture desired nanocrystal 

growth characteristics across a large range of average fluid velocities (0.6 mm/s – 13 cm/s). With 

the reactor extension modules, samples can be taken from 3 to 196 cm of microreactor length, 

while variable fluid flow rates within this modular system allow for residence times to span across 
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four orders of magnitude, from 100 ms to 17 min. The adjustable microreactor length (achieved 

by extension modules in combination with the translational three-port flow cell) make the 

developed microfluidic platform an ideal strategy for systematic characterization of mixing 

properties attributed to differences in fluid velocity at equivalent residence times. By rapidly 

sampling up to 40 unique ports for a single equilibrated flow condition, the microfluidic platform 

requires on average 2 µL of precursors for each unique spectrum and may acquire up to 30,000 

spectra corresponding to 15,000 experimental conditions within a single day.  

2.5. Plug Detection 

In a microscale multi-phase flow format, continuously obtained spectral data at every 

detection point changes significantly as different phases move across the sampling port (cf Figure 

2-3). Not only do the corresponding PL and absorption spectra between the continuous (gas) and 

the dispersed (liquid) phases vary, but the refractive properties at their curved interface can 

substantially alter the resulting spectral data. Averaging spectra across multiple plugs is an 

acceptable response to this variability, and it is certainly a reasonable and necessary approach 

while operating at relatively high average velocities (see Appendix A, Figure A-4).  

However, in lower plug velocity conditions, averaging spectra over a long integration time 

becomes a significant limitation in terms of sampling time and precision, as more time is required 

for an equivalent volume of liquid sample to pass the sampling point. To address this sampling 

constraint, spectral characterization in low flow rate systems (Uave ≤ 11 mm/s) implemented a 

plug detection algorithm, which applies local variance calculations to continuously sampled 

spectra in order to find the stabilized region within a single liquid plug. The plug detection scheme 

then selected the ten optimal spectra within the continuous sampling timespan and averaged them 
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together (see Appendix A, Figures A-4 and A-5). This technique enabled consistent and equivalent 

spectra collection in a fraction of the time required otherwise.  

 

 

Figure 2-3. (A) Fluorescence image of gas-liquid segmented flow under UV illumination and the 

corresponding, continuously collected (B) PL and (C) absorption spectra at one of the sampling 

ports along the microreactor shown in Figure 2-2. Gas phase: pressurized nitrogen (10 psig) at 

QG=278 µL/min; liquid phase: toluene containing perovskite QDs at QL= 185 µL/min. Integration 

times of 4 ms and 15 ms were used for PL and absorption spectra shown in graphs (B) and (C), 

respectively. Scale bar is 1 mm. 
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Nanocrystal growth and proliferation can be monitored using the PL and absorption spectra 

obtained at a single pass of the translating flow cell at each equilibrated flow rate. Figure 2-4 shows 

an example of in-situ obtained time-evolution of the absorption and PL spectra of CsPbBr3 QDs 

synthesized at a constant average flow velocity, Uave of 1.8 mm/s. The temporal spectra data 

obtained at different residence times (i.e., different sampling ports) at a constant total average flow 

velocity ensures the obtained emission band-gaps and average concentration of the formed 

nanocrystals at different growth times are not affected by the variation in the degree of mixing. 

Thus, the translational three-port flow cell, for the first time, can provide spectral information 

regarding the synthesis of colloidal nanocrystals with similar mixing and mass transfer 

characteristics during the synthesis period. The increase in the absorbance of CsPbBr3 QDs within 

the liquid plugs along the flow direction, shown in Figure 2-4, corresponds to the increase in both 

size (growth) and concentration (formation of new nuclei) over time. Growth of the area under PL 

curves further confirms the formation of more nanocrystals, while the gradual red-shift of the first 

excitonic peak wavelength of the absorption spectra as well as PL peak wavelength (λP) from 502 

nm at 16 s to 507 nm at 150 s suggests a slow growth of the nanocrystals over longer reaction 

timescales than previously explored.8,9,60,61 
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Figure 2-4. Sample of in-situ obtained absorption and PL spectra of CsPbBr3 QDs for a single 

total flow rate condition operated in the multi-phase flow format over multiple residence times 

(i.e., various sampling ports along the microreactor). Pressurized nitrogen (10 psig) was used as 

the continuous phase. Experimental conditions were Q1=32 µL/min, Q2=5 µL/min, QG=52 

µL/min. Integration times of 4 ms and 15 ms were used for PL and absorption spectra, respectively. 

Maximum velocity of 5 cm/s was used for the periodic movement of the translational flow cell. 

Data were collected within a single pass of the translational flow cell. 

 

2.6. Case Study: Effect of Mixing on the Formation of Perovskite QDs 

To demonstrate the versatility of the developed modular microfluidic platform, we utilized 

the translational three-port flow cell to study the effect of early stage mixing of precursors on the 

emission band-gap of CsPbBr3 QDs. We demonstrate this relationship through several methods. 

First, as shown in Figure 2-5A, absorption and PL spectra of in-flow synthesized CsPbBr3 QDs at 

similar residence times (i.e., growth times) along the microreactor were compared between single 

and multi-phase flow formats. At the relatively low average flow velocity of 0.63 mm/s, 

corresponding to a residence time of 450 s, only a slight λP difference of 1.1 nm was observed 

between the single and multi-phase flow formats, suggesting similar mixing characteristics for 
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both systems. But, as the average flow velocity was increased to 44 mm/s, the variation of PL peak 

wavelength between the single and multi-phase flow formats became an order of magnitude larger, 

increasing to a 11.6 nm difference at a residence time of 6.2 s. Furthermore, the corresponding 

absorption spectra demonstrated a higher CsPbBr3 concentration (absorbance) when transitioned 

to multi-phase flow at a similar residence time. The results shown in Figure 2-6A suggest that 

inter-phase mixing and mass transfer characteristics greatly influence the emission band-gap and 

concentration of the synthesized CsPbBr3 QDs. As the average flow velocity decreases, mass 

transfer within both single and multi-phase flow systems becomes closer to the diffusive regime, 

however, by increasing the average flow velocity, the convective mixing due to the formed 

recirculatory patterns within the multi-phase plugs begins to significantly enhance inter-phase 

mixing, further separating multi-phase nanocrystal properties from that of equivalent single-phase 

systems. The enhanced mixing characteristics offered by multi-phase flow enables the production 

of a higher bulk concentration of blue-shifted particles compared to that found in single-phase 

products (Figure 2-5A). Capitalizing on the modularity of the designed microfluidic platform, the 

same inline flow regime product comparisons shown in Figure 2-5A can be conducted at any 

arbitrarily selected reactor length varying between 3 to 300 cm. This phenomenon is further 

demonstrated with an extensive screening of the λP at similar average flow velocities across both 

single and multi-phase systems, shown in Figure 2-5B and C, respectively. An example of three 

sets of in-situ obtained absorption and PL spectra of CsPbBr3 QDs is shown in the Appendix A, 

A-6. As expected, no significant difference was observed between the PL peak wavelength of 

CsPbBr3 QDs in single-phase flow systems at equivalent residence times across variable average 

flow velocities. Thus, a continuous relationship between residence time and emission band-gap of 

CsPbBr3 QDs was observed in single-phase flow systems (Figure 2-5B). Testing in multi-phase 
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flow, however, demonstrated a far greater impact of the average fluid velocity on the emission 

band-gap of CsPbBr3 QDs. Perovskite nanocrystals synthesized in multi-phase flow systems 

followed significantly distinct growth paths across different average flow velocities (Figure 2-5C). 

As can be seen in Figure 2-5C, higher average flow velocities (i.e., faster mixing timescales) 

produced QDs with a lower PL peak wavelength corresponding to a higher emission band-gap. A 

PL peak wavelength difference as great as 25 nm at equivalent residence times was observed for 

CsPbBr3 QDs synthesized using different average flow velocities in the multi-phase flow system.  
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Figure 2-5. (A) In-situ obtained PL and absorption spectra of CsPbBr3 QDs for single (light) and 

multi-phase (dark) flow formats at a 27.6 cm reactor length with the change in PL peak wavelength 

across three different average fluid velocities. Note that the measured absorption spectra at 44 

mm/s were below the detection limit of the photo spectrometer (<0.05 a.u.). PL peak wavelength 

time-evolution as a function of residence time over varying average fluid velocities for (B) single 

and (C) multi-phase flow systems. All spectra were collected across the full modular reactor 

without extension units. Integration times of 4 ms and 15 ms were used for the obtained PL and 

absorption spectra, respectively. 

 

We further evaluated the stability, dependency, and control of the emission band-gap of 

CsPbBr3 QDs through the collection and imaging of flow samples, shown in Figure 2-6. 

Synthesized CsPbBr3 QDs using single phase flow format at different values of Uave resulted in 

colloidal solutions with similar emission band-gaps (i.e., fluorescence colors), shown in Figure 2-

6A, that is consistent with the independence of the PL peak wavelength of CsPbBr3 QDs to the 
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average flow velocity of single-phase flow system shown in Figure 2-6B. However, the 

synthesized CsPbBr3 QDs using the multi-phase flow system (see Appendix A, Figure A-7) 

resulted in distinct emission band-gaps at different average fluid velocities (i.e., different inter-

phase mixing characteristics). Next, by applying variable reactor lengths within the automated 

microfluidic platform using the extension modules, we studied the correlation between the average 

flow velocity of multi-phase flow systems and the PL peak wavelength of CsPbBr3 QDs, shown 

in Figure 2-6D.   
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Figure 2-6. Fluorescence images of collected Colloidal CsPbBr3 QDs under UV illumination, 

synthesized using the (A) single and (B) multi-phase flow formats at average flow velocities of 

1.0, 3.1, and 15 cm/s through (C) 5 m of 1/16” FEP tubing with an ID of 0.04” (A and B images 

were taken approximately 30 min after synthesis, and C images were taken 15 s after halting flow). 

Scale bars are 2 mm. (D) Illustration of the effect of inter-phase mixing timescale on the PL peak 

wavelength of CsPbBr3 QDs as a function of the average flow velocity over four residence times 

using the multi-phase flow system. Each set of constant residence time data was sampled at reactor 

lengths of 28, 112, and 198 cm through the incorporation of extension modules. An integration 

time of 4 ms was used for the detection of PL peak wavelengths. 
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This result further supports the claim that early mixing kinetics greatly influence the 

nucleation and growth pathway of perovskite nanocrystals as well as their physicochemical 

properties at later time scales. Thus, the QD products of conventional batch synthesis approaches 

will have significant variability (Figure 2-7A) due to variable mass transfer timescales and 

different Da values at early injection times across different scales (e.g., small vial vs. big flask). 

In contrast, the developed multi-phase microfluidic strategy provided consistent and reproducible 

mixing and mass transfer characteristics and was, therefore, capable of producing QDs with similar 

emission band-gaps at different throughputs (Figure 2-7B).  

 

 

Figure 2-7. (A) Demonstration of batch CsPbBr3 QD synthesis variability within 2 mL and 20 mL 

vials compared with (B) an equivalent volume of multi-phase microfluidic products under UV 

illumination. 

 

2.7. Conclusions 

In conclusion, we designed and developed a fully automated modular microfluidic platform 

for fundamental and applied studies of the large parameter space associated with the colloidal 

synthesis of semiconductor nanocrystals. The developed three-phase translational flow cell 

integrated with the modular microfluidic platform enabled access to a parameter space that was 
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previously inaccessible using conventional microreactors. Using the modular microreactor setup, 

we demonstrated a rapid and effective characterization of the reaction conditions for a case study 

of CsPbBr3 QDs. Data was collected at a rate and chemical consumption vastly superior to that of 

traditional batch screening methods, which enabled sampling to occur across a much wider range 

and higher frequency than what would be attainable otherwise. Through simultaneous collection 

of both absorption and PL spectra of CsPbBr3 QDs along the full length of the microreactor, for 

the first time, we established a more accurate representation of the nanocrystal growth at a constant 

flow velocity (i.e., similar inter-phase mixing timescale) system. In addition, in-situ spectral 

monitoring of controlled nanocrystal growth, across 4 orders of magnitude reaction timescales 

enabled the development of the correlation between the final nanocrystal properties (emission 

band-gap) and the early stage reaction kinetics. Utilizing the modular microfluidic platform, we 

demonstrated a kinetic phenomenon both inherent to the selected perovskite synthesis and vital to 

improving our understanding of certain nanocrystal formations.  

The developed microfluidic platform allows for additional high-throughput 

characterization across a wide range of reaction conditions, including but not limited to gradient 

changes in precursor compositions and ratios as well as the synthesis temperature. The generalized 

format of the developed modular platform allows for the same system to be applied to screening 

additional colloidal nanocrystal syntheses (e.g., metal nanocrystals), enabling significantly 

improved material- and time-efficient characterization. Further applications of the developed 

modular setup in conjunction with effective numbered-up multi-phase synthesis systems would 

allow for an enhanced inline optimization of colloidal nanocrystals within scaled-up flow 

platforms, thereby improving the rate of product optimization and discovery as well as the 

production quality in commercial nanomanufacturing of semiconductor nanocrystals. 
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CHAPTER 3 

Facile Room Temperature Anion Exchange Reactions of Inorganic Perovskite Quantum 

Dots Enabled by a Modular Microfluidic Platform 

K. Abdel-Latif*, R. W. Epps*, C. B. Kerr, C. Papa, F. M. Castellano, and M. Abolhasani, 

Advanced Functional Materials, 2019, 29 (23), 1900712. 

* Authors contributed equally. 

 

3.1. Introduction 

In an effort to produce the materials of next-generation photoelectronic devices, post-

synthesis halide exchange reactions of perovskite quantum dots have been explored to achieve 

enhanced band-gap tunability. However, comprehensive understanding of the multifaceted halide 

exchange reactions has been inhibited by their vast relevant parameter space and complex reaction 

network. In this work, we present a facile room temperature strategy for rapid halide exchange of 

inorganic perovskite quantum dots. We provide a comprehensive understanding of the halide 

exchange reactions by isolating reaction kinetics from precursor mixing rates utilizing a modular 

microfluidic platform, QDExer (Quantum Dot Exchanger). We illustrate the effects of ligand 

composition and halide salt source on the rate and extent of the halide exchange reactions. Our 

fluidic platform offers a unique time- and material-efficient approach for studies of solution phase-

processed colloidal nanocrystals beyond those studied here and may accelerate the discovery and 

optimization of next-generation materials for energy technologies. 

3.2. Background 

Over the last two decades, quantum dots (QDs) have emerged as one of the most promising 

classes of nanomaterials for highly efficient and cost-effective optoelectronic devices.62–66 QDs 
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provide the distinct advantage of accessibility through low-cost solution phase processing without 

sacrificing device performance.67  The main advantages of QDs compared to other photovoltaic, 

luminescent display, solid state lighting, and biomarker materials are their high photoluminescence 

quantum yield (PLQY>85%), narrow emission band-gap (<30 nm), and size/composition-tunable 

energy band-gap. Recently, organic/inorganic lead halide perovskite QDs have been demonstrated 

to outperform conventional and well-studied II-VI, IV-VI, and III-V QDs (e.g., CdSe,68 

CdSe/ZnS,69 PbS,70 InP71) in QD-based solar cells68 and light emitting diodes (LEDs).72,73 

Perovskite QDs have enabled lower energy consumption and a wider reaching color gamut in QD-

based LED displays and unparalleled improvements in photovoltaic power conversion efficiency 

of QD-based solar cells compared to other third generation technologies. Recent work74–76 has 

demonstrated that hybrid perovskite QDs, compared to their thin-film counterparts of equivalent 

composition, achieve higher open-circuit voltage. The outstanding performance of perovskite QDs 

can be attributed to their unique optical properties including inherently high charge carrier 

mobility, long diffusion lengths, high PLQY, and facile band-gap tunability. Moreover, post-

synthesis halide exchange of perovskite QDs with halide salts offers an additional degree of control 

and tunability of the nanocrystal optical properties.77 Over the last three years, various solid-

solvent, 78 incompatible solvent-solvent,79 and homogeneous solution-phase77 anion exchange 

strategies have been developed for organic and inorganic perovskite QDs. Among these strategies, 

homogeneous solution-phase reactions are far more conducive towards continuous nano-

manufacturing processes, enabling enhanced parameter control and multidimensional tunability. 

Further development and implementation of these materials could potentially result in more 

effective energy technologies toward addressing ever-growing global energy demands via low-

cost, high efficiency solar energy harnessing solutions.  
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Conventionally, manual flask-based techniques have been the primary approach for the 

synthesis, characterization, and optimization of colloidal QDs. However, the time- and material-

intensive batch scale synthesis and processing strategies suffer from major limitations including 

scalability, batch-to-batch variation, inaccessible in situ characterization, and unregulated 

mixing/heating dynamics. In situ nanocrystal monitoring techniques are essential for elucidating 

the mechanisms of QD formation and energy band-gap. Recently, different multi-phase flow 

formats80,81 have been proposed to address the afore-mentioned limitations of flask-based QD 

synthesis techniques. Continuous flow reactors, in addition to improvements in the spectral 

sampling and precursor consumption rates for screening and optimization of QDs in a laboratory 

setting, offer a direct scale-out manufacturing route with precise process control for large-scale 

production of high-quality QDs. Multi-phase flow reactors (gas/liquid or liquid/liquid), in contrast 

to single-phase flow formats with their unwanted axial dispersions, have been demonstrated to 

provide a narrower nanocrystal size distribution82–84.  The reduced size dispersity of the in-flow 

synthesized QDs using multi-phase flow reactors can be attributed to the process intensification 

achieved through the axisymmetric recirculation patterns formed within the moving droplet/slug. 

Furthermore, utilization of an inert gas as the continuous phase provides another level of process 

intensification by removing the need for phase separation required for liquid-liquid multi-phase 

flows. 

In a microscale two-phase flow reactor, the mixing time is directly controlled via (i) the 

size of the reactive phase slug/plug and (ii) the average flow velocity (recirculation strength).85 

Thus, when dealing with processes involving colloidal nanocrystals with fast reaction kinetics, 

such as synthesis and anion exchange of perovskite QDs, it is important to consider the effect of 
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flow parameters (e.g., liquid slug size and average flow velocity) on the early stage precursor 

mixing time to ensure accurate reaction kinetic monitoring and mechanistic studies.  

In this work, we present a facile room temperature, single-solvent strategy for continuous 

band-gap tuning of colloidal perovskite QDs through a modular flow chemistry platform, 

“Quantum Dot Exchanger” (QDExer), shown in Figure 3-1a.  The developed QD processing 

platform enables fundamental and applied studies of colloidal synthesis and halide exchange 

reactions of perovskite QDs. Utilizing the developed microscale fluidic platform, we 

systematically evaluated the effects of ligand composition and halide salt source on room 

temperature, single-solvent anion exchange reaction kinetics and band-gap properties with a model 

perovskite QD solution, cesium lead tribromide (CsPbBr3), using in situ optical spectroscopy. As 

presented in Figure 3-1b, the energy band-gap, size distribution, and PLQY may be extracted 

directly from optical absorption and photoluminescence spectra obtained in situ. We complement 

these in situ findings of the nanocrystal anion exchange reactions in solution phase by offline 

structural analysis of the purified perovskite QDs.  



 

27 

 

 

Figure 3-1. Overview of the developed QD anion exchange reaction monitoring strategy. (a) 

Illustration of tunable composition parameters of the halide precursor (MX2) in a continuous flow 

post-synthesis halide exchange reactions of colloidal perovskite QDs. (b) Illustration of the optical 

and size properties of colloidal QDs derived from in situ obtained absorption and 

photoluminescence spectra. 

 

3.3. Results and Discussion 

Our approach to continuous synthesis and anion exchange reactions of perovskite QDs at 

room temperature relies on a notion of a homogenous single-solvent chemistry with colloidally 

stable nanocrystals, thereby, inhibiting precipitation and clogging of the flow reactor. Prior studies 

have frequently utilized lead halides (PbX2)  as one of the primary cations in post-synthesis anion 

exchange reactions of perovskite QDs,66,77,81,86–88 which require relatively long reaction times. In 
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this work, we selected zinc halides (ZnX2) as the primary halide salt source for rapid continuous 

anion exchange reactions of perovskite QDs. ZnX2 anion exchange reactions have previously been 

demonstrated to be faster than PbX2, which lends to a more effective transition into scale-up 

manufacturing, and produce higher quality QDs,78 while PbX2 reactions typically do not reach 

completion.78,86 Furthermore, ZnX2 may be solubilized using only oleylamine (OAm) while PbX2 

requires the presence of both OAm and oleic acid (OA)89,90 to be completely dissolved. The ability 

to dissolve the halide salt in the solvent without the presence of OA, allows for more 

comprehensive characterization of OA influences in the anion exchange reactions. 

In order to study the massive reaction parameter space and complex multi-step reaction 

network of anion exchange reactions of perovskite QDs, we developed and employed an 

automated microfluidic platform, QDExer, equipped with a unique translational spectral 

monitoring probe (both absorption and PL). QDExer deconvolutes the effect of early-stage 

precursor mixing time from the anion exchange reactions for precise and accurate in situ studies 

of perovskite QD composition tuning, operated within a reaction-limited regime and across more 

than two orders of magnitude reaction times ranging from 0.5 to 90 s. Following the development 

and validation of the different modules of the QDExer system, we utilized this novel platform to 

develop a framework for continuous room temperature anion exchange reactions of perovskite 

QDs. Such information would enhance significantly our understanding of the precise QD band-

gap tuning, enabling continuous synthesis of high-quality perovskite QDs with specific optical 

attributes tailored for a target optoelectronic application.  

Figure 3-2a shows the modular flow reactor technology developed for high-throughput 

studies of anion exchange reactions of colloidal perovskite QDs. QDExer is comprised of (I) 

computer-controlled syringe pumps for on-demand delivery of reaction precursors, (II) a 
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computer-controlled mass flow controller for precise delivery of an inert gas (argon) as the carrier 

phase, (III) off-the-shelf fluoropolymer tubing and fluidic connections for precursor delivery and 

operation of anion exchange reactions (i.e., reactor), (IV) a novel inline micromixer module to 

achieve sub 20 ms micromixing of precursor streams, (V) multiple flow reactor modules 

comprised of CNC machined aluminum units with 26 sampling ports/module, (VI) an optical 

velocity meter module for accurate in-line velocity (reaction time) measurements (Figures B-1 and 

B-2, Appendix B), and (VII) a translational spectra collection system. Utilization of three reactor 

housing modules enables access to 76 distinct reaction monitoring ports (i.e., reaction times), 

uniformly apart, along the flow reactor spanning 30 cm of fluoropolymer tubing. A detailed 

discussion of the UV-Vis absorption and emission spectra collection process is presented in Epps 

et al. 91 Simultaneously with the advanced spectra monitoring process, an on-line optical velocity 

meter comprised of three phase sensors attached to the reactor (i.e., fluoropolymer tubing) records 

liquid slug velocity (us) for the duration of spectra collection, while the spectrometer attached to 

the flow cell records continuous absorption spectra at 1100 nm with a deuterium halogen lamp for 

slug length measurements. 

3.4. Inline Micromixer 

Microscale two-phase flow compared to single-phase systems offers enhanced mixing of 

miscible fluids within the reactive phase proceeding along the flow direction; however, the mixing 

time of a reactive slug in a straight microchannel is still limited by the diffusion timescale of the 

precursor molecules from the center of the liquid slug to the center of the recirculation zones – 

illustrated in Figure 3-2b. Such diffusion-limited mixing of anion exchange reaction precursors 

will result in an unwanted inhomogeneous reaction mixture within the moving reactive liquid slug. 

In order to significantly enhance the early-stage mixing time (< 30 ms) and achieve a homogenous 
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mixture of the anion exchange precursors and starting perovskite QDs before entering the spectral 

monitoring zone of the flow reactor, we designed and implemented a novel inline micromixer 

module placed before flow segmentation at the T-junction (Figure 3-2a). The inline micromixer is 

comprised of a braided, low dead volume (1 µL) length of fluoropolymer tubing placed between 

the liquid precursors’ T-junction and the flow segmentation T-junction. Mixing occurs due to the 

asymmetrically distributed curvature of the tubing walls inducing chaotically distributed reversal 

of the fluid momentum.92,93 Constant redistribution of the two miscible streams results in a rapid 

combination of the reactive precursors by significantly reducing the diffusion length scale, thus, 

providing a rapidly homogenized liquid stream of the reactive precursors before flow 

segmentation.  
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Figure 3-2. QDExer Capacity Overview. (a) Schematic of the modular automated microfluidic 

platform integrated with the in-line micromixer, three-port spectral monitoring flow cell, and in-

line velocity meter modules. (b) UV illuminated CsPbBr3 perovskite QDs combined with a ZnI2 

precursor stream with and without the inclusion of the in-line micromixer module. (c) PL FWHM 

of an in-flow halide exchange reaction at a residence time of 10 s operated at different liquid slug 

velocities (us). The inset shows the corresponding PL spectra at 8.7 and 30 mm/s. (d) Room 

temperature PL and (e) absorption spectra of halide exchange reactions of a 3.4 mM CsPbBr3 QD 

solution with both 0.02M ZnCl2 (blue-shift) and ZnI2 (red-shift) precursors, obtained using 

QDExer at 74 unique and mass-transfer controlled residence times (Optical spectra of starting 

CsPbBr3 QDs are shown in black at time zero).  
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Following the development of the automated flow synthesis platform (QDEXer), we 

evaluated the performance of the inline micromixer module under various flow conditions. 

Specifically, we investigated the effect of fluid momentum transport on the mixing quality of the 

two miscible anion exchange reaction precursors by systematically varying the total average flow 

velocity of the two miscible fluids entering the braided tubing zone while maintaining the 

volumetric flow rate ratio of the two reactive streams. The microscale mixing efficiency of the 

braided micromixer at different total volumetric flowrates of the precursor streams was monitored 

via the in situ obtained full width at half maximum (FWHM) of the photoluminescence (PL) 

spectra of CsPbBr3 QDs while reacting with a zinc iodide (ZnI2) precursor at equivalent residence 

times (i.e., reaction times).  Figure 3-2c shows the FWHM of a reactive anion exchange liquid slug 

with the same composition (i.e., the same CsPbBr3 QD to ZnI2 ratio) obtained in situ at flow 

velocities ranging from 8.7 to 30.3 mm/s at a constant residence time of 10 s. The inset graph of 

Figure 3-2c shows two sample PL spectra of the reactive perovskite QDs, illustrating the mixing 

limitation (i.e., mass-transfer limited anion exchange reactions) while operating at relatively low 

volumetric flowrates, due to incomplete mixing of the reactive precursors before flow 

segmentation. We found that for the highest concentration of ZnI2 utilized in this study, the FWHM 

of the PL spectra of reactive perovskite QDs reached to a plateau (i.e., operating under the reaction-

limited regime) for flow velocities greater than 15 mm/s. Therefore, the following in-flow anion 

exchange reactions were conducted at total flow rates corresponding to velocities greater than 15 

mm/s. A similar study utilizing ZnCl2 as the halide salt source is shown in Figure B-3 (Appendix 

B). 
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3.5. Anion Exchange Reactions 

Utilizing QDExer, high time resolution (as low as 60 ms between each sampling port) PL 

and absorption spectra of reaction-limited halide exchange process of perovskite QDs can be 

obtained, simultaneously (Figure 3-2d,e), while requiring as little as 40 L of total chemicals per 

reaction time. The starting perovskite QDs (CsPbBr3) used for the anion exchange reactions were 

synthesized using the developed QDExer platform. High quality CsPbBr3 QDs with a PL band-

gap of 2.38 eV, featuring a near-unity photoluminescence quantum yield (PLQY) (Appendix B, 

B-5), and FWHM of 0.0756 eV (16.6 nm) were synthesized by precise control over the early-stage 

mixing of CsPbBr3 QD precursors and in-line nanocrystal precipitation using the antisolvent, -

butyrolactone. The precursors were prepared using previously reported procedure.91,94  

Figure 3-3 shows two exemplary in-flow anion exchange reactions of CsPbBr3 QDs with 

a chloride and an iodide salt (ZnCl2 and ZnI2) using the inline micromixer module. As shown in 

Figure 3-3, homogeneously mixed reactive slugs are obtained across the range of anion exchange 

reaction parameter space tested in this study. 
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Figure 3-3. In-flow QD anion exchange. Three UV illuminated snapshots of the continuous room 

temperature anion exchange reactions of the pristine CsPbBr3 QDs (middle spiral) with 7.5mM 

ZnCl2 (left spiral) and 10mM ZnI2 (right spiral) with corresponding perovskite nanostructure 

illustrations. 

 

3.6. Effect of Surface Ligands on Anion Exchange Reactions 

In the first set of anion exchange reaction screening studies, utilizing QDExer, we 

evaluated the effect of the ratio of two commonly employed surface ligands, OA and OAm, on the 

early-stage anion exchange kinetics and final QD properties. The ligand ratio, 𝑅𝐿 =

𝑉𝑂𝐴
(𝑉𝑂𝐴 + 𝑉𝑂𝐴𝑚)
⁄  (VOA: volume of OA, VOAm: volume of OAm), was varied while the ligand to 

solvent volume ratio, 𝑅𝐿𝑆 =
𝑉𝑠
(𝑉𝑆 + 𝑉𝐿)
⁄  (VS: volume of solvent, VL: total volume of ligands), was 

kept constant (RLS = 0.17). 
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Figures 3-4a and b present the effect of changing RL (0.4-0.8) in the zinc halide (ZnX2) 

solution, on the emission energy band-gap (E) of inorganic perovskite QDs across reaction times 

spanning 0.5 to 90 s. Ligand ratios lower than 0.4 resulted in colloidally unstable perovskite QDs 

with rapid PL quenching in the tested zinc iodide salt (ZnI2) (Figure B-4, Appendix B). However, 

there was no such minimum requirement for anion exchange reactions with the tested chloride salt 

(ZnCl2). This observed behavior may likely be attributed to the removal of Cs+ caused by high 

concentration of OAm along with the relatively larger size of iodide ions inducing significant strain 

on the nanocrystal structure leading to its breakdown. In the case of chloride ions, although the 

anion exchange reactions reached completion without the presence of OA in the salt precursor, the 

high concentration of OAm present at the surface of the perovskite QDs resulted in relatively low 

PLQYs (Figure 3-4c). The observed phenomenon of reduced PLQY of anion exchanged perovskite 

QDs in the presence of excess OAm coincides with the previously reported dynamics of acid-base 

equilibria on PLQYs89,95,96. The upper limit of RL was selected based on the minimum amount of 

OAm required to completely dissolve the halide salt in the solvent (toluene).  

Figure 3-4d shows the effect of RL on the initial rate constant of the anion exchange 

reactions for both iodide and chloride salts. As can be seen in Figure 3-4d, increasing RL decreases 

the reaction rate, which may be attributed to the decreased diffusivity of halide ions in the reaction 

mixture caused by the increased concentration of OA in the solution97.  

Although different values of RL affected the initial reaction rates, it did not affect the 

equilibrium emission band-gap (Eeq) of the resulting perovskite QDs for all ratios tested (Figure 

3-4a,b). However, RL significantly affected PLQY of the resulting perovskite QDs, shown in 

Figure 3-4c. The PLQY of iodide-exchanged QDs decreased with increasing RL, while the PLQY 

of chloride-exchanged QDs reached a plateau above RL values of 0.5.  
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Figure 3-4. Effect of Surface Ligands on QD Anion Exchange Reactions. Emission band-gap (E) 

of in-flow halide exchange reactions of inorganic perovskite QDs vs. ligand ratios (RL) at varying 

reaction times (tR) obtained using QDExer for (a) ZnI2 (b) ZnCl2. (c) final PLQYs of halide-

exchanged perovskite QDs for different ligand ratios (red: ZnI2; blue: ZnCl2), (d) absolute value 

of the initial anion exchange reaction rates (k1) with corresponding PL spectra for (e) ZnI2 and (f) 

ZnCl2 exchanges with RL values of (from left to right) 0.14, 0.42, and 0.70. The concentration of 

the starting CsPbBr3 was 3.4 mM and 0.02M ZnI2 and ZnCl2 solutions were used. RL values used 

for this study were: 0, 0.14, 0.28, 0.42, 0.56, 0.7 and 0.83. 
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Figure 3-4e,f show temporal PL spectra of perovskite QDs reacting with ZnI2 and ZnCl2 

with RL values of 0.14, 0.42 and 0.70 (from left to right), illustrating the strong dependency of 

anion exchange reaction kinetics on RL. The results given in Figure 3-4 suggest that the stability 

of the anion-exchanged perovskite QDs are strongly dependent on the amount of OA present in 

the halide salt solution.Utilizing QDExer, we also studied the effect of ligand to solvent volume 

ratio (RLS) on the anion exchange reactions of inorganic perovskite QDs. Figure B-5a-c (Appendix 

B) show that RLS had no considerable effect on Eeq, while higher values of RLS reduced k1 for both 

halide salts. Considering the colloidal stability, PLQY, and FWHM of the resulting CsPbX3 QDs 

synthesized at varying ligand ratios shown in Figure 3-4 and those synthesized with different 

ligand to solvent volume ratios (Figure B-5, Appendix B). RL = 0.4 and RLS = 0.17 were selected 

as the ligand composition and ligand to solvent ratio for the studies of the anion exchange reactions 

with different halide salt concentrations and sources.  

3.7. Effect of Halide Salt Concentration on Anion Exchange Reactions 

In the second primary set of QD anion exchange experiments, we utilized QDExer to study 

the effect of halide salt concentration (Cs) on the equilibrium emission energy (Eeq) of the resulting 

QDs and the initial kinetics of the anion exchange reactions. As shown in Figure 3-5a-c and Figure 

B-6 (Appendix B), halide salt concentration plays a major role in optical properties of anion-

exchanged perovskite QDs. As expected, higher Cs resulted in a larger PL band-gap shift. Figure 

3-5d shows that the initial anion exchange reaction rate (k1) with iodide salt (ZnI2) was higher than 

chloride salt (ZnCl2) at all concentrations tested. The high initial anion exchange rate of iodide salt 

compared to chloride may be attributed to the Pb-X covalent bond strength where the strength of 

the Pb-X bond is weaker for iodide compared to chloride and bromide98 increasing the availability 

of iodide ions at the start of the exchange  relative to comparable chloride salt concentrations. 
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However, Figure 3-5e suggests that the time (teq) required to achieve equilibrium PL band-gap for 

the chloride-exchanged perovskite QDs was less than iodide-exchanged QDs. Similar behavior for 

teq was observed by Koscher et al.87. The shorter overall reaction time of chloride-exchanged 

perovskite QDs was attributed to the lower diffusion resistance experienced by chloride ions to 

reach the surface of ligand-capped QDs, due to their smaller ionic radius compared to iodide ions. 

As illustrated in Figure 3-5e, the reaction time for iodide exchange reactions was constant across 

all Cs values tested, while the chloride exchange reaction times were inversely correlated with Cs. 

Since iodide exchange reactions are diffusion-limited, the overall iodide exchange reaction time is 

directly controlled by diffusivity of the iodide ions, which is the same across all Cs values tested. 

The assumption of similar diffusivity for different iodide salt concentrations is based on the similar 

ligand ratios (RL) utilized for the all halide salt concentrations. Conversely, the smaller ionic radius 

of chloride ions results in an overall reaction-limited halide exchange process, which is highly 

dependent on the concentration of the chloride ions present in the reaction mixture. Additionally, 

chloride ions require lower energy compared to iodide ions to migrate across the lead halide 

bonds,99 rendering the replacement of bromide ions inside the nanocrystals faster for chloride 

exchange reactions.  

Figures 3-5f and g demonstrate that both the FWHM and PLQY exhibited a very similar 

decreasing trend with increasing Cs. A similar behaviour for FWHM and PLQY of anion-exchange 

perovskite QDs has been commonly reported in the literature.78,86,100–103 Anion exchange reactions 

introduce surface traps into the QDs crystalline structure100 resulting in charge trapping and 

thereby reducing both the FWHM and PLQY of halide-exchanged perovskite QDs. 
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Figure 3-5. Effect of Halide Salt Concentration on QD Anion Exchange Reactions. Emission 

band-gap (E) of in-flow halide exchange reactions of inorganic perovskite QDs vs. reaction time 

(tR) at varying ZnX2 concentrations (Cs) for (a) ZnI2 (b) ZnCl2. (c) Equilibrated emission band-gap 

(Eeq) of halide-exchanged perovskite QDs obtained using QDExer for different concentrations of 

ZnI2 (red) and ZnCl2 (blue) with (d) corresponding initial stage reaction kinetics (k1). (e) Required 

reaction time (teq) to reach Eeq (red: zinc Iodide, blue: zinc chloride). Effect of Cs on the equilibrium 
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Figure 3-5. (continued) values of PL FWHM and PLQY% of halide-exchanged perovskite QDs 

reacting with (f) ZnI2 (g) ZnCl2. The concentration of the starting CsPbBr3 was 3.4mM. Halide 

salt concentrations (and their respective NC composition) used for ZnI2 experiments were: 0.0075 

(Cs1.09PbBr1.85I0.54), 0.01(Cs1.38PbBr1.83I1.17), 0.015(Cs1.09PbBr1.27I1.35), 0.02(Cs1.05PbBr1.12I1.7) and 

0.03M (Cs0.94PbBr0.57I2.29). Halide salt concentrations (and their respective NC composition) used 

for ZnCl2 experiments were: 0.005 (Cs1.19PbBr1.56Cl1.40), 0.0075 (Cs1.02PbBr1.20Cl1.73), 0.01 

(Cs1.12PbBr1.02Cl2.12), 0.02 (Cs1.02PbBr0.73Cl2.47) and 0.03M (Cs1.02PbBr0.40Cl2.96).  

In order to rationalize the anion exchange reaction mechanism, we must first consider the 

surface ligand dynamics of the perovskite nanocrystals. As mentioned earlier, the most commonly 

used ligands for perovskite QDs are OAm and OA. Recently, it has been demonstrated that 

oleylammonium ions attach to the QD surface by competing with Cs+ for the A site cation 

vacancies on the surface of the QD,89,90,104,105 while oleate ions attach to the QD surface by 

competing for the X site anion vacancies.104,105 The anion exchange reaction of perovskite QDs 

starts with the injection of the metal halide (MX2) solution into a solution of CsPbBr3 QDs. The 

addition of a relatively basic solution to the OA-capped perovskite QDs disrupts the OA ligand 

equilibrium on the surface of CsPbBr3 QDs. The increase in pH causes the displacement of OA 

from the surface of the QD,106 which introduces X site anion vacancies in the QD structure. The 

newly formed anion vacancy sites are then filled by halide anions that are readily available in the 

solution, resulting in the high initial reaction rates shown in Figure 3-5. The second reaction stage 

occurs when the bromide ions are replaced by the halide ions, while simultaneously, oleate and 

oleylammonium ions attach to the QD surface (replacing the halides and cesium atoms on the QD 

surface, respectively) to achieve a new ligand equilibrium on the surface of those QDs. The slower 

reaction kinetics at this stage may be attributed to multiple factors, including: (I) the process of 
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halide ions replacing the bromide ions inside the nanocrystals being slower than occupying the X 

site anion vacancies at the QD surface; (II) diffusion resistance increasing due to the long 

hydrocarbon ligands attached to the surface QDs; (III) oleate ions competing for the actively 

formed X site anion vacancies at the surface of QDs. Although the oleate ions are competing for 

the same vacant X site anions, they cannot fill these sites as rapidly as the halide ions due to their 

bulky nature. Moreover, the fact that the absorption intensity above the absorption band-gap of 

perovskite QDs during the anion exchange reactions remains zero (Figure 3-2d,e and Figure B-6) 

indicates that ligands remain present at the surface of QDs97,105,106  to maintain colloidal stability 

of perovskite QDs in the solution. During the next stage of the anion exchange reaction, the new 

halide ions (e.g., iodide or chloride) start migrating to the center of the QDs, replacing bromide 

and leaving behind a vacancy that will be filled by either another halide or an oleate ion. This stage 

is much slower than the first two anion exchange reaction steps, due to the higher energy required 

for exchanging the inner bromide ions than the bromide ions at the surface of QDs 78,87. 

The above-mentioned mechanism supports the increased initial anion exchange reaction 

rates with increasing halide salt concentrations, shown in Figure 3-5d. After the initial OA removal 

step from the surface of the QDs, the X site anion vacancies are filled by the new halide ions 

available in the solution (e.g., iodide or chloride ions). Higher halide salt concentrations results in 

more readily available halides ions around the surface of perovskite QDs in the early stage of anion 

exchange reactions, thereby, driving the reaction toward filling the X site anion vacancies (Le-

Chatelier’s Principle) and increasing the halide exchange reaction rates.  

The QD anion exchange mechanism also explains the PLQY behavior of anion-exchange 

perovskite QDs at varying ligand ratios, shown in Figure 3-4c. The increase in OA concentration 

(i.e., higher RL) increases the diffusion resistance against relatively large iodide ions, and therefore, 
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slows the migration of iodide ions to the QD surface. The increased diffusion resistance in 

combination with the fact that OA is more likely to bind to the QD surface, due to its relative 

abundance, increase the population of OA ligands at the X site anion vacancies present at the 

surface of the QDs. The reduced presence of halide anions (iodide) at the surface of iodide-

exchanged perovskite QDs results in a decreased PLQY. In contrast, the PLQY of chloride-

exchanged perovskite QDs reached a plateau after RL = 0.5. The invariant PLQY of chloride-

exchanged QDs beyond RL = 0.5 can be explained by the fact that chloride exchange reaction rates 

are not affected by RL (Figure 3-4c). The independency of chloride exchange reactions to RL 

suggests that chloride ions can reach the QD surface before OA can attach to the surface. The RL 

threshold for chloride-exchanged perovskite QDs can be explained by the sensitive nature of 

CsPbCl3 in combination with the fact that the colloidal nanocrystals require a certain ligand 

balance in the solution to maximize the PLQY, further confirming the importance of the acid-base 

equilibria on the QD surface. 

The higher halide salt concentration resulted in a larger abrupt FWHM increase (indicative 

of PL emission line broadening) in the beginning of the anion exchange reaction (Figure B-7, 

Appendix B). As the anion exchange reaction progressed, the FWHM of perovskite QDs is further 

reduced. Both homogenous and inhomogeneous emission linewidth broadening can be considered 

for the evolution of PL FWHM of anion-exchanged perovskite QDs. Inhomogeneous broadening 

is caused by a large size dispersity of nanocrystals present in the solution,107 while homogenous 

broadening results from an ensemble of similarly sized (monodisperse) QDs have different atomic 

compositions or surface defects present at the surface108. As anion exchange reactions do not 

substantially alter the size or shape of the parent CsPbBr3
77,78,86,88 (supported by offline TEM 

analyses shown in Figure 3-6a-c), homogeneous broadening should be considered the main factor 
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contributing toward the larger FWHM for anion-exchanged perovskite QDs compared with the 

starting CsPbBr3 QDs with a FWHM = 0.0756 eV. As discussed earlier, the initial step of the anion 

exchange reaction occurs when OA detaches from the QD surface, leaving behind X site anion 

vacancies available for halide replacement. The fast kinetics of this step implies that for the first 

few seconds of the anion exchange reaction, some X site anion vacancies are filled faster than 

others resulting in QD surfaces with different halide compositions causing the observed 

homogeneous broadening. Higher halide salt concentrations will result in a more pronounced 

uneven halide distribution across the QD surface, thereby, resulting in a more abrupt FWHM 

increase. 

3.8. Offline Characterization of Anion Exchanged Perovskite QDs 

Although in situ optical spectroscopy provides valuable insights into the kinetics and 

optical properties of the colloidal perovskites (i.e. E, PLQY, FWHM, k1) over the course of the 

anion exchange reactions, offline QD characterization techniques enable structural information 

regarding the nanocrystals formed at the outlet of QDExer. Figure 3-6a-c presents the large field 

of view transmission electron microscopy (TEM) images of the starting (CsPbBr3) and the halide-

exchanged perovskite QDs (both iodide and chloride), synthesized by the highest halide salt 

concentrations used in this study (Cs = 0.03M). The TEM images shown in Figure 3-6 illustrate 

that the synthesized CsPbBr3 QDs using QDExer were highly monodispersed, and the anion 

exchange reactions did not significantly affect the size and size distribution of the perovskite 

nanocrystals. Figure 3-6d features the X-ray diffraction (XRD) patterns of the starting and anion-

exchanged perovskite QDs. The cubic profile indicates that the nanocrystal phase did not change 

during the post-synthesis modification for the parent and chloride exchanged QDs in congruence 

with existing literature,66,77,78,86  while multiple phases are observed for the iodide exchanged QDs. 
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The iodide-exchanged perovskite QDs showed stability (>10 days) in the solution phase before 

deposition. However, as previously reported by other groups,109,110  upon solvent removal in 

ambient conditions the solid-state CsPbI3 QDs undergo a rapid phase change from cubic to 

orthorhombic, as further indicated by the peaks appearing at approximately 13, 27, 28, 32, and 37o. 

Utilizing energy dispersive spectroscopy (EDS) analysis on a range of anion-exchanged 

perovskites, we evaluated the molar ratio of exchanged halide to bromide in the purified QD 

solution (RNC) relative to the molar ratios initially available in the starting reaction mixture (RA) – 

shown in Figure 3-6e. In the case of chloride exchange, RNC fairly represents the ratio between the 

halides added to the bromides originally in the perovskites (RA); however, the iodide exchange 

exhibited an exchange ratio less than that predicted by the inlet halide ratios. The sub-

stoichiometric halide ratio of iodide-exchanged perovskite nanocrystals can be attributed to the 

lower diffusivity of the iodide ions that will hinder the facile halide exchange reaction with the 

starting CsPbBr3 QDs in the second stage of the anion exchange process (i.e., when the anion 

exchanged perovskites are re-capped with ligands).  

During the first stage of the reaction, where most OA ligands are detached from the surface 

of QDs, iodide ions can reach the QD surface without experiencing a large diffusion resistance 

induced by the long hydrocarbon ligands at the QD surface. A higher RA results in a higher 

probability of iodide ions filling the vacant X anion sites before the ligands attach to the QD 

surface. Figures 3-6f,g show 1H NMR spectra of the starting CsPbBr3 QDs along with those of the 

halide-exchanged perovskites. 1H NMR spectroscopy was employed to determine which specific 

ligands were attached to the QD surface.90,95,96,111,112  
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Figure 3-6. Offline Characterization of Anion-Exchanged Perovskite QDs. Large field of view 

TEM images of the (a) perovskite QDs halide-exchanged with ZnI2 (Cs = 0.03M), (b) the starting 

CsPbBr3 QDs, and (c) perovskite QDs halide-exchanged with ZnCl2 (Cs = 0.03M). (d) X-Ray 

diffraction patterns (XRD) of perovskite QDs shown in panels a-c. (e) Exchanged halide to  



 

46 

 

Figure 3-6. (continued) bromide ratio in the purified QD solutions (RNC) vs. the ratio of the 

available halide to the original bromide from the starting CsPbBr3 QDs (RA). (f) 1H NMR with (g) 

enlarged view of the 1H NMR spectra between 2-3 ppm of purified the starting CsPbBr3 QDs 

(green), and the iodide (red) and chloride (blue) exchanged perovskite QDs. 

Although OA and OAm have overlapping 1H NMR spectra, utilizing CsPbBr3 QDs that 

lack OAm at their surface permitted detection and isolation of the NMR peaks corresponding 

exclusively to OAm at the surface of halide-exchange QDs. The strong and narrow peaks of 

tetraoctylammonium ions (TOAm) in the 1H NMR spectra of CsPbBr3 QDs suggested that TOAm 

ions were not attached to the QD surface and were freely tumbling in bulk solution. Additionally, 

the broadened OA peaks (Figure B-8, Appendix B) indicated that OA was covalently attached to 

the surface of the QDs. Figure 3-6g presents the 1H NMR spectra of the starting QD synthons and 

the halide-exchanged nanocrystals in the 2-3 ppm region, where a characteristic OAm resonance 

clearly exists for the halide-exchanged perovskite QDs. The broadened OAm peaks, as shown in 

Figure 3-6g, further confirmed the attachment of OAm ligands onto the surface of the halide-

exchanged perovskite QDs. Therefore, based on the combined 1H NMR results, we conclude that 

both OA and OAm ligands are present on the surface of the anion-exchanged QDs. 

3.9. Effect of Halide Salt Source on Anion Exchange Reactions 

Utilizing QDExer, we also investigated the effect of halide salt source (i.e., varying the 

metal cation) on the anion exchange reactions of perovskite QDs. The metal cations studied in this 

work were: zinc (ZnX2), lead (PbX2), and calcium (CaX2). Different halide salt sources under 

equivalent experimental conditions (e.g., similar RL, RLS, initial perovskite QDs concentration, and 

initial halide salt concentration) did not appear to influence the overall mechanism of anion 

exchange reactions (Figure 3-7a,b). Figures 3-7c,d present the FWHM evolution for different 
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halide salt sources. The temporal FWHM values of perovskite QDs during the anion exchange 

reactions followed the same trend described earlier; where the faster reactions resulted in a more 

pronounced rapid increase in the first stage of the anion exchange reactions, while the slower 

reactions resulted in a broader initial peak. 

 

 

Figure 3-7. Effect of Halide Salt Source on Anion Exchange Reactions. Emission band-gap and 

PL FWHM time-evolution of (a,c respectively) iodide- and (b,d respectively) chloride-exchanged 

perovskite QDs using different metal cation sources (MX2). Concentration of the starting CsPbBr3: 

3.4mM; Concentration of all the halide salts used: 0.03M. 

 

Table 3-1 summarizes the important anion exchange reaction parameters of perovskite QDs 

with different halide salt sources obtained using QDExer. Similar values of Eeq were achieved with 
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different halide salt sources. Lead was the slowest of the metal cation sources, whereas calcium 

and zinc had similar overall anion exchange kinetics. Table 3-1 shows that the parameters affected 

by the choice of metal cation were PLQY, k1, and teq. The best PLQYs were achieved by zinc 

halides (ZnX2), which correlated with the previously reported trend78. Furthermore, calcium 

halides resulted in the fastest overall anion exchange reactions (i.e., smallest teq) compared with 

lead and zinc halides. The differences in the overall anion exchange reaction kinetics can be 

rationalized by the difference in the electronegativity of the metal cations and the anion halides 

utilized in the halide salt source screening experiments (Ca > Zn > Pb). Halide salts with higher 

electronegativity differences between the metal cation and halide anion will dissolve easier in the 

solvent mixture (toluene combined with OAm), and thus facilitate the migration of halide anions 

to the perovskite nanocrystals over the course of the anion exchange reactions. 

 

Table 3-1. Optical properties of halide-exchange perovskite QDs for different metal cations. 

 M Eeq (eV) FWHM (eV) PLQY(%) |k1| (eV/s) teq (s) 

Iodide 

Exchanged 

QDs 

Ca 1.88 0.08 26 0.15 42 

Zn 1.88 0.08 28 0.13 54 

Pb 1.87 0.09 17 0.06 59 

Chloride 

Exchanged 

QDs 

Ca 2.93 0.08 21 0.10 10 

Zn 2.90 0.08 31 0.06 12 

Pb 2.94 0.09 22 0.02 27 

 

3.10. Conclusion 

In summary, we developed a facile and ambient condition/room temperature halide 

exchange strategy for inorganic perovskite QDs using a novel, material- and time-efficient 
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continuous flow reactor strategy, integrated with a translational spectral monitoring probe, 

QDExer. Through utilization of a highly-efficient spectral (UV-Vis absorption and 

photoluminescence) monitoring strategy with high temporal resolution, we successfully decoupled 

the effect of early-stage precursor mixing rates from the halide exchange reaction kinetics. 

Utilizing QDExer, we studied perovskite nanocrystals halide exchange reactions 

kinetics/pathways operating independent of micro-level mass transfer limitations (i.e., operating 

under the reaction-limited regime). Employing QDExer, we revealed in detail the effects of widely 

varying QDs anion exchange reaction parameter space, including precursors and ligand 

composition as well as halide salt source and concentration. The reported halide exchange reaction 

kinetics further uncover the complexity inherent to colloidal nanocrystals processes, all within a 

low-material consumption strategy. The strategies and QD process controls integrated into 

QDExer demonstrate a vital need and implement a new approach for high-efficiency, mass 

transfer-controlled reaction monitoring for post synthesis cesium-lead-trihalide perovskite halide 

exchange as well as other colloidal nanocrystal syntheses with fast kinetics.  

3.11. Experimental Section 

Materials: All chemicals were used as received. Lead(II) oxide (≥ 99.9%, trace metals 

basis), lead(II) iodide (99%), zinc chloride (> 98%, reagent grad), zinc iodide(> 98%), cesium 

hydroxide solution (50 wt% in H2O ≥ 99.9%, trace metals basis), tetraoctylammonium bromide 

(98%), oleic acid (90%, technical grade), γ-butyrolactone (> 99%, Reagent Plus), and toluene 

(99.8%, anhydrous) were purchased from Sigma-Aldrich. Oleylamine (> 50.0%, GC) was 

purchased from TCI Chemicals. Methyl acetate (99%, extra pure) and calcium chloride (96%, 

extra pure) were purchased from Acros Organics. Calcium iodide (99.5%, anhydrous) was 

purchased from Alfa Aesar. Lead(II) chloride (99%) was purchased from STREM Chemicals. 
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QDExer: All microfluidic tubing and fluidic connectors were purchased from IDEX-

Health & Sciences. Precursor streams and the inline micromixer used 0.01” ID, 1/16” OD 

fluorinated ethylene propylene (FEP) tubing, the fluidic reactor used 1/16” ID, 1/8” OD FEP 

tubing, the liquid combination fluidic junction used 0.02” through-hole PEEK T-junction, and the 

flow segmentation junction used 0.04” through-hole PEEK T-junction with a 1.5 mm through-hole 

in the direction of the reactor tubing. The support structures, flow cell module, and sampling tracks 

were each custom-machined in aluminum (Stratasys Direct Manufacturing). Operation of the 

automated microreactor system was carried out through a custom-developed LabVIEW script to 

control a dual syringe pump (Harvard Apparatus, Pump 33 DDS), a gaseous mass flow controller 

(Bronkhorst, EL-FLOW Select), a 30-cm translational stage with a maximum linear velocity of 5 

cm/s (Thorlabs, LTS300), a fiber-coupled high-power LED (Thorlabs, M365LP1), a fiber-coupled 

broad-band light source (Ocean Optics, DH-2000BAL), and a fiber-coupled miniature 

photospectrometer (Ocean Optics, Flame Miniature Spectrometer).  

CsPbBr3 Synthesis: CsPbBr3 QDs were synthesized at room temperature under ambient 

conditions using a previously reported synthesis protocol94 with minor modifications for adaption 

to flow. Briefly, lead(II) oxide (0.69 mmol) and OA (3.47ml) were added to an 8 ml vial. Then, a 

cesium hydroxide solution (0.604 ml) was added to that mixture and immediately inserted to a 160 

°C pre-heated oil bath (a needle was inserted in the septa cap of the vial to allow the water vapor 

formed from the reaction to escape). The vial was kept in the oil bath for 30 min and then 

transferred to a 120 °C pre-heated oven for 30 min to evaporate any residual water left in the 

precursor vial. The resulting cesium-lead-oleate precursor was diluted to 0.1 M by adding toluene 

(3.47ml) after the mixture cooled down to room temperature. The bromide precursor was prepared 

by adding tetraoctylammonium bromide (0.28 mmol) to toluene (5.6 ml) and OA (1.4 ml).  
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The synthesis of CsPbBr3 QDs was carried out at room temperature in a gas-liquid 

segmented flow at a residence time (reaction time) of 15 s – see Epps et al..91 The in-flow 

synthesized CsPbBr3 QDs was collected in a 20 ml vial placed on a stir plate, where an anti-solvent 

(γ-butyrolactone) was continuously fed into the collection vial using a syringe pump (1:1, 

perovskite QD : anti-solvent volumetric ratio), to precipitate the synthesized perovskite QDs. The 

collected solution was then centrifuged and the precipitated QDs were re-dispersed in toluene for 

halide exchange studies. The concentration of the in-flow synthesized CsPbBr3 QDs (0.034 mM) 

was calculated using its reported intrinsic absorption coefficient95.  

Anion Exchange Reactions: All of ZnX2 solutions were prepared in open air, and no heating 

was required to dissolve the salts, while PbX2 and CaX2 solutions required heating at 100 °C for 

30 min to completely dissolve the solids. 

Sample Preparation of 0.03M ZnI2: Toluene (5 ml), OA (0.417 ml), OAm (0.583 ml) and 

ZnI2 (57.46 mg) were added to a 20 mL vial equipped with a septum cap and sonicated to ensure 

complete salt dissolution. The procedure was adjusted for other MX2 halide salts, based on the 

required Cs and RL. 

Offline Characterization: The washed CsPbX3 nanocrystals were characterized by 

transmission electron microscopy (TEM), thin film X-ray diffraction (XRD), energy dispersive 

spectroscopy (EDS), 1H NMR spectroscopy, time-correlated single photon counting (TCSPC) 

determined photoluminescence lifetimes, and photoluminescence quantum yield measurements 

(PLQY). TEM images were acquired using a FEI Talos F200X operated at 200 kV. The XRD was 

performed using a Rigaku SmartLab X-Ray Diffractometer equipped with Cu Kα radiation. 

Samples were drop-casted on a silicon wafer, followed by solvent evaporation under argon. EDS 

data were obtained using FEI Talos F200X. 1H NMR spectroscopy was performed on a Bruker 
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Avance NEO 400 MHz instrument. Spectra were collected at 25 °C using a standard proton pulse 

(zg), 128 scans, and 1 s delay between scans. Ligand concentrations were estimated by using the 

residual proton spectra from the toluene-d8 solvent-related peaks between 7-10 ppm as integration 

standards where possible. All perovskite nanocrystal samples for 1H NMR spectroscopy were dried 

under vacuum, redispersed in 700 μL toluene-d8, and transferred to 5 mm NMR tubes. TCSPC 

experiments were performed on an Edinburgh Instruments Mini-Tau spectrometer, with a 405 nm 

picosecond laser diode as the excitation source. Appropriate band-pass filters with 45 nm spectral 

widths were used to selectively monitor the perovskite QD photoluminescence emission. Offline 

PLQY measurements were performed on an Edinburgh Instruments FLS 980 fluorescence 

spectrometer using fluorescein in ethanol as a reference standard (E = 2.41 eV, Φ = 0.79113). 
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CHAPTER 4 

A Low-Cost, Non-Invasive Phase Velocity and Length Meter and Controller for 

Multiphase Lab-in-a-Tube Devices 

C. B. Kerr*, R. W. Epps*, and M. Abolhasani, Lab on a Chip, 2019, 19(12), 2107-2113. 

* Authors contributed equally. 

 

4.1. Introduction 

Opportunities for accessible microfluidic device integration have sharply grown with the 

rise of readily available lab-in-a-tube strategies. Herein, we present a facile, non-invasive, plug-

and-play phase velocity and length measuring strategy for rapid deployment onto tube-based 

microfluidic systems, enabling quick and accurate residence (reaction) time measurement and 

tuning. Our approach utilizes inexpensive off-the-shelf optical phase sensors and requires no prior 

knowledge of the fluid composition or physical properties. Compared to camera-based 

measurements in fluoropolymer tubing, the optical phase sensor-based technique shows mean 

absolute percentage errors of 1.3% for velocity and 3.3% for length. Utilizing the developed 

multiphase flow monitoring technique, we screen the accessible parameter space of gas-liquid 

segmented flows. To further demonstrate the functionality of this process monitoring strategy, we 

implement two feedback controllers to establish simultaneous setpoint control for phase velocity 

and length. Next, to showcase the effectiveness and versatility of the developed multiphase flow 

process controller, we apply it to systematic studies of the effect of liquid slug velocity (controlling 

precursor mixing timescale) on the colloidal synthesis of cesium lead tribromide nanocrystals. By 

varying the liquid slug velocity and maintaining constant precursor composition, liquid slug 
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length, and residence time, we observe a bandgap tunability from 2.43 eV (510 nm) to 2.52 eV 

(494 nm). 

4.2. Background 

The expanding capabilities of microscale fluidic handling techniques throughout their three 

decades of use has driven advancement in medical,114,115 biological,116–118 and chemical119,120 

research fields. Bespoke microfabricated devices offer compact integration of micromixing 

modules, flow junctions, and patterned heating elements; however, they demand a significant 

capital expenditure and require extensive training to fabricate and to operate. To capitalize on the 

process intensifications intrinsic to microscale fluidic handling, the broadening research 

community stands to benefit from lower-cost, reconfigurable reactors and associated process 

control strategies. Lab-in-a-tube systems have attracted significant attention to meet this urgent 

demand. The tube-based approach to microfluidic platforms integrates various custom-developed 

modules (e.g., heating or mixing units) and commercially available fluoropolymer tubing and 

fluidic junctions. Tube-based microfluidic systems implement fully reusable, interchangeable, and 

modular components, thereby enabling rapid adaption, replacement, and troubleshooting during 

the platform development process. At the expense of less flexibility and compactness in the 

microchannel configurations, tube-based platforms offer a lower cost, more dimensionally 

standardized, and more accessible environment than conventional microfabricated chip-based 

approaches for customized microfluidic studies. Prior work in tube-based microfluidics has 

demonstrated effective in-flow chemical process  handling applied to a wide range of applications 

including catalysis,121–123 nanomaterials synthesis,45,124–127 organic chemistry,128–130 and 

pharmaceutical research.131 Additional efforts have demonstrated comprehensive inline 

sampling132–140 as well as numbered-up continuous manufacturing.141 
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As fundamental properties of droplet microfluidics, for both tube and chip-based platforms, the 

movement and dimensions of the segmented phases dictate vital process parameters such as mass 

transfer, reaction time, and pressure drop. As illustrated in Figure 4-1, however, inlet flow rate 

controls very often fail to comprehensively regulate process parameters including phase length and 

mixing time. Localized pressure fluctuations during flow segmentation produce varying phase 

lengths at different nominal flow velocities in spite of a constant inlet flow ratio between 

immiscible phases. In gas-liquid segmented flow, pressure fluctuations in the dynamic system 

hinder any attempt in predicting or tuning process parameters by inlet gas flow (compressible 

fluid) measurement or manipulation. Furthermore, many vital flow systems feature dynamically 

changing phase volumes due to interfacial mass-transfer and reactivity,142–148 and an effective 

study of these processes requires continuous monitoring of the biphasic inline flow rates. 

 

 

Figure 4-1. Challenges in process parameter control of multiphase microfluidic systems. 

Illustration of the challenges associated with dimensional and mobility control in multiphase 

systems. Localized pressure dynamics can alter phase dimensions both at the moment of 

segmentation and downstream, and in many cases, the fluid properties typically necessary for flow 

measurements are difficult or unfeasible to obtain. 
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Currently available techniques that are capable of providing inline phase length and 

velocity measurements, including thermal,149 mechanical,150,151 and acoustic152 strategies, 

generally require prior understanding of each phase’s physical properties and the environmental 

conditions, and many are entirely incompatible with multiphase flow. In previous microfluidic 

studies, this need for flow monitoring has been addressed by using cameras. However, the 

equipment costs alone become a notable barrier in their application. Process controllers may offer 

precisely tuned and stable flow; however, an effective implementation hinges on the availability 

of real-time sensor readings.153 Existing feedback control techniques often implement digital 

cameras and require advanced and computationally expensive image processing algorithms.154 The 

challenges of process parameter control in multiphase microfluidic platforms necessitate 

development of an adaptable, low-cost fluid velocity and phase length sensor. 

Herein, we present the Optical Velocity and Length sensor (OVAL): a low-cost, non-invasive, 

plug-and-play module for in-situ monitoring and control of phase length and velocity within 

microscale segmented flow systems. OVAL is comprised of simply two low-cost ($16 USD ea.) 

optical phase sensors clipped on the tubular microreactor (tubing). The phase length and velocity 

measurement strategy implements a slug counting algorithm to produce accurate, real-time 

measurements at a low computational cost. We validate the accuracy and adaptability of OVAL 

across varying microfluidic conditions and fluoropolymer tubing dimensions. We demonstrate 

high-throughput phase length and velocity measurement. Finally, we show the functionality of 

OVAL across three case studies: (1) high-throughput parameter space mapping, which we extend 

to illustrate the necessity for inline flow monitoring as opposed to approaches relying on tuning 

inlet conditions; (2) real-time setpoint proportional-integral-derivative and fuzzy logic controls; 

and (3) mass transfer-tuned syntheses of colloidal perovskite nanocrystals.  



 

57 

 

4.3. System Design 

Figure 4-2A depicts a schematic of OVAL integrated within a lab-in-a-tube system. OVAL 

is comprised of two off-the-shelf optical phase sensors (OPB350 series, 850 nm, Optec 

Technology) connected to either a 1/16” or 1/8” outer diameter (OD) fluoropolymer tube (FEP 

Tubing Natural, IDEX H&S). A multifunctional I/O device (USB-6001, National Instruments) 

connected to a laptop computer reads the voltage output from the optical sensors. Liquid flow rates 

were controlled with a continuous positive-displacement pump (M-6 Series, Valco Instruments). 

In the pressure driven flow case study, the gas stream was controlled with a digital pressure 

regulator (Marsh Bellofram), and in all other experiments, a gas mass flow controller (EL-FLOW 

Select Series, Bronkhorst) was used. Flow segmentation was carried out in an off-the-shelf T-

junction (PEEK Tee, IDEX H&S). Phase length and velocity measurements were validated with a 

digital camera (LUMIX GH5, Panasonic). Real-time sensor measurements and fluid delivery units 

were processed and controlled with a custom user interface (LabVIEW 2018), and automated 

camera validation was carried out with a custom, offline, slug tracking algorithm 

(MATLAB 2018b) - see Appendix C section C-1. For the colloidal perovskite synthesis study, 

inline emission spectra sampling was conducted with a custom optical flow cell connected via 

fiber optic patch cords to a 365 nm high-powered light emitting diode (M365LP1, Thorlabs) and 

a miniature UV-Vis spectrometer (Flame, Ocean Optics). Spectra were isolated using the 

continuous sampling protocol detailed in Epps et al.155 
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Figure 4-2. Experimental setup and control algorithms. (A) Schematic of OVAL integrated into a 

feedback process control system, not to scale. (B) Illustration of slug counting protocol 

incorporated into OVAL. (C) Process flow diagrams for phase timestamp recording and (D) for 

feedback control procedures. 

 

4.4. Materials 

OVAL’s validation, parameter space mapping, and process control tests were conducted 

with deionized water (Purelab Flex, ELGA LabWater) labelled with blue food dye (for 

visualization by camera) and segmented with pressurized air. For the colloidal perovskite synthesis 

case study, a 5 mM bromine precursor and 5 mM cesium-lead oleate precursor prepared in toluene 

were used. The bromine precursor was prepared by mixing 54.8 mg tetraoctylammonium bromide 

(98%) with 0.5 mL oleic acid (90% technical grad) and 19.5 mL toluene (99.8% anhydrous) and 

stirring until dissolved. The cesium-lead oleate was prepared by mixing 134 mg lead(II) oxide 

(>99.9% trace metal basis) with 51.8 µL cesium hydroxide solution (50 wt% in H2O) and 3 mL of 
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oleic acid, then by heating in an oil bath at 160 ℃ for 30 min followed by heating in an oven at 

120 ℃ for another 30 min. The 0.2 M solution was then diluted to 5 mM by adding an appropriate 

amount of toluene. All chemicals were purchased from Sigma Aldrich and used as received. 

4.5. OVAL Operation 

OVAL measures the phase length, Ls, and velocity, us, by recording timestamps as each 

individual liquid slug enters and passes each of the two sensors, as shown in Figure 4-2B and 4-

2C. In real-time, the phase sensors detect the current phase with a ±0.2 V hysteresis applied to a 

threshold set at halfway between the recent maximum and minimum of the phase sensor reading 

(see Appendix C, section C-2). The start time of each phase segment at each sensor 

(𝑡𝑆[𝑠𝑒𝑛𝑠𝑜𝑟],𝛱[𝑝ℎ𝑎𝑠𝑒],[𝑐𝑜𝑢𝑛𝑡]) is identified through the detected change of phase. The velocity 

measurement is carried out by identifying the transit time (𝑡𝑡𝑟𝑎𝑛𝑠,𝑖) required for each slug, 𝑖, to 

cross a known distance (𝑑) between the two phase sensors, as given by the equation 𝑢𝑆 =

𝑑/(𝑡𝑆2,𝛱1,𝑖 − 𝑡𝑆1,𝛱1,𝑖). From this known velocity, the phase length is calculated from the passing 

times (𝑡𝑝𝑎𝑠𝑠−[𝑠𝑒𝑛𝑠𝑜𝑟],𝑖) for the phase to move between each of the two sensors with the equation 

𝐿𝑆 = 0.5𝑢𝑆(𝑡𝑆1,𝛱2,𝑖 − 𝑡𝑆1,𝛱1,𝑖 + 𝑡𝑆2,𝛱2,𝑖 − 𝑡𝑆2,𝛱1,𝑖). 

The real-time data processing of OVAL is ideal for integration of process controllers. To 

demonstrate this functionality, we have integrated OVAL into feedback systems, shown in Figure 

4-2D. The single input, single output proportional-integral-derivative control (SISO PID) uses the 

inline phase velocity measurements and tunes the gas phase volumetric flow rate to reach a series 

of velocity setpoints. Additionally, a two input, two output fuzzy logic system (TITO FLS) was 

developed and applied to the simultaneous control of phase length and velocity through tuning of 

both gas and liquid feed volumetric flow rates, further detailed in Appendix C section C-5.  
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4.6. OVAL Validation 

Camera-based validation of the developed phase length and velocity measurement strategy 

was performed by continuously ramping the inlet flow rates across a range spanning the limits of 

the equipment, and of flow stability, in various tubing inner diameters (ID) from 0.02’’ to 0.0625”. 

As shown in Figure 4-3 and Appendix C section C-3, parity plots of the measured phase length 

and velocity for individual liquid slugs indicate a strong correlation between the OVAL-measured 

(uS, LS) and camera-measured process parameters (uC, LC).  

 

 

Figure 4-3. Individual OVAL-measured liquid slug (A) velocity and (B) length as a function of 

the camera-measured values for pressure-driven inlet flow rates with a fluoropolymer tubing ID 

of 0.02”. 
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Next, we utilized OVAL for a pressure-driven flow study, where gas feed conditions were 

unknown. With mean absolute percentage errors of 1.3% for the liquid velocity and 3.3% for the 

liquid slug length in a tubular pressure driven FEP microreactor with 0.02” ID, OVAL accurately 

estimated liquid slug velocities spanning 23 to 330 mm/s and liquid slug lengths spanning 5 to 20 

mm. The accurate and precise measurements of liquid slug velocities and lengths using OVAL, in 

spite of unknown feed flow rates, demonstrates the versatility of and suggests broad-reaching 

applications of this plug-and-play technique in configurationally advanced microfluidic platforms 

where localized pressure gradients are unknown or with lower-cost fluid delivery strategies. 

4.7. Case Study 1: High-Throughput Parameter Space Mapping and Volumetric Flow 

Measurement 

Understanding the limits of an accessible parameter space of a chemical process within a 

microreactor, with process parameters comprising feed flow inputs and resulting measured phase 

velocity and length values, enables implementation of an accurate process control. Furthermore, 

parameter space mapping of multiphase microfluidic systems exhibits the high-throughput process 

measurement and monitoring that OVAL enables. The phase velocity and length were 

continuously measured across a completely randomized sampling set of 650 flow rate pairs, in 

which the liquid flow rate was randomly set between 550 and 2000 µL/min and the gas flow rate 

was randomly set between 200 and 2000 µL/min. 

OVAL measured the liquid slug velocities and lengths, shown in Figure 4-4A and 4-4B, 

respectively. Steady-state phase velocity and length from the last 12 s of recorded data were 

extracted, resulting in 423 reported points (see Appendix C, section C-4). The measured liquid 

slug velocities were fitted to the expression 𝑢𝑆 = 𝑎1𝛱𝐺𝑎𝑠,𝑆𝑃 + 𝑎2𝛱𝐿𝑖𝑞,𝑆𝑃, where 𝑎1 and 𝑎2 are 

empirically fitted variables that correspond to an additive contribution of each flow rate to the 
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liquid slug velocity, each with its own constant compression. The measured liquid slug lengths 

were fitted to 𝐿𝑆 = 𝑏1 + 𝑏2𝛱𝐿𝑖𝑞,𝑆𝑃/𝛱𝐺𝑎𝑠,𝑆𝑃, as derived from the model developed by Garstecki et 

al.156 where 𝑏1 and 𝑏2 are empirically fitted variables. 

Utilizing known geometry of the microreactor and OVAL-measured phase length and velocity, the 

volumetric flow rates of each phase can be estimated according to the equations 𝛱𝐿𝑖𝑞 =

𝐴𝐶𝑢𝑆𝐿𝐿𝑖𝑞/(𝐿𝐿𝑖𝑞 + 𝐿𝐺𝑎𝑠) and 𝛱𝐺𝑎𝑠 = 𝐴𝐶𝑢𝑆𝐿𝐺𝑎𝑠/(𝐿𝐿𝑖𝑞 + 𝐿𝐺𝑎𝑠) where 𝛱𝐿𝑖𝑞 and 𝛱𝐺𝑎𝑠 are the inline 

volumetric flow rates, 𝐿𝐿𝑖𝑞 and 𝐿𝐺𝑎𝑠 correspond to the measured phase lengths, and 𝐴𝐶 is the 

microchannel cross-sectional area. Note that these correlations assume a complete separation 

between immiscible phases. In cases where a substantial film forms the model must then be 

modified to accommodate the added slip condition. 

Figure 4-4C and 4-4D present the actual inline fluid flowrates measured by OVAL vs. the setpoint 

flowrates. In the analysis of liquid flow measurement (Figure 4-4C), as expected, at low liquid 

flow rates, the multiphase flow shows accurate measurement consistent with incompressible 

liquid. However, as the liquid flow rate increases, the continuous positive displacement pump 

reaches the boundaries of its controlled output capacities and the liquid flow rates begin to decline 

below setpoint values. 
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Figure 4-4. Parameter space mapping of a gas-liquid segmented flow. Parameter space maps of 

OVAL-measured (A) velocity and (B) liquid slug length as a function of setpoint gas and liquid 

input flow rates with empirically fitted mesh plots and back-calculated inline (C) liquid and (D) 

gas volumetric flow rates as a function of setpoint value and alternate phase flow rate. 

 

In the gas phase flow rate analysis of Figure 4-4D, as the gas flow setpoint increases, we 

observe a notable dampening of the actual volumetric gas flow rate, indicating a compression of 

the gas phase. The measured gas flow rate within the multiphase microreactor may deviate to as 

far as 76% of the flow rate set by the gas mass flow controller. The magnitude of the compression 

distinctly correlates with the liquid volumetric flow rate, which indicates that internal pressure 

dynamics introduce extensive deviations between inlet and inline volumetric gas flow rates for 

microscale multiphase flow processes.  
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The previous results indicate that OVAL may be extended to effectively measure liquid 

flow rate in an unknown single-phase system by injecting a secondary inert gas phase and forming 

a two-phase flow. The inline liquid flowrates could then be calculated from the OVAL-measured 

liquid phase length and frequency. Note that the frequency of passing slugs can be expressed as 

𝑓 = 𝑢𝑠/(𝐿𝐿𝑖𝑞 + 𝐿𝐺𝑎𝑠). Additional application of this process would enable continuous monitoring 

of phase volume and mass-transfer kinetics in reactive or absorption-dissolution processes. 

4.8. Case Study 2: Integrated Process Control 

To demonstrate the versatility of the developed phase length and velocity meter, we 

integrated OVAL into two feedback control loops (SISO PID and TITO FLS) using the respective 

built-in LabVIEW virtual instruments. We implemented SISO PID control of liquid slug velocity 

by manipulating the volumetric gas flow rate, while leaving liquid slug length unconstrained. The 

TITO FLS algorithm can adjust both process variables within the parameter space on demand. For 

example, the liquid slug length can be maintained while varying the other inter-related process 

parameter, that is, the liquid slug velocity. The SISO PID shows a clear control of liquid slug 

velocity across several step changes (Figure 4-5A). The TITO FLS demonstrates a uniform slug 

length across several step changes in liquid slug velocity with a controlled constant slug length of 

8 mm (Figure 4-5B). Detailed descriptions of process controllers are shown in Appendix C section 

C-5. The plug-and-play integration of OVAL with existing process controllers presents a unique 

approach to the comprehensive control of mass transfer dynamics and mixing time with 

applications in multiphase biological, physical, and chemical processes.  
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Figure 4-5. Integrated feedback control with OVAL. (A) Single-input, single-output PID control 

of slug velocity by manipulating the gas flow rate with a constant liquid flow rate of 539 uL/min. 

Control parameters were Kc = 92, 𝜏I = 0.5, and 𝜏d = 0.01. (B) Two-input, two-output fuzzy logic 

control used to adjust liquid slug velocity while maintaining its length at 8mm. 

 

4.9. Case Study 3: Synthesis of Colloidal Perovskite Nanocrystals 

In the next step, we utilized OVAL with a TITO FLS controller for systematic studies of 

the effect of precursor mixing time on the optical properties of in-flow synthesized colloidal 

semiconductor nanocrystals, known as quantum dots (QDs). Perovskite QDs have recently sparked 

substantial interest for their use in next-generation solar cells157 and light emitting diodes.158,159 

Better understanding of the colloidal synthesis of these nanomaterials would reduce the 

development time preceding their real-world application. One major struggle in studying colloidal 

perovskite QDs, with their fast kinetics,155 is the rapid and oftentimes mixing rate-dependent 

nucleation and growth kinetics. In particular, syntheses of inorganic perovskite nanocrystals (e.g. 

CsPbBr3) have shown substantial mass transfer tunability in the ultimate optical properties of the 

products. To demonstrate the effectiveness of OVAL in understanding the influence of mass 

transfer in solution-phase processes with fast kinetics, we utilized a room temperature synthesis of 
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colloidal perovskite QDs. Emission spectra of the in-flow synthesized perovskite QDs were 

collected with an optical flow cell (Figure 4-6A) across five fluid velocities ranging from 12 to 

100 mm/s. Utilizing OVAL integrated with our TITO FLS controller algorithm, we maintained a 

constant slug length of 8 mm and, by adjusting the inline sampling location (LR), a constant 

residence time of 26 s. 

With the aid of OVAL, this experimental design systematically isolates the effects of liquid slug 

velocity and liquid slug length, two process parameters which influence microscale mixing in the 

two-phase microfluidic systems.160 Figure 4-6B and 4-6C show the effect of tuning the microscale 

mixing time within the liquid slug on the optical properties of the in-flow synthesized CsPbBr3 

QDs at the same precursor injection ratio. These results illustrate that varying advection rates due 

to different velocities within the dimensionally uniform, reactive, liquid slugs alter the nanocrystal 

nucleation and growth kinetics, as evidenced by the varying full width at half maximum (FWHM) 

and photoluminescence peak wavelength. In the velocity range tested in this study, the emission 

bandgap (EPeak) of the in-flow synthesized CsPbBr3 QDs varied from 2.43 eV to 2.51 eV (510 nm 

to 494 nm), while the FWHM of the nanocrystals changed from 0.13 to 0.20 eV, indicating a blue-

shifted and broadening emission range with increasing liquid slug velocity.  
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Figure 4-6. In-situ study of CsPbBr3 synthesis. (A) Illustration of microfluidic platform for in-

flow synthesis of perovskite nanocrystals. (B) Emission spectra, (C) emission bandgap, and 

FWHM of CsPbBr3 QDs across slug velocities of 12, 34, 56, 78, and 100 mm/s. ΠBr, ΠCsPb, and 

Ar correspond to the volumetric flow rate setpoints of bromine precursor, cesium-lead oleate, and 

the argon carrier phase respectively (where ΠBr = ΠCsPb). 

 

4.10. Comparative Functionality 

Among the currently available flow or velocity measurement techniques, OVAL offers a 

low-cost, plug-and-play alternative for lab-in-a-tube microfluidic systems. In particular, OVAL’s 

strengths lie in its responsive, real-time, and non-invasive sampling for continuous multiphase 

flow processes. Its use in single phase systems, however, is limited to flow rate calibration 

processes through secondary injection of an immiscible phase. Furthermore, the phase sensor 

construction material limits effective operation above temperatures of 85 ℃. OVAL is most 

effective as an added module in tube-based, multiphase flow studies that already require computer 

integration. 



 

68 

 

4.11. Conclusions 

In this report, we developed an efficient and highly effective optical absorbance-based flow 

monitoring and control system, OVAL. We demonstrated its accuracy across a range of tube-based 

microfluidic arrangements. Our case studies showcase the functionality and versatility of the 

developed multiphase flow monitoring strategy with high-throughput parameter space mapping, 

inline process controllers of both phase length and velocity, and mass-transfer-tuned syntheses of 

colloidal semiconductor nanocrystal. OVAL offers a low-cost, rapidly deployable option for 

multiphase flow control needs with a non-invasive strategy within a small physical footprint. 

Along with reducing platform development time and improving material consumption efficiency, 

further adoption of this measurement strategy would increase the accessibility of enhanced fluid 

control for future microfluidic studies across new disciplines. 
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CHAPTER 5 

An Automated Flow Chemistry Platform to Decouple Mixing and Reaction Times 

R. W. Epps, A. A. Volk, K. Abdel-Latif, and M. Abolhasani, Reaction Chemistry & 

Engineering, 2020, 5 (7), 1212-1217. 

 

5.1. Introduction 

Although a vital parameter in many colloidal nanomaterial syntheses, precursor mixing 

rates are typically inconsistent in batch processes and difficult to separate from reaction time in 

continuous flow systems. Here, we present a flow chemistry platform that decouples early-stage 

precursor mixing rates from reaction time (residence time) using solely off-the-shelf, 

commercially available, and standard dimension components. We then utilize the developed flow 

chemistry platform towards time- and material-efficient studies of the mass transfer-controlled 

synthesis of cesium lead bromide perovskite quantum dots. 

5.2. Background 

Batch (i.e., flask-based) reactors have long been the standard means of studying solution-

phase chemical processes. But batch systems, due to their irreproducible and constrained mixing 

rates, are not suitable for fundamental and applied studies of mass transfer-limited processes. 161–

163 Consequently, flask-based experimental strategies are subject to substantial batch-to-batch 

variability and unpredictable scale-up in the colloidal synthesis of various nanomaterials. 44,164 In 

contrast, flow-based synthesis platforms offer more consistent and controllable mixing rates, 

making them conducive for large scale manufacturing through numbered-up parallel flow reactors. 

Additional advantages of flow-based synthesis include superior sampling rates, access to process 

automation, and lower chemical consumption. 165,166 As a subset of these flow systems, 
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fluoropolymer tubing-based microfluidic strategies have recently emerged as a low-cost, modular, 

and dimensionally standardized alternative to chip-based devices for accelerated investigations of 

colloidal nanomaterials. 167 

In basic laminar flow synthesis systems (i.e., single phase, continuous flow in an 

unmodified linear channel), mass transfer rates are dependent on microchannel dimensions and 

fluid velocity. These diffusion limited systems offer limited mixing rates, and consequently 

microscale mixing enhancement strategies are required. Over the last two decades, a wide range 

of passive 168,169 and active 170 micromixers, as well as multi-phase flow formats 142,160,171,172 have 

been developed in both chip- and tube-based flow platforms. While these strategies greatly 

enhance fluid mixing rates, advection rates are still coupled to the average fluid velocity (and 

residence times) within the microchannel. 

Recently, several flow synthesis strategies, including mobile non-invasive sampling 

methods 139,155,173 and single-droplet flow reactors 121,140,174–179 have been developed to decouple 

precursor mixing and reaction times. Despite the unique advantages of these flow chemistry 

approaches, they possess limitations in either their minimum achievable mixing time, minimum 

measurable residence time, or the extent to which the precursor mixing time and reaction time can 

be decoupled. These challenges in existing flow chemistry platforms impair our understanding of 

ultrafast (mass transfer-limited) reaction mechanisms and mass transfer-tuned colloidal synthesis 

processes. 

In this work, we present an automated, modular fluidic microprocessor that can 

simultaneously attain arbitrarily long residence times as well as microscale precursor mixing times 

spanning 53 ms to 7.3 s. The developed flow chemistry platform features a passive micromixer 
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segment and is comprised entirely of modular components with off-the-shelf parts for ease of 

access.  

We study the performance of the developed passive micromixer to enable on-demand 

tuning of precursor mixing time. Through these studies, we have demonstrated complete precursor 

mixing for systems with Reynolds numbers (Re) spanning 2.8 to 370. We then apply the developed 

time- and material-efficient flow chemistry platform towards the synthesis of colloidal perovskite 

quantum dots (PQDs) using in situ photoluminescence (PL) and absorption (Abs) spectroscopy in 

a mass transfer-controlled reaction environment. Utilizing the developed flow chemistry strategy, 

we conducted 84 experiments to systematically investigate the relationship between ligand 

concentration – oleic acid (OA) – and precursor mixing time on the resulting optoelectronic 

properties of PQDs, all within just over 4 h and using less than 70 ml of reactants. Further 

applications of this device include reaction studies with homogenous reactive plugs, controlled 

advection rates, and arbitrarily long residence times, while requiring as little as 80 µL of reactants 

per experimental condition.  

5.3. Reactor Design 

The flow system, illustrated in Figure 5-1, operates through a sample loop configuration 

on a computer-controlled six-port, two-position valve. This system can automatically pass a small 

sample of the reaction mixture (3.5 mL) from the precursor mixing line (shown in green) to the 

sampling line (shown in gray) for downstream in situ analyses. The 7.4 uL mixing line is first set 

to specified precursor flow rates (Q1 and Q2) – corresponding to a desired mixing time (tm) and an 

average total flow velocity (um). The micromixer section equilibrates for four times the residence 

time from the T-junction to the sample loop. The valve is then automatically switched to redirect 

the reactive phase to the sampling line, filled with an inert carrier fluid, for analysis. The isolated 
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3.5 µL plug is carried through the sampling flow reactor at a fluid velocity (ur) that is set 

independently of um.  

 

 

Figure 5-1. Illustration of developed flow reactor for decoupling mixing and residence times with 

step-wise demonstration of automated system operation protocol. 

 

The braided tubing micromixer connected to the precursor mixing line is a facile, passive 

microscale mixing module for controlled and enhanced mixing of miscible fluids within a small 

volume. It is comprised solely of Teflon tube (fluorinated ethylene propylene, FEP) segment with 

an inner diameter (ID) of 250 µm, braided in a configuration often referred to as a “chain sinnet”. 

Each loop was tightened to the greatest extent possible without deformation of the tubing – i.e. the 

four-loop knot and corresponding fittings required approximately 13 cm of tubing. Such a 

configuration enables asymmetric switching of the fluid momentum direction, thereby enabling 

chaotic motion within the fluid to enhance microscale mixing rates. 180–182 Furthermore, higher 

flow velocities benefit from enhanced mixing in the tee-junction before moving into the 

micromixer, as has been reported in prior literature. 183,184 
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5.4. Micromixer Analysis 

In the first set of experiments, we characterized the microscale mixing performance of the 

braided micromixer for enhanced mixing of miscible fluids. The mixing time of two miscible fluids 

within the braided micromixer was measured using fluorescence quenching of fluorescein through 

the addition of potassium iodide (KI). A 0.75 mM solution of fluorescein was combined with a 0.5 

M solution of KI in a 1:1 volumetric ratio (i.e., Q1=Q2). The PL spectra of the mixed fluid (i.e., 

quenched fluorescein) was measured at different tubing lengths using both a braided and an 

unmodified straight length of Teflon tubing. Figure 5-2A-B shows the measured mixing ratio (R) 

– see Materials and Methods and Appendix D section D2 – at different flow conditions and plotted 

as a function of the corresponding residence time (t) in the mixing line. For each Peclet number 

(Pe=umrm/D, where rm is the tube diameter and D is the diffusivity of KI in DI water) 185, the 

measured R values were linearly fitted as a function of log10(t). This empirical model is shown in 

Equation 1: 

R (t) = a0 + a1log10(t) (1) 

where a0 and a1 are fitting constants. tm was then defined as the time at which R(t) is equal 

to 0.1, according to Equation 2: 

tm = t(R(t)=0.1)  (2) 

In the occurrence that all measured R values were below 0.1, the tm was set equal to the 

lowest measured t. Calculated tm values were then plotted in Figure 5-2C according to the chaotic 

mixing scaling law reported in Stroock et al. and Song et al.. 168,186 The linear correlation of tm as 

a function of (rm/um)log(Pe) suggests a chaotic advection mixing mechanism within the braided 

micromixer. As expected, the control experiment (i.e., straight Teflon tubing) does not share this 

trend. The tm values for proceeding synthesis studies were calculated from the correlation shown 
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in Figure 5-2C. Through these studies, the braided micromixer achieved mixing times as low as 

one quarter of the straight tubing control.  

 

 

Figure 5-2 Mixing ratio, R, as a function of residence time under varying Pe values for the 

quenching of fluorescein with KI in (A) the braided tubing micromixer and (B) an unmodified 

straight tubing. (C) The calculated mixing time, tm, as a function of (rm/um)log(Pe). 

 

5.5. Perovskite Quantum Dot Synthesis 

To demonstrate the efficacy and versatility of the developed flow chemistry, we utilized 

the sample loop reactor integrated with the braided mixer to investigate the ligand assisted re-
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precipitation synthesis of cesium lead bromide PQDs. 155,187 Two precursor streams of cesium-lead 

oleate (CsPb) and tetraoctyl ammonium bromide (Br) were combined in a 1:1 volumetric ratio 

using varying amounts of OA. OA volume fractions were set through the injection ratio between 

two solutions of 1 vol% and 7.5 vol% OA prepared for both CsPb and Br precursors. The solutions 

of varying OA composition for each precursor stream were combined in separate braided 

micromixers followed by a third braided micromixer for in-flow mixing of PQD precursors before 

automatic sampling and in situ analysis – see Appendix D section D-3 for more information. The 

OA volume fraction was maintained equal between CsPb and Br precursor streams throughout this 

study. PL and Abs spectra of the in-flow synthesized PQDs under different precursor mixing times 

were acquired in situ from the sampling line at a position corresponding to a 1 min residence time 

after the sample loop section. The residence time at the measurement point was selected to ensure 

complete reaction of the precursors – see Appendix D section D-4. 155,187 

To first show the significance of mixing time in the synthesis of PQDs Abs and PL spectra 

were collected at varying tm values and a constant OA volume fraction of 1.8 vol%. As shown in 

Figure 5-3, varying tm values from 0.3 s to 6.3 s, without any compositional changes to the starting 

precursors, produces PQDs of widely varying PL emission colors (ranging from blue to cyan to 

green) and bandgap energies. The results shown in Figure 5-3 suggests that the precursor mixing 

time is one of the key parameters controlling the optoelectronic properties of colloidal QDs with 

fast kinetics and may provide valuable insights into the issues surrounding batch-to-batch QD 

variations in flask-based syntheses. Furthermore, the tunable mixing time may be applied to 

determining the optimal synthesis conditions of QDs with desired optoelectronic properties for 

targeted applications in photonic devices. As a demonstration of this principal, we systematically 
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studied the effect of varying the volumetric fraction of OA (ɸOA) from 1.8 to 6.7 vol% on the PQD 

optical properties across the same tm values (a total of 84 automated experiments). 

 

 

Figure 5-3 (A) PL spectra with sample fluorescence images of corresponding PQD plugs under 

UV illumination, and (B) their corresponding Abs spectra for PQDs synthesized under six different 

tm values with a constant OA concentration of 1.8 vol %.  

 

Figure 5-4 shows the complex PQDs reaction space associated with ɸOA and tm derived 

utilizing the automated flow chemistry platform developed in this study. As shown in Figure 5-

4A, the peak emission energy (Ep) of in-flow synthesized PDQs has a stronger dependence on ɸOA 

at higher tm values; however, mass transfer and ligand concentration effects on Ep plateau for tm 
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greater than 1.9 s. In the search for the highest quality PQDs (Fig 5-4B-C), the in-flow synthesized 

PQDs with slower precursor injection rates (i.e., lower mixing rates)  generally outperform the 

higher advection rate experiments in terms of emission full-width at half-maximum (EFWHM) and 

photoluminescence quantum yield (ΦPL). However, after the PQD precursor mixing time surpasses 

approximately 3.5 s, the resulting reaction yield and ΦPL begin to decrease while the polydispersity 

increases (Figure 5-4B-D). Furthermore, decoupling the precursor mixing time and overall 

reaction time of colloidal PQDs provides valuable insights into the formation and growth 

mechanisms of perovskite nanocrystals. As shown in Figure 5-4D-E, the concentrations of 

CsPbBr3 (CCsPbBr3), derived from the in situ Abs spectra, indicate that higher mixing rates and 

lower OA concentrations both contribute to a less efficient consumption of available precursors. 

When the molar concentration of QD nanocrystals (CPQD) is considered, more nanocrystals are 

formed at higher precursor mixing rates and higher OA concentrations. 
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Figure 5-4. (A) Peak emission energy, (B) emission full-width at half-maximum, (C) 

photoluminescence quantum yield, (D) nanoparticle concentration of CsPbBr3, and (E) molar 

concentration of CsPbBr3 quantum dots as a function of OA concentration and mixing time for 42 

reaction conditions with one replicate each at a residence time of 1 min. Surface meshes are derived 

using a cubic interpolant fit of the experimental data and colored corresponding to the measured 

peak emission energy. 

 

The case study results presented in Figure 5-3 and 5-4, show the capabilities of the 

developed platform in exploring the influences of precursor mixing times on the optoelectronic 

properties of colloidal nanocrystals. Utilizing this modular flow chemistry platform could 

therefore unlock higher quality PQDs under replicable synthesis conditions amenable to 

continuous manufacturing. It should be noted that more extensive characterization of mass-transfer 

within the reactor channel is required before reaction conditions may be transferred to a continuous 

flow, manufacturing process. Furthermore, more advanced alterations are necessary for studying 

the influences of synthesis temperature. Despite these limitations, the current system has 
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immediate applications in research. Notably, no portion of the flow chemistry platform is reliant 

on custom-machined components and requires little specialized knowledge in its assembly. It is 

therefore highly accessible to users spanning a wide range of research fields from 

organic/inorganic synthesis to colloidal nanoscience.  

5.6. Precursor Preparation 

The fluorescein solution for studies of microscale mixing time was prepared by mixing 5 

mg of fluorescein with 80 mg of sodium hydroxide and 20 mL of deionized (DI) water. The KI 

quenching solution was prepared by mixing 1.66 g of KI with 20 mL of DI water. The stock 

solution of CsPb precursor (1M) was prepared by mixing 443 mg of lead oxide, 172.4 µL of cesium 

hydroxide solution, and 2 mL of OA in an 8 mL ventilated vial. While stirring, the contents were 

heated in an oil bath at 160 OC for 1 h then moved to an oven at 120 OC for 1 h. The 1% OA-CsPb 

precursor was prepared by combining 0.4 mL of the 1 M solution with 39.6 mL of toluene in a 40 

mL vial. The 7.5% OA-CsPb precursor was formed similarly by combining 0.4 mL of 1 M 

solution, 2.6 mL of OA, and 37 mL of toluene. The 0.01 M Br precursors were prepared by adding 

218 mg of tetraoctylammonium bromide to two 40 mL vials. The 1% and 7.5% Br precursors were 

prepared by adding 0.4 mL and 3.0 mL of OA, respectively with the balance toluene to total 40 

mL each. 

5.7. Flow Reactor Operation 

Automated flow synthesis was conducted using a central control algorithm integrated with 

five syringe pumps, a two-position six-port valve, a fiber-coupled UV-Vis spectrometer, a 

deuterium-halogen light source, and a high power light-emitting diode (LED) (365 nm). Flow 

synthesis experimentation was performed by first setting the flow rates of the four precursor pumps 

and the PFO pump with the sample loop segment open to the PFO fluidic line, then the system 
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was allowed to equilibrate for 1 min. Next, the sample loop was switched to the precursor fluidic 

line for 10 s, followed by returning to the PFO fluidic line for 6 s. This process was repeated three 

more times to produce four total reactive plugs at each desired precursor mixing time. Spectral 

sampling was then carried out with a three-port optical flow cell 139,188 by alternating between the 

light source and LED with continuous sampling every 25 ms for 5 s each. This process was 

repeated five times for a total of 2000 PL and Abs spectra per sample. The reactive phase in these 

data sets was isolated using the protocol detailed in Epps et al., 155 and empty intervals were 

discarded. 

5.8. Mixing Correlations 

The Peclet number for each flow velocity was calculated using equation 3, 

Pe = rmum / D  (3) 

where diffusivity D was estimated as 1.90x10-5 cm/s for KI in water according to Dunlap 

et al., and 2.13x10-5 cm/s for bromine in toluene according to the Stokes-Einstein relationship and 

ion properties detailed in Krall et al.. 185,189 

The mixing ratio R used in fluorescein quenching studies was defined according to the 

relationship 

R = (IS-IQ) / (IU-IQ) (4) 

where I represents the peak intensity of the PL spectra and subscripts S, Q, and U 

correspond to the in situ flow measurements on the mixing system, the fully quenched fluorescein 

reference, and the unquenched fluorescein reference, respectively. 

5.9. PQD Property Calculations 

Relative ΦPL of the in-flow synthesized PQDs was calculated using a solution of quinine 

sulfate in 0.05 M sulphuric acid. See Appendix D section D-5. Nanoparticle concentrations of 
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CsPbBr3 and the molar concentrations of PQDs were calculated from the Abs spectra according to 

the intrinsic absorption coefficient and molar extinction coefficients along with the correlations 

detailed in Maes et al. and De Roo et al.. 190,191 Nanocrystal edge lengths for these calculations 

were estimated according to the relationship with peak emission energy demonstrated in 

Protesescu et al.. 43 See Appendix D section D-6 for detailed calculations. 
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CHAPTER 6 

Artificial Chemist: An Autonomous Quantum Dot Synthesis Bot 

R. W. Epps, M. Bowen, A. A. Volk, K. Abdel-Latif, S. Han, K. G. Reyes, A. Amassian, and M. 

Abolhasani, Advanced Materials, 2020, 32(30), 202001626. 

 

6.1. Introduction 

The optimal synthesis of advanced nanomaterials with numerous reaction parameters, 

stages, and routes, poses one of the most complex challenges of modern colloidal science, and 

current strategies often fail to meet the demands of these combinatorially large systems. In 

response, an Artificial Chemist is presented: the integration of machine‐learning‐based experiment 

selection and high‐efficiency autonomous flow chemistry. With the self‐driving Artificial 

Chemist, made‐to‐measure inorganic perovskite quantum dots (QDs) in flow are autonomously 

synthesized, and their quantum yield and composition polydispersity at target bandgaps, spanning 

1.9 to 2.9 eV, are simultaneously tuned. Utilizing the Artificial Chemist, eleven precision‐tailored 

QD synthesis compositions are obtained without any prior knowledge, within 30 h, using less than 

210 mL of total starting QD solutions, and without user selection of experiments. Using the 

knowledge generated from these studies, the Artificial Chemist is pre‐trained to use a new batch 

of precursors and further accelerate the synthetic path discovery of QD compositions, by at least 

twofold. The knowledge‐transfer strategy further enhances the optoelectronic properties of the in‐

flow synthesized QDs (within the same resources as the no‐prior‐knowledge experiments) and 

mitigates the issues of batch‐to‐batch precursor variability, resulting in QDs averaging within 1 

meV from their target peak emission energy. 
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In this work, we present a smart flow‐based QD synthesis strategy (i.e., the Artificial 

Chemist), which utilizes plug‐and‐play fluidic microreactors capable of autonomous synthesis and 

optimization of colloidal QDs across multiple target parameters simultaneously. The Artificial 

Chemist, shown in Figure 6-1, can rapidly and efficiently: i) explore the vast chemical universe of 

colloidal QDs, ii) learn the colloidal QD synthesis pathways, iii) identify the composition and 

relevant synthesis route(s) to achieve specific optoelectronic properties, iv) archive and transfer 

the in‐house generated knowledge to the subsequent synthesis experiments, and v) continuously 

synthesize the rapidly optimized QDs on‐demand, all within a single enclosed system and at a 

fraction of the time and cost of batch techniques. The plug‐and‐play intelligent QD synthesis 

technology utilizes a custom‐developed in situ UV–Vis absorption (A) and photoluminescence 

(PL) spectrum monitoring module in conjunction with a real‐time ML‐based Bayesian 

optimization algorithm to enable, for the first time, the simultaneous optimization of PL quantum 

yield (PLQY, Φ) and emission linewidth (EFWHM), of colloidal QDs for any desired peak emission 

energy (EP) in the visible range. Utilizing the developed Artificial Chemist, we studied over 1400 

reactions across eleven target Ep values and eight different reaction optimization algorithms. Such 

smart/modular flow synthesis techniques can be readily adapted for on‐demand synthesis, 

discovery, and optimization of other classes of nanoparticles beyond perovskite QDs (e.g., metal 

or metal oxide). 

https://onlinelibrary.wiley.com/doi/10.1002/adma.202001626#adma202001626-fig-0001


 

84 

 

 

Figure 6-1. Design and operation of the Artificial Chemist. A) Schematic of the developed smart 

modular fluidic microprocessor for autonomous synthetic path discovery and optimization of 

colloidal QDs and B) the process flow diagram detailing its operation. 

 

6.2. Flow System 

Automated experimentation strategies often reduce the cost and time required to study and 

synthesize materials,192 but the dependency on user-driven experiment selection undoubtedly limits 

their exploration and optimization efficiency. A fully closed-loop autonomous experiment 

selection and execution platform (i.e., the Artificial Chemist), would therefore, significantly 

expedite the tedious process of colloidal synthetic path discovery and reaction optimization at a 

fraction of the cost and material consumption of the current paradigm. The self-driving Artificial 

Chemist is comprised of a precursor formulation module (seven syringe pumps, two syringe refill 

systems, and two inline passive micromixers), a flow reactor module, and an in situ QD 

characterization module (a custom-developed flow cell for simultaneous UV-Vis absorption and 

photoluminescence monitoring). Flow is segmented into reactive solution and perfluorinated oil 
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(PFO) phases. The PFO carrier phase enhances mass transfer in the reactive phase and minimizes 

fouling by separating the reactive solution from the tubing wall.163 The operation sequence of each 

colloidal synthesis reaction, including reagent refill, spectral sampling, and real-time processing 

are fully automated using a central computer controller. To evaluate the performance of the 

developed Artificial Chemist, we studied the bandgap tuning of metal halide perovskite QDs 

through halide exchange reactions,173,193–195 using flow-synthesized cesium lead bromide (CsPbBr3) 

QDs as the starting quantum dots (SQDs).155,187  

Bandgap tuning of perovskite QDs through the halide exchange reactions occurs when the 

CsPbBr3 SQDs react with a mixed zinc halide precursor (zinc iodide [ZnI2], zinc chloride 

[ZnCl2], or zinc bromide [ZnBr2]) and a specified quantity of oleic acid (OA) and oleylamine 

(OLA)—represented in their non‐dimensional forms as XSQD, XZnX2, XZnBr2, XOA, 

and XOLA (see E-3, Appendix E). The developed Artificial Chemist is integrated with a central 

control system comprising an array of adaptive sampling algorithms, including an ensemble neural 

network (NNE)‐based Bayesian optimization algorithm with an intelligent decision‐making 

policy. The control system (Figure 6-1B) alternates between controlling the autonomous flow 

reactor with in situ QD sampling and selecting the next best set of reaction conditions based on 

the constantly updated NNE model and the decision‐making policy. 

6.3. Reduced Pathlength Flow Cell 

While it is often overlooked in in situ studies of colloidal QDs, quantification of PLQY is 

a vital component in predicting the potential performance of as-synthesized QD samples in 

targeted optoelectronic device applications, such as solar cells and light emitting diodes.196 Yet, 

accurate in situ measurement of PLQY has not been possible to date without substantial dilution 

of the reactive system. The Artificial Chemist overcomes this key bottleneck with the help of a 

https://onlinelibrary.wiley.com/doi/10.1002/adma.202001626#adma202001626-fig-0001
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novel reduced path length (~ 0.2 mm) flow cell. This innovation allows us to achieve 

unprecedented accuracy for in situ PLQY measurements of high concentration QD samples 

synthesized in flow without disturbing flow uniformity. Utilizing this QD monitoring module, 

illustrated in Figure 6-2 A and B, the PLQY of in-flow synthesized perovskite QDs is measured in 

situ and analyzed in real-time without dilution of the reactive phase – as further detailed in Figure 

E-1. The spectral monitoring module thus enables accurate in situ optical characterization of 

colloidal QDs at realistic synthetic conditions and concentrations for QDs deployed in 

optoelectronic devices.197 The real-time processing of  in situ obtained absorption/PL spectra of 

halide-exchanged perovskite QDs (Figure 6-2 C and D) enables rapid, precise, and order-

independent measurements of EP, EFWHM, and PLQY. Figure 6-2E, S2, and S3 illustrate the 

robustness and reproducibility of the developed Artificial Chemist in its ability to synthesize three 

specific QD compositions even when their input conditions are alternated with randomly selected 

synthetic conditions.  



 

87 

 

 

Figure 6-2. Sampling precision with the reduced path length flow cell. A–D) Illustrations of the 

compressed tubing cross‐section at the sampling location before and after deformation (A) and the 

fully assembled flow cell (B) with corresponding inline collected photoluminescence (C) and 

absorption (D) spectra for a single reactive phase slug. E) Demonstration of independent and 

precise sampling, where three different flow compositions (blue, cyan, and purple) are alternated 

with randomized experiments (gray). 

 

6.4. Modeling Algorithm 

At the start of any experimentation, reaction space modeling algorithms may be applied 

using either no prior training – i.e., uninformed – or pre-trained with a limited archived 

experimental data set. Beginning a synthesis with prior training usually expedites convergence to 

optimal reaction conditions; however, this data is often unavailable for the specific reaction, 

incomplete, and/or simply not sufficiently consistent across research groups or synthesis platforms 

to apply with confidence. This is a common challenge in synthetic chemistry and one the Artificial 
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Chemist must be able to overcome. To do so, we compare variations of an ensemble NN approach 

to other commonly used algorithms within a black box optimization environment, including Stable 

Noisy Optimization by Branch and Fit (SNOBFIT)198 and Covariance Matrix Adaptation Evolution 

Strategy (CMA-ES).199,200 We apply this optimization method in a transfer learning system, i.e., 

utilizing archived experimental data sets with a new batch of precursors to form higher quality 

QDs. This strategy encompasses the optimization of the reaction conditions for the target colloidal 

QDs as well as the mitigation of batch-to-batch precursor variation in current state-of-the-art 

manufacturing strategies. Full input-output profiles of all studied algorithms are included in Figure 

E-4. 

Effective reaction optimization relies on a belief model that accurately predicts outcomes 

and their uncertainty and a decision‐making policy that efficiently navigates the model space. 

Many prior studies have applied Gaussian processes (GPs) to model these predictions and 

uncertainty estimates.44,201,202 However, it is difficult to impose complex structure on the GPs, which 

often simply encode continuity, smoothness, or periodicity. While many reaction systems are 

effectively modeled under these assumptions,203 this limitation inhibits GPs’ ability to sufficiently 

represent certain reaction spaces, including the complex space explored in this study (Figure 6-

3A,B). Subsequently, we found GPs to underperform in our system when compared with other 

methods (Figure E-4H, Appendix E). To overcome these issues without losing the statistical 

quantification that GPs provide, we trained an NNE simultaneously for EP, EFWHM, and PLQY 

figures of merit (shown in Figure 6-3C–E). Sample statistics calculated from the ensemble can 

then be used in place of the probabilistic quantification traditionally modeled by GPs. The model 

outputs of these three parameters are converted into a single quality metric–referenced as the 

objective function (Z). Demonstrated in Figure E-5, Appendix E, we further enhanced the 

https://onlinelibrary.wiley.com/doi/10.1002/adma.202001626#adma202001626-fig-0003
https://onlinelibrary.wiley.com/doi/10.1002/adma.202001626#adma202001626-fig-0003
https://onlinelibrary.wiley.com/doi/10.1002/adma.202001626#adma202001626-fig-0003
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ensemble modeling by applying a data and model boosting algorithm, Adaboost,204,205 to train 

models in the ensemble. Adaboost assigns data weights iteratively between successively trained 

NNs as well as a model weight to each individual NN, thereby increasing the influence of higher 

performing members of the ensemble. Finally, a decision policy selected from four different 

methods was used on the boosted NNE model to choose the next set of optimized experimental 

conditions for a targeted QD bandgap. 
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Figure 6-3. The chemical universe exploration of the Artificial Chemist. A,B) Average model 

outputs when trained on 150 samples as a function of XZnI2 and XZnBr2 (A) and XOA and XOLA (B) 

when all remaining input variables are kept at a constant value (XC). C) Input parameter space for 

ten condition sample set and D) corresponding output parameters used for model training where 

sampling order is indicated by the direction of the arrows. E) Model prediction average (Zn) with 

associated variance (σn
2) as a function of sample size and input parameter at the measured optimal 

condition for 2.3 eV setpoint emission (i.e., the panels show the predicted Z for each parameter 

while the remaining parameters are held at their optimal value). 
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6.5. Decision Policy Selection 

Across different decision policies applied to the NNE model of the Artificial Chemist, a 

balance between exploration of the chemical space and exploitation of predicted best regions of 

the space – shown in Figure 6-4 A – resulted in the lowest number of experiments (cost) required 

to achieve the desired optoelectronic properties of metal halide perovskite QDs.206 Exploration-

heavy optimization strategies such as NNE with maximum variance (MV) and SNOBFIT, all 

either failed to consistently move inwards from the input space bounds or converged onto an 

optimum synthetic condition at a far slower rate than other models. On the opposite end of this 

balance, NNE with pure exploitation (EPLT) also failed to converge onto an optimum within an 

acceptable number of experiments (less than 25), due to the small incremental improvements with 

each round of experimentation. The colloidal synthesis optimization methods with more balanced 

exploration/exploitation – e.g., NNE with upper confidence bound (UCB), NNE with expected 

improvement (EI), and CMA-ES – rapidly and consistently reached the optimal synthesis 

conditions, see Figure 6-4 B and S6. All three of these methods on average resulted in QDs within 

10% of the lowest measured objective function value after 25 experiments. Among the balanced 

exploration/exploitation methods tested here and represented in Figure 6-4 C, NNE-UCB showed 

the most consistent and greatest performance in the uninformed QD synthesis environment. 
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Figure 6-4. Intelligent decision‐making of the Artificial Chemist. A) Isomap representation of the 

input space for a target emission of 2.2 eV across three different optimization methods ranging in 

exploration to exploitation ratios. NNE‐EPLT: exploitation‐heavy; NNE‐UCB: balanced 

exploration versus exploitation; SNOBFIT: exploration‐heavy. B) Sample output values for NNE‐

UCB and NNE‐EPLT (yellow, orange, and red corresponding to 2.4, 2.2, and 2.0 eV, respectively). 

C) Mean of best three measured Z, averaged across six optimizations of different target emissions, 

as a function of sample number. 

 

6.6. Quantum Dots on Demand 

A noteworthy advantage of the objective function optimization method over multi‐

parameter optimization techniques207 is that it may easily be adapted towards precise bandgap 

selection, specifically after uninformed synthetic path discovery has taken place (knowledge 
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transfer). In addition to the optimization runs performed without any prior information on the 

reaction space of metal halide perovskite QDs, we explored the pre‐training of NNE models with 

prior optimization data sets to both further push the limits of the objective function multi‐parameter 

optima (i.e., Pareto front) and to accommodate batch‐to‐batch precursor variability in the starting 

reagents. An NNE model was trained with the data collected for the NNE‐UCB optimizations (275 

experiments) then passed through an EPLT policy. Despite the perovskite QD synthesis occurring 

with a new set of precursors, the pre‐trained optimization surpassed the performance of all other 

methods for 9 of the 11 target Ep values (5 with ZnI2 and 4 with ZnCl2). Optimal conditions for 

the two exceptions (1.9 and 2.5 eV) were collected during the uninformed NNE‐UCB study and 

were located near the bounds of the available reaction space for each of the halides. After 25 runs, 

autonomously synthesized perovskite QDs with prior knowledge had Ep values, on average, 

within 1 meV of the target values, which is an improvement from the 3 meV of the uninformed 

NNE‐UCB experiments. Thus, the developed Artificial Chemist can rapidly and consistently find 

the optimal synthetic pathway of QDs using the knowledge obtained from prior experiments even 

when prior data is subject to batch‐to‐batch precursor variation. 

The Artificial Chemist is capable of rapidly reaching favorable synthesis conditions for a 

desired set of optoelectronic properties of QDs with no prior reaction space data. Furthermore, it 

is able to use prior training to push the measured figures of merit (i.e., EP, EFWHM, and PLQY) 

past the reported results of less efficient methods within the same resources (as shown in Figure 6-

5A,B). The approach of using NNE‐UCB optimization followed by pre‐trained NNE‐EPLT was 

able to produce high‐quality metal halide perovskite QDs all within, on average, 1 meV of 

targeted EP values (Figure 6-5C,D). These methods demonstrated significant improvements over 

all optimization strategies and decision policies evaluated in this study (Figure 6-5E). Further 

https://onlinelibrary.wiley.com/doi/10.1002/adma.202001626#adma202001626-fig-0005
https://onlinelibrary.wiley.com/doi/10.1002/adma.202001626#adma202001626-fig-0005
https://onlinelibrary.wiley.com/doi/10.1002/adma.202001626#adma202001626-fig-0005
https://onlinelibrary.wiley.com/doi/10.1002/adma.202001626#adma202001626-fig-0005
https://onlinelibrary.wiley.com/doi/10.1002/adma.202001626#adma202001626-fig-0005
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applications of the Artificial Chemist will enable facile manufacturing of made‐to‐measure 

colloidal nanocrystals with precise synthesis control across different precursor batches. Archived 

experimental results facilitate rapid tuning of reaction parameters to achieve consistent nanocrystal 

batches and optoelectronic properties in a continuous flow production setting. 
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Figure 6-5. Case study of the Artificial Chemist in the accelerated synthesis of metal halide 

perovskite QDs. A) PLQY as a function of EP and EFWHM for all 1400 in‐flow collected data points 

with the 11 optimal formulations highlighted. B) Sample output values for a pre‐trained NNE‐

EPLT at three separate target emission values (yellow, orange, and red correspond to 2.4, 2.2, and 

2.0 eV respectively). C) In situ photoluminescence and D) absorption spectra of 11 optimized 

nanocrystals, linearly scaled by the concentration of SQD in the reactive phase. E) PL spectra, 

scaled by the measured absorbance at 365 nm, of best measured Z for six sample selection 

methods. 



 

96 

 

The Artificial Chemist, in addition to accelerated synthetic path discovery and optimization 

of colloidal QDs, can also rapidly synthesize a library of high‐quality QDs on‐demand, as shown 

in Figure 6-6A,B, utilizing the NNE‐EPLT optimization algorithm with pre‐training based on in‐

house generated QD synthesis data. That is, through knowledge transfer of prior experimental data 

sets, the Artificial Chemist can quickly attain high PLQY and low polydispersity (EFWHM) QDs 

for any targeted emission color. The autonomously discovered optimal synthetic pathways (QD 

formulations) by the Artificial Chemist may then be utilized for a scaled‐up (nano)manufacturing 

of the target perovskite QDs by continuously flowing reactants through the same modular flow 

synthesis platform with a throughput of ≈220 g QD solids per day (Figure 6-6C). 

 

https://onlinelibrary.wiley.com/doi/10.1002/adma.202001626#adma202001626-fig-0006
https://onlinelibrary.wiley.com/doi/10.1002/adma.202001626#adma202001626-fig-0006
https://onlinelibrary.wiley.com/doi/10.1002/adma.202001626#adma202001626-fig-0006
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Figure 6-6. QD synthesis on‐demand enabled by the Artificial Chemist. A) Illustration of the UV‐

illuminated starting perovskite QDs and final halide‐exchanged synthesized in flow for all 11 

target emission colors. B) Transmission electron microscopy (TEM) images with X‐ray diffraction 

(XRD) spectra overlay of the purified halide‐exchanged QDs obtained from (descending order) 

ZnCl2 exchange reactions with target emissions of 2.8 and 2.6 eV, the starting QDs, and 

ZnI2 reactions with target emissions of 2.4 and 2.2 eV. C) EP values continuously measured for a 

1 h continuous collection of 2.7 eV (blue) and 2.0 eV (red) perovskite QDs with the corresponding 

UV illuminated products in 20 mL vials. 

6.7. Conclusions 
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In this work, we have developed the self‐driving Artificial Chemist, that is, a single, self‐

contained system capable of autonomous data generation, learning, synthetic path discovery, 

knowledge transfer, and continuous on‐demand manufacturing of solution‐processed 

nanomaterials. We have integrated ML‐based experimental selection methods with a high‐

efficiency modular fluidic reactor to demonstrate a system capable of fully autonomous and 

intelligent materials chemistry exploration, as well as efficient multivariate process optimization 

with knowledge transfer. We attained accurate in situ characterization of PLQY, EFWHM, and EP of 

in‐flow synthesized QDs. Our methods enabled the simultaneous optimization of three important, 

highly coupled parameters for QD quality and identified the synthetic routes to achieving the 

frontier properties of these materials. With this approach, we studied the efficacy of NNE modeling 

in the uninformed optimization of the halide exchange of CsPbBr3 QDs. By applying knowledge 

transfer from the uninformed studies, the intelligent system was then utilized to produce high‐

quality metal halide perovskite QDs within 1 meV of 11 target peak emission energies. 

The developed plug‐and‐play autonomous flow synthesis strategy may be quickly adapted 

to other reaction systems beyond colloidal QDs such as metal, metal oxide, and carbon‐based 

nanoparticles. This approach can also be expanded to include downstream dispensing of colloidal 

suspensions and solutions directly into coating and printing platforms for the fabrication of 

optoelectronic devices. An additional implication of the Artificial Chemist is intensified, green, 

and more consistent manufacturing of advanced nanomaterials as compared to flask‐based studies, 

which are limited by batch‐to‐batch precursor variations and inefficient/irreproducible heat and 

mass transfer rates. The autonomous robotic experimentation strategy embodied by the Artificial 

Chemist offers broad‐reaching applications in rapidly advancing the synthesis of colloidal 

semiconductor nanocrystals and any other solution‐processed nanomaterial. 
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CHAPTER 7 

Self-Driven, Multi-Step Quantum Dot Synthesis Enabled by Autonomous Robotic 

Experimentation in Flow 

K. Abdel-Latif,* R. W. Epps,* F. Bateni, S. Han, K. G. Reyes, and M. Abolhasani, (under 

review) 

* Authors contributed equally. 

 

7.1. Introduction 

Identifying the optimal formulation of emerging inorganic lead halide perovskite quantum 

dots (LHP QDs) with their vast colloidal synthesis universe and multiple synthesis/post-synthesis 

processing parameters is a challenging undertaking for material- and time-intensive, batch 

synthesis strategies. In this work, we introduce a modular microfluidic synthesis strategy 

integrated with an artificial intelligence (AI)-guided decision making agent for intelligent 

navigation through the complex colloidal synthesis universe of LHP QDs with 8 individually 

controlled synthesis parameters and an accessible parameter space exceeding 2×107. Utilizing the 

developed autonomous microfluidic experimentation strategy within a global learning framework, 

we rapidly identify the optimal formulation of LHP QDs through a two-step colloidal synthesis 

and post-synthesis halide exchange reaction, for 10 different emission colors in less than 40 min 

per desired peak emission energy. Employing two in-series microfluidic reactors enables 

continuous bandgap engineering of LHP QDs via in-line halide exchange reactions without the 

need for an intermediate washing step. Using an inert gas within a three-phase flow format enables 

successful, self-synchronized continuous delivery of halide salt precursor into moving droplets 
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containing LHP QDs, resulting in accelerated closed-loop formulation optimization and end-to-

end continuous manufacturing of LHP QDs with desired optoelectronic properties. 

7.2. Background 

Inorganic lead halide perovskite (LHP) quantum dots (QDs) have recently emerged as a 

promising class of semiconducting materials for next-generation, solution-processed 

optoelectronic devices 66. For example, inorganic LHPs have surpassed the performance of 

conventional IV-VI QDs in photovoltaic devices 208. The presence of a nonvolatile inorganic cation 

in inorganic LHP QDs, compared to their organic counterparts, can significantly enhance their 

stability in harsh conditions (i.e., real-world applications). The prominence of LHPs among other 

semiconductor nanocrystals is mainly attributed to their high photoluminescence quantum yield 

(PLQY), high defect tolerance, facile bandgap tunability, and narrow emission linewidth. The ease 

of peak emission bandgap tuning (1.7 eV-3.1 eV) makes inorganic LHP QDs a versatile material 

for widespread applications ranging from solar cells (1.77 eV) 109,209–211, light emitting diodes (blue 

2.7 eV, green 2.39 eV and red 1.88 eV)212–214, and various photocatalytic reactions 215–217. The 

peak emission energy of cesium lead halide QDs (CsPbX3, X=Cl, Br, I) can be readily tuned by 

varying (i) QD size using the quantum confinement effect 91,218–220, (ii) ligand composition 89,96,221, 

(iii) the chemical composition of the QD through anion 77,87,222, and/or cation exchange 76, and (iv) 

the precursor halide content 66,81. 

Despite producing high-quality monodispersed CsPbX3 QDs 66, flask-based hot-injection 

synthetic routes impose major challenges from large-scale manufacturing and reproducibility 

perspectives. Hot-injection colloidal synthesis requires operating at high temperatures (> 150°C), 

which increases the overall energy costs and necessitates specific reactor design modifications to 

ensure homogenous, uniform heat distribution across the reactor. Furthermore, manual, flask-
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based colloidal syntheses are notorious for their lack of reproducibility (batch-to-batch variation 

and operator error), and difficulty of integration with material diagnostic probes 81,91,223. Room-

temperature colloidal synthesis (e.g., ligand assisted reprecipitation strategy) 94,212,224 and post-

synthesis halide exchange reactions 77,87,222,225 of CsPbBr3 QDs are considered attractive 

alternatives to the hot-injection synthesis strategy for facile and precise bandgap engineering of 

LHP QDs. The halide exchange reaction of CsPbBr3 QDs consists of four separate steps to obtain 

application-ready LHP QDs: (i) CsPbBr3 QD synthesis, (ii) CsPbBr3 QD purification (antisolvent 

washing), (iii) post-synthesis halide exchange reaction of purified CsPbBr3 QDs, and (iv) isolation 

and purification of the halide exchanged LHP QDs. The intermediate QD washing step involves 

antisolvent addition followed by centrifugation, aliquot disposal, and fresh solvent addition. Every 

single step requires equipment (centrifuges, containment vessels, pumps, material storage), 

materials (fresh solvents and antisolvents), and generates waste (disposed aliquot). Moreover, 

washing and the subsequent re-dispersal of LHP QDs in fresh solvent disrupts the surface ligands, 

leading to ligand detachment 95,105, surface defects (lowering the PLQY), and reduced colloidal 

stability of the LHP QDs 95. Removal of the intermediate washing step of halide exchange reactions 

can enable end-to-end continuous manufacturing of inorganic LHP QDs and accelerate their 

adoption by chemical and energy technologies. 

Microfluidic material synthesis strategies with their modular nature, have recently been 

demonstrated as a reliable and precise tool for accelerated exploration of multivariable synthesis 

and processing of LHPs, while overcoming the mass and heat transport limitations imposed by 

flask-based synthesis methods 81,91,222,226–228. The superior heat and mass transfer rates and 

capability of integration with real-time in-situ material diagnostic probes and artificial intelligence 
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(AI)-based experiment selection strategies make microscale flow synthesis techniques an ideal 

approach for accelerated fundamental and applied studies of inorganic LHP QDs 226,228–233. 

Multi-phase microfluidic reactors, including two and three-phase flow configurations 

(gas/liquid-liquid or gas-liquid-liquid),—in contrast to single-phase flow formats with their 

unwanted axial dispersions—have been demonstrated to provide a narrow QD size distribution 82–

84. The reduced size dispersity of the in-flow synthesized LHPs using multiphase flow reactors 

compared to single-phase flow format can be attributed to the enhanced mixing rates achieved 

through the axisymmetric recirculation patterns formed within the moving droplets 234,235. Utilizing 

perfluorinated oil as the continuous phase, that preferentially wets the microchannel walls, 

prevents the reactive phase from contacting the microchannel walls, thereby avoiding fouling 236. 

Considering the envisioned end-to-end manufacturing of inorganic LHP QDs, modular 

flow reactors are required to achieve continuous, in-series synthesis of CsPbBr3 QDs followed by 

in-line halide exchange reactions without an intermediate QD washing step. Despite the 

advantages of using a liquid-liquid two-phase flow in colloidal nanomaterials syntheses, it offers 

a very narrow operational window for passively synchronized in-line precursor addition (injection) 

into moving reactive droplets. Introduction of an inert gas as the third phase into a liquid-liquid 

segmented flow has been demonstrated to enable successful self-synchronization of in-line 

precursor addition into the flowing reactive droplets, and significantly expands the accessible 

operation envelope of the flow reactor beyond liquid-liquid segmented flow, without reactor 

fouling 236. The inert gas phase acts as a cushion for the newly added chemical precursor into the 

microchannel and automatically synchronizes the precursor injection with the position of the 

moving reactive droplet. This unique characteristic can be attributed to the change in the three-

phase surface force balance (compared to a two-phase organic solvent- perfluorinated oil system) 
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237–239, which enables multistep sequential synthesis and processing within microfluidic reactors 

236,240. Employing a three-phase flow format allows the sequential in-line addition of the halide salt 

precursor into the as-synthesized CsPbBr3 QDs in a moving droplet (i.e., telescoped reactions) and 

circumvent the need for an off-line intermediate washing step (workup), thereby intensifying the 

QD manufacturing process as a result.  

The complex and multivariable nature of the synthesis and optimization of LHP QDs make 

the discovery and search for the optimal LHP QD product a daunting undertaking 105. Automated 

experimentation methods alone may improve the rate in which a material space may be navigated; 

however, the disjointed experiment selection and conduction cycle reduces the efficiency in which 

the reaction conditions may be optimized. Generally, experimentation strategies with high reliance 

on user guidance and operation require increased time commitment and level of expertise. Recent 

advances in AI, including deep neural networks (DNN) and reinforcement learning, for rapid 

chemical space exploration 241–253, provide an exciting opportunity to reshape the development and 

on-demand manufacturing of colloidal nanomaterials. Consequently, a number of self-optimizing 

microfluidic reactors have been developed to take advantage of continuous material exploration in 

a low chemical consumption system 226,231–233. AI-based experimentation strategies may provide 

the tools necessary to efficiently explore the expanding parameter spaces. 

The self-optimizing fluidic studies frequently apply either established optimization 

methods, such as Stable Noisy Optimization by Branch and Fit 254, or recently re-emerged 

Gaussian process regression-based modeling (e.g., Kriging) 231,255, are often placed in tandem with 

techniques that employ decision-making under uncertainty in a closed-loop fashion, such as the 

case of many recent efforts in the use of Bayesian Optimization (BO) for autonomous materials 

development 248,256. In recent work, we demonstrated the use of ensemble neural networks (ENN) 
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for application in a fully self-optimizing fluidic system 226. While the most effective AI algorithm 

is problem-dependent, ENN-based experimentation methods have shown their potential in 

navigating large reaction spaces from a position of no prior knowledge as well as with archived 

data as a starting position in order to achieve a specific objective. 

Increasing the number of input parameters in a reaction space greatly inflates the degree of 

difficulty in system outputs tuning and optimization. With every added parameter, the size of the 

accessible reaction space increases exponentially. Thus, as material syntheses become more 

complicated (e.g., multi-step synthesis), the synthesis space becomes arduous to explore and 

control through manual experiment selection strategies. This is often referred to as the Curse of 

Dimensionality. For example, the 8 input parameters of the two-step synthesis and post-processing 

anion exchange reaction of CsPbBr3 QDs present a parameter space of approximately 2 ×107 

possible combinations (calculated based on the number of independent input parameters, precursor 

concentration range, and the minimum accurate precursor concentration increment feasible by the 

fluid delivery system).  

In this work, we develop an AI-guided LHP QD synthesis approach for autonomous end-

to-end manufacturing of inorganic LHP QDs (Figure 7-A). Autonomous operation of an 

interconnected network of flow-based modules enables in-house generation of large set of in-situ 

spectroscopic data in real time for data mining and intelligent experiment selection. The modular 

and reconfigurable microfluidic reactors operated using three-phase (gas-liquid-liquid) flow 

format enable controlled in-flow synthesis of CsPbBr3 QDs followed by a rapid halide exchange 

reaction without an intermediate washing step (Figure 7-1B). We leverage the high-throughput 

and time- and material-efficient nature of the developed autonomous robotic QD synthesizer for 

rapid exploration of the vast colloidal synthesis universe of LHP QDs with 8 independent input 



 

105 

 

and 2 output parameters using an AI-guided decision making strategy within a global learning 

framework. Using an active learning strategy, we utilize the self-driving modular QD synthesizer 

for rapid, autonomous formulation exploration of high-quality CsPbX3 QDs at any desired peak 

emission energy (EP) with a minimized full-width-at-half-maximum (FWHM). We then 

demonstrate the reconfigurability of the developed LHP QD synthesizer from rapid formulation 

discovery to end-to-end continuous manufacturing with the desired optoelectronic properties using 

the results of the global learning experiments as prior knowledge. 
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Figure 7-1. (A) Schematic illustration of the concept of AI-guided QD synthesis in flow. (B) 

Schematic illustration of the on-demand continuous manufacturing of inorganic LHP QDs enabled 

by an AI-guided modular microfluidic reactor. 
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7.3. Results  

The developed AI-guided microfluidic material synthesizer with two in-series flow 

reactors is illustrated in Figure 7-2. The hardware of the automated modular platform includes: (i) 

3 precursor formulation modules with 10 individually controlled input streams producing 3 on-

demand formulated precursors (P1, P2, and P3) (Table 1). The individually controlled input streams 

are represented in the ENN model as non-dimensionalized flow rates X1-X8, (Table 2& 

Supplementary Information, Non-dimensionalized Input Parameters); (ii) Two microfluidic 

reactors for in-flow synthesis of CsPbBr3 QDs (microreactor 1) followed by an in-line halide 

exchange reaction (microreactor 2); and (iii) an online spectral characterization module (PL 

spectroscopy). The operation sequence of the modular QD synthesizer is controlled by a custom-

developed process automation code (LabVIEW). The rapid formulation optimization and 

intelligent exploration of LHP QD synthesis space with their massive parameter space (8 

independent input parameters and 2 outputs) was achieved via a knowledge transfer strategy 

through a global learning step (100 experiments with a max variance (MV) decision policy), 

followed by an AI-guided decision-making step using an exploitation (EPLT) decision policy.  

Microreactor 1 is where the CsPb and Br precursors react in flow and form CsPbBr3 QDs 

within the reactive phase droplets moving along the flow direction. The halide exchange reaction 

of the as-synthesized CsPbBr3 QDs takes place in microreactor 2—without any interruption in the 

workflow—via a passive, self-synchronized addition of a specific volume of zinc halide precursor 

(ZnX2, X=Cl or I) into the train of moving droplets, containing CsPbBr3 QDs. As discussed 

previously, the presence of the gas droplets within the three-phase flow format utilized in this 

work, enables facile in-line addition of the zinc halide precursor into the moving droplets without 

the need for any complex active synchronization techniques.  
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Table 7-1. On-demand formulated precursors for CsPbBr3 QD synthesis and in-line halide 

exchange reaction. 

Precursor 

Stream 
Composition Description 

P1 Starting CsPb Precursor, Oleic Acid (OA), and 

Toluene 

Inline-Formulated CsPb 

Precursor 

P2 Starting Br Precursor, OA, and Toluene Inline-Formulated Br 

Precursor 

P3 ZnX2 Precursor, OA, OAm, and Toluene Inline-Formulated ZnX2 

Precursor 

 

The composition and concentration of the main precursors, including P1:CsPb, P2:Br, and 

P3:ZnX2 during each experimental iteration of the AI-guided optimization campaign is selected by 

the decision-making policy. The autonomously selected compositions are then automatically 

formulated in flow, prior to injection into the microreactors, using three formulation modules, 

presented in Figure 7-2. P1 and P2 represent the CsPb and Br precursors with tunable 

concentrations and different amount of oleic acid (OA), respectively. P3 represents the zinc halide 

precursor with a specific halide (Cl or I), OA, and oleylamine (OAm) composition set by the AI-

guided decision-making algorithm.  
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Table 7-2. Description of the independent non-dimensionalized input parameters used by the 

ensemble neural network model to build the 8-dimension multi-step LHPD QD synthesis model. 

Non-

Dimensional 

Flow Rate 

Description 

X1 P1 

X2 CsPb Precursor 

X3 OA input stream for P1 (Toluene:OA, 2:1) 

X4 Br Precursor 

X5 OA input stream for P2 (Toluene:OA, 2:1) 

X6 ZnX2 Precursor 

X7 Toluene input stream for P3 

X8 OAm input stream for P3 (Toluene:OA, 2:1) 

 

Formation of a uniform and controlled three-phase flow in microreactor 1 is crucial for 

continuous operation of the automated platform during the global learning and optimization 

campaigns. A custom-designed, five-port fluidic junction was machined in polyether ether ketone 

(PEEK) to minimize the contact time of P1 and P2 precursors before segmentation with the inert 

carrier phase, perfluorinated oil (PFO), and argon gas. Thus, the CsPbBr3 QDs were formed after 

segmentation within the reactive phase droplets in microreactor 1.  
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Figure 7-2. Schematic of the AI-guided modular microfluidic reactor integrated with a spectral 

monitoring flow cell for real-time in-situ monitoring of the PL spectra of the in-flow synthesized 

LHP QDs with 8 independent input parameters. Tol: toluene, PFO: perfluorinated oil, OA: oleic 

acid, OAm: oleylamine, CsPb: cesium lead precursor in toluene, Br: bromide precursor in toluene, 

ZnX2: zinc halide precursor in toluene. 

 

The optical properties of the LHP QDs synthesized in the modular microfluidic platform 

are monitored in real-time at the outlet of microreactor 2 using the custom-developed flow cell. 

Utilizing the flow cell module, the photoluminescence (PL) spectra of the autonomously 

synthesized LHP QDs at each iteration (i.e., AI-selected experimental condition) are obtained and 

processed automatically to obtain the peak emission energy (EP) and full-width-at-half-maximum 

(FWHM) of the in-flow synthesized LHP QDs. 
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7.4. Three-Phase Flow 

In order to ensure reliable and consistent injection of the zinc halide precursor into the 

moving droplets containing as-synthesized CsPbBr3 QDs, we sought to characterize the uniformity 

and stability of the three-phase flow using the custom-developed five-port fluidic junction, before 

and after the secondary in-line injection port, via in-situ UV-Vis absorption spectroscopy. For the 

three-phase flow characterization experiments, we used toluene (the reactive phase solvent) mixed 

with Sudan blue (for visualization), PFO, and argon. The light absorption intensity difference of 

each fluid at 400 nm was utilized to identify the boundaries and length of each phase in both 

microreactors before and after in-line injection (Figure F-1 and F-2). Droplet length disparity can 

be quantified by examining the variation in the amount of time it takes for each phase to pass the 

flow cell port, Δt (Figure F-2a). Figure F-2b shows the consistency and uniformity of the pre-

injection three-phase flow over a 15 min period. The light absorbance time series at 400 nm, from 

the flow cell placed after the in-line injection port, were also used to quantify the reliability of the 

in-line zinc halide precursor injection module, where larger volumetric injection ratios, P3/(P1+P2), 

resulted in longer post-injection droplets which is directly indicated by the increase in Δt (Figure 

F-2c). Figure F-2d presents a series of absorbance time-series for different P3/(P1+P2) ratios, 

illustrating that the secondary precursor injection, for the set of flow rates chosen, resulted in 

precise self-synchronized injection into the moving droplets and a uniform post-injection train of 

droplets over a wide range of secondary injection volumetric ratios P3/(P1+P2) (up to four times 

the original droplet volume). The post/pre-injection droplet length ratio (L2/L1) as a function of 

P3/(P1+P2) is shown in Figure F-2e, where Δt is converted to the droplet length (Li) using the total 

flow rate and microchannel cross-sectional area. Figure F-2f presents the reliability of the self-

synchronized secondary injection, for a P3/(P1+P2) =1, over the span of 15 min. The consequent 

experiments were conducted with the secondary injection ratio, P3/(P1+P2) =1, to eliminate any 
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mixing variability across different reaction conditions due to the variation in droplet length 

228,234,235. It should also be noted that, as previously reported in the literature, reliable and uniform 

three-phase flow formation and the subsequent in-line injection can be achieved by minimizing 

the PFO and maximizing the gas (argon) ratio with respect to the total flow rate 236. 

7.5. In-Flow Halide Exchange Reaction Time 

Following the characterization of the three-phase flow behavior within the modular 

microfluidic platform, in the second set of experiments, we investigated the in-flow reaction time 

of the halide exchange reaction (Microreactor 2) using the as-synthesized CsPbBr3 QDs 

(Microreactor 1). The knowledge of halide exchange reaction time is important to ensure the in-

situ spectral characterization of the LHP QDs is conducted after completion of the halide exchange 

reactions. Figure F-3a and F-3b present the temporal PL spectra evolution of the iodide and 

chloride exchange reactions in flow, respectively. Both halide exchange reactions reached 

completion (i.e., terminal EP) relatively quickly at about 20 s (Figure F-3c), while the FWHM 

values of both reactions took longer to equilibrate (Figure 7-4d). As shown in Figure F-3d, the 

halide exchange reaction time is approximately 60 s, which is longer than our previous report using 

washed CsPbBr3 QDs 222. The slower halide exchange kinetics when using as-synthesized CsPbBr3 

QDs compared to the washed QDs can be attributed to the presence of unreacted salts and ligands 

in the solution.  

7.6. In-Series LHP QD Synthesis and Halide Exchange Reactions in Flow 

Following the reaction time studies of the in-series LHP QD synthesis and halide exchange 

reactions, a residence time of 80 s was used for all subsequent halide exchange reactions to ensure 

reaction completion before in-situ spectral characterization (Figure F-3). Next, we employed the 

modular microfluidic platform for systematic studies of the in-series LHP QD synthesis and halide 
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exchange reactions by varying the concentration of the starting CsPb precursor from 9 mM to 51 

mM. Figure F-4 presents the PL spectra of the in-flow halide-exchanged QDs for different zinc 

halide (P3) concentrations (Cs). As can be seen from Figure F-4, lower CsPb and Br precursor 

concentrations resulted in a higher EP shift for all Cs values, irrespective of the exchanged halide. 

The limits of halide exchange reactions on tuning EP was found to be 1.9 eV and 2.9 eV for iodide 

and chloride exchange reactions, respectively. 

The second set of in-series halide exchange experiments were conducted to explore the 

effect of varying P1/P2 ratio on the optoelectronic properties of colloidal CsPbX3 QDs. The 

experiments were divided into four main groups, where P1/P2 value was varied, while maintaining 

the concentration of the CsPb precursor constant at 9 mM, 20 mM, 30 mM, and 51 mM. Figure F-

5 shows the effect of varying P1/P2 ratio along with Cs on EP for both iodide and chloride exchange 

reactions. The first notable observation is that higher P1/P2 values are more resistant to halide 

exchange. Higher P1/P2 values correspond to more available CsPbBr3 QDs in the solution for the 

subsequent in-line halide exchange reactions, resulting in a faster depletion of the available halide 

anions and earlier termination of the EP shift. Another distinct behavior observed is that both iodide 

and chloride exchange reactions exhibited the same overall trend with increasing Cs. However, Cs 

values required for the chloride exchange reactions were 25% of the iodide exchange reactions. 

This difference can be attributed to the more facile halide exchange reactions of CsPbBr3 QDs 

with chloride than iodide anions. Using lower concentrations of the zinc chloride precursor can 

enhance the bandgap tunability, and thereby unveil the halide exchange mechanism, as previously 

observed in the literature 222. 
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7.7. AI-Guided QD Synthesis in Flow 

Following the development and characterization of the three-phase flow format and the 

self-synchronized, in-line addition of the zine halide precursor into the moving droplets, an AI-

guided decision-making strategy (i.e., autonomous experiment selection) was developed and 

integrated with the modular microfluidic platform for the simultaneous optimization of EP and 

FWHM of CsPbX3 QDs. In contrast to other closed-loop, autonomous campaigns that use 

techniques such as BO, the strategy employed here considered the problem of efficiently learning 

about multi-step LHP QD synthesis in general, while performing target optimizations over several 

optimization episodes, each with different objectives.  

Common to each episode were several ground-truth observable and a priori unknown 

responses, viewed as functions over the colloidal synthesis space. These unknown ground-truth 

response functions were modeled using ENN models, each representing all response functions. 

The ENN models are comprised of 500 randomly structured cascade forward neural networks. 

Throughout the campaign, based on a limited set of observed data obtained during the campaign, 

models in the ensemble are trained, and the aggregate of models are used to define summary 

statistics of the models’ predictions of the responses. Such summary statistics include an expected 

value of the responses as a function of synthesis inputs, as well as an uncertainty quantification of 

these predicted values. 

In each optimization episode, a target set of responses are defined, resulting in a scalar 

objective function z (x) which measures how close the ground-truth responses achieve the targeted 

values. As with the response function, the objective function is a priori unknown, but model 

predictions and uncertainties can be similarly obtained from the ENN. These predictions and 

uncertainties can be used within an AI-guided, closed loop decision-making campaign to 

efficiently learn the optimal synthesis conditions that yield the desired target responses. The 
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algorithms and methods used in the data processing and experiment selection are adapted from our 

previous work 226. 

Within the popular and traditional BO framework, decision-making policies attempt to 

generally balance learning about the objective function of interest (exploration) with focusing on 

regions in synthesis space that appear promising (exploitation). This balance between exploration 

and exploitation is generally stuck under the assumption that a BO campaign will be performed 

once – so that decisions are made to effectively go from little or no prior knowledge to the best 

understanding possible of the optimal regions within a limited amount of data. In contrast, the 

problem studied here considers a balance in which the general knowledge gained through 

exploration can be amortized over several optimization episodes with dynamic targets. In this 

sense, such decision making is more in line with non-BO techniques, such as more general active 

learning methods or episodic reinforcement learning.  

The strategy employed here is to initially invest in the general, global learning of the 

various response functions prior to the optimization of the synthesis parameters for any particular 

target responses. This first phase of the global learning is done using the Maximum Variance (MV) 

decision-making policy, which selects, at any particular time, the synthesis conditions 

corresponding to the output function values of the objective function z(x) with largest uncertainty 

for a pre-selected target peak emission energy (EP=2.2 eV and EP=2.65 eV for iodide and chloride 

exchange reactions, respectively). Employing a closed-loop, active learning policy such as MV 

potentially offers an advantage over traditional and non-sequential experimental design such as 

Latin hypercube sampling (LHS) by continuously updating and evaluating regions of the sample 

space where there is less confidence in the model prediction, thereby offering more efficient 

allocation of sampling resources. Additionally, the complexity of the posterior predictions made 
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by the neural networks employed in the ENN may be more amenable to the sequential design – it 

is not clear that information gained by the NNs about the response from a data point transfers only 

“locally”, as in the case of non-parametric models such as Gaussian processes. As such, space-

filling designs such as LHS may prove an inefficient allocation for fitting an ENN model. 

The autonomous robotic experimentation is conducted on an automated modular, 

microfluidic platform (Figure 7-2) which controls precursor delivery and in-situ spectral sampling. 

Integrated data processing algorithms extract relevant PL spectra and optical properties from the 

continuously reacting three-phase flow system in real-time for subsequent analysis. The AI-guided 

experimentation was conducted by first performing 100 experiments for each halide exchange 

system (i.e., ZnI2 and ZnCl2), each using the MV policy. These exploratory experiments provide a 

baseline structure for the ENN model to effectively represent the multivariable colloidal synthesis 

space of CsPbX3 QDs.  

Before conducting the autonomous LHP QD formulation optimization experiments, we 

used the ENN model constructed from the 200 collected experimental data points (i.e., the 

surrogate model) to simulate the multi-step LHP QD synthesis universe. Figure 7-3 shows a 

representative 5-dimensional surface response of the output parameters (Ep and FWHM) of the 

ENN model for both the iodide (Figure 7-3A &C) and chloride (Figure 7-3B &D) exchange 

reactions. The surface plots represent the change in Ep (Figure 7-3A&B) and FWHM (Figure 7-

3C&D) as a function of X4 and X6 for specific X1, X2, and X8 values; X3, X5, and X7 were held at a 

constant value (0.5) for all of the simulated outputs. Figure 7-3 presents a snapshot into the 

multivariable synthesis space of CsPbBriX(3-i) (X: Cl or I) QDs, which further highlights the 

importance of AI-guided microfluidic material synthesis strategies for accelerated parameter space 

mapping, formulation optimization, and manufacturing of solution-processed (nano)materials. A 
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similar trend for peak emission energy shift was observed for both chloride (bandgap increase) 

and iodide (bandgap decrease) exchange reactions across different X1, X2, and X8 combinations 

(Figure 7-3A &B). As expected, increasing X6 (i.e., increasing halide salt concentration) resulted 

in increased peak emission energy shift. X1 exhibits a weak effect on Ep, where larger X1 values 

resulted in a slight increase in peak emission energy shift. This observed phenomenon can be 

explained by considering that X1 represents the amount of injected CsPb precursor as a compliment 

to the Br precursor (Supplementary Information, Non-dimensionalized Input Parameters), where 

higher X1 values correspond to lower free Br- in the solution, and thereby less available Br- that 

exploits the halide exchange reaction. FWHM, on the other hand, exhibits more dynamic trends 

with regards to all five independent variables illustrated in Figure 7-3C &D. Figure 7-3C depicts 

the complex, nonlinear nature of FWHM evolution of in-line iodide exchange reactions with 

respect to X4 and X6. Higher X1 values result in larger FWHM, while lower X2 and higher X8 

produce iodide-exchanged LHP QDs with lower FWHM. According to Figure 7-3C, the best 

iodide-exchanged LHP QDs can be obtained with a moderate level of Br- (the lowest FWHM of 

each hyperbolic plot were located at X4= 0.4-0.6), while minimizing amount of the participating 

CsPb species (minimum X1 and X2). Figure 7-3D presents the FWHM evolution of LHP QDs 

during the chloride exchange reactions in flow. The correlation between X6 and FWHM offers the 

most distinctive and consistent correlation for FWHM of chloride-exchanged LHP QDs, where 

higher X6 values corresponds to lower FWHM values of chloride-exchanged QDs in flow. 

Additionally, increasing X2 and X8 results in larger FWHM values. Based on Figure 7-3D, the 

lowest FWHM for chloride-exchanged LHP QDs can be obtained with X1 values closer to 1, while 

minimizing both X2 and X8. 
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Figure 7-3. 5-dimensional visualization of the synthesis universe of LHP QDs obtained using an 

ENN model trained on the in-house generated experimental data. (A & B) Peak emission energy 

(EP) and (C & D) FWHM surface plots of CsPbBriX(3-i) (X: Cl or I) QDs for iodide and chloride 

exchange reactions, respectively, for constant X3, X5, and X7 values (0.5). 
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After this initial phase of the closed-loop global learning of the response functions, various 

optimization episodes were performed. In each episode, the Pure Exploitation (EPLT) policy is 

used, selecting, at each iteration of the closed-loop LHP QD formulation discovery, the synthesis 

conditions predicted to minimize the objective function 𝑧(x). Specifically, using the developed 

library of archived experimental conditions as prior knowledge, 10 optimization campaigns were 

performed with the EPLT policy on varying target emission colors, shown in Figure 7-4A& B for 

iodide and chloride exchange reactions, respectively. For all target peak emission energy values, 

the AI-guided microfluidic synthesis platform was able to reach Ep within 5 meV after only 5 

experiments (~ 40 min).  

The developed AI-guided experiment selection approach integrated with the modular 

microfluidic QD synthesis platform allowed for the rapid formulation optimization of an 8-

dimensional colloidal synthesis space of CsPbX3 QDs without user guidance and within a 

moderate number of experiments. 10 optimized LHP QD products (i.e., 10 target emission colors) 

were autonomously identified using 250 total experiments (200 global learning experiment and 5 

EPLT experiments for each target EP). The strategy of mixed exploration and exploitation 

employed in this study enabled efficient isolation of optimal synthesis conditions and the 

production of precisely tuned colloidal LHP QDs on-demand (Figure 7-4C& D). Figure 7-4C 

presents fluorescence images of 10 different in-flow optimized LHP QDs (under UV illumination) 

using the autonomous robotic experimentation platform. The PL spectra of the in-flow optimized 

LHP QDs are shown in Figure 7-4D (also see Figure F-6). Further implications of the developed 

autonomous robotic experimentation platform can accelerate development of solution-processable 

materials and unlock broader access to more complex material spaces. 
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Figure 7-4. Sample output values of the AI-guided LHP QD optimization algorithm using an 

exploitation decision policy and 100 data points from the global learning stage (global learning, 

knowledge transfer) for (A) iodide and (B) chloride exchange reactions. (C) On-demand, wheel of 

color demonstration of UV-illuminated, optimized halide-exchanged LHP QD droplets 

synthesized in flow using the AI-guided decision-making strategy under uncertainty. (D) In-situ 

obtained PL spectra of the 10 in-flow optimized CsPbX3 (X=Cl, Br, I) QDs. 
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7.8. Discussion  

The developed smart (i.e., AI-guided) LHP QD synthesizer in this work will accelerate 

adoption of the emerging concept of smart modular material manufacturing in energy and chemical 

industries through seamless integration of discovery, synthesis optimization, and end-to-end 

material manufacturing stages. The autonomous QD synthesis strategy integrated with the modular 

microfluidic reactors provides an all-in-one platform capable of autonomous learning, 

optimization, and on-demand manufacturing of LHP QDs with optoelectronic properties precisely 

tuned for applications in next-generation photonic devices, lighting/displays, and organic synthesis 

(photocatalysis). The autonomous modular QD manufacturing strategy can result in a paradigm 

shift in the development and manufacturing of colloidal nanomaterials, while promoting energy 

and environmental sustainability. 

7.9. Materials 

All chemicals were used as received. Lead (II) oxide (>99.9%, trace metal basis), cesium 

hydroxide solution (50 wt% in H2O >99.9%, trace metal basis), tetraoctylammonium bromide 

(98%), oleic acid (90%, technical grade), zinc iodide (>98%), zinc chloride (>98%), methyl acetate 

(99%, extra pure) and toluene were purchased from Sigma-Aldrich. Oleylamine (>50.0%, GC) 

was purchased from TCI Chemicals. Perfluorinated oil (Galden HT200) was purchased from 

Solvay. 

7.10. Methods 

CsPb Precursor. CsPb solution was prepared using a slightly modified synthesis protocol 

reported in the literature.(20, 26) Briefly, lead (II) oxide (1.38 mmol, 310 mg), OA (2 ml), and 

cesium hydroxide solution (121 μL) were added to an 8 ml septa vial. The vial was inserted into 

an oil bath at 160 °C for 30 min. The resultant cesium-lead oleate precursor was then diluted to 60 
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mM with toluene (1 ml of CsPb precursor with 10.47 ml of toluene). Then the 60 mM CsPb 

precursor solution was diluted to the desired concentration with toluene/OA solution (Tol:OA, 6:1 

volumetric ratio).  

Br Precursor. The Br precursor was prepared by adding tetraoctylammonium bromide 

(TOAB) to toluene/OA solution (Tol:OA, 6:1 volumetric ratio) where the amount of TOAB was 

determined based on the desired concentration. For example, for a 15 mM Br precursor, 0.27 mmol 

of TOAB and 2.571 ml of OA were added to 15.429 mL of toluene in an 8 ml septa vial.  

Zinc Halide Precursor. The highest concentration used in this study for both iodide and 

chloride exchange reactions was 45 mM.  Toluene (30.857 ml), OA (2.571 ml), and OAm (2.571) 

were added to a 40 ml septa vial along with the desired amount of ZnX2 (X=Cl or I), depending 

on the desired concentration. All zinc halide precursor solutions were prepared in open air and 

without any heating. The solutions were sonicated to help dissolve the salts. 

7.11. Modular Microfluidic Platform 

The modular microfluidic platform consisted of 10 automated syringe pumps (3 Fusion 

4000, and 4 Harvard PhD ULTRA) loaded with stainless steel syringes (six 50 mL and four 20 

mL, Harvard apparatus) for controlled liquid delivery and an automated mass flow controller 

(MFC, Bronkhorst, EL-FLOW Select) for controlled gas delivery to the microreactors. Three-

phase flow in microreactor 1 was formed by delivering the reactive phase (P1 and P2), PFO, and 

argon into the custom-machined five-port PEEK junction. Fluorinated ethylene propylene (FEP) 

tubing (500 μm inner diameter, ID, 45-cm long) was used to connect all single-phase streams from 

syringe pumps and MFC to the formulation modules of both microreactors. The toluene and OA 

streams were mixed with CsPb (P1) and Br (P2) precursors in a PEEK cross junction (IDEX Health 

& Sciences). A five-way PEEK junction (IDEX Health & Sciences) was used to mix the zinc 
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halide precursor, toluene, OA, and OAm (P3) on demand. The halide precursor was passively 

injected into the train of moving reactive phase droplets containing CsPbBr3 QDs using a PEEK 

T-junction (IDEX Health & Sciences). Microreactors 1 and 2 were constructed using 90-cm of 

750-μm ID FEP tubing. The total flow rates of the reactive phase (P1+P2), PFO, argon, and the 

secondary injection port (P3) were 250, 50, 500, and 250 μL/min respectively. 

7.12. Spectral Monitoring Module 

The in-situ spectral characterization of the in-flow synthesized LHP QDs was conducted 

using a custom-machined flow cell module (90-degree configuration) connected to a fiber-coupled 

miniature UV-Vis spectrometer (Flame US-Vis spectrometer, Ocean Insight) and a fiber-coupled 

UV LED (365 nm, Thorlabs). An integration time of 12 ms was used for all in-situ PL spectral 

measurements. 

7.13. Three-Phase Flow Stability Studies 

The stability and uniformity of the three-phase flow were characterized utilizing the 

absorption intensity difference of each phase at 400 nm. A custom-machined flow cell module 

(180-degree configuration) connected to a fiber-coupled deuterium-halogen lamp (Ocean Insight) 

and a fiber-coupled miniature UV-Vis spectrometer (Flame US-Vis spectrometer, Ocean Insight ) 

were used to monitor the absorption intensity time-series of each phase passing through the flow 

cell module. The absorption intensity time-series plots shown in Figure 7-3 were constructed by 

taking the absorption intensity values over 4.5 s at 400 nm with an integration time of 10 ms. 

Neural Network Modeling and Decision-Making Policies. The ENN model used is an 

ensemble of 500 randomly structured cascade forward, artificial neural networks. The AI-guided 

exploration of the colloidal synthesis parameter space of in-series synthesis and halide exchange 

reactions of LHP QDs was adapted from Epps et al.(31), where the ENN was trained on EP and 
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FWHM, and the predictions are passed through a quality metric objective function (z), shown in 

the equation below: 

𝑧(𝑥) = 0.9
|𝐸𝑃(𝑥) − 𝐸𝑃,𝑠𝑝(𝑥)|

1.2
+ 0.1 

𝐹𝑊𝐻𝑀 (𝑥)

0.4
 

 

where EP is the in-situ measured peak emission energy, EE,sp is the target peak emission and 

FWHM is the in-situ measured PL FWHM, and x is the synthesis input conditions. 

Each NN model in the ensemble defines a prediction of the three objectives, and hence of 

the objective function z, where we denote the i-th model’s prediction of the objective function as 

z_i (x). From the ensemble of such models z_i and their corresponding posterior weighting p_i, 

we therefore can obtain summary statistics, such as the expected value of the objective function 

𝑧̅(𝑥) =∑𝑝𝑖
𝑖

𝑧𝑖(𝑥) 

and the variance  

𝜎2(𝑥) =  ∑𝑝𝑖
𝑖

𝑧𝑖(𝑥)
2 − 𝑧̅(𝑥)2 

This variance function measures a level of uncertainty associated to the prediction of ground truth 

objective function 𝑧(𝑥) by the expected value 𝑧̅(𝑥).An active-learning, closed-loop experimental 

campaign was conducted by selecting the next experiment to perform using a decision-making 

policy. One policy used was the Maximum Variance (MV) decision-making policy, which selects 

the input with largest associated uncertainty in the predicted objective function value: 𝑥𝑛𝑒𝑥𝑡 =

argmax
𝑥

𝜎2 (𝑥). The Pure Exploitation (EPLT) policy was also used, selecting the next experiment 

by the one predicted to yield the minimal objective 𝑥𝑛𝑒𝑥𝑡 = argmax
𝑥

𝑧̅ (𝑥). Both the ENN model 

and policies are reported fully in prior work.257  
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7.14. Optimization Runs Precursor Preparation 

The concentration of the precursors used for the AI-guided CsPbX3 (X=Cl, Br, I) QD 

synthesis runs where lower than those used for the systematic screening studies to provide the 

ENN a larger operating window. The concentrations of the starting CsPb and Br precursors were 

15 mM. The concentration of the starting zinc iodide and zinc chloride salts were 10 mM and 7.5 

mM, respectively. The ligand to solvent ratios used for these runs were identical to those 

mentioned in the precursors preparation sections above. The OA and OAm syringes had a Tol: 

OA/OAm ratio of 2:1. 
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CHAPTER 8 

Accelerated AI Development for Autonomous Robotic Material Synthesis in Flow 

Robert W. Epps, Amanda A. Volk, Kristofer G. Reyes, and Milad Abolhasani, (under review) 

 

8.1. Introduction 

Autonomous experimentation platforms are rapidly rising in use because, without the need 

for user intervention, they efficiently and precisely converge onto optimal synthesis conditions for 

a wide range of materials. However, the algorithms used in these platforms to direct experimental 

selection are difficult to optimize experimentally without extensive replication. In this work, a 

surrogate model was built using data from over 1,000 experiments on the halide exchange of 

colloidal inorganic perovskite nanocrystals in an autonomous microfluidic reactor. The model is 

designed to represent the global failure rate, unfeasible regions of the reaction space, synthesis 

ground truth, and sampling noise of a real flow synthesis system for peak emission, emission 

linewidth, and quantum yield measurements. With this model, over 150 experiment selection 

strategies were explored across more than 600,000 simulated experiments – the equivalent of 7.5 

years of continuous reactor operation and 400 L of reagents – to better understand the most 

effective methods for optimizing the multiple objectives. Through this work, an ensemble neural 

network-based algorithm was developed, which attained more efficient parameter optimization in 

a no prior information environment than three established algorithms, basic Gaussian process 

regressions, and previously reported ensemble neural network methods. Finally, the ensemble 

neural network structure was evaluated in a series of meta-decision policies, which offer a 

favorable technique for navigating a reaction space comprised of parameters with multiple targets. 
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8.2. Background 

Through traditional trial-and-error material development strategies, mastery of the 

synthesis space for emerging solution-processed materials is costly, labor-intensive, and takes an 

extensive amount of time to perform.258 The current gold standard colloidal nanomaterials 

development strategy, i.e., a flask-based synthesis approach, requires large volumes of reagents 

and frequently struggles to form consistent products between syntheses, users, and different 

systems (e.g., flask sizes).259–261 Further limiting this approach is the need for expertly guided 

experiment selection, which not only requires extensive prior experience but also results in an 

impeded materials development workflow since experiment conduction and selection cannot occur 

simultaneously. In response, a growing number of autonomous experimentation platforms capable 

of closing this time gap have been developed across multiple areas of research, including organic 

synthesis,262,263 device fabrication,264–266 molecule structure analysis,267 and nanoscience.268–272 As 

a result, continuous chemical synthesis studies with improved experiment selection and precision 

have been conducted with high parameter space exploration efficiency. 

While the aforementioned systems greatly improve upon manual, ad-hoc reaction 

exploration strategies, they still often require substantial quantities of reactants (up to 200 mL of 

solvents per experimental condition) and generate significant amounts of waste (e.g., 1-2 L of 

washing solvents). To address the high chemical consumption of batch reactors, microfluidic 

reactors, which can reduce chemical consumption and waste generation by more than two orders 

of magnitude, have emerged as an effective platform for autonomous robotic experimentation 

systems.273 While the majority of microfluidic reactors have been utilized for autonomous 

exploration of organic syntheses,262,263,269,274,275 many have recently been used for colloidal 

nanomaterial syntheses, primarily the formation of colloidal quantum dots (QDs).276,277 These 

highly efficient and modular material synthesis platforms are particularly adept in studying vast 
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colloidal nanomaterial synthesis spaces with multiple input/outputs. Furthermore, the reduced 

experimental variability of microfluidic platforms can significantly improve material synthesis 

precision and accelerate the discovery of (i) optimized materials with desired optical and 

optoelectronic properties and (ii) fundamental reaction mechanisms controlling the 

physicochemical properties of target materials. The design of microfluidic reactors integrated 

within autonomous experimentation platforms vary from temperature-controlled, single-phase 

flow with integrated robotic sample handling278 to multi-phase flow formats279 for reduced fouling 

and improved reactor lifetime. 

In developing fully autonomous microfluidic material exploration platforms, choosing an 

effective experiment selection strategy in each iteration is vital to minimize the cost of each 

optimization campaign. The earliest usage of a self-optimizing flow reactor for the synthesis of 

colloidal nanomaterials applied the algorithm Stable Noisy Optimization by Branch and FIT 

(SNOBFIT),273,280 which is a robust quadratics-based system frequently used in guided reaction 

optimizations. However, recent studies of higher dimensional parameter space chemical systems 

have gravitated towards more efficient system modeling approaches that use artificial intelligence 

(AI) based decision-making strategies.  

The use of AI-guided chemical synthesis strategies, including Bayesian methods and 

reinforcement learning (RL) are more appropriate in the setting of autonomous, closed-loop 

experimental science.  

Here, obtaining data means running an experiment to obtain an experimental response, 

which can be noisy, suffer from equipment failure, or involve a complex response. Traditional 

optimization methods, including gradient-based techniques, are therefore not directly applicable – 

as they treat such an experiment as a “function evaluation” and are particularly susceptible to noise. 
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These methods, however, can be used effectively in tandem with surrogate models – computer 

models that are trained on a set of experimental data and treated as the ground-truth. After training, 

surrogates are optimized in silico and the resulting optimized settings are tested experimentally. 

This process, however, decouples the general learning of a globally accurate surrogate from 

optimizing, which leads to inefficiencies. In contrast, modern, closed-loop AI based techniques 

use Bayesian models to capture evolving beliefs of the experimental response function, but 

acknowledge that these beliefs are uncertain. Uncertainties are used within the AI and decision-

making framework to strategically explore experiment space, with a specific goal of identifying 

the optimal regions. In this way, rather than decoupling learning and optimization, accurate beliefs 

of the response co-evolve simultaneously with identification of promising response regions. Such 

models are then used within an AI framework to make experimental decisions that balance between 

exploring uncertain regions of accessible synthesis space vs. more directly achieving experimental 

objectives; they may also factor in operational considerations such as time and cost constraints of 

running an experimental campaign. 

Given the nature of material synthesis space search algorithms under limited resources, the 

best possible theoretical methods can sometimes be beaten by random sampling within a given 

closed-loop experimental optimization campaign. The consistency in which an AI agent can search 

through a vast material synthesis space is, therefore, a more important algorithm metric than the 

outcome of a single optimization. However, in a physical experimentation platform, an 

impractically large number of experiments are required to determine the optimization variance for 

a large set of input parameters (≥ 5). In this work, we develop a simulation-optimization framework 

for evaluating AI algorithm performance within a single-period horizon RL setting. Single-period 

horizon refers to a myopic decision-making policy that maximizes expected reward through the 
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consideration of reward/regret obtained from a single experimental decision. Here, reward/regret 

functions can measure information gained from the result of running an experiment but can also 

factor in the time to run such an experiment or the amount of material consumed. Surrogate 

modeling of experimentally obtained QD synthesis data using a robotic quantum dot synthesizer 

platform – shown in Figure 8-1 – facilitated multiple material synthesis exploration campaigns. 

We selected lead halide perovskite (LHP) QDs as our testbed of AI-guided material synthesis 

exploration, due to their potential impact in next-generation display and photovoltaic devices.281–

283 

The surrogate model used in this study, built from over 1,000 physically conducted 

experiments, replicates the experimentally derived failure rate of the microfluidic material 

synthesis platform, non-emitting sample regions, sampling variance for three output parameters, 

and predicted outputs. Using the developed AI-guided LHP QD synthesis framework within a 

high-performance computing environment, we conduct the equivalent of over 600,000 

experiments (normally requiring over 400 L of precursors and 7.5 years of continuous operation 

in a microfluidic reactor) to systematically study the performance of more than 150 AI-guided 

material space exploration strategies. We validate the accuracy of the developed surrogate model 

in replicating an experimental space with experimental optimization campaigns conducted using 

the developed autonomous QD synthesis bot. Then, we investigate different aspects of RL-based 

LHP QD synthesis through tuning of the belief model architecture, AI-guided decision policies, 

and data boosting algorithms. The results of the optimized AI-guided material synthesis agent are 

then compared with four established optimization algorithms. With this optimized RL-based LHP 

QD synthesis approach, we demonstrate a mixed exploration/exploitation strategy for 
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comprehensively studying the vast colloidal synthesis universe of LHP QDs in as few experiments 

as possible (i.e., minimum time and chemical resources). 

All experiments presented in this work cover material exploration from a starting position 

of no prior knowledge. While many AI-guided experimentation methods implement prior 

knowledge or mechanistic models as initial estimates of the material space,274 the limited data 

availability, composition and morphological diversity, and high reaction sensitivity of many 

colloidal nanomaterials make informed material exploration difficult to conduct effectively. 
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Figure 8-1. Illustration of an autonomous LHP QD synthesis bot (i.e., AI-guided modular 

microfluidic platform) for rapid exploration of an exemplary halide exchange reactions in colloidal 

LHP QDs through cyclic data transfer from the surrogate model simulator with the AI-based 

decision-making algorithm.   

 

8.3. Experimental Microfluidic LHP QD Synthesis Studies 

The exemplary colloidal synthesis explored in this study is the halide exchange of cesium 

lead bromide QDs with zinc halide salts in a continuous modular microfluidic reactor. The 

microreactor is a custom modular system built from off-the-shelf commercial junctions and 

fluoropolymer capillary tubing (fluorinated ethylene propylene, FEP). Spectral sampling is 

conducted using a custom-built flow cell to accurately obtain photoluminescence and absorption 

spectra of the in-flow synthesized LHP QDs. The sampling space covers concentration ranges for 

five reactive components: starting LHP QDs (CsPbBr3), zinc iodide (ZnI2), oleic acid (OA), 

oleylamine (OLA), and zinc bromide (ZnBr2). While the relative concentration of each input 

stream can be varied individually, the total flow rate of the reactive phase in the microreactor is 

held constant through dilution with a toluene (Tol) stream, and the reactive phase is segmented 
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into isolated droplets with a perfluorinated carrier oil (PFO). The development of this modular 

robotic platform is comprehensively reported in prior work.279,284,285 Utilizing the developed 

autonomous LHP QD synthesis bot (Figure 8-1), we conducted over 1,000 optimization 

experiments producing reliable in-house generated data for training and development of an 

accurate experimental system simulator (i.e., surrogate model).  

8.4. Surrogate Model Simulator  

The surrogate model, illustrated in Figure 8-2, is comprised of four experimentally 

validated functions. (i) The global failure rate is representative of the 1.5% probability of 

experiment failure, which results in no measurable output parameters. In a real-world closed-loop 

autonomous system, malfunctions in equipment or data processing algorithms are a regular 

occurrence that must be sufficiently addressed by an AI-guided material synthesis algorithm. 

Handling of these abnormalities are particularly important for the case study system as a failed 

experiment is indistinguishable from a valid experiment conducted in a non-emitting region of the 

sample space. 

 

 

Figure 8-2. Schematic of the developed surrogate model with four stages of experiment 

simulation: (I) global experiment failure, (II) sampling feasibility, (III) output model sampling, 

and (IV) noise application. 
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Further building upon this distinction, (ii) the developed surrogate model checks whether 

the given input conditions are within a synthesizable region of the colloidal synthesis space, shown 

in Figure 8-3A. Using a naïve Bayes classifier trained on the starting 1,000 sample data set, the 

feasibility model predicts whether the provided input parameters (Xi) will produce an emitting 

solution of LHP QDs. Between experiment failure and unfeasible sampling regions, 4.5% of the 

training data set resulted in no measurable parameters. Given that the input parameters are 

projected to produce a viable experiment, (iii) the output of each parameter is predicted by 

sampling from a ground truth model comprised of three gaussian process regressions (GPRs) 

corresponding to each of the three output parameters – peak emission energy (EP), emission full-

width at half-maximum (EFWHM), and photoluminescence quantum yield (Φ).  

The large data set sufficiently trained the ground truth model (i.e., LHP QD synthesis 

simulator) for accurate prediction of the output parameters as well as the quality metric objective 

functions (Z) for 200 test experiments, shown in Figure 8-3B-E. Ensemble neural network (ENN) 

models were shown to be equally effective in prediction accuracy; however, GPs were chosen for 

the reduced computational requirements. Finally, (iv) to simulate the expected measurement 

variability, addition, homoscedastic Gaussian noise is applied to each of the output values as 

determined by the variance of each parameter (See Appendix G-1 for more details). Using the 

developed multi-stage surrogate model of a real-world microfluidic material synthesis platform, 

the parameters and strategies surrounding AI-guided material synthesis algorithms can be 

extensively explored. 
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Figure 8-3. (A) Feasible materials synthesis space region as predicted by naïve Bayes 

classification model and (B-E) the predicted vs. measured values of the ground truth model for 

peak emission energy (EP), emission full-width at half-maximum (EFWHM), photoluminescence 

quantum yield (Φ), and the objective function (Z) at a 2.2 eV target emission with error bars 

indicating one standard deviation. 

 

The surrogate model was further compared to real-world experimental data sets through 

campaigns designed to mimic optimizations conducted in prior work. The optimizations, using the 

ENN model reported in prior literature, produced optimization algorithm performance windows 

that capture the real-world data effectively. 

8.5. Multi-Objective Optimization 

The first challenge in selecting an effective autonomous experimentation strategy for 

materials development with multiple outputs is identifying a method to simultaneously handle the 

target objectives. Illustrated in Figure 8-4, the AI-guided material synthesis algorithm within a 

single-period horizon RL framework is comprised of a belief model, an objective function, and a 
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decision policy. The objective function operates by converting the three output parameter 

predictions of the belief model into a single quality metric (Z), which the decision policy uses to 

select the next experimental conditions. In this work, we evaluate two objective function 

techniques: (i) a weighted mean utility function and (ii) probability sampling of the three output 

parameters. The utility form of the objective function (𝑍𝑢𝑡𝑖𝑙) is a weighted mean of the three 

outputs defined by percentage weights [APE, AFWHM, APLQY] after appropriate non-

dimensionalization and inversion of the variables: 

𝑍𝑢𝑡𝑖𝑙 =
𝐴𝑃𝐸|𝐸𝑃,𝑆𝑃 − 𝐸𝑃|

1.2 𝑒𝑉
+
𝐴𝐹𝑊𝐻𝑀𝐸𝐹𝑊𝐻𝑀

0.4 𝑒𝑉
+ 𝐴𝑃𝐿𝑄𝑌(1 − 𝜱) 

Parameter sampling operates similarly; however, instead of applying these weights to the 

normalized output parameters, each parameter is individually optimized. At the time of 

experimentation, samples are allocated with a selection probability corresponding to [APE, AFWHM, 

APLQY], as shown by 

𝑍𝑝𝑟𝑜𝑏 =

{
 
 

 
 
|𝐸𝑃,𝑆𝑃 − 𝐸𝑃|

1.2 𝑒𝑉
,    𝑝 = 𝐴𝑃𝐸

𝐸𝐹𝑊𝐻𝑀
0.4 𝑒𝑉

 , 𝑝 = 𝐴𝐹𝑊𝐻𝑀

1 −𝜱 , 𝑝 = 𝐴𝑃𝐿𝑄𝑌

 

where 𝑍𝑝𝑟𝑜𝑏 is the probability objective function and p corresponds to the probability of selecting 

the corresponding parameter. 
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Figure 8-4. Illustration of the AI-guided material synthesis algorithm applied in this work. 

Experimental data from the surrogate model are used to train the belief model (either an ensemble 

neural network or Gaussian process regression) on the three output parameters, which are 

converted into a single quality value through the objective function. The response of this model is 

evaluated through the decision policy, which is used to select the next set of experimental 

conditions.   

 

Using the above-mentioned multi-objective strategies with an expected improvement (EI) decision 

policy on a GP belief model (Appendix G-3), seven sets of data weights were tested with 100 

replicates for each LHP QD optimization campaign. As shown in Figure 8-5A and 8-5B, objective 

function sampling outperformed probability sampling for most parameter weight sets, and, while 

selection of appropriate quality metrics across different output weight models is difficult to impose 

without bias, the weight set [0.8, 0.1, 0.1] appears to most holistically optimize the three LHP QD 

output parameters. As expected, the quality of the highest performing measurement consistently 

improves as the number of experiments increases (Figure 8-5C). 
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Figure 8-5. (A) Median peak emission energy, emission full-width at half-maximum, and 

photoluminescence quantum yield of the best measured LHP QD synthesis condition, as 

determined by the corresponding objective function, at 5, 10, and 20 experiments using both 

objective function sampling and probability sampling . (B) Predicted photoluminescence spectra 

for each set of objective function sampling weights at 10 experiments and (C) at 12, 25, and 50 

experiments for data weights [0.8, 0.1, 0.1], each estimated by a Gaussian distribution. 

 

Interestingly, the simulation results for the weight set [0.98, 0.1, 0.1], which should 

prioritize achieving an optimal EP value underperforms in terms of the best achieved EP value 

compared to a more balanced weight set [0.8, 0.1, 0.1] (Figure 8-6A and 8-6B). This observed 

behavior points to a training regularization effect of running experiments not specifically geared 

toward achieving a single objective. By focusing only on EP values, the EI policy tended to not as 

effectively explore the accessible LHP QD synthesis space in order to discover potentially better 
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regions for EP, and this haste by EI to exploit rather than explore is mitigated when opting for a 

multi-target optimization. This undesirable behavior of EI has been previously reported.286 For 

example, Gongora et al.287 suggests a random discretization of design space as a preprocessing 

step prior to calculating EI values to prevent early exploitation. With respect to EFWHM and Φ, the 

balanced weight sets allowed for notable improvements over the EP biased weighting, as expected. 

Furthermore, the balanced weight set was able to improve the FWHM and PLQY significantly 

over the biased weight experiments (Figure 8-6C and 8-6D). 

 

 

Figure 8-6. (A) Median of the best observed peak emission energy, (B) the peak emission energy, 

(C) best observed emission full-width at half-maximum, and (D) best observed photoluminescence 

quantum yield as determined by the data weights [0.8, 0.1, 0.1] for a both balanced and peak 

emission biased utility function sampling with EI. The shaded regions correspond to the 25th and 

75th percentiles of the simulated replicates. 
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8.6. Ensemble Neural Network Design 

After building an understanding of experiment selection algorithm performance under 

various multi-parameter handling strategies, the next aim was to develop an effective ENN-based 

belief modeling algorithm.288 Ensemble modeling strategies in contrast to GPR models, implement 

a collection of models – each of which is individually unlikely to comprehensively represent the 

chemical synthesis space – and combines them into a single effective predictor. The ensemble 

models used in this work were feed and cascade forward, dense artificial neural networks (ANNs) 

– shown in Figure 8-7A.  

Individual ANNs 𝑓𝑖(𝑥) can be trained to obtain predictions of an experimental response 

given some set of experimental inputs 𝑥. Associated with each model within the ensemble is a 

weight, 𝜃𝑖, which represents the posterior probability that model 𝑓𝑖 describes the ground-truth 

function generating the data. Through combination of these ANNs and their weight terms into the 

ensemble, we can obtain estimates of the response and corresponding uncertainty 

 𝝁(𝒙) =  ∑𝜽𝒊𝒇𝒊(𝒙)

𝒊

 

𝝈𝟐(𝒙) =  ∑𝜽𝒊[𝒇𝒊(𝒙) −  𝝁(𝒙)]
𝟐

𝒊

 

Cov(𝒙, 𝒙′) =  ∑𝜽𝒊[𝒇𝒊(𝒙) − 𝝁(𝒙))(𝒇𝒊(𝒙
′) − 𝝁(𝒙′)]

𝒊

 

Such estimates, uncertainties, and covariances are then used in subsequent decision-making 

policies to calculate expected rewards/regret for running a particular experiment. While other types 

of neural networks are appropriate for high-dimensional structured input data, such as 

convolutional neural networks for image data,289,290 or for sequential data, such as long short-term 

memory networks,291,292 in the case of solution-processed materials, the input data is neither high-
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dimensional nor structured. As such, we treat the five-dimensional LHP QD synthesis parameters 

directly as input features to a dense ANN.  

Next, we systematically varied the architecture of the neural networks within the ENN 

model from one to six layers with one to five nodes per layer – further detailed in Appendix G-4. 

In addition to this strategy, different combinations of constraints were employed on a set of 

randomly selected architectures where each model in the ensemble featured a different 

combination of nodes and layers, as shown in Table 8-1.  

 

Table 8-1. Summary of studied ENN architectures implementing randomized neural network 

structures throughout the ensemble. NL corresponds to number of layers and NN corresponds to 

the number of nodes per layer. 

Variant NL NN 

A 1 to 6 1 to 5 

B 1 to 6 1 to 3 

C 1 to 6 2 

D 2 to 4 1 to 5 

E 2 to 4 1 to 3 

F 2 to 4 2 

G 3 1 to 5 

H 3 1 to 3 
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After training an ENN model on acquired data sets, an EI decision policy was used to 

search the generated LHP QD synthesis model for the next experiment to conduct. The quality of 

the optimization was evaluated by fitting the median best measured objective function (Z’b) value 

from 100 optimization replicates to a learning rate decay curve to attain the learning rate decay 

(d’L). 

𝑍′𝑏(𝑖𝑒) =
𝜂0

1 + 𝑖𝑒𝑑𝐿
′ + 𝑍∞ 

𝑍𝑏(𝑖𝑒) is the best measured objective function value as a function of the experiment number, 𝜂0 is 

the initial learning rate, 𝑖𝑒 is the experiment number, and 𝑍∞ is the predicted convergent objective 

function value as 𝑖𝑒 → ∞. Additionally, the median best measured objective function value after 

25 experiments (Z’b,25) was compared across the tested models. 

Throughout the ENN-based optimization campaigns, the cascade forward structure 

consistently outperformed feed forward neural networks. For both equivalent architecture and total 

parameters – see Appendix G-5 – cascade forward-based ENNs resulted in lower Z’b,25 and higher 

d’L than corresponding feed forward ENNs (Figure 8-7B-7D). It should be noted that this 

advantage is present while using typical training parameters. Under an alternative training 

algorithm, feed forward ENNs could significantly improve in performance, even beyond the 

capabilities of cascade forward ENNs. While many of the randomized neural network architecture 

ENNs performed similarly to the constant structure ENNs, the ENN architecture variant F (i.e., 

two to four layers with two nodes per layer) was able to reach the lowest median Z’b,25 with a 

moderately high d’L. Furthermore, increasing the size of the ensembles from 50 to 200 models 

(Figure 8-7B) improved model performance notably across all architectures. Shown in Figure 8-

7E, based on the behavior of this highest performing ENN architecture, the improvements were 

unlikely to continue past 200 models. While the number of models in the ensemble may be reduced 
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to lower computational costs at the expense of precision, ensembles greater than 200 models do 

not provide any clear additional benefit. 

 

 

Figure 8-7. (A) Schematic of feedforward and cascade forward neural network structures. (B) 

Median learning decay rate and (C) median best measured objective function values after 25 

experiments. (D) Best measured objective function values as a function of learning decay rate. (E) 

Best measured objective function values after 10 and 20 experiments as a function of number of 

models in the ensemble using randomized variant F. The shaded region corresponds to the 25th to 

the 75th percentiles. 

 

8.7. Decision Policies 

Decision policies are the algorithms used to intelligently select of the next experimental 

condition based on the predictions and uncertainty of a given model. A simplistic optimization 

algorithm will select experimental conditions at the predicted optimum of the model, also known 



 

144 

 

as pure exploitation (EPLT). However, in scarce data availability scenarios, this technique is often 

inefficient as large regions of the accessible synthesis space are left underexplored. Alternatively, 

the decision policy may respond to the model uncertainty – e.g., the variance across models in an 

ensemble for a given input – and select experiments where the greatest information may be 

attained, also known as maximum variance (MV). Furthermore, comprehensively understanding a 

material synthesis space is also inefficient for extracting a single set of optimal input conditions 

for a given optimization campaign. The best decision policies take into consideration both 

exploitation of the predicted optima and exploration of the accessible material synthesis space. In 

this work, two common mixed exploration-exploitation decision policies were studied, upper 

confidence bound (UCB) and EI. 

Shown in Figure 8-8A, both EI and UCB reached a lower Z’b than MV and EPLT 

throughout the entirety of the optimization. MV is not expected to sample the optimal formulation, 

but it is reasonable to expect the policy to build an accurate belief model. However, when the 

ENNs built through each policy were instructed to predict the optimal conditions after each 

experiment (Figure 8-8B), EI and UCB still produced lower median objective function values 

(Z’b
opt.) than both MV and EPLT. While UCB and EI resulted in very similar learning curves, the 

UCB policy presented here is the result of tuning the explore-exploit control parameter (𝜀) over 

twelve campaigns – Appendix G-6. EI inherently does not require this same tuning and is therefore 

considered the more favorable decision policy for use in the AI-guided LHP QD synthesis. 

Furthermore, the advantage of EI over EPLT demonstrates the necessity of partially 

exploratory policies over purely exploiting a belief model. This advantage is relatively small for 

the 2.2 eV target emission used in this study; however, expanding the number of target emissions 

(Figure 8-8C and 8-8D) further demonstrates the superiority of EI. Throughout the entirety of the 



 

145 

 

tunable parameter space, EI results in lower Z’b,25 than EPLT and can reach these values more 

consistently (Figure 8-8E and 8-8F). This advantage is most apparent near the outer bounds of the 

attainable synthesis space – i.e. at an Ep of 1.9 eV and 2.4 eV. Exploitation of the model can likely 

capture parameters near the optima, but due to the challenges of extrapolation outside the 

understood reaction space, more complex strategies that attempt to first explore that external space 

are required when optimizing near the system extremes. 

 

 
Figure 8-8. (A) Median best measured objective function value and (B) median of the best 

measured objective function value after exploitation of the belief model as a function of number 

of experiments for all tested decision policies. Median best measured objective function value for 

six different target emissions spanning the attainable reaction space using (C) EI and (D) EPLT,  
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Figure 8-8.  (continued) and (E) the median best measured objective function value after 25 

experiments with (F) the corresponding learning decay rate. The shaded regions correspond to the 

25th and 75th percentiles of each campaign. All campaigns were conducted without prior 

knowledge. 

 

8.8. Performance Comparisons 

Recently, our group has demonstrated the application of ENN modeling288 in real-time, AI-

guided QD synthesis.279 While the efficacy of AI methods for accelerated formulation discovery 

and synthesis optimization of colloidal LHP QDs was demonstrated, the large data requirements 

make fine tuning of these parameters unrealistic to attain experimentally. Additionally, the 

advantages of such ENN algorithms over conventional GPR-based and other established methods 

such as the Non-dominated Sorting Genetic Algorithm II (NSGA-II)293–295 or Covariance Matrix 

Adaption-Evolutionary Strategy (CMA-ES)294 remain unclear due to the inherent variability in 

simple optimization performance for uninformed chemical synthesis studies. 

Shown in Figure 8-9A, the newly developed ENN-EI structure provides clear advantages 

over the prior reported structure in both computational cost and optimization efficiency and 

effectiveness. Furthermore, the inclusion of the ensemble boosting algorithm Adaboost.RT296,297 

produced no clear advantage over the standard ENN which uses a uniform weighted mean within 

the ensemble. Finally, the effect of staggering the experiment execution and synthesis formulation 

selection was evaluated. Staggered sampling, as reported in our prior work, allows the optimization 

algorithm to search for the next experimental conditions while the robotic material synthesizer is 

operating, therefore maximizing the available time of the experimental platform. This process is 

conducted by providing experiments 1 to ie - 1 to the AI-guided synthesis algorithm while sample 
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ie is being collected. This process reduces the total optimization time and, as demonstrated by the 

simulation campaigns, does not significantly reduce the effectiveness of the AI-guided synthesis 

algorithm. 

In the next set of simulation campaigns, we investigated the performance of the optimized 

ENN-EI algorithm vs. established optimization algorithms. The newly tuned ENN-based 

autonomous material synthesis method provided a clear advantage over all tested established 

optimization techniques (Figure 8-9B). Even though both evolutionary strategies, CMA-ES and 

NSGA-II, were pre-tuned for their generation population size (Appendix G-7), neither matched 

the performance of ENN-EI. Additionally, SNOBFIT performed similarly to a pure exploration 

policy, a finding similar to our prior reported work. It should be noted that at higher experiment 

numbers, SNOBFIT is expected to converge onto an optima, while pure exploration is most likely 

to fail. In comparing the highest performing AI-guided synthesis strategies, the ENN method 

demonstrated a clear advantage over GP – shown in Figure 8-9B-9D.  

To better understand the performance improvement of ENN models over GPs, marginal 

impact of an additional data point was studied. As we see in Figures 8-9C and 8-9D, The 

uncertainties associated with the experimental response before and after the experiment is run 

(gray and red lines) are closer to one another when using an ENN model than they are when using 

GP. This suggests that GPs (at least with a squared-exponential kernel) learn locally – a single data 

point describing the experimental response at some input 𝑥 provides significant correlative 

information for the experimental responses 𝑥′ nearby. In contrast, in the ENN, the information 

provided by a single data point impacts the entire training of the ensemble models, especially in 

the case of low data. As a result, a single data point may impact the prediction being made globally. 

This is not unlike the effect seen when training a parametric model – a change in parameter values 
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impacts the predictions made by such model for any choice of inputs to that model. Therefore, the 

ENN updates models globally while the GP updates them locally. This effect may be exaggerated 

particularly in the case of the EI policy, which has been demonstrated to stagnate due an eventual 

imbalance between exploration and exploitation. Because uncertainties are not decreased in a local 

manner with ENN, such a stagnation may be mitigated, allowing for a more exploratory search to 

take place with ENN-EI versus GP-EI. 
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Figure 8-9. Median best objective function value as a function of number of experiments for (A) 

the current tuned model, the current tuned model with Adaboost.RT, the current tuned model with 

staggered sample-selection, and the former model presented in prior work using EI and as a 

function of predicted experimentation time and (B) the highest performing ENN and GP-based 

algorithm and four commonly used algorithms (SNOBFIT, CMA-ES, Nelder-Mead Simplex, 

NSGA-II, pure exploration) as a function of experiment number. The belief model uncertainty at 

the selected experimental conditions before and after sampling and the squared error of the 

prediction before sampling relative to the ground truth model for (C) ENN and (D) GP. The shaded 

regions correspond to the 25th and 75th percentiles. 

 

8.9. Meta-Decision Policy Analysis 

While typical examples of one-off campaigns (such as Bayesian optimization) prioritize 

balanced exploration and exploitation within a campaign, we may consider a broader class of meta-

decisions to be made when planning and coordinating between several optimization campaigns, 
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which is consistent to how experiments are run and how science advances in general. For example, 

we may consider a meta policy that learns generic information about a material synthesis space 

prior to any optimization campaign, especially when seeking multiple optimized products from the 

same synthesis space (e.g., LHP QDs with different emission colors from the same batch of starting 

precursors). This generic, learned prior information could then be used in optimization campaigns 

over which the initial up-front costs of learning are amortized. We can then consider the optimal 

trade-off between general, global learning and optimization in terms of the total amount of time 

needed to perform both types of campaigns together for multiple targeted output materials. Such 

cost-based, episodic methods could be explicitly modeled and optimized using episodic RL 

techniques, but here we shall perform a simulation-based study to similarly identify the optimal 

balance. 

Four types of meta-decision policies were evaluated through multi-stage optimization 

completion criteria. The optimizations were performed by consecutively targeting peak emissions 

of 1.9 eV-2.4 eV using 0.1 eV intervals and additive data across the set-points. The stopping 

criteria were met when, at each set point, the measured peak emission was within 2 meV of the 

target peak emission energy. The MV-EPLT policy was conducted by first sampling a starting set 

size of MV selected experiments, followed by EPLT for each of the target emissions (Figure 8-

10A). The EI-EPLT policy operated by performing consecutive EI experiments followed by a 

single EPLT selected experiment. The obtained ratio of EPLT to EI experiments (nEPLT/nEI) for 

each optimization campaign is shown in Figure 8-10B. We also conducted pure EPLT and pure EI 

as control experiments. As shown in Figure 8-10A and 8-10B, an MV starting set size of 12-25 

experiments passed the stopping criteria in the shortest number of experiments for the MV-EPLT 

policy, but the EI-EPLT policy at a ratio of 0.25 outperformed MV-EPLT by 8 experiments. 
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Figure 8-10. The number of experiments required to meet the global optimization campaign 

criteria using (A) an MV-EPLT meta-decision policy as a function of starting exploration set size 

and (B) an EI-EPLT policy as a function of the sample ratio between EPLT and EI. (C) Probability 

histograms for the number of experiments required at each target emission for pure EI, pure EPLT, 

and the optimal parameters for MV-EPLT and EI-EPLT. 

 

As shown in Figure 8-10C and Figure 8-11A-11D, the policies reliant on EPLT 

consistently struggle to reach the stopping criteria at the outer bounds of the LHP QD synthesis 

space, a finding similar to that shown in the uninformed studies. Even with a prior training set 

(MV-EPLT), EPLT struggles to find these outer bound optima, which suggests that MV on its own 

does not completely capture the full range of relevant colloidal synthesis conditions in the number 

of experiments allotted. In the internal positions of the material synthesis space, i.e., setpoints 2.0 

eV to 2.3 eV, EPLT performs similarly to EI. However, EI-EPLT provided the most efficient 
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navigation of the LHP QD synthesis space. This meta-decision policy operates efficiently due to 

the targeted exploration of the outer bounds of the material synthesis space through EI, followed 

by the exploitation of the newly structure model through an EPLT policy. 

 

 

Figure 8-11. Sample measurement output scatter plots from the four meta-decision policy 

campaigns, (A) EI, (B) EPLT, (C) MV-EPLT, and (D) EI-EPLT, where colored spheres represent 

the current target emission selection by EI, gray spheres represent MV selected experiments,  and 

colored cubes represent EPLT selected experiments. 

 

8.10. Conclusion 

In this work, 600,000 simulated experiments were conducted using a multi-stage surrogate 

reactor model, which was derived from 1,000 real-world experiments implementing an 
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autonomous microfluidic reactor. More than 150 different experiment selection algorithms were 

evaluated in their ability to effectively optimize emission linewidth and quantum yield at a target 

emission energy for the halide exchange of LHPs. Through this work, an experiment selection 

algorithm from the position of no prior knowledge was improved to an extent unattainable through 

real-world experimental trial and error by systematic analysis of the multi-objective handling 

methods, model architectures, and decision policies. This algorithm demonstrated performance 

improvements over three separate established experiment selection algorithms as well as the 

methods reported in our prior work. Furthermore, a significant increase in optimization precision 

of ENN-based experiment selection over GPR-based algorithms was observed. Finally, a 

comprehensive strategy for exploring a multi-target output space was proposed and characterized, 

enabling rapid study of new material spaces featuring tunable parameters such as peak emission. 

Further implementation of the neural network-based models and methods presented in this work 

may advance the fields of both autonomous material exploration and algorithm guided experiment 

selection. 
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CHAPTER 9 

Conclusions and Outlook 

Accelerated Development of Colloidal Nanomaterials Enabled by Modular Microfluidic 

Reactors: Towards Autonomous Robotic Experimentation 

A. A. Volk, R. W. Epps, and M. Abolhasani, Advanced Materials, 2020, (accepted manuscript) 

 

In the scope of nanomaterial synthesis exploration and discovery, microfluidic reactors 

offer superior sampling efficiencies and kinetic control over flask-based reaction strategies. Such 

kinetic control can be coupled with online monitoring techniques for unparalleled insight to the 

evolution of colloidal nanomaterial properties over a wide range of reaction times. The simplicity 

of microfluidic platform automation allows for many of the presented flow syntheses to be used 

towards fully autonomous, self-optimizing colloidal syntheses. Because of the ability to have 

continuously controlled microreactor stages, as well as enhanced reaction kinetics, microfluidic 

platforms can also be used for the synthesis of next-generation nanomaterials previously 

unobtainable due to challenges with handling air- and temperature-sensitive intermediates. 

Moving towards nanomanufacturing strategies, microfluidics allows for the direct transfer of 

laboratory-scale studies to large-scale production through numbered up designs. Furthermore, 

small active reactor volumes (at least two orders of magnitude lower than equivalent batch 

reactors) facilitate safer-by-design nanomaterial production, allowing for the realization of shape 

controlled-synthesis employing hazardous volatile phases in high-throughput manufacturing.  

The recent advances in the capabilities of modular microfluidic reactors make them a 

powerful strategy for the size-, shape-, and compositional-controlled synthesis of colloidal 

nanomaterials. While this progress report focused on the controlled synthesis of quantum, 

magnetic, and plasmonic inorganic nanomaterials, there are a growing number of next-generation 
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colloidal nanomaterials which would benefit from precise control and accelerated high-throughput 

screening capabilities of microfluidic synthesis strategies. Among these materials are those which 

can be synthesized by interfacial reactions, including colloidal metal organic frameworks 

(cMOFs)298 and carbon dots.299 Due to increased mixing rates and a continuously replenished 

interface in multi-phase microfluidic reactors, reaction times for interfacial-colloidal syntheses 

may be greatly reduced. Furthermore, materials which necessitate unit cell precision growth, such 

as low-dimensional perovskite nanostructures, will benefit from the superior control of colloidal 

synthesis parameters in microfluidic reactors over batch processes. Beyond size-, shape-, and 

composition-controlled synthesis of next-generation colloidal nanomaterials, nanomaterials with 

advanced structure-property relationships, such as those with strain-induced optical properties,300 

will also benefit from advanced fluidic synthesis strategies. Although the microfluidic syntheses 

of colloidal nanomaterials within some of these categories have been demonstrated and covered in 

recent reviews, there is an underexplored opportunity for the application of online characterization 

techniques towards fundamental kinetic studies.  

As previously mentioned, the residence (reaction) time relationship of microfluidic 

reactors can be used to study reaction kinetics typically too fast for online high-resolution 

characterization methods. For example, online SAXs and WAXs may be used with the 

microfluidic synthesis of MOFs, among many other materials in the rapidly growing library of 

porous nanostructures (such as zeolites and covalent-organic-frameworks), towards understanding 

crystallization kinetics. Outside of nucleation and growth studies, additional opportunities include 

studying the degradation, annealing, and ripening kinetics of a wide range of colloidal 

nanomaterials. While these opportunities have been enabled by developments in microreactor 

designs amenable to online characterizations, recent progress has also been made in spectroscopic 
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techniques used in flow. For example, differential detection photothermal spectroscopy has been 

applied by Maceiczyk and Hess et al.301 to measure concentration in low volume and residence 

time droplets, overcoming pathlength and time resolution barriers of absorption spectroscopy. To 

overcome pathlength limitations of PL spectroscopy in high concentration samples, Epps et al. has 

introduced a reduce pathlength flow-cell suitable for online PL quantum yield measurements of 

high PL materials without any dilution.257 With such progress in online characterization techniques 

and microreactor designs, autonomous and self-optimizing fluidic systems may be realized—one 

of the greatest potentials of colloidal nanomaterial flow synthesis.  

Existing self-optimizing microfluidic systems rely on temperature and reactant 

concentration tuning to optimize nanoparticles synthesis routes. While the capabilities of these 

technologies considerably alleviate the need for labor-intensive parameter screening, far greater 

opportunities arise from their development. In a manner similar to recent pioneering work in AI-

assisted organic synthesis planning in flow reactors, autonomous nanoparticle reactors are ready 

to traverse into comprehensive compositional screening. The algorithms and platforms used to 

explore and optimize synthesis conditions may now be designed to incorporate the molecular 

features of available precursors into the experiment selection process. A self-optimizing fluidic 

system with a large variety of available precursors integrated with basic materials informatic 

algorithms would offer unprecedented, in both flow chemistry and nanoscience, colloidal synthesis 

exploration. Such a system would unlock a greater, and potentially unintuitive, breadth of 

information surrounding the mechanisms of shape-, size-, and composition-controlled colloidal 

nanoparticle syntheses, and it would result in new and higher performing nanomaterials.  

Microfluidic reactor designs and their applications in colloidal nanomaterial syntheses 

have advanced significantly in recent years. The tools and strategies developed by microfluidic 
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device engineers may be used to expound the mechanisms and unravel the synthesis space of a 

wide variety of colloidal nanomaterials at an efficiency and rate unattainable at any point in history. 

The key remaining challenge in implementing these systems towards higher quality nanomaterial 

design and production is unification of research efforts. Despite the advantages of microfluidic 

synthesis systems, most groundbreaking advances is nanomaterial syntheses, quality, and 

performance, still occur through flask-based experimentation. The skillset currently required to 

design and build a microfluidic synthesis screening system is largely independent of the 

understanding needed to design colloidal synthesis protocols at the forefront of innovation, and it 

is unrealistic to expect mastery of both from a single scientist. This challenge may be overcome 

by (1) promoting interdisciplinary efforts, where colloidal nanomaterial researchers may develop 

synthesis strategies from the ground up in tandem with microfluidic reactor engineers, and (2) 

reducing the barrier of entry for flow-based experimentation by creating comprehensive plug-and-

play microfluidic synthesis and monitoring systems. Microfluidic holds incredible potential for 

understanding and improving the synthesis of colloidal nanomaterials. While many flow-based 

synthesis systems are regarded as novel, the greater scientific community will benefit from their 

advanced capabilities becoming conventional.  
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Appendix A 

A-1. LabVIEW Process Flow Chart 

The translation stage, pumps, light sources, and spectrometer are coordinated through 

automated LabVIEW controls, shown in Figure A-1. To begin automated controls, the user 

specifies the desired inputs including condition flow rates, syringe dimensions, integration times, 

number of spectra to average (10 by default), flow regime (single- or multi-phase), desired 

sampling timespan (multi-phase only), and approximate sampling port positions. The system starts 

operation by first establishing communications with and setting a neutral condition for each of the 

hardware components. The system then undergoes stabilization and port alignment steps. To 

conduct these processes first, toluene is manually injected into the reaction tubing. The translation 

stage then runs eight full passes, briefly stopping at each sampling port, in order to reduce 

movement within the newly assembled system during later sampling. The system then detects the 

precise stage location for optimal sampling at each port. To do this, it turns on the 365 nm LED 

then samples 20 evenly distributed points across a 1 mm range around the reported approximate 

port location until a local maximum spectral intensity at 350 nm is found for each port. This value 

is saved and used as the port location for later sampling. If indicated, the system then collects light 

and dark references on toluene for each light source at their respective integration times at each 

port.  

The first flow rate condition is set, and based on the user inputted system volume for the 

furthest sampling port, the system waits for three residence times to reach equilibrium, then 

starting at the port closest to the junction (either T or custom cross), sampling with the light source 

toggling system is taken at each port location. This process is repeated for each condition until all 

desired test parameters have been set and sampled. The system then undergoes shut down 

procedures by halting all pumps and shutting off light sources before ending the script operation. 
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Figure A-1. Process logic flow chart for the automated sampling system, run through LabVIEW 

Virtual Interfaces (VI’s). The initialization block also includes an optional eight passes of the 

translational stage for stabilization followed by port detection and alignment. 

 

  



 

193 

 

A-2. Port-Flow Cell Alignment over Thirty Stage Passes 

The port alignment and sampling process, detailed in S-1, results in precise absorption and 

PL measurements for at least thirty passes – i.e. sampling conditions. Figure A-2 shows a 

characterization of this consistency by sampling the measured light source intensities at each port 

after the alignment and port detection processes. Furthermore, it demonstrates that scaling these 

intensities across each of the individual ports results in highly uniform spectral measurements 

throughout the reaction system. During experiments, port alignment was performed after, at most, 

every thirty tested sample conditions including toluene references. 
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Figure A-2. Demonstration of sampling consistency across stage movement. Raw spectral data 

normalized on the highest measured intensity for (A) the Deuterium-Tungsten light source at 500 

nm with (B) scaling by port and (C) 400 nm LED at 400 nm with (D) scaling by port on toluene 

within the reactor as a function of port location over 30 full reactor length passes of the translating 

flow cell. Error bars indicate a 95 % confidence interval. 
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A-3. Pathlength Correction by Port 

To account for variations in the sampling pathlength at each port location due to factors 

such as irregular tube placement or minor deformation, scaling corrections were applied to each 

port within every alignment cycle. By performing this scaling operation for a uniform toluene-

perovskite solution across the different ports, data collected across the reaction system may be 

directly compared. Scale factors were determined for base-line corrected PL and absorption curves 

and applied to experimental spectra processed in a comparable manner. Sample data from the 

pathlength correction process is shown in Figure A-3. 
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Figure A-3. Demonstration of scalar pathlength correction by port location. (A) Absorbance and 

(C) PL spectra with (B and D respectively) pathlength correction scaling on a continuous toluene-

perovskite solution over all twenty sampling ports. Pathlength correction was applied to absorption 

and photoluminescence data after baseline correction. The resulting scalar correction values 

averaged over five replicates were applied to spectra obtained during synthesis tests for each 

system configuration. 
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A-4. Plug Detection Methods for Variable Fluid Velocities 

Due to the required integration and script execution times (on the order of milliseconds), 

there is an inherent limitation on the number of spectra that may be obtained within a single moving 

plug. At higher plug velocities, a plug detection method is no longer suitable for sample collection, 

and instead simply averaging across an evenly distributed set of samples becomes more applicable. 

Figure A-4 shows a sample set of absorption spectra demonstrating the necessity of this distinction. 

By indiscriminately averaging across a slowly moving plug, the arbitrary point in which sampling 

is initiated becomes the sole representation of the moving plug, and it does not effectively 

characterize the bulk solution within the plug. In applying the plug detection methods to a quickly 

moving plug, local variance – see section S-5 – does not meaningfully represent the sample. 

Therefore, in order to efficiently and accurately perform sampling on multi-phase systems at 

variable flow rates, a combination of the two approaches is required.  
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Figure A-4. Sample absorption spectra of saturated fluorescein in water as a result of different 

spectra selection methods and average fluid velocity. Averaged spectra (Avg) were taken across 

60 continuously collected samples over ≥ 1 s, and plug detection algorithm spectra (Det) were 

taken from the ten estimated optimal spectra, as dictated by local variance calculations, within the 

same 60 samples. Averaged spectra were used to evaluate multi-phase conditions with average 

fluid velocities > 1.1 cm/s, and the plug detection algorithm was applied to conditions ≤ 1.1 cm/s. 

An integration time of 15 ms was used for all spectra. 
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A-5. Plug Detection and Spectra Selection 

Figure A-5 details the single intensity spectral data for a flowing multi-phase system over 

time for use in sample selection in the plug detection process. For both absorption and PL data, 

the system is characterized by a low reading within the carrier phase, a sharp peak at the carrier-

plug interface, and a small plateau region within the plug itself. The plug detection script first 

discounts extrema associated with the carrier phase and interface, then it finds the ten samples with 

the lowest local (five point) variance, which are then averaged to obtain each tested condition 

spectra. 

 

 

Figure A-5. Single wavelength spectra intensities with optimal sample time spans for (left) 

photoluminescence at 500 nm and (right) absorbance at 380 nm. Spectra were collected at a single 

sampling port, and conditions correspond to those shown in Figure 1-4 (Gas phase: pressurized 

nitrogen (10 psig) at QG=278 µL/min; liquid phase: toluene containing CsPbBr3 QDs at QL= 185 

µL/min). Integration times of 4 ms and 15 ms were used for PL and absorption spectra, 

respectively. 
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A-6. Sample from Perovskite Synthesis in Flow 

 

 

Figure A-6 Sample absorption and photoluminescence spectra collected within a single pass of 

the translating flow cell for total flow rates of (A) 1220, (B) 85, and (C) 29 µL/min in a multi-

phase flow CsPbBr3 synthesis. Note that absorption spectra below the detection limit are excluded. 
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A-7. TEM Image of In-Flow Synthesized Perovskite QDs 

 

 

Figure A-7 Scanning Transmission Electron Microscopy (STEM) image of a sample of in-flow 

synthesized CsPbBr3 QDs using the multi-phase flow format (QG=465; Q1=268; Q2=42 µL/min) 

collected on the JEOL 2000FX through the Analytical Instrumentation Facility (AIF) of North 

Carolina State University. TEM sample was prepared by precipitating the crude perovskite 

solution with ɣ-butryolactone, redispersion in toluene, then drop-casting onto a copper TEM grid 

(Ted Pella Inc., 200 Mesh Carbon Film). 
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Appendix B 

B-1. Liquid Slug Velocity and Length Measurement 

In order to accurately measure the velocity of the reacting liquid slugs in QDexer, three 

optical phase sensors (OCB350L125Z, TT Electronics) were attached to the fluidic reactor (i.e., 

fluoropolymer tubing) after the spectral monitoring modules. The goal of the velocity detection 

algorithm was to derive an accurate velocity measurement from the signals read from the in-line 

optical phase sensors attached to the flow reactor. To achieve this, cross-correlation of input 

signals was used. Figure B-1 shows a representative illustration of one liquid slug passing through 

3 optical phase sensors. Each sensor, in sequence, registers a swell in the voltage signal. The 

velocity of the corresponding liquid slug is given by the physical distance between sensors 1 and 

2 divided by the elapsed time between the peak of the swell at sensor 1 and the peak of the swell 

at sensor 2, which is given by the first positive peak of the cross correlation. 

Due to the flow uniformity of the utilized gas-liquid segmented flow format, there is no 

break in the chain of liquid slugs, therefore, the velocity measurement strategy must be able to 

estimate the transit time of one particular liquid slug out of the uniform procession. For repeating 

input signals generated by the closely-spaced liquid slugs, the cross-correlation returns a periodic 

output. To determine the most likely liquid slug velocity, a third optical phase sensor was added 

to enable three comparisons between cross-correlated signals. When combined with a rough 

estimate based on the known input flow rates, the accurate liquid slug velocity can be determined. 

There are three equations in which each 𝑛 is constrained to be an integer. 

The physically true transit time Δ𝑡, representing the tracking of a single liquid slug, is given 

by the phase 𝜙 of the cross-correlation output plus some integer multiple 𝑛 of the period 𝜏 of the 

cross-correlation. That is (for pair 1-2), 
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𝚫𝒕𝟏𝟐 =
𝒅𝟏𝟐

𝒖𝒔
= 

𝝓𝟏𝟐+𝒏𝟏𝟐𝝉𝟏𝟐

𝒔𝒓
  (S. Eqn. 1) 

where sr is the sample rate in Hz, 𝑑12 is the distance between sensors 1 and 2, and 𝑢𝑠 is the 

liquid slug velocity. The known set flow rates from the syringe pumps and the mass flow controller 

are used to set a window on the liquid slug velocity measurement using the following correlation:  

𝑤𝑖𝑛𝑑𝑜𝑤 =
51∗𝑠𝑟

(
𝐹+21.9

199.6
)0.888

  (S. Eqn. 2) 

The reported measurement will be within this window. An error 𝑒(𝑢𝑠,𝑔𝑢𝑒𝑠𝑠) as a function 

of this initially estimated liquid slug velocity is calculated at each discrete point. The definition of 

error is motivated by the idea that for a determined liquid slug velocity to be accurate, the transit 

time is related to an integer multiple of the period plus the phase. These integers are called 𝒏𝒊𝒋, 

where 𝒊 and 𝒋 are the numbers of the first and second optical phase sensors in the pair used. We 

define �̃� ∈ ℝ, a pseudo-n, to represent the value of 𝒏 that would be needed to achieve a certain 

liquid slug velocity given the readings extracted from the cross-correlation. 

Assuming deviating from integer values represent a higher error, we define the error to be 

related to how far (i.e., Euclidean distance) each �̃� is from being an integer. The formula for error 

as a function of the liquid slug velocity, 𝑢𝑠, is the sum of the difference between each �̃� and its 

nearest integer for each pair. In equation form: 

𝑒(𝑢𝑠,𝑔𝑢𝑒𝑠𝑠) = |�̃�12 − 𝑟𝑜𝑢𝑛𝑑(�̃�12)| + |�̃�13 − 𝑟𝑜𝑢𝑛𝑑(�̃�13)| + |�̃�23 − 𝑟𝑜𝑢𝑛𝑑(�̃�23)| 

          (S. 

Eqn. 3)  

Rearranging S. Eqn. 1, we know 𝑠𝑟, 𝜙 and 𝜏 but not the true Δ𝑡. The value of �̃� can be 

found using the following formula after rearranging S. Eqn. 1, given for pair 1-2: 

�̃� = (𝑑12 ∗ 𝑠𝑟 − 𝜙12 ∗ 𝑢𝑠)/ (𝜏12 ∗ 𝑣)  (S. Eqn. 4) 
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where:  𝑑12 (mm) is the distance between optical phase sensors 1 and 2, sr is the sample 

rate in Hz, 𝜙12 (in samples) is the shift for one signal to line up with other, and 𝜏12 (in samples) is 

the number of samples before the signal repeats. From this list of error values, the accurate liquid 

slug velocity which gives the minimum error is taken as the correct measurement. 

B-2. Slug Length and Velocity Mapping 

Utilizing the developed liquid slug length and velocity measurement technique, an 

automated parameter space mapping was performed by systematically varying the liquid (QL) and 

gas (QG) flowrates of QDExer, where the liquid phase was a mixture of toluene, oleic acid (OA), 

and oleylamine (OAm) (5:0.42:0.58 by volume) to accurately represent the solvent mixture in 

halide exchange reactions studied in this work. 24 conditions were measured for slug length and 

velocity and fitted for later flow condition selection – shown below: 

𝐿𝑆[𝑚𝑚] = 0.355 + 1.702
𝑄𝑔

𝑄𝐿
+

133.3

𝑄𝐿[
𝑢𝐿

𝑚𝑖𝑛
]
 (S. Eqn. 5) 

𝑢𝑆 [
𝑚𝑚

𝑠
] = 0.00487𝑄𝐺 [

𝑢𝐿

𝑚𝑖𝑛
] + 0.00881𝑄𝐿 [

𝑢𝐿

𝑚𝑖𝑛
] (S. Eqn. 6) 

where, 𝐿𝑆 is the measured liquid slug length and 𝑢𝑆 is the measured liquid slug velocity. For the 

entirety of the QDExer studies discussed in this work, a target liquid slug length of 1.5 mm was 

used. The resulting parameter space maps are shown in Figure B-2. 

 

B-3. Inline Spectra Processing  

During the in-flow halide exchange reactions of perovskite QDs, at each assigned port, 

QDExer continuously collected 80 photoluminescence (PL) and absorption spectra evenly timed 

across an approximately 35 mm flowing reactive liquid slug at integration times of 4 and 10 ms, 

respectively. An automated spectra isolation algorithm utilized the 1100 nm absorption intensity 

and peak emission intensity to isolate the spectra correlated to the bulk of the liquid slug. Note that 
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refractive boundary effects substantially distort optical spectra, and a precise selection of the 

central spectra is vital. The combined isolated spectra (usually 10-15) were then averaged with a 

trimmed mean of 85%. 

 

B-4. Effect of Precursor Mixing Rates on Chloride-Exchanged Perovskite QDs  

Similar to the FWHM-based mixing study of iodide-exchange reactions of CsPbBr3 QDs 

with ZnI2, shown in Figure 3-2C of the manuscript, we studied the effect of early stage precursor 

mixing rates on the chloride exchange reactions of CsPbBr3 QDs with ZnCl2 at a reaction time 

(residence time) of 5 s, shown in Figure B-3. A similar stabilization flow velocity (> 15 mm/s) 

was observed. 

 

B-5. Inline PLQY Measurement 

All inline PLQY estimates and fluorescent references were measured using the absorption 

and PL spectra collected at the same sampling port and integration times on QDExer. Fluorescein 

with a known PLQY of 92% PLQY in a sodium hydroxide solution was used as the reference with 

a 365 nm excitation source (Thorlabs, M365LP1). The following correlation and constants were 

used for the automated in-flow PLQY measurements of perovskite QDs: 

𝝓𝑺 = 𝝓𝑹 (
𝑰𝒏𝒕𝑺

𝑰𝒏𝒕𝑹
) (

𝟏−𝟏𝟎−𝑨𝑹,𝟑𝟔𝟓

𝟏−𝟏𝟎−𝑨𝑺,𝟑𝟔𝟓
) (

𝜼𝑺
𝟐

𝜼𝑹
𝟐)       (S. Eqn. 7) 

 

 

 

 

 

Variable Constant 

𝝓𝑹 (%) 0.92 

𝜼𝑺 1.49 

𝜼𝑹 1.33 
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Where 𝝓𝒊 corresponds to PLQY (%), 𝑰𝒏𝒕𝒊 is the integral of the PL spectra (a.u.), 𝑨𝒊,𝟑𝟔𝟓 is the 

measured absorption at 365 nm (a.u.), 𝜼𝒊 is the solvent refractive index, and 𝑺 and 𝑹 denote 

perovskite QD sample and fluorescein reference, respectively. 

 

B-6. Effect of Ligand Composition on Anion Exchange Reactions of Perovskite QDs 

Figure B-4 presents the time evolution of the emission band-gap (E) of inorganic perovskite 

QDs (CsPbBr3) over the course of the halide exchange reactions with ZnX2 as the halide salt 

source, for different ligand ratios  𝑅𝐿 =
𝑉𝑂𝐴

(𝑉𝑂𝐴 + 𝑉𝑂𝐴𝑚)
⁄  (VOA: volume of OA, VOAm: volume of 

OAm). 

 

B-7. Effect of Ligand to Solvent Ratio on Anion Exchange Reactions of Perovskite QDs 

Figure B-5a,b present the effect of the ligand to solvent volume ratio ( 𝑅𝐿𝑆 =
𝑉𝑠
(𝑉𝑆 + 𝑉𝐿)
⁄  

VS: volume of solvent, VL: total volume of ligands) on the PL band-gap of halide-exchanged 

inorganic perovskite QDs. As shown in Figure B-5, for RLS < 0.16, the ligand concentration in the 

iodide salt precursor did not affect the equilibrium PL band-gap (Eeq) of the halide-exchanged 

perovskite QDs, while for RLS > 0.16, the emission band-gap of the iodide-exchanged perovskite 

QDs at the studied reaction times (90 s) did not reach to the terminal band-gap obtained for the 

lower ligand concentrations. The higher PL band-gap of the anion exchanged perovskite QDs at 

RLS > 0.16 may be attributed to the inability of the iodide ions to fully diffuse into the CsPbBrxI3-x 

nanocrystals due to increased diffusion resistance (i.e., surface hindrance) caused by the abundance 

of OA in the solution and at the surface of the nanocrystals. By increasing the reaction time, Eeq is 

expected to reach to a similar Eeq of the iodide-exchanged perovskite QDs at RLS > 0.16. 
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Figure B-5c shows the effect of total available surface ligands (OA and OAm) in the halide 

salt solution on the initial reaction kinetics of the anion exchange reactions. As shown in Figure 

B-5c, increasing the total ligand concentration (RLS), while maintaining the ligand (RL) and 

QD:ZnI2 ratios, reduced the anion exchange reaction rates.  

 

B-8. Effect of Halide Salt Concentration on Anion Exchange Reactions of Perovskite QDs 

Figure B-6a,b present the time evolution of the in-situ obtained emission and absorption 

spectra of the inorganic perovskite QDs during the in-flow anion exchange reactions with different 

concentrations of ZnI2 and ZnCl2 as the halide salt source, respectively. Figure B-6a,b shows the 

change in the PL full width at half maximum (FWHM) of the halide-exchanged perovskite QDs 

during the anion exchange reactions for different ZnX2 concentrations. Figure B-7 shows the 

change in the PL full width at half maximum (FWHM) of the halide-exchanged perovskite QDs 

during the anion exchange reactions for different ZnX2 concentrations.  

 

B-9. Offline Characterizations of Halide-Exchanged Perovskite QDs 

Figure B-8a shows proton nuclear magnetic resonance (1H NMR) of the washed/purified 

starting CsPbBr3 and the halide-exchanged perovskite nanocrystals. Figure B-8b present an 

enlarged view of 1H NMR spectra of perovskite QDs between 5-6 ppm, illustrating the broadened 

peak of oleic acid (OA), which confirms OA is attached to the QD surfaces before and after halide 

exchange reactions. Figure B-8c presents the reference 1H NMR spectra of OA and OAm. Figure 

B-8d presents time-correlated single photon counting (TCSPC) of the starting CsPbBr3 QDs and 

the halide-exchanged perovskite nanocrystals. The halide-exchanged perovskite QDs were 

synthesized using the highest zinc halide (ZnX2) concentration used in this study (Cs=0.03M). 
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Figure B-1. Cross Correlation Sampling. Voltage readout from three phase sensors of staggered 

spacing connected to a uniform gas-liquid segmented flow system with corresponding cross-

correlation between each possible combination of pairs. 

 

 

𝜏 

ϕ 
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Figure B-2.  Liquid Slug Length and Velocity Parameter Maps. (a) Measured liquid slug length 

(LS) as a function of inlet liquid flow rate (QL) and ratio of inlet gas to inlet liquid flowrates (Rflow) 

in a gas-liquid segmented flow obtained using QDExer. (b) Measured liquid slug velocity as a 

function of QL and the inlet gas flow rate (QG). 
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Figure B-3. Effect of Precursor Mixing Rates on the Chloride-Exchanged Perovskite QDs. (a) 

Photoluminescence (PL) FWHM of the in-flow chloride-exchanged perovskite QDs across 11 

liquid slug velocities. (b) PL spectra of in-flow halide exchange reactions of CsPbBr3 (3.4 mM) 

QDs with ZnCl2 (0.03 M) at a reaction time of 5 s and liquid slug velocities of 10.1, 15.5, and 47.3 

mm/s. 
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Figure B-4. Effect of Ligand Composition. PL band-gap (E) of perovskite QDs over the course of 

the halide exchange reactions vs. the reaction time (tR) at varying ligand ratios (RL) obtained using 

QDExer for (a) 0.02M ZnI2 and (b) 0.02M ZnCl2 halide salt precursors. Each panel corresponds 

to a different ligand ratio. Concentration of the starting CsPbBr3 QDs: 3.4mM.  
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Figure B-5. Effect of  Ligand to SolventVolume Ratio. Time evolution of PL band-gap (E) as a 

function of the Ligand to Solventvolume ratio (RLS) obtained utilizing QDExer for (a) 0.02M ZnI2 

and (b) 0.02M ZnCl2. (c) Absolute values of the initial anion exchange reaction rates (k1) for 

red:ZnI2 and blue:ZnCl2. Concentration of the pristine CsPbBr3 QDs was 3.34 mM. RLS used for 

this study were: 0.05, 0.09, 0.17, 0.29 and 0.44M. 
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Figure B-6. Effect of Halide Salt Concentration. 3D waterfall plots of the temporal emission (top) 

and absorption (bottom) spectra of the in-flow monitored halide exchange reactions of CsPbBr3 

QDs with (a) ZnI2 and (b) ZnCl2 for different halide salt concentrations. Each individual plot 

includes 63 spectra of unique reaction times. Concentration of the starting CsPbBr3 QDs was 3.4 

mM. 
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Figure B-7. Effect of Halide Salt Concentration on PL FWHM of Perovskite QDs. Stacked plot 

of PL FWHM vs. reaction time (tR) and different ZnX2 concentrations (Cs) for (a) ZnI2 and (c) 

ZnCl2. Enlarged view of the first 20 s of the PL FWHM time evolution during anion exchange 

reactions for (b) ZnI2 and (d) ZnCl2. Concentration of the starting CsPbBr3 QDs was 3.4mM. 
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Figure B-8. Offline Characterization of Perovskite QDs. 1H NMR spectra of purified (a) (red) 

Cs0.94PbBr0.57I2.29, (green) CsPbBr3, and (blue) Cs1.02PbBr0.4Cl2.96 QDs with (b) enlarged view of 

the 1H NMR spectra between 5-6 ppm to illustrate the broadening of the oleic acid (OA) peaks. 

(c) Reference 1H NMR spectra of OA and oleylamine (OAm). (d) Time-correlated single photon 

counting of the purified (red) Cs0.94PbBr0.57I2.29, (green) CsPbBr3, and (blue) Cs1.02PbBr0.4Cl2.96 

QDs. 
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Table B-1. Concentration Estimates Derived from 1H NMR Spectra of Perovskite QDs. 

 Concentration 

Low estimate 

(mM) 

Concentration 

High estimate 

(mM) 

OAm/(OA+OAm) 

attached to the NC 

[OA] 

(mM) 

[OAm] 

(mM) 

Cs0.94PbBr0.57I2.29 3.41 4.76 0.5 2.04 2.04 

CsPbBr3 3.36 4.71 0 4.03 0 

Cs0.94PbBr0.57I2.29 2.00 3.35 0.615 1.03 1.64 
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Appendix C 

C-1. OVAL Validation 

A custom-developed MATLAB image processing code in conjunction with a digital 

camera (LUMIX GH5, Panasonic) collecting video at 59.94 frames per second was used for 

automated phase detection, tracking, and measurement. Blobs corresponding to identified liquid 

slugs are tracked across the frame by the position of their bounding boxes, and the liquid slug 

length is determined from the line profile drawn through the center axis of the slug. Liquid slugs 

are dyed blue with a few drops of food dye for camera visualization. It should be noted that the 

presence or lack of dye does not change the ability of the phase sensors to detect liquid slugs. All 

analysis is conducted on the red channel of the image. A frame around 10 s into the video is 

selected as the background frame, and before applying the threshold to each other frame, this frame 

is subtracted from the one being analyzed to filter out stray shadows from the tube. 

As the analysis progresses, the analyzed data transitions from being organized on a per-

frame basis to being organized on a per-slug basis. First, the code identifies liquid slugs on each 

frame and identifies their positions. Then, with the help of their positions, the liquid slugs are 

identified across frames and a new MATLAB struct is populated with data pertaining to each slug. 

Image processing extracts the data about liquid slugs on each frame. Once the locations of liquid 

slugs are found, a liquid slug in a subsequent frame is identified as the same if its position is nearest 

and in the direction of motion (Figure C-1). 
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Figure C-1. Data organization during image processing. 

 

The distance in pixels from each liquid slug's position to its first tracked position is 

calculated and converted to distance in mm with an image scale, which is set manually based on a 

ruler placed in the frame. The slope of the line of best fit for the distance vs time curve (i.e., average 

velocity) is taken as the camera velocity – a process illustrated in Figure C-2. 

 

 

Figure C-2. Sample axial position vs. time of tracked slugs from validation run with a 

fluoropolymer tubing with an inner diameter of 0.02’’. Each line corresponds to a different liquid 

slug. The shorter lines indicate longer liquid slugs, which necessarily move from edge to edge in 

fewer frames. Gas flow was set by a mass flow controller, and liquid flow was set with a continuous 

positive displacement pump. 
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For each liquid slug in each processed frame, the outermost dimensions of the bounding 

boxes of the preceding and following liquid slugs as well as the current liquid slug's position are 

used to take the line profile brightness along the axis of the liquid slug. In a method mirroring that 

of the liquid slug detection algorithm, the average brightness inside and outside of the liquid slug 

is calculated, and the start and end of the liquid slug are determined by the position at which the 

line profile brightness crosses the average of the inner and outer brightness values (Figure C-3). 

Note that a slug must be fully within the video window on both lagging and leading edges before 

identification. 

 

 

Figure C-3. Example line profile of a liquid slug (in red) and automatically determined threshold 

(in black) for liquid slug length determination of a liquid slug tracked within an FEP tubing with 

an inner diameter of 0.02’’. Image scale was 0.0414 mm/pixel. 
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C-2. Description of Real-Time Liquid Slug Detection 

During flow characterization and control, samples were read from the optical sensors at a 

sample rate of 1000 Hz. From a running window of the last 2800 samples, a voltage threshold was 

set at half the maximum and minimum reading for each phase sensor. A typical sensor signal is 

shown in Figure C-4 and has a range of about 2 or 3 V, depending on the sensitivity and internal 

device calibration. A dead zone spanning 0.4 V (i.e., ± 0.2 V) around the threshold was used to 

prevent excessive triggering due to noise. 

 

 

Figure C-4. Example voltage read-out of 2 phase sensors. Sample rate of example signal is 5,000 

Hz. Flow rates were set with syringe pumps for water (10 mL 14.567 mm, SGE) and air (Steel 20 

mL 19.13 mm). Liquid flow was 400 uL/min, and air flow was 600 uL/min. 
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C-3. Additional OVAL Validation and Residual Plots 

We validated the developed phase length and velocity meter/controller approach (i.e., 

OVAL) for off-the-shelf fluoropolymer tubing with inner diameters (ID) of 0.02” and 1/16”. A 

mass flow controller (Bronkhorst) and a continuous syringeless pump (M-6 series, Valco 

Instruments) were used to set the gas and liquid volumetric flow rates. Figure C-5 shows the 

residual plots for the pressure-driven validation in the main text. The mean absolute percentage 

error (MAPE) for the pressure-driven validation set is 1.3% for velocity and 3.3% for length. 

 

 

Figure C-5. Residual plot of (A) velocity and (B) length measurements as validated by digital 

camera slug tracking for the pressure driven flow system. 

 

  

A B 
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Figure C-6 shows the OVAL validation results for the fluoropolymer tubing with 0.02” ID. 

The validation flow rate ramps took place over approximately 160 s. The mean absolute percentage 

error is 1.4% for velocity and 2.0% for length. 

 

 

 

Figure C-6. Validation and residual plots for phase velocity (A, B) and phase length (C, D) for 

fluoropolymer tubing with 0.02” ID. Liquid (water and dye) flow rate spanned 84–346 uL/min. 

Gas (air) flow spanned 348–2000 uL/min. The video contained 9,600 frames.  

A 

B 

C 

D 
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Figure C-7. Validation and residual plots for phase velocity (A, B) and phase length (C, D) for 

fluoropolymer tubing with 0.0625” ID. Liquid (water and dye) flow rate spanned 75–2000 uL/min. 

Gas flow rate spanned 189–2000 uL/min. The video contained 21,450 frames. 
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It should be noted that the sensitivity of the method is limited by the sample rate. Smaller, 

faster liquid slugs suffer from sampling error. A liquid slug would not be detected if 
𝑢

𝑙
< 𝑠𝑟, where 

sr is the sample rate in Hz. 

 

C-4. Parameter Space Mapping 

For the parameter space data collection, a custom-developed LABVIEW VI was used to 

repeatedly set random gas and liquid flow rates within a predetermined range, wait a fixed amount 

of time, and then re-initialized the flow by flushing the system with gas. The history of velocity 

and length measurements for each condition was recorded, but only steady state values are 

incorporated into the parameter space. An example of the recorded data is shown in Figure C-8. 

To determine flow stability, the average measurement and standard deviation of the last 12 s of 

data are used to calculate the “relative error,” or average divided by standard deviation. Data points 

are accepted if both liquid slug velocity and slug length have relative error below their respective 

cutoffs. In this case, the cutoff was 0.01 for liquid slug velocity relative error and 0.05 for liquid 

slug length relative error. For the fluoropolymer tubing with 0.03’’ ID, 650 runs were collected, 

and 423 points were included in the parameter space. This approach also highlights the ability of 

OVAL in evaluating stability of the multiphase flow in the microreactor, which may be adapted 

towards rapid reporting of flow segmentation regimes. 
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Figure C-8. Example of parameter space data extraction. Measurements are shown as black points; 

moving-average smoothed data are shown in pink and green for velocity and length. Dark blue 

bars on the liquid slug velocity and length plots represent regions of acceptable relative error 

spanning the relevant time and at the value of the average. Extracted data is matched with the 

appropriate gas and liquid flow setpoints to form the parameter space. 

 

The residuals shown in Figure C-9 are calculated from the fitted models described in the 

main text. The fractional residual following the form (measured-predicted)/predicted is reported 

for the parameter space. Discrepancies from the model may occur because these models may not 

account for factors pertaining to the specific segmentation regimes present in the employed T-

junction. 
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Figure C-9. Fractional residuals of the liquid slug (A) velocity and (B) length compared to a model 

of the system, where fractional residual is defined as (measured – model)/model. The tube inner 

diameter was 0.03’’. 

B 

A 
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C-5. Process Controller Descriptions 

The PID control was implemented using a built-in LabVIEW VI (“PID Autotuning”). 

Autotuning variation was used to determine the optimal control parameters for the system of 

Kc = 92, 𝜏I = 0.5, and 𝜏d = 0.01. The two-input, two-output fuzzy logic system (TITO FLS) was 

developed in the LabVIEW Fuzzy System Designer, and it uses a combination of linear and 

Gaussian functions, shown in Figure C-10 where NN, N, Z, P, and PP correspond to “very 

negative”, “negative”, “zero”, “positive”, and “very positive” membership groups, respectively. 

Centroid fuzzification and defuzzification was used in direct relationships between the velocity 

error and net flow rate change and the slug length error and input liquid fraction change – i.e. IF 

Velocity Error is X THEN Net Flow Rate Change is X AND IF Slug Length Error is Y THEN Input 

Liquid Fraction Change is Y where X and Y correspond to arbitrary membership functions. 

Repeated iterations of the feedback control loop incorporated a delay time, which was calculated 

from the sampling distance (𝑘) of 5 cm and the last measured slug velocity (𝑢𝑙𝑎𝑠𝑡) according to 

the relationship 𝑡𝑑𝑒𝑙𝑎𝑦 = 𝑘/𝑢𝑙𝑎𝑠𝑡. 

 

 

Figure C-10. TITO Fuzzy Logic controller membership functions. 
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Appendix D 

D-1. Chemical List 

Lead (II) oxide (>99.9% trace metal basis, 211907), tetraoctylammonium bromide (98%, 

294136), and oleic acid (technical grade, 90%, 364525) were purchased from Millipore Sigma. 

Cesium hydroxide 50 wt% solution in water (99.9% trace metal basis, AC213601000), toluene 

(extra dry over molecular sieves, 99.85%, AC364410025), quinine sulfate dihydrate 

(AC418780050), fluorescein (laser grade, 99%, AC410620010), sodium hydroxide (pellets, 

S320), and potassium iodide (>95%, S25493) were purchased from Fisher Scientific. Sulfuric acid 

(60%, 098361) was purchased from Oakwood Chemical. The toluene used in all synthesis studies 

was dried further over fresh molecular sieves. All other chemicals were used as received. 

 

D-2. Quenching Spectra 

Fluorescein quenching studies were conducted using the custom three-port optical flow 

cell connected directly to the 0.25 mm inner diameter (ID) Teflon tubing (fluorinated ethylene 

propylene, FEP) at different tubing lengths. Fluorescein and potassium iodide solutions were 

combined at counter current inlets on a 0.50 mm inner diameter (1 µL dead volume) polyether 

ether ketone (PEEK) tee-junction (P-712, IDEX-H&S). All sample spectra were collected by 

allowing the flow to reach equilibrium (four residence times) then sampling one spectra per second 

continuously for 20 s. The final sample spectra was selected by averaging these 20 measurements. 

All quenched and unquenched fluorescein references were retaken each time the flow cell was 

repositioned. Example spectra are shown in Figure D-1 with the corresponding intensity 

measurements used in Eq. 4 (main text) illustrated for each spectra. 
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Figure D-1. PL spectra of the quenched and unquenched fluorescein references with an example 

mixing sample measurement spectra, collected on the straight tubing at a residence time of 1.15 s 

and Pe=5500. 

 

D-3 – Synthesis Study Reaction System 

For the flow synthesis of perovskite quantum dots (PQDs), four computer-controlled 

syringe pumps (PHD ULTRA, Harvard Apparatus and Fusion 4000, Chemyx) were loaded with 

20 ml stainless steel syringes for each of the two precursors and two oleic acid (OA) 

concentrations. Shown in Figure D-2, the two OA concentrations of each precursor are combined 

and mixed in a braided micromixer before entering the primary T-junction referenced throughout 

the study. To ensure stable flow, the flow ratio at any tee-junction never exceeded 1:5. Sampling 

and waste lines used a 0.75 mm ID FEP tube.  
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Figure D-2. Illustration of the developed automated flow chemistry platform used in PQD 

synthesis study. 

 

D-4. PQD Synthesis Reaction Time Estimate 

To select a suitable residence time for the PQD synthesis study, the synthesis was 

conducted at three different Pe values with a constant OA volume fraction of 4.25 vol%. The 

sampling reactor flow velocity (uR) was varied to attain four different residence times at each Pe 

condition. Shown in Figure D-3, optical spectra begin to converge as the residence time in the 

sampling flow reactor (tR ) approaches 1 min. Therefore, all flow experiments were conducted with 

a tR of 1 min. Note that these experiments are meant to serve as an approximation of the relevant 

reaction time and not as a comprehensive kinetic study. Mass-transfer rates will vary in the reactor 

segment under different uR values, which could potentially deviate from the measurements of a 

constant mass-transfer system. 
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Figure D-3. (A) Photoluminescence and (B) absorption spectra of PQDs synthesized in flow using 

the same Pe at the point of mixing but with varying uR, corresponding to four different residence 

times and (C) the subsequently measured EP with two additional Pe values at the point of mixing 

for all four residence times. 

 

D-5. Quantum Yield Calculations 

Relative photoluminescence quantum yield (PLQY) of the in-flow synthesized PQDs was 

calculated using a solution of quinine sulfate in 0.05 M sulphuric acid according to the equation 

𝛷𝑃𝐿 =
𝛷𝑅𝐼𝐼𝑛𝑡,𝑆𝐴365𝑛𝑚,𝑅𝜂𝑆

2

𝐼𝐼𝑛𝑡,𝑅𝐴365𝑛𝑚,𝑆𝜂𝑅
2  (S1) 

where S and R denote PQD sample and quinine sulfate reference, respectively. Φ is the PLQY, IInt 

is the integral of the PL emission spectra, A365nm is the absorbance at 365 nm, and η is the refractive 

index of the solvents. Property constants of 0.546, 1.337, and 1.506 were used for ΦR, ηR, and ηS, 

respectively. [1-3] 

 

D-6. PQD Nanocrystal and CsPbBr3 Concentration Calculations 

Stoichiometric concentrations of CsPbBr3 were calculated according to the following 

relation, as adapted from De Roo et al.. [4] 

𝐶𝐶𝑠𝑃𝑏𝐵𝑟3 =
(8.12 M) ln(10)𝐴400𝑛𝑚

𝜇400𝑛𝑚𝐿
 (S2) 
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where A400nm is the measured absorption at 400 nm, µ400nm is the intrinsic absorption coefficient of 

PQDs in toluene at 400 nm (8.7x104 cm-1, Maes et al. 2018) and L is the optical path length (0.23 

mm). The value 8.12 M is a constant derived from the originally reported equations. The optical 

path length was estimated by comparing the absorption spectra of a known concentration of 

quinine sulfate in a 1 cm by 1 cm cuvette to that of the flow cell. Nanocrystal concentrations of 

PQDs were calculated using the molar extinction coefficient equation adapted from Maes et al. [5] 

in combination with the Beer-Lambert Law 

𝐶𝑃𝑄𝐷 =
𝐴400𝑛𝑚

(2.42∗10−2cm−1 μM−1)𝑑3𝐿
 (S3) 

where the nanocrystal edge length (d) is estimated from its relation to the peak emission energy 

according to the correlations detailed in Protesescu et al. [6] and as adapted below 

𝑑 = √
ℏ2𝜋2

(𝐸𝑃−𝐸𝑏𝑢𝑙𝑘)𝑚
∗ (S4) 

where ℏ is the reduced Planck constant, Ebulk is the theoretical emission energy of bulk CsPbBr3 

(2.34 eV) [6], and m* is the reduced carrier mass (6.5969x10-32 kg) [6]. 
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Appendix E 

E-1. Chemical Inventory 

Lead (II) oxide (>99.9% trace metal basis, 211907), tetraoctylammonium bromide (98%, 

294136), zinc iodide (>98%, 223883), zinc chloride (reagent grade, anhydrous, >98%, 793523), 

oleic acid  (technical grade, 90%, 364525), and γ-butyrolactone (ReagentPlus, >99%, B103608) 

were purchased from Millipore Sigma. Cesium hydroxide 50 wt% solution in water (99.9% trace 

metal basis, AC213601000), zinc bromide (99.999% trace metal basis, AC212770100), 

oleylamine (>50%, TCI America O0059), isopropyl alcohol (A416-4), toluene (extra dry over 

molecular sieves, 99.85%, AC364410025), methyl acetate (extra pure 99%, AC181380025), 

quinine sulfate dehydrate (AC418780050), fluorescein (laser grade, 99%, AC410620010), sodium 

hydroxide (pellets, S320), and rhodamine 6G (99%, AC419010250) were purchased from Fisher 

Scientific. Sulfuric acid (60%, 098361) was purchased from Oakwood Chemical. The toluene used 

in all precursors, starting perovskite QDs, and flow studies was dried further over fresh molecular 

sieves. All other chemicals were used as received. 

 

E-2. Preparation of Starting CsPbBr3      

The green-emitting CsPbBr3 QDs were prepared using the flow synthesis strategy 

described in Epps et al. and as adapted from Wei et al..  Briefly, a 0.04 M bromide solution was 

prepared by dissolving 1.3 mmol of tetraoctylammonium bromide in a solution of 26 mL of 

anhydrous toluene and 6.5 mL of oleic acid at room temperature. A 0.04 M cesium-lead-oleate 

solution was prepared by first forming a 0.2 M solution. 7 mL of oleic acid was combined with 

1.3 mmol of lead (II) oxide and 0.12 mL of cesium hydroxide solution, followed by heating in an 

oil bath at 160 oC for 30 min then heating in an oven at 120 oC for 30 min. The final cesium-lead-

oleate precursor was completed by diluting 6.5 mL of the stock solution with 26 mL of anhydrous 
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toluene. SQDs were synthesized by continuously delivering the two bromide and cesium-lead-

oleate precursors into a custom polyether ether ketone (PEEK) cross junction at 1.2 mL/min each 

with an argon stream of 2 mL/min. The segmented gas-liquid flow continuously ran through a 2 

m length of 0.04 in inner diameter (ID) fluorinated ethylene propylene (FEP) tubing followed by 

collection into a continuously stirred vial fed with an anti-solvent stream (γ-butyrolactone) flowing 

at 1.3 mL/min. QD collection was carried out for 10 min followed by 10 min of additional stirring. 

The mixture was then centrifuged at 6,500 rpm for 10 min and dispersed in anhydrous toluene at 

twice the fluid volume of the starting mixture. The dispersed nanocrystals were allowed to age for 

12 h. The aged CsPbBr3 QDs were then centrifuged at 4,000 rpm for 4 min. The final supernatant 

was collected and used for autonomous halide exchange studies. 

 

E-3. Preparation of Halide Exchange Precursors 

The 0.04 M halide salt precursors, zinc chloride (ZnCl2) and zinc iodide (ZnI2), were 

prepared by adding 0.8 mmol of zinc salt to 20 mL of anhydrous toluene and 0.4 mL of isopropyl 

alcohol. The precursors were then heated at 100 oC with ventilation for 5 h, sonicated for 2 min, 

and allowed to cool before use. The 0.025 M zinc bromide (ZnBr2) precursor was prepared 

similarly with 0.5 mmol of zinc bromide, 20 mL of anhydrous toluene, and 0.25 mL of isopropyl 

alcohol. The oleic acid and oleylamine solutions were each prepared by combining with anhydrous 

toluene in a 50 vol% mixture. 

 

E-4. Reactor Operation Procedure 

The sampling process integrated into the modeling and condition selection algorithm 

begins operation as soon as flow conditions are made available. For all uninformed ensemble 
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model training methods, the modeling algorithm first sends two random reaction conditions to the 

fluidic microprocessor, then operates at an offset with the reactor. In other words, while the flow 

synthesis reactor is running condition i, the algorithm is training and selecting input condition i+1 

with sample set 1…i-1. For SNOBFIT, CMA-ES, and the pre-trained NN-EPLT, model selection 

began with the first condition. Upon receiving a set of reaction conditions, the autonomous flow 

synthesis platform initiates flow of the precursors and carrier phase into the fluidic path. In order 

to minimize chemical consumption, the SQD pump does not begin until 100 s after the other pumps 

were activated. After 360 s (total) the algorithm begins spectral sampling. For UV-Vis absorption 

followed by photoluminescence sampling, 50 spectra were collected at intervals of 25 ms with 

integration times of 12 and 9 ms, respectively. This process is replicated five times in series for a 

single set of reaction conditions. An embedded spectra processing algorithm then isolates the 

reactive phase spectra from the segmented oil-liquid flow. EP, EFWHM, and PLQY values are 

extracted from the resulting spectra and the five replicates are then averaged together. The final 

outputs are returned to the modeling algorithm for continued condition selection. 

 

E-5. Flow System Components 

The flow system is driven by seven stainless steel syringes (Harvard Apparatus) each 

connected to a computer-controlled syringe pump (Harvard Apparatus, PhD Ultra and Chemyx, 

Fusion 4000). The channels connecting the syringe to the flow junctions are 50 cm each of 0.01 in 

ID fluorinated ethylene propylene (FEP) tubing, and the PFO and SQD delivery channels are both 

intersected by a selector valve (VICI, C25-3180EUHB), which provides the option to redirect flow 

to the respective refill vessel. The zinc halide and ligand mixtures are combined within two PEEK 

cross-junctions (IDEX-H&S, P-722) connected in series followed by a 10 cm, 0.01 in ID, FEP 
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passive micromixer. This mixture is directed into a tee-junction (IDEX-H&S, P-715) to combine 

with the SQD channel which is followed by a second micromixer. The homogenous reactive 

solution is finally combined in a second tee-junction with PFO for isolated droplet formation. The 

reactor section is comprised of 150 cm of 0.03 in ID FEP followed by the reduced path length flow 

cell. Optical sampling is conducted using a miniaturized fiber-coupled spectrometer (Ocean 

Optics, HDX UV-Vis), deuterium halogen lamp (Ocean Optics, DH-2000-BAL), and 365 nm high 

power light emitting diode (Thorlabs, M365LP1) all connected to the flow cell through fiber optic 

patch cords (Ocean Optics, QP600-1-SR). 

 

E-6. Inline Spectra Sampling 

UV-Vis absorption spectra for the transient, reactive phase slugs were automatically 

isolated from each set of 50 continuously collected samples by first base-line correcting the beer-

lambert absorption at 1.6 eV. Spectra were then sorted in descending order of the measured 

absorption intensity at 3.4 eV (corresponding to the 365 nm emission source), and after discarding 

outlier spectra caused by the oil-reactive phase interface, the highest measured 20 samples were 

averaged together. A similar process was performed for photoluminescence (PL) spectra. Using 

the peak emission intensity, the spectra were sorted in descending order and the highest measured 

20 samples were averaged. Photoluminescence quantum yield (PLQY) was calculated from the 

resulting spectra according to the equation 

Φ𝑆 =
Φ𝑅𝐼𝐼𝑛𝑡,𝑆𝐴3.4𝑒𝑉,𝑅𝜂𝑆
𝐼𝐼𝑛𝑡,𝑅𝐴3.4𝑒𝑉,𝑆𝜂𝑅

 

where subscripts 𝑆 and 𝑅 correspond to the sample and the reference dye, Φ is the quantum 

yield, 𝐼𝐼𝑛𝑡 is the integral of the photoluminescence peak, 𝐴3.4𝑒𝑉 is the measured absorption at 3.4 

eV, and 𝜂 is the refractive index.[1,2] 
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E-7. Flow Cell Validation 

The reduced path length flow cell was evaluated using a 1mm×10 mm quartz cuvette for 

calculation of the path length and a 10 mm×10 mm cuvette for validation of the PLQY 

measurements. As shown in Figure E-1, the flow cell is able to effectively retain a linear 

relationship with the integral of PL as a function of absorption at the excitation wavelength for all 

absorption values below 0.1. Using the absorption curves of the same concentrations of fluorescent 

dyes (quinine sulfate in 0.05 M sulfuric acid, fluorescein in 0.1 M sodium hydroxide, and 

rhodamine 6G in ethanol) between the 1 mm path length cuvette and the compressed tube flow 

cell, the path length of the compressed tubing section was calculated to be 206 ± 1 um. Offline 

PLQY validation was conducted according to the equation[3] 

Φ𝑆 =
Φ𝑅𝑚𝑆𝜂𝑆
𝑚𝑅𝜂𝑅

 

where m is the slope of the linear fit of the integral PL as a function of the absorption at 

3.4 eV, with an intercept through the origin. 

 

E-8. Non-Dimensionalization of Input Parameters 

Non-dimensional parameters 𝑋𝑆𝑄𝐷, 𝑋𝑍𝑛𝑋2, 𝑋𝑍𝑛𝐵𝑟2, 𝑋𝑂𝐴, and 𝑋𝑂𝐿𝐴 were correlated to 

volumetric flow rate of the starting precursors through the relations 

𝑋𝑆𝑄𝐷 =
(𝑄𝑆𝑄𝐷 − 120𝜇𝐿/𝑚𝑖𝑛)

84𝜇𝐿/min
  

𝑋𝑍𝑛𝑋2 =
𝑄𝑍𝑛𝑋2

0.4 ∗ (240𝜇𝐿/𝑚𝑖𝑛 − QSQD)
 

𝑋𝑍𝑛𝐵𝑟2 =
𝑄𝑍𝑛𝐵𝑟2

0.3 ∗ (240𝜇𝐿/𝑚𝑖𝑛 − QSQD)
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𝑋𝑂𝐴 =
𝑄𝑂𝐴

0.15 ∗ (240𝜇𝐿/𝑚𝑖𝑛 − QSQD)
 

𝑋𝑂𝐿𝐴 =
𝑄𝑂𝐿𝐴

0.15 ∗ (240𝜇𝐿/𝑚𝑖𝑛 − QSQD)
  

where 𝑄 is the input volumetric flow rate of the referenced precursor and all non-

dimensional values (𝑋) are constrained to values between 0 to 1. The scalar parameters shown in 

the denominator of these relationships were determined, through preliminary studies, to most 

effectively isolate a meaningful window of attainable reaction conditions. The flow rate of toluene, 

the reaction solvent, is then set according to the relationship 

𝑄𝑇𝑜𝑙𝑢𝑒𝑛𝑒 = 240𝜇𝐿/𝑚𝑖𝑛 −   𝑄𝑆𝑄𝐷 + 𝑄𝑍𝑛𝑋2 + 𝑄𝑍𝑛𝐵𝑟2 + 𝑄𝑂𝐴 + 𝑄𝑂𝐿𝐴 

thereby keeping the total flow rate of the reactive phase at 240 µL/min. The flow rate of 

the carrier phase, perfluorinated oil, was kept constant at 180 µL/min. For all experiments 

conducted in this study, the average set flow rates for 𝑄𝑆𝑄𝐷,  𝑄𝑍𝑛𝑋2,  𝑄𝑍𝑛𝐵𝑟2,  𝑄𝑂𝐴,  𝑄𝑂𝐿𝐴, and 

𝑄𝑇𝑜𝑙𝑢𝑒𝑛𝑒 are 148.5, 16.5, 13.8, 7.3, 7.1, and 46.7 µL/min respectively. The duration of unassisted 

experimentation was limited by the 50 mL toluene syringe, which on average emptied after 17.8 

hr. However, the inclusion of additional syringe refill modules is a simple modification of the 

reaction system that would extend the unassisted run duration significantly. 

 

E-9. Neural Network-Based Modeling 

The ensemble model consists of 500 classical cascade-forward neural networks (illustrated 

in Figure E-11) of randomized architecture with model and data weighting assigned through 

Adaboost.RT. For every network, the number of layers used is randomly selected between either 1 

or 2 and the number of nodes in each is randomly assigned to an integer value between 5 and 25. 

Models are trained for five inputs and three outputs using the Levenberg-Marquardt method with 
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Adaboost data weights to bias training. Exchanges using ZnCl2 and ZnI2 were treated as separate 

systems, and their respective models were trained independently. Measurements with which any 

of the three output metrics are unable to be derived are discarded from model training. Before 

insertion into the boost function as well as the subsequent decision policies, the three output 

parameters are converted into a scalar quality metric (Z) through an objective function, shown in 

the equation 

𝑍(𝐸𝑃, 𝛷, 𝐸𝐹𝐻𝑊𝑀) = 𝐴𝑃𝐸
|𝐸𝑃 − 𝐸𝑃,𝑆𝑒𝑡 𝑃𝑜𝑖𝑛𝑡|

𝐵𝑃𝐸
+ 𝐴𝑃𝐿𝑄𝑌(1 − 𝛷) + 𝐴𝐹𝑊𝐻𝑀

𝐸𝐹𝑊𝐻𝑀
𝐵𝐹𝑊𝐻𝑀

 

Scaling constants BPE and BFWHM are 1.2 eV and 0.4 eV, and output parameter weight 

fractions APE, APLQY, and AFWHM are 0.85, 0.1, and 0.05 respectively. Preliminary model selection 

and objective function performance studies are further shown in Figure E-7 and E-8. 

 

E-10. Decision-Making Policies 

For a given set of synthesis conditions 𝑋, we let 𝑓∗(𝑋) be an unknown, ground truth 

experimental response. In Bayesian Optimization, we attempt to identify the inputs 𝑋∗ that 

maximize / minimize the ground-truth response 𝑓∗(𝑋) through a strategic selection of sequential 

experiments that result in noisy observations 𝑓(𝑋) which we will assume to be normally 

distributed, additive perturbations from the ground truth: 

𝑓(𝑋) = 𝑓∗(𝑋) +𝑊 

where 𝑊  ∼  𝑁 (0, 𝜎2 ) is a normally distributed noise with variance 𝜎𝑊
2 . After 𝑛 such 

experiments, we assume we may obtain a time-𝑛 estimate 𝑓𝑛(𝑋) of the ground truth response, as 

well as a quantification 𝜎𝑛(𝑋) of the uncertainty of this estimate. Specifically, we assume that 

𝑓∗(𝑋) ~ 𝑁(𝑓𝑛(𝑋), 𝜎𝑛
2(𝑋)) (1) 



 

241 

 

That is, we shall assume that the unknown ground truth response at any input 𝑋 is normally 

distribution with mean estimate 𝑓𝑛(𝑋) and variance 𝜎𝑛
2(𝑋). The functions 𝑓𝑛(𝑋) and 𝜎𝑛

2(𝑋) can 

be estimated, for example, using an ensemble of candidate models. 

Given time-𝑛 beliefs on the ground truth response, the Artificial Chemist selects the next 

set of synthesis conditions 𝑋𝑛+1 to test using a decision-making policy. For example, the Artificial 

Chemist can select an experiment at random in order to explore the space of synthesis conditions. 

This policy is called Pure Exploration and can be conducted independent of time-𝑛 beliefs. In 

contrast and in a slightly more informed strategy, if the Artificial Chemist has high confidence in 

the estimate 𝑓𝑛, it could try the predicted optimal conditions according to this estimate. This policy 

is called the Pure Exploitation (EPLT) policy: 

𝑋𝑛+1
𝐸𝑃𝐿𝑇 = 𝑎𝑟𝑔𝑚𝑎𝑥(𝑓𝑛(𝑋)) 

If, on the other hand, a large amount of uncertainty prevents the Artificial Chemist from 

trusting the estimate, it could instead consider the experimental conditions whose estimated 

response has the largest amount of uncertainty. This is called the Maximum Variance (MV) 

policy: 

𝑋𝑛+1
𝑀𝑉 = 𝑎𝑟𝑔𝑚𝑎𝑥(𝜎𝑛

2(𝑋)) 

These simple policies often perform poorly when attempting to find the optimal set of 

conditions within a limited number of experiments because they do not adequately balance 

between resolving uncertainties in the estimate and looking for optimal values of the response. In 

other words, given a small experimental budget, the Artificial Chemist would like to develop a 

reasonable estimate of the ground truth only as much as that estimate helps it to determine the 

optimal values of the ground truth. It should be noted that we do not wish to expend experimental 

runs learning the function globally. The problem of achieving the trade-off of learning the ground 
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truth to high degree of fidelity vs. focusing on finding its extrema is called the exploration versus 

exploitation dilemma. Below, we outline two policies that better strike this balance. 

The Upper Confidence Bound (UCB) policy attempts to maximize 

𝑋𝑛+1
𝑈𝐶𝐵 = 𝑎𝑟𝑔𝑚𝑎𝑥(𝑓𝑛(𝑋) + 𝑘𝜎𝑛(𝑋)) 

where 𝑘 is a parameter in this case defined as 𝑘 =
2

√2
. It includes both an exploitation term 

𝑓𝑛 and an exploration term 𝜎𝑛. The quantity 𝑓𝑛(𝑋) + 𝑘𝜎𝑛(𝑋) can be thought of as an optimistic 

estimate of the ground truth response function value 𝑓∗(𝑋). Specifically, Dasgupta[4] showed that 

under the normality assumptions in (1), the probability that the ground truth response 𝑓∗(𝑋) 

deviates from the mean estimate 𝑓𝑛(𝑋) by an amount at most 𝑘𝜎𝑛(𝑋) is given by 

ℙ [|𝑓∗(𝑋) − 𝑓𝑛(𝑋)|  >   𝑘𝜎𝑛(𝑋)]  <
1

3𝑘2
 

Due to the symmetry of the normal distribution, this means that with confidence level 

1 −
1

6𝑘2
, the ground truth response 𝑓∗(𝑋)  is at most 𝑓𝑛(𝑋) + 𝑘𝜎𝑛(𝑋). It is important to note here 

that this derivation of the UCB policy differs slightly from the typical treatment, which assumes a 

more Frequentist interpretation. In the standard treatment, sample mean and variances are 

calculated empirically from the data, and an appeal to Hoeffding’s inequality rather than that of 

Dasgupta is used to determine confidence levels on the similarly obtained optimistic estimates of 

the ground truth. 

The Expected Improvement (EI) policy attempts to maximize a measure of improvement. 

After 𝑛 experiments, we let 𝑦𝑛
∗ be the maximal response value observed. For an experiment 𝑋, the 

improvement is defined as 

[𝑓∗(𝑋) − 𝑦𝑛
∗]+ = {

𝑓∗(𝑋) − 𝑦𝑛
∗      if 𝑓∗(𝑋) > 𝑦𝑛

∗

0                     otherwise
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In other words, the improvement is a measure of how much more the experimental response 

will be if the Artificial Chemist was to run experiment 𝑋 compared to the best response it had seen 

so far. If running experiment 𝑋 would not result in surpassing the previous best value, then the 

improvement value is simply 0. Of course, this cannot be evaluated because the Artificial Chemist 

does not know 𝑓∗(𝑋). However, the Artificial Chemist can use its time-𝑛 beliefs to calculate the 

expected improvement: 

𝑋𝑛+1
𝐸𝐼 =  𝑎𝑟𝑔𝑚𝑎𝑥(𝔼𝑛[𝑓

∗(𝑋) − 𝑦𝑛
∗]+) 

where the 𝔼𝑛 is the expected value integration operator under time-𝑛 beliefs on 𝑓∗. Under 

normality assumptions (1), this expectation can be calculated according to the following 

expression taken from[5] 

𝔼𝑛[𝑓
∗(𝑋) − 𝑦𝑛

∗]+ = [∆𝑛(𝑋)]
+ + 𝜎𝑛(𝑋)𝜑 (

∆𝑛(𝑋)

𝜎𝑛(𝑋)
) − |∆𝑛(𝑋)|𝜙 (

∆𝑛(𝑋)

𝜎𝑛(𝑋)
) 

where ∆𝑛(𝑋)  =  𝑓𝑛(𝑋)  − 𝑦𝑛
∗ and 𝜑, 𝜙 are the standard normal probability density and 

cumulative density functions, respectively. The above derivation is made assuming the ground 

truth response can be observed without noise. To include noise, several heuristics and 

augmentations to the above are typically employed. For example, instead of using the previously 

observed best value, the Artificial Chemist could instead use the maximum of the current estimate 

𝑦𝑛
∗  = max(𝑓𝑛(𝑋)). 

 

E-11. Offline Analyses Sample Preparation 

Samples were prepared for offline analyses by first collecting the synthesized product in 

flow and combining with different methyl acetate, depending on the target composition (for target 

emissions of 2.8, 2.6, 2.4, 2.2, and 2.0 eV, ratios of crude solution to methyl acetate of 5:4, 5:4, 

5:4, 1:1, and 2:3 were used respectively). The solution was mixed for 5 min then centrifuged at 
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6,400 rpm for 20 min. TEM samples were drop-cast onto 200 mesh copper grids with carbon 

coating (Ted Pella). TEM images, shown in full in Figure E-9, were collected using the FEI Talos 

F200X operated at 200 kV. X-ray diffraction (XRD) and grazing incidence X-ray refraction 

(GIXRD) (see Figure E-10) samples were drop-cast onto fused silica substrates under inert 

conditions. XRD and GIXRD were performed with a Rigaku SmartLab X-ray Diffractometer ( Cu 

Kα source, 1.54 Å, 44mA, 40kV)  in Bragg-Bretano and parallel beam configurations, respectively.   
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Figure E-1. (A) Illustrations of compressed tube flow cell through an exploded view. (B) Integral 

photoluminescence as a function of absorption at 3.4 eV for three fluorescent dyes taken at 

equivalent concentrations between a 1x10 mm cuvette and the custom flow cell and (C) for quinine 

sulfate and two mixed halide perovskite solutions between a 10x10 mm cuvette and the custom 

flow cell with (D) corresponding photoluminescence spectra and quantum yield measurements 

with normalized absorption and photoluminescence spectra for (E) CsPb(Br/Cl)3 and (F) 

CsPb(Br/I)3 perovskite solutions with measurements from both the flow cell and cuvette. 



 

247 

 

 

Figure E-2.  (A) Peak emission (Ep), emission full-width at half-maximum (EFWHM), and 

photoluminescence quantum yield (Φ) for continuous sampling in the Artificial Chemist of 

constant flow conditions (𝑋𝑆𝑄𝐷, 𝑋𝑍𝑛𝑋2, 𝑋𝑍𝑛𝐵𝑟2, 𝑋𝑂𝐴, 𝑋𝑂𝐿𝐴 = 0.5) and the average measured value 

as indicated by the dashed line with (B) histograms of corresponding data. 
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Figure E-3. Peak emission (Ep), emission full-width at half-maximum (EFWHM), and 

photoluminescence quantum yield (Φ) sampled continuously for entirety of flow stabilization in 

the Artificial chemist when moving from three randomly selected experimental conditions to 

constant flow conditions, 𝑋𝑆𝑄𝐷, 𝑋𝑍𝑛𝑋2, 𝑋𝑍𝑛𝐵𝑟2, 𝑋𝑂𝐴, 𝑋𝑂𝐿𝐴 = 0.5, for (A) ZnI2 and (B) ZnCl2 as the 

exchanging halide sources. All flow rates except for the starting quantum dot stream were set at 

time zero. The starting quantum dot solution was stopped at time zero then set after 100 s. 
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Figure E-4A. (A) Measured Peak emission (Ep), emission full-width at half-maximum (EFWHM), 

photoluminescence quantum yield (𝚽), and objective function (Z) values for 25 samples selected 

using the neural network ensemble with the upper confidence bound decision policy for six 

different target emissions (● 2.4 eV, ● 2.3 eV, ● 2.2 eV, ● 2.1 eV, ● 2.0 eV, and ● 1.9 eV) with 

ZnI2 as the exchanging halide source and no prior knowledge. (B) Isomap representations of the 

corresponding input conditions selected by the method with measured Z. Isomaps were formed in 

Euclidian space on the non-dimensionalized input variables with the four nearest neighbors.  
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Figure E-4B. (A) Measured peak emission, emission full-width at half-maximum, 

photoluminescence quantum yield, and objective function values for 25 samples selected using the 

neural network ensemble with the upper confidence bound decision policy for five different target 

emissions (● 2.9 eV, ● 2.8 eV, ● 2.7 eV, ● 2.6 eV, and ● 2.5 eV) with ZnCl2 as the exchanging 

halide source and no prior knowledge. (B) Isomap representations of the corresponding input 

conditions selected by the method with measured Z. Isomaps were formed in Euclidian space on 

the non-dimensionalized input variables with the four nearest neighbors. 
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Figure E-4C. (A) Measured peak emission, emission full-width at half-maximum, 

photoluminescence quantum yield, and objective function values for 25 samples selected using the 

informed (i.e. with prior knowledge) neural network ensemble with the pure exploitation decision 

policy for six different target emissions (● 2.4 eV, ● 2.3 eV, ● 2.2 eV, ● 2.1 eV, ● 2.0 eV, and ● 

1.9 eV) with ZnI2 as the exchanging halide source and prior knowledge transfer. (B) Isomap 

representations of the corresponding input conditions selected by the method with measured Z. 

Isomaps were formed in Euclidian space on the non-dimensionalized input variables with the four 

nearest neighbors. 
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Figure E-4D. (A) Measured peak emission, emission full-width at half-maximum, 

photoluminescence quantum yield, and objective function values for 25 samples selected using the 

informed (i.e. with prior knowledge) neural network ensemble with the pure exploitation decision 

policy for five different target emissions (● 2.9 eV, ● 2.8 eV, ● 2.7 eV, ● 2.6 eV, and ● 2.5 eV) 

with ZnCl2 as the exchanging halide source and prior knowledge transfer. (B) Isomap 

representations of the corresponding input conditions selected by the method with measured Z. 

Isomaps were formed in Euclidian space on the non-dimensionalized input variables with the four 

nearest neighbors. 
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Figure E-4E. (A) Measured peak emission, emission full-width at half-maximum, 

photoluminescence quantum yield, and objective function values for 25 samples selected using the 

neural network ensemble with the pure exploitation decision policy for six different target 

emissions (● 2.4 eV, ● 2.3 eV, ● 2.2 eV, ● 2.1 eV, ● 2.0 eV, and ● 1.9 eV) with ZnI2 as the 

exchanging halide source and no prior knowledge. (B) Isomap representations of the 

corresponding input conditions selected by the method with measured Z. Isomaps were formed in 

Euclidian space on the non-dimensionalized input variables with the four nearest neighbors. 
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Figure E-4F. (A) Measured peak emission, emission full-width at half-maximum, 

photoluminescence quantum yield, and objective function values for 25 samples selected using 

Stable Noisy Optimization by Branch and Fit  for six different target emissions (● 2.4 eV, ● 2.3 

eV, ● 2.2 eV, ● 2.1 eV, ● 2.0 eV, and ● 1.9 eV) with ZnI2 as the exchanging halide source and no 

prior knowledge. (B) Isomap representations of the corresponding input conditions selected by the 

method with measured Z. Isomaps were formed in Euclidian space on the non-dimensionalized 

input variables with the four nearest neighbors. 
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Figure E-4G. (A) Measured peak emission, emission full-width at half-maximum, 

photoluminescence quantum yield, and objective function values for 25 samples selected using the 

neural network ensemble with the expected improvement decision policy for six different target 

emissions (● 2.4 eV, ● 2.3 eV, ● 2.2 eV, ● 2.1 eV, ● 2.0 eV, and ● 1.9 eV) with ZnI2 as the 

exchanging halide source and prior knowledge transfer. (B) Isomap representations of the 

corresponding input conditions selected by the method with measured Z. Isomaps were formed in 

Euclidian space on the non-dimensionalized input variables with the four nearest neighbors. 
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Figure E-4H. (A) Measured peak emission, emission full-width at half-maximum, 

photoluminescence quantum yield, and objective function values for 25 samples selected using 

Gaussian process regressions with the expected improvement decision policy for six different 

target emissions (● 2.4 eV, ● 2.3 eV, ● 2.2 eV, ● 2.1 eV, ● 2.0 eV, and ● 1.9 eV) with ZnI2 as the 

exchanging halide source and prior knowledge transfer. (B) Isomap representations of the 

corresponding input conditions selected by the method with measured Z. Isomaps were formed in 

Euclidian space on the non-dimensionalized input variables with the four nearest neighbors. 
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Figure E-4I. (A) Measured peak emission, emission full-width at half-maximum, 

photoluminescence quantum yield, and objective function values for 25 samples selected using 

Covariation Matrix Adaption – Evolution Strategy for six different target emissions (● 2.4 eV, ● 

2.3 eV, ● 2.2 eV, ● 2.1 eV, ● 2.0 eV, and ● 1.9 eV) with ZnI2 as the exchanging halide source and 

prior knowledge transfer. (B) Isomap representations of the corresponding input conditions 

selected by the method with measured Z. Isomaps were formed in Euclidian space on the non-

dimensionalized input variables with the four nearest neighbors. A population size of 10 was used. 
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Figure E-5. Mean of best three measured Z values as a function of sample number averaged over 

six different target emissions selected by the uninformed neural network ensemble with the upper 

confidence bound decision policy with and without the use of Adaboost. 
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Figure E-6. Measured peak emission, emission full-width at half-maximum, and 

photoluminescence quantum yield values from the highest performing experiment selection 

methods tested, the uninformed neural network ensemble with the upper confidence bound policy 

(● ZnI2 and ● ZnCl2) and the informed neural network ensemble with the pure exploitation policy 

(● ZnI2 and ● ZnCl2). 
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Figure E-7. Measured peak emission, emission full-width at half-maximum, and 

photoluminescence quantum yield values from all experiments conducted with the objective 

function value, Z, colormap for a target emission of 2.2 eV. The objective function effectively 

isolates the target emission while simultaneously search for the optimal full-width at half-

maximum and photoluminescence quantum yield. 
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Figure E-8. Mean squared error (MSE) of simulated neural network model predictions using 200 

randomly selected and sampled experimental conditions when compared to the measured values 

for peak emission (PE), emission full-width at half-maximum (FWHM), and photoluminescence 

quantum yield (PLQY) (A) as a function of ensemble size for a model trained on 20 experimental 

conditions and (B) as a function of training set size for an ensemble of 500 models. Histograms 

were collected by calculating the MSE of 20 randomly selected measured values relative to the 

model predictions for 50 replicates of each set of model parameters.  
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Figure E-9. Transmission electron microscopy (TEM) images of the starting CsPbBr3 quantum 

dots and the products of five selected target emissions synthesized by the Artificial Chemist. 
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Figure E-10. Grazing incidence x-ray diffraction patterns for the starting CsPbBr3 quantum dots 

and the products of five selected target emissions synthesized by the Artificial Chemist. 
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Figure E-11. Illustrated diagrams of (A) a single neural network architecture with a randomize 

number of layers and nodes and (B) the ensemble neural network model built from the collection 

of 500 neural networks of randomized architecture. 
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Appendix F 

F-1. Non-Dimensionalized Input Parameters 

The values of the nondimensionalized parameters are calculated based on a 250 μL/min 

flow rate for the reactive phase (P1 + P2), bounded with an 85% maximum value for either P1 or 

P2. These nondimensionalized parameters were used as the input parameters of the ensemble 

neural network model to construct the current belief model (using the 100 experimental datapoints 

obtained from the global learning stage) and the posterior model after conducting a new 

experiment. The ensemble neural network model was used in conjunction with an exploitation 

decision-making policy to autonomously choose the next set of input parameters (X1-X8) during 

each AI-guided lead halide perovskite quantum dot (LHP QD) optimization campaign. 

𝑋1 =
𝑄𝑃1−37.5

175
  

𝑋2 =
𝑄𝐶𝑠𝑃𝑏−0.15𝑄𝑃1

0.7𝑄𝑃1
  

𝑋3 =
𝑄𝑂𝐴𝑐

0.5(𝑄𝑃1−𝑄𝐶𝑠𝑃𝑏)
  

𝑄𝑇𝑜𝑙𝐶 = 𝑄𝑃1 − (𝑄𝐶𝑠𝑃𝑏 + 𝑄𝑂𝐴𝑐)  

𝑄𝑃2 = 250 − 𝑄𝑃1  

𝑋4 =
𝑄𝑇𝑂𝐴𝐵−0.15𝑄𝑃2

0.7𝑄𝑃2
  

𝑋5 =
𝑄𝑂𝐴𝑇

0.5(𝑄𝑃2−𝑄𝑇𝑂𝐴𝐵)
  

𝑄𝑇𝑜𝑙𝑇 = 𝑄𝑃2 − (𝑄𝑇𝑂𝐴𝐵 + 𝑄𝑂𝐴𝑇)  

ZnX2 injection side (for a 250 μL/min injection rate) 

𝑋6 =
𝑄𝑍𝑛𝑋2−37.5

175
  

𝑋7 =
𝑄𝑇𝑜𝑙𝑍−0.15(250−𝑄𝑍𝑛𝑋2)

0.7(250−𝑄𝑍𝑛𝑋2)
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𝑋8 =
𝑄𝑂𝐴𝑚−0.15(250−𝑄𝑍𝑛𝑋2−𝑄𝑇𝑜𝑙𝑍)

0.7(250−𝑄𝑍𝑛𝑋2−𝑄𝑇𝑜𝑙𝑍)
  

𝑄𝑂𝐴𝑍 =  250 − (𝑄𝑍𝑛𝑋2 + 𝑄𝑂𝐴𝑚 + 𝑄𝑇𝑜𝑙𝑍)  

QArgon = 500 μL/min, QPFO = 50 μL/min 

 

where Q is the input volumetric flow rate of the corresponding precursor. All nondimensionalized 

values (X) were constrained to values between 0 to 1. The denominator was calculated to take into 

account mixing and reaction constraints, where the highest volumetric injection ratio was set as 

6:1. OAi and OAmj are a mixture of the respective ligand with toluene at a 2:1 toluene to OA/OAm. 

 

F-2. Absorption Intensity Time-Series  

Figure F-1 below shows the raw absorption spectra for a train of droplets (Data), argon, 

PFO and toluene dyed with Sudan blue at 400 nm with an integration time of 10 ms. The purpose 

of this plot is to discern and assign the different absorption intensities to their respective phases.  

 

 

Figure F-1. Absorption intensity time-series plot for argon, perfluorinated oil (PFO), and toluene 

dyed with Sudan blue. 
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Figure F-2. Pre- and Post- Injection Absorption Intensity Time-Series Plots. (a) Bright-field three-

phase flow image (top) of dyed-toluene, PFO, and argon, along with its in-situ obtained absorbance 

time-series at 400 nm (bottom). (b) Pre-injection absorbance time-series plot at different time 

intervals showing the uniformity of the three-phase flow over the span of 15 min. Post-injection 

absorbance time-series plot for different volumetric precursor ratios, P3/(P1+P2), for (c) single and 

(d) multiple unit cells (toluene + PFO + argon). (e) Post/pre-injection droplet length ratio as a 

function of P3/(P1+P2). f Δt, a droplet length proxy, at different instances over the span of 15 min. 
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Figure F-3. In-line halide exchange reaction time studies. In-situ obtained PL spectra of LHP 

QDs in microreactor 2 at different residence times for a iodide and b chloride exchange 

reactions, using the as synthesized CsPbBr3 QDs in-series. P1 and P2 had concentrations of 51 

mM, and P3 (for both ZnCl2 and ZnI2 exchange studies) had a concentration of 42.5 mM. The 

flow rates of the reactive phase (P1+P2), PFO, argon, and P3 were 250 μl/min, 50 μl/min, 500 

μl/min, and 250 μl/min, respectively. c Peak emission energy (EP) and d full-width-at-half-

maximum (FWHM) of iodide and chloride exchange reactions in flow as a function of residence 

time. 
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Figure F-4. Waterfall PL spectra of halide-exchanged CsPbBr3 QDs with different zinc halide 

concentrations (Cs) for iodide (top) and chloride (bottom) exchange reactions using equal 

concentrations of the starting CsPb and Br precursors: a & b 9 mM, c & d 20 mM, e & f 30 mM, 

g & h 51 mM and the residence time of 30 s in microreactor 1, and 90 s in microreactor 2. 
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Figure F-5. Effect of zinc halide concentration (Cs) on EP for varying P1/P2 ratios of iodide (top) 

and chloride (bottom) exchange reactions with different CsPb starting concentrations of a & b 9 

mM, c & d 20 mM, e & f 30 mM, g & h 51 mM and the residence time of 30 s in microreactor 1, 

and 90 s in microreactor 2. 

 

F-4. AI-Guided LHP QD Formulation 

The optimized input parameters (volumetric flow rates) for each target peak emission 

energy, EP, ranging from 1.9 eV to 2.9 eV with a 0.1 eV increment selected by the AI-guided 

decision-making policy are shown in Table F-1. OAC and OAB are the oleic acid input streams for 

P1 and P2 respectively, TolC and TolB are the toluene streams for P1 and P2, respectively. 
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Table F-2. Optimized volumetric flow rates (μL/min) identified by the AI-guided decision-

making algorithm for 10 target peak emission colors. 

EP 

(eV) 

CsPb OAC TolC Br OAB TolB ZnX2 Tol OAm OA 

1.9 34.9 19.9 74.6 63.9 14.0 42.7 135.2 76.1 16.4    22.2 

2 41.2 10.4 24.4 111.7 18.2 44.1 121.4 64.2 28.0 36.4 

2.1 49.6 13.4 30.5 98.1 12.5 45.9 73.1 82.7 58.1 36.2 

2.2 35.4 13.3 36.6 100.8 12.7 51.2 58.5 84.8 55.9 50.8 

2.3 42.8 3.9 13.0 125.2 16.2 48.9 42.9 72.6 80.3 54.2 

2.5 32.6 12.1 27.2 115.9 24.2 37.9 54.0 114.2 40.7 41.1 

2.6 34.2 13.2 35.2 109.3 19.1 39.0 97.3 78.0 24.1 50.6 

2.7 28.9 16.5 42.4 80.1 28.6 53.5 134.3 63.2 16.0 36.5 

2.8 53.1 16.1 48.6 60.9 25.9 45.4 146.8 51.9 14.0 37.3 

2.9 59.7 31.3 72.0 37.7 15.8 33.5 176.0 38.9 12.2 22.9 

 

F-5. TEM Images of the In-Flow Optimized LHP QDs 

The 10 in-flow optimized LHP QD samples were collected and washed with methyl acetate 

(1:1 volumetric ratio), centrifuged at 6500 rpm, and re-dispersed in hexane. The washed CsPbX3 

(X=Cl, Br, I) QD solutions were drop-cast on TEM grids (200 mesh with carbon coating). TEM 

images, shown in Fig. S2, were collected using FEI Talos F200X operated at 200 kV. 
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Figure F-6. TEM Images of 10 in-flow optimized lead halide perovskite QDs for different peak 

emission energies. 
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Appendix G 

G-1. Surrogate Model Design 

All four components of the surrogate model are derived from real-world experimental data. 

The global failure rate was estimated from experiments reported in prior work.279 Shown in Figure 

G-1, 130 experiments of the same reaction conditions were conducted in series. Among those tests, 

2 experiments resulted in no detected emission. Subsequently, a global failure rate of 1.5% was 

assigned to every simulated experiment. The regions of the input space which produce non-

emitting samples were estimated by training a Gaussian-naïve Bayes classifier on 85% of the full 

experimental data set for either emitting (1) or non-emitting (0) samples, where the remaining 15% 

was used for model validation. The ground truth model was built through three GPRs trained on 

85% of the full experimental data set, with 15% for validation, for each of the three output 

variables. The GPRs were trained with a zero-prior mean estimate and a squared exponential kernel  

𝛴0(𝑥, 𝑥′) = 𝜎0
2 𝑒𝑥𝑝 [−

∥ 𝑥 − 𝑥′ ∥2
2

2𝑙2
] 

The prior uncertainty  𝜎0 and length scale 𝑙 hyperparameters were optimized through five-

fold cross-validation. Given experimental training data, the surrogate model predictions for the 

responses are then given by the posterior predictive distribution 

𝑓(𝑥) = Σ0(𝑥, 𝑋)[Σ0(𝑋, 𝑋) + σW
2 𝐼]−1y 

where  𝜎𝑊 is the noise level, y is the vector of experimental data responses, X is the matrix 

of experimental data inputs, and Σ0(𝑋, 𝑋) is the covariance matrix for every pair of experimental 

data inputs in X, and Σ0(𝑥, 𝑋) is the vector of covariances between the test in put x and the 

experimental data inputs in X. Sampling noise for each of these parameters was derived from the 

estimated variance as predicted by the GPRs used in the ground truth models. A constant value 

was used for each, as statistical analysis indicates homoscedastic noise. 



 

274 

 

 

Figure G-1. Sampling Stability Analysis. Output experimental data – peak emission energy (EP), 

emission linewidth (EFWHM), and photoluminescence quantum yield (𝚽) – collected across 130 

replicates of the same experimental conditions on the real-world microfluidic anion exchange 

reaction platform, reported in Epps et al.279 
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G-2. Validation of the Surrogate Model-Based Optimization  

The same experiment selection algorithm applied in our prior study279 was integrated into 

the simulated reaction environment. The resulting optimization predictions were compared to the 

corresponding real-world experimental data. A sub-set of optimization runs was evaluated in this 

manner (Figure G-2), and the simulation environment produced reasonably high predictability 

with 69% of experimentally measured best objective function values falling inside the predicted 

inter-quartile range. 

 

 

Figure G-2. Validation of the Surrogate Model-Based Optimization Strategy. Outputs of real-

world collected experimental data reported in Epps et al.279, compared to the median best simulated 

objective function value predictions (Z’b) using the corresponding decision-making algorithms, 

where the shaded regions correspond to the 25th and 75th percentiles. Experimental results were 

compared for peak emission energies of 2.0 eV, 2.1 eV, 2.2 eV, and 2.3 eV with upper confidence 

bound (UCB) and expected improvement (EI) decision policies. 
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G-3. Gaussian Process Regression Training Parameters 

All GP-based simulated campaigns began with three independent GP prior beliefs, for each 

objective and each using an independent, isotropic, squared exponential kernel:  

Σ0(𝑋, 𝑋′) = 𝜎0
2 exp [−

∥ 𝑋 − 𝑋′ ∥2
2

2𝑙2
] 

where 𝜎0 = 0.1 and 𝑙 = 0.25. Upon receiving noisy data, the hyper-parameters were allowed to 

be optimized using by maximum likelihood methods, and the hyper-parameters assigned to the 

beliefs of each of the three different objectives were allowed be optimized to different values. That 

is, the three GP beliefs did not share any hyper-parameters information between them. The GP 

models were trained in this way for 50 consecutive experiments with the surrogate model. This 

process was repeated 100 times for each experimental campaign. 

 

G-4. Ensemble Neural Network Architecture 

The ensemble neural network models were constructed using equally weighted cascade- or 

feed- forward ANNs. Data sets were randomly subsampled for each model in the ensemble using 

a training-testing-validation split of 0.7-0.15-0.15. ANNs were trained using the Levenberg-

Marquardt backpropagation function with a maximum epoch number of 1000, an initial µ of 0.001, 

a µ decrease factor of 0.1, a µ  increase factor of 10, a maximum µ of 1x1010, a minimum 

performance gradient of 1x10-9, a maximum number of validation failures of 100, a maximum 

training time of 2 s, a hyperbolic tangent sigmoid transfer function, and with memory reduction 

by a factor of 2.  ENNs were fully reconstructed after each experiment. Model uncertainty was 

determined through the variance of predictions across the ensemble.  

Subsampling of the available experimental data has the potential to normalize the influence 

of individual data points, resulting in either more robust or less precise models. However, shown 



 

277 

 

in Figure G-3, data subsampling within the ensemble neural network demonstrated no detectable 

impact on the efficiency of the AI-guided optimization algorithm. This observation is likely due 

to sparse data availability in a five-dimensional space. The limited available information results in 

similar model predictions regardless of subsampling rate. 

 

 

Figure G-3. Data Subsampling. (A) Best median objective function (Z’b) for objective function 

weights of [0.8,0.1,0.1] with an expected improvement policy across 25 experiments  and (B) after 

5, 10, and 25 experiments for data subsampling rates for each model in the 200-model ensemble 

ranging from 30% to 99%. A training-testing split of 4.667:1 was maintained for all subsampled 

data sets.  
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G-5. Neural Network Structure Tuning 

While the highest performing ensemble neural network model featured individual neural 

networks of randomized structure, ensembles containing constant architecture neural networks 

were also systematically studied to provide further insights into the predictive capability of various 

systems. Shown in Figure G-4, the feed forward neural network ensemble significantly 

underperformed relative to cascade forward for all tested structures. Furthermore, the feed forward 

structure ensemble demonstrated decreasing formulation optimization performance with 

increasing structural complexity, suggesting that the optimal feedforward system is unlikely to 

match the performance of cascade forward ensembles. The cascade forward structures showed 

little distinction in performance once a sufficient level of complexity was attained. 

 

 

Figure G-4. Ensemble Neural Network Structure Analysis. Best median objective function value 

after 25 experiments (Z’25,b) for ensemble neural networks of constant structure with an expected 

improvement policy as a function of the number of layers (NLayers) and nodes (NNodes) for (A) a 200 

feed forward, (B) a 200 cascade forward, and (C) a 50 cascade forward ensemble neural network 

model. Objective function weights of [0.85,0.05,0.1] were used. 
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G-6. UCB Parameter Tuning 

The upper confidence bound (UCB) decision policy on an ensemble model operates with 

the following equation, 

𝑋𝑛+1
𝑈𝐶𝐵 = 𝑎𝑟𝑔𝑚𝑎𝑥(𝑓𝑛(𝑋) + 𝜀𝜎𝑛(𝑋)) 

where 𝑋𝑛+1
𝑈𝐶𝐵is the next set of experimental conditions to text, 𝑓𝑛(𝑋) and 𝜎𝑛(𝑋) are the mean 

estimate and variance for reaction conditions X at time n, and ε is a tunable parameter 

representative of the weight given to exploration over exploitation of the model. Systematic 

analysis of the UCB tunable parameter through the simulation environment indicates that the 

optimal value for this system is weighted more heavily towards exploration over the value assigned 

in our prior reported algorithm. As shown in Figure G-5, UCB with ε value of 0.8 performed the 

best in terms of the learning and optimization rates of the metal halide perovskite quantum dot 

formulations. 

 

Figure G-5. Tuning of UCB Exploration Parameter. (A) Best median objective function (Z’b) for 

objective function weights of [0.8,0.1,0.1] for varied UCB tuning parameter (ε) across 25 

experiments. (B) Best median objective function value after 25 experiments (Z’25,b) for nine 

different values of ε, where error bars correspond to the 25th and 75th percentiles. 
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G-7. Evolutionary Algorithm Tuning 

Two evolutionary algorithms were evaluated in the simulated environment: Covariance 

Matrix Adaptation Evolution Strategy (CMA-ES) and Non-dominated Sorting Genetic Algorithm 

II (NSGA-II). Both of which feature many tunable parameters that may be adjusted for a given 

optimization problem. The primary variable optimized in this work is the generation population 

size (NGeneration). As presented in Figure G-6, fine tuning of NGeneration revealed optimal population 

sizes of 4 and 6 for CMA-ES and NSGA-II respectively. 

 

 

Figure G-6. Tuning of Evolutionary Algorithms. (A) Best median objective function value (Z’b) 

after 5, 10, and 25 experiments for eleven generation sizes (NGeneration) for Covariance Matrix 

Adaptation Evolution Strategy (CMA-ES) and (B) Non-dominated Sorting Genetic Algorithm II 

(NSGA-II), where the shaded regions correspond to the 25th and 75th percentiles. 

 


