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ABSTRACT: Autonomous synthesis platforms promise rapid Autonomous Colloidal Nanoparticle Synthesis Monodisperse
exploration of vast parameter spaces; yet, integrating in sifu S\ S Nanoparticle Discovery
structural characterization in closed-loop synthesis optimization Measurements 105

remains challenging. We demonstrate a realization of such a closed-
loop platform coupled with a droplet-flow microreactor, in situ X-
ray scattering methods (SAXS/WAXS), and Gaussian process
optimization to synthesize citrate-reduced Au nanoparticles with
targeted characteristics. The system efficiently explored ~19,000
synthesis recipes through 365 experiments, achieving precise . ML Prediction
control over size (4—60 nm) and polydispersity (¢ < 0.11) across ) o . a
large citrate/gold ratios, exceeding traditional synthesis boundaries M

(1-10). Beyond confirming classical Turkevich—Frens trends, Next X Experiments (N) A
partial-dependence analysis revealed strong nonlinear coupling

among precursor, citrate, and pH effects. Combining quantitative SAXS/WAXS analysis with electron microscopy characterization,
we uncovered that crystallite size (d,) and particle size (d) follow d. = 0.18d + 3, where synthesis chemistry controls the intercept
while maintaining a universal slope. This parallel-band structure enables independent tuning of crystallite domain size at fixed
particle diameter through a combination of chloride, gold precursor, citrate, and pH contributions (cross-validated Spearman p = 0.7
+ 0.1). High-resolution electron microscopy shows multiple lattice-fringe orientations within single particles, directly confirming
polycrystalline domains and the ability to tune d, at the fixed d. The platform’s validation includes indistinguishable static versus
flowing measurements, stable droplet transport at 100 °C, and <5% run-to-run variation, establishing a robust framework for
mapping and controlling multiscale nanoparticle structure across expansive chemical spaces. The developed closed-loop platform can
be applied to a borad range of nanosyntheis processes.
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B INTRODUCTION forms offer a path toward more systematic material discovery
o 814-28 . )

Colloidal nanoparticles enable advances in catalysis, photonics, and  optimization. ) ) Autonor.nous sy.stems 1ntegra.t1ng

s automated synthesis with machine-learning (ML)-guided

energy storage, and biomedicine.' ™ Realizing their full
potential requires precise control over key characteristics,
such as size, uniformity, and crystallinity. Despite decades of
research, control remains challenging due to complex
formation pathways, coupled reaction-transport phenomena,
and large parameter spaces.’ Even six variables at ten levels

. 1 o . L of high-dimensional parameter spaces.' #?03273¢

imply one million combinations. Comprehensive mapping is ; o .
. . . Current autonomous synthesis platforms face limitations in

essential both to discover robust synthesis protocols and to

. . . 17,8 their ability to combine characterization approaches on
constrain mechanistic models of nanoparticle formation. ltiol les. While in situ ch . hods h

Historically, nanoparticle synthesis has relied on empirical multiple scales. v m sl © aracterization metho > have

knowledge and iterative optimization with inherent limitations. advanced significantly, integrating such measurements directly

For example, nanoparticle formation is highly sensitive to

decision-making represent a significant advance over tradi-
tional automation. While automation alone improves reprodu-
cibility and throughput,”_?’1 machine learning captures
complex, multivariate relationships between synthesis param-
eters and particle characteristics, enabling efficient exploration

minor variations in reaction conditions, where small Received: March 4, 2025

i i 9—11 Revised:  November 26, 2025
perturbations can substantially alter product features. )
Moreover, incremental modifications of existing protocols Accepted: December 1, 2025

often constrain innovation and limit comprehensive explora-
tion of synthesis parameter spaces.3’12’l3
artificial intelligence (AI) and automated experimental plat-

Recent advances in
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Figure 1. Closed-loop platform for autonomous colloidal nanoparticle synthesis. The system integrates (1) Al-guided experimental design:
Gaussian process (GP) models map synthesis variables (X) to nanoparticle characteristics (Y) and propose informative next experiments via
exploration/exploitation; (2) automated wet-chemistry on a mobile droplet-flow workstation; (3) in situ SAXS/WAXS at a synchrotron beamline
to probe structure in the native reaction environment; and (4) real-time analysis extracting multiscale features (size d, polydispersity o, crystallinity,
x)- This closed-loop process enables exploration of synthesis parameter spaces beyond traditional boundaries, accessing regimes inaccessible to

conventional approaches.

within autonomous synthesis loops during active reaction
remains challenging. As detailed in Table S1, many systems
rely on postsynthesis or downstream characterization that
requires sample extraction or transfer. The robotic and fluidic
platforms are two powerful systems for the automated
synthesis of colloidal nanoparticles. Due to the large operation
hardware and fixed location of many robotic systems, they
typically utilize optical methods such as ultraviolet—visible
(UV—vis) spectroscopy,””** which provides limited structural
information. Integration with advanced characterization tools,
such as synchrotron X-ray facilities, remains challenging.
Fluidic platforms**~*’ offer improved portability and have
enabled important advances for in situ characterizations.
Levenstein et al. employed inline powder XRD to monitor
crystallization pathways in segmented flow,** while Jackson et
al. developed self-optimizing flow reactors with real-time
nanoparticle characterization.”’ Pioneering work in autono-
mous synthesis with synchrotron feedback includes Rakita et
al, who used synchrotron X-ray absorption spectroscopy
(XAS) feedback to control Cu redox states in real-time,*® and
Pithan et al, who implemented machine learning-based
autonomous experiments with X-ray reflectivity (XRR) at
synchrotron beamlines to optimize redox states and crystal-
lization pathways.”” These studies established critical founda-
tions for integrating X-ray characterization with automated

synthesis, leveraging synchrotron sources’ high brilliance and
fast acquisition rates.

Building on these foundations, we extend autonomous
capabilities by performing small- and wide-angle X-ray
scattering (SAXS/WAXS), powerful tools for in-solution
multiscale structure analysis,” directly within the reaction
zone during reaction, where nanoparticles are synthesized. This
in situ capability enables the capture of transient intermediates
of reaction products and allows for correlation of structural
evolution with the actual chemical conditions. Our platform
integrates a droplet-flow microreactor with synchrotron SAXS/
WAXS and Gaussian process optimization (Figure 1),
providing three key capabilities: (1) simultaneous SAXS/
WAXS vyielding multiscale structural information from atomic
arrangements to particle morphology during reaction; (Figure
2A—C); (2) a temperature-controlled flow reactor with
integrated X-ray probing enabling multiscale structural
measurements within the reaction environment and with
ability to track reaction kinetics without sample extraction; and
(3) real-time structural analysis and machine-learning algo-
rithms that correlate synthesis conditions with structural
outcomes of reaction products to guide next step synthesis
experiments toward targeted nanoparticle characteristics.
Controls verify indistinguishable static versus flowing measure-
ments, stable droplet transport at ~100 °C, and < ~5% run-to-
run variation (Methods; Figures S1—S3).
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Figure 2. Implementation of real-time autonomous platform. (A) Mobile synthesis workstation integrates fluidics-based liquid handling, a droplet-
flow reactor, in situ tools (X-ray and UV—Vis), and on-board data/ML modules. (B, C) Deployment at NSLS-II SMI (12-ID) with a temperature-
controlled reactor and integrated X-ray windows for in situ SAXS/WAXS. (D) Continuous workflow: initial random sampling (27 recipes in this
demo), automated droplet generation/transport, thermal reaction, in situ SAXS/WAXS, droplet identification via WAXS correlation, SAXS analysis
for d and 6, GP modeling of X—Y, and Bayesian optimization of the next batch (labels 1—7 map to panels A—C). (E) Droplet tracking: (I)
continuous WAXS reveals distinct features for oil vs aqueous droplets in g-range 1—3 A™'; (II) real-time phase identification via correlation to an

oil reference (score 1 for oil, 0 for aqueous).

Using citrate-reduced gold nanoparticles as a model system,
two autonomous campaigns efficiently navigated ~19,000
admissible recipes and reduced the number of actual required
experiments by almost 2 orders of magnitude (to 365
measurements) for achieving precise control over defined
experimental goals, such as particle size (4—60 nm) and
polydispersity (¢ < 0.11), while spanning citrate:gold ratios
0.27—480 (well beyond the traditional 1—10 window). Beyond
validating classical Turkevich—Frens trends across this
expanded space, we reveal previously inaccessible structure—
synthesis relationships. Quantitative SAXS/WAXS analysis
uncovers a parallel-band scaling between crystallite and particle
sizes with a common slope, where synthesis chemistry tunes
the intercept f to decouple crystallite coarsening from particle
size. Complementary high-resolution transmission electron
microscopy (HRTEM) images display multiple lattice-fringe
orientations within single particles and corroborate the WAXS-
derived finding that d_ is smaller than d and tunable at a fixed d.
Complementary partial-dependence (PD) and ICE analyses
quantify nonlinear, context-dependent effects of chemical

recipes (gold, citrate, and pH) on the reaction products.
Together, in situ structural feedback and GP-guided design
provide a robust framework to map and control nanoparticle
size and crystallinity across expansive chemical spaces,
grounding autonomous optimization in a quantitatively
validated, multiscale structure.

B RESULTS AND DISCUSSION

Workflow of the Self-Driven Fluidics Platform for
Real-Time Autonomous Synthesis. Our self-driven fluidic
platform integrates a mobile synthesis workstation, in situ
measurements, and machine-learning (ML) decision-making
to enable high-throughput, closed-loop autonomous synthesis
of colloidal nanoparticles (Figure 1). The loop proceeds in
four steps. First, ML-guided experimental design (Figure 1.1),
where ML models link synthesis parameters X (e.g., chemical
reagents, concentrations, flow rate, mixing sequence, reaction
temperature, and reaction time) to nanoparticle characteristics
Y (e.g., size and polydispersity). These ML models incorporate
practical constraints such as the droplet size, droplet spacing,

https://doi.org/10.1021/jacs.5c03875
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and mechanical resolution. The models’ predictions are
directly translated into instructions for the synthesis hardware.
The second step involves automated flow synthesis (Figure
1.2), where our mobile workstation performs precision liquid-
flow control and temperature-regulated chemical reactions.
The fluidic system dispenses and mixes chemical reagents
according to ML-suggested recipes and combines them with a
carrier oil phase to form isolated reaction droplets. These
droplets are generated continuously, travel as a steady stream
of microreactors, and enter an in-house reactor for high-
temperature synthesis. At our typical flow rate (~80 xL/min)
and ~100 °C, aqueous droplets remained stable, with no
observable merging, splitting, or evaporation. Stability arises
from (i) hydrophobic PTFE/Kapton flow paths that prevent
wall wetting; (ii) silicone-oil spacers between droplets; and
(ili) ~100 mbar back pressure to raise the aqueous boiling
point. Third, in situ SAXS/WAXS characterizations of droplets
at the synchrotron beamlines (Figure 1.3). Real-time analysis
within the reactor, equipped with multiple X-ray transparent
windows, provides direct structural information (Y) within the
native reaction environment. This in situ characterization is
crucial because nanoparticle features observed during growth
can differ significantly from those obtained by conventional
postsynthesis ex situ or in line methods (Y’). The fourth step is
real-time data analysis, wherein SAXS/WAXS data are
processed immediately to extract multiscale structural charac-
teristics. Specifically, WAXS peak analysis reveals atomic
arrangement (crystallinity), while SAXS form-factor modeling
determines the nanoscale morphology (size, distribution,
shape). The resulting X-Y pairs are fed back to the ML
model, closing the loop. This iterative process optimizes
synthesis parameters to achieve user-defined objectives with
each subsequent experiment, strategically balancing exploration
of new conditions and exploitation of promising regions in the
parameter space.

Following our modular and mobile design concept (Figure
1), we constructed the synthesis workstation on a compact,
transportable rack (Figure 2A, detailed in SI). Briefly, the
workstation consists of three main modules: (1) a liquid-
handler module (chemical reservoirs, multiple syringe pumps,
liquid filters, gas-pressure controllers, valve controllers, and
cross-mixer), (2) a chemical-reactor module (droplet reactor
and temperature controller), and (3) in situ characterization
tools (UV—vis spectroscopy in the chemistry lab). All modules
are centrally controlled via a computer interface using custom
Python scripts. Our in-house-designed droplet reactor
incorporates two sandwiched aluminum plates with zigzag
flow channels capable of accommodating glass or Kapton
tubing. It is also equipped with heating cartridge heaters (up to
350 °C) and RTD sensors for PID temperature control. A 9
(columns) X 6 (rows) array of ports provides optical access,
serving as windows for both UV—vis and X-ray in situ
characterization during nanoparticle formation. Although the
array of optical windows enables flexible time-resolved
measurements across different stages, in this study, we fixed
the reaction time and used a single X-ray window aligned to
that position.

To validate our autonomous synthesis platform, we selected
the well-studied Turkevich method*”™>" for gold nanoparticle
synthesis as a proof-of-concept model system. We deployed
our mobile platform at the CMS 11-BM and SMI 12-ID
beamlines (Figure 2B—C) at Brookhaven National Labo-
ratory’s National Synchrotron Light Source II (NSLS-II). At

these beamlines, the X-ray beam was aligned through the
reactor’s X-ray transparent window (Figure 2C), enabling real-
time, in situ SAXS/WAXS analysis of nanoparticle morphology
and crystallinity during synthesis.

The detailed workflow procedure and droplet flow are
shown in Figure 2D (left and right panels, respectively), which
illustrates how our platform achieves sequential, yet paral-
lelized, autonomous operation. The functional steps of the
platform are also highlighted in Figure 2A—C. A key feature of
our system is its ability to conduct high-throughput synthesis
under a steady, continuous flow while maintaining precise
control individual reactions and monitoring for their outcomes.
The process begins by initializing with randomly selected
recipes (27 here) to match the number of droplets in the flow
path before characterization. Droplets are continuously
generated, each with an independent chemical composition
(as three droplets are depicted in step 1 of Figure 2D). These
droplets then sequentially flow into the reactor (droplet-1 in
step 2 of Figure 2D) at a controlled temperature.
Simultaneously, new droplets continue to be generated (up
to 24 in step 2 of Figure 2D). As the flow continues, droplet-1
flows into the X-ray beam path and receives in situ SAXS/
WAXS characterization (step 3 in Figure 2D). At a fixed flow
rate, the axial position of the X-ray beam along the reactor sets
the residence time at the characterization. Concurrently, due to
the continuous flow, while droplet-1 is being probed by X-ray,
subsequent droplets (e.g., droplets-2,3) are simultaneously
progressing through the reactor. Consequently, chemical
reactions proceed in parallel within all of the droplets residing
inside the reactor. Typically, around 10 droplets reside within
the reactor simultaneously, enabling parallel reaction process-
ing. This parallel execution allows new droplets to be
generated, while previous ones undergo characterization and
analysis. To ensure that every droplet is captured, we
continuously collect SAXS/WAXS frames.

This continuous and interleaved operation ensures tight
workflow synchronization, reducing downtime, and enhancing
experimental efficiency, but it also poses a critical challenge:
accurately tracking and associating characterization data with
corresponding chemical recipes and reaction conditions for
each droplet. After generation, each droplet traverses the
reactor for a fixed residence time before being characterized.
While the number of droplets in the flow path can be
controlled by adjusting flow rate, droplet volume, and spacing,
practical issues, such as occasional bubble formation at high
temperature, can alter this number. Even a single off-by-one
pairing error between synthesis and characterization would
misalign data and degrade the ML model’s optimization.
Because the GP model relies on accurate X-Y mapping, such
errors undermine data set integrity and downstream decision
making.

To address this challenge, we developed a real-time droplet
tracking method (step 4 of Figure 2D) based on correlation
analysis of distinctive features in the WAXS data from the
carrier oil and aqueous reaction phases. Specifically, as shown
in Figure 2E—I, the oil phase exhibits a distinctive scattering
feature in WAXS, characterized by a broad peak within the
wave vector transfer (q) range from 1 to 3 A™', which is absent
in the aqueous phase. By correlating each frame’s WAXS
profile with a reference oil scattering profile (Figures 2E-II and
S3), we can reliably differentiate oil segments (correlation
score ~ 1) from aqueous droplets (correlation score ~ 0).
Consistent droplet spacing/length over hundreds of events
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Figure 3. Autonomous synthesis of uniform Au nanoparticles guided by multimodal structure characterization. (A) Learning curve shows the best-
predicted 6™' (monodispersity proxy) increases as the data set grows (Run 1; N = 30 to 249), with relative opportunity cost (ROC) tracking
convergence (black: real-time; red: postexperiment validation with standardized fitting ranges). (B) Representative in situ SAXS/WAXS with UV—
Vis absorption spectra (both axes in SAXS are in logarithmic scales and both axes in WAXS are in linear scales) and (D) ex situ TEM at three stages
(from A): (1) early random recipes (N < 30) show broad size distributions; (2) intermediate (N < 90) reaches d ~ 9.8 nm, ¢ ~ 0.15; (3) later (N
< 150) reaches d ~ 13.6 nm, ¢ ~ 0.11. (C) Evolution of GP-predicted 1/c maps in the 3-reagent volume space (4L) at N = 30, 90, 150, revealing

rapid convergence to optimized synthesis conditions (¢ ~ 0.11) within ~150 experiments from a 19,000-combination design space.

further confirms the droplet integrity under the reaction
conditions; anomalies that would indicate coalescence were
not detected. Also, this clear contrast enables frame-accurate
tracking of droplet boundaries through the reactor and
unambiguous association of synthesis conditions with corre-
sponding characterization data (see details in SI). We also
benchmarked static versus flowing measurements using UV—
Vis and SAXS/WAXS. Across 0—2000 yL/min, spectra and
scattering profiles were indistinguishable (Figures S1—S2).
During autonomous runs, we operated at ~80 yL/min. To
avoid oil—water interface contributions, the first/last frames of
each droplet were excluded automatically and only the central
segment was analyzed.

With droplet identity resolved, the workflow advances to
data analysis (step S in Figure 2D). SAXS frames fit with a
spherical form-factor model to extract the nanoparticle
diameter and size distribution, while WAXS Bragg-peak
analysis assesses crystallinity. These extracted structural
parameters are then input into a Gaussian process machine-
learning (GPML) model that maps reaction conditions X to
nanoparticle features Y (step 6 in Figure 2D). Finally, Bayesian
optimization (BO) within the GP framework selects the next
synthesis conditions (step 7 in Figure 2D). The optimized
recipe is sent back to step 1 to initiate new droplet generation
(e.g, droplet-28 as the first ML-suggested recipe), thereby
closing the loop and enabling iterative refinement of
nanoparticle features to meet user-defined objectives.

Experimental Run 1: Autonomous Synthesis of
Monodisperse Nanoparticles. To demonstrate the plat-
form’s capabilities, we conducted an initial autonomous
campaign (“Run 1”) that explored the synthesis space with a
single objective: minimize the size polydispersity o, (equiv-
alently, maximize 6~'). We employed a GP surrogate with the

Upper Confidence Bound (UCB) acquisition function,
apep(%) = u(x) + pY%0(x), with f = 100, to balance
exploration and exploitation in a large, sparsely sampled
space. For this proof of concept, we varied reagent volumes
while holding the temperature (100 °C) and residence time
(10 min) fixed. Recipes drew from three stock solutions: 10
mM sodium citrate (Cit), an acid/base titrant (10 mM HCI or
NaOH, denoted “H/OH”), and 2 mM HAuCl, (HAu).
Practical constraints were enforced: Cit and HAu each in 1-30
uL, titrant in 0—30 uL, and total droplet volume fixed at 40 uL
by buffer backfill. At the typical flow rate (~80 pL/min), each
droplet yielded ~10 frames of SAXS/WAXS (1 frame per
second). Following the workflow in Figure 2D, the run began
with 27 randomly chosen recipes (matching the precharacte-
rization pipeline length), then proceeded with fully autono-
mous synthesis, encompassing synthesis, in situ character-
ization, real-time data analysis, GP update, and BO next recipe
selection until termination after ~10 h (249 droplet reactions).
Human intervention was required to replenish only chemical
reservoirs.

The progression of autonomous optimization is visualized in
Figure S4A, which maps the observed ¢~ values in the 3D
chemical volume space at eight representative experimental
stages (N = 30, 60, 90, 120, 150, 180, 210, and 249). The
system initially explored broadly; by N &~ 61—90, regions with
67" > 6 emerged and expanded thereafter. Using volumes as
inputs X and 67 as outputs Y, we trained successive GP
models f. Three representative maps (N = 30, 90, 150) are
shown in Figure 3C; final models trained on all Run-1 data (N
= 249) for both ¢~ and d are in Figure S4B. Owing to the
fixed 40 uL total, the feasible set occupies a constrained
subvolume of the 3D space. Early models (N = 30) showed
weak contrast and large uncertainty consistent with limited
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data; by N = 90 clear trends appeared, and by N = 150 the
predicted landscapes sharpened substantially, reflecting
improved structure—synthesis learning (see Figure S4B for
details).

To quantitatively assess the GPML model’s learning
efficiency, we tracked the maximum predicted 6" value from
each successive model f (Figures 3C and S4B). As shown in
Figure 3A (navy profile), the maximum increased from ~ 2 to
6 as the training data set grew from N = 30 to N = 90, with
marginal gains beyond 150, reaching ~9 at the end of Run 1.
This trajectory indicates that ~90 data points were sufficient to
identify high-performing regions, with further refinement
through ~150 active-learning iterations. Notably, this efficient
optimization, only using 150 experiments, effectively explored
~19,000 feasible experimental conditions (as detailed in the
Methods). We used a UCB acquisition with § = 100 to favor
exploration early in such a large, sparsely sampled space, which
helped avoid premature convergence while still enabling later-
stage exploitation.

The effectiveness of this optimization is further corroborated
by the SAXS profiles acquired at key stages (Figure 3B). For
representative stages corresponding to N = 30, 90, and 150, we
selected three chemical recipes (R1, R2, and R3) closely
matching those predicted by the fy models. The initial recipe
R1 produced nanoparticles with a featureless SAXS profile,
which, upon curve-fitting, indicated high polydispersity (o ~
1). After 90 experiments, the optimized recipe produced less
polydisperse nanoparticles with clear spherical form-factor
features in their SAXS profile, yielding a diameter (d) of ~9.8
nm and ¢ ~ 0.15. Between the 121st and 150th experiments,
nanoparticle uniformity was further improved, generating
particles with an average d of ~13.6 nm and ¢ ~ 0.1],
which is comparable to or exceeding commercial standards.

Beyond SAXS-derived nanoparticle size information, the
particle internal atomic structure, such as degree of
crystallinity, was probed by WAXS by monitoring a (111)
diffraction peak at g ~ 2.68 A™" of Au, a characteristic of gold
face-centered cubic (FCC) lattice with a lattice parameter of
~4.08 A. In Figure 3B, the initial recipe (R1) exhibits a
relatively sharp (111) peak, consistent with a larger crystalline
size, larger coherent domain size, whereas later recipes (R2 at
N = 61-90 and R3 at N = 121—150) show broader peaks,
indicating smaller domains based on the Scherrer size-full
width at half-maximum (FWHM) relationship. The quantita-
tive relationship between the particle diameter and crystallite
domain size is analyzed in detail later (Figure 6).

To highlight the advantages of direct in situ structural
characterization by SAXS/WAXS, we conducted a parallel
synthesis of recipes R1—R3, employing in situ UV—vis
spectroscopy in a conventional chemistry laboratory setting.
In contrast to the dramatic changes observed in SAXS profiles,
the corresponding UV—vis spectra show less distinct changes,
with surface plasmon resonance (SPR) peaks centered at 520—
525 nm and peak widths decreasing from ~140 to 100 nm
(Figure 3B). UV—vis spectroscopy presents inherent complex-
ities in data interpretation for gold nanoparticles. The SPR
peak position depends not only on particle size but also on
morphology, aggregation, and the dielectric environment,*” >
while peak width incorporates contributions from homoge-
neous broadening and shape variations beyond polydisper-
sity.*>® These convoluted signals make UV—vis less effective
for providing quantitative feedback for autonomous optimiza-

tion, whereas SAXS directly returns the size and distribution
via form-factor fits.

We also examined these three nanoproducts using ex situ
TEM observation. The postreactor samples were collected
immediately, centrifuged three times at ~21,000g (10—20
min) with supernatant exchange to quench reactions and
remove precursors, drop-cast on Cu grids, and dried overnight
prior to imaging. The TEM images (Figure 3D) corroborated
the SAXS results, showing a clear progression toward tighter
size distributions from R1 to R3, with initial large, polydisperse
particles (4—50 nm in diameter, o & 1) evolving into uniform
particles (d ~ 13.0 nm, 6 ~ 0.1).

To quantify optimization performance, we compute relative
opportunity cost (ROC), defined as the relative difference in
expectation between the true best input and the predicted best
input at a given experimental number N, using the following
equation

(Gtruth(x*) - Gtruth(xN‘*))
Gtruth(x*)

ROC(N) =

where x* represents the true best input (recipes), and
Gyun(%*) the maximum objective function (67') across the
feasible space. We trained a final GPML model on all 249
experiments to serve as the G, yielding optimal parameters
x* of 4.8 mM Cit, 1.75 mM NaOH, and 0.95 mM HAu. For a
given N, the model Gy identifies the best input +™* and its
associated value ™. The black profile in Figure 3A shows that
as the GPML model is interactively trained with more data,
G(x™*) converges toward the true maximum, Gyg(x*),
thereby minimizing the ROC. The ROC curve exhibits rapid
improvement initially and plateaus after about 90 experiments,
indicating that near-optimal performance is achieved with
relatively few iterations compared to the large synthesis space.
Moreover, our real-time automated SAXS curve-fitting is
robust, as evidenced by similar ROC curves from both
automated and postbeamtime analysis (Figures 3A and S6).
We also observed an exponential decay in the difference
between the predicted ¢~ values for the final optimal recipe
(from Gyyy) and those predicted at each stage (Gy), further
validating the rapid initial learning and subsequent refinement
characteristic of the UCB100 exploration-exploitation strategy
(Figure S7).

We benchmarked active learning against a conventional grid-
scan experiment (265 points) over parameter ranges typical of
the literature with narrow pH variations.””>"*” Training a GP
on the grid-scan data identifies an optimum within that
restricted region (6 mM Cit, 0.75 mM NaOH, and 0.7 mM
HAu) with 6 ~ 0.12 (e Figure S8). In contrast, our UCB-
guided campaign achieved 6 ~ 0.11 with fewer experiments
(249 vs 265) while exploring a far larger design space and
discovering high-performance regimes beyond the conven-
tional bounds (Figure S4). This comparison highlights the
efficiency advantage of uncertainty-aware exploration in broad
chemical spaces: similar or better outcomes with fewer total
experiments and substantially greater coverage.

Experimental Run 2: Size-Targeted Autonomous
Synthesis of Monodisperse Nanoparticles. Building
upon the global optimization of size distribution achieved in
Run 1, we extended our approach in Run 2 to minimize the
size distribution for a specific target size. To this end, we
defined an objective function that simultaneously incorporates
both particle size and monodispersity
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Figure 4. Autonomous synthesis of target size, uniform Au nanoparticles. (A) Size-uniformity frontier: minimum observed ¢ vs binned d derived
from 249 (d,o) pairs (Run 1; silver), and Run 2 (blue), which optimizes ¢ under a size constraint (objective f; see Methods). Labels denote: (1)
global minimum o; (2—3) two top-scoring recipes after Run 2 with target d* = 30 nm. (B) SAXS and WAXS for the labeled recipes (both axes in
SAXS are in logarithmic scales, and both axes in WAXS are in linear scales). (C) Objective-function landscape: low values in Run 1 and emergence
of high-value regions after Run 2. (D) GP maps trained on combined Runs 1-2 (N = 365) for 6" (left panel) and d (right panel).

f(d, ) = e—kld—d*l/o_

where k is a scale factor (set to 0.5), d is the measured
nanoparticle diameter from SAXS analysis, d* is the target
diameter (set to 30 nm), and o is the relative size distribution
from the SAXS fit. As shown in Figure S9, this function reaches
its maximum when particles achieve both the target size and
minimal size distribution. We intentionally selected a target
diameter of 30 nm, well beyond the maximum d (22 nm)
achieved in Run 1 (Figure S10), to demonstrate our platform’s
ability to access previously unexplored synthetic conditions.

To contextualize Run 2, we first quantified the Run 1
diameter — sigma landscape by binning the 249 (d,6) pairs and
extracting the minimum o within each diameter bin. The
resulting “uniformity frontier” (black squares, Figure 4A)
shows a global ¢ minimum with d near 12—14 nm. A
representative SAXS profile from this region (Figure 4B, trace
1) yields d ~ 13.4 nm with o & 0.11. The blue shading in
Figure 4A marks d > 22 nm that were not sampled in Run 1.
Consistently, evaluating f(d,c) on the Run 1 GP map (Figure
4C, left) produces subunit maxima (<1), indicating that the
synthesized particles were far away from the targeted 30 nm
region.

Guided by this new object function, the same GP/UCB (ff =
100) directed 116 additional autonomous experiments while
maintaining experimental parameter constraints. Interestingly,
as the campaign progressed, the system sampled larger particles

(d > 22 nm) and achieved objective values f > 1 (Figure S10).
The updated diameter—uniformity frontier (blue squares,
Figure 4A) extends to d ~ 36 nm. The GP map of f(r,0)
(Figure 4C, right panel) shows two top optima (f ~ 4.1 and
3.9), at (Cit, H/OH, HAu) = (0.4, 0, 0.8) mM and (0.8, 0.25,
0.85) mM, delivering (d,6) = (31.8 nm, 0.17) and (28.2 nm,
0.16), respectively, close to the d* = 30 nm target with
competitive size uniformity.

Figure 4B compares SAXS and WAXS for three
representative conditions: (1) the global minimum of ¢ from
Run 1, (2—3) the top two Run 2 optima near d*. These traces
report nanoscale morphology (SAXS) together with atomic-
scale order (WAXS). The WAXS (111) widths indicate
crystalline domains smaller than particle diameters, consistent
with polycrystallinity; quantitative crystallite analysis and
domain—particle decoupling are developed in Section §
(Figure 6).

Finally, we retrained GP models on the combined data set
(Run 1: 249 + Run 2: 116 = 365 experiments) to update the
maps for both sigma and diameter in Figure 4D. Compared
with the Run 1 map (Figure S4B), the sigma map remains
largely unchanged, confirming Run 1’s efficiency in exploring
synthesis space for monodispersity. In contrast, the diameter
map now clearly shows a new region of larger particles around
30 nm, directly reflecting our updated objective function.
Together, these results highlight the adaptability and sample-
efficiency of the platform: once an objective is specified, the
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Figure 5. Quantitative relationships between synthesis variables and nanoparticle characteristics. (A) Spearman correlation heat map relating
synthesis variables (HAu, Cit, and signed-titrant pH proxies for HCI/NaOH) to SAXS/WAXS outputs: ¢, d (SAXS), Iy; at g = 0.01 A,
crystalline domain size d, (WAXS), and crystallinity (y; 0/1). (B) 2D partial-dependence (PD) surfaces for ™" vs (HAu, Cit) (top) and vs (HAu,
pH) (bottom). PD values are GP posterior means averaged over the empirical distribution of the remaining inputs; experimental recipes are
overlaid with categorical markers and a shared colorbar. (C) 1D PD and individual conditional expectation (ICE) for ™' vs HAu, Cit, and pH.
Solid line: PD mean; hatched band: PD mean + 2 GP-prediction uncertainty; light band: ICE central 80% (10—90th percentile across baselines).
(B, C) Partial-dependence analysis revealing nonlinear coupling between synthesis variables, with narrow ICE bands indicating robust main effects

versus wide bands showing context-dependent interactions.

loop navigates toward target properties with minimal addi-
tional experiments and without human intervention.

Revealing Relationship between Reaction Conditions
and Nanoparticle Characteristics. Our autonomous plat-
form generated a comprehensive multiscale data set spanning
citrate: gold molar ratios from 0.27 to 480, well beyond the
traditional 1—10 window explored in classical Turkevich—
Frens syntheses.” "% With 365 experiments combining
SAXS and WAXS measurements, this data set enables
systematic analysis of synthesis-structure relationships across
a large parameter space. Here, we examine how reaction
conditions influence nanoparticle characteristics through three
complementary approaches: global correlation analysis to
identify primary trends, partial-dependence modeling to reveal
nonlinear interactions, and combined SAXS/WAXS analysis to
probe the relationship between the particle size and internal
crystalline structure.

Global Correlation Analysis. We first computed Spearman
rank correlations between synthesis variables (HAu, pH
modifier volume, Cit) and nanoparticle characteristics:
uniformity (67'), diameter (d), crystallite domain size from
WAXS (d.), crystallinity (y = 0/1), and maximum SAXS
intensity (Iy; at ¢ = 0.01 A™"). As shown in Figure SA (full
matrix in Figure S11), uniformity shows a moderate positive
correlation with Cit (p 0.36), consistent with Cit’s
established role in promoting numerous, well-capped nuclei
that yield tighter distributions.”®>" Notably, uniformity is
essentially uncorrelated with diameter (p ~ 0.00), indicating
that monodispersity and size can be tuned somewhat
independently, presenting a useful decoupling for targeted
synthesis. Diameter shows a weak negative correlation with Cit
(p = —0.20), aligning with the canonical inverse size—citrate

49-51

relationship, while its global correlations with pH (—0.05)
and HAu (+0.07) are small because the effects are strongly
context-dependent rather than globally linear. As expected
from physical considerations, diameter correlates with
crystallite size (p = 0.58) and with SAXS intensity (p =
0.44), since larger particles scatter X-rays more strongly.
Crystallite size anticorrelates with Cit (p = —0.53) and, more
moderately, with base addition (p = —0.32), suggesting that
Cit and effective charge suppress domain coarsening, which is
consistent with stronger surface stabilization.”” I; correlates
strongly with HAu (p = 0.65) and with crystallinity (p = 0.85),
reflecting that more reduced Au yields more scatterers and
more frequent Au(111) peaks; however, it shows negligible
correlation with Cit and only modest correlation with
uniformity, underscoring that intensity is not a proxy for
monodispersity. Iy, primarily reflects the amount, size, and
crystallinity rather than the distribution width. Overall, while
these global correlations confirm several canonical trends,
Spearman coeflicients cannot reveal interactions or non-
monotonic effects. Several variable pairs show modest
correlations even when strong context-dependent relationships
exist, motivating our next nonlinear, interaction-aware analysis.

Nonlinear Interactions via Partial Dependence. To
quantify marginal and interaction effects, we computed partial
dependence (PD) and individual conditional expectation
(ICE) from the trained Gaussian-process models. For each
variable, PD reports the model-predicted response averaged
over the empirical distribution of the other inputs; ICE curves
show the response for fixed baseline recipes as the variable is
swept. We visualized the GP’s predictive uncertainty along the
PD sweep (+20 hatched band) and the central 80% ICE
envelope (10th to 90th percentile, light band), which captures
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Figure 6. Decoupling crystallite coarsening from particle growth reveals independent structural control. (A) Schematic illustration of a particle with
the same diameter but increasing crystallite domain size (bottom to top). (B) Discovery of parallel crystallite scaling bands (d. = 0.18d + (8, + )
indicating recipe-tunable coarsening at fixed particle size. Within crystalline SAXS particles (d, 8—20 nm, 114 data points), 8, ~ S is the average of
the intercept, and §§ changes from ~3 to ~3 nm. K-means clustering on residuals (/) identifies intercept-separated bands (colors), consistent with
recipe-dependent coarsening at fixed d. (C, D) HRTEM from two recipes (red/orange bands) with similar d ~ 15 nm but different d. (~9 and
~6.5 nm). (E) Residual vs chemistry knob: residual increases monotonically with a constrained power-law “knob” (definition shown in E), showing
strong association (cross-validated Spearman p ~ 0.7 + 0.1). Gray points are recipes; the blue line/band is binned summary statistics (median with
10—90%); the red curve is LOWESS (locally weighted, nonparametric regression). Positive elasticities for HAu/Cl and negative for Cit/EC
(effective charge) indicate chloride/precursor-biased coarsening moderated by citrate/base.

recipe-to-recipe heterogeneity. The 2D PD surfaces for ¢~
(Figure SB) recover the familiar “good-uniformity” corridor at
intermediate Cit (4—6 mM) and moderate base with sufficient
HAu (0.6—1.0 mM) and neutral-to-mildly basic pH, which
agrees with the regime associated with reliable Turkevich
synthesis.”’ However, the surfaces make coupling explicit:
benefits of increasing HAu depend critically on being within
the right Cit/pH corridor; outside this region, it gains taper or
reverse. This explains why global HAu-uniformity correlation
appears modest (p = 0.22) despite strong local effects.

The 1D PD/ICE analysis (Figure SC) provides comple-
mentary insights. For HAu, a pronounced PD peak appears
around 0.8 mM, but the wide ICE envelope indicates that
precursor effects are highly recipe dependent. For Cit, PD
peaks at intermediate values (5 mM) with a broad ICE
envelope, confirming that while Cit generally improves
uniformity, the magnitude depends on pH and HAu. For
pH, acidic conditions (~%—3 mM HCI addition) consistently
degrade uniformity 6~' (narrow ICE band), matching
literature reports that acid weakens citrate’s capping
ability.”**”*® Near-neutral-to-mildly basic conditions show
PD improvement with wide ICE bands, indicating that the
base can substantially improve uniformity for some but not all
recipes.

For diameter (Figure S12), Cit shows saturating behavior:
above ~8 mM, both PD and ICE converge to consistently
small particles, while at low Cit (~2 mM) the wide ICE band
reveals strong dependence on pH/HAu context. pH effects are
clear: acidic conditions yield larger particles with variable
outcomes (wide ICE), while basic conditions consistently
produce smaller particles (narrow ICE), aligning with reports
that hydroxide substitution slows precursor reactivity and
favors controlled growth.”"*’

Discovery of Decoupled Crystallite-Particle Scaling.
Having established how synthesis parameters affect individual
characteristics, we examined the relationship between the
crystallite and particle sizes using joint SAXS/WAXS analysis.
For crystalline samples within a common size window (d ~ 8—
20 nm; 114 points after filtering), regressing WAXS-derived

crystallite size (d.) against SAXS particle diameter (d) revealed
a single common-slope fit captures the global trend, d. & m- d
+ fo, with m = 0.18 and f, ® 5 nm. We then defined a per-
recipe residual f = d. — (m - d + f3y), i.e., the residual intercept
a particle would have at that slope (Figure 6B). These residual
isolates crystallite coarsening at fixed particle size: positive
means larger domains than expected for a particle of that d,
and negative # means smaller. K-means clustering of these
residuals identified four intercept-separated bands spanning
roughly —1.7 to +1.8 nm about an average intercept near 5 nm.
This parallel structure means that at any fixed particle
diameter, crystallite domain size can vary by several nanome-
ters depending on synthesis chemistry, which presents a
tunable internal degree of freedom not predicted by simple Cit,
HAu, or pH heuristics.

Direct imaging validates that these intercept shifts are
structural. HRTEM on samples obtained from the two recipes
with matched diameters (d ~ 15 nm) but drawn from different
bands shows polycrystalline interiors with distinct domain sizes
(~9 versus ~6.5 nm), consistent with their WAXS-derived d,
values and band assignments (Figure 6C—D). Thus, the
“parallel-band” structure reflects genuine differences in
crystallite coarsening at fixed d, not artifacts of peak fitting,

To identify chemistry drivers of the intercept f, we
constructed a constrained power-law “chemistry knob” that
increases with the precursor and chloride and decreases with
the Cit and effective charge (EC): knob o HAu’(1 + Ko CI)/
(Cit"EC®). Fitting non-negative exponents to the GP-inferred
residuals yielded = 0.55, b ~ 0.39, e & 0.23, c ~ 0.21 (k = 1),
with a strong monotone association with f under cross-
validation (Spearman p ~ 0.7 + 0.1; Figure 6E). These
sublinear exponents indicate diminishing returns in chemistry
control. Doubling HAu increases the knob by ~31% (2°%*—-1),
while doubling Cit decreases it by ~32% (1—2%%). Doubling
the effective charge (EC) produces a smaller ~14% decrease
(1-27°2"), and the chloride effect varies with baseline
concentration, reaching at most ~17% increase when doubled.
Since crystallite size at fixed particle diameter increases
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monotonically with the knob value, these percentage changes
translate directly to shifts in crystallite domains.

This sublinear response ensures robust control in such a way
that even large changes in synthesis chemistry produce
moderate, predictable adjustments in crystallite size rather
than extreme variations, making the system practical for
targeted synthesis. This provides a quantitative control
mechanism: higher precursor and chloride concentrations
drive recipes toward larger crystallite domains at fixed particle
size (positive elasticities), while Cit and base suppress
coarsening (negative elasticities). From the chemical insight
perspective, chloride-rich, precursor-rich conditions may favor
domain growth through moderated reduction kinetics that
enable defect healing or oriented attachment, while Cit and
base stabilize surfaces and inhibit coarsening, which is
consistent with their known roles in nanoparticle synthesis.”*>”

Together, these analyses demonstrate that the particle size
and crystallite domain size are partially decoupled control
parameters. The common slope reflects baseline coupling
between growth and coarsening, while chemistry selects the
intercept band, which provides an independent handle on
internal crystalline order invisible to UV—vis but revealed
through autonomous exploration with joint SAXS/WAXS
characterization.

B CONCLUSIONS

We developed an autonomous synthesis platform integrating a
droplet-flow microreactor with in situ SAXS/WAXS measure-
ments and Gaussian process optimization to map and control
nanoparticle structure during reaction. Through two closed-
loop campaigns totaling 365 experiments, the system efficiently
explored ~19,000 possible synthesis conditions, achieving
precise control over gold nanoparticle size (4—60 nm) and
polydispersity (6 < 0.11) while extending far beyond
traditional synthesis boundaries (citrate:gold ratios 0.27—480
versus conventional 1—10). Extensive validation confirmed
measurement reliability: static versus flowing conditions
yielded identical results, droplets remained stable at 100 °C,
and run-to-run variations stayed below 5%.

The platform’s real-time structural feedback enabled the
discovery of previously inaccessible synthesis-structure rela-
tionships. Partial-dependence and ICE analyses revealed
strongly context-dependent effects, explaining why simple
correlations fail to capture the full parameter space behavior
and identifying robust versus interaction-dominated synthesis
regimes. Most significantly, joint SAXS/WAXS analysis
uncovered decoupled control over the particle size and
crystallite domains. The parallel-band scaling relationship, d,
~ 0.18 - d + 5, demonstrates that crystallite size can be tuned
independently at fixed particle diameter through a quantitative
chemistry knob, where precursor and chloride promote
coarsening while citrate and base suppress it (cross-validated
Spearman p = 0.7 + 0.1).

This finding provides a practical design principle: internal
crystalline order represents an additional control parameter
beyond particle size and dispersity that can be accessed
through specific chemical adjustments but is invisible to
conventional optical characterization. The modular platform
design enables extension to other chemistries and synchrotron
techniques (XAS, XPCS, and PDF), as well as time-resolved
studies using multiple reactor windows. By combining high-
throughput autonomous experimentation with multiscale in
situ characterization, this approach establishes a general

framework for discovering and exploiting hidden degrees of
freedom in nanomaterial synthesis.

B EXPERIMENTAL PROCEDURES

Materials. Sodium citrate (Cit), hydrogen chloride (HCI), sodium
hydroxide (NaOH), tween20, chloroauric acid (HAu), and silicone
oil were purchased from Sigma-Aldrich. Stock solutions, including 16
mM Cit, 2 mM HAu, 10 mM HCl, 10 mM NaOH, 0.01 wt %
tween20 in deionized (DI) water, and silicone oil, were prepared and
transferred to 10 mL of gastight glass syringes (Hamilton Inc.) for
automated nanoparticle synthesis.

Fluidic Platform. The fluidic platform enables high-throughput
nanoparticle synthesis with in situ small- and wide-angle X-ray
scattering (SAXS/WAXS) characterization. As shown in Figure 2, the
system comprises: (i) syringe pumps (New Era Systems and KEM
pumps) with gastight glass syringes, (ii) a solution filtration system
preventing bubble formation, (iii) selection valves (M-Switch;
Fluigent Inc.) and a static mixer (PTFE helixes) for reagent selection
without cross-contamination and mixing, (iv) a customized flow
reactor (~120 mm X 90 mm) with temperature control up to 350 °C,
(v) a temperature controller (Lakeshore), and (iv) a back-pressure
system (Fluigent EZ-gas Pump) preventing bubble expansion at high
temperature. Poly(tetrafluoroethylene) (PTFE) tubing (1/8” OD, 1/
16" ID) forms the main flow path, with Kapton tube (0.110” OD,
0.105” ID) in the flow reactor for X-ray measurements. The Kapton
tubing received hydrophobic treatment by Rain-X to ensure stable
aqueous-in-oil droplet formation and smooth droplet movement. The
system was installed at both SMI (12-ID) and CMS (11-BM)
beamlines at the National Synchrotron Light Source II (NSLS-II),
Brookhaven National Laboratory. All the hardware, including syringe
pumps, cross-mixers, and a temperature controller, was fully
controlled by custom Python scripts. In addition to synchrotron-
based SAXS/WAXS measurements, the autonomous synthesis
platform also integrates in situ UV—vis characterization in a general
laboratory setting, enabling real-time optical UV—vis monitoring
during the synthesis. The detailed setup for UV—vis integration in the
chemistry laboratory is shown in the Supporting Information (Figure
S1). To confirm the robustness of the system, we validated droplet
stability and flow-rate effects on spectral quality prior to autonomous
synthesis; details are provided in the Supporting Information (Figure
S2).

Automated Nanoparticle Synthesis and Characterization.
Reagent solutions (Cit, tween in DI water, HCl, NaOH, and HAu)
were precisely injected using automated syringes with precisely
controlled volumes (precision <1 uL) and flow rate at 80 uL/min
through selection valves into the main flow loop, then undergoing
well-mixing with a static mixer. Subsequent oil injections created
segmented flow (oil-in-aqueous phases) for high-throughput, parallel
synthesis. Synthesis parameters were constrained to a minimum 1 mL
Cit/HAu, variable HCI/NaOH, 1 uL step size, 40 uL total volume
(balanced with 0.01% tween20), and 60 uL oil spacing. The
concentration limits are [0.4, 12], [=7.5, 7.5], and [0.05, 1.5] mM
for Cit, HCI/NaOH, and HAu, respectively. Since we either add acid
or base, we accordingly donate negative and positive signs for the
concentration of HCl and NaOH. Reaction conditions were
maintained at 100 °C, with as-synthesized products being probed at
10 min. In situ SAXS/WAXS (beamline details in SI) provided real-
time size/distribution information, feeding ML models that suggested
subsequent conditions to enable an on-the-fly closed-loop process.
Using identical recipes and reaction conditions, we performed in situ
UV—vis spectroscopy and ex situ TEM analysis. For TEM, aqueous
droplets were collected immediately after exiting the reactor and
subjected to centrifugation at ~21,000g for 10—20 min (repeated
three times) to rapidly quench the reaction and remove excess
reagents. The purified samples were then deposited on copper TEM
grids and dried overnight under ambient conditions before imaging
(JEOL 1400). The high-resolution transmission electron microscopy
(HRTEM) observations were performed on a FEI Talos F200X
operated at 200 kV.
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Machine Learning (ML). A Gaussian process (GP) model was
used to map synthesis-structure relationships with Bayesian
optimization (BO) guiding subsequent experiments. We utilized the
Upper Confidence Bound (UCB) acquisition function: aycg(x) =
u(x) + p%6(x), where p(x) and o(x) represent the GP mean and
standard deviation at point x, respectively. In our implementation, we
set # = 100 to promote an aggressive exploration in the early phase of
optimization. This choice is motivated by the large parameter space
(~19,000 conditions) and relatively small experimental budget (249
runs), where a high / helps avoid premature convergence and ensures
effective sampling of diverse regions. This strategy is commonly
adopted in BO frameworks under sparse, high-dimensional con-
ditions, and it aligns with the theoretical recommendations in the GP-
UCB framework. The model implementation used open-source
Python libraries GPyTorch and BoTorch, incorporating customized
penalty functions and workflow designs specific to our autonomous
synthesis. Three reagent volumes of Cit, pH (HCI as negative or
NaOH as positive values), and HAu were used as the input
parameters, and the characterization outcome (1/6) or objective-
function value was used as the output parameter. During autonomous
operations, the system optimized the acquisition function at each
experimental step using the current GP fit, with the function’s
maximum determining subsequent experimental conditions.

B ASSOCIATED CONTENT
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