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Abstract

The vast compositional space of high-entropy materials offers unprecedented opportunities for the
development of powerful catalysts. However, their inverse design remains unfeasible due to the lack of
robust theoretical frameworks and high-throughput experimental tools. This study demonstrates a
practical inverse design approach that integrates spectroscopic descriptors, generative machine
learning, and a robotic experimental platform to synthesize and optimize catalyst composition for the
oxygen evolution reaction (OER). The automated system significantly accelerated catalysts design and
experimental validation, reducing the time required for synthesis, characterization and performance
testing from approximately 20 hours to only 78 minutes per sample. Following a rapid screen for efficient
senary high-entropy catalysts, the spectroscopic generative model further optimized the top-performing
candidate, lowering its overpotential at 10 mA/cm? by an additional 32 mV. Our findings are a testament
to the potential of an inverse design approach that incorporates spectroscopic descriptors into
generative machine learning to accelerate catalyst discovery. Moreover, this approach is also expected
to drive the intelligent design of high-performance complex materials.

Introduction

The inverse design of complex materials has remained elusive due to their nearly infinite chemical
compositions and their intricate composition-structure-performance relationships.’™* This challenge is
particularly pronounced for high-entropy catalysts, where the unpredictable nature of the interfacial
evolution processes involved in catalytic reactions further complicates the design process.®”’ Central to
this issue is the task of deriving high-dimensional microscopic compositions from low-dimensional
performance data. While some progress has been made by carrying out additional theoretical
calculations or using experimental data to bridge the dimensionality gap,8~"° the problem remains
unresolved. Precise control over multiple synthetic parameters is typically required, adding another layer
of complexity to the inverse design problem. Moreover, because traditional forward trial-and-error design
methods rapidly become intractable when confronted with the vast chemical spaces of high-entropy

catalysts,''~13] there remains an urgent need for a paradigm shift in these materials’ design.['416]

Recently, artificial intelligence-generated content (AIGC) has been employed to efficiently explore vast
chemical spaces, propelling the development of catalyst inverse design methodologies.””18 These
approaches often utilize abstract, high-dimensional data representations to generate material with the
desired characteristics.’® 23 Variational autoencoders (VAEs), for instance, are powerful generative
models that have been extensively used to navigate the optimal chemical combinations to facilitate
functional material design.?'?#72% Descriptors directly capturing system properties are complementary
to the aforementioned AIGC approaches. Notably, spectroscopic descriptors compress rich physical
information like system geometry and electronic structure, which shows great potential in assisting
catalyst development.?’~2° These descriptors can therefore be embedded into the generative models
along with machine learning (ML) algorithms for extracting key spectral features, thus establishing a
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reliable correlation between spectroscopic signatures and catalytic performance and synthetic

composition.3%732 This inverse design strategy overcomes the limitations of traditional ML models that
rely on structural descriptors and therefore struggle to predict the high-dimensional correlations between
synthesis, structure, and performance.3373%

Building robust ML models necessitates access to large, high-quality datasets.®6~38 The advent of high-
throughput, automated experimental platforms has made such comprehensive datasets more
accessible, offering significant improvements over traditional manual laboratory operations.3°~42 By
integrating intelligent models with synthetic robots, we can overcome many of the obstacles that have
traditionally hindered alignment between theoretical prediction and real-world chemical synthesis.
Spectroscopic descriptors, in particular, play a critical role in achieving autonomous "closed-loop”
materials design. This approach involves feedback between theory and experiment, facilitating the
digital inversion from desired properties to structures, unraveling complex relationships between
synthetic variables and catalytic reactivity, and providing data- and Al-powered insights for catalyst
optimization.

In this proof-of-concept study, we synthesize and optimize high-entropy catalysts for the oxygen
evolution reaction (OER), which plays a pivotal role in renewable energy technologies, and is especially
critical for overcoming the kinetic barriers associated with water splitting and metal-air batteries.*3 4
An initial dataset was constructed by systematically varying the catalyst elemental compositions. The
synthesis, characterization, and testing of these catalysts were performed on the robotic Al-Chemist
experimental platform. Further optimization was achieved through the development of Spectral
Generative (SpecGen) model, which generates and predicts the spectra of optimal catalysts. Integrated
with synthetic robots, this model harnessed spectroscopic descriptors to drive the autonomous inverse
design of senary high-entropy metal-organic hybrid catalysts (Fig. 1a). The SpecGen model comprises
three interconnected components: a VAE for extracting and generating spectral features from
spectroscopic descriptors, a spectra-to-performance (S2P) model for predicting catalytic overpotential,
and a spectra-to-composition (S2C) model for predicting metal composition. The latent space of VAE
model was sampled to generate new spectroscopic data, which were then processed by the S2P model
to predict their catalytic performance. Catalysts meeting the desired performance criteria were
subsequently fed into the S2C model to predict their corresponding compositions.

This process allowed the SpecGen model to generate a new set of high-entropy catalyst candidates with
the lowest predicted overpotentials. These catalysts were then synthesized and experimentally analyzed
by Al-Chemist (Fig. 1b). Transfer learning was employed to assess the adaptability of AIGC model across
different metal and ligand combinations, confirming its potential for broader applications in derivative
systems. Our work illustrates the effectiveness of the SpecGen design strategy, which, in combination
with the automated experimental platform, shows the potential to significantly advance catalyst design
and is anticipated to have a broad impact on materials science as a whole.
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Results

The Al-Chemist Executed High-Throughput Synthesis and
Spectroscopic Characterization of High-Entropy Catalysts

The Al-chemist automated experimental platform, adapted from our previous work, was instrumental in
streamlining the synthesis and testing of high-entropy catalysts, while ensuring precise control over
experimental parameters.*5# It includes a mobile robotic arm and a stationary six-axis robotic arm that
is mounted to a high-throughput characterization station. Full automation is achieved by linking the
robotic arms, raw materials dispensing station, stirrer, centrifuge, spectroscopic workstation, and
electrochemical workstation to a cloud-based computational server (Fig. 2a). Researchers remotely
control the robots and workstations, configuring the modules for all catalyst preparation and analysis

steps.

In the synthesis module, various metals are combined in specific ratios to produce high-entropy
catalysts. The testing module applies catalyst slurry onto carbon paper substrates using a modified
electronic pipette. These samples are then transferred to the electrochemical workstation for OER
performance testing. Additionally, the automated system features an autosampler that transfers
catalysts to a spectrophotometer for UV-Vis-NIR spectra analysis, completing the entire experimental
workflow (Supplementary Fig. S1 and Video S1).

A diverse library of high-entropy catalysts was prepared by systematically varying the ratios of six
divalent metals (Co, Ni, Cu, Mg, Cd, Zn) incorporated into a hybrid metal-organic structure with
terephthalic acid (Fig. 2b). Using a high-throughput, automated wet-chemistry approach, 462 catalysts
were synthesized and characterized (compositions in Supplementary Table S1). Unlike the conventional
manual process, which requires about 20 hours per sample, the Al-chemist prepared samples in batches
of 40. This enabled the generation of the entire dataset in just 25 days, with an average turnaround time
of only 78 minutes per sample, encompassing synthesis, characterization, and electrochemical testing
(Supplementary Fig. S2).

Figure 2c shows an overlay of the resulting 462 UV-Vis-NIR absorption spectra, revealing significant
variation among the high-entropy catalysts. These spectral differences reflect variations in the catalyst
electronic structures, which may influence their catalytic performances. A histogram of the working
current density at 10 mA/cm? (n,o) measured for the catalysts (Fig. 2d) illustrates the substantial
disparity between the best-performing (Exp-451, n; = 324.3 mV) and worst-performing (Exp-103, n;( =
465.6 mV) catalysts, highlighting the sensitivity of performance to elemental composition.

High-angle annular dark-field scanning transmission electron microscopy (HAADF-STEM) images in
Fig. 2e confirmed the amorphous nature of the as-prepared materials, as evidenced by the loose halo in
the selected area electron diffraction (SAED) patterns. This observation was further corroborated by X-
ray diffraction (XRD) results (Supplementary Fig. S3). Despite the amorphous structure, energy-
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dispersive X-ray (EDX) mapping revealed a high degree of configurational entropy, indicating uniform
elemental distribution. The amorphous nature of these catalysts challenges the conventional structure-
property relationship paradigm, suggesting that traditional forward predictive models may be insufficient
for designing high-entropy catalysts.

Optimizing Catalyst Formulations via a Generative Al Model with
Spectroscopic Descriptors

To identify catalyst metal compositions that optimize performance, we developed a ML framework
consisting of three modules. Each module was independently trained using the 462 experimental UV-Vis-
NIR spectra collected by Al-chemist. The dataset was independently split into 80% for training and 20%
for testing. The VAE module was trained to extract latent spectral features from the experimental data
(Supplementary Note S1). It achieved a Spearman correlation of 0.996 between the experimental spectra
and those reconstructed from the VAE latent space (Supplementary Fig. S4). The S2C module, a one-
dimensional convolutional neural network (CNN), was trained to predict catalyst metal composition from
the spectroscopic descriptors, showing excellent predictive accuracy on an independent test set

(Fig. 3a). A second CNN module, S2P, was then trained to predict OER overpotentials as a measure of
catalyst performance, yielding a high correlation of 0.917 between predicted and experimental
overpotentials. The mean absolute error (MAE) of these overpotential measurements was 10.8 mV

(Fig. 3b).

The latent space of the VAE model was randomly sampled 10,000,000 times to generate a new dataset
of synthetic spectra. Using the S2P model to predict the catalysts OER performances, the 20 spectra
with the lowest predicted n,, were selected (Fig. 4a). The corresponding metal compositions for these
20 spectra were predicted using the S2C model and were synthesized and characterized by Al-Chemist.
Of these, 40% (8 out of 20) exhibited superior performance (i.e. lower n,,) compared to the best
previously obtained result, Exp-451 (Fig. 4b and Supplementary Table S2). The best-performing catalyst,
with composition of Cog 4175Nig 9058CUg 3411M00 1310Cd0.0753ZNg 9204, @Chieved an n4g value of 292.3 mV,

representing a significant 32 mV reduction relative to Exp-451. It is noteworthy that the composition of
this optimized catalyst differed significantly from the previously identified local optimum, as illustrated
by the Kiviat plots in Fig. 4c.

In contrast, when 20 additional spectra were randomly generated using the VAE model and their
corresponding compositions were predicted using the S2C model, none of the resulting catalysts had
lower experimentally measured overpotentials at 10 mA/cm? than Exp-451 (Supplementary Table S3).
We also explored a traditional forward prediction model, the composition-to-performance (C2P) model,
which directly predicts overpotentials from metal compositions without incorporating spectral data. This
model was trained similarly to the S2C and S2P models using the same dataset of 462 catalysts. A fine-
grained grid search, varying metal ratios in 2% increments, was used to explore the entire catalyst
compositional space. The n,q values predicted for the top 20 catalysts ranged from 330.83 to 368.71 mV
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(Supplementary Table S4). None of these catalysts had lower S2P predicted overpotentials than Exp-
451.

In sharp contrast to the results obtained with our SpecGen inverse design approach, the best OER
catalyst identified by the C2P model had a composition similar to Exp-451. These findings highlight that
spectra data provide critical information not captured by metal composition alone. Leveraging this
information allows us to transcend the limitations of traditional experimental design and identify new
potential global optima, opening up new possibilities for the realistic inverse design of highly efficient
catalysts.

Intrinsic OER Activity at Active Sites of Senary High-Entropy Catalysts:
A Detailed Analysis

In-situ Raman spectroscopy was used to capture transient active species on both the locally optimal
Exp-451 catalyst and the SpecGen-optimized catalyst during the OER process, with a focus on key
intermediate species (Supplementary Fig. $5).44° At 1.2 V, no adsorbed species were detected on any
catalyst-coated substrates. However, as the potential increased to 1.8 V, vibrational modes
corresponding to §(ys+-g) and v(ys:-) gradually emerged, indicating the formation of M-OOH
intermediates, consistent with the sequential steps of OER mechanism. Remarkably, the SpecGen-
optimized catalyst exhibited the formation of OOH at a lower starting potential of 1.3 V, suggesting that
the tailored metal composition facilitated the creation of an active surface layer and improved OER
performance. The emergence and intensification of doublet peaks at 445 and 561 cm~" above 1.4 V
signaled the formation of amorphous hydroperoxy species on both catalysts (Fig. 2e and Supplementary
Fig. S6). The higher intensity of these peaks for the SpecGen-optimized catalyst indicated enhanced OER
activity, in agreement with the linear sweep voltammetry (LSV) results shown in Fig. 4d.

Comprehensive electrochemical analyses were conducted to understand the enhanced performance of
the SpecGen-optimized catalyst. The Tafel slope, derived from LSV data, was found to be significantly
lower for the SpecGen-optimized catalyst compared to Exp-451, indicating faster kinetics for OER
process (Fig. 4e). Electrochemical impedance spectroscopy (EIS) measurements further supported this,
revealing a lower charge transfer resistance for the SpecGen-optimized catalyst, suggesting more
efficient charge transfer at the electrode-electrolyte interface (Supplementary Fig. S7). Electrochemically
active surface area (ECSA) measurements, shown in Fig. 4f and Supplementary Fig. S8, derived from
double-layer capacitance analysis, demonstrated substantially higher intrinsic activity for the SpecGen-
optimized catalyst. This reflects improved interfacial contact between the catalyst surface and H,0

molecules, enhancing mass transport and accelerating O, bubble formation.

To assess long-term durability, a stress test was performed on the SpecGen-optimized catalyst under
operando conditions. It displayed superior stability, maintaining a constant current density of 10 mA/cm?
in 1 M KOH for over 1500 hours without significant degradation (Fig. 4g). Additionally, the average
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Faradaic efficiency exceeded 99% and 98% at current densities of 10 and 50 mA/cm?, respectively
(Supplementary Fig. S9). These results suggest that the remarkable performance of the SpecGen-
optimized catalyst would transfer well to real-world applications.

Validating Transfer Learning in the Spectroscopic Generative Model
for Predicting Derivative Systems

To evaluate the generalizability of SpecGen model, we conducted a comprehensive set of transfer
learning analyses. Four different analyses were performed: two involved substituting the terephthalic
acid organic ligand with either 1,3,5-benzenetricarboxylic acid or 2-aminoterephthalic acid, and two
others involved retaining the original terephthalic ligand but substituting the Cd metal center with Mn or
the Mg metal center with Fe. For each analysis, a library of 126 catalysts was generated by
systematically varying the metal ratios. These catalysts were efficiently synthesized and characterized
using Al-Chemist (Supplementary Table S5). The spectral datasets for each transfer learning analysis
were split, with 80% used for model training and 20% for testing. Only S2C model was fine-tuned based
on the new data. The top 20 spectra from previous generation were then directly applied to the fine-tuned
S2C model, and their metal compositions were predicted using the fine-tuned S2C model. These
catalysts were then synthesized and characterized by Al-Chemist.

The results showed strong transferability of the SpecGen model when substituting the terephthalic
ligand with 1,3,5-benzenetricarboxylic acid or substituting Cd with Mn, yielding average correlation
coefficients of 0.830 and 0.794, respectively (Fig. 5 and Supplementary Fig. S10-S11). In the 1,3,5-
benzenetricarboxylic acid derivative system, 8 of the top 20 predicted catalysts demonstrated improved
OER activity compared to the original 126 catalysts (Supplementary Fig. S12 and Table S6). In the Mn-
substituted system, 13 out of the top 20 predicted catalysts showed enhanced performance relative to
the original set (Supplementary Fig. S13 and Table S7).

We attribute the success of these transfer learning models to the use of spectroscopic descriptors,
which capture the chemical microenvironment of the active sites in catalysts. These descriptors, unlike
structural ones, are less sensitive to the specific identity of the ligands or metals and can therefore
generalize across different systems. This finding suggests that catalysts with similar spectroscopic
features may share common catalytic properties, allowing for the design of new catalysts by targeting
specific spectral features rather than conducting exhaustive experimental studies on each system.

While the SpecGen exhibited strong transferability in some cases, its performance declined significantly
when confronted with drastic changes to the chemical microenvironment. Specifically, replacing
terephthalic acid with 2-aminoterephthalic acid or replacing Mg with Fe severely impacted SpecGen
transfer learning capabilities. For the 2-aminoterephthalic acid and Fe derivative systems, the average
correlation coefficients of the fine-tuned S2C models dropped markedly to 0.753 and 0.655, respectively
(Supplementary Fig. S14-S15). Additionally, for both systems, the top 20 catalysts predicted by the
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SpecGen model failed to identify better-performing catalysts (Supplementary Fig. S16-S17 and Tables
S8-S9).

We attribute this to several factors: Asymmetric ligand substitution can disrupt the structural symmetry
of the catalyst, which in turn alters its electronic properties and catalytic activity. Furthermore, metals
like Fe?* are prone to oxidation, which can modify the electronic structure of catalytic sites. Lastly,
substantial changes in the intensity and direction of ligand-to-metal charge transfer (LMCT) can
significantly affect the electronic states of catalytic sites, undermining the fundamental correlations
already learned by the model.

Conclusion

Our study highlights the superiority of a spectroscopic descriptor-driven inverse design approach for
developing high-performance catalysts, as demonstrated for OER catalysts. We integrated a robotic
platform with the SpecGen model, automating the discovery of optimal high-entropy catalysts. By
correlating spectral features with catalyst performance and composition, our model enables the rapid
identification of the promising formulations, surpassing the efficacy of trial-and-error methods. The
generative model’s transferability, facilitated by spectral descriptors, enables the design of catalysts in
derivative systems. This integrated approach—combining artificial intelligence, robotics, and
spectroscopic descriptors—accelerates the inverse design process, advancing the development of high-
performance catalysts with tailored functionalities.

Future research could focus on enhancing the robustness of generative models by integrating a wider
range of spectroscopic descriptors (e.g., absorption, emission, scattering, vibrational, rotational, and
spin) and utilizing advanced machine learning algorithms for spectral feature extraction. This would help
capture the complex relationships between material composition, structure, electronic properties, and
catalytic performance.

Methods

Materials. Potassium hydroxide (KOH, 99.9%), metal acetates (> 99%), anhydrous ethanol, and 5 wt%
Nafion 117 solution were purchased from Sigma-Aldrich. 1,4-benzenedicarboxylic acid, 2-aminobenzene-
1,4-dicarboxylic acid, and 1,3,5-benzenetricarboxylic acid were obtained from Shanghai Aladdin Bio-
Chem Technology Co., LTD. Dimethylformamide (DMF) used to prepare the metal feedstock solution was
purchased from Acros Organics. A graphite rod counter electrode and a Ag/AgCl reference electrode in
saturated potassium chloride were obtained from CH Instruments. Deionized water (18.2 MQ cm-1) for
the aqueous electrolyte was prepared using a Milli-Q EQ 7000 ultrapure water purification system.

Robotic experiment procedure. A high-throughput synthesis protocol was employed for the preparation
of high-entropy catalysts. Metal acetate precursors and a ligand solution were preloaded into a liquid
dispensing station. A robotic arm transferred racks containing empty vials from a starting position to the

Page 9/20



liquid dispensing station, where a predefined recipe was executed to sequentially add metal precursors
and the ligand. The vials were then transferred to the magnetic stirrer for a 12-hour reaction. Solid-liquid
separation was achieved using a centrifuge at 4000 rpm for 5 min. The supernatant was removed, and
the catalyst precipitate was retained. The solid product was dried and redispersed ina 10 mL
ethanol/Nafion mixture. The resulting catalyst suspension was then transferred onto carbon paper using
a high-throughput pipetting platform. The prepared working electrodes were subsequently moved to an
electrolysis cell for OER performance evaluation using a specialized soft gripper. In parallel, a portion of
the catalyst was loaded onto a tray of amorphous substrate for subsequent X-ray diffraction
characterization, which were obtained using a Miniflex X-ray diffractometer (Rigaku, Japan) with Cu Ka
radiation (A = 1.540598 nm). The XRD data were collected in the 26 range of 10° to 70° with a step of
0.1°. Another portion of the catalyst dispersion was introduced into a UV-Vis Spectrophotometer (UV-
2600i/2700i) by an automatic sampler (ASC-5) for spectra measurements. The wavelength range
extended from 280 to 1000 nm, with a step resolution of 1 nm, and the upper threshold for the maximum
absorbance was set at 4 OD.

Electrochemical property measurements. Electrochemical measurements were conducted using a
CHI760E workstation in a standard three-electrode configuration. The high-entropy catalyst served as the
working electrode, with graphite and Ag/AgCl as counter and reference electrodes, respectively. OER
activity was assessed in 1 M KOH, with potentials calibrated to reversible hydrogen electrode (RHE)
following the formula Egyg = Epg/agcit0-0591xpH +0.197 V. Catalyst ink was prepared by dispersing the
catalyst in a 10 mL ethanol/Nafion mixture, and then drop-casting 150 L onto 1.5x1.5 cm?2 carbon
paper. Electrochemical characterization included CV activation, LSV, EIS, and chronoamperometry. CV
activation involved 40 cycles from 1.0 to 1.5 V vs. RHE at scanning rate of 50 mV s='. Then, LSV was
performed from 1.0 to 1.8 V vs. RHE at 5 mV s~' and neither iR-compensation nor background current
correction was applied. EIS measurements were conducted at 300 mV overpotential spanning the range
from 100 kHz to 0.1 Hz. ECSA was determined from CVs in the non-Faradaic region (1.05-1.15 V vs.
RHE) at varying scan rates. Chronoamperometry was performed at a constant working current density of
10 mA/cm?in the standard three-electrode configuration.

Identification of transient electrochemically active species. In-situ Raman spectroscopy was performed
using a LabRAM HR Evolution confocal Raman microscope coupled with a CHI-660 electrochemical
workstation. A home-built single-compartment PTFE electrochemical cell equipped with a circular quartz
optical window was employed for the measurements. The working electrode wasa 1.5cm x 1.5cm
carbon paper coated with the catalyst, while a Pt foil and a KCl-saturated Ag/AgCl electrode served as
the counter and reference electrodes, respectively. A 1 M KOH solution, saturated with air for 30 minutes,
was used as the electrolyte. Prior to the experiments, the instrument was calibrated using a silicon wafer
(520.5 cm™"). A 532 nm laser with a power of 5% was focused onto the working electrode surface
through a 50x objective lens. Raman spectra were collected in the range of 100—-1200 cm~" using a 600
lines/mm grating after stabilization with different bias applied to the working electrode. Each spectrum
was acquired with an accumulation time of 10 seconds and 10 accumulations.
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Neural network architecture. A one-dimensional convolutional neural network (CNN)>® was developed
using PyTorch library®' to predict the metal composition of catalysts. This model, referred to as the S2C
Model, consists of multiple sub-models, each dedicated to predicting the composition of a single metal
element and all of them share the same structure. The final output is obtained by applying sum
normalization to the predictions from each sub-model, thereby yielding the composition of all metal
elements. Each sub-model takes one-dimensional spectral descriptors as input, extracting features
through three one-dimensional convolutional layers, batch normalization,®? and one-dimensional max
pooling. The extracted features are then flattened and passed through fully connected layers to predict
the metal composition. The ReLU function was employed as the activation function, and the MAE was
used as the loss function. To optimize the model parameters, the Adam optimization algorithm®? was
utilized with an initial learning rate of 1x10~ 3, and a learning rate decay strategy was applied. The
dataset was split into 80% for training and 20% for testing, with each sub-model being trained
independently. The model for predicting the catalytic overpotentials, designated as the S2P Model,
exhibits a structural parallelism with the sub-models employed in the S2C Model for forecasting
individual metal compositions. Similar to the S2C Model, the S2P Model is established upon a one-
dimensional CNN and adheres to the same dataset partitioning strategy as in the training process of
S2C model.

Additionally, a Variational Autoencoder (VAE) model was constructed using PyTorch. The model
comprises an encoder and a decoder. The encoder accepts one-dimensional spectral descriptors as
input, extracting features through the application of one-dimensional convolutional layers, batch
normalization, and max pooling. Subsequently, the extracted features are flattened and passed into two
separate fully connected layers, which are utilized to predict the mean and log variance of the latent
variables, respectively. The parameterization trick is employed to sample latent variables from the
distribution defined by the predicted mean and variance. In short, the decoder receives the
aforementioned latent variables and reconstructs the spectra through two fully connected layers. The
ReLU function was employed as the activation function, and the model loss function is a combination of
MAE and KL divergence. The model parameters are optimized using the Adam optimization algorithm
with an initial learning rate of 1 x 10”3, along with a learning rate decay strategy. The dataset was divided
in accordance with the same methodology employed for training the S2C model.

For transfer learning, the training set comprised 80% of the whole dataset, while the remaining 20%
constituted the testing set. From the very beginning, all layers were frozen with the exception of the final

layer, and the model was trained with an initial learning rate of 1x10™ 3. Subsequently, all layers were
unfrozen, and the initial learning rate was adjusted to 1x10~ 4 for fine-tuning.

The C2P model takes the metal compositions as input, extracting features through two fully connected
layers to predict the catalytic overpotentials. Each fully connected layer consisted of 128 neurons. A
dropout with a rate of 0.25 was used after each fully connected layer during training. The ReLU function
was employed as the activation function, and the MAE was used as the loss function. To optimize the
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model parameters, the Adam optimization algorithm was utilized with an initial learning rate of 1x107 3,
and a learning rate decay strategy was applied. The dataset was split into 80% for training and 20% for
testing.
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Figure 1

Schematic of the workflow for inverse design of high-entropy catalysts that enabled by a SpecGen model
and robotic platform. (a) A dataset of high-entropy catalysts, including their compositions, spectra, and
measured OER performances, is obtained using Al-Chemist (left panel). From the resulting spectral data,
the spectra-to-performance (S2P) model is trained to predict catalytic overpotential, while the spectra-to-
composition (S2C) model is trained to predict metal composition, bridging the catalysts compositions
and performances (right panel). (b) The SpecGen model, a generative ML framework comprising VAE,
S2P, and S2C components, enables the inverse design of high-entropy catalysts. Latent spectral features
are extracted from VAE high-dimensional representation. The S2P model then identifies the best-
performing catalyst candidates based on these features, and the S2C model determines their elemental
compositions. Al-chemist synthesizes and analyzes the selected candidates, optimizing OER catalyst
performance.
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Figure 2

Automated synthesis and characterization of high-entropy catalysts using Al-chemist. (a) Schematic of
the Al-chemist experimental workflow integrated with spectroscopic descriptor-based catalyst design,
featuring a mobile robot arm collaborated with versatile workstations to automate the synthesis,
characterization, and performance testing workflow of high-entropy catalysts. (b) The hybrid structure of
the high-entropy catalysts synthesized for OER studies, consisting of terephthalic acid and six metals:
Cd, Zn, Ni, Mg, Co and Cu. (c) Overlay of the 462 UV-Vis-NIR spectra collected from experimental
samples. (d) Histogram plot of the working current density at 10 mA/cm? (n4,) values measured for the
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462 catalyst samples. (e€) Atomic-resolution HAADF-STEM imaging with EDS elemental mapping of Exp-
451, revealing its amorphous structure. The inset shows a selected electron diffractogram.
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Predictions of metal compositions and overpotentials from spectral data. (a) Correlations between the
catalyst synthetic formulations and those predicted by the S2C CNN based on experimental UV-Vis-NIR
spectral data. (b) Correlations between experimentally measured catalyst overpotentials and those

predicted by the S2P CNN the same spectral data.
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Figure 4

Performance analysis and characterization of the SpecGen-optimized catalyst. (a) Predicted spectra of
the top 20 high-entropy catalysts generated by the SpecGen. (b) Experimentally measured overpotentials
at 10 mA/cm? for the top 20 high-entropy catalysts generated by SpecGen. (c) Kiviat diagrams
comparing the metal compositions of the Exp-451 catalyst with those of the SpecGen-optimized
catalyst. (d) Linear sweep voltammetry (LSV) polarization curves at the sweep rate of 5 mV/s without iR
correction, and (e) corresponding Tafel plots for both the Exp-451 cand SpecGen-optimized catalysts. (f)
Double-layer capacitance, extracted from cyclic voltammetry (CV) data, used to estimate the
electrochemically active surface area (ECSA) of the SpecGen-optimized catalyst. (g)
Chronoamperometry curve with the SpecGen-optimized catalyst as the working electrode.
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SpecGen transfer learning for derivative metal-organic hybrid catalyst systems. As depicted in the
schematic diagram, SpecGen transfer learning generated 20 catalyst candidates for (a) the derivative
system with 1,3,5-benzenetricarboxylic acid substituted for terephthalic acid, and (b) the derivative
system where Mn is substituted for Cd. The plots on the right show the overpotentials at 10 mA/cm?2 for
these catalysts, as experimentally measured by Al-chemist. The red, dashed line, labeled “Local best,
represents the lowest overpotential identified by Al-chemist from an evaluation 126 candidate catalysts
prior to the use of transfer learning and subsequent optimization by SpecGen.
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