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Abstract
The optimization of organic reaction conditions to obtain the target product in high yield is crucial to avoid expensive
and time-consuming chemical experiments. Advancements in arti�cial intelligence have enabled various data-driven
approaches to predict suitable chemical reaction conditions. However, for many novel syntheses, experimental
optimization of the reaction conditions is inevitable. Bayesian optimization (BO), an iterative global optimization
algorithm, demonstrated exceptional performance to identify suitable reagents compared to synthesis experts. However,
BO requires several initial randomly selected experimental results (yields) to train yield prediction surrogate models
(approximately 10 experimental trials). In addition, parts of this process, such as the cold-start problem in recommender
systems, are ine�cient. Here, we present an e�cient BO algorithm for reaction optimization with a message passing
neural network trained on vast amounts of experimental data. We demonstrated the effectiveness of the proposed
algorithm on benchmarks and in-house datasets with reference to optimization methods and human experts.

Introduction
Substantial effort has been dedicated over the past few years to develop various technologies to optimize chemical
reaction conditions. Traditionally, depending on the particular scienti�c or engineering discipline, optimization was
accomplished against a variety of criteria, for example �nding the lowest energy state of a chemical structure, identifying
the factors that most closely relate the molecular shape with the properties, or searching for the optimal set of conditions
to increase the e�ciency of experimental procedures. Many optimization technologies have been speci�cally developed
for chemistry. For example, chemical reaction conditions can be optimized with systematic methods such as the design
of experiments (DOE)1. More recent optimization procedures based on computational methods were designed to assist
chemists to identify chemical derivatives of known drugs to best treat a given disease2, pinpoint candidates for organic
photovoltaics, predict organic reaction paths, or conduct automated experimentation3–10 without human intervention.
Often, these applications are subject to multiple local optima, and involve costly evaluations of the proposed conditions
in terms of the required experimentation or extensive computation. Recently proposed optimization algorithms capable
of e�ciently �nding local optima are gradient-based algorithms, such as gradient descent11, conjugate gradient12, or the
more sophisticated Broyden Fletcher Goldfarb Shanno algorithm (BFGS)13. Bayesian optimization (BO) approaches have
emerged as popular optimization solutions to search for the global optimal point14–19. BO schemes consist of two major
steps: First, an approximation (surrogate) to the merit landscape of the conditions is constructed. Second, based on this
surrogate, a new set of conditions is proposed for the next evaluation to identify the global optimum. As such, BO
speculates about the experimental outcome using all previously conducted experiments, and veri�es its speculations by
requesting the evaluation of a new set of conditions. Several different models have been suggested for approximating
the objective function areas, ranging from random forests20 (RF), over Gaussian processes17,18 (GP), to active learning
models21. However, these models require numerous evaluations of data generated in the form of laboratory experiments
or computations, and are thus not well suited for solving optimization problems in chemistry. This is because
evaluations of the objective are often costly and materials synthesis is another major barrier in materials development as
it is still carried out laboriously by human researchers. Lately, data-driven approaches have been employed to
recommend conditions for speci�c types of reactions. The application of powerful machine-learning techniques to large
datasets of organic reactions such as the Reaxys database22 has led to major advances both in searching for possible
retrosynthetic pathways23–32 and in evaluating the feasibility of the proposed reactions33–39 and synthetic
environments. Unfortunately, the disadvantage of data-driven methods is their limited predictive performance based on
data that completely deviate from the training data distribution. In particular, the data extracted from most successful
studies involving chemical experiments are likely to have been biased to one side. In this study, our attempts to overcome
the limited ability of advanced approaches to �nd the globally optimal reaction conditions led us to propose the hybrid-
type dynamic reaction optimizations (HDO) method, which complements the previous two methodologies as data-driven
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approaches in that it is based on a message passing neural network (MPNN) with BO. With respect to its strategy, HDO
not only utilizes the accumulated experimental data but dynamically transforms the decisions according to the yield
results obtained from on-going experiments. This approach enables us to e�ciently explore the optimal combination of
conditions compared with previous studies. Modern advances in high-throughput experimentation (HTE)7,40,41 enabled
the construction of three named datasets (Suzuki-Miyaura Reaction, Buchwald-Hartwig Reaction and Arylation Reaction)
that contain different types of chemical reaction data. These data include all the capabilities of a collection consisting of
a few thousand data points under a limited set of conditions in datasets from Shields’s study42,43. In addition, we
validated our proposed algorithm using additional reactions (“Ullmann Reaction” and “Chan-Lam Reaction”) with
synthetic experts by using our own HTE facilities, details of which are provided in Table 1.

Methods
Overview of HDO

The HDO was designed as an iterative process capable of automatically updating the acquisition function (AFHDO) for
calculating the priority of the next experimental reaction condition given the reaction materials, as shown in Fig. 1. The
condition classi�er of the MPNN47 is trained on a given reaction scheme, expressed in the form of graph-type molecular
structures, by searching for the chemical conditions within a pre-de�ned space, as illustrated in Fig. 1a. Considering that
all the reaction conditions are not e�cient and could be unnecessarily costly, HDO narrows the search space using
MPNN models (fMPNN) that are able to predict the chemical context (the catalyst(s), base(s) solvent(s), and ligand(s) can
be changed depending on the type of named reaction) most suitable for any particular organic reactions given the
reactants and product structures. Trained on nearly 10 million examples from the Reaxys database, each context
condition area has an independent prediction model, which is a multi-label classi�cation model to de�ne several
candidate sets of reaction condition materials.

Combinations of conditions, selected from the narrowed area of candidates and expected to deliver the target yield,
should be chosen for the experiment. When sampling the initial conditions, in the narrowed search space, our aim is to
maintain a balance between exploitation and exploration. Thus, we adapted the candidate conditions predicted by the
MPNN as exploitation and selected the Maximin-Latin Hypercube sampling method48 to ensure an effective distribution
of exploration (Fig. 1b). With the software architecture in hand, our next objective was to optimize its performance by
tuning the algorithm components critical to maximizing the yield of reaction optimization. Subsequent to
experimentation with the initial conditions selected on the basis of HTE (Fig. 1c), the objective function for the fGP model
is trained. For the acquisition function, AFGP_UCB, of BO we adapted upper con�dence bounds (UCB), which ranked the
priority of the next combination of conditions (Fig. 1d), as detailed in a separate subsection. Finally, HDO calculates the
priority of the next candidates in the form of an ensemble by considering the historical results, MPNN (fMPNN), and the
optimization model GP (Fig. 1e). Depending on the outcome, the search space could be expanded to include additional
reaction conditions (Fig. 1f). For maximum e�ciency, HDO is designed to make comprehensive judgments using not only
the results predicted by the MPNN but also the experimental results, frequency of past experiments, and uncertainties in
the objective function of the predictive model. The data preprocessing and model formulation steps are described in
detail in subsequent subsections. HDO proceeds iteratively until it �nds the global optimal combination of conditions
that produce the desired target yield and updates the objective functions whenever the complete results of each
experiment are known. The proposed approach offers a platform on which fully automated organic synthesis
experiments can be carried out by using robots and management software.

Dataset and graph-type representation for training MPNN
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The dataset with all of the reactions with their conditions for training MPNN was extracted from the Reaxys reaction
database consisting of 53 million reaction records. The data include structural expressions of the reactants and single
products, conditions, and isolated yields. We used the structural expressions of the reactants and each single product,
the Reaxys chemical ID, and simpli�ed molecular-input line-entry system (SMILES) notation (if available) or the name of
the reaction. Each chemical reaction is labeled with the reagents that participate in the reaction. Each instance is
represented as (R, P, y), where R = {Gr1, Gr2}k and P = {Gp}k are the set k of the two reactants with the product structures in
the reaction, respectively, and y is the one-hot vector of the reaction conditions such as catalysts, bases, solvents, and
ligands. Owing to the different circumstances of each synthesis experiment, we did not include the reaction condition
datasets from the Reaxys database based on a pre-de�ned list of reagents in each experiment. In addition, the number of
reaction sets k and classes of conditions can be different for each type of condition and optimization task, respectively.
Apart from this, we restrict our scope to include single-product and single-step reactions to ensure a closer alignment
with the application to computer-aided synthesis planning. We also note the ambiguous labeling of certain catalysts and
reagents in the Reaxys database, in which many catalysts are recorded as reagents, causing the data to be sparser for
catalysts and increasing the number of distinct reagents. This issue can hardly be eliminated completely because a strict
separation between reagents and catalysts would be di�cult to achieve.

Figure 2. Illustration of process of MPNN models to predict suitable reaction conditions given graph-type reaction
representations G.

Message Passing Neural Networks for predicting suitable reagents

A graph is data structure that presents a powerful non-Euclidean method for establishing the extent to which features
(nodes) are connected to their relationships (edges). We adapted the message passing neural network (MPNN) to
process each molecular graph G in r1, 2 and p. The MPNN is designed to accept G as input and to return the graph
representation vector r as output:

q =Mθ(G).

The MPNN uses six message-passing steps with an edge network as the message function and a GRU network as the
update function to produce node representation vectors, the dimensionality of which is set to 64. Then, a set2set model,
which uses six processing steps, is employed as the readout function for global pooling over the node representation
vectors to obtain graph-level embedding, which is invariant to the order of the nodes. The embedding is further processed
by a fully connected layer of 512 ReLUs49, resulting in the graph representation vector q. The use of the MPNN ensures
that the representation is invariant to graph isomorphism. We summate the respective graph representation vectors
regarding R = {Gr,1, Gr,2} and P = {Gp}. In this manner, the representation becomes invariant with respect to the order of
reactants and products. The two summated vectors of reactants are concatenated to produce a reaction representation
vector h (Eq.( 1)):

h = ∑k
l=1qR, l, ∑ i

l=1qP, l (1)

The reaction graph embedding vector h is further processed by a feed-forward neural network (FNN) having four fully
connected layers, each of which contains 512 ReLUs. The output functions of the FNN are equal to the length of the one-
hot vectors by each condition types (ŷ). The predictive model MPNN is trained as independent models according to the
types of reaction conditions and the predicted catalyst, ligand, base, and solvent as ŷcategory, respectively. The value of
the priority is calculated by generating all possible combinations of conditions using the weight value of the one-hot

[ ]
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vector predicted by the model for each of the conditions. Therefore, the priority ŷpriority of condition combination x is
de�ned as (Eq. (2)):

Priority (y) = fMPNN (xk) (2)

The types of conditions vary among experiments and have different ranges. Figure 2 illustrates the training process for
the condition prediction model MPNN.

Bayesian Optimizations in the HDO
The purpose of the BO method is to reduce the number of objective evaluations that need to be performed to solve the
optimization problem. For this, they iteratively suggest, in a careful and intelligent way, an input location in which the
objective that is being optimized should be evaluated for each of the experiments. For this, at each iteration N = 1, 2, 3 …
of the optimization process, the BO method �ts a probabilistic model, a Gaussian process (GP) in our case, to the
collected observations of the objective. The uncertainty in the potential values of the objective is provided by the
predictive distribution of the GP. This uncertainty is used to generate an acquisition function AFGP_UCB, whose value at

each input location indicates the expected utility of evaluating fGP there. The upper-con�dence-bound algorithm (UCB)50

is adapted to calculate the priority of the next best combinations of conditions as (Eq. (3)).

AFGP_UCB xk = argmax(fGP xk +
2ln( t )

N xk
) (3)

The next point xk at which to evaluate fGP is the one that maximizes AFGP_UCB. After collecting this observation, the
process is repeated. When su�cient data have been collected, the GP predictive mean value fGP can be optimized to �nd
the solution of the problem. Considering that the acquisition function AFGP_UCB is calculated by using only the results
currently being experimented with, it is possible to correct the process of navigating in the wrong direction resulting from
the inaccurate prediction results of the MPNN model.

Acquisition function of the HDO and rules for expanding the search space

In this section, we present our technique, named the learning to acquisition function, for e�cient reaction optimization.
To determine the next iterate xk based on the belief about fMPNN and AFGP_UCB given the history Hk, a sampling strategy is
de�ned as follows:

AFHDO xk =
N fMPNN xk

ln( t ) + N{AFGP_UCB xk }
(4)

In Eq. (4), the AFHDO was designed to e�ciently optimize by combining the current experiment-driven priority model
AFGP_UCB with the priority fMPNN, obtained by using a vast number of experimental documents for training. The
normalization N is intended to prevent bias to one side by the values of the two acquisition functions and is calculated
as Eq. (5) by min-max feature scaling.

N =
X−Xmin

Xmax −Xmin

(5)

Under the in�uence of the weight of AFGP_UCB, AFHDO is induced to increase with the number of trials t to more closely
re�ect the results of the current experiments H. To dynamically expand the search space that was initially narrowed by

( ) ( ) √ ( )

( ) { ( ) } ( )
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Performance Benchmarking Results
The effectiveness of the HDO method is demonstrated using two types of optimizing tasks on datasets from Shields’s
study (Task 1) and on in-house data accumulated using HTE equipment (Task 2).

Task 1: A dataset comprising reaction conditions pertaining to the Suzuki-Miyaura reaction (1a) was released by Shields.
They conducted high-throughput experiments on the class of Suzuki-Miyaura cross-coupling reactions. Twelve couplings
of electrophiles and nucleophiles across the combinations of 11 ligands, 7 bases, and 4 solvents were considered,
thereby resulting in combinations for a total of 3,696 reactions with a product. Buchwald-Hartwig reaction (2a-2e): They
also conducted high-throughput experiments on the class of Pd-catalyzed Buchwald-Hartwig C-N cross-coupling
reactions. They experimented with combinations of 3 aryl halides, 4 catalyst, 3 bases, and 22 additives for a total of 792
reactions per target product, of which there were �ve types. Arylation (3a): They studied the arylation of imidazoles, a key
step in the commercial synthesis of the JAK2 inhibitor BMS-91154344,45. They selected a subspace consisting of 1,728
reactions including 12 ligands, 4 bases, 4 solvents, 3 temperatures, and 3 concentrations as a tractable set of
experiments to be used as the ground truth. The data for the arylation reaction (3a) included results contributed by 50
expert chemists and engineers from academia and industry, who played the reaction optimization game. All of the data
used in Task 1 are accessible from https://github.com/b-shields/edbo/ .

Task 2: Because HDO provides more general evaluations compared with skilled synthetic experts, a total of 22
experiments were conducted on four named reactions (details of Task 2 appear in Table 1). In this task, HDO was
evaluated by comparing the yield results of the reaction conditions proposed by �ve experts in organic synthesis. A
search space for each of the Suzuki-Miyaura (4a-4j), Buchwald-Hartwig (5a-5h), Ullmann (6a, 6b), and Chan-Lam
reactions (7a, 7b) was de�ned by the experts and details thereof are provided in Table 1. Details are described in
Supplement Information (S1 and S2).

Table 1. Details of the two performance benchmarking tasks 

MPNN models, if t exceeds 20 experimental trials and the accumulated maximum conversion yield is less than 10%, the
search space is expanded by 10% every �ve experiments.

The MPNN model was implemented using PyTorch in Python. The BO module is facilitated by “scikit-optimize python
library” and we used the “skopt.gp_minimize” function for AFGP_UCB. The results of the experimental investigations are
reported and discussed in the following section.
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Summary of task sets with de�nition of search space

    Task1 (vs. baselines, 50 humans) Task2 (vs. only 5 humans)

  Target
conditions
/Reaction
type

Suzuki-
Miyaura
(1a)

Buchwald-
Hartwig
(2a-2e)

Arylation
(3a)

Suzuki-
Miyaura
(4a-4j)

Buchwald-
Hartwig
(5a-5h)

Ullmann
Reaction
(6a, 6b)

Chan-
lam
Reaction
(7a, 7b)

Target
number of
conditions

Reactant1 3 - - - - - -

Reactant2 4 3 - - - - -

Additive - 22 - - - - -

Catalyst - 4 - 9 9 7 7

Base 7 3 4 8 9 13 3

Solvent 4 - 4 4 5 5 4

Ligand 11 - 12 12 12 9 -

Concentration - - 3 - - - -

Temperature - - 3 - - - -

Search space area 3,696 792 1,728 3,456 4,860 4,095 84

> 95% (yields) 1.92% 0.48% 0.58% - - - -

Number of 
target products

1 5 1 10 8 2 2

Reactions for training 1,227,756 8,541 49,625 158,605 17,705 10,518 2,694

Task 1: Optimization of reaction conditions to benchmark the
performance
We investigated the effectiveness of the proposed method for optimizing the chemical conditions on the Suzuki-Miyaura,
Buchwald-Hartwig, and Arylation reactions. We �rst targeted the number of trials (NT) to identify the top 1, 5, and 10%
target yields in the entire search space of reaction conditions as a performance measurement. We calculated the average
improvement rate (AIR) over a random selection of NTrs as performance indicator to allow for comparison with other
baselines (Eq. (6)). Here, N is the number of epochs required for the overall optimization process and we used 50 epochs
for all the models. In each optimization model, NTn

c is the NT in the c category of baseline models (Random Forest

(RF)46, BO42, humans42, MPNN47, and HDO), respectively. AIR represents the average improvement in the performance of
a model over the naïve approach that one might use as a starting point for experimental optimization. In other words, AIR
is the extent (percentage) to which the model differs from the naïve model. AIR 0 means the same number of trials with
random selection. When AIR has a negative value, the number of trails to �nd the combination of conditions with a target
yield exceeds the random selection.

Table 2. Comparison of reaction optimization performance with the baselines on Task 1.

Table 2. Summary of evaluation
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Reaction target Top% Target 
yield

RandomSearch RF BO MPNN Human 
(50 experts)

HDO 
(Ours)

        ANTr Average Improvement Rate over RS (AIR)

Suzuki- 
Miyaura

1(a) 1 96.20 98.15 0.1844 0.5885 0.6589 - 0.6685

5 92.52 19.55 0.0925 0.3750 0.4740 - 0.4740

10 88.19 9.51 0.2460 0.4440 0.6900 - 0.6900

Buchwald- 
Hartwig

2(a) 1 52.67 99.15 0.2244 0.7585 -0.1985 - 0.6642

5 47.94 18.54 0.1175 0.4245 -0.1725 - 0.3945

10 44.65 8.99 0.1060 0.4850 0.3850 - 0.4420

2(b) 1 83.09 97.54 0.2046 0.5846 0.5149 - 0.6885

5 79.06 19.54 0.0745 0.4395 0.3220 - 0.5505

10 73.58 9.15 0.1850 0.4550 0.3850 - 0.5850

2(c) 1 94.34 98.01 0.2844 0.5545 -0.0846 - 0.5585

5 86.76 19.44 0.0675 0.3725 -0.0670 - 0.3425

10 81.27 8.95 0.1890 0.5420 -0.2510 - 0.3850

2(d) 1 65.46 98.18 0.2549 0.6185 -0.1785 - 0.6745

5 52.56 19.24 0.2175 0.1940 0.1440 - 0.2210

10 49.15 8.97 0.2850 0.5010 0.3500 - 0.5850

2(e) 1 97.56 99.54 0.3085 0.6785 -0.2485 - 0.6986

5 91.05 19.54 0.2245 0.3945 0.1245 - 0.4125

10 86.25 8.98 0.1850 0.3850 0.1200 - 0.4850

Arylation 3(a) 1 91.21 98.66 0.1846 0.7485 0.4785 0.6382 0.7285

5 76.54 19.81 0.2420 0.4210 0.3345 0.4225 0.4560

10 59.11 9.43 0.4440 0.5850 0.4210 0.6750 0.6950

Bold numbers indicate the highest performing model for each reaction target.

AIR = 1/N∑ n
n=1

NTr
n −NTc

n

NTr
n

(6)

The results in Table 2 indicate that HDO signi�cantly outperformed the base models across the categories for the top 1,
5, and 10% optimization tasks. While MPNN actually produced negative top 1% AIRs over RS in some cases, these scores
showed the limitations of an optimization approach based on only exploitation. In the case of 2(a) and 2(c), HDO has
di�culties with the top 1, 5, and 10% tests over BO, and this could be the result of poor performance by MPNN; excluding
this target case, the HDO outperformed the baseline. A few interesting reaction type trends can be seen across the model
types. For instance, in the Suzuki-Miyaura reaction type, the training dataset for MPNN contains approximately 4,200,000

( )
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reaction conditions, whereas the Buchwald-Hartwig and Arylation datasets contain approximately 40,600. Therefore,
MPNN models the found best combination faster than others. Similarly, the HDO model also performed well in the
Suzuki-Miyaura reaction over BO, which still has a cold start problem. Likewise, for the top 5 and 10% yield searching
cases in Arylation reaction 3(a), the AIR of HDO was higher than that of the human experts and BO, although BO is the
best for the top 1%. Overall, the proposed model HDO found the best combination of conditions for a high yield compare
to other optimization algorithms and human experts. (The results of 3(a) are shown in detail in Supplementary
Information S4 sector)

Task 2: Validation of the HDO against �ve human chemists
This task was designed to additionally verify the performance of HDO in terms of general organic synthesis experiments
compared to chemists. Task 1 involved a comparison of various optimization models and repeat simulations on the
basis of Shields’s dataset, which includes yield results Fig. 3 Average cumulative maximum observed yields by the HDO
(blue curve) and the average yield of the combination of conditions proposed by �ve experts (black dotted line). HDO
required an average of 4.7 experiments to �nd the conditions with the same average yield obtained with the combination
of conditions proposed by the �ve experts for the 22 reactions.

corresponding to all combinations of reaction conditions. However, it is di�cult to obtain results from 1,000–4,000
different combinations of the conditions for one reaction. We therefore conducted experiments to create various
additional target molecules to assess the stability of the HDO performance in comparison with that of humans. In Task
2, we used 22 different reactions to determine the number of experimental trials required to reach the yield results
referenced by �ve specialists in the �eld of chemical synthesis. In these experiments, the four named reactions (the
Suzuki-Miyaura, Buchwald-Hartwig, Chan-Lam, and Ullmann reactions) were used to synthesize the 22 target products. In
addition, all the synthesis experiments included in Task 2 were also conducted on the HTE platform. In these tests, we
focused on optimizing four aspects of the reaction context (catalyst, solvent, base, ligands) for each individual reaction.
The results are plotted in Fig. 3. For the all 22 reactions, the best combination of reagents proposed by the �ve synthesis
experts had a yield value of 64.48 on average. In comparison, HDO achieved this yield value in 4.7 experiments (i.e., by
using 4.7 combinations of the reaction conditions) and average yield values of 82.18 were obtained by repeating the
experiments 50 times (Fig. 3). The performance varied for each of the four aforementioned named reactions. Because
the Reaxys database contains 158,605 training data for the Suzuki-Miyaura reaction, the HDO based on MPNN quickly
identi�ed the reaction conditions that delivered the yield of the combination of reaction conditions recommended by
experts in an average of 4.22 times for 10 reactions. However, as is evident from the cumulative number of experiments,
synthesis with the Suzuki-Miyaura reaction is easier than with the other named reactions. Therefore, the experts also
tended to swiftly determine an effective combination of conditions for this reaction. In the eight experiments based on
the Buchwald-Hartwig reaction, both HDO and the experts experienced di�culties to identify reaction conditions with
high yield. Except for the reaction shown in 5(c) in Fig. 5, all of the reactions yielded poor results, yet even in these
di�cult situations, HDO found expert-level yields after 1.9 trails on average. For the Ullmann and Chan-Lam reactions,
HDO required an average of 7.15 and 3.84 attempts, respectively, to identify the combination of conditions proposed by
the experts. Details are provided in Fig. 4.

Finally, Fig. 5 presents examples of fragments of each of the named reactions. In the Suzuki-Miyaura reaction in 4(a),
HDO proposed the same combination of conditions with the same yield value as the experts, and required a single
experiment. In examples 5(c) and 7(a) for the Buchwald-Hartwig and Ullmann reactions, respectively, HDO obtained
higher yield results than the experts with different combinations of reaction conditions and requiring two experimental
trials in both cases. These are examples of the optimal combination of conditions found in the initial �ve experiments
proposed by the MPNN models. In these cases, similar experiments were included in the training data, which are well-
predicted examples. In marked contrast, the Chan-Lam coupling reaction in 6(b) required 20 experimental trails to identify
reaction conditions with a conversion yield similar to that of the reference. Nevertheless, the proposed HDO algorithm
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demonstrated optimization performance comparable to that of the experts and was shown to have reliable and e�cient
navigation capabilities for a variety of combinations of reaction conditions.

Discussion
In this paper, we proposed the HDO algorithm based on graph neural networks and Bayesian optimization to e�ciently
determine the optimal reaction conditions for organic synthesis. In order to train the yield prediction model, Shields’s
study42,43, which required experiments to be conducted under the conditions selected as random for the initial 10 times,
is ine�cient in the case of a relatively easy reaction. Conversely, the prediction results of the MPNN model, which simply
trains experimental data extracted from the papers, is not working in an entirely novel reaction experiment cases. To
represent the numerical di�culty of a reaction experiment is a challenge. However, we designed to e�ciently change the
process of dynamically �nding optimal conditions to match the results of the on-going experiment. The proposed
algorithm is designed to utilize vast amounts of synthetic information to rapidly �nd the optimal experimental conditions
as well as to reliably search for the best conditions under which to conduct experiments when developing novel
reactions. That is based on an inexpensive acquisition function we formulated by balancing the explorative and
exploitative behavior of the algorithm. This approach enables an intuitive sampling policy to e�ciently accomplish
global optimization. As a result, in experimental simulations HDO could �nd the optimal conditions that satis�ed the
target yield faster than other algorithms that rely only on using Bayesian optimization.

In addition, we veri�ed the time required by the HDO algorithms to �nd the optimal combination of conditions proposed
by the specialists in organic synthesis. The HDO approach also met the target yield by more swiftly identifying a
combination of reaction conditions that are either the same or similar to those proposed by the synthesis experts
(requiring approximately 5−10 times less time) for four named reactions. Ultimately, we expect this method to serve as
an enabling tool for searching for promising chemical species and optimizing the structures of materials for various
applications in the �eld of materials discovery.
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Figures

Figure 1

Process of reaction optimization by HDO. (a) Given a reaction representation in the form of a graph-type molecular
structure, HDO speci�es a search space using the best combination of conditions predicted by MPNN. (b) Initial
experimental conditions are selected by adapting balanced methods that consider the trade-off between exploration and
exploitation. (c) Reaction yields acquired via HTE to experiment with a selected combination of initial conditions. (d) The
surrogate model (fGP) of BO is trained using the initial experimental results (yield) and calculates the acquisition function
(AFGP_UCB) of BO. (e) The priority is calculated (AFHDO) and the method determines whether to continue experimenting or
to expand the search space. (f) If the number of experiments exceeds 20 trials and the maximum yield is less than 10,
the initially narrowed range is expanded step-by-step (details in the text).
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Figure 2

Illustration of process of MPNN models to predict suitable reaction conditions given graph-type reaction representations
G.

Figure 3
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Average cumulative maximum observed yields by the HDO (blue curve) and the average yield of the combination of
conditions proposed by �ve experts (black dotted line). HDO required an average of 4.7 experiments to �nd the
conditions with the same average yield obtained with the combination of conditions proposed by the �ve experts for the
22 reactions.

Figure 4

Performance of HDO with respect to the four named reactions. Comparison of the yield results of HDO with the
conditions proposed by the experts for the Suzuki-Miyaura, Buchwald-Hartwig, Chan-Lam, and Ullmann reactions. On
average, HDO identi�ed suitable conditions after only 4.22, 1.9, 3.84, and 7.15 experimental trails, respectively.
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Figure 5

Examples of proposed reaction conditions details for the HDO with references. 
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