Fidelity of Robotic Chemical Operations of Homogenous and Heterogeneous Reactions
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Abstract

Chemical synthesis always involves laborious and time-consuming operations. Autonomous chemical
synthesis systems can liberate experimentalists from those routine tasks, but the design of automatic
chemical reaction machines is of great challenge. We describe herein the development of a real-life automatic
chemical operation platform by using a coordinated multi-robot system with artificial intelligence and
machine learning methods. The capacities of this platform were demonstrated by its application in
condensation reaction of 2,4-dinitrophenyldrazine with formaldehyde, and automatic catalyst evaluation of a
heterogeneous aza Diels-Alder reaction, suggesting the designed machine is applicable to both homogenous
and heterogeneous chemical reactions. Besides, the excellent repeatability and reproducibility of robotic tests
on these two model reactions indicate the great promise of massive transfer of manual to automatic

operation.
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Introduction

Automation in chemistry emerged as a highly efficient strategy to carry out operations that involve routine
works. This concept demonstrated its power in solid-phase peptide synthesis.! Recently, the development of
robot technology and computing capability boost chemical automation dramatically.? For example, organic
chemistry witnesses the unprecedented involvement of automation in the reaction design by machine
learning® and data feedback,* as well as abstraction and formalism of procedures.” The automation also
exhibited its broad coverage in the syntheses of various distinct small molecules in one platform.® Besides the
expenditure in automated synthetic study, the automation in analytic chemistry also shaped the workflow in
connection with reactions at various stages.”® Another great impact of automation in chemistry was well
presented in the search of new materials, which required multiple dimensions of parameters to be optimized

in a huge amount of optimization works.1%-12

In the established ways to fulfill the automation, flow chemistry was widely adopted from laboratory scale 3
15 to industrial productions.’® Recently, one seminal work of Burger and co-workers exhibited the
breakthrough of robotic chemistry in their research on the photocatalyst for hydrogen production from
water.l” By a combination of explicit robot engineering, the Al-enabled by Bayesian optimization in one
system, the reaction showed the batch process in autonomous system could achieve unprecedented
efficiency and duration. With all these landmark progresses, however, work as the benchmark to provide a
comparison of the fidelity of results from robotic/manual chemical operation is not explored, which is
necessary to test the reliability of robotic chemistry when a process shifts from personnel to autonomous

devices. One example reported by Fleischer and co-workers in their study using a dual-arm robot showed the




robot could achieve a comparable result during the pipetting liquid.” However, a reaction to benchmark the

whole effect of a robotic/manual is still required to be developed.

Although many routine and fixed chemical operations can be automated using automatic equipment or even
robotics, there are great challenges for the design of automatic chemical machines. Compared with its
counterpart of human beings, the intelligent machine (or robot) is good at repeated operations with high
precision, but is weak in reasoning, making decision and acting with uncertainties for complex tasks, while
these capabilities are desirable and necessary for an unmanned universal chemical robotic system. To be
specific, to ensure the fidelity of the chemical reaction machine, the following issues need to be well tackled.
1) A single robotic arm fixed or on a mobile platform is not enough for a universal and 24/7 working chemical
robot, which is also much limited to the trade-off between flexibility and precision.'® A coordinated multi-
robot system is a better choice for such application scenarios, while the design of coordinated multi-robot
systems is much more challenging than single robotic systems.® 2) The designed robotic system needs to be
universal and expandable for versatile chemical reactions. Modular design is one of the important methods
for expandable implementation, while it is a great challenge for the modular design of a complex system
consisting of heterogeneous subsystems. 3) For an unmanned automatic chemical reaction machine, machine
learning techniques such as deep reinforcement learning?® need to be applied for the task allocation, path
planning, motion control of the automatic reaction system. The automation and digitization of the whole
chemical reaction process also make it possible to store all the historical data of the reactions and to make

the system self-adaptive for future upgrading.

Our objective is to design an unmanned, 24/7 working, universal automatic chemical reaction machine with
high precision and efficiency, which consists of a mobile robot platform, a guided on-rail robotic arm and a
pipetting robot. A total solution of machine learning algorithms has also been developed to drive the whole
system to work autonomously and intelligently. As shown in Fig. 1a, the designed system is implemented by

two cooperative robots (i.e., a wheeled mobile robot with a robotic arm for materials carrying and a guided




on-rail robotic arm for chemical operations), a reagent station and a reaction staging with magnetically stirred
reactors. The reliability of the platform was evaluated through the comparison of robotic and manual
operation on two model reactions: 1) the condensation reaction of formaldehyde and 2,4-dinitrobenzene
hydrazine; 2) a heterogeneous aza Diels-Alder reaction (Fig. 1b and 1c). It will be demonstrated that the
designed automatic chemical reaction machine can perform different operation steps of multiple
experiments, and exhibits excellent repeatability and reproducibility through to a fidelity test on the model
reaction of 2,4-dinitrophenyldrazine and formaldehyde. 2122 Autonomous catalyst-performance testing on an
“on water” aza Diels-Alder reaction?® shows the potential of this system on high-throughput reaction
screening, and also suggests the adaptivity of this system in both homo- and heterogeneous reactions. The
success of the designed coordinated multi-robot system for automatic chemical experiments provides a
promising approach for the wide application of universal unmanned chemical reaction machine and even
makes it possible for the implementation of a completely unmanned chemical laboratory by combining the

latest development of artificial intelligence and robotics.?* 26
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Fig. 1 (a) Autonomous chemical operation platform; (b) Model reaction I: condensation reaction between
formaldehyde and 2,4-dinitrobenzene hydrazine (DNPH); (c) Model reaction II: simulation of catalyst

screening for a heterogeneous aza Diels-Alder reaction.

Experimental Methods

The automation section was conducted on the operation area using the guided on-rail robot assisted with the
wheeled mobile robot for materials carrying. General procedure to determine the fidelity of results from

robotic/manual chemical operation robotic/manual chemical operation is described as follows.




Procedure A, reaction of 2,4-dinitrophenyldrazine (1, DNPH) and CH;O (2): Four reactions charged with the
solution of formaldehyde, DNPH and acetate buffer (pH = 5) of different molar ratio was conducted in parallel.
These reaction sets were carried out for 3 runs. For comparison, the personnel operation was performed with
a manual pipette and the same tips as that used by robot. All reactions were performed at 50 °C for 60 min,
after which, several drops of the mixture were diluted with MeCN and analyzed on HPLC. More details are

available in Supporting Information.

Procedure B, simulation of catalyst screening for aza Diels-Alder reaction: In a 5 mL reaction tube was placed
N-benzylideneaniline 4 (54.4 mg, 0.30 mmol). A stock solution of a catalyst (0.6 mL, 0.05 M) and Danishefsky’s
diene 5 (90 mL, 0.45 mmol) were then added successively by manual operation and our automation system,
respectively. The mixture was stirred vigorously at 25 °C for 2 hours, after which the reaction mixture was
diluted with 0.5 mL CDCls, and (oxybis(methylene))dibenzene (119 mg, 0.6 mmol) was added as an internal
standard. 100 pL of the mixture was transferred to an NMR tube by pipetman and CDCls (0.3 mL) was added.
The vyield was determined by 'H NMR by the integration of the desired product 1,2-diphenyl-2,3-

dihydropyridin-4(1H)-one and internal standard. More details are available in Supporting Information.

Computational Methods

Density functional theory (DFT) calculations were performed at B3LYP-D3/Def2-TZVP//B3LYP-D3/Def2-SVP
level of theory.?”3! The solvent effect was treated with the PCM solvation model3? with water as the solvent
in structure optimization and single-point energy calculations (see the Supporting Information for more

details).

Results and Discussion

Simulation and System Design
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The designed real-life automatic chemical reaction machine is implemented by a cooperative multi-robot
system with artificial intelligence and machine learning technologies, and aims at providing a totally
unmanned, scalable, 24/7 working chemical reaction solution for most chemical experimental applications.
The chemical experiment automation system includes two types of robot arms, i.e., on a rail and on a mobile

platform, which can coordinate with each other and conduct multiple experiments at the same time.

We implement the robotic chemical operation system physically with a digital twin®® to increase the
intelligence of the whole system, shown as in Fig. 2, so that we can help design the physical robotic chemical
system, evaluate and test the system performance, predict future behavior, and refince the control to
optimize the chemical operations. Using the digital twin, the robotic chemical system first produces the
operation process in the 3D simulation environment, where multiple sets of experiments are allocated and
coordinated according to the reaction substances, operation types and operating time of the relevant
experiments. Then the cooperation workflow is scheduled for multiple robots, and is simulated to verify and
guarantee the performance of the robotic chemical system. Finally, the verified workflow is directly
transmitted to the physical robotic system through the communication protocol and is carried out to perform
the corresponding physical experimental operations. At the same time, the streaming data from the physical
system and its sensors are sent back to the digital twin to keep it up-to-date for future optimization, which is

powered by such artificial intelligence algorithms as deep learning and reinforcement learning.

Fig. 2 Physical implementation (a) and its digital twin (b) of the automatic chemical reaction system.




During the execution of the experiment, the wheeled mobile robot with a six-axis robotic arm for materials
carrying completes the transportation of chemical reaction materials. A pipetting robot adds the reaction
materials to the reaction vessel in a specific amount. The guided on-rail robotic arm (another six-axis robotic
arm fixed on the linear guiding rail) can move the reaction vessel to the corresponding device for heating or
stirring operations, and place the reaction vessel in the area to be tested after the reaction is completed. The
testing results of experimental products can be detected and recorded, and are provided to experimental
researchers or the automatic analysis algorithms for further screening and testing. The robotic chemical
system can perform different operation steps of multiple experiments at the same time, and help complete
most of the operations with high accuracy, which releases researchers from high-risk, tedious and high

repetitive procedures, and allows the researchers to concentrate on more creative work.

Fig. 3 Physical implementation of the robotic chemical experimental system, including (a) six-axis manipulator

on a linear guide module; (b) a manipulator fixture with a parallel end; (c) pipetting workstation; (d) lidar for

obstacle-avoidance and map-building; (e) trolley for reclaiming and feeding; (f) robotic arm; (g) parallel




gripper with a non-slip elastic sponge cushion to protect the reaction vessel and an adjustable clamp; (h) the

magnetic stirrer.

As shown in Fig. 3, the physical implementation of the robotic chemical experiment system consists of three
parts, i.e., a guided on-rail robotic manipulator, a pipetting robot, and a wheeled mobile robot as an AGV
(autonomous guided vehicle) trolley. The guided on-rail robotic manipulator consists of a linear guide module
and an ABB IRB120 six-axis manipulator (Fig. 3a). The linear guide module is driven by AC synchronous servo
motors and allows the robotic manipulator to move on a fixed rack track with a control accuracy of 1mm,
which can move the base of the manipulator quickly and smoothly to the optimal operating position. The ABB
IRB120 six-axis manipulator is controlled by an IRC5 compact control box with a positioning accuracy of
1+0.01mm. The high-precision position control ensures that the robotic manipulator can move to the specified
position accurately in complex environments and can accurately grasp the target object. In order to adapt to
the reaction vessels with different diameters, a manipulator fixture with a parallel end (Fig. 3b) is designed for
supporting multiple diameters. To guarantee the accuracy and efficiency of moving the chemical reactant, a

special three-degree-of-freedom single-channel pipetting workstation (Fig. 3c) is designed and integrated into

the whole system for pipetting. The precision of liquid transfer is 1uL.

Equipped with a lidar (Fig. 3d) for obstacle-avoidance and map-building, the AGV trolley (Fig. 3e) uses a
Japanese Tamagawa high-power motor and industrial-grade driver with encoders to ensure that the trolley
moves in accordance with the target trajectory. Using differential control on the motors, the AGV trolley can
turn and move more flexibly in the laboratory. In the laboratory, the AGV trolley can navigate to the
designated position to complete the tasks of reclaiming and feeding. The robotic arm mounted on the AGV is
selected as a collaborative robotic arm developed by "Joint Intelligence" as shown in Fig. 3f with a controller
of STM32F407VET6. This robotic arm contains six degrees of freedom with a payload of 3kg and the
repeatability accuracy of £0.05mm. The parallel gripper at the end of the robotic arm is shown as in Fig. 3g.

The clamping surfaces are always parallel during opening and closing, and there is a non-slip elastic sponge to




cushion and protect the reaction vessel. The clamp can provide an adjustable clamping force of up to 20N and
can easily grab objects of 1kg. In addition, the threaded holes for fixing the clamps are designed at the ends
of the parallel clamps to facilitate the expansion of applications, and the clamping tools can be extended for

different chemical reaction vessels.

Besides the multi-robotic systems, there are some standard instruments for such operations as stirring and
heating. As shown in Fig. 3h, the magnetic stirrer is selected as the stirring device and the robotic manipulator

may add a magnet into the reaction test tube and place it on the test tube rack.

Fig.4 Screenshot of part of the simulation scene of the robotic chemical experiment system.

The software components of the robotic chemical experiment system include a simulation system for the
digital twin, central control software for the physical systems and a communication system. The simulation
system uses the HedraSMF software as the simulation platform. As shown in Fig. 4, the scenario is designed in
the HedraSMF simulation software including the raw material area and the operation area. To run the
workflow verified in the simulation on the physical operation systems, a central control software is required
to coordinate the simulation system with the physical workstation and the coordinated multi-robotic system.
We design the corresponding control systems for all the robots and equipments. The communication

between different robots, and between the physical systems and the digital twin (the simulation system), are

10



solved through TCP communication. The control and communication structure is shown as in Fig. 5. We set
the central controller as the TCP server, the guided on-rail robotic manipulator as the TCP client 1, the AGV

trolley with a on-board high-performance computer as the TCP client 2, and the pipetting robot as the TCP

client 3.
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Fig. 5 Communication and control structure of the robotic chemical experiment system.

Fidelity of the Robotic Chemical Operation

As formaldehyde is a common pollutant in food and water and detrimental to public health, the first model
was chosen as the condensation reaction between formaldehyde and 2,4-dinitrobenzene hydrazine (DNPH).
Because of the robustness and good chemoselectivity of this reaction, the derivation of formaldehyde to 2,4-
dinitrophenylhydrazone is a classical method for detecting and measuring formaldehyde in biological and
environmental samples.?!?® The reaction could be carried out in acidic agueous media with broad

concentration in various mixtures giving the same product. As illustrated in Fig. 6 and video file in supporting

11



information, four reactions charged with the solution of formaldehyde and DNPH of different molar ratio by
robotic or manual pipette was conducted in parallel for 3 runs. Elevated temperature was applied to minimize
the difference of operation time used by robot/personnel at room temperature. The samples were analyzed
on HPLC instantly after a one-hour reaction (See Table S4-S6, Fig. S10 and S11 in the Supporting Information).

The concentrations of formaldehyde 4 stages were plotted against the HPLC area of DNPH derived hydrazone.

Fig. 6 Robotic chemical operation: a) Moving the reagent bottles and reaction tubes to the pipetting

workstation. b) Pipetting. c) Moving the reaction tubes to the Heating/Stirring module. d) Reaction ongoing

The linear regression results obtained from robot and personnel were compared in Fig. 7. It was found both
manual and robot operation could give linear results in the range of formaldehyde applied in reaction,
suggesting the good reproducibility of robotic operation. Meanwhile, the goodness of fit in three robotic sets
(mean 0.99857, standard deviation 0.00174) shows that the repeatability of robotic operation on the
automation operation is better than manual operation (mean 0.98667, standard deviation 0.00443). These

results suggest that the designed system is reliable for the transfer of experimentation from manual operation

12



to robotic ways. The fidelity of robotic chemical operations on this model reaction also shows the potential of

this automatic platform in high-throughput formaldehyde determination.
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Fig. 7 Comparison of results from robotic/manual chemical operation robotic/manual chemical operation on

the reaction of 2,4-dinitrophenyldrazine (DNPH) and CH,0.

We further explore the ability of the system to simulate reaction condition optimization of a known chemical
process, we selected a classical aza Diels—Alder reaction based on a precedent from Kobayashi and co-
workers.?* In addition to being a powerful strategy to synthesize the drug-like nitrogen-containing
heterocycles,?® another feature of this reaction is its ecological and low-cost advantages that benefit from
being performed in “green” water as reaction media.3> 3¢ Because of the insolubility of reactants and
products in water, this process provides an opportunity to test the performance of our platform in
heterogeneous reactions. As shown in Fig. 7a, five sodium salts were tested for the reaction of Danishefsky’s
diene with imine 4 in water conducted on three parallels. The stock solution of a catalyst (0.6 mL, 0.05 M) and
Danishefsky’s diene 5 were successively added to the reaction vial with 53.5 mg pre-weighed N-
benzylideneaniline 4. The performance of each catalyst was determined based on the product/internal
standard with benzyl ether as an internal standard. The results from the human and robotic operation are

collected in Fig.7b. Although the imine and Danishefsky’s diene are insoluble in water, this three-phase
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reaction system proceeds rapidly when NaOTf, Nal or 1-dodecanesulfonic acid sodium salt (SDS) was used as
the catalysts. However, the reaction is less efficient when performed with PhSO3;Na or NaOAc as the catalysts,
and only a slight amount of or no desired product was detected. These results indicate that the counterion of
the sodium salt has a significant influence on this reaction, which is consistent with previous studies by
Kobayashi et al.?* Compared with mannual operation, the robotic operated process exhibits good
reproducibility with low standard deviations ranging from 0.006 to 0.0036 (see Table S7 and S8 in the
Supporting Information). The good consistency of robotic and manual operation demonstrated the potential

utility of this platform in the automated reaction condition optimizations.
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Fig.8 Comparison of manual and robotic catalyst screening for a heterogeneous Aza Diels-Alder reaction: (a)
Model reaction; (b) Results of manual and robotic operation for 5 tested sodium salts. All data are presented

as mean values + SD.
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Interface with quantum chemical calculation

Finally, DFT calculations were conducted to shed light on the mechanistic details for the reaction between
2,4-dinitrophenyldrazine (DNPH) and formaldehyde, with the computational results displayed in Fig. 9. Under
acidic condition, the condensation reaction between 2,4-dinitrophenyldrazine and formaldehyde proceeds
through two steps: 1) the nucleophilic addition of DNPH affords an intermolecular hydrogen bond-stabilized
acetic acid-hemiaminal complex intl (DNPH + CH,O - intl); 2) dehydration of the hemiaminal intermediate
forms the corresponding hydrazone product (intl = pro). Our calculations show that the rate-determining
step of this reaction is the dehydration of the DNPH derived hemiamial intermediate int2, and the activation
barrier of this step is only about 17 kcal/mol with the assistance of one molecule of acetic acid. These
computational results are consistent with the mild experimental condition, the rapid reaction rate for the
condensation reaction of 2,4-dinitrophenyldrazine (DNPH) and formaldehyde. The further hybridation of the
present automatic robot operation with high throughput quantum chemical computations3’-3 and the
automatic reaction pathway searching strategy such as MD/CD3%* would build a flatform the automatic

rational design of chemical reactions and catalysts from the first principle.
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Fig. 9 Gibbs free energy profile for the reaction of 2,4-dinitrophenyldrazine (DNPH) with CH;O. Performed at
B3LYP-D3/Def2-TZVP(PCM, H,0)// B3LYP-D3/Def2-SVP (PCM, H,0) level of theory. Color code: white H; C,

gray; N, blue; O, red.

Conclusion

In summary, we have developed a highly reliable, flexible and general automatic chemical reaction machine
by the use of a coordinated multi-robot system. Fidelity test on two model reactions demonstrates that this
platform is a promising tool for the automation of chemical synthesis including both homogenous and
heterogeneous reactions. Given the capability of 24/7 working and applicability to different types of
reactions, the use of this automatic chemical reaction machine for future high-throughput reaction
screening®’ 42 is in progress in our laboratory. The combination of the automatic reaction machine with
computational-based automatic reaction design tool3%4° is highly desired to develop an intelligent reaction

system integrating reaction design, chemical synthesis, data analysis and feedback, leading to the upgrading
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of the research paradigm of synthetic chemistry from "labor-intensive and trial and error experiment" to

"automation and intelligence".

Supporting Information

Supporting Information is available and includes complete descriptions of experimental procedures,

calculations, structures, and a video for the robotic operation.
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