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ABSTRACT
The orchestration software (OS) for controlling self-driving laboratories (SDLs) has been 
advanced significantly in recent years. We developed NIMO (formerly NIMS-OS, NIMS 
Orchestration System), an OS explicitly designed to integrate multiple artificial intelligence 
(AI) algorithms with diverse exploratory objectives. NIMO provides a framework for integrating 
AI into robotic experimental systems that are controlled by other OS platforms based on both 
Python and non-Python languages. In this study, we demonstrate the realization of an SDL via 
NIMO by integrating AI into a legacy robotic system. As a proof of concept, we integrated an 
automated liquid handling system controlled by a Visual Basic (VB) program into the SDL 
through NIMO and performed parameter optimization of the dispensing process using 
Bayesian optimization, thereby enabling autonomous and automated experiments. NIMO 
facilitates AI integration through straightforward file exchanges, ensuring compatibility with 
robotic experimental systems programmed in non-Python languages such as VB and LabVIEW, 
as well as SDLs managed by other OS platforms. We anticipate that NIMO’s ability to support 
a broad spectrum of AI-driven autonomous experiments will significantly enhance the func
tionality and versatility of SDLs.

IMPACT STATEMENT
NIMO enables AI-driven automation in self-driving labs by bridging diverse experimental 
systems, including those using non-Python platforms, greatly enhancing SDL accessibility 
and flexibility.
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1. Introduction

The advent of self-driving research has revolutionized 
the fields of chemistry and materials science. Robots 
now conduct experiments automatically, while artificial 
intelligence (AI) determines the conditions for subse
quent experiments, creating a closed loop system that 

operates without human intervention. This autono
mous automated approach is increasingly being imple
mented worldwide to develop novel materials and 
molecules [1–11]. Numerous AI and machine learning 
methods have been devised for materials and chemical 
research [12–15]. Many of these methods are freely 
available as open-source tools, facilitating their 
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widespread adoption. Simultaneously, the emergence of 
programmable devices has enabled the development of 
self-driving laboratories (SDLs) tailored to diverse 
experimental objectives.

These SDLs integrate multiple experimental devices 
with technologies, such as AI, data mining methods, 
and data storage systems, requiring complex procedural 
coordination. To achieve seamless integration and 
workflow management, orchestration software (OS) 
plays a critical role. OS is a specialized program that 
unifies these components, ensuring efficient operation 
of SDLs. Given the unique requirements of different 
laboratories – ranging from experimental devices to 
workflows – OSs are frequently custom-built to suit 
specific needs, resulting in the creation of proprietary 
SDLs. However, there is a growing movement toward 
the development of open-source OS solutions, particu
larly those written in Python, which enable users to 
construct SDLs with relative ease. Table 1 provides 
a summary of the features and characteristics of major 
open-source OS platforms [16–26].

To construct an SDL where AI algorithms and 
robotic experiments are seamlessly integrated, it is 
ideal for all the programming to be written in 
a unified language across the system. Since Python is 
the standard programming language in AI algorithm 
development, the control system for robotic experi
ments and the interface for data exchange between AI 
algorithms and robotic experiments should ideally 
also be constructed using Python-based code. 
However, in reality, many robotic experimental sys
tems and the instruments integrated within them are 
controlled by programming languages other than 
Python. Therefore, it is important to develop an inter
face between AI algorithms and robotic experimental 
systems controlled by both Python and non-Python 
languages such as LabVIEW and Visual Basic.

Based on these research considerations, we recently 
developed NIMO (formerly NIMS-OS, NIMS 
Orchestration System) [21] as an OS designed to accom
modate multiple AI methods with varying exploratory 

objectives while maintaining a unified data format. 
Currently, NIMO supports several AI methods as stan
dard implementations, including Bayesian optimization 
via PHYSBO [27], the non-objective search method 
BLOX [28], the phase diagram construction method 
PDC [29–31], and random sampling. By introducing 
a common data format, NIMO facilitates the seamless 
integration of new algorithms for robotic experiments. 
The standard workflow for conducting autonomous 
automated experiments using NIMO comprises the fol
lowing steps: (1) NIMO selects promising experimental 
conditions from the ‘candidates.csv’ file and output them 
to ‘proposals.csv’. (2) Input files required to control the 
robotic experimental system are prepared by NIMO. (3) 
The robotic experiments are executed, and the results are 
outputted. (4) NIMO updates the ‘candidates.csv’ file and 
proposes subsequent experimental conditions. Unlike 
other OS platforms that aim to manage all operations 
within an SDL using a single OS, NIMO’s design enables 
the addition of diverse AI methods as wrappers to exist
ing robotic experimental systems that are controlled by 
other OS platforms based on both Python and non- 
Python languages.

Notably, NIMO enables legacy robotic experimen
tal systems controlled by non-Python languages to be 
structured as SDLs by introducing two Python pro
grams: ‘preparation_input.py’ and ‘analysis_output. 
py’, which serve as the interface between AI algo
rithms and robotic experiments (see Figure 1(a)). In 
this sense, modularizing AI algorithms and robotic 
experiments is a highly effective approach for convert
ing various existing robotic experimental systems into 
SDLs. Since ‘preparation_input.py’ and ‘analysis_out
put.py’ depend on the specific robotic experimental 
system, they need to be individually developed by the 
system’s developers. However, for developers who 
primarily use programming languages other than 
Python, creating these interface programs in Python 
may not always be an easy task. This challenge has 
been one of the limiting factors in the broader adop
tion of NIMO.

Table 1. Summary of orchestration software (OS) as open source.
Name Year Characteristics GitHub

Chemios [16] 2018 Integration of pumps, spectrometers and temperature controllers https://github.com/Chemios/chemios
ChemOS [17] 2020 Integration of experimental devices, AI, and database management for 

chemistry
https://github.com/aspuru-guzik-group/ChemOS

ARES_OS [18] 2021 Specializing in additive manufacturing for 3D printing technology https://github.com/AFRL-ARES/ARES_OS
HELAO [19] 2022 Adoption of fastAPI to control the experimental devices https://github.com/helgestein/helao-pub
Flowchem [20] 2022 Specializing in controlling chemical laboratory devices such as pumps 

and valves
https://github.com/cambiegroup/flowchem

NIMO (NIMS-OS) 
[21]

2023 Implementation of multiple AI algorithms depending on the research 
needs

https://github.com/NIMS-DA/nimo

LABS [22] 2023 Providing a centralized user interface for chemistry laboratory 
automation

https://github.com/Waldvogel-Group/LABS- 
User-Interface

ChemOS 2.0 [23] 2023 Realization of orchestration with ab initio calculations and portable 
‘Operating System’

https://github.com/malcolmsimgithub/ 
ChemOS2.0

OCTOPUS [24] 2024 Operation control system for task optimization and job parallelization https://github.com/KIST-CSRC/Octopus
AlabOS [25] 2024 Simultaneous execution of workflows and managing resources https://github.com/CederGroupHub/alabos
IvoryOS [26] 2025 Automatically generation of web interfaces from Python-based SDL code https://gitlab.com/heingroup/ivoryos
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To address this issue, in the present study, we devel
oped a more versatile strategy for constructing the 
interface between AI algorithms and legacy robotic 
experiments. Specifically, by placing the interface pro
grams corresponding to ‘preparation_input.py’ and 
‘analysis_output.py’ on the robotic experiment side 
(see Figure 1(b)), it becomes possible to create the inter
face using some programming languages used to con
trol robotic experimental systems, rather than Python. 
This design concept is particularly realized through the 
use of NIMO in STANdard (STAN) mode which will be 
explained in Sec. 2.3. We demonstrated the effectiveness 
of this design by constructing an SDL for an automated 
liquid handler controlled by Visual Basic (VB). In an 
SDL, it is essential to carry out AI-proposed multi- 
condition solution mixing with high precision and 
speed, making the liquid handler a critical core instru
ment. A single liquid handler can automatically switch 
between multiple liquid samples, aspirate, and dispense 
them under program control, enabling complex solu
tion mixing. While syringe pumps are effective for the 
precise delivery of a small number of specific solutions 
in an SDL, liquid handlers are more suitable for condi
tion exploration involving many liquid samples. 
Although Python-controllable liquid handlers, such as 
those from Opentrons [32], are available, most of those 
exists are operated using software other than Python. 
Here, Bayesian optimization, one of the AI algorithms 
implemented in NIMO, is applied to automate liquid 
handling. The target problem is to optimize dispensing 
parameters for achieving uniform droplets under the 
constraint of constant volume. Maintaining droplet 

uniformity is crucial, as it ensures reproducibility, pre
cise control over reactions, and consistent product qual
ity and performance.

2. Integration of legacy liquid handler into 
a SDL via NIMO

2.1. Devices to construct SDL

The BioDot AD1520 liquid handler was employed for 
contactless dispensing. Dispensing in the BioDot is 
controlled by two parameters: steady-state pressure, 
which determines the syringe pressure, and open time, 
which specifies the dispensing valve opening/closing 
duration. A Dino-Lite AF4115ZTW camera was uti
lized for capturing experimental data.

2.2. Automated liquid handling system using 
Visual Basic

The integration of the liquid handler and camera 
measurement was achieved using a VB program and 
several software tools for Windows, and the con
structed system is shown in Figure 2. The dispenser 
and camera are mounted on a three-axis robotic arm, 
which allows for precise movement along the XYZ 
axes. The BioDot AD1520 was connected to a USB 
port of Windows PC by converting RS-232C to USB 
for controlling the XYZ coordinate movement of the 
robotic arm and Ethernet for pump control. A Dino- 
Lite camera was mounted on the robotic arm and 
connected to the PC through a USB port. The system 

Figure 1. Workflows for (a) general use of NIMO and (b) ‘STAN’ mode. When ‘STAN’ mode is used, the interface programs can be 
created using programming languages employed to control robotic experiments such as LabVIEW and Visual Basic.
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equipped with AxSys software for controlling the 
BioDot dispenser and EasyInspector software 
(SkyLogic) for image acquisition. Both Windows soft
ware tools were installed on the PC. To ensure seam
less operation, the automated experimental system 
was controlled via a Visual Basic (VB) program, 
which managed ActiveX components. ActiveX control 
or C++ dispatch is required for operating AxSys, while 
the EasyInspector software, which supports serial 
communication, was also controlled through VB.

Liquid handling and capturing experimental data 
were performed according to the procedure detailed in 
the supplementary movie. The process involved the 
following steps:

(1) Washing the inside and outside of the dispenser
(2) Injecting the liquid sample into the dispenser
(3) Ejecting the liquid sample five times onto 

water-sensitive papers
(4) Washing the inside and outside of the dispenser
(5) Photographing the droplet and performing 

image analysis (five times)

An example of a recipe file for AxSys that describes the 
operations from (1) to (4) is provided as ‘supplemen
tary_file1.txt’. Additionally, a text file containing the 
XYZ coordinates for the liquid sample positions is 

loaded into AxSys. During (5), VB generates a text 
file specifying the XYZ coordinates for the droplet 
positions, and a program to move the robotic arm 
(Fig. S1) is executed via AxSys. The image acquisition 
and analysis are carried out using the EasyInspector 
software. Supplementary codes 1 and 2 provide exam
ples of VB code used for the interfacing with AxSys 
and EasyInspector, respectively. The entire liquid 
handling operation, encompassing (1) to (5), is con
trolled by the VB program. The program workflow is 
illustrated by the purple dotted square in Figure 3. The 
total time required to complete these operations is 
approximately three minutes. This system was con
trolled by a non-Python program and does not include 
any AI components. Thus, it is an important target for 
implementing closed-loop control using NIMO.

2.3. SLD construction using NIMO

NIMO’s ‘STAN’ mode facilitates the addition of AI to the 
automated liquid handling system introduced in Sec. 2.2. 
In ‘STAN’ mode, when NIMO proposes the next set of 
experimental conditions, it outputs a file named ‘propo
sals.csv’ and creates an empty file named ‘inputend.txt’. 
After that, NIMO remains in standby until it detects an 
empty file named ‘outputend.txt’. Once ‘outputend.txt’ is 
detected, NIMO exits standby mode. Thus, synchroniza
tion between the robotic experimental system and the AI 
can be achieved using only file exchange.

To synchronize NIMO with the automated liquid 
handling system, minor modifications to the VB pro
gram are needed. In ‘STAN’ mode, when NIMO gen
erates the next set of experimental conditions, it outputs 
‘proposals.csv’ and ‘inputend.txt’ (see Figure 3). The VB 
program detects the presence of ‘inputend.txt’ and initi
ates the experimental procedures automatically. During 
this process, ‘inputend.txt’ is removed by VB, signalling 
that the experiments have started. In ‘STAN’ mode, 
NIMO remains in a standby state until it detects ‘out
putend.txt’, which is created by VB at the end of the 
experimental operations (see Figure 3). Once ‘outpu
tend.txt’ is generated, NIMO’s standby state is termi
nated. Simultaneously, VB creates ‘results.csv’ which 
contains the evaluated objective function values. Using 
the data in ‘results.csv’, NIMO updates ‘candidates.csv’ 
automatically. These steps establish seamless integra
tion between NIMO and the automated experimental 
system through simple file exchanges (see Figure 3). It is 
important to note that an SDL can be constructed with 
minimal modifications to the VB program for the auto
mated liquid handling system. Specifically, VB pro
grams for file exchange and for rewriting dispensing 
parameters in the recipe file need to be added, ensuring 
the original workflow of the robotic experiments 
remains unchanged. In addition, there is no need to 
develop Python programs to connect AI and robotic 
experiments.

Figure 2. Images of the automated liquid handling system. (a) 
Overview of the system comprising a BioDot dispenser, a Dino- 
Lite camera, and a control PC running NIMO, AxSys, and 
EasyInspector software. (b) Layout of the water-sensitive 
paper, liquid samples, and washing reactor. The system can 
accommodate up to 14 sheets of water-sensitive papers.
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3. Demonstration of autonomous automated 
liquid handling

3.1. Definition of optimization problem

In this study, we used the optimization of dispensing 
parameters for achieving uniform droplets with 
a commercial liquid handler as a model system for our 
closed-loop experimental investigation. In particular, we 
utilized a non-contact micro-dispensing system driven by 
a combination of a solenoid valve and a high-precision 
syringe pump. The droplet uniformity is measured by 
performing image analysis with a camera using water- 
sensitive paper. Droplet uniformity is defined as the 
average of the vertical and horizontal diameters of five 
independent droplets, measured after contacting the 
paper and before drying, with the liquid volume kept 
constant. Maintaining droplet uniformity affects product 
quality and performance stability.

The uniformity of the droplets ejected by the 
dispenser depends on the various factors which are 
collectively referred to as dispensing parameters 
throughout this paper. These factors include the 
physical properties of the solution such as viscosity 
and surface tension, as well as the operating para
meters of the dispenser, including syringe pressure 
and dispensing valve opening/closing duration. 
Thus, achieving the desired droplet uniformity 
requires precise tuning of these parameters. 
Conventionally, this parameter optimization process 
has been conducted through a trial-and-error-based 
approach, relying heavily on the operator’s experi
ence. While common, this approach presents signif
icant challenges in terms of efficiency and 

reproducibility. Based on these considerations, this 
study aims to systematically analyze and optimize 
the parameters of liquid dispensing to achieve high 
droplet uniformity.

The experimental procedure to measure the droplet 
uniformity is outlined as follows:

(1) A 100 nL sample was dispensed five times 
according to the specified dispensing para
meters onto a water-sensitive paper at regular 
intervals.

(2) The vertical and horizontal diameters of each 
droplet were measured on the EasyInspector 
software (see Figure 4). The measurement is 
performed after the droplet contacts the 
paper, before drying occurs. If image analysis 
detects any droplet splashing, the diameters for 
the corresponding spot are set to zero.

(3) For the five spots, the vertical and horizontal 
measurements were averaged as �L.

(4) Assuming that the uniform droplets have an 
average diameter of L, the objective function 
was defined as: 

When �L ¼ L, the value of O is maximized.
To demonstrate the autonomous automated liquid 

handling, a closed-loop exploration of dispensing 
parameters was conducted. Bayesian optimization 
using PHYSBO served as the AI implemented in 
NIMO. For the experiments, eleven aqueous solutions 
with varying concentrations of polyethylene glycol 
(PEG) were prepared, ranging from 0% to 25% in 

Figure 3. Workflow of the program for achieving a self-driving liquid handling system. The purple dotted square illustrates the 
program flow in Visual Basic (VB) for the automated liquid handling system. The orange dotted square represents the complete 
workflow of the autonomous automated liquid handling system, managed by NIMO. Synchronization between NIMO and VB is 
facilitated through the exchange of text files (‘inputend.txt’ and ‘outputend.txt’) using NIMO’s STAN mode.
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2.5% increments. As the viscosity of these solutions 
increased monotonically with PEG concentration, this 
value set as variable parameter. In addition, the pro
cess parameter of dispenser, steady-state pressure and 
dispensing valve opening/closing duration are also set 
as variable parameters. Note that these two process 
parameters correspond to the ‘Open Time’ (line 226) 
and ‘Transfer Volume’ (line 1669), respectively, and 
these are modified by the VB program. Overall, these 
three variables were assigned discrete values, as sum
marized in Table 2, resulting in a total of 2,860 candi
date experimental conditions. In this experiment, L 
was set to 2.4 mm. Since the Bayesian optimization 
method PHYSBO in NIMO proposes experimental 
conditions that maximize the objective function, the 
objective function defined as Eq. (1) was defined to 
achieve its maximum value of 0 when �L ¼ L.

3.2. Optimization results

Our closed-loop system enables high-throughput experi
ments at a rate of 20 samples per hour. Initially, 10 
conditions were selected, randomly. Subsequently, 220 
cycles of Bayesian optimization were performed. For 
comparison, another set of experiments was conducted 
in which all 230 cycles were randomly selected by NIMO. 
The transitions of the objective function (O) defined in 
Eq. (1) across iteration cycles are shown in Figure 5(a). 

The results indicate that Bayesian optimization identified 
dispensing parameters that achieve uniform droplets 
with fewer experiments than random sampling. The his
togram of the objective function values for the 230 experi
ments, presented in Figure 5(b), further demonstrates 
that the Bayesian optimization identified numerous dis
pensing parameters with high objective function values. 
These findings confirm that the Bayesian optimization 
effectively controls the self-driving liquid handling 
system.

The distributions of the dispensing parameters and 
the average of droplet diameters �L for the experimen
tal results obtained via Bayesian optimization are 
shown in Figure 5(c). Pearson’s correlation coeffi
cients are also provided, revealing a negative correla
tion between PEG concentration and �L. This suggests 
that increasing �L requires a reduction in PEG concen
tration, a result consistent with the relationship 
between viscosity and �L, that is, lower viscosity results 
in larger droplets. Conversely, the correlations 
between steady-state pressure, open time, and �L were 
minimal, with steady-state pressure showing 
a correlation coefficient close to zero. These findings 
indicate that for PEG samples, droplet uniformity on 
the water-sensitive paper is influenced more signifi
cantly by the liquid properties than by the operating 
parameters of the dispenser. On the other hand, in 
general, when handling high-viscosity liquids, increas
ing both the pressure and the open time is expected to 
result in larger �L upon impact with water-sensitive 
paper. In practice, when viscosity is kept constant, 
a positive correlation between open time and �L has 
been observed. For example, at a concentration of 0%, 
the Pearson correlation coefficient between open time 
and �L is over 0.55. For higher-viscosity PEG samples, it 

Figure 4. Example of spots on the water-sensitive paper and 
the corresponding image analysis results. The horizontal and 
vertical diameters of a total of five spots are measured, and 
their average value (�L) is used to define the objective function 
as described in Eq. (1).

Table 2. Control parameters for dispensing. For steady-state 
pressure, open time, and concentration, 13, 10, and 11 discrete 
values were selected as possible options, respectively. The 
total number of experimental conditions is 13 � 20 � 11 ¼
2860.

Steady-state pressure Open time Concentration

0.3 nL 50 μs 0%
0.4 nL 100 μs 2.5%
0.5 nL 150 μs 5%
0.6 nL 200 μs 7.5%
0.7 nL 250 μs 10%
0.8 nL 300 μs 12.5%
0.9 nL 350 μs 15%
1.0 nL 400 μs 17.5%
1.1 nL 450 μs 20%
1.2 nL 500 μs 22.5%
1.3 nL 550 μs 25%
1.4 nL 600 μs
1.5 nL 650 μs

700 μs
750 μs
800 μs
850 μs
900 μs
950 μs

1000 μs
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might be possible to achieve larger �L by extending the 
open time beyond the current upper limit of 1000 µs in 
the exploration range. However, even when concen
tration is fixed, no correlation is observed between 
pressure and �L, indicating that pressure is not an 
influential parameter in the current exploration 
problem.

4. Conclusion

In this study, we explored the integration of AI into an 
existing automated experimental system using NIMO. 
By facilitating the exchange of input and output files, 
NIMO enables the addition of AI without disrupting the 
workflow of the robotic experimental system. We 
demonstrated the feasibility of constructing a self- 
driving system by incorporating AI into an automated 
liquid handling system controlled by a Visual Basic (VB) 
program. Using NIMO’s ‘STAN’ mode, we successfully 
synchronized the Python-based AI program in NIMO 
with the VB-controlled liquid handling system. This 
approach highlights the versatility of NIMO, which 
allows seamless integration of AI into existing robotic 
experimental systems programmed in non-Python lan
guages such as VB and LabVIEW, as well as self-driving 
laboratories (SDLs) managed by other orchestration soft
ware (OS) platforms. We believe that the incorporation 
of diverse AI methodologies implemented in NIMO will 

significantly enhance the capabilities and efficiency of 
SDLs, paving the way for advancements in experimental 
research and innovation.

Author contributions

R.T., H.T., and S.Ma. conceived the idea and designed the 
research. H.T. performed the experiments. S.Mu., D.R., and 
T.Y. developed Visual Basic program. R.T., K.T., and S.Ma. 
developed the NIMO package. All members contributed to 
the preparation of the manuscript.

Disclosure statement

No potential conflict of interest was reported by the 
author(s). 

Funding

This work was supported by Ministry of Education, Culture, 
Sports, Science, and Technology (MEXT) Program: Data 
Creation and Utilization Type Materials Research and 
Development Project [Grant Number JPMXP1121467561]. 
R.T. was partially supported by the JST, PRESTO [Grant 
Number JPMJPR24T8].

Data availability statement

The data supporting the findings of this study are available 
from the corresponding author upon reasonable request.

Figure 5. Results of autonomous automated liquid handling. (a) Objective function values plotted as a function of iteration cycle 
for random sampling and Bayesian optimization (BO). The lines represent the maximum objective function values observed up to 
each cycle. (b) Histograms showing the distribution of objective function values obtained through random sampling and BO. (c) 
Average droplet diameter �L plotted as a function of steady-state pressure, open time, and PEG concentration. Pearson’s correlation 
coefficients (r) are also provided to indicate the strength and direction of the relationships.
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