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Summary 

Progress in data-driven self-driving laboratories for solving materials grand challenges has accelerated 

with the advent of machine learning, robotics and automation but usually designed with specific 

materials and processes in mind. To develop the next generation of Materials Acceleration Platforms 

(MAPs), we propose a unified framework to enable collaboration between MAPs, leveraging on object-

oriented programming principles using which research groups around the world would be able to 

effectively evolve experimental workflows. We demonstrate the framework via three experimental case 

studies from disparate fields to illustrate the evolution of, and seamless integration between workflows, 

promoting efficient resource utilisation and collaboration. Moving forward, we project our framework 

on three other research areas that would benefit from such an evolving workflow. Through the wide 

adoption of our framework, we envision a collaborative, connected, global community of MAPs 

working together to solve scientific grand challenges. 

mailto:kedar@ntu.edu.sg


2 
 

Introduction 

Novel materials and devices are often the impetus behind scientific progress in fulfilling societal and 

technological needs. Historically, materials development has been slow, with most technologies taking 

at least 20 years from discovery to commercialization 1. Such a time frame is not adequate to alleviate 

the problems posed by climate change and a growing energy economy. To meet these needs, accelerated 

materials innovation has been achieved through synergistic combination of advancements in automation 

and high-throughput (HT) capabilities, as well as integration of machine learning and artificial 

intelligence for active learning and closed-loop experimentation 2–9. Such infrastructure has culminated 

in the development of self-driving laboratories or Materials Acceleration Platforms (MAPs), which hold 

the key to efficiently navigating the vast chemical space of functional and structural materials. This 

approach has already proved to be successful for the discovery of materials relevant to tackling climate 

change such as perovskite solar cells, solar fuel photoanodes, organic polymer photocatalysts among 

many others 10–13. 

With countless possible materials, compounded by the multitude of different possible manufacturing 

and characterization processes, the full potential of these MAPs is yet to be unlocked. Currently, 

individual MAPs tend to be developed with self-contained experimental workflows in mind for a 

targeted material or application. The development of a MAP tends to be a time-intensive process where 

the workflow evolves through domain knowledge and engineering constraints. This leads to limitations 

within the community where MAPs, and their associated research groups, tend to operate in isolation. 

A new framework is required to allow for interfacing among different MAPs with evolving workflows 

and experimental capabilities, characterization techniques, and analytics, so that cross-pollinated data-

driven experiments can be conceived and executed. This can enable the flexible execution for 

collaborators to share domain knowledge, data, tools, and processes, and integrate these innovations 

within a global community.  

In response to the call-to-action by Seifrid et al. 14 for ideas to develop the next-generation MAPs, we 

present in this white paper a framework inspired by object-oriented programming principles to enable 

such evolution of processes and materials discovery via collaborative experimental workflows. In the 

next section, we elaborate on our framework and illustrate a typical materials development workflow 

that can be executed with collaborative MAPs. 
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Proposal 

In an object-oriented paradigm15, classes are user-defined blueprints from which objects are 

instantiated. Methods are functions defined in classes, which is an abstraction of an action, to maintain 

reusability or encapsulate functionality within the class or object. Attributes describe information or 

features that a class can contain, with specifically assigned values in objects. Borrowing from this 

paradigm, we envision a workflow planning framework for MAP development resembling software 

code with well-defined input and return variable types. 

In our framework, as depicted in Figure 1, a workflow comprises a sequence of states linked by a series 

of tasks from initial to final state, which we define as the base classes. These states can be physical 

samples or data, that we keep records of, or collect data from. Examples of states are chemical 

precursors, material properties, and trained models. An article is an instance of the state class. One 

could start by identifying the final output state and work backwards to identify the intermediate states 

and inputs to acquire. These states serve as checkpoints and the path between checkpoints can change, 

through intelligent planning, which we discuss further below. 

Tasks can be broken down further into actions by specifying the use of a particular tool. We define four 

categories of tasks: material synthesis (chemical reactions/formulations), material processing (physical 

transformations), characterization (measurements), and analysis (cognitive functions). Thereafter, a 

technique is a subclass of a task (e.g., material processing ⊃ thin film deposition ⊃ spin coating). There 

can be many permutations of techniques and tools for a given task, where some techniques naturally 

limit themselves to particular tools. Techniques can then be selected based on constraints placed by the 

input and output state attributes, and inherit similar attributes from the same parent task. A tool that can 

complete a task using a specific technique is an instance of that technique subclass, and these objects 

contain methods that we refer to as actions. From these tools, we can collect associated metadata. 

We make use of two key principles of object-oriented thinking: abstraction and inheritance. Through 

abstraction, we distil the states and tasks into their simplest tool-agnostic forms. For states, abstraction 

outlines the scope of objects we might encounter in the workflow, surfacing only the relevant attributes 

and properties for defining tasks. These state attributes narrow down the possible tasks that are 

reconcilable with a given input/output pair. For tasks, abstraction creates the flexibility to continually 

evolve tools used to accomplish the tasks, ensuring compatibility with the rest of the workflow since 

the input and output states match.  

With inheritance, we establish a clear hierarchy of classes and lay out the common attributes and 

methods at each level. For states, this is useful for describing the range of objects handled in that node 

in enough detail, without loss of generality. A state can then be defined with increasing specificity by 
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creating subclasses, which inherit the attributes of the base class (e.g., liquid ⊃ solvent ⊃ reagent). For 

tasks, having this hierarchy brings out the common control parameters and attributes across a suite of 

subclasses (i.e., techniques) or objects (i.e., tools). This can help us describe specific limitations of the 

technique/tool. Table 1 provides a glossary of the terms/concepts we defined beforehand. 

To perform intelligent planning of experimental workflow that optimises task metrics with the same 

desired intermediate states and final output, we need sufficient metadata that describes the various 

‘routes’ (i.e., from different MAPs of differing capabilities) available to prepare an identical sample. 

This can be described by the job-shop scheduling problem 17: there is a specific order of tasks to be 

completed (e.g., synthesis to characterization to modelling), where constraints can be set such that 

certain tasks are restricted to certain machines. The goal is to then optimise for the aforementioned task 

metrics as described in Figure 1, such that we derive an evolved workflow 18. This can be 

computationally solved via optimization and scheduling algorithms 19,20 

In line with the FAIR data principles 21, we envisage two distinct sets of data being generated during 

the evolution of a workflow: (1) the materials and tool-specific process data that relates to the inputs 

and outputs of an experiment and used for closed-loop optimisation, and (2) the attributes / methods of 

the various states and tasks that constitute a workflow using our object-oriented framework. Current 

practices of storing structured data in relational databases remains best-suited to link materials and tool-

specific process data together, since it encapsulates all the relevant information for closed-loop machine 

learning applications. However, using a relational database to store the relevant information of the states 

and tasks used in our object-oriented framework would result in a sparse table as there is a huge diversity 

in the attributes and methods that define each instance of a class. Non-tabular data files such as JSON 

files are more suitable to provide flexibility to store the attributes / methods of different states and tasks. 

Implementing object-relational or NoSQL databases would provide a solution for this mismatch. 

PostgreSQL is an object-relational database management system that supports the SQL capabilities 

relevant to store data type (1) and offers flexible non-relational storage of information as JSON files for 

data type (2). 

Finally, the application of this framework can highlight tooling gaps between states and the opportunity 

for collaboration between teams. With predefined inputs and outputs serving as a “handshake” or an 

interface between different MAPs or tools, different teams can work on different tasks or work on 

improving the same technique concurrently, knowing that they can be coupled. 

Case studies 

Here, we present three case studies to illustrate how our object-oriented framework can be used to 

enable the evolution of workflows.  
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CS1: Enabling accurate MWD prediction in inaccessible chemical space 

In this case study, we demonstrate our evolved workflow to create a model that predicts Molecular 

Weight Distribution (MWD) of polystyrene for a given set of input reaction parameters such as 

monomer and initiator concentrations 22. Figure 2 shows our workflow mapping from the initial state 

represented by the precursors class to the output state which is a prediction of polystyrene MWD. 

Our initial aim was to use a computer-controlled segmented-flow reactor to carry out multiple 

experimental conditions at once in a HT fashion. As we proceeded to explore the entire parameter space 

on the flow reactor, we observed precipitation of AIBN in the syringes for reactions that had both high 

AIBN to styrene ratios and high styrene concentrations. Rather than be bound by engineering limitations 

of the flow reactor, we evolved the experimental workflow by incorporating a batch reactor that met 

the requirements of the inaccessible chemical space. Thus, we carried out a subset of reaction conditions 

using a batch technique that would complement the MWD data of HT flow technique. The second task 

shown in Figure 2 describes this evolution in our workflow. Nonetheless, the abstracted workflow still 

allows for future improvements of our material synthesis tools into improved versions that completely 

rely on automation and can explore the full parameter space. 

For the analysis of our MWD data our workflow had to evolve to be able to utilise the data obtained 

from two different material synthesis techniques. Thus, we used transfer learning from the HT flow 

reactor to batch experiments enhancing the predictive ability of the Deep Neural Network (DNN) 

algorithm. Therefore, we pre-trained a DNN using data from the polymers generated from the flow 

technique, freezing all the weights of the DNN except for the last layer and allowing it to be fine-tuned 

using data from the polymers generated from the batch technique. The resultant predictions were highly 

accurate. Through this work, we demonstrated the advantages of having parallel workflows (flow and 

batch), in which other research groups can also integrate into their MAPs, or utilise existing setups like 

ours. 

CS2: Tuning quantum dot (QD) surface ligands for high electrical performance 

In the next case study, we investigated the effect of ligand mixtures on the electrical conductivity of 

QD thin films. We first predefined the sequence of input and output states in our workflow, as well as 

the linking tasks (Figure 3). Given that we could deposit patterned device contacts in batches of 20, our 

bottlenecks were in fabricating thin films and characterising devices. 

The QD deposition task involves 5 different reagents across 7 separate spin steps, including ligand 

exchange, surface treatment, and washing steps. To get a consistent 100 nm thin film from a liquid 

starting material, we selected a spin-coating technique. When we initially did it manually (with a Laurell 
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spin-coater), much of each 1-minute spin step was spent waiting. Hence, we built a multi-spinner tool 

to concurrently process 4 substrates, increasing throughput with parallelisation. To eliminate errors 

from changing pipette tips and increase repeatability, we coupled it with an automated multi-channel 

dispensing setup. These added up to give our desired throughput and film quality. 

For electrical characterisation, we used a 2-point probe setup connected to two Keithley 2450 machines, 

one each for source-drain and gate voltages, and manually made contact with the sample devices. Each 

substrate had several devices of differing channel lengths, making probe alignment after each voltage 

sweep a time-consuming process. To tackle this, we built a 3-axis cartesian robot to place the probes on 

the device contacts, enabled by a machine-vision system that identifies the device positions and 

automatically moves the probes to the next device after each measurement. In both tasks, the framework 

pinpoints potential areas for process evolution and the well-defined input/output states ensure 

compatibility of the improved tools with the rest of the workflow. Furthermore, our work identified and 

corrected an engineering gap within QD thin films, which could be shared with other thin film MAPs. 

CS3: Solid-state synthesis 

This case study describes the application of an object-oriented framework to solid-state synthesis 

(Figure 4), which involves long range diffusion and rearrangement of atomic species 23,24. Due to the 

sluggish solid diffusion processes, high temperature or pressure are held for a long time to overcome 

the kinetic barriers for diffusion 25. Solid-state synthesis can be abstracted into two tasks: i) reagent 

mixing and ii) solid-state reaction, with the latter usually being the rate-limiting task.  

The first task (mixing) acts on the initial state (elemental precursors) using a ball milling tool, changing 

the subclass. Subsequently, state 2 was heated up (action 1) to target temperature using a manual tool 

for phase formation. The process evolved targeting a different subclass of state 1: precursor 

homogenization at the nanoscale 26. This was achieved by switching the tool used in action 1, from ball 

milling to spark plasma discharge. Although the diffusion time is indeed reduced, we find that the 

bottleneck is not task 1 but task 2, specifically the slow ramping and cooling rates.  

The tool used in task 2 was switched from furnace to rapid joule heating, resulting in state 3, an 

inorganic compound. The next task is to elucidate the crystal structure, carried out using the x-ray 

diffraction (XRD) technique. Further process evolution can be achieved by switching the tool to a 

synchrotron facility, increasing throughput and fidelity, for instance through collaboration with MAPs 

such as the Stanford Linear Accelerator Center. Analysis, for example, combines the Fourier-

transformed crystal properties (FTCP) algorithm for encoding crystal structure and transfer learning to 

predicted structure in state 5. The predictions of the model are then fed back into the workflow (new 

state 1) and another iteration of the workflow is carried out.  
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Future works 

Our case studies demonstrate how evolving workflows might become a necessity given the increasing 

complexity of experiments and the inherent limitations of the tools used within a MAP. Instead of 

restricting experimentalists to only a small subset of the parameter space, we should strive to be flexible 

and adapt to changing requirements of a particular workflow. Below, we show three examples that could 

benefit from using our proposed framework to map out the possible tasks that could be used to maximise 

the experimental space to arrive at a specific final state.  

FW1: Metal oxide synthesis for photo/electrocatalytic materials 

Sol-gel synthesis in mild (low temperature and pressure) conditions 27 ushers in the possibility of HT 

experiments for metal oxide film discovery. Our group recently employed a MAP to investigate Cu-Sb-

S oxide film materials, integrating a self-driving HT robot to automate tasks such as precursor mixing, 

spin-coating, and annealing. All this was implemented in closed-loop experimentation via Bayesian 

Optimization to drive active learning. It only took several weeks to converge on a composition-process 

solution with ~100 multi-labelled experiments. However, this implementation had its limitations 

including the inability to handle high-viscosity liquids, spin coating one sample at a time, and offline 

characterization of the samples.  

An evolution of the mixing task could involve integrating an overhead gravimetric dispenser and robots 

that can handle highly viscous liquids. Additionally, we can simplify the characterization task by using 

a scanning droplet cell (SDC), which directly measures photo/electrocatalytic performance. This 

replaces absorption, XPS and film uniformity measurements that served as proxies for photocurrent. 

Automated SDCs 28 and multi-channel cells can further accelerate catalytic measurement. With these 

tool upgrades, we seek to rapidly synthesise, characterise, and measure thousands of multi-metal oxides 

with the newly evolved workflow. Massive data libraries could subsequently be quickly generated to 

explore the genome of multi-metal oxides for catalysis.  

FW2: Metal Halide Perovskite Opto-electronics  

Considerable research has been conducted on using MAPs for metal halide perovskite research, such as 

for investigating anti-solvents 29–31, solution synthesis of perovskites 32–35, thin film processing of 

perovskites 36,37, and device fabrication. Perovskites are amenable to solution processing, and the vast 

compositional space for exploration makes them an ideal candidate for HT studies. In addition, HT 

characterization can readily be done with absorbance and photoluminescence measurement instruments.  



8 
 

We can consider various liquid handling systems that automate the formulation task to study different 

perovskite compositions. Different film fabrication techniques like spin-coating, drop-casting, blade 

coating, and slot-die coating can be explored to meet our throughput and film quality requirements. HT 

opto-electrical characterisation tools such as a robot-arm-mounted absorbance and PL detector, or 

hyperspectral imaging could be incorporated. Using well-defined states and tasks, we can create 

reconfigurable MAPs that facilitate inter-group collaboration and accelerate the perovskite 

development. This is a noted limitation of existing commercial systems, which while sophisticated and 

very high in throughput, are narrow in scope with poor modularity. We propose collaboration with 

MAPs such as AMANDA 7 that allow for addition of further functionalities and workflow evolution, 

by integrating different modules and software capabilities.  

FW3: Unconventional computing device development and discovery 

Our proposed framework can be extended to fields of research relying on the development and 

exploitation of novel material systems, such as Unconventional Computing (UC) 38,39 and its subfields, 

including Neuromorphic Computing and Evolution in Materio (EiM) 40,41. Despite various efforts to 

produce common collaborative frameworks 42,43, advances are hindered by lack of comparability in 

results obtained by different groups. This is mainly due to the wide range of possible material 

concentration-process-architecture-algorithm combinations and the lack of common characterisation 

benchmarks. Our framework could address these issues by providing a unifying means of developing 

experimental UC workflows. 

EiM for example, which aims to explore and exploit material systems to solve non-trivial computational 

problems, could follow a supervised 44, or unsupervised 43,45 workflow. A supervised experimental 

workflow would have a material processor as its target. Materials, states, and interfaces would be 

articles evolved through combinatorial search. Material synthesis and processing such as mixing and 

deposition could be evolved by moving to automated and HT techniques. Finally, characterisation 

would be split between using standardised techniques and tools (Source-meter, SEM, etc) and using 

techniques and tools specific to the target (Optimisation Algorithms, Mecobo, etc). This would result 

in the development of databases containing primary characteristics (electrical, optical, etc) and 

secondary characteristics (memory, efficiency, etc) of a wide range of materials and composites, and 

crucially, the metadata associated with processes and tools used to produce them. When shared and 

exploited by different research groups, this would enable the analysis, optimisation, and production of 

new EiM devices. 
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Limitations 

While having MAPs and inter-group collaboration bring about many benefits, we recognise certain 

shortcomings that our framework could overcome. Firstly, the development and maintenance cost of 

MAPs is significant, it is therefore necessary to establish clear motivations and tool gaps to justify their 

implementation into our framework for global collaboration. Secondly, process drift and equipment 

breakdowns will happen with MAPs, as with any equipment. There needs to be clearly defined attributes 

for states and tasks within each MAP such that they can act as auxiliaries for each other to minimise 

research downtime. Finally, there are logistical concerns with travel time and sample stability when 

attempting collaboration across multiple MAPs. This has severe implications for certain materials, such 

as time-dependent ageing/oxidising, or simply due to the fragility of certain devices such as those in 

thin-films which makes transportation difficult. Defining stability and measurement standards as key 

metrics for the ‘transportation’ task within our framework enables proper sample transfer to occur, 

thereby allowing for seamless collaboration.  

Conclusion 

To fully meet their potential, next-generation MAPs need to be integrated into an interconnected global 

network that facilitates the exchange of digital (data and software) and physical (hardware components, 

samples, measurement techniques) resources. In this white paper we have proposed to take advantage 

of object-oriented programming principles to build such a framework, with self-consistent states and 

tasks to construct well-defined workflows. By using the properties of abstraction and inheritance, we 

describe how flexible and collaborative workflows may be constructed that use a variety of techniques 

to arrive at the same final state. Finally, through three case studies and three areas of future work, we 

demonstrate the benefit of such an approach for the planning of evolving workflows for materials 

discovery. We believe that our framework provides a blueprint for a common language to share 

experiments and equipment that provides the flexibility for global collaboration, which will enable the 

transition away from isolation to a hyper-connected research landscape for the next generation of MAPs. 
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List of Figures 

Figure 1. A generalised workflow, with states represented as rectangles and tasks as block arrows. We drew inspiration from 

Unified Modelling Language (UML) 15 as a standard way to visualise system design, where workflows and class relationships 

can be clearly described. We divide tasks (block arrows) into four main categories: material synthesis, material processing, 

characterisation, and analysis. In the accompanying boxes below each block arrow, we describe metrics (attributes of the task 

class) that a task can be evaluated on to compare performance. In the expanded shapes with dotted outlines, we show potential 

evolutions for these particular classes. In operations labelled A, there are alternate options depending on their suitability in 

achieving objectives for a given set of returns and attributes. In operations labelled B, we show a progression of the same class 

towards its best possible performance to achieve our objectives. An example of state evolutionary operation A is choosing 

between solid powder or liquid precursors, depending on the merits of solid phase vs liquid phase synthesis for a particular 

workflow. For state evolutionary operation B, while the target material can similarly be powders, evolving the state from 

having irregular particle shape to a spherical one can improve downstream performance in terms of flowability and 

processability 16. The orange dotted arrow, pointing from right to left, represents the feedback process that can inform any 

preceding part of the workflow for closed-loop experimentation. [Inset] Relationship among the different terms used. Articles 

and tools are objects, which belong to, and are instances of, their respective classes: states and tasks. 

Figure 2. Workflow diagram to build a polystyrene MWD predictor model, highlighting the evolution of the polymerization 

technique and analysis tasks. 

Figure 3. A workflow diagram for the optimisation of ligand cocktails for improved QD electrical performance, highlighting 

the evolution in the QD thin film deposition and electrical characterisation tasks. 

Figure 4. A workflow diagram for the accelerated discovery of inorganic materials achieved via solid-state synthesis, 

highlighting the evolution in the mixing and solid-state reaction tasks.   

  



16 
 

List of Tables 

Term Description Examples 

Workflow  Entire sequence of states joined by a series of tasks –  

State Things that can be acted upon, which we tend to 

keep records of or collect data from.  

 

Subclasses of states can be defined with increasing 

specificity 

Precursors, reagents, data, models 

 

 

Liquid ⊃ solvent ⊃ reagent 

Article An instance of state class; an object with values 

assigned to all its attributes 

1M Ammonium chloride in methanol, Data table of 

XRD measurements of titanium dioxide powder 

Task Acts that we perform on the state, which can be 

described in a tool-agnostic way 

 

(4 categories of tasks: materials synthesis, materials 

processing, characterisation, analysis) 

Polymerization (materials synthesis) 

 

Thin film deposition (materials processing) 

 

Electrical measurement (characterisation) 

 

Data wrangling, Machine learning (analysis) 

Technique  A subclass of task which is more specific in the 

method to be used, while still remaining tool-

agnostic  
 
(We also acknowledge that some techniques 

naturally limit themselves to the use of a 

particular tool) 

Spin coating, PVD, CVD (thin film 

deposition), 
 
FET measurement, 4-point probe 

measurement, Hall effect measurement 

(electrical measurement) 
 
Batch reactors, flow reactors (Polymerization) 
GPC measurements 
 
Transfer Learning, Ensemble Methods (ML 

Models) 

Tool  An instance of technique subclass; An 

equipment that carries out a series of actions to 

complete a task 

Laurell WS-650-23B spin coater, OT-2 

Opentrons machine, Syringe pumps, Fraction 

collector, Mixers, Hotplate stirrer  

Action A method of the tool object; An actionable 

move that may be specified by the use of 

certain tools 

Transfer liquid, Stir mixture, Spin substrate 

Table 1: Summary of the terms used in our framework and their definition.  
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