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Abstract

Artificial intelligence (Al) is increasingly used to optimize design of microfluidic devices by predicting
their performance, reducing the number of simulations, and guiding the search for design configurations
with improved performances. However, in most studies, the design problem is still defined by the
researcher. The device concept, design variables, parameter ranges, objective functions, and constraints
are selected in advance, while Al is used to search within these predefined limits. A key limitation of
current approaches is that Al is involved only in a specific step of the workflow, performing a narrowly
defined task. The emergence of Al agents may change this workflow more fundamentally. Al agents
are autonomous systems capable of coordinating computational processes and adapting their behaviour
to achieve a defined goal. In other words, in an agentic design workflow, an Al system could interpret
an optimization goal, select computational tools, define or modify the design space, run and analyse
numerical simulations, and adjust the optimization strategy based on the physical behaviour of the
system. This perspective examines how Al agents could extend microfluidic design optimization
beyond fixed, researcher-defined search spaces toward adaptive and physics-grounded workflows. We
envision that future microfluidic design optimization will use a range of methods with different levels
of Al-agent involvement, from limited assistance to more adaptive and autonomous workflows. The
distinctive contribution of this perspective is to provide a unified framework for comparing these
approaches according to the level and role of Al-agent involvement in the design process. Accordingly,
we discuss a spectrum of agentic approaches, ranging from LLM-driven conceptual design to agent-
supervised numerical optimization, together with evolving role of human supervision and technical
challenges associated with reliable implementation. Moving from fixed optimization workflows
towards agent-guided design could enable microfluidic systems to be explored more efficiently and
may shift design optimization from simple parameter search towards a more adaptive and reasoning-
based process.

Keywords: Al agents, large language models, artificial intelligence, machine learning, microfluidics,
CFD, design optimization

1 Introduction

Microfluidic systems have emerged as powerful platforms for the precise manipulation of small fluid
volumes, offering reduced sample and reagent consumption, rapid analysis, high sensitivity, and the
possibility of integrating multiple laboratory operations within compact and portable devices . These
advantages have enabled applications in chemical analysis >, biomedical diagnostics *®, organ-on-a-
chip ", and lab-on-a-chip technologies '*!'. Despite their broad potential, the design of microfluidic
devices remains a complex task '% since device performance is often strongly affected by channel
geometry, operating conditions, fluid properties, and their interactions. Even small changes in these
parameters can alter flow behaviour and lead to a significant change in the final device performance.
As a result, the development of an efficient microfluidic system commonly requires repeated cycles of
design, simulation, fabrication, and experimental testing.
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Numerical simulations have therefore become an important part of microfluidic design process,
allowing device performance to be evaluated before fabrication and thereby saving time and resources
13-15 In that sense, computational fluid dynamics (CFD) is widely used to study velocity and pressure
fields, as well as processes such as mixing, particle separation, droplet generation, or other transport
phenomena. However, as the number of geometric and operating parameters increases, the number of
possible design combinations expands exponentially. Extensive simulation strategies and manual
parameter variation can become computationally demanding while still potentially leaving relevant
regions of the design space unexplored. This has encouraged the use of optimization methods to guide
the search towards promising designs more efficiently.

Machine learning (ML) has further expanded the computational tools available for microfluidic design
and operation '*!7. In droplet microfluidics '*!°, deep neural networks (DNNs) have been used to model
droplet-flow behavior 2°, convolutional autoencoders to predict droplet stability 2!, residual block and
Fourier enhanced networks to predict droplet size and generation frequency 2%, and convolutional neural
networks to characterize mixing in droplets formed by binary coalescence 2. DNN-based approaches
have also been applied to bubble detection in microfluidic channels used for point-of-care diagnostics
24 as well as to bubble detection and tracking in gas—liquid exchange processes 2°. In microfluidic
biosensing 2, ML has been applied to predict device performance and optimize geometrical and
operating parameters, including the response time of rotating microfluidic biosensors ¥/, the geometry
of microchannels and sensing regions *, and flow- and transport-related parameters affecting biosensor
response 2.

ML has also been introduced into microfluidic manufacturing and transport-related applications. ML-
assisted manufacturing optimization is particularly challenging because fabrication outcomes depend
on multiple coupled process parameters, material properties, and machine-specific effects. Recent
studies have demonstrated that ML can help address this complexity. Wang et al. ** used a Random
Forest model to optimize DLP printing parameters and reduce dimensional errors in printed microfluidic
structures, while Norouzi et al. *! applied ML to link CNC micromilling parameters, surface roughness,
and hydraulic performance in PMMA microchannels. These examples show that ML can support the
selection of manufacturing parameters before fabrication, although its reliability remains dependent on
representative experimental data and the specific manufacturing platform. Moreover, decision-tree
models have been employed to identify suitable operating conditions for nanoparticle synthesis in
microfluidic reactors *2, while tree-based ensemble methods have been used to predict viscous-fingering
phenomena in Hele-Shaw cells and characterize the onset of flow instabilities **.

In such cases, ML accelerates or replaces simulations or experiments but does not change how the
design problem itself is formulated. Design automation goes further by allowing computational methods
to generate, configure, or optimize device designs toward a specified target. Beyond performance
analysis, ML has also been applied to automate selected operational and design-related tasks. For
example, reinforcement learning has been applied to the automated flow control of both continuous-
flow and segmented-flow microfluidic systems and digital microfluidic biochips synthesis in selecting
reliable routing configurations *%. Besides reinforcement learning, other approaches use Bayesian
decision-making incorporated into digital microfluidic biochip synthesis to account for uncertainty in
the design space ¢. Birtek et al. *” developed an ML-based framework for automated microfluidic circuit
design, while Khalghollah et al. * combined CFD, a neural-network surrogate, and numerical
optimization to automatically configure capillary microfluidic geometries for target concentration
profiles.

These studies demonstrate that ML can support microfluidic systems at several levels, including image
and signal interpretation, performance prediction, process control, uncertainty management, and design
optimization. Nevertheless, in many existing applications, ML is used to address a narrowly defined
task within a workflow whose structure has already been established by the researcher. The device
concept, input variables, operating ranges, model outputs, and evaluation criteria generally remain
fixed, while ML is used to approximate, classify, control, or optimize the behaviour of the system within
these predefined boundaries.

A substantial part of ML-assisted microfluidic design relies on surrogate models developed to
approximate CFD simulations. DNNs and other ML models have been used to predict quantities such
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as mixing index of micromixers *, velocity and concentration fields in micromixers *°, flow patterns in
cyclone separators *!, and concentration distributions in concentration gradient generators *?, allowing
candidate designs to be evaluated much faster than by repeated numerical simulation. However,
developing such surrogate models typically requires large training datasets, often ranging from
thousands to tens of thousands of CFD simulations. These surrogate models have subsequently been
combined with optimization methods such as genetic algorithms for micromixer optimization +,
coordinate-descent approaches for droplet generators *, simulated annealing for fractal micromixers +°,
reinforcement learning for exploring the design space of micromixers *°, and multi-objective
evolutionary algorithms 4" to balance mixing efficiency, pressure drop, energy consumption, and
pumping power. Namely, surrogate models approximate expensive CFD evaluations by learning the
relationship between design parameters and device performance. Once trained, they can rapidly predict
quantities such as mixing efficiency, particle trajectories, pressure drop, or flow fields for many
candidate designs. However, they remain limited to the physical phenomena represented in their training
data and selected outputs, and may therefore overlook effects such as local shear, recirculation, or
particle accumulation on the channel walls. Therefore, surrogate-based optimization introduces a trade-
off between computational efficiency and physical reliability. Specifically, prediction errors may
propagate into the optimization process, while generating sufficiently representative training datasets
can itself require substantial computational effort.

Among surrogate-based optimization methods, Bayesian optimization *° is particularly attractive when
numerical or experimental evaluations are expensive. By combining a probabilistic surrogate model
commonly, a Gaussian process ! with an acquisition function, Bayesian optimization balances
exploration of uncertain regions with exploitation of designs that are predicted to perform well. Unlike
approaches that require a large dataset to train a surrogate model before optimization, Bayesian
optimization updates its surrogate iteratively as new evaluations become available, allowing the search
to progress with relatively few simulations or experiments. The probabilistic nature of the Gaussian
process also provides an estimate of prediction uncertainty, which is explicitly used to guide the
selection of subsequent evaluations. This approach has been applied to optimization of micromixers

geometries °2, and optimization of operating and geometric parameters in droplet-generation systems
53,54

Although the search is adaptive, the design variables, objectives, and constraints are still defined in
advance by the researcher. This becomes particularly restrictive when unexpected physical behaviour
emerges during optimization. For example, a micromixer optimized for mixing efficiency may develop
high-shear or stagnant regions, while a droplet generator optimized for droplet size may enter an
unstable breakup regime. In conventional workflows, recognizing such effects and reformulating the
optimization problem typically requires human intervention. Agentic artificial intelligence (Al) could
potentially extend this process by identifying relevant physical evidence, introducing additional metrics
or constraints, and adapting the subsequent design strategy. In this perspective, we examine how such
adaptive Al approaches could extend current microfluidic design optimization workflows, Figure 1.

In agentic design, Al is not limited to performing a predefined prediction or optimization task, but can
potentially modify the workflow, design, or problem formulation in response to intermediate physical
results. Such higher-level adaptation may not only improve design optimization but also support the
discovery of previously unrecognized physical relationships, limitations, or design principles. Agentic
Al systems, with large language models (LLMs) at their core, are still at an early stage of application
in microfluidic design. Reference > provides an example of LLM-assisted iterative conceptual design
optimization by demonstrating the use of GPT-4 to iteratively generate and refine CAD designs of
microfluidic  components  through OpenSCAD. 1In contrast, reference °° introduced
DropMicroFluidAgents, a multi-agent framework in which LLM-based agents autonomously perform,
and coordinate tasks related to droplet microfluidic research. These studies represent early steps toward
more autonomous Al-assisted microfluidic workflows, although the broader application of Al agents to
iterative, physics-guided microfluidic design remains largely unexplored.

In this perspective, we examine how Al agents could extend microfluidic design optimization beyond
fixed search spaces toward adaptive, physics-grounded workflows. We organize emerging approaches
according to the level and role of agent involvement, and discuss the evolving role of human
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supervision, key technical challenges, and a roadmap toward increasingly autonomous microfluidic

design.
ML (Task-Specific) Agentic Al (Adaptive)

Solve a predefined problem Adapt the workflow and problem

7

Performance vy \}
TR — - metrics _O_'O— / %
5. Adapt problem 2. Choose tools

: or workflow & next step
Design parameters

ML model
(predict / optimize)

(geometry, conditions) /

4. Analyze results 3. Run / evaluate
(physical insight) (simulation or experiment)

Figure 1. Conceptual distinction between conventional ML-assisted and agentic Al approaches for
microfluidic design.

2. Agentic Al Basics

An agentic Al refers to Al autonomous systems that pursue a defined objective through a sequence of
decisions and actions. LLMs are increasingly used as the decision-making component of many
contemporary agentic systems, particularly when natural-language reasoning, tool coordination, and
flexible task decomposition are required. However, agentic systems more broadly do not necessarily
rely on LLMs. This perspective focuses specifically on LLM-based agents in the context of microfluidic
design.

In this perspective, we use the term LLM-based agent for a system in which the language model has
some degree of decision authority over a multi-step workflow. This includes maintaining a task goal,
selecting or coordinating tools, interpreting intermediate feedback, and deciding subsequent actions
without requiring the user to prescribe every individual step. The degree of agentic behavior therefore
depends not only on iteration or tool use, but also on who controls the next action, what information is
used as feedback, and how much human intervention is required. A human-directed sequence of LLM
interactions, in which the user repeatedly prompts the model and determines each next step, is therefore
better described as interactive assistance rather than autonomous agentic control. Likewise, an
automated feedback loop may execute repeatedly without being agentic if its sequence of operations
and decision rules are fully predefined.

A conventional language-model application typically receives an input and generates an output in one
interaction. Herein, we distinguish agentic systems from both interactive assistance and conventional
automated feedback loops. Interactive assistance remains user-driven, with the model responding to
individual requests, while an automated feedback loop repeatedly executes a predefined sequence of
operations. By contrast, an agentic system maintains a goal across multiple steps, selects and
coordinates actions or tools, evaluates intermediate results, and adapts the workflow accordingly. The
defining feature is therefore not simply iteration or automation, but the ability to modify the course of
the workflow in response to new information. In microfluidic design, this may include revising design
variables, objectives, constraints, or the optimization strategy when intermediate results indicate that
the original problem formulation is no longer adequate. The process continues until a stopping condition
is reached, such as satisfying a design requirement, exhausting a computational budget, or requiring
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human approval. An agentic system commonly consists of several interacting components, presented
in Figure 2 *7.
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Figure 2. Components of an Al agent.

Namely, the process starts from a defined goal, which specifies the objective of the task. The agent then
observes or collects information about the current state of the problem and uses this information to plan
and select the next action . This action may involve the use of external tools, such as numerical models,
optimization algorithms, databases, data analysis methods, or other software resources *. After the
action is performed, the agent obtains a result and evaluates whether this result satisfies the objective
and relevant constraints. If the goal has been reached, the task is stopped. If not, the agent can adapt the
plan and continue with another action. Memory supports this cycle by storing previous actions, results,
and experience, allowing the agent to use information from earlier steps when making subsequent
decisions .

The extent to which these steps are performed autonomously can vary substantially. At a low level of
autonomy, the agent may only suggest the next action, while the user remains responsible for execution
and final decisions. At a higher level, the agent may independently call simulation software, modify
design parameters, compare alternative solutions, evaluate the outcomes, and repeat the process.
Therefore, agentic Al does not necessarily imply full autonomy. Rather, it describes a mode of operation
in which the system can coordinate and adapt a multi-step workflow in response to the goal and the
results obtained along the way 3.

2.1. Large language models as the core of agentic Al

LLMs are commonly used as the central decision-making component of agentic systems. They are
trained on large collections of text and other structured representations and learn statistical relationships
between words, concepts, instructions, and problem-solving patterns. During use, an LLM generates an
output based on the provided prompt, the available context, and the sequence of previously generated
tokens 6162,
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The main strength of an LLM is its ability to process information expressed in natural language. This
allows it to interpret user requirements, summarize scientific knowledge, compare alternative
approaches, translate qualitative goals into technical tasks, and produce instructions for external tools.
The same model can therefore operate across several stages of an engineering workflow without
requiring a separate manually programmed rule for each possible situation. LLMs can also generate
structured outputs such as parameter lists, simulation configurations, optimization objectives, code, or
tool calls *°. In an agentic system, these outputs are not necessarily the final result. They may represent
actions that are executed by other components. For example, an LLM may generate a CFD
configuration, request a simulation, inspect the returned performance metrics, and then decide which
design should be evaluated next **. However, LLMs do not directly solve the governing physical
equations of a microfluidic system. Their numerical reasoning may be unreliable, and their outputs may
contain unsupported assumptions or physically inconsistent recommendations . Their internal
knowledge may also be incomplete or outdated ®%°. For this reason, the LLM should generally be
treated as a reasoning and orchestration component rather than as a replacement for simulation,
optimization, or experimental validation. Moreover, the behaviour of an LLM is strongly influenced by
its context. Relevant information may include the design objective, previous candidate designs,
simulation results, fabrication constraints, retrieved scientific knowledge, and instructions defining the
available tools. The quality and organization of this context are therefore central to the performance of
an agentic system %68,

2.2. Core agentic capabilities

Agentic Al systems extend the capabilities of LLMs beyond generating isolated responses. They can
pursue an objective through a sequence of actions, interact with external tools, retain relevant
information, and adapt their behaviour based on obtained results. Although many individual capabilities
can be distinguished, most agentic systems rely primarily on four closely related elements: planning,
tool use, memory, and reflection 37670,

2.2.1. Planning and task decomposition

Planning enables an agent to divide a complex objective into a sequence of smaller and more
manageable tasks. Instead of attempting to solve the entire problem in a single response, the agent
determines which steps are required, in what order they should be performed, and which information or
tools are needed at each stage. A plan may include information retrieval, data preparation, model
execution, result evaluation, and revision of previous decisions. Plans may be generated at the beginning
of a task or updated dynamically as new information becomes available. The ability to revise a plan is
important because initial assumptions may prove incorrect, tools may fail, or intermediate results may
indicate that the selected approach is unsuitable. Planning therefore provides structure to the workflow,
while replanning enables adaptation %71,

2.2.2. Tool use and workflow orchestration

Tool use allows an agent to interact with external systems such as databases, search systems, numerical
models, simulation software, optimization algorithms, code execution environments, and data-analysis
applications. The agent selects an appropriate tool, prepares its input, invokes it, and interprets the
returned output *°. It may also coordinate several tools within the same workflow. For example, the
agent may retrieve relevant information, use it to configure a computational model, execute the model,
and then process the resulting data. This separation is important because the language model is primarily
responsible for reasoning and decision-making, while specialized tools perform tasks requiring reliable
numerical calculation, data retrieval, or domain-specific processing. Tool orchestration enables the
agent to combine these components into a single adaptive workflow. External knowledge retrieval can
also be viewed as a form of tool use. It allows the agent to ground its decisions in documents, databases,
or other sources instead of relying entirely on information encoded during model training .

2.2.3. Memory and state management

Memory enables an agent to retain relevant information across multiple actions. Without memory, each
decision would be based only on the current input, making it difficult to maintain consistency or learn
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from previous steps. Short-term memory may contain the current objective, active plan, recent tool
outputs, and intermediate decisions. Longer-term memory may store previously solved problems,
recurring preferences, successful strategies, and earlier failures 72, Memory is also required for
tracking the state of an ongoing workflow. The agent must know which actions have already been
performed, which alternatives have been considered, and which results should influence the next
decision. However, storing all available information directly in the language-model context is often
inefficient. Practical systems may therefore keep detailed information in external storage and retrieve
only the parts relevant to the current action %.

2.2.4. Feedback, reflection, and adaptation

Agentic systems typically operate through an iterative feedback loop. Reflection refers to the evaluation
of previous decisions, generated outputs, and tool results. The agent may assess whether an action
satisfied the intended objective, whether an obtained result is credible, or whether the current strategy
should be modified. Reflection may lead to correction of an output, repetition of a failed step, selection
of a different tool, or revision of the plan 7>. It also supports error recovery when external tools return
invalid inputs, execution failures, or unexpected results. The ability to process feedback and adapt
distinguishes an agentic workflow from a fixed sequence of predefined operations. However, reflection
performed by the same language model that generated the original decision is not a guarantee of
correctness 7. Independent validation, explicit constraints, and human oversight may still be required,
particularly in technically demanding or high-consequence applications. Together, planning, tool use,
memory, and reflection allow an agent to coordinate multi-step processes and modify its behaviour as
the task develops. These capabilities form the basis for the different levels of agent involvement
described in Section 4.

3. The agentic potential of microfluidic design

Microfluidic design has several characteristics that make it well suited to agentic workflows. First, it is
usually organized around a clearly defined functional goal, such as improving mixing, increasing
separation efficiency, controlling droplet size, reducing pressure drop, or limiting shear stress. This
goal-oriented structure matches the basic operation of an Al agent, which must interpret an objective
and decide which action should be performed next.

Second, microfluidic designing process is inherently iterative. Candidate geometries are proposed,
evaluated by numerical simulation or experiment, compared against performance criteria, and then
modified. This cycle closely resembles the agentic loop of action, feedback, and adaptation. In this
context, an Al agent would use the result of each evaluation to decide how the next design step should
change.

Third, the process of microfluidic design uses various tools. A single workflow may involve CAD
generation, meshing, CFD simulation, extraction of performance metrics, optimization algorithms,
surrogate models, data analysis, visualization, and checks of fabrication constraints. Importantly, many
established software tools supporting these tasks already provide APIs, scripting capabilities, or other
forms of programmatic access, creating a technical basis for their integration into agentic workflows.
Table 1 summarizes representative software tools already used across different stages of microfluidic
design and highlights their potential roles in future agentic workflows. An Al agent could act as a
coordinating layer that selects, connects, and supervises these tools according to the current state of the
design process.

A further advantage is that microfluidic simulations provide rich physical feedback. CFD results include
velocity and pressure fields, concentration distributions, shear-stress maps, recirculation regions,
secondary flows, or particle trajectories. Such information can help explain why a design succeeds or
fails. An agent could therefore use simulations not only to rank candidate geometries, but also to guide
physically meaningful modifications of the design strategy.

Finally, microfluidic design involves both numerical and semantic decisions. Some decisions concern
continuous parameters, such as geometric parameters (i.e., channel width, flow rate, obstacle spacing,
curvature radius, etc.). Others concern the choice of design principle, physical mechanism, fabrication
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method, objective function, or constraint. Conventional optimization methods are effective when the
design space has already been defined, but they generally do not decide whether this definition remains
appropriate. Agentic workflows may therefore be most useful at the level where problem formulation,
tool coordination, physical interpretation, and design-space adaptation are required.

Table 1. Existing computational tools and potential roles in agentic microfluidic design workflows.

Design task Existing software/tools Potential role in an agentic workflow
CAD and geometry AutoCAD, FreeCAD, Onshape, Generation, parameterization, and modification of
generation LibreCAD, OpenSCAD microfluidic geometries
Meshin Gmsh, COMSOL Multiphysics, Automatic mesh generation, refinement, and quality
& ANSYS Meshing checking
COMSOL Multiphysics, ANSYS Simulation setup and execution; modification of

CFD simulation Fluent, OpenFOAM, SimScale boundary and operating conditions

SciPy, Optuna, Bayesian optimization ~ Selection of candidate designs and adaptation of the

Optimization . . S
P libraries optimization strategy

Extraction of performance metrics and identification

Data analysis Python, MATLAB of relevant physical features

3.1 When and how should an agent reformulate the design problem?

A central question in agentic microfluidic design is when the current problem formulation should be
reconsidered. Reformulation may be needed when intermediate results reveal physical behavior that is
not captured by the selected objective, when optimized solutions repeatedly approach fabrication or
operating limits, when the search fails to identify feasible designs, or when the assumed model fidelity
is insufficient to explain the observed behavior. In such cases, the agent could modify parameter ranges,
introduce additional variables or constraints, change the objective or performance metric, switch the
optimization strategy or model fidelity, or stop the search and request further numerical or experimental
validation. The important distinction is that the agent is not only selecting the next candidate design but
also assessing whether the current definition of the design problem remains appropriate.

4. A spectrum of agentic approaches for microfluidic design

The application of agentic Al to microfluidic device design is likely to form a spectrum of methods
according to how design authority is distributed among the LLM agent, numerical models, optimization
algorithms, domain knowledge, and human experts. At one end of this spectrum, an LLM directly
proposes device concepts, geometries, and operating conditions using its internal knowledge and
reasoning capabilities. At the other end, the design problem is formulated manually and solved using a
fixed numerical optimization workflow, with little or no involvement of an Al agent. Between these
extremes are hybrid approaches in which agents interact with literature databases, simulation software,
surrogate models, and optimization algorithms.

The position of a method on this spectrum depends primarily on which component performs the main
search and decision-making operations. In some systems, the agent directly generates and revises
candidate designs. In others, it mainly formulates the optimization problem, configures external tools,
or interprets the resulting data. The spectrum therefore reflects not only the amount of agent
involvement, but also the nature of that involvement. The approaches are summarized in Figure 3. In
practice, agentic systems may integrate elements from different parts of the spectrum, depending on the
specific design problem and required level of autonomy. For example, an agent may initially retrieve
relevant design principles, use them to define a parameter space for an optimization method, and later
analyse CFD results to revise the objective function or constraints. Similarly, different levels of agent
autonomy may be appropriate at different stages of the design process.
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Physical grounding in Figure 3 concerns how physical knowledge and performance evidence guide
design decisions. The ordering follows the increasing scope of search decisions governed by explicit
physical representations and numerical rules. LLM-assisted conceptual design draws on learned
knowledge, while a knowledge-grounded agent makes the supporting evidence explicit through
traceable sources and physical design rules. Simulation-based search adds numerical evaluation of
individual designs. A learned surrogate extends these results into a reusable model linking design
variables to physical performance, bringing physical evidence into the screening of prospective
candidates. An optimizer carries this structure into candidate selection through explicit objectives,
constraints and numerical search rules. In fixed numerical optimization, the formulation and search
rules are specified externally. Across these representative configurations, physical information therefore
progresses from informing proposals to supporting evaluation and prediction, and finally to governing
systematic numerical selection. The configurations can coexist within one workflow.
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Figure 3. Spectrum of agentic approaches for microfluidic design optimization.

The central part of the spectrum is likely to be particularly important. Pure LLM-based design currently
lacks reliable physical and numerical validation, while fully fixed optimization methods are limited by
manually selected variables, parameterizations, objectives, and constraints. Hybrid methods can
combine the semantic and adaptive capabilities of agents with the numerical reliability of simulation
and optimization tools. We anticipate that a substantial part of future research will emerge precisely in
this intermediate region, where Al agents progressively assume greater responsibility for problem
formulation, tool selection, and iterative decision-making while remaining grounded in physics-based
simulation and optimization. In our view, this hybrid regime offers the most realistic pathway toward
increasingly autonomous microfluidic design in the coming years.

4.1. LLM-assisted iterative conceptual design

In the most agent-driven approaches, an LLM directly generates microfluidic device concepts,
geometric configurations, materials, and operating parameters. The design process is primarily based
on the knowledge acquired during model training and on the agent’s ability to reason about the
requested function of the device. Such an approach may be useful during early conceptual development.
An agent can rapidly propose alternative channel layouts, mixing mechanisms, droplet-generation
structures, separation concepts, or sensing configurations. It can also reason across different levels of
abstraction, from functional requirements to possible physical implementations. Agentic capabilities
are required because the task usually involves more than producing a single response. The agent must
decompose the design objective into subproblems, plan a sequence of design decisions, maintain
consistency between geometry and operating conditions, and reflect on whether the proposed design
satisfies the original requirements. Memory may also be needed to preserve design decisions across
multiple iterations. The main advantage of this approach is flexibility. At this conceptual stage, the
agent can propose designs before they are encoded in an explicit optimization parameterization. It may
propose categorical and structural changes, such as introducing an additional inlet, changing the mixing
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principle, or replacing a passive mechanism with an active one. However, the absence of quantitative
physical feedback is a major limitation. The agent may generate plausible but physically ineffective
designs, violate fabrication constraints, or provide inaccurate numerical values. The resulting concepts
should therefore be treated as hypotheses rather than validated designs.

An early example of this approach was demonstrated by Nelson et al. >°, who used GPT-4 to iteratively
generate and refine OpenSCAD models of several microfluidic components. The significance of this
study is that the LLM was used to translate design instructions into an executable geometric
representation that could subsequently be revised through further interaction. This demonstrates a basic
form of iterative Al-assisted design in which high-level requirements can be connected to a formal CAD
description. From a microfluidic perspective, however, the generated geometry remained a conceptual
design because its performance was not evaluated. A geometrically valid CAD model may still produce
excessive pressure losses, insufficient mixing, or other physically unfavorable behavior. The study
therefore illustrates both the potential of LLM-driven geometry generation and the need to connect such
systems with physical validation.

4.2. Knowledge-grounded agent

We distinguish knowledge-grounded agents from LLM- assisted iterative conceptual systems by their
ability to consult external and updatable information during the design process. Namely, a knowledge-
grounded agent extends the LLM-assisted approach by providing access to external sources such as
scientific literature, device databases, design guidelines, analytical models, fabrication constraints, and
previously tested geometries. The role of the agent is to retrieve relevant information, compare
alternative design principles, and synthesize this knowledge into a candidate solution. For example, the
agent may identify established relationships between channel dimensions and pressure drop, retrieve
known ranges of Reynolds or capillary numbers, or compare fabrication methods before suggesting a
design. Planning is needed to determine which information should be retrieved and in what order.
Reflection is needed to assess whether the retrieved evidence is consistent, sufficiently relevant, and
applicable to the specific design problem. The agent may also need to resolve conflicts between sources
or recognize when available information does not cover the requested operating regime. This approach
improves traceability because design decisions can be linked to explicit rules, equations, or previously
reported devices. It can also reduce obvious physical or fabrication errors and support more informed
conceptual design. Nevertheless, basis does not replace direct validation. Published design rules may
apply only within specific flow regimes, material systems, or fabrication tolerances. Retrieved
information may also be incomplete or biased toward commonly studied device types. The agent must
therefore distinguish between evidence-supported design choices and extrapolations beyond available
knowledge.

For a micromixer, for example, the agent could retrieve design rules linking channel geometry,
Reynolds number, and mixing mechanisms to suggest whether obstacles, curvature, or split-and-
recombine structures are appropriate. For droplet generation, it could use reported relationships between
capillary number, flow-rate ratio, interfacial tension, and junction geometry to identify a suitable
operating regime. Similarly, for particle separation, it could compare inertial, Dean-flow, or
deterministic-displacement principles according to particle size, flow conditions, and fabrication limits.
In each case, the agent narrows the design choices using existing physical knowledge, but the proposed
solution still requires simulation or experimental validation.

4.3. Agent-directed simulation-based search

In agent-directed simulation-based search, the agent iteratively proposes candidate designs, evaluates
them using physics-based simulations, interprets the results, and decides how the design should be
modified. CFD is the most natural tool for many microfluidic applications, although other models may
be used for electrokinetic, thermal, structural, acoustic, or multiphase effects. Unlike fixed optimization,
the search strategy is not completely specified in advance. The agent may modify channel dimensions,
introduce or remove geometric features, change boundary conditions, or switch between design families
based on the observed simulation results. Agentic capabilities are central to this workflow. Planning is
needed to organize the sequence of simulations and decide which aspects of the design should be tested



434
435
436
437
438
439
440
441
442
443
444
445

446
447
448
449
450
451
452
453
454
455

456

457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477

478
479
480
481
482
483
484
485

first. Tool use is required to create geometries, generate meshes, configure solvers, run simulations, and
extract relevant metrics. Reflection is needed to interpret failed or unexpected results and determine
whether the problem lies in the design, the simulation setup, or the evaluation metric. Error recovery is
particularly important because numerical simulations may fail to converge or produce nonphysical
outputs. The main strength of this approach is that the agent can reason directly from physical feedback.
It may inspect not only scalar objective values but also velocity fields, concentration distributions,
pressure maps, or local shear stresses. This enables qualitative modifications that are difficult to encode
as conventional optimization operators. The main limitation is efficiency. Without a formal search
mechanism, the agent may explore the design space inconsistently or repeatedly evaluate similar
designs. The process may also be sensitive to prompting and difficult to reproduce. Therefore, agent-
directed simulation search is most suitable when the design space contains structural or semantic
decisions that cannot easily be represented by a fixed numerical vector.

This type of physics-based feedback is particularly useful when global performance metrics do not
reveal why a design succeeds or fails. In micromixers, the agent could inspect concentration and
velocity fields and recognize that a high global mixing index still hides poorly mixed or stagnant
regions, prompting a structural modification rather than only a parameter adjustment. In droplet
generation, multiphase simulations could reveal transitions from stable dripping to jetting or irregular
breakup, leading to changes in junction geometry or flow conditions. Similarly, in particle separation,
particle trajectories and local flow structures could expose wall accumulation, recirculation, or
insufficient lateral migration. In each case, the design process is guided by the observed physical
behaviour, allowing the agent to respond to effects that may not be captured by a single predefined
performance metric.

4.4. Agent with a learned surrogate

A learned surrogate can be introduced to reduce the computational cost of repeated simulations. In this
approach, the agent manages or interacts with a model that approximates the relationship between
design variables and device performance. The surrogate may be a Gaussian process, neural network,
graph-based model, reduced-order model, or another data-driven approximation. It may also consist of
multiple models organized in a modular or hierarchical structure. For example, statistical or
classification methods could first identify different operating regimes or design classes, after which
specialized surrogate models could be applied to each case. Such an approach may improve prediction
accuracy when the design space contains qualitatively different physical behaviors. The surrogate can
predict scalar objectives, feasibility, or complete physical fields. The agent can use these predictions to
screen candidate designs and reserve expensive CFD simulations for the most informative or promising
cases. The agent may be responsible for selecting initial training samples, deciding when additional
simulations are required, identifying regions in which the surrogate is unreliable, and updating the
model as new data become available. Planning and active selection are needed to balance exploration
of uncertain regions with exploitation of high-performing regions. Reflection is needed to detect
inconsistencies between surrogate predictions and high-fidelity simulation results. This approach can
substantially accelerate design exploration, especially when many similar devices or operating
conditions must be evaluated. Knowledge acquired from one design problem may also be transferred
to related devices. However, surrogate models introduce an additional source of error. The agent may
be guided toward unrealistic or out-of-distribution designs for which the surrogate is inaccurate. A
reliable workflow should therefore include uncertainty estimation, periodic validation using physics-
based simulations, and explicit checks for violations of physical constraints.

The limitations of surrogate models become particularly important when relevant local physical effects
are not included in the predicted outputs. For example, a model may accurately predict mixing
efficiency, droplet size, or separation efficiency while overlooking stagnant regions, unstable droplet
breakup, or particle accumulation near channel walls. By comparing surrogate predictions with selected
high-fidelity simulations, an agent could identify such missing effects and decide when additional
training data, outputs, or physical constraints are needed. In this way, the agent can help determine not
only which designs should be explored, but also when the surrogate model is no longer sufficient to
describe the underlying physics.
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Elements of this approach are already visible in DropMicroFluidAgents *°, where an LLM-based
automation designer develops ML models for droplet microfluidic design and generates code-based
CAD representations. In the spectrum considered here, this represents an important step beyond isolated
LLM-assisted design because several computational activities are coordinated within an agentic
framework. However, it does not yet constitute the complete physics-grounded surrogate loop
considered above, in which the agent continuously compares surrogate predictions with high-fidelity
physical evaluations, identifies regions of insufficient model reliability, and reformulates the design
problem when new physical behavior emerges. This distinction indicates a natural direction for
extending current agentic microfluidic frameworks.

4.5. Optimizer as an agent tool

In this approach, the main numerical search is performed by an established optimization algorithm,
while the agent formulates, configures, and supervises the optimization process. The optimizer is treated
as one of several tools available to the agent. The agent may select the design variables, define their
ranges, specify objectives and constraints, choose an optimization algorithm, and determine the
computational budget. It may also decide whether Bayesian optimization, evolutionary algorithms,
gradient-based methods, or topology optimization is most appropriate for the current problem. This
division of responsibilities is attractive because it assigns different tasks to components suited to them.
The agent handles semantic reasoning, problem formulation, and adaptation, while the optimizer
performs systematic numerical search. Established optimization algorithms can already adapt sampling,
search over continuous, discrete and categorical variables, explore structural alternatives, and select
evaluation fidelity. These adaptations remain the optimizer’s responsibility when supported by the
chosen implementation. The additional supervisory role assigned to the LLM concerns interpreting
qualitative requirements and external domain knowledge, selecting additional diagnostics, and
coordinating verification before accepting a revised formulation. For example, the agent may translate
a qualitative requirement such as achieving strong mixing with limited cell damage into objectives
related to concentration uniformity, pressure drop, and shear exposure. Planning is needed to formulate
the optimization workflow and coordinate the optimizer with simulation tools. Reflection can be used
to evaluate whether the selected variables and objectives adequately represent the intended device
function. If the optimization results are unsatisfactory, the agent may revise parameter bounds,
introduce additional constraints, or reformulate the objective. The main advantage is that the search
retains the efficiency and reproducibility of numerical optimization while becoming more adaptive. The
agent can modify the formulation when the initial problem definition proves inadequate. The main risk
is that the agent may configure the optimizer incorrectly. Poorly selected bounds, objectives, or
constraints can exclude useful designs or direct the search toward irrelevant solutions. The contribution
of the agent must therefore be evaluated separately from the performance of the underlying optimizer.

This division can be particularly useful in microfluidic design, where the initially selected performance
metrics may not fully describe device behaviour. For a micromixer, an agent could translate the goal of
efficient but gentle mixing into objectives involving mixing uniformity, pressure drop, and shear stress.
For droplet generation, it could combine target droplet size with generation stability and robustness to
flow-rate variations. In particle separation, the agent could add constraints related to pressure drop or
wall accumulation if these effects emerge during simulation. The optimization problem could therefore
evolve as additional physical limitations become apparent.

4.6. Fixed numerical optimization

At the opposite end of the spectrum is fixed numerical optimization. In this case, a human expert defines
the design variables, parameter ranges, objectives, constraints, simulation model, and optimization
algorithm before the search begins. The optimization then proceeds with little or no agent involvement.
This approach includes established methods such as Bayesian optimization, evolutionary optimization,
gradient-based optimization, and topology optimization. Here, “fixed” refers to workflows that retain
an externally specified engineering formulation. The contrast drawn earlier with agentic reformulation
concerns this arrangement of responsibilities; numerical sampling, structural choices and model fidelity
may still adapt during optimization. It is particularly appropriate when the design space can be
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expressed clearly as a set of numerical variables and when the performance metrics are well defined.
The main advantages are reproducibility, numerical efficiency, and methodological clarity. The search
process can be analyzed systematically, and convergence behaviour can often be characterized more
clearly than in an agent-driven workflow. However, the quality of the result depends strongly on the
initial problem formulation. Restricting a particular workflow to one geometry family can exclude
alternative layouts. This limitation depends on the selected representation. For example, topology
optimization can explore different connectivities within its prescribed design domain and constraints.
Similarly, poorly chosen objectives may lead to designs that are numerically optimal but practically
unsuitable. The method also requires substantial manual effort to formulate the problem and interpret
the results. Fixed numerical optimization is therefore likely to remain important, particularly for well-
defined engineering problems. Agentic methods are more likely to complement than replace it by
supporting problem formulation, design-space adaptation, failure diagnosis, and interpretation of trade-
offs.

In microfluidics, this approach is well suited to problems in which the relevant physics and performance
metrics are already known. A micromixer may, for example, be optimized for mixing efficiency and
pressure drop, a droplet generator for droplet size and frequency, or a particle separator for separation
efficiency under a pressure constraint. However, if simulations reveal an unexpected effect such as
stagnant regions, unstable droplet breakup, excessive shear, or particle accumulation, the optimization
problem must normally be reformulated by the researcher.

Fixed numerical optimization therefore remains highly valuable for well-defined design problems,
while agentic approaches may complement it by helping to identify when the original variables,
objectives, or constraints no longer adequately represent the observed physical behaviour.

5. The human role in agentic microfluidic design and optimization

The most fundamental human role is to define the engineering problem and determine what constitutes
an acceptable solution. Human experts specify the intended device function, relevant physical
assumptions, objectives, constraints, acceptable trade-offs, and validation criteria. An agent can help
formalize these elements, but it cannot independently determine which performance measures or
compromises are scientifically and practically meaningful. The human therefore retains final
responsibility for the problem formulation and for decisions based on the resulting designs.

Selecting tools and models: Human experts must choose an appropriate combination of simulation
method, surrogate model, and optimization algorithm. This selection depends on the relevant physics,
design-space structure, required fidelity, computational budget, and available data. In microfluidic
design, this includes deciding whether analytical models are sufficient, whether CFD must represent
multiphase, thermal, electrokinetic, or biological effects, and whether Bayesian, evolutionary, gradient-
based, or topology optimization is appropriate. The agent may recommend or configure tools, but the
human must assess whether their assumptions and capabilities match the problem. Although the
integration of microfluidics with ML and automated control is increasing, closer collaboration between
microfluidics researchers, data scientists, and computer and software engineers will be required for
more advanced agentic workflows.

An additional decision concerns whether the agent should rely on a general-purpose LLM with strong
reasoning capabilities or on a model fine-tuned for microfluidic or related engineering tasks. General-
purpose models may be particularly suitable when the agent must reason across different domains,
interpret loosely specified requirements, compare alternative design principles, or coordinate
heterogeneous tools, as in conceptual design or agent-supervised optimization. In contrast, domain-
specific fine-tuning may improve consistency in tasks that repeatedly require specialized terminology,
design rules, simulation configurations, CAD representations, or interpretation of microfluidic
phenomena. However, specialization requires suitable training data and may reduce the flexibility that
makes general-purpose models attractive for open-ended design problems. The appropriate choice is
therefore likely to depend on the role assigned to the agent, the available domain data, and the required
balance between general reasoning and specialized reliability. We expect future research in agentic
microfluidic design to explore both directions, rather than converge on a single model type, with human
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experts remaining responsible for selecting and validating the model against the requirements of the
particular workflow.

Managing context: The active context should contain the information required for the current decision,
rather than the complete history of the project. Requirements, tool descriptions, selected literature,
current design state, and summarized simulation results compete for a finite context window. Even
when a model supports a very long context, including all available material increases cost and latency
and may make the most relevant information harder to identify. Representative context limits and rough
workflow estimates are shown in Table 2.

Table 2. Representative LLM context limits and estimated context requirements for agentic
microfluidic design workflows (data from August 2026).

Category Model or workflow Approximate size Implication
Model limit GPT-5.6 Sol; Claude Opus ~1.0 million tokens Large project states can fit within current
5; Gemini 3.1 Pro Preview long-context models, but selective retrieval

and structured summaries remain preferable
to loading complete simulation data.

Estimated Single design decision 10,000-40,000 tokens Requirements, current geometry, tool

workload descriptions, selected domain knowledge,
and latest simulation results can be
represented directly in context.

Estimated Short optimization 30,000-150,000 tokens Approximately 10-20 evaluations
workload campaign represented by structured summaries.

Estimated Extended campaign and 150,000-800,000 tokens Full meshes, fields, and logs should remain
workload raw artifacts when summarized; raw external; only metrics, selected outputs, and

fine-mesh CFD data can diagnoses enter context.
correspond to hundreds of

millions or billions of text-

equivalent tokens*

*Note: Raw CFD data can exceed LLM context limits by orders of magnitude; for example, a fine mesh with (2x10°) cells and
six stored fields may correspond to ~48 million text-equivalent tokens per solution state, so meshes and field data should
remain external while only selected metrics and summaries are provided to the LLM.

Context management therefore requires external storage, selective retrieval, structured records, rolling
summaries, and explicit separation between the current working state and the full project archive. For
microfluidic optimization, meshes, complete flow fields, image sequences, and solver logs should
normally remain outside the LLM context. The agent should receive compact performance metrics,
uncertainty estimates, selected visual evidence, and information needed to explain anomalous behavior.

Evaluating outputs and diagnosing failures. Human experts must assess whether the agent’s
recommendations and tool outputs are physically plausible, numerically reliable, and aligned with the
original objective. They must also diagnose failures from the system’s behavior, such as repeated
unproductive iterations, invalid tool calls, unsuitable boundary conditions, solver non-convergence,
surrogate extrapolation, or optimization of a poor proxy objective. This requires access to the agent’s
actions, intermediate decisions, and tool results rather than only the final design.

Designing guardrails. Humans must define limits within which the agent may operate. Relevant
guardrails include permitted parameter ranges, unit and dimensional-consistency checks, geometric and
fabrication constraints, mandatory physical validation, limits on simulation or experimental budgets,
and approval points before costly or irreversible actions. Guardrails should also specify when the system
must stop, retry, switch methods, or request expert intervention. In this domain, they are not only general
Al safety mechanisms but also engineering controls that prevent physically invalid, non-
manufacturable, or misleadingly optimized designs.

The human role therefore shifts from manually executing every design step toward defining,
supervising, and validating an adaptive computational process. Agentic systems can automate
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substantial parts of exploration and optimization, but domain expertise remains necessary to ensure that
the process addresses the correct problem and that its outputs are scientifically defensible.

6. Technical challenges for reliable agentic microfluidic design

Despite their potential, Al agents cannot yet be treated as fully reliable design systems for microfluidics.
Several technical challenges must be addressed before agentic workflows can become practical tools
for the microfluidics community. The first challenge is physical reliability. Language-based reasoning
may generate plausible design suggestions, but these suggestions may still violate flow-regime
assumptions, dimensional consistency, fabrication limits, or operating constraints. For this reason,
agentic workflows require systematic checks based on physical relations, CFD validation, and explicit
engineering constraints. An additional aspect of physical reliability is the agreement between numerical
predictions and experimental performance. The benefits of shifting more design iterations to the
computational stage depend strongly on how accurately the numerical model represents the real device.
Numerical models used within agentic design workflows should therefore, whenever possible, be
experimentally validated within the relevant operating range. Even for validated models, differences
between simulated and experimental performance may arise from fabrication tolerances, material
properties, surface effects, or variations in operating conditions. In more advanced workflows,
experimental measurements could be incorporated directly as feedback into the design loop. The agent
could then identify model-experiment discrepancies and use this information to update the model,
modify the design space, or adapt the optimization strategy. Such an approach would not replace
experimental validation but could reduce the number of repeated fabrication and testing cycles required
to reach a robust final design.

A second challenge is the robustness of tool interaction. Microfluidic design optimization may require
the agent to interact with CAD tools, meshing software, CFD solvers, optimization libraries, surrogate
models, and data-analysis scripts. Each of these steps can fail or return incomplete, noisy, or difficult-
to-interpret outputs. Solver non-convergence, poor mesh quality, incorrect boundary conditions, unit
inconsistencies, or failed geometry generation may mislead the agent if they are not detected and
handled properly. Reliable agentic systems must therefore include mechanisms for error detection,
recovery, and verification of intermediate results.

Another challenge is reproducibility. Conventional optimization workflows are usually defined by
explicit variables, objectives, constraints, algorithms, and stopping criteria. In contrast, agentic
workflows may adapt their sequence of actions based on intermediate results, which can make them
more flexible but also more difficult to reproduce. For scientific use, it will be necessary to record not
only the final optimized geometry, but also the agent’s decisions, tool calls, parameter changes, failed
attempts, and reasons for modifying the design strategy.

The effective use of Al in microfluidic design also depends on how well domain-specific data are
organized and made accessible. Device geometries, material properties, fabrication procedures,
operating conditions, and performance metrics are often distributed across individual publications and
laboratories and are reported in different formats. This fragmentation can limit data reuse and make it
difficult to develop Al models that generalize across devices and experimental settings. It also limits
the reliability of LLM-based information retrieval, since relevant information may be incomplete,
inconsistently reported, outdated, difficult to access, or retrieved without sufficient context. In the near
term, individual users or laboratories could create smaller, application-specific knowledge bases
containing available materials, fabrication methods, equipment capabilities and operating ranges,
previously tested geometries, preferred design concepts, and relevant experimental or simulation
results. An agent could use this structured local information to constrain the design space and propose
solutions that are compatible with the resources available in a particular laboratory. In the longer term,
broader community-curated and machine-readable databases would be needed to support more reliable
information retrieval, knowledge transfer across laboratories, improved model generalization, and
reduced generation of redundant data. Such databases could also provide a structured knowledge source
from which agents could retrieve prior designs, identify relevant operating regimes, and determine
which additional simulations or experiments are needed.
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Surrogate-based agentic workflows introduce additional concerns. Although learned surrogate models
can reduce the number of expensive CFD simulations, they may become unreliable for out-of-
distribution geometries or operating conditions. As previously mentioned, if an agent relies too strongly
on an inaccurate surrogate, it may be guided towards designs that appear optimal computationally but
are physically invalid or experimentally impractical. Uncertainty estimation, periodic high-fidelity
simulation, and explicit feasibility checks should therefore be included when surrogate models are used
within agentic design.

Finally, the contribution of the agent itself must be evaluated carefully. Improved performance may
result from the underlying optimizer, the CFD model, the selected parameterization, or the agent’s
decisions about how to modify the workflow. Future studies should therefore separate the performance
of the agent from the performance of the tools it uses. This will require benchmark problems, transparent
reporting, and comparison with well-defined non-agentic baselines.

6.1. Towards reliable physics-grounded adaptation

Physical reliability remains an open challenge for agentic design: successful simulation execution and
plausible interpretation do not necessarily establish correctness. As agentic systems develop stronger
grounding, error detection and guardrails, microfluidic research could build on these advances while
developing checks suited to particular devices and operating regimes. Promising examples from
materials simulation include GENIUS, which combines structured domain knowledge with protocol
validation and error recovery 7 , and AutoMOOSE, which introduces separate checks against
conservation laws and expected physical trends 7 . Such approaches suggest useful directions for
development, although their applicability to microfluidic design requires dedicated evaluation.

Consider a passive micromixer in which adding an obstacle appears to improve the outlet mixing index.
An agent might attribute this improvement to enhanced transverse advection. Before extending that
design strategy, the workflow could check the imposed flow rates, boundary conditions, fluid properties
and diffusivity, together with the applicability of the modeling assumptions. Independent analysis
routines could assess fluid and solute mass balances and convergence and recompute the mixing index
and pressure drop under mesh and, where relevant, time-step refinement. Sensitivity to the transport
discretization could help identify artificial mixing caused by numerical diffusion. Quantifying
transverse transport from the computed fields would also provide stronger support than visual inspection
alone.

If the apparent improvement disappears under refinement, the appropriate adaptation would be to revisit
the numerical setup before continuing geometry search. If it persists, further design changes could be
investigated while retaining pressure-drop and fabrication constraints and examining sensitivity to
uncertain operating conditions. Acceptance criteria and conditions for expert intervention should be
defined for the application. This example illustrates how future agents could coordinate verification
before acting on a physical interpretation, with experimental validation remaining necessary to establish
correspondence between the model and the device.

7. Roadmap and outlook

The development of Al agents for microfluidic design optimization is likely to proceed gradually rather
than through an immediate transition to fully autonomous design, Figure 4. In the near term, agentic
systems will probably act as design assistants. They may help researchers summarize literature, compare
device concepts, organize simulation results, generate initial parameter ranges, prepare CFD
configurations, or identify possible reasons for poor design performance. At this stage, the human expert
remains responsible for most decisions, while the agent reduces manual effort and improves workflow
organization.

In the medium term, more advanced agents may supervise closed-loop design workflows. Such systems
could propose candidate geometries, run simulations, extract performance metrics, update surrogate
models, configure optimization algorithms, and suggest modifications of the design space. Human
supervision would still be required, especially for approving changes in objectives, constraints, physical
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assumptions, or fabrication strategies. This stage is likely to be the most relevant for practical
microfluidic design optimization because it combines adaptive reasoning with established numerical
tools.

In the longer term, agentic systems may support a more fundamental change in how microfluidic
devices are designed. Instead of only optimizing predefined variables, agents could help formulate the
design problem itself. They may compare different physical mechanisms, introduce new design
variables, reformulate objectives, transfer knowledge between related devices, and explain why a
particular design strategy should be pursued. In this scenario, the agent would not simply accelerate
parameter search but would participate in shaping the design strategy. Figure 4 organizes agent
involvement into five stages. Greater delegated control requires demonstrated capabilities and
validation appropriate to the tasks assigned. The benchmark questions in Section 7.1 guide evaluation
of workflow-level outcomes, efficiency and reliability. The following capabilities and validation
requirements complement these benchmarks with checks specific to each stage:

. Human-led design. Capability: The expert defines the problem and directs the workflow.
Validation: Expert-reviewed models and independently assessed design feasibility and performance
establish the reference baseline.

. Al design assistant. Capability: The agent retrieves and organizes information and supports
selected design tasks. Validation: Recommendations are checked for accuracy, source traceability and
consistency with requirements, while reductions in human effort are measured.

. Closed-loop optimization. Capability: The agent coordinates simulations and optimization
within defined objectives and constraints. Validation: Feasible-design success, physical performance,
computational cost and failure handling are assessed across repeated runs.

. Design strategy partner. Capability: The agent proposes changes to variables, objectives or
search strategy in response to evidence. Validation: Reformulations require physical justification, and
their benefits are assessed independently against the original application requirements using matched
comparisons.

. Autonomous design. Capability: The agent coordinates the design workflow within a defined
scope and oversight structure. Validation: Broader delegation requires consistent performance across
repeated runs and relevant operating conditions, independent physical validation, and reliable stopping
and escalation mechanisms.

Progression between stages therefore depends on demonstrated reliability and practical utility within
the intended application, with humans retaining final responsibility.

However, the most realistic outlook is not that Al agents will replace human researchers or established
simulation and optimization methods. Their value will lie in connecting these components into adaptive,
transparent, and physically grounded workflows. Microfluidic design will remain dependent on domain
expertise, accurate modelling, experimental validation, and practical fabrication knowledge. The role
of Al agents will be to coordinate these elements more efficiently and to support decisions about what
should be simulated, optimized, modified, or validated next.

The transition from fixed optimization workflows to agentic design therefore represents a change in the
organization of the design process. Current methods mainly answer the question of which design is best
within a predefined search space. Future agentic workflows may also help answer whether the selected
search space, objective function, constraints, and design strategy remain appropriate. This shift could
move microfluidic design optimization from efficient numerical search towards a more adaptive and
reasoning-based engineering process.
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Figure 4. Roadmap for the progression of Al agents in microfluidic design optimization. Progression
is conditional on demonstrated reliability and utility within the intended application. “Outcome
Ownership” describes the agent’s role in coordinating the delegated workflow, tracking whether
agreed design requirements have been met, and documenting outcomes, validation evidence and
unresolved limitations. Humans retain final responsibility for accepting designs and decisions based
on them.

7.1. Benchmark questions for future studies

Future studies could assess agentic workflows through representative tasks such as constrained
micromixer design, stable droplet generation, or particle separation. Three benchmark questions would
be particularly useful:

1. How often does the workflow produce a design satisfying the original physical, operating and
fabrication requirements, and what final physical performance is achieved?

2. What resources are required, including the number and fidelity of simulations, total computational
cost and elapsed time, and the frequency and active time of human intervention?

3. How reliably does the workflow detect and respond to invalid results or unexpected behaviour,
recover from failures or request appropriate intervention, and reproduce its performance across repeated
runs?

Comparisons should include workflows using the same simulation models and optimizer without agent
supervision, and human-supervised workflows, with matched starting information and resource limits.
Failed attempts, verification runs and agent overhead should be included in the reported cost. Ablations
disabling selected supervisory capabilities could help identify their contribution. Final designs should
be assessed independently against common application requirements, even when the agent revises its
internal objectives or search strategy. Reporting distributions across repeated runs would help
distinguish consistent benefits from isolated successful outcomes.

8. Conclusion

Al agents offer a possible shift in microfluidic design optimization from fixed parameter search towards
adaptive, goal-directed design workflows. Future approaches will likely involve different levels and
roles of Al-agent involvement, depending on the design problem, available tools, and required degree
of autonomy. Their role is not to replace CFD, surrogate models, optimization algorithms, or human
expertise, but to coordinate these components and support decisions about what should be simulated,
optimized, modified, or validated next. This perspective is particularly relevant for microfluidics, where
device performance depends on strongly coupled geometric, operational, and physical parameters. By
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combining simulation results, optimization tools, design constraints, and memory of previous iterations,
agentic systems could help identify not only which design performs best, but also why a design succeeds
or fails and whether the current design strategy remains appropriate. However, the usefulness of Al
agents will depend on their physical grounding, transparency, reproducibility, and integration with
human supervision. Agentic workflows must include explicit constraints, reliable numerical validation,
uncertainty awareness, and clear records of intermediate decisions. With these elements in place, Al
agents may become valuable decision layers that make microfluidic design optimization more flexible,
interpretable, and efficient.
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