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Automating experimental protocol design and execution remains as a fundamental bottleneck in realizing

self-driving laboratories. We introduce PRISM (Protocol Refinement through Intelligent Simulation

Modeling), a framework that automates the design, validation, and execution of experimental protocols

on a laboratory platform composed of off-the-shelf robotic instruments. PRISM uses a set of language-

model-based agents that work together to generate and refine experimental steps. The process begins

with automatically gathering relevant procedures from web-based sources describing experimental

workflows. These are converted into structured experimental steps (e.g., liquid handling steps, deck

layout and other related operations) through a planning, critique, and validation loop. The finalized steps

are translated into the Argonne MADSci protocol format, which provides a unified interface for

coordinating multiple robotic instruments (Opentrons OT-2 liquid handler, PF400 arm, Azenta plate

sealer and peeler) without requiring human intervention between steps. To evaluate protocol-generation

performance, we benchmarked both single reasoning models and multi-agent workflow across

constrained and open-ended prompting paradigms. The resulting protocols were validated in a digital-
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twin environment built in NVIDIA Omniverse to detect physical or sequencing errors before execution.

Using Luna gPCR amplification and Cell Painting as case studies, we demonstrate PRISM as a practical

DOI: 10.1039/d6dd00004e

rsc.li/digitaldiscovery automated robotic execution.

1 Introduction

The automation of experimental protocol design and execution
remains a fundamental bottleneck in realizing self-driving
laboratories. While robotic platforms are increasingly avail-
able, translating scientific intent into executable laboratory
protocols requires substantial domain expertise, as the process
is error-prone and demands intimate knowledge of both
experimental procedures and instrument-specific formatting
requirements. Existing protocol description languages provide
structured representations but remain static and hardware-
specific, requiring manual rewriting when laboratory configu-
rations change. Recent work has shown that large language
models (LLMs) can generate plausible experimental procedures
from natural language descriptions, yet these outputs often
contain parameter underspecification, physical infeasibility, or
sequencing errors that would cause failures during execution.
Meanwhile, simulation and digital twin technologies have
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end-to-end workflow that bridges language-based protocol generation, simulation-based validation, and

advanced laboratory monitoring and documentation but have
not been integrated into the protocol generation pipeline as
effective pre-execution validation tools. Direct testing of unva-
lidated protocols on physical hardware is costly, time-
consuming, and risks both equipment damage and material
waste. These challenges motivate the development of systems
that combine automated protocol generation with rigorous pre-
execution validation to enable safe, reliable, and fully autono-
mous laboratory operation.

1.1 Related work in protocol automation

Early efforts to formalize laboratory procedures focused on
creating machine-readable descriptions of experimental steps.
XDL' demonstrated this for automated chemistry by expressing
operations such as heating or adding reagents in a hardware-
agnostic language. Autoprotocol® extended this idea to cloud-
operated labs more broadly, introducing a JSON-based specifi-
cation for generic laboratory actions like pipetting, incubating,
sealing, and measuring so that protocols could be executed
across diverse automation systems. More integrated platforms
such as aquarium® coupled protocol specification with inven-
tory tracking and execution oversight, using a high-level
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language and Laboratory Information Management System
(LIMS) to support technician-in-the-loop workflows.

While these systems illustrate a clear progression toward
more structured and reproducible experimentation, they are all
limited in important respects. In particular, protocol descrip-
tions are static, tied to specific configurations, and offer little
support for validating physical feasibility before execution. They
also require specialized technical expertise to develop and
adapt. These gaps motivate the need for more adaptive
approaches that combine structured representations with
contextual reasoning and automated validation.

LLMs have shown the ability to generate multi-step experi-
mental workflows when used alongside external tools. Recent
surveys have cataloged over 260 such “scientific LLMs” across
disciplines,* classifying them as “autonomous agents” that
combine reasoning, planning, and tool use to solve complex
scientific tasks.>® ChemCrow’ demonstrated LLM integration in
chemistry workflows by coupling an LLM with reaction data-
bases and planners, allowing high-level goals to be decomposed
into executable steps. Coscientist® advanced further by inte-
grating documentation search to autonomously execute
reactions.

More recently, hierarchical multi-agent systems like Chem-
Agents® and LLM-RDF* have demonstrated end-to-end chem-
ical discovery, though they notably rely on human-in-the-loop
mechanisms or manual verification to ensure safety prior to
execution. Building on this idea, BioPlanner'' examined
whether similar capabilities extend to biological protocols,
evaluating the completeness and clarity of model-generated
procedures and conducting limited feasibility tests. Similarly,
Inagaki et al' and Alchemist® utilized LLMs to generate
executable robotic scripts (e.g., for Opentrons), demonstrating
that while syntax errors can be caught via standard API simu-
lators, physical execution failures persist without robust envi-
ronmental simulation.

Yet more recent work, such as ProtoCode,** moves toward
making outputs actionable by introducing structured interme-
diate representations that bridge free-text descriptions and
machine-interpretable robotic actions. Agentic Lab™ employs
multi-agent orchestration for knowledge retrieval, protocol
composition, and iterative refinement through LLM-based self-
reflection and human feedback.

Despite this progress, key limitations persist. Parameter
underspecification is common: model outputs often omit key
details such as reagent volumes, concentrations, incubation
times, or mixing cycles. Some instructions are physically
infeasible, for instance, suggesting movements of labware that
exceed the reach of a robotic arm or stacking plates in ways
incompatible with the deck layout. Recent benchmarking on
laboratory safety has revealed that even state-of-the-art models
fail to identify critical hazards in realistic scenarios over 30% of
the time.'® Most outputs remain in natural language or semi-
structured pseudocode, requiring manual translation into
robot-specific formats. Finally, current evaluations rely mainly
on expert review rather than simulation or digital-twin testing;
Agentic Lab provides real-time feedback during physical
execution through AR glasses and vision-language models, but
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validates procedures during execution rather than simulating
potential outcomes beforehand. PRISM addresses these gaps
through multi-agent planning with iterative critique to resolve
underspecification and sequencing errors (stage 1, Section 2.1)
and reasoning-model-driven translation into robot-executable
formats (stage 2, Section 2.2).

Together, these findings suggest that while LLMs can assist
in translating high-level scientific intent into procedural steps,
their outputs still need systematic refinement and physical
validation. Bridging this gap requires combining language
generation with simulation, contextual reasoning, and
platform-aware validation—an approach that motivates the
PRISM framework developed in this work.

1.2 Simulations and digital twins

Digital twins (in this context: virtual replicas of physical labo-
ratory systems) provide opportunities to design, test, deploy,
monitor, and control real-world robotic processes.”” Such
simulation environments enable offline testing and validation
of robotic operations through physics-based collision detection,
joint constraints, and realistic motion planning. However, most
applications of digital twins for laboratory automation only
emphasize post-hoc documentation, execution tracing, and
real-time monitoring, rather than pre-execution validation and
refinement. Recent reviews in catalysis have highlighted this
gap, noting that while LLMs offer flexibility, the development of
digital twins to ensure the physical safety and integrity of
generated protocols remains in its infancy.*®

Previous advances in LLM applications have demonstrated
certain key but limited pre-execution validation and refinement
techniques. For example, CLAIRIFY" developed an approach
using verifier-assisted iterative prompting to generate valid
programs in domain-specific languages. By combining auto-
matic iterative prompting with syntax and rule-based program
verification, CLAIRIFY ensures valid programs that incorporate
environmental constraints. However, while this verification
checks syntactic correctness and certain manually defined
rules, it does not comprehensively validate physical feasibility,
collision risks, or hardware constraints through high-fidelity
simulation. ORGANA,* building on CLAIRIFY, executes proto-
cols directly on physical hardware, solving task and motion
planning problems on the fly as part of the protocol's execution
process. Similarly, Agentic Lab's real-time monitoring through
vision-language models enables continuous learning and
protocol refinement based on post-execution analysis, but it
does not provide the grounded pre-execution validation that
simulation-based approaches offer. These system's abilities to
detect and correct errors depends on syntax verification,
handcrafted rule-based verification, and real-time visual
observation during physical execution, rather than anticipating
and preventing errors through prior simulation. PRISM
addresses this gap by positioning physics-based simulation as
a mandatory pre-execution validation gate within the protocol
generation loop, creating a closed feedback loop where detected
errors inform iterative refinement (stage 2, Section 2.3).

© 2026 The Author(s). Published by the Royal Society of Chemistry
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1.3 Contributions and goals

A critical gap exists in the current landscape of laboratory
automation: no existing work combines end-to-end LLM-driven
protocol generation and simulation-based error detection into
a unified pipeline for fully autonomous generation of trust-
worthy protocols. Digital twin work provides comprehensive
monitoring and tracing capabilities but remains insufficiently
integrated with automated protocol generation systems.

The PRISM framework addresses this gap through a three-
stage pipeline that integrates multi-agent LLM planning,
reasoning-model-driven protocol generation, and physics-based
simulation error detection. PRISM positions simulation as
a mandatory pre-execution gate, creating a closed feedback loop
where detected errors inform iterative protocol refinement. We
demonstrate the system's effectiveness through PCR amplifi-
cation (experimentally validated on our robotic platform) and
Cell Painting (computationally validated), while providing
comparative analysis across multiple state-of-the-art language
models. This work represents a step toward fully autonomous
experimental design and execution, bridging the divide between
Al-generated plans and safe, reliable laboratory automation.

2 Methods

We introduce PRISM: Protocol Refinement through Intelligent
Simulation Modeling, a framework that automates the design,
validation, and execution of experimental protocols on
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a laboratory platform composed of off-the-shelf robotic instru-
ments. We use a multi-agent framework (Fig. 1, stage 1),
described in Section 2.1, to generate the steps of an experi-
mental procedure of interest, initially described in plain
English. The steps follow a structured format that the protocol
generator recognizes and can convert into robot-compatible
instructions. The protocol generator (Fig. 1, stage 2) described
in Section 2.2 combines these structured steps with feedback
from a digital twin simulation described in Section 2.3, itera-
tively refining the design until a valid experimental protocol is
produced. The final valid protocol is then ready to execute in the
real-world laboratory (Fig. 1, stage 3) as described in Section 2.4.

2.1 Protocol planning

The protocol planning stage focuses on generating complete
structured liquid handling instructions in plain English that
capture all the reagents, labware, and procedural details
required to execute an experiment on an automated platform.
PRISM targets experimental workflows that are performed
repeatedly in laboratory settings, such as PCR, Cell Painting,
and other standard assays, where robotic automation offers the
greatest benefit in terms of consistency, throughput, and
reduction of human error. The input to the planning stage can
be retrieved automatically via the WebSurfer agent from online
sources, or provided directly by the researcher from an existing
bench protocol, making the framework applicable even when
published procedures are limited or unavailable. These steps

Converts user intent —

STAGE 1 - PROTOCOL PLANNING
structured natural-language steps

STAGE 2 - PROTOCOL GENERATION

Converts structured steps —
real-world executable protocol

Converts final protocol —
laboratory robot motions

)

STAGE 3 — REAL-WORLD EXECUTION J

Human-Provided Goal

l l

Structured Steps

Final Protocol

l

(- N (- . N
WebSurfer Generate Protocol Execute in Real-World Laboratory
= Prompt: Fetch reference PCR protocol ... ’ * @ « Al generates an initial protocol S —Z 2z
> + With sim feedback, Al fixes errors
name: PCR Amplification Workflow
author: Autoprotocol
l flowdef:
- action: run_protocol
name: Execute 0T-2 liquid handling protocol
module: ot2bioalpha
files:
ProtoPlanner *rotocol: payload.otz_protocol
Prompt: Generate structured protocol steps.. Jioction:itrenster
2 - J
l Draft structured steps Report errors back to Al l l Check sim for errors
(o R
Iterative Loop Simulate Protocol
iﬁi o + MADSci runs protocol steps
. « Isaac Sim reports physical errors
Critique ports phy:
Prompt: Flag inconsistencies...
Fix errors l l Check for errors
Validator é"hw ENGLAND
Prompt: Validate final protocol. Biolabs
- J
Structured Steps Final Protocol N J

Fig.1 Overview of the PRISM framework for protocol generation and execution. The system consists of three main stages: protocol planning,
where user intent is converted into structured steps; protocol generation, where structured English instructions are transformed into robot-
aware actions and iteratively refined through validation cycles in Omniverse before execution; and real-world execution, where the full pipeline is

validated using the Luna gqPCR protocol in our autonomous laboratory.
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are not directly robot-executable, but are formatted to preserve
the logical sequence of actions and physical constraints
necessary for robotic translation.

We evaluate two complementary prompting paradigms,
constrained and open-ended, for which the full prompt
templates are provided in the SI. In the constrained setting,
models receive explicit reagent volumes, well layouts, and step-
format rules, whereas open-ended prompting provides only
high-level experimental goals, requiring models to infer
volumes, mappings, and transfer sequences. We test each
prompting paradigm across two architectural frameworks—
a multi-agent system and a single-agent system to assess each
model's ability to generate, refine, and self-correct experimental
protocols over three iterative refinement cycles.

2.1.1 Multi- vs. single-agent protocol planning frameworks.
We define an agent as a single LLM invocation with a dedicated
system prompt that constrains its role to a specific subtask (e.g.,
retrieval, planning, critique, or validation). Agents communi-
cate sequentially: the output of one agent is provided as input to
the next. All agents use the same underlying model but operate
under different instructions and context. In the single-agent
framework, one model invocation with a single combined
prompt performs all roles within a continuous chain of thought.
We compare two architectural approaches for protocol plan-
ning: multi-agent and single-agent. These two frameworks
differ primarily in how reasoning is distributed and how errors
are detected and corrected.

In the multi-agent system, the task is decomposed across
four specialized agents, each with a distinct role. The WebSurfer
agent retrieves experimental information from online sources
and extracts procedural steps and reagents. The protocol
planner agent then converts this unstructured description into
a structured plan, selecting labware, assigning reagents to
specific deck positions, and rewriting each action into
a consistent liquid-handling schema. Next, a critique agent
evaluates the structured steps for missing information, volume
inconsistencies, formatting issues, and logical breakdowns.
Finally, the validator agent applies any needed corrections and
re-submits updated steps to the critique agent, establishing an
iterative refinement loop. Because each agent reasons only
within its specialized scope, the system benefits from modu-
larity: reasoning is constrained, errors are easier to isolate, and
corrective feedback is more targeted. However, this setup
introduces dependencies between agents, and failures in early
stages can propagate unless caught by downstream checks.

In contrast, the single-agent (reasoning model) framework
relies on a single model to perform all stages of the task within
one continuous chain of thought. The model must retrieve
relevant experimental details, infer appropriate deck layouts,
assign reagents, compute volumes, and generate a fully
enumerated set of structured liquid-handling steps in a single
pass, without external critique or role decomposition. This
approach benefits from simplicity and faster execution but
places a significantly higher cognitive load on the model: all
planning, validation, error detection, and correction must occur
internally. Without explicit modular boundaries, the model may
overlook inconsistencies, lose track of earlier constraints, or
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produce logically correct but physically invalid steps, especially
as workflows become longer and more complex.

Overall, the multi-agent system distributes reasoning across
specialized components that reinforce each other, whereas the
single-agent system must manage the entire reasoning space at
once. As we explain in more detail below, we find that the single-
agent system works reasonably well for short protocols with few
dependencies, such as PCR, where the sequence is largely fixed
(prepare reactions — thermocycler) and the exact order of
reagent additions is not critical. In contrast, workflows like Cell
Painting have many interdependent steps where timing, order,
and reagent interactions matter, making them more prone to
cascading reasoning errors when handled by a single model.
For these complex, more structured protocols, the multi-agent
framework is more robust and consistently produces correct
outputs.

2.1.2 Evaluation setup. We benchmark the two frameworks
under constrained and open-ended prompting using five state-
of-the-art LLMs: GPT-5,>* Claude Opus 4.1,> Claude Sonnet
4.5, Gemini 2.5 Pro,>* and Gemini 2.5 Flash.** We evaluated
each model-framework combination under both constrained
and open-ended prompting configurations for up to three
refinement iterations. In cases where convergence was not
achieved within three iterations, the final attempt was recorded
for analysis. For the PCR experiment, the GPT-5 constrained
multi-agent protocol was used as ground truth, as it produced
a fully correct protocol without requiring any correction cycles
and was validated by an experimental biologist. Each generated
protocol was compared against this reference across predefined
ground truth categories like logical transfers, master mix
calculations, reagent and well assignments, pipette selection,
and step formatting to identify correct, missing, and extraneous
steps (true positives, false negatives, and false positives). F;
scores were then computed within and across these categories
to quantify generation accuracy.

2.2 Initial protocol generation

To translate from English protocols into YAML format, we used
LLMs with reasoning capabilities that perform a thinking step
before generating responses. We tested this stage of the
framework with six reasoning models: GPT-5,>* Claude Opus
4.1,”* Claude Sonnet 4.5,® Gemini 2.5 Pro,** Gemini 2.5 Flash,**
and Gemini 2.5 Flash-Lite.*

All model generation parameters were kept at their default
values for consistency and simplicity. When provided with
input from the protocol planning stage, these models convert
high-level English instructions into structured YAML output by
breaking down the instructions into specific robot commands
that can be executed by laboratory automation systems. The
resulting YAML files contain sequentially ordered robot actions
along with their associated parameters, which together form
a complete machine-readable protocol.

The complexity of laboratory workflows makes simple rule-
based translations from English to robot commands insuffi-
cient for many scenarios. What appears as a straightforward
instruction in English, such as “seal the plate,” often requires

© 2026 The Author(s). Published by the Royal Society of Chemistry
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multiple coordinated robot actions, including retrieving the
plate from its current location, transferring it to a sealing robot,
and executing the sealing operation. This complexity increases
when working with robots that have specific operational
requirements, such as those that must be opened before plates
can be inserted and closed before operations can be performed,
or when unique position and rotation requirements of the
source and destination robots conflict. When laboratories
incorporate multiple robots with different operational
constraints and spatial restrictions, the sequence of actions
becomes non-trivial to determine, particularly when synchro-
nization between robots is necessary. A single misplaced step in
the sequence can lead to physical impossibilities, such as
attempting to place a plate in a closed device or trying to operate
a robot before proper preparation. These challenges make
reasoning about the entire workflow important, as the model
must understand not only each individual robot's capabilities
but also how they interact across the laboratory's spatial and
operational constraints.

2.2.1 Model input. The translation process uses three main
input components to generate robot-executable protocols. First,
the system receives English process steps with scientific
parameters such as volumes, temperatures, and timing infor-
mation derived from the previous protocol planning stage.
These steps describe the high-level scientific procedures that
need to be performed, such as the PCR and Cell Painting
protocols examined in this work. Second, the system is provided
with detailed information about the available robots’ capabil-
ities, including their possible actions, required arguments for
each action, and unique operational constraints. Third, the
system receives specifications for the expected output format,
detailing the structure of the YAML file that will be used by the
laboratory automation system (Argonne's MADSci*® framework,
building on earlier work®) to execute the protocol. These
documents can be used as separate files when working with
tools like Claude Code, which allows for better composition and
organization, or they can be concatenated into a single prompt
when using models via direct API calls to the models as we did
in this work.

The YAML output format follows the MADSci framework's
protocol specification, which encodes a protocol as an ordered
sequence of atomic robot actions. Each step in the YAML file
includes the robot to use, the action to perform, and any
arguments required for that action. This structured format
breaks down high-level instructions like “run PCR” into
a precise sequence of robot movements, plate transfers, and
device operations. The YAML structure follows a consistent
pattern that allows the laboratory automation system to inter-
pret and execute each step sequentially, with appropriate error
handling and reporting opportunities between steps.

Validation of the generated YAML files is handled by the
MADSci framework, which performs syntax checking and basic
capability verification. MADSci examines the YAML file to
ensure that all required fields are present, that the robots
referenced in the protocol exist in the laboratory configuration,
and that the requested actions are within each robot's capa-
bilities. This built-in validation eliminates the need for separate

© 2026 The Author(s). Published by the Royal Society of Chemistry
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validation code in our system. MADSci also checks whether the
arguments provided for each action match the expected inputs
for the corresponding robot. The additional, more advanced
validation that we introduce, such as collision detection and
object presence verification, is handled during the simulation
phase, where physical execution of the protocol is tested in
a virtual environment.

Robot information is organized to make laboratory setup
more flexible and reusable. Each robot's capabilities, actions,
arguments, and unique operational requirements are defined
once and packaged together. This approach allows researchers
to define laboratory-specific restrictions separately from the
intrinsic properties of the robots. When setting up a new
laboratory configuration, researchers can simply specify which
robots are being used and derive prompts from these pre-
written descriptions, then add any laboratory-specific
constraints without needing to redefine the robots' capabil-
ities. This separation makes it easier to compose new laboratory
layouts by reusing existing robot definitions and only adding
the minimal information needed for the specific laboratory
setup being modeled.

2.3 Iterative error detection in simulation

To build the digital twin environment for our simulation we
acquired Computer Aided Design (CAD) models of the robots
from vendors or public repositories. These models were initially
static, lacking physics and joint information needed for move-
ment simulation. We added necessary physics properties to
each model by defining collision geometries, and placing joint
connections at locations that match the real robots, a process
which required measuring the physical robots' joint positions
and mapping them to corresponding locations in the CAD
models. We also developed simulation drivers that translate
commands intended for the real robots into the appropriate
control signals for moving the simulated joints in Omniverse,*®
allowing the digital robots to mimic the movements of their
physical counterparts. These collision and joint additions
enable the simulation to be a more useful model of the real
world for the downstream error detection steps without
requiring substantial extra effort by the researcher.

Fig. 2 illustrates this process for the Opentrons OT-2: starting
from the manufacturer-provided CAD model (A), we added
rendering materials (B), collision meshes for contact detection
(C), and joint definitions to enable articulated motion (D). The
fully assembled simulation scene (E) is shown alongside the
physical RAPID-446 laboratory (F), with instruments color-
matched to highlight the correspondence between virtual and
real-world placements. All instruments were fully defined with
materials, collision meshes, and joints (A-D) before placing in
the same configuration as the real-world placements.

Setting up the laboratory scene involved measuring the real-
world laboratory space and placing the digital robots in
matching positions within the simulation. A CAD model's high
fidelity allows for beyond millimeter-level accuracy in robot size
and placement for future research in more flexible robot
control. However, this implementation focused on functional
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Fig. 2 Construction of the digital twin environment. (A—-D) Successive stages of preparing a single instrument (Opentrons OT-2) for simulation:
(A) raw CAD model as imported from the manufacturer; (B) addition of realistic materials for rendering and potential use with multimodal models;
(C) collision meshes (outlined in green) added to all surfaces to enable detection of improper movements; (D) joint definitions with bounding
boxes and debug visualization, enabling articulated motion of movable components. (E and F) Side-by-side comparison of the assembled
simulation scene (E) and the corresponding physical laboratory, RAPID-446 (F). Instruments are color-matched between views: thermocycler
(red), Hidex plate reader (orange), Opentrons OT-2 (green), peeler (blue), and sealer (purple). The PF400 microplate transfer arm (center, white

tower on rail) provides access to all instruments.

accuracy rather than precise positioning as robot motions
occurred only in predefined configurations. By placing the
robots in a visually matching configuration, we enabled reliable
collision detection during key events such as placing and
retrieving plates from robots and simplified manual visual
confirmation that protocol simulation was proceeding as
expected.

2.3.1 Sim-to-real correspondence. The communication
between MADSci and the simulation environment uses custom
robot interface modules that replace MADSci's default connec-
tions to physical robots with customized network messages to
the digital twin over ZeroMQ. This approach allows MADSci to
operate as if it were communicating with real robots while in
actuality sending commands to the simulation. The Omniverse
scripts receive these messages and direct the simulated robots
to perform the requested actions, then send completion or error
messages back to MADSci. This communication method avoids
the complexities of replicating each robot's unique network
protocol, leveraging the proven MADSci capabilities.

An important aspect of our approach is that MADSci behaves
identically whether controlling real or simulated robots. We run
the same MADSci software used in physical laboratories, with
only the robot interface modules changed to communicate with
the simulation. This means that all command validation,
orchestration logic, and error handling built into MADSci
operates exactly as it would in a real-world setting. The timing

Digital Discovery

and synchronization of robot actions occur in real-time, with
messages sent to and from the simulation as they would be with
physical robots. This consistency gives confidence that proto-
cols working correctly in simulation will behave similarly when
transferred to the real laboratory, as the only difference is the
replacement of physical robots with their simulated
counterparts.

2.3.2 Error detection feedback. The simulation detects
several types of errors through physics-based collision detec-
tion. We configure the system to ignore expected collisions,
such as when a robot gripper intentionally contacts a plate that
it is meant to pick up, while monitoring solely for unexpected
collisions between robots or between materials and the envi-
ronment. When an unintended collision occurs, the simulation
reports it to MADSci with an English-language description of
the problem (identifying which objects collided by name). This
error reporting causes the MADSci orchestrator to terminate the
experiment execution, just as it would if a similar error occurred
in the physical laboratory. The complete execution log up to the
point of failure can be captured, providing a record of all steps
successfully completed before the error plus context about what
was happening when the collision was detected.

Beyond collision detection, the simulation checks for object
presence and validates command execution. A ray-casting
system verifies whether plates or other materials are present
when robots attempt to interact with them. If a robot tries to

© 2026 The Author(s). Published by the Royal Society of Chemistry
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pick up a plate that is not at the expected location, the system
detects this absence and reports an error. Similarly, if a robot
attempts to place a plate when it is not currently holding one,
this inconsistency triggers an error. The simulation also vali-
dates whether commands are executable given the robots'
physical constraints, such as detecting when a requested posi-
tion is outside a robot's reach or when joint limitations would
prevent a specified movement. All errors are reported with
a useful English-language description of the problem and any
relevant details from the simulation, allowing the language
model to more easily identify and reason over the problem.
These runtime checks help identify issues that might not be
apparent when manually reviewing a protocol but would cause
failures during physical execution.

2.3.3 TIteration process. When the simulation detects an
error, we append the error as a new message in the conversation
with the language model, which is sufficient for guiding the
model to think about and fix the issue. Models exhibit different
patterns when correcting errors in protocols, ranging from
immediately identifying and fixing the issue, to misdiagnosing
the problem and introducing ineffective solutions or even new
errors. Through the use of the simulation, all of these possible
behavior patterns are handled by iteratively prompting the
model with detected errors from each attempt, allowing the
model to explore and learn from its mistakes. This is done until
the model converges to a protocol without any errors.

A successful result indicates that the physical aspects of the
protocol should execute without issues in the real laboratory as
the robots' movements, plate transfers, and device operations
have all been verified in the digital twin. However, it's important
to note that simulation success does not guarantee scientific
accuracy. The simulation confirms physical executability but
cannot verify that the protocol will achieve the intended scien-
tific outcome, as we do not simulate liquid physics, chemical
reactions, or biological processes. After a protocol passes

A) Structured Liquid Handling Step

X.) Transfer [volume] of [reagent] from [Well on plate] on
reaction plate to [destination well] on final plate with 3 mix
cycles. [Tip action - eject]

C) Protocol Steps

Mix: PCR mix + forward primer

+ reverse primer + biowater
(n0 template; same mix forall well) _( Dispense Master Mix |

Gather gPCR mix

prmers. teplate witer _( Prepare )
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simulation validation, it undergoes human review to verify
scientific accuracy. In our work, a researcher still examines the
final protocol to confirm that it performs the requested scien-
tific operations in the correct sequence with appropriate
parameters. This manual review step ensures that in the process
of fixing physical execution issues the model did not introduced
changes that would compromise the experiment's scientific
validity.

2.4 Real world execution

We selected two representative experimental workflows to
evaluate PRISM capabilities: a PCR amplification protocol and
a Cell Painting assay. We choose these two workflows because
they (i) encompass a range of laboratory operations, reagent
types, and protocol structures; (ii) are widely used in biological
research; (iii) are structurally distinct; and (iv) capture the types
of reasoning challenges that PRISM is designed to address. PCR
provides a compact, highly standardized molecular biology
workflow, while Cell Painting represents a multi-step, multi-
reagent imaging assay with substantially higher procedural
complexity.

We selected PCR amplification as a first benchmark task
because it is a canonical, well-defined molecular biology
procedure with a clear, measurable outcome. Benchmarking
against PCR allows direct comparison to prior work on protocol
generation and provides a reproducible baseline for evaluating
end-to-end execution on a robotic system. In a typical PCR
workflow, a reaction mixture containing a DNA template,
primers, nucleotides, and polymerase is assembled and sub-
jected to a series of temperature cycles to amplify the target
DNA. Validation is commonly performed by gel electrophoresis.
However, our automated laboratory does not include gel-
handling capabilities. To enable fully autonomous execution,
we used the Luna qPCR Master Mix (New England Biolabs),
which incorporates an intercalating dye allowing real-time

B) Protocol Step Count

START:
PCR Setup " Master Mix *{ into Reaction Wells

Add fixative - Incubate

Add perm buffer - Incubate

START: Seed Cells
(incubate ovemight)

Add stain ~ Incubate

Stain 4
MitoTracker Deep Red
(Mitochondria)

Add stain ~ Incubate

Stain 3:
WGA-AF594 (Membrane)

Add stain ~ Incubate

Template DNA ONLY in sample wells (e., AL A3) Collect amplification curves /
Same volume ~A1,A2,A3 Ad...__(Add Template /) Vter/ blank m contolwels(eg. A2 A4 - Run Thermocycler / Crvlues Read
> Controls QPR Program Fiuorescence

Add stain - Incubate

Add stain ~ Incubate

Begin Multplex
Staining Module

Stain 1:
Hoechst (Nuclei)

Stain 5:

Stain 2:
ConAAF488 (Golgi/ER)
Add Imaging
Buffer / Mount

Add stain ~ Incubate

Ready for
Imaging

SYT0 14
(Nucleoli/Cytoplasm)

Fig.3 Comparison of protocol complexity for Luna gPCR and PhenoVue Cell Painting assays. (A) Structured liquid-handling step format that all
generated protocols must follow. (B) Number of atomic steps required per well/reaction for each assay, coloured by operation type. Cell painting
requires substantially more reagent additions and wash cycles than gPCR, and is highly order-dependent (e.g., stain—wash cycles must be
performed sequentially), whereas reagent addition order does not matter in gPCR. (C) Schematic step-by-step workflows for gPCR (top) and Cell
Painting (bottom), highlighting the increased length, repetition, and ordering constraints of the Cell Painting protocol.
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fluorescence readout. This adaptation provides an automated,
quantitative signal equivalent to confirming the presence of an
amplified product, without requiring any manual steps.

The protocol generated by PRISM was executed end-to-end
on our automated laboratory platform, which integrates an
Opentrons OT-2 liquid handler,* a PF400 robotic arm,** a Hidex
plate reader,®* and an Azenta plate sealer* and peeler.*® This
experiment demonstrates that PRISM can produce robot-
executable protocols that run to completion with no human
intervention.

To assess generality beyond PCR, we also applied PRISM to
generate a protocol for a Cell Painting assay, a standard
morphological profiling workflow widely used in high-content
imaging screens. In a typical Cell Painting assay (see Fig. 3),
adherent cells are seeded, fixed, permeabilized, and stained
using a panel of fluorescent dyes that highlight cellular struc-
tures such as nuclei, endoplasmic reticulum, Golgi, and mito-
chondria. The stained cells are then imaged using a high-
content screening microscope to extract morphological
features. Cell painting exercises protocol-generation capabil-
ities that PCR does not: multi-step washing and incubation,
sequence-dependent operations, complex reagent handling,
and long branching workflows. These characteristics make it an
ideal test of PRISM's ability to handle procedurally complex,
multi-module protocols.

We evaluated the Cell Painting protocol produced by PRISM
in silico. A domain expert reviewed the generated steps for
biological correctness and internal consistency. Although the
core Cell Painting steps (fixation, permeabilization, staining,
and washing) can be emulated on our OT-2 through controlled
pipetting, our current workcell does not include an integrated
automated plate washer. Because Cell Painting typically
involves numerous gentle wash cycles optimized for preserving
adherent cell monolayers, dedicated plate washers are
commonly used in high-content screening workflows. For this
reason and because our platform lacks a high-content imaging
system, we validated the Cell Painting protocol in silico rather
than executing it physically.

3 Results and discussion

We present our results in an order that reflects the three-stage
pipeline of the PRISM framework illustrated in Fig. 1. Section
3.1 evaluates stage 1, where we assess different approaches to
protocol planning that convert high-level experimental intent
into structured English instructions. This includes comparing
multi-agent versus single-agent frameworks and constrained
versus open-ended prompting strategies. Section 3.2 corre-
sponds to stage 2, the protocol generation and validation loop,
where structured steps are translated into robot-executable
YAML formats and iteratively refined through simulation-
based error detection. We also present an ablation study
demonstrating the necessity of simulation for achieving phys-
ical correctness. Finally, Section 3.3 presents stage 3, where
simulation-validated protocols are executed on our automated
laboratory platform to demonstrate end-to-end functionality
and biological validity.
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3.1 Protocol planning

We begin our evaluation by focusing on the initial phase of the
PRISM framework: the translation of scientific intent into
structured experimental plans. This stage serves as the foun-
dational logic layer; errors introduced here propagate down-
stream, rendering even syntactically perfect robotic code
scientifically invalid. To assess this capability, we benchmark
performance across two dimensions: the architectural frame-
work (comparing single-agent reasoning against the proposed
multi-agent system) and the prompt constraints (evaluating
adaptability under both rigid and open-ended instructions).

3.1.1 Experimental setup and evaluation criteria. We eval-
uated five LLMs (GPT-5, Claude Opus 4.1, Claude Sonnet 4.5,
Gemini 2.5 Pro, and Gemini 2.5 Flash) on their ability to
generate structured liquid handling steps in plain English for
the PCR and Cell Painting workflows described in Section 2.4.

For PCR, each model was tested under both the multi-agent
and single-agent frameworks using both the constrained and
open-ended prompting paradigms. Performance was assessed
based on (1) the number of correction iterations required to
refine the generated protocol and (2) the types of logical,
formatting, or physical errors present in the generated steps.
We allowed at most three correction iterations; if a model failed
to produce a valid protocol within this limit, the attempt was
recorded as non-convergent. The PCR results were reviewed by
a biologist and experimentally validated on our robotic
platform.

We evaluated each generated protocol for both structural
correctness and biological feasibility. Under the constrained
prompting setup, models received fixed experimental parame-
ters, reagent mappings, and well layouts designed to minimize
ambiguity, ensuring that success reflected precise adherence to
given instructions rather than creative inference. Performance
was assessed across six predefined criteria: (1) correct source
and destination well assignments, (2) correct reagent volumes,
(3) inclusion of exactly three thermocycling steps, (4) adherence
to the required step format, (5) correct reagent use for test and
control wells, and (6) appropriate pipette selection.

In contrast, the open-ended prompting setup provided only
high-level experimental goals without fixed reagent mappings
or per-component volumes, while still specifying essential lab
constraints such as the OT-2 deck layout (e.g., slot assignments
for the reaction and destination plates) and a target total reac-
tion volume. Therefore, models were required to infer
compatible volume splits, well layouts, and transfer sequences
that satisfied these physical and biological constraints. Evalu-
ation in this setting focused on eight criteria that capture
reasoning flexibility and practical feasibility: (1) practical well
mapping, (2) adequate spacing between test and control wells to
avoid cross-contamination, (3) biologically correct volume
calculations, (4) inclusion of exactly three thermocycling steps,
(5) correct step formatting, (6) correct reagent logic for test and
control wells, (7) proper and consistent pipette use, and (8)
compliance with minimum volume and plate capacity limits.

We provide the full prompt templates and model instruc-
tions for both the constrained and open-ended paradigms in

© 2026 The Author(s). Published by the Royal Society of Chemistry
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the SI. Quantitative accuracy across the criteria listed above was
measured using the F; score, which captures both the precision
and completeness of the generated protocol relative to the
ground-truth reference. The F; score was calculated as,

- 2 x TP
~ 2xTP+FP+FN

Fy

where TP, FP, and FN represent the number of correct, addi-
tional, and missing steps, respectively. The F; score accounts for
additions, deletions, and errors in various ground truth criteria
chosen for each prompt paradigms.

3.1.2 Use case 1: visual exploration of PRISM capabilities.
We first evaluated PRISM in our Rapid Prototyping Laboratory
(RPL) on a set of plate-pattern tasks to demonstrate its ability to
generate correct OT-2 protocols outside a biological laboratory.
Specifically, we validated PRISM's spatial planning capabilities
by replicating the geometric pattern tasks previously demon-
strated by Boiko et al.,** confirming that our system can
successfully interpret high-level visual descriptions into robot-
executable protocols. These non-biological demonstrations
show that PRISM can infer well locations, compute volumes,

View Article Online
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assign reagent sources, and output robot-executable liquid-
handling instructions based solely on a natural-language goal.
Fig. 5 illustrates the four patterns used: (A) a 3 x 3 colored block
in the upper-left corner, (B) a diagonal starting from the lower-
left corner of the plate, (C) an alternating-row fill pattern, and
(D) a rainbow checkerboard created by applying a color gradient
to every other well. These tasks highlight PRISM's capacity to
generalize beyond assay-specific workflows and generate
protocols for arbitrary user-defined objectives. Using only an
English-language description of which wells to fill and how to
color each well, PRISM determines exact well locations and
ratios of input liquids to complete the task.

3.1.3 Use case 2: PCR protocol generation. Next, we evalu-
ated PRISM in RAPID-446, our BSL-1 laboratory, to show that
PRISM generalizes to different laboratory configurations and
different instruments. RAPID-446 contains additional robots in
a different physical layout to that of RPL, allowing us to
demonstrate that PRISM is not restricted to the RPL configu-
ration that we used for development.

Fig. 4a and b summarize per-model F, accuracy for PCR
across the two frameworks, while Table 1 reports the number of

Claude Claude Gemini Gemini Claude Claude | Gemini | Gemini
Ground Truth Criteria GPTS Opus 4.1 Sonnet 2.5Pro 2.5 Ground Truth Criteria GPTS Opus 4.1 Sonnet 25 25
pusdl| 45 : Flash pusdl] 4s Pro Flash
Well Assignment v v v v v Well Assignment v v v v v
Reagent Volumes v v v v X Reagent Volumes v v v v v
Exactly 3 Exactly 3
Thermocycling v X X X v Thermocycling v v X v x
Steps Steps
Constrained Step Format v X X X X Constrained Step Format v X X X X
Reagent Logic v v v v x Reagent Logic v v v v v
Practical Pipette "
Use v v v v v Pipette Use v v v v v
F1Score 1.0 0.80 0.80 0.80 0.67 F1Score 1.00 0.91 0.80 0.91 0.80
PracsicaLWell v v v v v Prac?icaLWell v v v v
. Assignment Assignment v
Multi-Agent Single Agent
workflow Workflow
Adequate Well v v v v 52 Adequate Well v v v v
Spacing Spacing v
Correct Volume Correct Volume
Calculations M s S 2 S Calculations 2 & 8 v v
Exactly 3 Exactly 3
Thermocycling v X X X X Thermocycling X v X X 5%
Steps Steps
Open -Ended Step Format v X X X X Open -Ended Step Format v X X X ~
Reagent Logic v v v X X Reagent Logic X X X X %
P”’“'CSS‘:"”"‘? v v v X X Pipette Use X X X X X
Volume and Volume and
capacity v v v X X capacity v v v v v
compliance compliance
F1Score 1.0 0.77 0.77 0.40 0.22 F1Score 0.67 0.67 0.55 0.67 0.67

(a) Multi-agent

(b) Single-agent

Fig. 4 Comparison of multi-agent and single-agent workflow performance on Luna gPCR protocol generation. Each panel summarizes per-
model accuracy across all ground-truth evaluation criteria for five LLMs: GPT-5, Claude Opus 4.1, Claude Sonnet 4.5, Gemini 2.5 Pro, and Gemini
2.5 Flash. v and X indicate whether each criterion was met or violated. Color coding denotes the type of deviation from the ground truth: yellow
= extra action (false positive), red = missing action (false negative). These errors contribute to the F;-score reported in the bottom row, which
quantifies overall protocol accuracy. Panel (a) shows the multi-agent workflow (WebSurfer — planner — critique — validator), and panel (b)
shows a single agent workflow without modular decomposition of tasks. The comparison highlights that structured multi-agent reasoning
achieves higher correctness and more reliable protocol synthesis than monolithic reasoning generation.
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Fig. 5 Visualization-focused pattern-generation tasks used to evaluate PRISM. (A) A 3 x 3 coloured square in the upper-left corner. (B) A
diagonal pattern beginning at the lower-left corner (H1). (C) An alternating-row fill pattern. (D) A rainbow checkerboard combining a red-yellow-

blue gradient with a parity-based fill rule.

Table 1 Luna gPCR protocol results showing the number of refine-
ment iterations (1-3) required for each model to achieve convergence
under the multi-agent and single-agent frameworks across con-
strained and open-ended prompting. v indicates that the model
produced a correct protocol on the first attempt without requiring
refinement; integers (1-3) denote the number of refinement cycles
needed before convergence; and t indicates non-convergence within
three iterations

Multi-agent Single-agent

Model Constrained Open-ended Constrained Open-ended

GPT-5 v v v
Claude Opus 4.1 2
Claude Sonnet 4.5 1
Gemini 2.5 Pro T
Gemini 2.5 Flash

—
— = — —
R

correction iterations required for each model to converge.
Together, these analyses capture both the accuracy of protocol
generation and the adaptability of each framework under iter-
ative refinement.

Under constrained prompting, GPT-5 achieved perfect F;
scores for both the multi-agent and single-agent frameworks,
generating a correct protocol in the first attempt. Under open-
ended prompting, GPT-5 initially showed minor inconsis-
tencies in volume calculations, step formatting, number of

Digital Discovery

thermocycling steps, and transfer of reagents but converged to
fully correct protocols within three refinement iterations.

In contrast, the Claude and Gemini models did not converge
reliably across iterations, with several configurations showing
degraded performance over time. For example, Gemini 2.5
Flash (reasoning with constrained prompts), Claude Opus 4.1
(reasoning with fixed constraints), and Claude Opus 4.1 (open-
ended multi-agent framework) often added redundant steps,
scaled volumes to impractical levels, or altered previously
correct actions. These models also struggled to maintain the
required step format and failed to produce exactly three ther-
mocycling steps under constrained prompting. When open-
ended prompts were used they deviated further across evalua-
tion criteria particularly in maintaining biologically valid
volume or concentration calculations compatible with the
robotic platform. Overall, the multi-agent framework still
achieved higher accuracy and faster convergence for most non-
GPT models, largely because its structured feedback helped
recover from format and logic inconsistencies that single
reasoning chains could not self-correct. However, they still had
minor issues in step-format and therefore we say they did not
fully converge in Table 1.

These results indicate that model performance is shaped not
only by parameter capacity but also by reasoning dynamics: the
GPT model exhibits sustained contextual reasoning that allows
it to manage experimental constraints implicitly, whereas

© 2026 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6dd00004e

Open Access Article. Published on 20 May 2026. Downloaded on 6/10/2026 8:27:40 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Paper

models like Gemini and Claude, which favor faster response
generation, often lose context or respond without sufficient
internal deliberation, requiring more explicit structure and
corrective feedback to achieve valid protocols.

3.1.4 Use case 3: Cell Painting. To evaluate performance on
more complex experimental workflows, we applied both the
multi-agent and single-agent frameworks to generate a Cell
Painting protocol. This evaluation was not benchmarked across
prompt paradigms, as the goal was to test whether each
framework could handle a longer, multi-step procedure rather
than optimize specific prompting conditions. The generated
protocols were reviewed by a biologist to confirm that they were
biologically sound and physically feasible on our automated
platform. In this setting, reasoning models often failed to
maintain coherent step structure as the number of actions
increased, frequently omitting reagents or misordering proce-
dural steps. In contrast, the multi-agent framework produced
a consistent and logically organized protocol that captured the
necessary sequence of reagent additions and washing steps. The
division of tasks across specialized agents helped maintain
structure and correctness as procedural complexity increased,
underscoring the importance of modular, feedback-driven
design for planning larger, multi-phase experiments.

Overall, these results show that structured prompting and
modular task decomposition play complementary roles in
generating correct and physically executable experimental
protocols. High-capacity models such as GPT-5 perform reliably
across both frameworks and prompt types, while smaller
models benefit substantially from the structured feedback of
the multi-agent system and the explicit guidance of constrained
prompts. The multi-agent framework offers a clear advantage
when protocols become longer or more detailed, enabling
consistent correction of logical and formatting errors that
reasoning models alone struggle to resolve. Together, these
findings demonstrate accurate and adaptable protocol planning
and provides a foundation for the next stage of translating the
structural steps into fully executable robotic workflows.

3.2 Protocol generation/validation

To evaluate the initial protocol generation capabilities of each
model, we assessed their ability to produce a complete,
executable PCR workflow from structured English instructions
in a single attempt. This zero-shot evaluation provides a base-
line measure of each model's understanding of robotic
constraints, sequencing requirements, and the physical limi-
tations of the laboratory environment. Fig. 6 presents
a comparative analysis of the first protocol generated by each of
the six tested reasoning models against the ground truth
workflow.

The analysis reveals a striking pattern across the models: five
of the six tested systems (Claude Opus 4.1, Claude Sonnet 4.5,
Gemini 2.5 Pro, Gemini 2.5 Flash, and Gemini 2.5 Flash-Lite) all
omitted the open commands required before placing plates into
the thermocycler and plate reader. This error type represents
a physical impossibility: attempting to insert a plate into
a closed device would cause a failed experiment and potential

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Gemini 2.5 [ Gemini 2.5 | Gemini 2.5

Ground Truth GPT-5 Opus 4.1 |Sonnet 4.5 Pro Flash Flash-Lite
1. ot2 run_protocol v v v v v v
2. transfer -» exchange v v v v v v
3. transfer - sealer v v v v v v
4. seal v v v v v v
5. open thermocycler v
6. transfer » exchange v v v v v v
7. transfer - thermocycler v v v v v v
5 5 5 5
8. close thermocycler v v v v v v
9. run thermocycler v v v v v v
10. open thermocycler v v v v v v
11. transfer » exchange v v v v v v
12. transfer - peeler v v v v v
13. peel v v v v v
+transfer +transfer
14. open hidex v
15. transfer - hidex v v v v v v
14 14 14 14
16. close hidex v v v v v v
17. run hidex v v v v v v
18. open hidex v v v v v v
F1 Score 1.00 0.94 0.88 0.88 0.88 0.82

I:l Missing action (False Negative) I:l Extra action (False Positive) l:l Benign insertion

Fig. 6 Initial generated protocols vs. ground truth for a PCR workflow.
Each column shows the first protocol generated by the specified
reasoning model compared against the correct sequence of actions. v/
indicates correct action placement. Red cells indicate missing actions,
yellow cells indicate inserted actions (the number corresponds to
correct position of the action), and blue cells indicate benign modifi-
cations where the model added unnecessary but non-harmful inter-
mediate steps. GPT-5 achieved perfect initial generation, while other
models exhibited a common failure pattern: omitting the open
commands required before transferring plates into the thermocycler
(step 5) and plate reader (step 14).

equipment damage in the physical laboratory. The error pattern
demonstrates a consistent gap in long-horizon planning: while
models successfully generated most of the basic protocol
structure, they failed to anticipate that certain devices require
extra operations before interaction, a constraint that differs
from the typical usage pattern of the other laboratory robots.

Notably, GPT-5 achieved perfect initial generation with an F;
score of 1.0, producing a physically executable protocol without
any errors on the first attempt. The performance gradient across
models, reflected in declining F; scores from GPT-5 (1.0)
through Claude Opus 4.1 (0.94) down to Gemini 2.5 Flash-Lite
(0.82), shows quantitatively how model capability directly
impacts initial generation quality. Less capable models exhibi-
ted higher rates of missing actions and a failure to fully capture
the basic protocol structure.

These zero-shot results establish the fundamental challenge
that the PRISM framework addresses: even state-of-the-art
language models often produce physically infeasible protocols
when translating high-level scientific intent into executable
robotic instructions. The errors shown in Fig. 6 would cause
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failures if executed directly on physical hardware, motivating
the core function of PRISM's simulation-based refinement loop
to iteratively detect and correct these flaws before real-world
execution.

3.2.1 Iterative refinement through simulation feedback. All
models except GPT-5 required further iterations with simula-
tion feedback to produce valid protocols. The simulation envi-
ronment detected physical impossibilities, such as attempting
to place plates into closed devices, and returned error messages
describing the specific collision or constraint violation. Models
demonstrated the ability to interpret these error messages,
identify the problematic steps, and propose corrections, though
the efficiency and pattern of error correction varied by model.

The medium-capability models, Claude Sonnet 4.5 and
Gemini 2.5 Flash, successfully interpreted simulation error
messages and correctly diagnosed the root causes of failures.
However, these models exhibited a localized correction pattern:
when the simulation flagged a specific instance of an error (e.g.,
attempting to place a plate into a closed device at a specific step,
as shown in Fig. 7), the model would fix only that particular
occurrence. Subsequent simulation runs would then generate
new error messages for other instances where the same mistake
had been made, requiring additional iterations to systemati-
cally eliminate all occurrences of the error pattern. This
behavior resulted in three iterations for both Claude Sonnet 4.5
and Gemini 2.5 Flash to achieve valid protocols, as shown in
Table 2.

In contrast, the stronger models, Claude Opus 4.1 and
Gemini 2.5 Pro, demonstrated global pattern recognition. When
provided with an error message about a single instance of
a mistake, these models recognized that they had made the
same error in multiple locations throughout the protocol and
corrected all instances simultaneously in a single iteration. This
capability to generalize from one error instance to identify and
fix a systematic problem pattern enabled these models to ach-
ieve valid protocols in just two iterations.

The weakest tested model, Gemini 2.5 Flash-Lite, exhibited
substantially less capable error diagnosis behavior. Rather than

Fig. 7 Visualization of a plate collision error in the simulation envi-
ronment. The robot arm attempts to insert a plate into the thermo-
cycler while the device lid remains closed, representing a physical
impossibility. This error occurred when models omitted the required
open command before plate insertion.
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Table 2 Number of simulation iterations required for each model to
produce a physically valid PCR protocol in simulation. GPT-5 gener-
ated a correct protocol without any errors in the first simulation run,
while weaker models required progressively more attempts to identify
and correct all errors. Gemini 2.5 Flash-Lite passed all simulation
checks in 3 iterations, however it failed to include the peel command,
a scientifically necessary step for correct results from the plate reader
that our physics simulation did not verify

Model Total iterations

GPT-5

Claude Opus 4.1
Gemini 2.5 Pro
Claude Sonnet 4.5
Gemini 2.5 Flash
Gemini 2.5 Flash-Lite

W W W NN

(failed scientific requirements)

immediately identifying the correct root cause, this model
incorrectly handled the initial error and introduced new errors
in the process. Only after accumulating additional context from
further error messages did the model converge on a physically
possible solution. This trial-and-error approach resulted in
three iterations before achieving a solution that resolved the
physics-based errors detected by the simulation. However,
despite producing a physically executable protocol that passed
all simulation checks, the model still failed to include the peel
command, a scientifically necessary step for correct results from
the plate reader that our physics simulation did not verify.
When the human researcher provided a manually formatted
error message indicating the missing operation, Gemini 2.5
Flash-Lite successfully incorporated a correction in its final
iteration. This complete refinement process resulted in four
total iterations before achieving both a physically valid and
scientifically complete protocol, demonstrating that while
simulation-based feedback substantially aids weaker models in
achieving physical correctness, it does not eliminate the need
for scientific review of the final protocol.

To assess the generalizability of these results beyond the PCR
experiment, we also evaluated all models on a Cell Painting
protocol. In this case, every model produced a correct protocol
on the first attempt, requiring zero iterations for validation.
This universal success was due to the fact that the majority of
the complexity in the Cell Painting protocol lies in the liquid
handling steps covered thoroughly by the planning phase
(Fig. 1, stage 1) as shown in Fig. 3, as well as the reduced robotic
variety of the Cell Painting workflow, which lacked the intricate
coordination requirements between robots that induced most
of the model errors with the PCR protocol. Despite this
universal first-attempt success, minor differences in model
behavior remained observable. Each model independently
selected its own interpretation of room temperature, with
values varying between 22 and 25 degrees Celsius across
different models. Additionally, when prompted to seal a plate at
4 degrees Celsius for an indefinite storage period, all models
except GPT-5 chose to seal the plate without placing it in the
incubator, leaving a note for the human researcher to configure
storage as desired. This approach reflected a conservative

© 2026 The Author(s). Published by the Royal Society of Chemistry
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interpretation of the input documentation, which did not
describe indefinite-duration incubation as a supported capa-
bility. GPT-5 opted to place the sealed plate in the incubator at
the required temperature for a specified duration of 24 hours,
accompanied by a note for the researcher to adjust the duration
as needed.

3.2.2 Limitations of self-correction without simulation. To
evaluate the value that simulation-based validation provides
beyond language model self-critique, we conducted an ablation
study where the simulation environment was disabled. This
experiment tested whether a reasoning model, when prompted
to identify and fix its own errors, could achieve the same level of
physical correctness as the complete PRISM framework with
simulation feedback. For this work, we designed a more chal-
lenging scenario to stress-test the model's abstract reasoning
capabilities: a protocol that processes two plates sequentially
through the PCR workflow, creating a conflict where both plates
would need to occupy the plate reader simultaneously, a phys-
ical impossibility. This scenario simulates a realistic failure
mode where the upstream protocol planning phase produces
a logically coherent but physically infeasible plan.

We provided Claude Sonnet 4.5 with this flawed plan and
asked it to generate the corresponding YAML protocol. The
initial generation contained multiple errors: the model forgot to
include open commands for both the thermocycler and plate
reader before attempting to insert plates, and it produced
mismatched plate transfer orientations that would cause colli-
sions. Additionally, the protocol's terminal state had both plates
in the plate reader simultaneously, confirming that the model
had not detected the physical impossibility during generation.

When prompted to review its work and identify any mistakes,
the model successfully recognized the high-level logical conflict:
two plates could not occupy the same location. It proposed
a solution to move the first plate to an exchange deck before
processing the second plate, demonstrating capable logical
reasoning about spatial conflicts. However, this modification
introduced a new problem. The protocol required use of the
exchange deck as an intermediate transfer location for the
second plate's movements, and with the first plate now occu-
pying this position, the exchange deck was blocked. Upon
a second self-critique request, the model recognized this emer-
gent conflict and revised the plan again, orchestrating move-
ments of the first plate back to its original position in the OT-2 to
free both the plate reader and the exchange deck.

After this sequence of corrections, the model performed
a final self-review and declared the protocol to be correct and
ready for execution. However, multiple physical impossibilities
remained undetected. The protocol still attempted to place
plates into closed devices, the same error pattern shown in
Fig. 6 that all models except GPT-5 produced in their initial
generations. Additionally, the mismatched plate transfer
orientations persisted (Fig. 8), which would cause collision
failures during execution.

In the complete PRISM framework, this protocol that the
model declared “correct” would have failed when executed in the
simulation environment. The grounded, physics-based error
messages provide a fundamentally different form of validation
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Fig. 8 Visualization of a plate orientation mismatch error in the
simulation environment. The plate is incorrectly oriented during
a transfer operation, resulting in a spatial configuration that would
cause a collision with the robot arm or device during execution.
Despite multiple rounds of self-correction where the model declared
the protocol ready for execution, this type of subtle geometric
constraint violation remained undetected, demonstrating the limita-
tions of purely text-based reasoning for validating physical feasibility.

than self-critique, enabling the model to identify and correct
errors that it could not detect through tool-unassisted reasoning.

This ablation study reveals the limitations of language model
self-correction for protocol refinement. The model demonstrated
some sophisticated logical reasoning, successfully identifying
and resolving high-level spatial conflicts through multiple itera-
tions of abstract problem-solving. However, given the complexity
of the multi-step coordination task and the subtle nature of
certain physical constraints, text-based reasoning alone was
insufficient to achieve a physically executable outcome.

This result establishes that the simulation component of
PRISM provides an valuable validation layer. While language
models possess remarkable reasoning capabilities and can
identify many types of errors through self-critique, the combi-
nation of task complexity and the need to verify physical feasi-
bility requires grounding in a physics-based environment. The
simulation complements rather than replaces model reasoning,
providing the physical validation that tool-unassisted reasoning
cannot reliably achieve for complex, multi-step robotic protocols.

3.3 Real world experimental validation

We executed a PCR protocol generated by PRISM, as described in
Section 3.1.3, on our automated laboratory platform. We used the
Luna qPCR master mix, which enables fluorescence-based vali-
dation in place of gel electrophoresis, allowing fully automated
execution. As shown in Fig. 9, test wells (outlined in red)
produced strong amplification signals, while control wells (out-
lined in black) remained at baseline fluorescence. The measured
RFU values were consistent with those obtained when the same
PCR assay was performed manually by a scientist, indicating that
PRISM-generated protocols produce biologically valid results
comparable to conventional hand-executed experiments.

To evaluate the generality of PRISM beyond PCR, we used the
framework to generate a Cell Painting assay protocol, as
described in Section 3.1.4. PRISM successfully produced
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Fig. 9 PCR plate fluorescence readout from PRISM-executed
protocol. Test wells (red outline) show amplified signal, while control
wells (black outline) remain at baseline. Fluorescence is shown in
relative fluorescence units (RFU) on a log scale.

a detailed set of robotic instructions covering reagent handling,
plate setup, and imaging preparation. These instructions were
validated in silico and by a domain expert.

Together, these results confirm that PRISM can deliver end-
to-end executable protocols within an automated laboratory
and can also generalize beyond single-step molecular assays to
more complex, multi-step biological workflows.

4 Conclusions

We have presented PRISM, a framework that addresses the
challenge of translating scientific hypotheses into error-free
robotic instructions by coupling LLM-based planning systems
with simulation-based validation. This integration ensures that
protocols are vetted for physical reliability, enabling the appli-
cation of generative AI within laboratory settings in which
reliability concerns would otherwise prevent its use. We
summarize in the following the system's performance across
our key benchmarks, synthesize the insights gained regarding
agentic reasoning, and outline the remaining challenges for
fully self-driving laboratories.

4.1 System performance and contributions

We have demonstrated in this work the successful application
of LLMs to automated protocol generation for laboratory
research, establishing a framework that bridges the substantial
gap between high-level experimental intent and executable
robotic instructions. PRISM has shown compatibility with
existing automated laboratory hardware by leveraging the
MADSci platform, indicating that the approach does not require
specialized or custom-built robotic systems to function effec-
tively. Through the integration of simulation-based refinement
via NVIDIA Omniverse and Isaac Sim, we have validated an
approach that allows protocols to be iteratively improved before
physical execution, reducing the risk of equipment damage and
experimental failures.

We also reported on the results of a quantitative perfor-
mance comparison across multiple LLMs. This study revealed
distinct capabilities and limitations of different reasoning
models in the context of laboratory automation. The system's
effectiveness has been explicitly tied to real-world validation
through successful PCR execution in our automated laboratory,
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while its generalizability has been demonstrated through in
silico generation of a more complex Cell Painting protocol.

4.2 Key findings and insights

The protocol planning evaluation revealed fundamental differ-
ences in how language models approach the decomposition of
experimental procedures into executable steps. Multi-agent work-
flows demonstrated superior performance by enforcing explicit
separation of concerns: retrieval of procedural knowledge, spatial
reasoning about deck layout and labware positioning, step-by-step
formatting with physical constraints, and systematic validation of
completeness and logical flow. This structured approach reduced
false positives (unnecessary actions) and false negatives (missing
critical steps) compared to single-agent reasoning, which tended to
produce protocols that were either overly verbose or missing
essential details. Notably, the iterative refinement mechanism—
where the critique and validator agents provide feedback to the
planner—proved essential for achieving convergence, with most
models requiring 2 or 3 refinement cycles to reach acceptable
accuracy levels. The comparison between constrained and open-
ended prompting revealed that while constrained prompts
improved initial generation quality by providing explicit guidance,
open-ended prompts tested the models' ability to reason inde-
pendently about experimental requirements, volumes, and trans-
fer sequences. This finding suggests that protocol planning
performance depends not only on model capability but also on the
degree of structural scaffolding provided through prompt design
and agent specialization.

Our evaluation revealed model-specific strengths
different aspects of protocol generation, with variations in both
initial generation quality and error correction capabilities. The
effectiveness of iterative refinement in achieving valid protocols
was demonstrated across all tested models, though the
improvement per-iteration varied significantly based on model
reasoning capabilities. Weaker models required multiple iter-
ations to correct individual instances of the same error, while
stronger models could identify and fix all instances simulta-
neously. As shown in the ablation study, removal of simulation
feedback reduced a medium-capability model's performance
down to that of simulation-assisted low-capability models.
Simulation proved essential for preventing real-world failures,
enabling the reliable detection of physical execution issues such
as collisions, missing opening steps for robots with specific
operational constraints, and invalid command sequences that
would have caused failures in the physical laboratory. Impor-
tantly, the PCR experiments showed comparable performance
to manual execution, demonstrating that automation through
LLM-driven protocol generation does not compromise biolog-
ical outcomes and can achieve the same scientific results as
traditional manual approaches.

for

4.3 Current limitations and future work

Despite promising results, several limitations warrant attention
in future work. LLMs still require substantial prompt engi-
neering to achieve consistent and reliable performance, with
sensitivity to prompt phrasing varying notably across model

© 2026 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6dd00004e

Open Access Article. Published on 20 May 2026. Downloaded on 6/10/2026 8:27:40 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Paper

families. Developing adaptive prompting strategies or domain-
specific fine-tuning approaches tailored to laboratory protocols
could reduce this dependence on manual prompt design.
Current models also continue to struggle with reasoning about
multi-well operations, complex volume calculations, and many-
to-many transfer patterns—limiting their ability to generalize to
more sophisticated assays. Addressing these challenges will be
critical for extending automated protocol generation to
increasingly complex experimental workflows.

The development of realtime liquid-handling monitoring
represents another promising direction for future research. The
current simulation validates protocols before execution by detect-
ing physical motion errors, but cannot detect failures that occur
during liquid handling at runtime, such as partial dispenses due to
viscosity or air bubbles, missed dispenses, incorrect well targeting,
or cross-contamination from tip reuse. In unsupervised operation,
detecting such failures in real time and halting execution early may
be preferable to completing a compromised experiment. Inte-
grating sensor-based or vision-based liquid-handling monitors
into the execution loop would extend PRISM's validation capabil-
ities from pre-execution to runtime, complementing the existing
simulation-based error detection.

The current Omniverse simulation has scope limitations, in
particular regarding physical motion validation through reach-
ability and collision feedback. Simulation fidelity constraints also
exist, such as the lack of liquid physics modeling and the absence
of chemical or biological process simulation, which require that
scientific accuracy must be verified through other means.
Expanding Omniverse error detection capabilities to include
scientific accuracy validation and more detailed protocol adher-
ence verification would strengthen the system's ability to catch
errors before physical execution.

We also note that current text-based simulation feedback limits
intuitive understanding of complex protocol execution flows for
errors that are not expressed clearly in textual output formats.
Recent work such as Agentic Lab'® demonstrates the potential of
vision-language models for laboratory reasoning, suggesting future
directions for PRISM to incorporate multimodal simulation feed-
back—visualizing predicted equipment states, timing relation-
ships, and potential failure modes alongside textual explanations
to enhance protocol refinement. Frameworks such as ADePT*
provide structured evaluation criteria for assessing such capabil-
ities as they mature in autonomous laboratory settings.

Finally, we observe that simulation environments such as
that considered here could be leveraged for laboratory design
optimization, with digital twin modeling used to help identify
laboratory configurations that maximize efficiency and mini-
mize potential collision or access conflicts among robots.

4.4 Broader impact

The PRISM framework has the potential to democratize auto-
mated laboratory research by lowering the barriers to entry for
institutions and researchers who lack specialized expertise in
robotics and automation programming. By enabling scientists
to describe experiments in structured natural language rather
than requiring detailed knowledge of robot control systems, the
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PRISM approach makes laboratory automation accessible to
a broader community. This democratization carries significant
implications for reproducibility and standardization in biolog-
ical protocols, as automatically generated protocols can be
shared, validated, and executed consistently across different
laboratories with compatible automation platforms.

The work presented here provides a pathway toward fully
autonomous experimental design and execution, where the
entire process from hypothesis formation through experimental
execution and data analysis is automated. By bridging LLMs,
physics-based simulation, and laboratory automation hard-
ware, PRISM contributes to the foundation for self-driving
laboratories. Such systems have the potential to accelerate
scientific discovery while simultaneously reducing human error
in protocol execution, enabling more reliable and reproducible
experimental results. As these technologies mature and become
more widely adopted, they may fundamentally transform how
laboratory research is conducted, shifting the role of scientists
from manual execution to higher-level experimental design and
interpretation of results.
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