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As laboratory automation accelerates scientific discovery, the manual, expertise-driven task of arranging

labware on a robot's deck remains a significant barrier for researchers. This initial setup is crucial for

experimental success, safety, and efficiency, yet its complexity grows exponentially with protocol

intricacy. To address this challenge, we introduce Labware-Layout Planner, a novel system that

integrates a Large Language Model (LLM)-based semantic interpreter with a spatial constraint solver. This

architecture translates natural language experimental protocols into optimized, robot-agnostic labware

layouts. By interpreting user instructions and physical constraints, our system automates the complex

decision-making process of where to place each piece of equipment. We demonstrate its versatility

through successful execution of diverse experiments: a liquid handling task and a complex qPCR assay

on an Opentrons OT-2, and a multi-step cell passaging protocol on a humanoid Maholo LabDroid.

Labware-Layout Planner represents a critical advance by tackling the physical setup phase of

automation, paving the way for researchers to move seamlessly from a written idea to robotic execution

and freeing human intellect for more creative scientific pursuits.
Introduction

Laboratory automation is a promising technology for acceler-
ating scientic inquiry by improving reproducibility and
enabling high-throughput experimentation.1,2 When consid-
ering the practical implementation of laboratory automation,
there are several areas where humans make implicit decisions.
For example, the concept of “Care” proposed by Ochiai et al.
broadly encompasses tasks traditionally performed implicitly
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by researchers, such as preparatory work and responses to
unexpected events that are necessary to support the execution of
an experiment.3 Among these, a critical preparatory task that
has oen been overlooked is determining the initial placement
of labware. The initial layout in an automated experiment
directly impacts the prevention of reagent cross-contamination,
the movement efficiency of the robotic arm, and consequently,
the overall success and safety of the experiment.4 However, this
task has traditionally relied on the experience and tacit knowl-
edge of researchers.5 Furthermore, as the variety and number of
labware used in a single protocol increase, the number of
possible layout patterns increases factorially, making it
extremely difficult for humans to determine an optimal solu-
tion.6,7 As a result, labware layout design, which represents
implicit human decision-making that is rarely formalized,
constitutes a hidden but critical burden in laboratory automa-
tion, directly affecting experimental safety, efficiency, and
reproducibility. Although recent AI-based systems can generate
executable robot protocols, they typically assume that a valid
labware layout is manually predened and do not guarantee
satisfaction of physical placement constraints. As highlighted
in discussions of hidden human labor in self-driving laborato-
ries,3 automating this preparatory decision-making step is
essential for achieving truly end-to-end laboratory automation.

Laboratory automation workstations are widely used in
elds such as drug discovery and biological research.8,9 Many
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http://crossmark.crossref.org/dialog/?doi=10.1039/d6dd00026f&domain=pdf&date_stamp=2026-05-20
http://orcid.org/0000-0001-8064-9595
http://orcid.org/0000-0002-6025-2571
http://orcid.org/0000-0001-6106-5340
http://orcid.org/0009-0002-6331-3920
http://orcid.org/0009-0006-6071-5042
http://orcid.org/0000-0002-4235-9914
http://orcid.org/0000-0002-6372-241X
http://orcid.org/0000-0002-1606-2762
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd00026f
https://pubs.rsc.org/en/journals/journal/DD


Digital Discovery Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

4 
M

ay
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/1
3/

20
26

 9
:4

6:
47

 P
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
existing automation workstations, such as automated liquid
handlers like the Opentrons OT-2, Hamilton STAR, Tecan
Fluent, and Beckman Biomek i-Series, as well as dual-arm
robots like the Maholo LabDroid, presuppose that reagent
containers and tip racks are placed at predened
coordinates.8–12 While this framework ensures high reproduc-
ibility, it leaves challenges in the preparatory phase before the
experiment begins.

Our previous study and those of other groups have demon-
strated the feasibility of employing large language models to
generate robotic scripts for laboratory robots directly from
ambiguous natural language instructions.13,14 Building on this
foundation, the present work advances laboratory automation
by addressing another fundamental bottleneck: the constraint-
aware arrangement of labware. We propose a framework that
bridges the gap between unstructured text and physical execu-
tion by combining an LLM for semantic extraction with
a systematic solver for spatial optimization. Therefore, in this
study, we have developed a system that automatically generates
a list of necessary items, their initial layout, and simple setup
instructions from an experimental protocol written in natural
language. Using this system, we conducted an automated
colored water dispensing experiment and a PCR mix prepara-
tion experiment with an OT-2 (Opentrons Labworks, Inc.), as
well as a cell passaging experiment with a general-purpose
humanoid robot, the Maholo LabDroid.15 While we achieved
a certain degree of success in these real-world experiments, we
also found that the accuracy of some functions has room for
improvement. The results suggest the potential to signicantly
reduce the burden of cumbersome preparatory work, allowing
researchers to proceed without having to decide where to place
labware, even in an environment like the Maholo with over 180
possible placement locations.

Materials and methods

In this study, we propose a soware named “Labware-Layout
Planner” that takes a natural language experimental protocol
and labware placement constraints as input to generate
a protocol for an automated laboratory robot, which includes
initial labware placement information (Fig. 1). Based on the
content of the natural language protocol and both absolute and
relative labware placement constraints, the system outputs a list
of necessary items for the experiment and their placement
information. The experimental protocol is a text that describes
the experimental procedure in natural language. The available
labware list species the labware available in the target labo-
ratory environment. It is provided as an inventory-based refer-
ence to help the model map protocol mentions to canonical
labware names and to check basic consistency. It is not treated
as a hard gate: mentions that cannot be mapped to the list are
agged for review rather than stopping the pipeline. Placement
constraints are the rules that are considered when determining
the layout of labware. In this study, we dened two types of
constraints: absolute and relative. Absolute constraints describe
the relationship between a piece of labware and the equipment,
specically by dening all possible locations where a given
Digital Discovery
labware item can be placed. In contrast, relative constraints
describe the relationships between different labware items, for
instance, by specifying that certain labware should not be
adjacent to others (up, down, le, right, or within the eight
surrounding grid cells). These placement constraints must be
declared in a JSON le (see SI Appendix). In the current
implementation, absolute constraints are provided in a negative
form by specifying, for each item, the stations where it cannot
be placed together with the total number of stations, and
position-planner internally converts these descriptions into the
corresponding sets of allowed locations. Note that to simplify
the problem, this study only handles relative positions on
a grid. These are the potential labware layouts corresponding to
the grid of an automation workstation, output by Labware-
Layout Planner using the experimental protocol, available lab-
ware list, and placement constraints as input. Typically, up to 10
candidates are generated. This is a text that species where
items should be placed, based on one selected candidate from
the labware placement candidates.
Labware-Layout Planner architecture

Labware-Layout Planner consists of three main components:
labware-extractor, which determines the list of items; position-
planner, which determines the positions of these items based
on absolute constraints; and constraint-validator, which lters
out any positions that do not satisfy the relative constraints
(Fig. 2). Labware-extractor is a program that takes the natural
language protocol, available labware list, and placement
constraints as input. It interprets the protocol's content and
extracts a list of labware to be used from the available labware
list (Fig. 2). It utilizes a Large Language Model (LLM), gener-
ating the output in JSON format using OpenAI's API (o1-preview;
see SI Appendix). During the execution of labware-extractor, if
a JSON format error or an OpenAI API error occurs, the system
will retry up to 10 times to generate the item list. If an output is
generated in the correct JSON format, the process proceeds to
the next module, position-planner, regardless of the correctness
of the item list itself. position-planner takes the item list and
absolute constraints as input and outputs the positions for the
items that satisfy these constraints (Fig. 2). By pre-assigning
integer values to the candidate placement locations within
Labware-Layout Planner, it assigns an integer value to each item
in the list obtained from labware-extractor. For the Opentrons
OT-2, stations 1 through 11 were pre-assigned. For the Maholo,
a total of 189 sequential numbers were pre-assigned to its
locations: 7 for 50 mL tube liers, 22 for 1.5 mL tube liers, 16
for plate liers, 120 for CO2 incubator plate liers, and 24 for
cool incubator 50 mL tube liers. The module employs
a systematic search (brute-force) algorithm to identify valid
congurations. To optimize computational efficiency, the solver
rst assigns positions to items with the most restrictive abso-
lute constraints, effectively pruning the search space before
validating the remaining items against relative constraints.
Constraint-validator takes the item positions from position-
planner and the relative constraints as input, and outputs
only the placement information that satises these constraints
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Overall workflow of the Labware-Layout Planner: from a natural language protocol to an automated labware placement. The Labware-
Layout Planner takes a natural language experimental description, an available labware list, and constraints as input. The final output provides
a comprehensive labware placement map and a set of natural language instructions for setting up the labware.
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(Fig. 2). It ultimately narrows down the options to 10 candidates
and outputs one nal placement candidate to the user.

Experimental setup

In this study, we used an Opentrons OT-2 (Opentrons Labworks
Inc., USA) and a Maholo LabDroid (Robotic Biology Institute
Inc., Japan) as automated liquid handlers. The OT-2 was
equipped with P20 GEN2 single-channel and P300 GEN2 single-
channel pipettes. A Python script was created and executed to
operate the OT-2 based on the specied placement information.
We generated the OT-2 Python protocol using an LLM with an
error-feedback loop. When a generated script raised an error
during validation or execution, the error message was provided
to the model and the script was regenerated, up to 10 attempts.
The Maholo executed jobs generated by ProtocolMaker using its
dual arms.
© 2026 The Author(s). Published by the Royal Society of Chemistry
Colored water mixing experiment

Blue and red food coloring (Watashi no Daidokoro Co., Ltd)
were prepared in distilled water to create colored solutions.
Each solution was dispensed into a 6-well plate. A natural
language protocol stating, “mix color A and color B in volume
ratios from 300 : 0 to 0 : 300 in 30 mL increments, and dispense
300 mL of each mixture into wells 1–10 of the rst column of
a 96-well plate,” was input into Labware-Layout Planner to
automatically generate the placement information (see SI
Appendix). An OT-2 script was created based on the generated
placement information and executed using the P300_GEN2
pipette. Aer the operation, the absorbance of each well was
measured at wavelengths of 492 nm and 620 nm using a plate
reader (Absorbance 96 Plate Reader (Byonoy GmbH, Hamburg,
Germany)).
Digital Discovery
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Fig. 2 Architecture of the Labware-Layout Planner system. Workflow
for labware placement generation. Inputs include a natural language
protocol, an available labware list, and placement constraints. lab-
ware-extractor extracts required labware names from the protocol,
referencing the available list, with an error handling loop for retries.
Position-planner proposes candidate labware positions based on
absolute constraints. Constraint-validator filters these positions using
relative constraints, yielding the final validated labware positions map.
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PCR mix preparation experiment

Reagents and consumables. � qPCR Premix: TB Green
Premix Ex Taq™ GC (2×) with ROX Reference Dye II (50×)
(Takara, Cat. no. RR071B, Lot no. AN21527A)

� Human Standard cDNA: qPCR Human Reference cDNA,
random-primed (50 mg mL−1 stock) (Takara, Cat. no. 639654,
Lot no. 2104720A)

� Forward/reverse primers (10 mM):16

+ hACTA2_F1/hACTA2_R1
+ hGAPDH_F1/hGAPDH_R1
+ hWNT2_F1/hWNT2_R1
� Nuclease-free water: UltraPure™ distilled water (Invi-

trogen, Cat. no. 10977-015)
� Plates:
+ StorPlate 96-well round bottom PP, 450 mL (Revvity/

PerkinElmer, Cat. no. 6008190) ×2
Digital Discovery
+ MicroAmp™ EnduraPlate™ Optical 96-Well Clear Reac-
tion Plate with Barcode (Applied Biosystems/Thermo Fisher
Scientic, Cat. no. 4483354)

+ MicroAmp™ Splash-Free 96-Well Base (Applied
Biosystems/Thermo Fisher Scientic, Cat. no. 4312063)

� Tubes:
+ 1.5 mL tubes (WATSON, Cat. no. 131-815CS-N)
+ 50 mL conical tubes (FALCON, Cat. no. 352070)
� Pipette tips:
+ Opentrons OT-2 20 mL tips (Cat. no. 999-00007)
+ Opentrons OT-2 300 mL tips (Cat. no. 999-00009)
PCR mix prep procedure. A temperature module GEN2 was

placed in deck station 9, with its USB cable connected to the rear
of the OT-2 and its power cable to an AC outlet. The script was
uploaded via the Opentrons App v6.0.0, and calibration was
performed. The temperature module was pre-cooled to 4 °C
from the setup screen. One tube of the 50 mg mL−1 human
standard cDNA stock was thawed. 3 mL of the stock was added to
47 mL of H2O in a 50 mL tube, mixed by gentle pipetting, vor-
texed by tapping, and then briey centrifuged for 5 seconds
(ash spin). The resulting 50 mL of 3 mg mL−1 (3000 ng mL−1)
cDNA was transferred to a 1.5 mL tube and placed in OT-2
station 1. Two StorPlates were prepared, and 27 mL of H2O
was pre-dispensed into wells A1–A3 of each plate. 3 mL of each
forward primer (F1–F3) and reverse primer (R1–R3), taken from
4 °C storage, were added to their respective plates to a nal
volume of 30 mL per well (1 mM). Each plate was sealed, mixed by
tapping, and briey centrifuged (ash spin). The forward
primer plate was placed in station 3, and the reverse primer
plate was placed in station 4.

The following reagents were added in order to a 1.5 mL tube
on the temperature module:

� 217.6 mL of nuclease-free water
� 12.8 mL of ROX Dye II, completely thawed at room

temperature
� 320 mL of TB Green Premix Ex Taq GC
The mixture was pipetted up and down 5 times aer each

addition, yielding a nal volume of 550.4 mL. Aer preparation,
the tube was kept at 4 °C. The script automatically generated by
Labware-Layout Planner assembled the reactions in a 96-well
PCR plate (station 5) according to the following steps:

1. Dispensed 137.6 mL of the PCR mix into three separate
1.5 mL tubes. To each tube, 3.2 mL of the corresponding forward
and reverse primers were added to create three types of primer-
specic master mixes (144 mL total each).

2. Dispensed 86 mL of the PCR mix into another tube and
added 4 mL of H2O to create a 90 mL primer-free master mix (for
the template-only control).

3. Following the plate map, 18 mL per well of either the
primer-specic master mix or the primer-free master mix was
dispensed, aer which 2 mL per well of template cDNA or H2O
(for no template control (NTC)) was added. A total of 21 wells
were used: 3 primer sets × 3 template replicates, 3 primer sets
× 3 NTC replicates, and 1 primer-free condition × 3 template
replicates.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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4. Aer dispensing was complete, the plate was sealed, spun
down in a centrifuge at 1000 rpm for 3 min, and checked for
bubbles and liquid uniformity.

The sealed plate was placed into a QuantStudio™ 6 Pro
(Thermo Fisher Scientic), ensuring correct A1 orientation, and
the reaction conditions were set using QuantStudio Design &
Analysis Soware v2.5.
HEK293A cell passaging experiment

Reagents and consumables. � Dulbecco's Phosphate-
Buffered Saline (PBS), 30 mL ×1 (Gibco 10010-023 Lot:2412443)

� Cell culture medium, 30 mL ×1
� FBS (biosera, 555-21245, Lot:015BS427)
� 200 mM L-glutamine (Gibco, 25030081, Lot:2660218)
� Penicillin-Streptomycin (Gibco, 15140-122 Lot:2585661)
� MEM Non-Essential Amino Acids Solution (100×) (Gibco,

11140-050, Lot:2670626)
� DMEM high Glucose (Gibco, 11965-092, Lot:2646159)
� 0.05% Trypsin-EDTA, 30 mL ×1 (Invitrogen, T10282,

Lot:2713076)
� 6-Well cell culture plates ×2 (Sumitomo Bakelite, MS-

80060)
� 50 mL conical tubes ×3
+ For Maholo: Sumitomo Bakelite (MS-58500)
+ For manual operations: FALCON (352070)
� 10 mL serological pipettes ×3 (Greiner, 607160)
� 1 mL (1000 mL) pipette tips (Sartorius, 791001)
� 200 mL pipette tips (Sartorius, 790201)
Equipment setup. � CO2 incubator (37 °C, 5% CO2)
� Aluminum block heater (37 °C, AluminiumBath)
� Cool incubator (4 °C, using rack positions 1–1 to 1–3)
� Plate lier (position 9)
Reagent warming (day 0–15 min before start). 1. 30 mL of

PBS (in a 50 mL tube), 30 mL of medium (in a 50 mL tube), and
30 mL of Trypsin (in a 50 mL tube) were warmed in the
aluminum block heater (AluminiumBath) at 37 °C for 15 min.

Cell passaging procedure (day 0). A 6-well plate containing
HEK293A cells (2 days post-seeding, seeded at 1 × 106 cells per
well) was retrieved from the CO2 incubator.

The culture medium was aspirated from each well.
2 mL of PBS was added, the plate was gently rocked, and then

the PBS was aspirated.
1.5 mL of trypsin was added, and the plate was returned to

the incubator for 3 min.
1.5 mL of culture medium was added to neutralize the

trypsin, and the cells were fully suspended by pipetting.
2.625 mL of fresh culture medium was pre-dispensed into

one well of a new 6-well plate.
375 mL of the cell suspension was added to the well from step

(6), and the plate was tilted back and forth and side to side to
mix.

The new plate was placed into the CO2 incubator (37 °C, 5%
CO2) to continue cultivation.

Sample placement. 50 mL tube with PBS to cool incubator
rack 1–1

50 mL tube with medium to cool incubator rack 1–2
© 2026 The Author(s). Published by the Royal Society of Chemistry
50 mL tube with Trypsin to cool incubator rack 1–3
Empty 6-well plate to plate lier 9
6-well plate with HEK293A cells (pre-operation) to CO2

incubator rack 1–1
Results

We propose Labware-Layout Planner, a soware that generates
an initial labware layout from protocols and constraints written
in natural language.
Colored water experiment using the OT-2

To validate the fundamental performance of Labware-Layout
Planner, we used a relatively simple experimental protocol to
create a color gradient by mixing colored water (SI Appendix:
color water protocol) (Fig. 3A). This protocol was described in
natural language and input into the system along with a list of
available labware and placement constraints (Fig. 3B). From
these inputs, Labware-Layout Planner performed labware name
extraction via labware-extractor, followed by constraint-aware
placement determination using position-planner and
constraint-validator, ultimately outputting a labware placement
map and natural language setup instructions (Fig. 3B).
Furthermore, based on the work of Inagaki et al.,13 we also
generated a Python script for the OT-2 using this placement
information. As a result of 10 independent trials using the same
colored water protocol, the labware name extraction (by
labware-extractor) was successful in 9 out of 10 trials.
Labware extraction

As the rst step, the necessary labware for the experiment was
extracted from the natural language protocol using an LLM
(labware-extractor). The LLM was instructed to reference the
available labware list (see SI Appendix) and output the results in
a specic JSON format. This JSON includes the labware name,
the liquid quantity (quantity), the unit of the liquid (unit), the
initial content of the labware (init_content), and the labware
name and identier (id) for Opentrons (labware.id, labwar-
e.name). In the 10 trials using the colored water protocol,
labware-extractor successfully and correctly extracted the
necessary labware list 9 times. However, one trial failed at this
extraction step.
Constraint validation

Based on the labware list extracted by labware-extractor,
position-planner generated placement candidates for the
available slots (1–11) on the OT-2 deck. Next, constraint-
validator evaluated these candidates and ltered out any
layouts that violated predened absolute constraints (e.g.,
a specic slot cannot be used) and relative constraints (e.g.,
“color A water” and “color B water” should not be adjacent, see
Fig. 3B input). In all 9 trials where the extraction by labware-
extractor was successful, a valid labware layout that satised
these constraints was determined and output as a placement
map (see Fig. 3C for an example layout).
Digital Discovery
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Fig. 3 Colored water experiment: validation of Labware-Layout Planner. (A) Overview of the experimental protocol. Two colored solutions
(color A and color B) are initially in separate 6-well plates and are then transferred and mixed in a 96-well plate by a liquid-handling robot
Opentrons OT-2 to create a gradient. The OT-2 deck layout with numbered positions is shown. (B) Detailed workflow example using Labware-
Layout Planner. Inputs (natural language process flow, available labware list, and placement constraints) are processed through labware-
extractor (labware name extraction), position-planner (generation of valid labware positions), and constraint-validator (constraint validation) to
produce outputs, a labware placement map and natural-language setup instructions. Examples of actual inputs and intermediate outputs (e.g.,
JSON) are displayed. (C) The labware placement map and natural-language setup instructions generated by Labware-Layout Planner. (D) A
photograph of the actual experimental setup on the Opentrons OT-2 deck layout specified in (C). (E) A photograph of the 96-well plate showing
the resulting color gradient after the OT-2 executed the dispensing and mixing protocol. (F) Corresponding absorbance measurements at
492 nm (solid line) and 620 nm (dashed line) across selected wells, confirming the successful creation of the gradient.
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OT-2 experimental validation

Using the determined labware placement information and the
original experimental protocol as input, a Python script
executable on the OT-2 was generated using an LLM. The
generated scripts were rst checked for basic executability (e.g.,
Digital Discovery
absence of syntax errors or incorrect API calls) using the open-
trons_simulate tool. All generated Python scripts passed the
opentrons_simulate check and were deemed valid and
executable.

To conrm the practical utility of the Python script generated
by Labware-Layout Planner and veried by the simulation, we
© 2026 The Author(s). Published by the Royal Society of Chemistry
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conducted a real-world experiment using an actual Opentrons
OT-2 robot (Fig. 3D). We executed one of the scripts (one of the
nine successful trials) and observed the process as the OT-2
automatically aspirated colored water (color A, color B) from
the 6-well plates and dispensed andmixed them in the specied
ratios into a 96-well plate. As a result of the experiment, the
intended color gradient was formed on the 96-well plate, as
shown in Fig. 3E. Furthermore, when we measured the absor-
bance of each well using a plate reader (Fig. 3F), the absorbance
values varied incrementally according to the ratio of color A
(blue solution, absorbance peak at 620 nm) and color B (red
solution, absorbance peak at 492 nm), conrming that the
mixing and dispensing operations were accurately executed
based on the protocol generated by Labware-Layout Planner.

qPCR reagent preparation experiment using the OT-2

To validate the practical utility of Labware-Layout Planner on
a more complex task, we used a qPCR reagent preparation
protocol involving multiple reagents and primer sets (SI
Appendix: OT-2 qPCR protocol) (Fig. 4A). In this experiment, an
OT-2 robot dispenses and mixes three types of primer sets,
sample DNA, PCR mix, and water (NTC) into a 96-well PCR
plate. Similar to the colored water experiment, we input the
natural language protocol, available labware list, and placement
constraints into Labware-Layout Planner (Fig. 4B). The system
performed labware name extraction (labware-extractor) and
placement determination (position-planner, constraint-
validator) to generate a placement map, setup instructions,
and an OT-2 Python script.

Labware extraction

In the qPCR experiment, the rst step was again labware
extraction from the natural language protocol by labware-
extractor (Fig. 4B). Using the same procedure as the colored
water experiment, the necessary labware and its information
were extracted into a JSON format using an LLM. The qPCR
protocol is more complex than the colored water experiment,
involving a greater variety and number of labware items. As
a result of 10 trials, labware-extractor was able to correctly
extract the necessary labware list 5 times, while the remaining 5
trials failed at this step. Across ten qPCR reagent-preparation
trials, one completed successfully, while nine failed. In ve
cases, the failures occurred during the early extraction stage
aer several rounds of corrective looping: as the prompt and
intermediate outputs accumulated, the model's context window
became insufficient, which led to incomplete or inconsistent
extractions and invalid structured outputs. In the remaining
four cases, the extraction and layout generation proceeded, but
validation failed because the model produced labware names
that did not match the canonical Opentrons denitions and
were rejected by opentrons_simulate.

Constraint validation

Based on the labware list extracted by labware-extractor,
position-planner and constraint-validator determined the
placement (see Fig. 4B). While our system can incorporate
© 2026 The Author(s). Published by the Royal Society of Chemistry
absolute and relative placement constraints that reect real-
world laboratory conditions, the qPCR experiment required so
many labware items that the OT-2 deck was nearly full. Applying
ideal constraints (e.g., separating tip racks from reagents)
extremely limited the possible placement options. Therefore, we
did not impose additional user-dened absolute or relative
placement constraints in this experiment beyond OT-2 hard-
ware feasibility and deck capacity. Under this setting, the role of
position-planner and constraint-validator was to conrm
feasibility and to output one collision-free, hardware-valid
placement in which all required labware t on the OT-2 deck.
In all 5 trials where extraction was successful, a labware layout
was determined and output as a placement map (example
layout: Fig. 4C Output; setup based on an actual layout: Fig. 4D).

OT-2 experimental validation

Based on the determined labware placement information and
the original protocol, OT-2 Python scripts were generated using
an LLM for each of the 5 successful extraction trials. These
scripts were then validated for executability (checking for syntax
errors, API call errors, etc.) using the opentrons_simulate tool.
Only one script passed this validation and was obtained as
a viable candidate for the qPCR mix preparation protocol. To
conrm the validity of this automatically generated and vali-
dated Python script, we performed an actual qPCR reagent
preparation experiment. Specically, we used the script to
prepare reaction mixes for three primer sets against a human
cDNA sample, including both sample (cDNA) and no template
control (NTC, water) reactions in triplicate (21 wells total). First,
a human operator placed the PCR mix, primers, sample DNA,
and water on the OT-2 deck according to the protocol. The
generated script was then executed to start the automated
experiment. The OT-2 used p20 and p300 pipettes to automat-
ically perform tasks such as adding andmixing primers into the
PCR master mix, and dispensing the template (cDNA or water)
into the appropriate wells.

Real-time PCR was performed on the prepared plate using
a QuantStudio™ 6 Pro. The results showed that for all three
primer sets, the cDNA wells produced the expected amplica-
tion curves, while the NTC wells showed no amplication or
only a very weak signal at a very late cycle (Table 1). For example,
as shown in Fig. 4E, good amplication was observed for targets
like hACTA2 and hGAPDH. As shown in Table 1, the mean Cq

value for hACTA2 cDNA was 19.273 versus 35.411 for the NTC,
and for hWNT2 cDNA it was 28.532 versus 38.269 for the NTC,
conrming specic amplication. Furthermore, no amplica-
tion was observed in the hGAPDH NTC or the no-primer cDNA
wells, indicating a low risk of contamination. These results
demonstrate that the labware layout and accompanying Python
script generated by Labware-Layout Planner can produce accu-
rate and reproducible results even in qPCR reagent preparation.

Cell passaging experiment using Maholo

To test the versatility of Labware-Layout Planner on a different
robot platform and a more complex biological task, we con-
ducted a HEK293A cell passaging experiment using the dual-
Digital Discovery
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Fig. 4 Validation of Labware-Layout Planner in qPCR reagent preparation using Opentrons OT-2. (A) Overview of the qPCR experimental
protocol. Samples, 3 sets of forward and reverse primers, water (no template control – NTC), and PCRmaster mix are prepared in various source
labware. These are then dispensed and mixed into an empty 96-well plate by the Opentrons OT-2. The prepared plate is subsequently analyzed
using a qPCR instrument. The OT-2 deck layout is shown. (B) Detailed workflow example for the qPCR experiment using Labware-Layout
Planner. Inputs (natural language process flow, available labware list, and placement constraints) are processed through labware-extractor
(labware name extraction), position-planner (generation of valid labware positions), and constraint-validator (constraint validation) to produce
outputs (a labware placement map and natural-language setup instructions). Examples of actual inputs and intermediate outputs (e.g., JSON) are
displayed. (C) The labware placement map and natural-language setup instructions generated by Labware-Layout Planner for the qPCR
experiment. (D) A photograph of the actual labware setup on theOpentrons OT-2 deck for the qPCR experiment layout specified in (C). Labware,
including 20 mL tip racks, a PCR plate, a 300 mL tip rack, a 96-well plate for reverse primers, 1.5 mL tube racks for DNA template andwater, a 15mL
tube formastermix, and a 96-well plate for forward primers were placed according to the labware placementmap generated by Labware-Layout
Planner (left). (E) Representative qPCR amplification curves (DRn vs. Cycle) for two target genes: hACTA2 (left) and hGAPDH (right).
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arm robot “Maholo” (Fig. 5). This experiment involves a multi-
step process, including media exchange, cell suspension from
a cultured 6-well plate, and transfer of the cells to a new 6-well
plate (Fig. 5A). We described this cell passaging protocol in
natural language and input it into the system along with a list of
Digital Discovery
labware available for Maholo and the relevant placement
constraints (Fig. 5B). Based on these inputs, Labware-Layout
Planner performed labware name extraction (labware-
extractor) and constraint-aware placement determination
(position-planner and constraint-validator) to ultimately output
© 2026 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd00026f


Table 1 qPCR results from OT-2-based reagent preparation using
Labware-Layout Planner. Summary of qPCR amplification outcomes
for 3 target genes using cDNA and no template controls (NTCs),
following reagent dispensing protocols automatically generated by the
Labware-Layout Planner system. Each target was tested in triplicate.
Mean quantification cycle (Cq) values and standard deviations (SD) are
reported for both cDNA and NTC conditions. The absence of ampli-
fication (NaN) in NTC wells indicates low background and minimal
contamination

Sample Target No. of replicates Cq mean Cq SD

NTC hACTA2 3 35.411 2.219
cDNA hACTA2 3 19.273 0.469
NTC hGAPDH 3 NaN NaN
cDNA hGAPDH 3 21.135 0.053
NTC hWNT2 3 38.269 NaN
cDNA hWNT2 3 28.532 0.085
cDNA no_primer 3 NaN NaN
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an initial labware placement map for the Maholo workspace
and natural language setup instructions.
Labware extraction

As the rst step, labware-extractor extracted the necessary lab-
ware from the natural language cell passaging protocol. The
protocol included items such as 50 mL tubes for PBS, medium,
and trypsin, as well as 6-well plates for cell culture. labware-
extractor correctly interpreted this information and success-
fully generated a list in JSON format, including contents and
IDs, as shown in the output example (object) in Fig. 5B.
Constraint validation

Next, based on the labware list generated by labware-extractor,
position-planner and constraint-validator determined the
optimal placement on the Maholo platform. During this
process, Maholo-specic absolute placement constraints, such
as “tubes must be placed in a specic tube rack,” were taken
into account. As a result, a viable labware placement candidate
was generated.
Maholo experimental validation

Based on the placement information output by Labware-Layout
Planner (Fig. 5C), we set up the reagents and labware in the
Maholo's workspace (Fig. 5D). We manually created a Maholo
motion generation protocol corresponding to the placement
information and operated the robot. The robot successfully
completed the entire series of passaging operations, from
aspirating the medium from the old plate, washing with PBS,
detaching the cells with trypsin, neutralizing and suspending
the cells with medium, to seeding the cell suspension into the
new plate. Microscopic observation of the new 6-well plate aer
the experiment conrmed that the cells were properly seeded,
had attached normally, and were proliferating, as shown in
Fig. 5E. This result demonstrates that Labware-Layout Planner
possesses high versatility, capable of automatically generating
effective initial layouts not only for simple dispensing tasks but
© 2026 The Author(s). Published by the Royal Society of Chemistry
also for complex, multi-step biological experiments like cell
culture on different robot platforms.

Discussion

In this study, we developed Labware-Layout Planner, a system
that automatically generates initial labware layouts and
executable code from experimental protocols described in
natural language. This represents a novel approach to allevi-
ating the burden of a preparatory task in laboratory automation
that has oen been overlooked: the initial placement of lab-
ware, a task that has traditionally been le to the experience and
tacit knowledge of researchers. This system automates a series
of processes, including labware extraction using an LLM
(labware-extractor) and constraint-based placement determi-
nation (position-planner and constraint-validator). This enables
experimenters to start experiments with only natural language
instructions and reagent preparation, without having to worry
about complex placement problems, thereby further advancing
laboratory automation. In this paper, we validated the effec-
tiveness of this system under three different conditions:
a simple colored water mixing experiment using the Opentrons
OT-2, a complex qPCR reagent preparation experiment using
the Opentrons OT-2, and a cell passaging experiment using the
general-purpose humanoid robot, Maholo LabDroid.

In validations using the Opentrons OT-2, an automated
liquid handler, our system demonstrated its effectiveness in
tasks ranging from a simple colored water mixing experiment to
the creation of a qPCR mix, which requires an understanding of
molecular biology. First, in the colored water mixing experi-
ment, the system was able to correctly dispense colored water
into a 96-well plate based on the labware position information
generated by Labware-Layout Planner and the motion script
generated using an LLM. Furthermore, even in a more practical
qPCR reagent preparation experiment, which involves a large
variety and number of reagents and requires frequent pipette
tip changes, the experiment was completed as intended while
suppressing contamination and non-specic amplication.
Moreover, its effectiveness was also validated through a cell
passaging experiment using the dual-arm robot Maholo.15

Maholo is a general-purpose humanoid robot with over 180
available slots for placing labware. When the robot was oper-
ated based on the placement information output by Labware-
Layout Planner, it successfully completed the entire series of
cell passaging operations. Microscopic observation aer the
experiment conrmed that the cells were properly seeded,
attached, and proliferating. These results indicate that our
system is not limited to a specic robot platform or task but is
also adaptable to biological experiments using more exible
dual-arm robots. This suggests the potential to signicantly
reduce the burden of diverse initial experimental setup tasks,
thereby contributing to an environment where researchers can
focus more on their core research activities.

This study is positioned within the recent trend of applying
large language models (LLMs) to autonomous scientic
research tasks.14,17,18 It is known that by combining goal-
oriented instructions with an error-correction loop, LLMs can
Digital Discovery
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Fig. 5 Validation of Labware-Layout Planner in a cell passaging experiment using the Maholo robot. (A) Schematic of the cell culture experi-
mental protocol. HEK293A cells are passaged from a 6-well plate to a new one after media exchange, executed by the Maholo LabDroid (dual-
armed robot). (B) Detailed workflow using Labware-Layout Planner. Inputs (natural language process flow, available labware list, constraints for
Maholo) are processed to generate outputs (a labware placement map and natural-language setup instructions). Examples of actual intermediate
outputs (JSON) are shown. (C) The labware placement map and natural-language setup instructions generated by Labware-Layout Planner for
the passaging workflow. (D) Manual implementation performed according to (C): a photograph and corresponding schematic of the labware
setup on the Maholo experimental platform. (E) Microscope images of the experimental outcome. (i) Shows a well immediately after seeding
cells, and (ii) image shows a well 24 hours after. Scale bars indicate 300 mm.
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generate executable Python scripts for the OT-2 with high
accuracy.13 Additionally, attempts have been made to use LLMs
to extract biological experiment protocols from literature in
a unied format and make them executable on a thermal
cycler.17 Whereas these prior studies primarily focused on the
logical interpretation of natural language protocols and their
Digital Discovery
conversion into executable code, our research is unique in that
it addresses the oen-overlooked problem of the physical initial
placement of labware. Specically, we present a framework that
automatically generates a layout considering real-world feasi-
bility and safety, such as preventing cross-contamination and
optimizing robotic arm movement efficiency, by incorporating
© 2026 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd00026f


Paper Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

4 
M

ay
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/1
3/

20
26

 9
:4

6:
47

 P
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
physical constraints like absolute and relative positions, a task
previously determinedmanually by humans. In this respect, our
work goes beyond mere code generation to include the physical
setup of the experiment within the scope of automation. It thus
complements existing approaches and makes a signicant
contribution toward realizing more practical, real-world labo-
ratory automation. In this context, our approach complements
traditional symbolic planning frameworks, such as Task and
Motion Planning (TAMP).19 While TAMP excels at generating
valid sequences of actions given a structured state, it cannot
inherently process unstructured natural language inputs.
Recent work has begun to explore using LLMs to translate
natural language into intermediate representations that TAMP
algorithms can consume.20,21 By utilizing an LLM for initial
semantic parsing, our system bridges this gap in the laboratory
domain, converting natural language protocols into the struc-
tured ‘initial state’ (labware layout) required for effective
downstream motion planning. Furthermore, unlike manual
design, it eliminates the cognitive overhead of combinatorial
layout planning, ensuring reproducible and safe congurations
without requiring human intervention.

However, several challenges that must be overcome for
practical application also became apparent. First is the accuracy
of the LLM-based item extraction (labware-extractor), which
serves as the system's entry point. While it succeeded in 9 out of
10 trials for the simple colored water experiment, the success
rate dropped to 50% (5 out of 10) for the qPCR reagent prepa-
ration, which involves a signicantly larger variety and number
of labware items. This indicates that as protocol complexity
increases, the difficulty of the task for the LLM to accurately
extract all items also increases, making the implementation of
a validation mechanism to ensure the reliability of the extrac-
tion results essential. In this context, we also performed
a controlled benchmark comparing LLP with off-the-shelf LLM
prompting (SI Appendix “benchmark against off-the-shelf LLM
prompting and repeatability”), showing higher constraint
satisfaction and more consistent outputs under repeated iden-
tical inputs. Second is the complexity of setting constraints in
the placement determination stage (position-planner and
constraint-validator). A strength of our system is its ability to
exibly specify rules that reect on-site practices, such as
separating the trash bin from reagents. However, as constraints
become more complex, the computational cost increases,6 and
the user is burdened with the additional effort of specifying
these constraints. Furthermore, the act of enumerating relative
constraints itself, such as listing all pairs of labware items that
should not be adjacent, is currently a manual task and repre-
sents a substantial share of the effort required to deploy the
system. At present, users must express these rules explicitly in
the JSON constraint le. In future work we plan to add higher-
level constraint templates and reusable constraint blocks that
can be instantiated for new protocols, so that common patterns
(for example, “separate all waste containers from reagents”) can
be specied once rather than at the level of individual item
pairs. In addition, although position-planner already converts
negative (“cannot be placed in”) constraints into the corre-
sponding allowed locations, the present interface only exposes
© 2026 The Author(s). Published by the Royal Society of Chemistry
this negative form to users; extending the interface to also
accept positive (“must be placed in”) constraints is a straight-
forward renement that should further simplify constraint
specication. Currently, adjacency is determined by assuming
a grid-based layout, but a system based on coordinates and
distances would be more practical. In the future, extensions
such as the automatic generation and prioritization of
constraints reecting biological context, as well as dynamic
adjustment of constraints, are desired to address these issues.
Third, due to implementation constraints, our system requires
placement candidates to be specied by integer values,
simplifying the workspace into a 2D grid. However, real-world
laboratory environments are inherently three-dimensional.
Future extensions must ensure three-dimensional consistency,
such as accounting for stacking height limits, vertical arm
clearance, and Z-axis collision avoidance by incorporating 3D
model information for all labware.

In addition to these individual challenges, a broader
perspective on system design is also necessary. The Labware-
Layout Planner developed in this study focuses on generating
initial labware placement information. Clearly separating the
labware layout determination process from the code generation
process for individual robots is crucial for ensuring the system's
versatility and reproducibility. This allows the generated
placement information to be in a neutral and reusable format,
independent of specic platforms like the OT-2 or Maholo.
However, this decoupled architecture inevitably creates a gap
between the generated placement information and the nal
executable code. In this study, we incidentally generated an OT-
2 script to bridge this gap, but this conversion process itself
could become a new bottleneck in lab automation. Indeed, in
the qPCR experiment, when we tasked an LLM with generating
OT-2 code based on a valid layout proposed by position-planner,
we observed an inconsistency where the script was generated for
a different labware layout. This phenomenon suggests a risk
that the internal state consistency of the LLM may be compro-
mised as protocols become more complex. In our experiments,
this error-feedback loop only modestly improved the overall
success rate for the complex qPCR protocol: even aer multiple
regeneration attempts, many scripts still contained syntactic or
semantic errors. This suggests that, with the model available at
the time of our study, the main limitation lay in the LLM's
ability to produce fully consistent OT-2 code from long prompts,
rather than in the absence of a feedback mechanism. We
therefore expect that more recent LLMs, or a dedicated
compiler-like module that maps the neutral placement repre-
sentation to robot-specic instructions, will further reduce
these errors and make the end-to-end pipeline more reliable.
Therefore, the next critical step toward achieving end-to-end
experimental automation will be the development of
a compiler-like module that takes the neutral placement infor-
mation from Labware-Layout Planner as input and reliably
auto-generates executable code for a variety of robot platforms.

This approach has the potential to reduce the hidden human
burden of labware placement, which has previously depended
on the tacit knowledge of researchers. Our framework addresses
this challenge by explicitly encoding and enforcing physical
Digital Discovery
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constraints via a deterministic planner, enabling veriable and
robot-agnostic layout generation beyond prompt-based
approaches. However, this study also highlighted challenges,
including the accuracy of LLM-based item extraction, the gap
between the generated placement information and the robot's
executable code, and the issue of how to map real-world 3D
placement candidates into the soware. As future work, we
believe the community would benet from a standardized,
versioned benchmark suite for life-science laboratory automa-
tion (xed protocol sets, inventories/constraints, and validity/
constraint-satisfaction metrics) to enable longitudinal
tracking of progress, and we hope to contribute to such an
effort. Furthermore, a controlled study comparing time-to-valid-
layout and error rates with manual planning is an important
next step. In the future, overcoming these challenges will
require not only improving the reliability of the components but
also developing modules compatible with diverse robot plat-
forms. Ultimately, this approach is expected to contribute to the
realization of the future laboratory, where researchers can
seamlessly transition from describing an idea in natural
language to its physical execution.
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