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Laboratory automation increasingly requires handling complex, condition-dependent protocols that combine
sequential, branching, and iterative operations. Many systems use task-oriented models, where control
proceeds task to task through a predefined list. These are effective for linear, static protocols but are poorly
suited to adapting to changing sample conditions or representing loops and conditional branches. We
introduce the General Experimental Management System (GEMS), which instead adopts a sample-centred
approach, progressing state to state, with each state defining both the operations to perform and the rules for
transitioning based on observations. By formalising every experimental protocol as a partially observable Markov
decision process (POMDP) and expressing its deterministic execution logic as a deterministic finite automaton
(DFA), GEMS can represent heterogeneous workflow structures within a single, coherent framework and enable
direct compilation into instrument-executable workflows. Its architecture includes a hierarchical experiment
model, a penalty-aware scheduler combining a greedy baseline with simulated annealing refinement, and a file-
based interface for instrument-agnostic control. We demonstrate GEMS in two contrasting cases: (i) fully
automated Bayesian optimisation of liquid mixtures using a pipetting robot and imaging, and (i) dynamic, long-
term scheduling of multiple mammalian cell cultures executed by a LabDroid robot with autonomous imaging,
passaging, medium exchange, and fault recovery. In both, GEMS maintained protocol constraints while adapting
schedules in real time, showing that a state-to-state, sample-centred model provides an abstraction that
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Introduction

Laboratory automation is undergoing rapid expansion across
biology, chemistry, and materials science, driven by the demand for
higher efficiency in research and development.*® While these
technologies have enabled higher throughput and reproducibility,
most automated workflows are described as non-adaptive execution
plans, such as fixed step-by-step scripts or static dependency graphs,
which cannot incorporate new observations once execution begins.
Such static workflows are poorly suited to experiments that require
conditional branching, iterative loops, or dynamic rescheduling in
response to ongoing measurements. In practice, however, so-called
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maintains protocol constraints while adapting schedules in real time across heterogeneous workflows.

“care” tasks still fall to human operators, posing a major bottleneck
to scaling complex workflows.” This limitation becomes particularly
acute in long-term or condition-dependent studies, where the true
state of a sample cannot be observed directly, and decisions must be
made from partial information. These challenges are further
amplified by the emergence and vision of facility-scale cloud labo-
ratories, which are accelerating the demand for automating ever
more complex and wide-ranging experimental protocols.*’
Existing laboratory automation platforms typically represent
experimental workflows within one of four broad paradigms. First,
timeline-based systems, such as Clarity LIMS and Autoprotocol,
encode protocols as a fixed sequence of steps, making them
straightforward to read but inherently unsuitable for conditional
branching.’®" In this work, we treat Autoprotocol as a timeline-style
description standard rather than a prescriptive programming
language; accordingly, our comparisons focus on representational
scope (fixed step lists), not on execution semantics." Second, static
directed acyclic graph (DAG) schedulers, exemplified by Green
Button Go and SAMI EX, capture task dependencies in a graphical
form and generate a single optimised schedule prior to execution;
however, the graph cannot be modified during execution.”*™ Third,
dynamic flow-chart frameworks—including AlabOS, ChemOS,
GLAS, and COPE—maintain tasks in a queue or database and
determine the subsequent action at run time, thereby supporting
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closed-loop optimisation, explicit loops, and adaptive resource
allocation.'** In COPE, for example, the Logic Builder allows loops,
producing directed graphs that may contain cycles. Finally, domain-
specific languages such as ¥DL and IvoryOS treat a protocol as
source code: DL compiles declarative scripts into hardware-
independent instructions, while IvoryOS assembles Python work-
flows from a visual canvas; both support loops and conditional logic
but delegate most scheduling decisions to the execution engine.”**

Most existing frameworks in these categories adopt a task-
oriented model, in which control moves task to task through a pre-
defined list. While effective for linear protocols and static resource
allocation, this perspective makes it difficult to track the evolving
condition of individual samples or to express loops and conditional
branches without regenerating the entire task list. From a theoretical
standpoint, such limitations can be understood by modelling
experimental procedures as partially observable Markov decision
processes (POMDPs),*” in which an unobserved latent sample state
is inferred from measurements and subsequent actions are chosen
according to an evolving belief state. When the policy is determin-
istic and the observation set is finite, the decision process can be
expressed as a deterministic finite automaton (DFA, Mealy
automaton).*?* This minimal structure makes state transitions
explicit, supports formal verification, and can be compiled directly
into instrument-executable workflows. Framing protocols in this way
suggests a natural alternative to the task-to-task paradigm: a sample-
centred model in which the primary unit is the state of each sample,
and control moves state to state. Each state encapsulates both the
operations to be performed and the rules for transitioning based on
observations. This shift aligns naturally with condition-dependent
protocols and unifies short, deterministic sequences with long-
running, branching workflows in a single abstraction.

Related work spanning timeline lists, static DAG schedulers,
dynamic flow-chart frameworks, and DSLs has advanced
throughput and, in some cases, closed-loop control; however, task-
oriented models seldom treat per-sample state and progression
rules as first-class control units, and scheduling/timing often
remains entangled with control logic. To address this gap, we use
a sample-centred deterministic finite automaton (DFA, Mealy
automaton) formulation that separates state progression from task
emission while delegating timing to a penalty-aware scheduler.
Task-based controllers that support branching/looping, mid-run
insertion/deletion, parallelism and rescheduling have been re-
ported (e.g., Jensen and colleagues®). Other works explicitly artic-
ulate task-sample interactions (e.g:, Lapkin & Kraft;** Gregoire &
Stein*). Our approach complements these directions by placing
a minimal per-sample Mealy automaton at the core of control,
separating progression (state transitions) from task emission while
delegating timing/resource allocation to a penalty-aware sched-
uler. This combination unifies short deterministic sequences and
long, branch-rich protocols within a single representation and
supports direct compilation to instrument-executable workflows.
Our contributions are: (i) a constructive mapping from protocol
policies to a machine-independent Mealy automaton; (ii) a state-
centred experiment model that decouples transition rules from
task emission and compiles to instrument-executable tasks; and
(iii) a penalty-based scheduler that respects time windows and
enables on-the-fly rescheduling.
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Here we present GEMS (General Experimental Management
System), a general-purpose workflow engine that represents
experimental protocols as DFAs derived from POMDPs. GEMS
integrates (i) state-based protocol definition, (ii) instrument-
agnostic scheduling with penalty-aware optimisation, and (iii)
observations that store both results and metadata for decision-
making. To demonstrate the generality of this framework under
diverse temporal and structural constraints, we apply GEMS in
two contrasting case studies: (1) sequential parameter optimi-
sation of liquid mixtures guided by Bayesian design, and (2)
dynamic scheduling of parallel mammalian cell cultures with
automated imaging and passaging. Together, these examples
show that a state-to-state, sample-centred model can support
robust, fully automated laboratory operation across both short
deterministic sequences and long, branch-rich workflows.

Experimental
Symbols used in the text

Symbol Meaning

POMDP (experiment-level model)
M= (S,4,2,T,O) POMDP describing the experiment

N Latent sample states

ot Laboratory actions

Q Observations

1(s, a, s') State-transition probability

O(s, 0) Observation probability

Quantisation and alphabets

b: Q — X Finite observation quantiser
z Finite alphabet from quantiser b
z* Set of all finite observation strings

Automaton (workflow-level model)
2=(0,90,%,6,w) DFA encoding the protocol

Q DFA states

do Initial DFA state (empty history [])
0:Q0xX—Q DFA transition function

w: QX Z—* Output (task-emission) function
q Next DFA state

Histories and policy

O;=(01,...,0) Observation history up to time ¢

0,€ ¥ Observation symbol at time ¢

010441 Concatenation: Append 0,4, to ¢,

[0/] Equivalence class of histories under 7
Belief Probability distribution over S

7 : Belief —.« Deterministic policy (beliefs to actions)

POMDP to DFA: a sufficient representation for protocol
control logic

GEMS formalises experimental protocols as partially observable
Markov decision processes (POMDPs) (Fig. 1A). Latent “sample
states” are the complete system states, laboratory operations are
actions, and measurement outcomes are observations (Fig. 1B).
When a protocol uses a deterministic policy acting on a finite
observation alphabet—i.e., a fully specified, rule-based proce-
dure—the induced decision logic is captured by a deterministic
finite automaton with outputs (a Mealy automaton) (Fig. 1C).

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Experimental procedure Partially Observable Markov Decision Process

Operation/ Operation/ Action/ Action/

Observation Observation Observation Observation

Belief state

State B
Time
Linear protocol Terminatable protocol with loop Open-ended protocol with no terminal state
[ L)
-— -_—
-— -_—

State B State B State B -

Fig.1 Conceptual correspondence between an experimental procedure (deterministic finite automaton, DFA) and a partially observable Markov
decision process (POMDP). (A) Conceptual diagram of the experimental procedure. Multiple sample states transition sequentially, and at each
step an operation or measurement is performed (“Operation/Observation”), advancing the experimental procedure (“Experimental Step”).
Observations obtained from each sample state serve as inputs to subsequent steps, ultimately yielding the complete experimental outcome. (B)
Mapping to a POMDP framework. When cast in POMDP terms, each actual “sample state” corresponds to a latent state. Experimental actions and
measurements map onto the POMDP's “Action/Observation” nodes. The internal "Belief State’, updated on the basis of observed data and
performed actions, governs the choice of subsequent transitions, thereby modelling how the experimenter refines their understanding of the
latent state over the course of the experiment. (C) State-transition visualisation via DFA. The left panelillustrates a simple cyclic transition among
three sample states (State A — State B — State C — State A ...). The right panel depicts, for each time step, a collection of possible latent states
(light circles). Dotted arrows indicate the branching of future possibilities, while the bold path (dark arrows and outlined circles) highlights the
single deterministic trajectory inferred at each step under the DFA formalism. The bottom horizontal arrow indicates temporal updating of the
belief state. This progression demonstrates how the POMDP's belief-state update increasingly narrows the set of plausible latent states until
a unique transition path (thick border) is selected. (D) Multiple experimental designs. Three example DFA state graphs illustrating a linear protocol
(left), a terminatable protocol with a loop (middle), and an open-ended protocol with no defined terminal state (right). These could correspond,
for example, to a single-pass assay, an assay with conditional repeats, and a continuous monitoring protocol, respectively.
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This section states and proves the sufficiency of such an
automaton for representing protocol control logic.

Notation and assumptions. Let Q be the set of raw observa-
tions and let b: Q@ — X be a finite observation quantiser with
alphabet ¥. We model an experiment as a POMDP

M= (S,.4,2,T,0),

used under a deterministic, rule-based policy 1 : ¥* —.* that
maps any finite observation history to a (possibly empty) finite
sequence of laboratory actions. We separate transition rules (stage
progression) from task-generation rules (emitted operations),
matching GEMS's transition function g and task function f.
Proposition (sufficiency of DFA representation). Under the
assumptions above, there exists a finite Mealy automaton

@:(Q7¢]07275»w)» 6:Q><2_>Q7

that reproduces exactly the observation-action behaviour of. (.#,).

Proof (constructive). Let X* be the set of all finite observation
histories. Define the policy-induced equivalence ¢, =, @, iff for
allw e 2*, ®(0w) = (0,w).. Let Q = [0] : O X" be the set of
equivalence classes and g, = [¢]. Define

w: 0 X X—>d*

6([0],0) = [00], w([0],0) = T(00).

By construction, for any history ¢ and next symbol o, the
action sequence prescribed by 7 equals the output emitted by. %.

Remarks. (i) The result concerns control-logic expressivity; it
does not aim to encode laboratory physics. (ii) The split between
0 (progression) and w (task emission) mirrors GEMS's design: g
< ¢ and f < w. (iii) The finite-observation assumption holds
after quantisation b: @ — X, matching how protocols are
specified in discrete terms.

Consequence for GEMS. Every GEMS protocol with deter-
ministic decision rules on a finite observation alphabet admits
a minimal Mealy-automaton representation %. This makes states
and progression conditions explicit while keeping task generation
independent of transitions, and supports formal checks and
direct compilation to instrument-executable workflows.

Software architecture of GEMS and the definition of an
experiment

GEMS models an experiment as a POMDP and represents
discrete state transitions using a DFA. Because the latent state
of a sample cannot be observed directly, each decision is based
on a belief state inferred from the observations.

The structure of GEMS comprises:

e Lab: the top-level collection. Each experiment runs inde-
pendently and specifies a directory for saving its results.

e Experiment: the digital representation of a protocol. Internally,
this is a DFA composed of a set of states, a transition function
(edges), and a observations that record all outcomes (Fig. 2A).

e Machines: physical instruments available in the laboratory.
Each record stores a textual description and the associated machine
type defining the operations that the instrument can perform.

e State: a stage of the experiment. Each state contains (i)
a task function that generates operations for that stage, and (ii)
a transition function that determines the next state (Fig. 2A).
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o Task: a data structure specifying the operation to be performed,
its optimal start time, a penalty function for quantifying the cost of
deviation from the optimal start time, and the acceptable machine
type (Fig- 2B). In GEMS, all task start times are expressed on a user-
defined integer timeline (relative time), not wall-clock timestamps.

e Task group: an ordered sequence of tasks with fixed
intervals. Once the start time of the first task is determined, the
remaining tasks are scheduled automatically.

A Experiments
€o €1
-— -—
A 2 o« o
-— -
[ -—

[ )\

States Observations O, o

time param1 | param2
11:31 2 None
12:31 2 finish

Task function Transition function

fsel,O gsel,O
Oel,O:t ) Task Oel,O:t >
Task Te;
. Executable
Optlmal Pena'lty machine
time function
type
b
Pr., ‘@
ao
B
-— -—
-— -—
-_— -_—
-— 2
Task Task Schedule
Op 4 Op i
o
Scheduling £ @
E

& i4 —
= x ~ time

Fig. 2 Experiment representation and scheduling in GEMS. (A) GEMS
runs multiple experiments in parallel. Each experiment e; is defined as
a hierarchy of discrete states s and a time-indexed observation
stream ¢, o Every state carries a task function fSe,., and a transition
function gs,, . Given the observations, fs.,, emits a task 7o, and gs,;
selects the next state. Each task is annotated with an optimal time,
a penalty function p, , and an executable machine type. In this
example, we focus on ey, illustrating Oe,0:t: Sergs Serss Sens i ooy, AN &s,, (-
(B) Given the set of experiment-linked tasks {ro} and the available
machines, the scheduler assigns each task a machine ID and a start
time, producing a time-ordered execution plan consistent with task
metadata (optimal time, penalty, and machine-type constraints).

© 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/d5dd00409h

Open Access Article. Published on 10 March 2026. Downloaded on 3/11/2026 10:50:14 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Paper

e Task function (user-defined in Python): a function that
receives the observations and emits the operations required in
the current state (Fig. 2A).

e Transition function (user-defined in Python): a function
that receives the observations and returns the identifier of the
next state (Fig. 2A).

e Penalty function: a numerical cost function evaluating the
deviation between the optimal and scheduled times.

e File-based user interface: instead of an interactive graph-
ical user interface, GEMS relies on the file system. At start-up,
the plugin manager creates the directories experimental_set-
ting and mode and polls them for changes. Whenever a plugin
file or a command file is added or modified, the corresponding
method is executed and the file is removed thereafter. This
design allows both external drivers and human users to control
the workflow using only a text editor.

e Dry-run simulation for capacity planning: the dry-run
mode executes the DFA-driven transition function and task
emission without sending commands to hardware. Users can
vary the number of instruments per type and adjust penalty
settings to obtain feasibility, predicted lateness and indicative
utilisation before execution. This supports instrument-count
selection and maintenance-window placement for larger
deployments, while the DFA remains
unchanged.

Fig. 2 schematically depicts the relationships between these
elements: task contains a penalty function for cost calculation
during scheduling, and an executable machine type. State
contains a task function and a transition function. Experiment
comprises a DFA of states and the observations. Lab manages
multiple independent experiments and the available machines.
Here, we use independence to mean independence of decision
inputs: each experiment's transition and task functions consult
only its own observations and current state, not those of other
experiments.

Fig. 3 outlines the execution flow: state updates in the tran-
sition function, task updates in the task function, and schedule
updates in the task scheduler (Fig. 2B).

per-experiment

Penalty functions

Each task is assigned a penalty function that converts any devi-
ation from its optimal start time into a scalar cost. These
penalties are used by the scheduler to evaluate and optimise task
placement. Five variants are currently implemented:

NonePenalty Returns a constant value of 0; suitable when the
timing of the task is completely flexible.

LinearPenalty Takes a single parameter, penalty_coefficient
c. The penalty is

Penalty = |tscheduled - toplimal‘ xXc

and increases linearly with the absolute deviation from the
optimal time.

LinearWithRangePenalty lower,
er_coefficient, upper, and upper_coefficient. Let 4 = tscheduled —
toptimal- The penalty is

Parameters: low-

© 2026 The Author(s). Published by the Royal Society of Chemistry
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(lower — 4) x lower_coefficient, 4 <lower,

Penalty = ¢ (4 — upper) x upper_coefficient, 4 > upper,

0, otherwise.
No penalty is applied if 4 lies within the interval [lower, upper].

CyclicalRestPenalty Parameters: cycle_start_time, cycle_du-
ration, and rest_time_ranges. With

t = (tscheduled — Cycle_start_time) mod cycle_duration,
the penalty is

PENALTY_MAXIMUM, terest range,

Penalty = { 0, otherwise.

The helper function adjust_time_candidate_to_rest range
shifts a candidate time forward to the next active period.

CyclicalRestPenaltyWithLinear Extends CyclicalRestPenalty
by adding a linear term when outside rest ranges:

PENALTY_MAXIMUM,

!tscheduled - toptimal| X,

terest range,

Penalty = { otherwise.

Unified representation of protocol structures in GEMS

By formalising every experimental protocol as a DFA, GEMS is
able to represent heterogeneous workflow structures within
a single, coherent framework:

e Linear protocols (Fig. 1D, left): each operation is represented
by a distinct state and the sample progresses through these states
exactly once in a fixed order, with a well-defined terminal state.

e Terminatable protocols with a loop (Fig. 1D, middle): tran-
sitions may return to a previous state, so that the sample can
revisit a subset of states multiple times before eventually reach-
ing a terminal state, as in protocols with conditional repeats.

e Open-ended protocols without a terminal state (Fig. 1D,
right): the state graph contains no designated terminal state,
allowing continuous or indefinitely repeated procedures such as
long-term monitoring.

Scheduling algorithm

Let G = {g1, &, .-, &} be the set of task groups and
M= {my,my,...,mg} the set of machines. Each task j inside
a task group g is described by its processing time p,;, the interval
dg; from the previous task, and the required machine type ug;.

The scheduling procedure consists of two steps:

1. A baseline greedy scheduler that produces an initial feasible
schedule for each task group to avoid machine conflicts.

2. A simulated annealing (SA) refinement that adjusts start
times to improve the schedule while preserving the task order
within each group.

Greedy baseline

State. Let ¢, denote the start time of the first task in task
group g. The start times of subsequent tasks in the same group
are then determined deterministically by
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Fig. 3 Execution flow in GEMS (A) Within the GEMS core, the pipeline performs state updates (transition function), task updates (task function),
and schedule updates (scheduler). The resulting task schedule is executed by machines (robots or human operators), and outcomes are fed back
as new observations, closing the loop. (B) Schematic of experiment update: new observations update the state via the transition function g, while
the task function f generates new tasks.
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Sg1 = lgy Sg; = Sgj1 F Pgj1 ¥ dg; G> 1),

where s, ; is the start time of the jth task in group g.
Machine-overlap test. For each machine type «, construct the
event set

e = {(ser, £ 1) FU{(80) +Pess = D)},

where (¢, + 1) denotes the start of a task and (¢, — 1) its
completion. Sort events by time, giving precedence to task starts
in the case of ties, and sweep a counter o,. A conflict occurs if
and only if o, exceeds the available number of machines c,.

Placement rule. Order the task groups by (status = NOT_-
STARTED, t,), where ¢, is the user-specified optimal start time
for group g. For each group, iteratively try integer offsets 4 € {0,
1, — 1,2, — 2, ... } until a conflict-free placement is found, and
assign the group's start time as

ty = max(lref, t: + A>.

Here, t.or denotes the current reference time on the same user-
defined integer timeline; only times = ¢, are eligible for
placement. For optimisation we work in a reference-centred
coordinate (e.g:, offsets such as At = t, — t.ef O At* = t; — tret)
and then map results back by adding ¢..¢; wall-clock conversion
is deferred to the display/dispatch stage.

Machine assignment. Once a valid schedule has been ob-
tained, sweep through the events again: when a task starts,
assign it to the first available machine of the required type, and
release that machine when the task ends (first-fit allocation).

Simulated annealing refinement. The SA phase refines the
baseline greedy schedule according to the procedure outlined
below.

State. The state of the optimisation is defined as the set of
start times for all task groups:

S ={tlge G}

Objective. Each task group g is associated with a penalty
function p(t,). Let Q(S) denote the machine-conflict measure
described in the baseline phase. The total energy to be mini-
mised is

E(S) = p,(t;) +A0(S), (2= 100000 in this study),

geG

where A is a large constant that heavily penalises any schedule
with machine conflicts.

Temperature schedule. At iteration k (1 = k = Nj,), the
temperature is updated according to an exponential cooling
schedule:

N
T, =To (?:)) ;

(To = 2.5 x 10* and T; = 1.0 in this study).

Move. Select a random task group g and sample a perturba-
tion 6 ~U(—4y, 4i), where 4; is proportional to the current

© 2026 The Author(s). Published by the Royal Society of Chemistry
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temperature Ty Compute a raw candidate start time &, = ¢, + 6,
and then wrap it as follows:

adjust_time_candidate
_to_rest_range, (fg) , if g usesacyclic-restpenalty,
g, otherwise.

% =

Here, the helper function adjust_time_candidate_to_rest_range
snaps the candidate start time to the nearest valid slot that is
outside any rest period window.

Acceptance. Given the change in energy AE = E(S') — E(S), the
move is accepted with probability

Lo AE=0,
") exp(—AE/T;), AE>0.

Pseudocode.

function GreedySchedule(G, machines, tref):
sort G by (is_not_started, optimal_start)
for g in G:
A<+ 0
repeat:
tg < max(tref, optimal_start[g] + A)
place g at tg
if no_machine_conflict(G_so_far): break
A -(A) + (ALO0)
assign_machines(G) # first-fit sweep
return {t_g}

function SimulatedAnnealing(G, init_S, TO, Tf, Niter):
S «+ init_S
best_S « S
best_E <+ E(S)
for k in 1 .. Niter:
Tk < TO * (T£/TO0)"(k/Niter)
g < random_choice(G)
Ak +— Tk
8 < uniform(-Ak, +Ak)
if g.usesCyclicRestPenalty():
t’ < g.adjust_time_candidate
_to_rest_range(S[g] + &)
else:
t? « Slgl + 6
S’ <+ S with S’[g] = ¢’
AE + E(8’) - E(S)
if AE < 0 or exp(-AE/Tk) > random():

S« S
if E(8) < best_E:
best_S < S

best_E <+ E(S)
return best_S

Executing GreedySchedule followed by SimulatedAnnealing
produces start times that satisfy machine capacity constraints
while minimising deviation from the user-specified optimal
start times. In this study, the number of improvement steps
(Niter) for the annealing method was fixed at 100, 000. For the
formulation in ILP (integer linear programming) and
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computational complexity analysis of the Greedy baseline, see
Appendix A.

RGB colour optimisation of liquid mixtures

We designed a red-green-blue (RGB) colour optimisation task
as a toy problem that mirrors parameter search in chemistry
and materials science. In this study, the optimisation was
carried out over three consecutive experiments (see Fig. 4C).

Reagents

e Red acidic solution: 0.50 g citric acid and 0.10 g red food dye
in 50 mL water.

e Basic clear solution: 0.50 g sodium bicarbonate in 50 mL
water.

e Bromothymol blue: 0.04% (w/v).

The initial volume ratio of the three stock solutions (acidic
red solution, basic clear solution, and bromothymol blue) was
set to 0.2:0.3:0.5, and a target RGB value was defined. Batch
Bayesian optimisation (q-Expected Improvement policy) was
carried out with BoTorch?**** over three rounds. In each round,
eight candidate mixing ratios (conditions) were generated, and
each condition was tested in four adjacent wells (four technical
replicates), occupying a total of 32 wells on a 96-well plate
(Fig. 4E). Dispensing was performed on an Opentrons OT-2
robot (Opentrons Labworks Inc.) in descending order of
component ratio to minimise mixing variance; the final volume
in each well was 100 p L. Python scripts in the Opentrons
Protocol API format were auto-generated by the OT-2 driver and
executed on the instrument.

After dispensing, a Logitech ¢920n webcam (Logitech ¢920n;
Logitech International S.A.) captured images of the plate.
Images were processed on a 14-inch MacBook Pro (Apple, Cal-
ifornia, US): each well region was cropped, and the average RGB
value was computed. A white sheet placed beneath the plate
minimised background variation. A target mixture was
prepared in all 96 wells at the same ratio, and the RGB values of
each well were measured. To reduce variation due to the
imaging environment, for each cropped well the Manhattan
distance between its measured RGB and the RGB of the corre-
sponding target well was calculated. This Manhattan distance
was used as the objective for the next optimisation round.
GEMS defined distinct states for mixing, imaging, and evalua-
tion, linked by one-to-one transitions.

Cell-culture experiments

HEK293A cells preparation. The HEK293A cells were ob-
tained from Thermo Fisher Scientific (R70507) and maintained
in Dulbecco's Modified Eagle Medium (DMEM) (043-30085;
FUJIFILM Wako Pure Chemical; Lot: 2933601]), supplemented
with 10% fetal bovine serum (FBS; 555-21245; Biosera, Nuaillé,
France; Lot: 015BS427), 1% MEM Non-Essential Amino Acids
Solution (100x) (11140050; Thermo Fisher Scientific; Lot:
2670626]), 100 U/mL penicillin-streptomycin (15140-122;
Thermo Fisher Scientific; Lot: 2321142]), and 2 mM r-glutamine
(25030081; Thermo Fisher Scientific; Lot: 2660218]) in
a humidified atmosphere of 5% CO, and 95% air at 37 °C.
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Prior to robotic culture, cells were prepared manually: they
were seeded at the A1 well position in six-well plates, washed
once with phosphate-buffered saline (PBS) (10010023; Thermo
Fisher Scientific; Lot: 2412443]), detached with 0.05% trypsin
(25300054; Thermo Fisher Scientific; Lot: 2713076]) by gentle
pipetting after 2 min at room temperature, and replated at 1 x
10° and 2 x 10° cells per well. The plates were then transferred
to the CO, incubator in the LabDroid booth unit.

hiPSCs preparation. The human induced pluripotent stem
cells (hiPSCs) line 253G1,* derived from human dermal fibro-
blasts, was obtained from RIKEN BRC (HPS0002). The hiPSCs
were cultured and differentiated using previously described
methods.*”** Mycoplasma contamination tests were performed
periodically during the study, and the results were consistently
negative.

Day —14: plate coating and thawing. Six-well plates were
coated with iMatrix-511 (385-07361; Matrixome Inc., Lot:
24B215]) at 0.5 u g cm~> in PBS (—) and incubated for at least
60 min at 37 °C with 5% CO,. After aspirating the coating
solution, each well received 0.75 mL of hiPSC maintenance
medium (StemFit AKO3N; Ajinomoto; Lot: 20240527A). Cryo-
vials of frozen hiPSCs were thawed in a 37 °C water bath,
transferred into 5 mL maintenance medium containing Rho-
kinase inhibitor (final 10 u M) (Y-27632; 035-24593; FUJIFILM
Wako Pure Chemical; Lot: CKK5331), and pelleted by centrifu-
gation at 160xg for 4 min at 22 °C. The supernatant was
removed, and cells were resuspended in fresh maintenance
medium with 10 g M inhibitor. After counting, 43 300-45,000
cells were seeded per well in 1.5 mL medium.

Day —13 to day —8: maintenance. On Day —13, the medium
was changed to maintenance medium without Rho-kinase
inhibitor. From Days —12 to —8, the same medium was
refreshed every 24-72 h.

Day —7: Harvest and suspension preparation. Cells were
washed once with 2 mL PBS (—), then incubated with 1 mL of 0.5x
TrypLE Select CTS (A1285901; Thermo Fisher Scientific, Lot:
2561785]) in 0.5 mM ethylenediaminetetraacetic acid (EDTA)/PBS
(—) (13567-84; Nacalai Tesque Inc., Lot: L4G6700]) at 37 °C with
5% CO, for 10-20 min. Detached cells were gently pipetted into
a 50 mL tube, supplemented with 1 mL maintenance medium
and 3 mL PBS, and centrifuged at 160xg for 4 min at 22 °C. The
pellet was resuspended in 0.75 mL maintenance medium con-
taining 10 puM inhibitor, filtered through a 40 pm cell strainer
(Corning, #352340), and counted. Final suspensions were
adjusted to 133 400 cells per 20 mL medium in eight 50 mL tubes.

Meanwhile, eight new six-well plates were coated with
iMatrix-511 at 0.5 pg cm > (Lot: 24B215]) as described above,
incubated for at least 60 min at 37 °C with 5% CO,, and
prepared for plating the cell suspensions.

Two cell lines with different characteristics—hiPSCs and
HEK293A cells—were used to evaluate the loop structure.

Cell culture experiments by GEMS

HEK293A. The HEK workflow comprised four states: HEK-
FirstGetImageAfterPassageState, HEKGetImageState, HEKPas-
sageState, and HEKSamplingState (see Fig. 5B). For clarity, the
schematic diagram in Fig. 5C shows only three representative
states, omitting HEKFirstGetImageAfterPassageState. Imaging
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Fig.4 RGB optimisation of a three-component liquid mixture executed by GEMS. Starting from an unknown target ratio, the workflow iteratively
performs design, mixing, and measurement: in each round, the Opentrons OT-2 robot dispenses eight candidate mixtures, a camera captures
their RGB values, and GEMS updates the design based on computed scores. (A) Workflow schematic showing the progression of colour-
component ratios and corresponding measured scores over three iterations. (B) Software architecture: the GEMS core communicates through
dedicated drivers with the OT-2, camera, and RGB calculation routines. (C) State-transition diagrams for the RGB-colour optimisation exper-
imental settings in GEMS. (D) Photograph of the entire 96-well plate filled with the true target mixture at the volume ratio (0.20, 0.30, 0.50) of
acidic red solution, basic clear solution, and bromothymol blue, respectively. (E) Photograph of the entire 96-well plate after completion of three
rounds of optimisation. Rounds 1-3 are outlined and labelled, with four consecutive replicates per condition in each round. (F) Optimisation
results over three rounds: stacked bar charts of the normalised input volume fractions of the three stock solutions (left) and average score
rankings for the eight candidates (right). In the stacked bars, the red, blue, and yellow segments indicate the acidic red solution, the basic clear

solution, and bromothymol blue (BTB), respectively.
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Fig. 5 Autonomous density-triggered passaging of multiple cell lines orchestrated by GEMS. (A) Schematic of GEMS controlling the LabDroid
Maholo for automated culture of five HEK293A and five hiPSC series. Cell density is estimated from images and extrapolated to predict growth,
enabling scheduling of operations at the optimal time when target density is reached. (B) Hardware setup: GEMS connected via the Maholo driver
to the LabDroid Maholo, including the density calculator, Motoman robot, CO, incubator, microscope, and cool reagent incubator. (C) State-
transition diagrams for the HEK293A and hiPSCs experimental settings in GEMS. Left: HEK293A workflow with four states in total (HEKFirst-
GetlmageAfterPassageState, HEKGetlmageState, HEKPassageState, and HEKSamplingState). For simplicity of presentation, the schematic shows
three representative states, omitting HEKFirstGetimageAfterPassageState. Right: hiPSCs workflow with five states in total (Passagelnitial, Passage,
Medium change 1, Medium change 2, and Sample). For clarity, Passagelnitial is omitted from the schematic, so only four states are explicitly
shown here. (D) Summary of the experimental schedule: incubation periods for the HEK293A (HEK-0 to HEK-5) and hiPSC (hiPSC-0 to hiPSC-4)
series are shown in colour-coded bars. Accompanying information also indicates periods of manual entry of experimental results in the event of
machine failures, and the timing of cell disposal. (E) Growth curves recorded by GEMS for HEK293A and hiPSCs series.
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and density estimation (getImage) were performed 24 h after
passage and subsequently every 12 h. When a lineage was pre-
dicted to reach 0.80 confluence within 12 h, passage was trig-
gered. After two passages, imaging continued every 12 h;
samples predicted to reach 0.40 confluence were collected
during daytime (10:00 am to 4:00 pm).

hiPSCs. The hiPSCs workflow comprised five states: Passagel-
nitialState, MediumChange1State, MediumChange2State, Passa-
geState, and SamplingState (see Fig. 5B). For clarity, the state
diagram in Fig. 5C omits the PassagelInitialState and displays only
four states. After passage, getlmage was followed by a first
medium change (MediumChangel) at 24 h and a standard
medium change (MediumChange2) at 48 h. The cycle getImage +
MediumChange2 was then repeated every 24 h. When a lineage
was predicted to reach the target confluence (0.30) within 24 h,
plate coating was initiated 1 h in advance, and passage was
executed at the predicted time. After two passages, imaging
continued every 24 h; samples predicted to reach 0.30 confluence
were collected during daytime (10:00 am to 4:00 pm).

Five hiPSCs lineages were started initially; four days later, five
HEK lineages were added. All operations were performed by
a LabDroid Maholo (Robotic Biology Institute Inc., Japan), using
the same setup as described by Ochiai et al*® Schedules were
rebuilt dynamically in GEMS whenever new HEK lineages were
introduced or removed. Two hiPSCs plates were lost owing to
device failure; the corresponding series were deleted from the
observations, and the remaining schedule was updated
automatically.

Logistic model for optimal passage timing

To estimate optimal passage times, we implemented a logistic
growth model in both the task and transition functions. The
observed density y; at time ¢; is assumed to follow

K

MO T e

The estimation proceeded as follows:

1. Data grouping—each experimental result was assigned
a passage index g; (passage_group). The initial density no; for
passage i was set to the observation result in that passage.

2. Combined model—

K

1+ <K/n01g, - 1>e*”f '

The unknowns {K, r, 1o, ..., Ho,p} were fitted simultaneously.
3. Weighted least squares—The weight of observation j was
w; = 278, SciPy's curve_fit function was called with:

N; =

curve_fit (combined_model,
t > y >
sigma=weights,
absolute_sigma=False)

4. Time-to-target—Given a target density N, the time for
passage i was calculated as
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ti = lln—(K = o)V, )
r (K — N)ny,;
The helper function calculate_optimal_ time_from_df

applied this formula to the latest measurements.

Cell density was following the method described by Ochiai
et al.** Multiple microscope images were stitched, the well
region was selected, and cell areas A, were extracted using the
Canny algorithm via the Cell Density Calculator. Using the
pixel-count function f, density C was defined as

f(4:.N4))

€= Sf(4)

Results

We evaluate GEMS empirically in two settings: (i) sequential
RGB colour optimisation of liquid mixtures, and (ii) dynamic,
parallel culture of multiple mammalian cell lines. Formal
definitions and software architecture are provided in Experi-
mental (§Experimental—POMDP to DFA: a sufficient represen-
tation for protocol control logic, §Experimental—Software
architecture of GEMS and the definition of an experiment); this
section therefore reports quantitative outcomes and operational
behaviour.

Sequential parameter optimisation expressed with GEMS

Sequential parameter optimisation, widely used in chemistry
and materials engineering, iteratively updates mixing ratios to
approach a target property. As a case study, we performed an
RGB-optimised liquid-mixing experiment controlled by GEMS.
Experimental settings and hardware are in Experimental (§SRGB
colour optimisation of liquid mixtures). For context, the work-
flow overview, software connections, and DFA mapping are
shown in Fig. 4A-C; the remainder of this section presents the
outcomes.

The best ratio was obtained in Round 3, with a distance of
61.62—a 30% improvement over the best condition (88.13) in
the random initial round (Fig. 4D-F). By Round 2, the distance
had already been reduced to 72.13. Each optimisation cycle—
from proposal generation to execution, image processing,
scoring, and scheduling of the next protocol—was completed
within 60 min. In total, 96 mixtures (36 unique compositions)
were tested, and all steps were executed deterministically under
version control. These results demonstrate that integrating
GEMS with a Bayesian optimiser enables efficient, fully auto-
mated optimisation experiments under routine laboratory
conditions.

Dynamic scheduling of parallel cultures of multiple cell lines

Cell culture is a common iterative experiment in biomedical
research, requiring regular monitoring of culture state (e.g., cell
density), periodic medium exchanges, and passaging to main-
tain the density within a target range (Fig. 5A). To evaluate

Digital Discovery


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5dd00409h

Open Access Article. Published on 10 March 2026. Downloaded on 3/11/2026 10:50:14 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Digital Discovery

GEMS in a long-term, heterogeneous setting, we performed
parallel execution of cell-culture protocols for two distinct cell
types: human embryonic kidney cells (HEK293A) and human
induced pluripotent stem cells (hiPSCs). The hardware config-
uration is depicted in Fig. 5B; operational rules for both line-
ages are in Experimental (§Cell culture experiments by GEMS).
The two cell lines were implemented in GEMS as state-based
protocols encoded as DFAs, enabling condition-dependent
operations while preserving protocol structure (Fig. 5C).

The experiment timeline is summarised in Fig. 5D. Fig. SF1
(Table ST2) provides an experiment-level verification of the
orchestration by visualising the per-lineage state transitions
interpreted by GEMS; detailed execution timelines are provided
in SI Video S1 (operation-level Gantt) and SI Video S2
(experiment-level Gantt), with the underlying request, sched-
uled, and actual start timestamps summarised in SI Table ST1.
SI Video S3 provides a step-by-step visualisation of the state-
transition history. In this run, we deliberately challenged the
system by adding new experiments while it was already
managing ongoing cultures. We initiated five hiPSC series on
Day 0 (14 Nov 2024). While the system was actively controlling
these, we introduced a second set by adding five HEK293A series
on Day 4 (18 Nov 2024) through the instantiation of new
experiment objects. Later in the run, two hiPSC series were lost
owing to unrelated incubator failures on 1 Dec and 5 Dec. After
removing the affected series, GEMS automatically recomputed
the schedule, reallocated machine time, and continued all
remaining experiments without interruption. These mid-run
additions and removals implicitly stress-tested scalability.
GEMS re-optimised schedules on the fly as instrument avail-
ability and workload shifted, without modifying the per-
experiment DFA.

Over the 36 days run, the system executed ten HEK passages,
five HEK samplings, nine hiPSC passages, and three hiPSC
samplings (Fig. 5E). At HEK passage, the mean density was 0.82
+ 0.04 (target 0.80); at HEK sampling, 0.39 & 0.11 (target 0.40).
For hiPSCs, the mean density was 0.32 £ 0.06 at passage (target
0.30) and 0.33 + 0.03 at sampling (target 0.30). Despite differ-
ences in growth rates and handling schedules, both cell types
consistently reached their targets with minimal overshoot.
These results demonstrate that GEMS can autonomously
maintain multiple mammalian cell cultures at user-defined
density targets, dynamically reschedule tasks in response to
the introduction of new experiments as well as unexpected
failures, and support robust long-term biological experiments
without human intervention.

Discussion

This study demonstrates that a deterministic finite automaton
(DFA, Mealy automaton®’) can make both state and transition
relations explicit, while observations store experimental data
together with associated meta-information. By combining these
elements, GEMS realises a sample-centred, state-to-state model
in which instrument-agnostic scheduling and condition-
dependent control are unified within a single framework. In
timeline-style description standards such as Autoprotocol and
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LIMS tools such as Clarity LIMS, protocols are encoded as fixed
step lists for readability and interoperability rather than as
prescriptive control languages; consequently, branches and
loops are typically realised by template expansion or by gener-
ating new scripts/workflows.'®"* DAG schedulers such as Green
Button Go can visualise resource conflicts, yet loop structures
rely on template expansion and the graph size can grow
rapidly.”” Dynamic domain-specific languages such as yDL and
IvoryOS provide hardware-independent syntax but do not retain
a sample's progress on the execution side, leaving branch
management to higher-level scripts.?*** GEMS complements
these approaches by using the DFA's self-transitions and
explicit state memory to decide the next action without the need
for an external orchestrator.

Tangible gains of adopting this sample-centred representa-
tion are threefold. First, explicit per-sample state memory and
progression rules (Mealy automaton) allow the next action to be
selected without regenerating global task lists or re-authoring
workflows. Second, timing is decoupled from control logic via
a penalty-aware scheduler, enabling on-the-fly rescheduling,
maintenance windows, and capacity changes without altering
the state-transition diagram. Third, operational robustness
improves: mid-run insertion or removal of experiments and
recovery from failures are handled by updating the active set,
after which GEMS automatically rebuilds the schedule (as evi-
denced in the parallel HEK/hiPSC run, Fig. 5D-E). Throughout,
observations maintain a consistent record of data and meta-
data, preserving downstream analyses as protocols evolve.

The RGB optimisation of a three-component liquid mixture
confirmed that GEMS functions effectively as a framework for
sequential parameter search. Ratios proposed by batch
Bayesian optimisation were passed through a task function
directly into OT-2 Python protocols, and the metrics required
for the next round were collected automatically. Because the
experimental operation, imaging, and analysis stages are
separated into individual tasks, changes to the optimisation
algorithm or the evaluation function do not require modifica-
tion of the state-transition diagram. Even when the number of
loops or samples increases, the observations preserve data and
metadata in a consistent format, ensuring that downstream
analyses remain coherent.

In the cell-culture study, hiPSCs and HEK293A cells—
differing in growth rate and handling frequency—were
managed simultaneously on the same system across multiple
lines and passages. Images captured by a LabDroid Maholo
were used to update growth curves in real time, and GEMS
automatically determined passaging, medium exchange, and
sampling times based on the predicted density. Notably, GEMS
was able to incorporate additional experiments during an
ongoing run—adding a second set of cultures mid-schedule—
and re-optimised the entire task allocation without disrupting
current operations. When a subset of lines was lost owing to
hardware failure, removing the corresponding experiment was
sufficient for GEMS to rebuild the remaining schedule and
continue the other experiments without interruption. These
results highlight that DFA-based management can simplify
recovery tasks and enable dynamic adaptation in laboratories
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where mid-run changes and unexpected sample losses are
unavoidable.

Comparison of the RGB and cell-culture case studies reveals
two extremes: the former involves a short, deterministic
sequence of operations, whereas the latter contains continuous
branches and loops triggered by measurements. The fact that
a single software framework supports both indicates that the
abstraction level of GEMS is broad enough to accommodate
diverse sample types and objectives. Because a task function is
loosely coupled to its device driver, replacing or adding equip-
ment requires only minimal edits, potentially reducing refur-
bishment costs. Likewise, optimisation algorithms and image-
analysis pipelines, implemented in Python, can be swapped
rapidly—an advantage for laboratories that iterate quickly.

Several limitations remain. First, writing a transition func-
tion requires domain knowledge, and complex conditions may
be challenging for novice users to encode; the development of
a graphical editor for specifying state transitions would there-
fore be valuable. Second, the current DFA model does not
natively support workflows in which a single experimental
sample splits into multiple experimental samples. Although
this can be circumvented by registering multiple experiment
with copied observations, a generalised implementation is still
needed.

In summary, GEMS provides a compact abstraction layer for
managing dynamic, cross-device experiments in a sample-
centred, state-to-state paradigm. Although its practicality was
demonstrated in two bench-scale case studies, the deterministic
state description can be scaled seamlessly to facility-level
operations. Because experiment definitions are decoupled
from device information, each can be updated independently,
enabling new instruments or assays to be integrated without
downtime. This capability aligns with the needs of cloud labo-
ratories that already operate hundreds of instruments, as well
as future laboratory automation facilities.*® Although this work
targets representational unification rather than algorithmic
speed-ups, the design scales in three complementary ways.
Control-logic scale keeps protocol decisions local to each
experiment through a Mealy automaton, so decision-making is
independent of instrument count. Resource scale expands
capacity by adding instruments of the required types; the
penalty-aware scheduler allocates tasks while the per-
experiment logic remains unchanged. Planning scale is sup-
ported by a dry-run mode that allows users to vary instrument
counts and penalty settings to estimate lateness and utilisation
before execution (see Materials, Dry-run simulation for capacity
planning). Together with the dynamic rescheduling seen in the
parallel HEK/hiPSC run (Fig. 5D-E), these features support
progression from bench to facility level. Looking ahead, inte-
gration with a graphical state editor and high-performance
schedulers could further reduce the barrier to reliable, large-
scale automation.
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