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1. Introduction
Automated liquid handlers (ALH) perform the

foundational task of liquid transfer in modern self-
driving labs (SDLs), where experiments are executed
and optimized autonomously through closed-loop
control. Reliable liquid handling is therefore essen-
tial for experimental validity and reproducibility. De-
spite widespread adoption of ALHs, poor accuracy
and consistency are still the norm when handling
non-ideal liquids such as viscous, volatile, or biologi-
cally complex solutions [1].
Manufacturer-provided profiles are typically opti-

mized for aqueous fluids, leading to suboptimal per-
formance with customized solutions, which require
extensive manual adjustment to adopt new liquids,
volumes, or devices [2]. This manual calibration pro-
cess is time-consuming, difficult to reproduce, and
fundamentally in conflict with the scalability and au-
tonomy required by SDLs [3, 4]. As such, calibra-
tion involves difficult trade-offs between accuracy,
repeatability, and time, with liquid-dependent errors
propagating through automated workflows and re-
ducing trust in autonomous systems [5].

2. Substantial section
To support reliable SDL operations, liquid handler

calibration must be automated, data-efficient, and
robust to changes in liquids, volumes, and hardware.
We frame calibration as a constrained optimization
problem, where device-specific parameters are tuned
to minimize systematic error and variability while re-
specting laboratory constraints. Rather than relying
on default manufacturer profiles or manual trial-and-
error, we propose to utilize Bayesian optimization to
iteratively select parameter sets and leverage exper-
imental outcomes to rapidly converge on effective
parameter frontiers within a fixed budget.
Our approach balances multiple objectives rele-

vant to SDL operations, including volumetric accu-
racy, repeatability and execution time. Crucially, the
optimization process is designed to operate under re-
alistic conditions, adhering to limited consumables,
finite iterations, and stopping criteria. By treating cal-
ibration as a workflow-driven, closed-loop learning
problem, our framework enable automated, repro-
ducible, and scalable parameter discovery, allowing
for calibration reuse across experimental workflows.

2.1 System Architecture and Optimization Workflow
The system ismodular by design, allowing for end-

to-end calibration and validation that integrates nat-
urally into SDL environments. Device control, experi-
ment execution, measurement, and optimization are

cleanly separated into independent functions, allow-
ing calibration workflows to be reused across liquids
and hardware with minimal configuration changes.
Calibrated profiles for each liquid can be utilized in
future automated workflows to ensure reliable and
repeatable liquid handling.
Calibration runs follow a structured sequence to ef-

ficiently identify pipetting parameters. For each trial,
parameters are selected, executed on the liquid han-
dler, evaluated through automated measurements,
and used to update the optimization state. Parame-
ters, which are system-dependent, typically include
aspirate and dispense speed, settling time, pre/post
aspirate air volume, and over-aspirate volume.
Initial parameters are selected using SOBOL

(pseudo-random space filling) sampling of the param-
eter space, before moving to Bayesian optimization
(BO) for the remaining trials. Closed-loop optimiza-
tion using BO takes the initial SOBOL data and applies
multi-objective optimization to identify parameters
that provide the best compromise between volumet-
ric accuracy, repeatability, and time. Subsequent op-
timizations leverage prior trial data through transfer
learning, using tested parameters as informed start-
ing points rather than starting from scratch.
Performance is evaluated using available labora-

tory equipment, including plate readers or gravimet-
ric scales, with support for additional instruments.
Calibration is performed across a range of target vol-
umes. Validation is performed through a separate
workflow, assessing accuracy and reproducibility.

2.2 Related work
Existing approaches to liquid handling perfor-

mance focus mainly on verification and manual cali-
bration. Verification methods, including gravimetric
and absorbance-based protocols, provide standard-
ized mechanisms for quantifying volumetric accu-
racy and precision, focusing on quality control and
compliance [1]. While effective for assessing perfor-
mance, these methods do not provide guidance for
improvement, often leading to tediousmanual tuning
with limited reuse across experiments [2].
More recent work has explored data-driven ap-

proaches to model and correct pipetting behaviour.
Yap et al. introduced learning-based techniques
to characterize liquid-dependent transfer errors,
demonstrating that systematic deviations can be pre-
dicted and compensated using experimental data [4].
Complementary efforts have shown that Bayesian
optimization can efficiently find acceptable pipet-
ting parameters for challenging liquids, reducing ex-
perimental effort compared to manual calibration
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[5]. However, these approaches are typically scoped
to specific devices, liquids, or operating protocols,
and are evaluated as optimization studies rather than
reusable laboratory infrastructure.
Beyond parameter-level calibration, recent work

has begun to address automation at the workflow
and system level. Bao et al. demonstrated an end-
to-end automated experimental workflow for sur-
factant critical micelle concentration determination,
highlighting the importance of reliable liquid han-
dling as a foundational component of reproducible
autonomous experimentation [6]. In parallel, Angers
et al. introduced RoboCulture, a general-purpose
robotic platform capable of executing closed-loop bi-
ological experiments [7]. While these systems empha-
size autonomy and robustness at the experimental
execution level, they typically assumevalidated liquid
handling behaviours as a prerequisite for reliable op-
eration. This naturally motivates the development of
reusable, data-efficient calibration frameworks that
enable systematic adaptation of liquid handling pa-
rameters across workflows, liquids, and hardware.

2.3 Experimental Results and Validation
The iterative learning process over successive opti-

mization trials is illustrated in Figure 1. Early SOBOL
trials exhibit significant deviation from the target vol-
umes, reflecting high variability across explored pa-
rameter configurations. As optimization proceeds,
measured volumes increasingly cluster around the
targets, indicating convergence towards parameter
sets that reduce volumetric deviation. This trend is
most pronounced for the initial target volume, where
a large number of trials are performed and the dens-
est concentration of low-deviation results is observed.
Whenoptimization transitions to additional target vol-
umes, convergence occurs more rapidly, with fewer
trials required to reach comparable accuracy, demon-
strating that parameter structures identified earlier
provide key information at subsequent volumes.
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Fig. 1: Measured volume across optimization trials
for glycerol calibration. Points are colored by tar-
get volume (25, 50 and 100 µL), dashed lines indicate
targets, and the shaded region marks the initial
screening phase. Circled points denote the best-
performing trials.

Figure 2 presents validation results of the optimiza-

tion parameter set on a later date, comparing mea-
sured and target volumes across both calibrated and
non-calibrated volume ranges. Measured volumes
remain closely aligned with the target line, with all
tested volumes falling within ±10% accuracy. No-
tably, volumes outside the original calibration range
showed similar performance to directly calibrated
values, indicating the optimizedparameter set retains
performance beyond the original experimental setup.
Together, these results demonstrate that optimization
outcomes observed during the trial phase translates
into stable liquid handling parameters that can be
generalized for experimental workload.
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Fig. 2: Validation of glycerol dispensing accuracy.
Data are shown as mean ± standard deviation from
triplicate measurements.

Alginate was successfully calibrated across target
volumes ranging between 2𝜇l and 50𝜇l in two experi-
mental configurations. Similar calibration workflows
were evaluated on water, ethanol, DMSO, and rep-
resentative biomaterial solutions, demonstrating ro-
bustness and generalization capabilities of the system
across liquids with diverse physical properties.

3. Conclusions
In this work, we presented a data-efficient, closed-

loop calibration framework for automated liquid han-
dling, addressing key bottlenecks regarding the de-
ployment of liquid handlers in self-driving laborato-
ries. Using Bayesian optimization under realistic ex-
perimental budgets, the approach systematically im-
proves volumetric accuracy and repeatability while
accounting for execution time.
Results show significant systematic learning in

the early stages of optimization, with subsequent vol-
umes convergingmore rapidly. Validation performed
on a later date confirms that optimized parameters
maintain transfer accuracy, even when tested beyond
the calibrated range. These findings demonstrate a
practical and reusable calibration strategy suitable
for scalable SDL workflows.

Acknowledgments
This research is part of the University of Toronto’s

Acceleration Consortium, which receives funding
from the Canada First Research Excellence Fund



AI4X – Accelerate, Singapore, 16–19 June 2026

(CFREF) through CFREF-2022-00042.

References
[1] Michael Stangegaard, Anders J. Hansen, Tobias G.

Frøslev, and Niels Morling. A simple method for
validation and verification of pipettesmounted on
automated liquid handlers. JALA: Journal of the As-
sociation for Laboratory Automation, 16(5):381–386,
Oct 2011.

[2] Laurent Bessemans, Vanessa Jully, Caroline
de Raikem, Mathieu Albanese, Nicolas Moniotte,
Pascal Silversmet, and Dominique Lemoine. Au-
tomated gravimetric calibration to optimize the
accuracy and precision of tecan freedom evo liq-
uid handler. SLAS Technology, 21(5):693–705, Oct
2016.

[3] E. Councill, Nathanial Axtell, Thy Truong, Yiran
Liang, Adam Aposhian, Kei Webber, Ying Zhu,
Yongzheng Cong, Richard Carson, and Ryan Kelly.
Adapting a low-cost and open-source commer-
cial pipetting robot for nanoliter liquid handling.
SLAS Technology, 26(3):311–319, Jun 2021.

[4] Estefania Yap, Viet Huynh, Calvin Vong, Peter
Vogel, Viv Louzado, Thomas Barnes, Buser Say,
Michael Burke, Dana Kulić, and Aldeida Aleti.
A bayesian optimisation with segmentation ap-
proach to optimising liquid handling parameters.
Journal of Process Control, 156:103571, Dec 2025.

[5] Pablo Quijano Velasco, Kai Yuan Low, Chang Jie
Leong, Wan Ting Ng, Selina Qiu, Shivam Jhun-
jhunwala, Bryant Li, Anne Qian, Kedar Hippal-
gaonkar, and Jayce Jian Cheng. Optimization
of liquid handling parameters for viscous liquid
transferswith pipetting robots, a “sticky situation”.
Digital Discovery, 3(5):1011–1020, 2024.

[6] Zeqing Bao, Owen A.Melville, andMonique Ngan.
An automated workflow for surfactant critical mi-
celle concentration determination. Colloids and
Surfaces A: Physicochemical and Engineering Aspects,
731:139041, 2026.

[7] Kevin Angers, Kourosh Darvish, Naruki
Yoshikawa, Sargol Okhovatian, Dawn Ban-
nerman, Ilya Yakavets, Florian Shkurti, Alán
Aspuru-Guzik, and Milica Radisic. Roboculture:
A robotics platform for automated biological
experimentation, 2025.

Appendix A. Experimental Setups

The system supports standalone execution and inte-
gration into orchestration frameworks such as Pre-
fect, enabling scheduling and distribution across ma-
chines. The system can also be containerized to en-
sure platform compatibility. New devices can be in-
corporated through lightweight configuration files
without having to change the backend optimization
logic.
Two separate setups were used in this study: a)

North Robotics N7 Robot in Polymer Self-Driving
Laboratory (Acceleration Consortium) (Figure A1)
and b) Hamilton STARlet in Human Organ Mimicry
Self-Driving Laboratory (Acceleration Consortium)
(Figure A2).

Fig. A1: North Robotics N7 Robot Setup. Purple ar-
rowsdepict theflowof robot pipettingparameters.
Red arrows depict the flow of measurements.

Fig. A2: Hamilton STARlet Setup. Purple arrows de-
pict the flow of robot pipetting parameters. Red
arrows depict the flow of measurements. Green
arrow depicts data manipulation.

Appendix B. Optimization parameters

Weoptimized liquid-handling parameters acrossmul-
tiple target dispense volumes; therefore, target vol-
ume itself was not treated as a decision variable in the
Bayesian optimization campaign. The optimization
space instead consisted of aspiration- and dispensing-
related parameters that directly influence volumet-
ric accuracy, repeatability, and throughput. These
parameters were defined over bounded continuous
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ranges informed by hardware constraints and prior
empirical knowledge. Aspiration-related parameters
included aspirate flow rate, aspiration settling time,
blowout air volume, transport air volume, and op-
tional over-aspirate volume. Dispensing-related pa-
rameters included dispense flow rate, dispense set-
tling time, swap speed, and tip retract speed. The
explicit specification of parameter bounds ensures
safe operation while enabling efficient exploration of
the calibration space (Figure A3, Table A1).
Initial glycerol pipetting experiments exhibited

substantial variability in volume dispensed across pa-
rameter configurations, with measured deviations
spanning a wide range even at comparable execu-
tion times. Notably, parameter sets with comparable
throughput exhibited markedly different accuracy
and repeatability.

Fig. A3: Optimization parameters. The target dis-
pense volume is fixed and not considered a pa-
rameter in the BO campaign. Optimization was
performed over aspiration parameters (aspirate
speed, blowout volume, over-aspirate volume,
post-aspiration air volume, and delay after aspira-
tion) and dispensing parameters (dispense speed,
delay after dispense, and tip retract speed).
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Table A1: Liquid handling parameters optimized using Bayesian optimization and their corresponding bounds.

Parameter Description Range
flow_rate_aspirate Aspirate flow rate 1 – 500
settling_time_aspirate Delay after aspiration (s) 0.0 – 9.9
blowout_air_volume Blowout air volume (𝜇L) 0.0 – 25.0
transport_air_volume Air volume used during liquid transport (𝜇L) 0.0 – 25.0
overaspirate_vol† Additional aspirated volume (𝜇L) 0.0 – 20.0
flow_rate_dispense Dispense flow rate 1 – 500
settling_time_dispense Delay after dispense (s) 0.0 – 9.9
swap_speed Speed of tip movement between steps 0.3 – 160.0
tip_retract_speed Speed of tip withdrawal Device-defined

†Included conditionally depending on the liquid and protocol configuration.
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