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Abstract—Addressing the challenges of a growing global pop-
ulation and the agricultural impacts of climate change requires
transitioning to sustainable food solutions that enhance food
security, affordability and nutrition. Plant-based food products
are among the most promising options, but the introduction of
novel ingredients and processing methods in this emerging design
space poses significant challenges. To accelerate the design of such
food products, we propose autonomous online experimentation
and optimization by combining robotic preparation and assess-
ment with active learning. We focus on minimizing the viscosity
of a model plant-based food system consisting of water, flour,
protein, salt and enzyme, which undergoes multi-step processing,
including mixing and enzymatic hydrolysis. We demonstrate
that robotic automation not only automates the experiment, but
also improves precision compared to humans. Using Bayesian
Optimization, we identify the lowest viscosity formulation in just
20 experiments. Constructed Gaussian process models enable
viscosity predictions for untested formulations with an error as
low as 6%. Multi-objective optimization further expands the set
of optimal solutions by balancing cost and viscosity, enabling
the discovery of formulations optimized for viscosity, cost, nu-
trition and trade-offs. These findings highlight the potential of
robotic and learning-based-approach to accelerate food product
development across diverse food science applications.

Note to practitioners—To meet the growing demand for sus-
tainable and nutritious food products, the food industry is
increasingly focusing on plant-based food alternatives. Devel-
oping these products involves diverse ingredients and extensive
laboratory trials, which are both time-consuming and labor-
intensive. We propose an integrated robotic and active learning
system to accelerate this process. By focusing on minimization
of viscosity in a model plant-based food system composed of
water, flour, protein, salt and enzyme, robotic automation is
used to automate experiments, increase throughput, improve
precision and save researcher’s time. Bayesian Optimization in
just 20 experiments minimizes viscosity of such food system, while
Thompson Sampling balances competing objectives such as cost
and viscosity, to identify set of optimal solutions across the design
space and constructing the Pareto Front. Experimental data is
further used to build predictive models, providing a valuable
tool for food scientists to quickly estimate viscosity for untested
formulations. Expansion of this work will focus on optimizing
stability of the model food system, incorporating oil and high-
pressure homogenization as an additional processing step.

Index terms—Robotic automation, Online Optimization, Food
Science.
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I. INTRODUCTION

The food industry supplies economically viable, tasty, and
nutritionally balanced food to meet the global population’s
nutritional needs [1]. However, this is becoming increasingly
difficult due to growing global population and deteriorating
agricultural conditions caused by climate change [2]. Fur-
thermore, food production is also part of the problem as it
has substantial environmental impact with high resource use
and significant greenhouse gas emissions [3]. It is therefore
critical that we radically move towards more sustainable food
solutions that improve food security, cost and nutrition [4].
One viable path which targets both sustainability and nutrition
is the adoption of plant-based ingredients [5], [6]. This shift
can offer environmental benefits such as reduced greenhouse
gas emissions and land use [7], alongside health benefits,
including a lower risk of chronic diseases, often linked to
plant-based diets [8], [9]. However, the development of such
food products introduces many new ingredients and processes
for which we have limited expertise [10], [11], necessitating
active exploration to discover new formulations. Currently,
addressing this challenge requires extensive laboratory trials,
which are resource intensive, time-consuming and often fail
to provide the solutions needed to develop plant-based foods
with the desired attributes. Therefore, new methodologies are
required for the discovery of better plant-based food products.

Robotics and machine learning methods present a com-
pelling solution to rapidly accelerate the exploration and dis-
covery of optimal food formulations and processing conditions
for new food systems [12]. Automation of the experiments
offers precise control of process parameters, motions and tim-
ing, enabling continuous process monitoring for error detection
and data capture [13], [14]. Such approach has been already
applied to several scientific domains, including biotechnol-
ogy [15], [16], chemistry [17], [18], and even for engineering
sciences [19], [20]. These approaches have demonstrated the
improved throughput, accuracy and precision enabled by the
robots [21], [22]. However, the environments in which these
robots operate are typically well structured and use fully
automated analysis equipment [23], [24]. In contrast, food
science environments require robots capable of robust opera-
tion with diverse and often non-automation friendly equipment
and measurement devices, while also handling solid and liquid
ingredients to formulate or prepare different recipes.

A second opportunity enabled by the robotic automation,
is to combine the improved throughput with machine learning
for automated optimization and discovery [25]. This has been
shown to be a powerful approach for accelerating scientific
discoveries. For example, optimization of a photocatalyst for
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Fig. 1. The robotic system used for the preparation, processing, analysis and optimization of a liquid plant-based food systems. The robotic system consists of
the URS robotic arm with mounted custom gripper used for grasping of the heated cup in which powder and liquid ingredients are dosed using the dispensing
system. The plant-based model food system is processed using the mixer and is analyzed using the viscometer, pH probe and photo capturing setup.

hydrogen production has been performed with a mobile robotic
platform and Bayesian Optimization [26], the use of automated
microfluidics and linear discriminant analysis (LDA) has been
applied to construct a model of the associated chemical space,
while neural networks alongside a reconfigurable continuous-
flow robotic platform have been used for exploration of chemi-
cal synthesis [27]. Within the domain of food science, the time
scale of experiments and the variety of processing conditions
make online optimization more challenging. However, a robot
‘cook’ has been combined with Bayesian optimization to
identify optimal recipes and processing methods for robotic
cooking of scrambled eggs [28]. Additionally, robotic pouring
and computer vision have been coupled with Artificial Neural
Networks to assess and classify the foaming behavior of
beer and sparkling wines [29], [30]. While existing research
highlights the potential of combining robotics with active
learning, applications in food science remain scarce.

The design and optimization of food products typically
requires discovery of optimal formulations and processing
conditions. These are evaluated through quantitative metrics
measured by scientific instruments and qualitative assessments
performed by humans. For liquid food systems, which are the
focus of this paper, this typically involves ingredient selection
and processing steps such as mixing, homogenization and heat
treatment. This creates a vast design space, with formulations
ranging from a few to a dozen ingredients in varying quantities
and processing times ranging from minutes to hours under
diverse mixing and temperature conditions. Traditional man-
ual methods struggle to handle many possible combinations,

making it challenging to discover optimal food formulations.
To accelerate the discovery and optimization of new food
systems, we propose combining full robotic automation of
the experiments with active learning. Specifically, we focus
on developing a novel plant-based food concentrate which
forms the basis of several food products, including plant-based
dairy alternatives. The formulation of this food base requires
addition and incorporation of five ingredients which then
undergo mixing and heating processes, with single experiment
lasting up to one hour. We propose a robotic approach for
automating this process, combining robotic manipulation with
automation of the lab environment to achieve the required
flexibility, robustness and adaptability for diverse experimental
workflows. This enables full control over timing, motions and
the overall process, allowing experiments to be conducted
in reliable and repeatable conditions with continuous data-
capture. Compared to manual methods, this approach improves
accuracy and repeatability. For the discovery of optimal food
formulations, the robotic system is coupled with single and
multi-objective optimization methods, creating a closed-loop
optimization framework to balance competing objectives, such
as cost and processing duration.

The developed robotic system (Figure 1) utilizes a 6 degree
of freedom (DoF) robotic arm, a custom gripper, temperature-
controlled cup and automated laboratory infrastructure. It is
capable of dosing and combining ingredients, performing
processing tasks (mixing and temperature control) and col-
lecting data (viscosity, pH and imaging data). By integrating
robotic automation with Bayesian Optimization and Thomp-
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Fig. 2. (a) Layout of the robotic setup. (b) pH probe and the equipment used for dispensing of ingredients including the linear actuator with load-cell based
scales. (c) High shear mixer used for the food system processing, viscometer used for viscosity measurements alongside the temperature probes and photo
setup used for food system appearance capture. (d) The heated cup with externally attached heating pad with integrated temperature sensor and silicone

thermal insulation. (e) The gripper used for the heated cup manipulation.

son Sampling, the robotic system enables discovery of new
formulations that balance multiple objectives, such as cost,
sensory experience, processability and nutrition. We demon-
strate the applicability of these simple optimization methods
for food science applications, highlighting their ability to
optimize complex food interactions that cannot be mathemati-
cally expressed. By reusing data across optimization methods,
we reduced experimental requirements, identifying optimal
formulations and building predictive viscosity models with as
few as 30 experiments for a given dry matter concentration. By
developing the first (to our knowledge) fully automated food
optimization robotic system, we demonstrate the potential of
combining robotics with active learning for the development
of plant-based and other novel food products.

In the rest of the paper, we first introduce the analyzed plant-
based food system and its experimental process, and provide
details on the robotic system and the applied formulation
optimization techniques. We then benchmark the efficiency,
throughput and precision of the robotic system against human-
driven experimentation. Furthermore, we demonstrate the sys-
tem’s ability to minimize and predict viscosity, as well as to
identify optimal food formulations by balancing competing
objectives. We conclude by discussing the applicability of the
robotic system to diverse food products and outlining future
directions for both automation and recipe optimization.

II. METHODS

The specific food science problem we address is the viscos-
ity optimization of a concentrated liquid food system prepared
with plant-based ingredients. This proof-of-concept food sys-
tem is composed of flour, protein, enzyme, salt and water,
and is prepared using mixing and heating processes. During
processing, the enzyme hydrolyzes the starch in the flour under

the influence of heat and mixing, reducing the food system’s
viscosity. The resulting liquid food system serves as the foun-
dation of many final products. The diverse range of possible
ingredients and processing steps creates a vast design space
in terms of formulations and processes, making final product
properties difficult to predict. Additionally, optimization must
account for numerous (and often competing) requirements
and constraints, including processability, nutritional value, and
cost. In our case-study, the primary objective is to mini-
mize the viscosity, which affects processability and mouth-
feel, while also reducing the use of costly ingredients. The
robotic system has been developed to automate preparation
and analysis, enhancing repeatability, reliability and accuracy
of experiments. By coupling the robotic system with single
and multi-objective optimization methods, we can discover
optimized formulations, identify tradeoffs between competing
objectives and build predictive models.

A. The Liquid Plant-Based Model Food System

The explored proof-of-concept concentrated liquid food
system is formed by combining plant-based flour, protein,
salt, enzyme and water. The mixture is heated to 65-75°C
to activate the enzyme, while continuous high-shear mixing
enables the enzyme to perform the hydrolysis of starch into
sugars, reducing the viscosity of the food system [31]. pH
regulation is performed using salt, keeping it within acceptable
range. This process represents an initial development phase of
the food product, prior to scaling to factory-level production.

The analyzed food system recipe is defined by ingredient
and process parameters given in Table I. The bounds of the F/P
Ratio are determined by protein levels (12-24%), balancing
nutritional value and cost-effectiveness, while mixing time and
temperature are selected based on enzyme properties. The dry



Parameters Range
Flour/Protein (F/P) Ratio 3-7
Enzyme 0.05-0.15%
Mixing Time 9-24 min.
Temperature 65-75 °C
Dry Matter (DM) 25-35%

TABLE I
THE INGREDIENT AND PROCESS PARAMETERS USED TO PARAMETRIZE
THE ANALYZED PLANT-BASED MODEL FOOD SYSTEM

matter (DM) parameter, representing the ratio of solid to wet
ingredients in the mix, is calculated using Equation 1. For the
analyzed beverage, a DM range of 25-35% is relevant, with
two specific ratios, 27% and 30% being explored. These broad
parameter limits were intentionally chosen to extend beyond
typical ranges, enabling the discovery of novel formulations.

Total food system weight — Water weight

Dry matter (%) = ey

Total food system weight

B. Robotic Automation & Data Capture

The robotic setup exploits both robotic manipulation and
automation of the lab equipment to enable flexible automation
of all processes. The setup shown on Figure 1 uses a 6 degree
of freedom robot arm (URS) with a custom gripper, high
shear mixer (DynamiX 160), rotational viscometer (Brookfield
DV-II+ Pro LV), pH probe (DFRobot Meter Pro Kit V2),
custom dispensing system and a heated cup. The 6 DoF
robotic arm was chosen primarily for its compact footprint and
ability to perform versatile motions, making the robotic system
highly adaptable to changes in the experimental process or
equipment layouts. Temperature monitoring is performed by
three DS18B20 probes positioned at the mixer head, pH probe
and attached to a cup during viscosity measurement. The
robotic setup is designed for human-robot collaboration, allow-
ing task switching between humans and robots for improved
throughput. The robotic system is controlled by a centralized
Python-based controller hosted on a PC, with the experimental
process fully pre-programmed. This controller manages and
synchronizes all equipment, including the robotic arm, which
employs inverse kinematics to execute pre-set, parametrized
paths. Optimization methods interact with the controller to
exclusively exchange formulation parameters. Human interac-
tion with the system is minimal and limited to the viscometer,
which is operated manually due to compatibility constraints.

The gripper shown on Figure 2 e) has a DC motor linked to
a rack-and-pinion mechanism to enable finger motion. Motor
current feedback is used to detect when an object is held, while
a linear potentiometer provides position control. The fingers
are padded with sponge and silicone to enhance gripping
performance. Mounted on the robot arm, the gripper is used
to grasp and move the heated cup around the workspace.

The custom heated cup shown on Figure 2 d) is a 0.7-
liter stainless steel container with an externally mounted 150
W heating pad featuring an integrated temperature sensor. To
minimize heat loss and ensure safe, damage-free robotic han-
dling, the cup is insulated with a silicone sheet. Temperature
is regulated using a bang-bang controller.

The dispensing system shown on Figure 2 b), enables
precise dosing of both dry and liquid ingredients. During the
dispensing process, the heated cup is placed on a custom load-
cell-based scales, moved by a one-meter-long lead screw linear
actuator. By integrating real-time weight measurements with
dispenser control, the system achieves closed-loop feedback
control for precise ingredient dosing. Water is first dispensed
in bulk using a heated liquid dispenser equipped with a
tap, automated using a servo motor for opening and closing.
Precise dosing of water, enzyme and saline solution (for
salt) is achieved using three custom syringe pumps driven by
stepper motors. Water and saline solution are dispensed using
a 150 ml syringe with +0.5ml precision, while enzyme is
dispensed using a 1 ml syringe. Powder ingredients, such as
flour and protein, are dispensed using two automated powder
dispensers which use a servo motor to pull a string to open or
close the dispenser outlet. To prevent clogging, powders are
continuously stirred during dispensing.

A calibrated rotational viscometer shown in Figure 2 c), is
used for viscosity measurements. Equipped with RV6 spindle,
it covers the full viscosity range of the analyzed food system,
with measurements falling within 15-45% torque and a tol-
erance of +1% at 20 RPM [32]. The viscometer is operated
using Brookfield Rheocalc32 software.

C. Experimental Process

The experimental process, shown on Figure 3, begins with
the robot picking up the heated cup and placing it on a
custom scale mounted on a linear guide. The heated cup’s
temperature controller is activated at the start of the experiment
and remains active through the process. The linear guide
moves the cup between dispensers, starting with the hot liquid
dispenser for bulk water dosing. This step targets a weight
30 g below the total water amount due to the dispenser’s
lower precision. The remaining water is then accurately dosed
using a syringe pump. Following water dispensing, the heated
cup is moved to the enzyme syringe pump for dosing. Once
complete, the linear guide moves the cup to the robot pickup
position. The robot arm then transfers the cup to the mixer,
where the enzyme and water are mixed for 10 s at 3000 RPM,
ensuring enzyme dispersion and uniform enzymatic reaction.

In the next stage, flour and protein are added incrementally
to ensure thorough incorporation. The process begins with the
robot placing the cup on the linear guide, which moves it
to the corresponding dispensers. After dispensing, the robot
moves the cup to the mixer for ingredient incorporation. Flour
is added in three stages, each followed by mixing at 3000
RPM for 10 s, then protein is dispensed in two stages, each
followed by mixing at 5000 RPM for 45 s. Salt is added as
a saline solution with a 25% salt-to-water weight ratio using
a syringe pump. To minimize foaming during the ingredient
incorporation process, the robot arm moves the cup around the
mixer head at 0.24 m/s in a clockwise direction.

Following the ingredient incorporation process, the liquid
food system undergoes extensive mixing for an additional 9-24
minutes. During this time, the robot arm continuously moves
the cup around the mixer head at a speed of 0.08 m/s in
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Fig. 3. Illustration of the experimental laboratory process used for optimizing liquid plant-based food systems. The controllable input parameters consisting
of two ingredient and two process parameters, influence the measured metrics, primarily viscosity. Each experiment lasts between 35-50 minutes, followed

by cleaning, with the duration largely dependent on the mixing time.

a clockwise direction. The mixing begins at 5000 RPM for
the first 9 minutes, after which the mixer speed is reduced
to 3000 RPM due to a decrease in the viscosity of the food
system. After mixing, the robot transfers the heated cup to
the viscometer, where viscosity is measured according to a
predefined procedure. Viscosity measurements are taken at the
center of the liquid every 15 s for a total duration of 150 s
at a spindle speed of 20 RPM. Next, the cup is moved to
the pH probe for a 60 s pH measurement at the center of
the liquid. An initial waiting period of 15 s is included to
minimize temperature disparity between the pH probe and
the liquid food system. In the final step, the heated cup
is transferred to a camera, which captures an image of the
sample. Upon completion of all experimental steps, the cup
is released at a predefined location, requiring manual cleaning
of the equipment to prepare for the next experiment.

Temperature control is performed using a bang-bang con-
troller, which maintains the temperature within £ 0.5 °C of
the setpoint, and compensates for the 1-2 °C rise caused
by the mixing process. However, during viscosity and pH
measurements, when the liquid is stationary, a temperature
difference of 3-5 °C develops between the center and the edge
of the liquid due to heat transfer from the cup’s sides. This
temperature disparity cannot be corrected by the temperature
controller alone and requires additional stirring to achieve
uniformity. In the experimental process, however, no additional
stirring was performed during viscosity and pH measurements
to avoid further enzymatic reaction.

Although the entire experimental process is automated, it is
often quicker and more convenient to manually weigh and
dispense the ingredients, as this process step tends to be
slow. However, the enzyme must always be dosed robotically
to ensure high accuracy, as it has a significant impact on
viscosity. Powdered ingredients are dispensed in multiple steps
due to their lower density compared to water, which creates a
surface powder layer that hinders ingredient incorporation.

Compared to fully manual experimentation, the robotic

system follows the same process steps but performs them
sequentially. In the manual approach, many tasks can be done
in parallel, such as combining ingredient incorporation with
mixing or conducting pH and viscosity measurements simulta-
neously using separate vessels. Equipment layout also differs,
as in the robotic system all equipment is centralized, while in
the manual approach it is often dispersed across different labs,
impacting measurement conditions and experiment duration.

D. Bayesian Optimization

Bayesian optimization is used to identify formulations with
the lowest viscosity in the analyzed food system, prepared
using a predefined experimental process. Bayesian Optimiza-
tion combines active learning with surrogate model creation
to iteratively sample the design space, aiming to minimize
the objective function while maximizing the certainty of the
surrogate model [33]. The surrogate model is based on Gaus-
sian Processes, which estimate both the mean and uncertainty
at any point in the design space. This enables Bayesian
optimization to iteratively explore the design space, focusing
on areas with high potential reward and a strong likelihood
of identifying an optimal solution. The next sampling point
is determined using the ‘Expected Improvement’ acquisition
function, which offers a balanced approach between improving
the model and identifying high-performing recipes [33].

Bayesian optimization is particularly well suited for prob-
lems involving costly experiments like ours, as it can identify
effective solutions with relatively few observations by relying
on surrogate models rather than requiring an explicit functional
form for the objective function [33]. Unlike other optimization
methods such as Genetic Algorithms or Simulated Annealing,
it also quantifies uncertainty, enabling interpretation of the
surrogate model in the context of its accuracy [34]. Addi-
tionally, Bayesian Optimization is highly sample-efficient for
expensive evaluations [35], requiring only a minimal initial
dataset and effectively balancing exploration and exploitation,
making it especially appropriate for our application. Bayesian
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Optimization was implemented using the MATLAB Statistics
and Machine Learning Toolbox. The algorithm takes variables
and their bounds as an input, along with data from seed
experiments which were in our case defined using a random
search. Given the large design space and time required to
perform the experiment, exploration-exploitation ratio was set
to 0.25 favoring early exploitation. The objective function, as
shown in the equation below, aims to minimize viscosity as a
function of formulation parameters Py, Py, ..., Py:

minimize Viscosity(P1, P2, ..., Py)

Ibi <P;<ub;,i=1,...,n (2)

where [b; and ub; represent lower and upper bounds for
the formulation parameters P;, with n being the maximum
number of such parameters. Stopping criteria is outlined in
the equation below:

'Il’%il’l Viscosity; (P)
1—J—1

>095 or i<15 (3)

min Viscosity; (P)
1—-i

where min Viscosity,(P) represents the lowest overall mea-

1—i
sured viscosity and rr;m Viscosity, (P) represents the lowest
i
viscosity in the last five experiments. Optimization stops when
the viscosity improvement over the last five experiments is
below 5% of the global minimum, or when a total of 15

experiments have been completed.

E. Gaussian Process Surrogate Model

The surrogate model built as a part of the Bayesian Op-
timization process can be utilized to make predictions for
untested formulations [36]. By querying the model, an esti-
mation of the objective function (i.e. the viscosity) and the
corresponding uncertainty can be obtained. The accuracy and
certainty of the model relies on the distribution and number
of data points used for model construction.

FE. Multi-Objective Pareto Front Optimization

The Bayesian Optimization and food system surrogate
model offer a good starting point for minimizing viscosity and
understanding the design space. However, they are limited in

their ability to optimize multiple competing objectives. Multi-
objective optimization addresses this challenge by balancing
competing objectives and focusing on the set of most optimal
solutions, a concept known as the Pareto Front [37]. To
construct the Pareto Front for expensive black-box functions
such as viscosity optimization, surrogate-based multi-objective
optimization algorithms are often used [38], [39]. These algo-
rithms fit cost-effective surrogate models to a limited number
of samples of the expensive objective [40], achieving high
sample efficiency without requiring the objective to have an
explicit functional form.

For viscosity optimization, the Thompson sampling efficient
multi-objective optimization (TSEMO) algorithm has been
applied [41]. It uses seed data to train the Gaussian Process
models for each objective. The resulting objective function
shown in the equation below, aims to minimize both viscosity
and P., the parameter with highest cost impact:

minimize Viscosity (P), P,
P=(P,Ps,...,P,),P.€P
Ib; < P;<ub;,i=1,...,n

where P = (Py, P, ..., P,) represents the set of formulation
parameters, where [b; and ub; denote the lower and upper
bounds for each parameter P;. The value n represents the total
number of formulation parameters.

These Gaussian Process models are sampled using spectral
sampling to construct individual functions, which are used
in conjunction with the NSGA-II algorithm to construct the
Pareto Front. Additionally, Thompson Sampling is used to
identify the next sampling point, using hypervolume criterion
to assess both convergence and diversity metrics [42]. The
proposed sampling point is selected based on the highest
hypervolume value. By providing the viscosity at the proposed
location in the design space, the Pareto Front is updated, and
a new sampling point is suggested using Thompson Sampling
and hypervolume criteria. This iterative process continues until
either no further improvement is observed or experimentation
capacity is reached. The viscosity of each formulation pro-
posed by TSEMO can be determined either experimentally or
by using the surrogate model constructed during the Bayesian
Optimization. Constructed Pareto Fronts can be compared by
calculating the area under the front using Trapezoidal rule [43].
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Fig. 5. (a) The minimization of viscosity using the Bayesian optimization algorithm by varying 4 input parameters for the dry matter DM=27% and (b)
DM=30% food systems. (c) The estimation of viscosity and its uncertainty using the surrogate model based on Gaussian Process models, including a comparison
of estimated and measured viscosities and the evaluation of error based on the amount of training data for the DM=27% and (d) DM=30%.

III. EXPERIMENTAL RESULTS
A. Robotic Automation

Automating the formulation and assessment of the model
food system enables the exploration of how mixing motion
affects the preparation process and supports identification
of optimal motion patterns and speeds. This is particularly
important, as inadequate mixing motion or poor ingredient
incorporation can result in foaming and incomplete mixing.

To investigate the effect of robot motion on foaming and
ingredient incorporation during the mixing phase, various
speeds and motion patterns (Supplementary Figure 1) were
tested on identical recipes. When examining foam height (Fig-
ure 4 a), significant foaming was observed in the absence of
cup motion during mixing. However, as the arm motion speed
increased (0.01, 0.08 and 0.50 m/s), foaming was significantly
reduced and remained approximately constant. The impact
of robot speed and motion on ingredient incorporation was

also evaluated. Poor ingredient incorporation was observed
at robot speeds of 0.01, 0.08 and 0.50 m/s, while the best
incorporation occurred at 0.24 m/s, as shown on Figure 4 b). At
low speeds, powder ingredients lacked sufficient velocity for
effective incorporation, while at the highest speeds, incorpora-
tion time became the limiting factor. These findings highlight
the sensitivity of the food system to small process variations
and illustrate why robotic control is highly advantageous.

To compare measurement precision between humans and
robots, pH and viscosity were measured in a stable beverage
prepared from a water-powdered milk mix at room temper-
ature. For five repeated measurements, humans and robotic
system exhibited identical precision in pH measurements as
shown on Figure 4 c). However, the robotic system demon-
strated higher precision in viscosity measurements with a
1.9% deviation compared to 4.3% for a human while showing
identical accuracy, as shown on Figure 4 d).
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Fig. 6. (a) The model of the analyzed plant-based food system over the discretized design space, built using Gaussian Process models and trained on all the
available experimental data for DM=27%. (b) The corresponding standard deviation model for DM=27%.

Considering efficiency, a comparison of human and robotic
approaches, as seen in Table II shows that, although the fully
robotic approach is 15% slower than a fully manual one, it
reduces human intervention by over 85% and saves an average
of 30 minutes of researcher time per experiment. Limited
human involvement remains necessary, primarily for cleaning
tasks that are difficult to automate. By leveraging both humans
and robots, and manually handling the slow, multi-step ingre-
dient incorporation process, the hybrid approach achieves the
highest throughput, completing up to 12 experiments within
an 8-hour day, with much of the process running unattended.

B. Single Objective Optimization: Minimizing Viscosity for
Processability

Minimizing the viscosity of liquid food systems is essential
for enhancing processability, taste and mouthfeel. To achieve
this, we use single-objective Bayesian Optimization to identify
the optimal formulation, parametrized by four factors: flour-to-
protein ratio (F/P ratio), enzyme content, mixing time and pro-
cessing temperature. The analyzed model food system was op-
timized at two dry matter (DM) concentrations, 27% and 30%.
This approach was used to demonstrate broad applicability of
Bayesian optimization across a range of viscosities [44], [45].

An initial set of seed experiments was conducted, followed
by optimization until convergence. Upper and lower bounds
(Table 1) were defined for each optimizable parameter to

ensure they remained within the robot’s operational limits.
These bounds were intentionally kept broad to minimize
bias and enable exploration of unconventional or unexpected
formulations. The results of the Bayesian Optimization process
are shown in Figure 5, highlighting the evolution of viscosity
and recipe parameters for two different DM concentrations.

For the DM=27% food system (Figure 5 a), viscosity
gradually decreases with each iteration, reaching a point of
minimal further improvement around the 20" experiment. All
parameters except temperature begin to converge by the 18%
experiment, resulting in one of the lowest measured viscosities.
Exploration focuses primarily on the upper regions of the F/P
ratio, enzyme and mixing time, while temperature is more
broadly explored. This suggests that temperature has the least
impact on viscosity, whereas the other parameters play a more
significant role. Building on the results from the DM=27%
food system, which showed that the upper range of each
process parameter yielded lower viscosity, the design space
for the DM=30% food system was restricted to the upper half
of the range for all parameters except temperature (Figure 5 b).
For this food system, viscosity begins to decrease decisively
from the 12" experiment onwards, with subsequent iterations
achieving progressively lower viscosity and plateauing towards
20" experiment. The enzyme and mixing time converge
rapidly by the 12th experiment, while the F/P ratio continues
to be explored, and temperature remains in the higher range.

Metrics Manual Exp. Hybrid Exp.  Robotic Exp.
Total Experiment Duration (min.) 39 47
Automated Tasks 1/6 4/6 5/6
Manual Interventions 50+ 15-20 5-10
Researcher Hands-On Time 100% (41 min.) 30% (11 min.) 13% (6 min.)
Throughput (exp./8h) 11.7 12.3 10.2
TABLE II

COMPARISON OF EXPERIMENTAL EFFICIENCY METRICS ACROSS MANUAL, HYBRID AND ROBOTIC APPROACHES
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The lowest viscosity formulation, identified as F1 in Ta-
ble III, was achieved at the maximum values for all parameters
except temperature for the DM=27% food system. However,
for the DM=30% food system, the lowest viscosity was
reached at the maximum values for all parameters, suggesting
the need for additional exploration in the high temperature
range for the DM=27% food system. The viscosity observed
for the DM=30% is higher than that of the DM=27% food
system. For both systems, enzyme content and mixing time
have the most significant impact on reducing viscosity, as
demonstrated by their rapid convergence. The F/P ratio also
has a measurable impact on viscosity, with recipes containing
more flour and less protein (high F/P) exhibiting lower vis-
cosity. Furthermore, the interaction between temperature and
enzyme was unexpected, as no slowdown in enzymatic activity
was observed with increase in temperature.

C. Model-Based Predictions of Viscosity

The data from Bayesian Optimization experiments is used
to create a surrogate model based on Gaussian Processes. This
model enables the estimation of viscosity for untested recipes,
offering a valuable tool for food scientists. The surrogate
model for the DM=27% food system, shown in Figure 5 c), is
constructed using Bayesian optimization data (23 data points)
and Pareto Front data (9 data points) from a separate experi-
ment described later in the paper. In contrast, the surrogate
model for DM=30% food system, shown in Figure 5 d),
is created solely from Bayesian Optimization data (20 data
points). To evaluate the surrogate model, three test points were
selected, representing untested parameter combinations from

well-explored, semi-explored and unexplored regions of the
design space. Ground truth data for model evaluation was
obtained by conducting experiments at these exact parameter
combinations. The accuracy of these models is assessed based
on the amount of training data used for their construction.
The surrogate model for the DM=27% food system, built
from a larger dataset, is more accurate, with measured vis-
cosity largely falling within the model’s uncertainty. Both
error and model uncertainty are significantly lower in well-
explored areas, with an absolute error as low as 6%, but
increasing to 12% in unexplored regions. The error analysis
indicates that the first 20 data points contribute the most to
reducing model error. For the DM=30% food system, the
model is constructed from fewer data points, resulting in a
higher overall error. In well explored areas, the error is as low
as 9% and remains close to the model’s uncertainty, whereas
in unexplored regions, it increases to 28%. Importantly, the
model demonstrates that the error continues to decrease
with additional data, suggesting that acquiring more data
would further enhance accuracy. In both cases, data gathered
from Bayesian Optimization enables viscosity predictions with
higher accuracy in low-viscosity regions while also supporting
meaningful analysis in areas with higher model uncertainty.

D. Visualization of the Surrogate model

Visualization of the surrogate model provides a more com-
prehensive understanding of the design space. To visualize the
analyzed food system, viscosity and standard deviation have
been estimated from the surrogate model across a discretized
design space of 25 points for the range of each parameter

Exp. Description F/P Ratio Enzyme (%) Mix. Time (min.) Temp °C Viscosity (mPas) Exp. Source

F1 - Lowest viscosity 5.78 0.150 23.55 69.5 707.7 Bayes. Opt.

F2 - Best tradeoff 6.96 0.111 2391 72.9 773.3 Bayes. Opt.

F3 - High protein 3.05 0.150 23.76 67.8 808.7 Bayes. Opt.

F4 - Lowest processing cost 6.08 0.150 12.62 67.0 965.4 Bayes. Opt.

F5 - Lowest overall cost 5.78 0.055 21.84 74.9 1345.7 Pareto Front

F6 - Median viscosity 6.44 0.099 239 76.2 979.5 Bayes. Opt.
TABLE III

THE OPTIMAL FORMULATIONS OF THE ANALYZED DM=27% FOOD SYSTEM
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Fig. 8. Viscosity visualization of optimal formulations shown in Table III, derived from over 30 experiments conducted to optimize the DM=27% food system.

(Figure 6). By visualizing the design space for the DM=27%
food system as a function of enzyme content and mixing time,
the two most dominant parameters, it is observed that viscosity
decreases with an increase in F/P ratio. The lowest viscosity
is achieved in regions of highest enzyme and mixing time,
while the highest viscosity is observed on the opposite side of
the design space. Additionally, the food system model reveals
the relationship between mixing time and enzyme content,
indicating that the area of highest enzyme content and shortest
mixing time has lower viscosity than the opposite region of
the design space. This suggests that the enzyme content is the
most dominant parameter in the experiment. The certainty of
the developed models is illustrated by standard deviation plot
(Figure 6 b) which indicates the highest model accuracy in
regions with highest enzyme and mixing time.

E. Pareto-Optimal Solutions

While single-objective optimization offers valuable insights
into minimizing viscosity, practical food system design must
consider multiple, often competing objectives. In this context,
enzyme content serves as an important control parameter, as
minimizing enzyme levels has the greatest impact on overall
process costs in our model food system. Multi-objective opti-
mization enables balancing of competing goals, minimizing
viscosity and enzyme concentration by identifying Pareto-
optimal solutions and constructing the Pareto Front, a frontier
beyond which no further improvements are possible [37].

Starting from the existing data for the DM=27% food
system (26 data points), a Pareto Front is constructed as seen
in Figure 7 a), however, it lacks experimental data beyond a
viscosity of 950 mPas. To address this, the TSEMO algorithm
is applied, employing Thompson sampling to identify the next
sampling point by balancing maximizing information gain
and expanding the feasible region of the Pareto Front [41].
The TSEMO Pareto Front, driven by a surrogate model from
single-objective optimization (Figure 7 b), reduces the space
of unfeasible solutions by only 3.6% compared to the Pareto
Front constructed from the seed data (Figure 7 a). In contrast,
experimentally driven TSEMO Pareto Front (Figure 7 c)
achieves a 15.5% reduction, highlighting the limitations of
surrogate model due to insufficient training data. Compar-
ing all three Pareto Fronts (Figure 7 d) reveals significant
improvements in discovered recipe formulations within the
region sampled by TSEMO, suggesting further improvements
with an increased number of experiments. Focusing on the
experimental Pareto Front (Figure 7 c), a reduction in enzyme
content from 0.15% to 0.11% corresponds to a 25% decrease
in enzyme levels with only an 10% increase in viscosity. Fur-

thermore, reducing the enzyme level to 0.066% leads to a 48%
increase in the viscosity. However, decreasing enzyme content
below 0.06%, causes a rapid rise in viscosity, signifying a
region to be avoided.

F. Discovered Food Formulations

Leveraging over 30 experiments conducted to optimize
DM=27% food system, we identified a range of food for-
mulations which seek to address specific objectives, as seen
in Table III. Formulation F1 achieves the lowest viscosity
but comes with the maximum enzyme content and extended
mixing time. In contrast, formulation F2 with a modest 10%
increase in viscosity, offers the best trade-off between viscosity
and affordability, achieving the lowest cost in terms of flour-
to-protein ratio while maintaining moderate enzyme levels.
However, processing expenses remain high due to elevated
temperature and long mixing time. Formulation F3 prioritizes
nutrition, delivering the highest protein content with a 15%
higher viscosity along with high ingredient and processing
cost. A comparison between formulations F4 (lowest process-
ing cost) and F5 (lowest overall cost), reveals that reducing
enzyme content significantly increases viscosity, making this
trade-off suboptimal. When compared to a median-viscosity
of the baseline formulation (F6), as illustrated on Figure 8, all
optimized formulations, except F5, perform better, highlight-
ing the effectiveness of the employed optimization methods.
Furthermore, the diversity and performance of the optimal
formulations underscore the effectiveness of our combined
robotic and recipe optimization approach, demonstrating its
high throughput, accuracy, and ability to identify both specific
and optimal food formulations.

IV. DISCUSSIONS & CONCLUSIONS

We have introduced the first robotic system for discovery
of optimized formulations and processing conditions of plant-
based food systems. The proposed robotic system is capable of
dosing ingredients, processing the food system through mixing
and heating, and measuring viscosity, pH, as well as capturing
appearance using a camera. Our observations indicate that
distinct motion speeds of the heated cup around the mixer
head are necessary, one to enhance ingredient incorporation
and the other to minimize the effects of foaming during
extensive mixing. By applying the Bayesian Optimization
algorithm for viscosity minimization, we demonstrate that the
lowest viscosity is achieved at the highest values of input
parameters, including F/P ratio, Enzyme content, Mixing Time
and Temperature. Furthermore, a surrogate model based on
Gaussian Processes and trained on experimental data was used



to estimate the viscosity for unknown parameter combina-
tions, achieving a prediction error of 6% in well-explored
areas of the design space. Leveraging the capabilities of the
surrogate model across the parameterized design space, we
visualize the food system model to gain further insights into
the relationship between the parameters, identifying enzyme
content as the most dominant formulation parameter. We
conclude our findings by constructing the Enzyme-Viscosity
Pareto Front, demonstrating a set of optimal solutions for the
most dominant input parameter. The experimentally driven
Pareto Front reduces the area of unfeasible solutions by 15.5%
compared to the seed data and surrogate model-driven Pareto
Fronts, which exhibit similar performance. From an efficiency
perspective, robotic experimentation reduced human effort by
85%, while the hybrid human-robot approach achieved the
highest throughput, completing 12 experiments in 8 hours.
By coupling robotic automation with active learning meth-
ods, we provide an alternative to the largely manual approach
used in food science laboratories. Through the application of
robotic automation to food processing, we can achieve higher
experiment throughput while improving accuracy and preci-
sion through precise parameter control, consistent motions
and timing. The ability to rapidly explore novel formulations
and processes can enable the discovery of new food systems
optimized for various objectives. Our novel approach can
now be extended to include additional processing steps, for
example, high pressure homogenization, oil addition or dilu-
tion [46], [47]. These additional processing steps would enable
us to also analyze stability (phase separation) of the food
system. This would expand the number of possible ingredients
and process parameters, providing a wider design space in
which we can discover the most affordable, nutritious and
stable formulations. To support this modified experimental
process, we would also explore scaling up the existing system
using industrial Cartesian automation systems. By bench-
marking 6-DoF robotic arm, industrial systems and hybrid
approaches, our goal is to identify the optimal automation
strategy for specific tasks and overall experimental process.
The integrated robotic and machine learning approach can
be extended to other food systems featuring diverse ingredi-
ents, processing methods and objectives. However, substantial
modifications to the existing hardware, software and data-
processing pipelines may be required to accommodate dif-
ferences in preparation process, ingredient interactions and
the physical properties of various food matrices. The current
robotic system is well-suited for investigating effects of minor
formulation changes, such as introducing new ingredients or
adjusting process parameters. Optimization of food systems
involving such minor changes could be accelerated using trans-
fer learning methodologies, allowing past experimental data
to be reused to identify optimal formulations with a minimal
number of additional trials. Similar strategies could help man-
age variability in ingredient quality across different batches, a
challenge inherent to agriculture and food production that can
lead up to a 30% difference in measured viscosity. Enhancing
predictive models with a few targeted experiments could help
account for batch-to-batch variability, ensuring consistent food
system quality with minimal formulation adjustments.
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