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Abstract

Global food systems must deliver nutritious and sustainable foods while sharply reducing environmental
impact. Yet, food innovation remains slow, empirical, and fragmented. Artificial intelligence (AI) now
offers a transformative path with the potential to link molecular composition to functional performance,
bridge chemical structure to sensory outcomes, and accelerate cross-disciplinary innovation across the
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entire production pipeline. Here we outline Al for Food as an emerging discipline that integrates ingredi-
ent design, formulation development, fermentation and production, texture analysis, sensory properties,
manufacturing, and recipe generation. Early successes demonstrate how AI can predict protein perfor-
mance, map molecules to flavor, and tailor consumer experiences. But significant challenges remain: lack of
standardization, scarce multimodal data, cultural and nutritional diversity, and low consumer confidence.
We propose three priorities to unlock the field: treating food as a programmable biomaterial, building
self-driving laboratories for automated discovery, and developing deep reasoning models that integrate
sustainability and human health. By embedding AI responsibly into the food innovation cycle, we can
accelerate the transition to sustainable protein systems and chart a predictive, design-driven science of

food for our own health and the health of our planet.
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Motivation

Food is one of humanity’s most consequential tech-
nologies for human health, planetary sustainability,
and cultural identity [1]; yet, research and develop-
ment for food remains slow, fragmented, and driven
by trial-and-error rather than rational design. Rad-
ical, urgent, and creative food solutions are needed
to combat the current climate crisis [2]. Strikingly,
the food sector contributes 35% of the global green
house emissions across farm land, livestock, and pro-
duction [3] and contributes heavily to biodiversity
loss and public health challenges [4]. To meet cli-
mate goals and feed a growing population, we need
alternative sources of protein that are delicious,
affordable, scalable, and nutritionally compelling
[5]. Today, however, the scientific bottlenecks in tex-
ture, flavor, scalability, and cost pose barriers to
adoption [6]. Artificial intelligence (AI) has trans-
formed the scientific landscape, entirely reshaping
domains from protein design and drug discovery
to materials engineering [7]. Al is now poised to
revitalize how we grow and make food — from
optimizing plant-based meat formulations to trans-
forming menus with climate-conscious recipes [8].
Enabling protein diversification will have profound
implications, and Al can substantially accelerate
scientific progress if applied responsibly and towards
the correct challenges [9]. But this acceleration is
not guaranteed. If deployed in a scattershot way,
AT risks generating low-quality outputs, increasing
environmental and resource burdens, or undermin-
ing consumer trust, aspects that are especially
sensitive in food [10]. The goal is not to deploy Al
indiscriminately. Instead, we need to partner with
AT where it measurably reduces time, cost, and
uncertainty for problems that matter [11]. Respon-
sible application—focused on the right challenges—is
essential. In this perspective, we identify areas
across the food innovation where we can construc-
tively engage with Al tools, we provide background

on the current state of the art, outline new oppor-
tunities, and discuss the challenges facing Al to
accelerate the future of food.

Historical Milestones in Al for Food. The intellec-
tual and technological trajectory that has shaped
to the emergence of AI for Food as a discipline
spans more than seven decades, weaving together
advances in artificial intelligence, food science, and
biotechnology. From the birth of symbolic Al in the
1950s [12] and the rise of machine learning and neu-
ral networks in the 1980s-90s [13], to the deep learn-
ing breakthroughs of the 2010s [14], and the advent
of generative models [15] and foundation models [16]
in the 2020s, Al has progressively expanded its abil-
ity to model, design, and predict complex systems.
In parallel, developments in genomics [17], computa-
tional chemistry [18], fermentation technologies and
personalized nutrition [19] created unprecedented
data resources and biological insights directly rel-
evant to food design. Their convergence has given
rise to a new field in which AI is now central to
ingredient discovery, recipe formulation, manufac-
turing optimization, and consumer personalization
[11]. Figure 1 summarizes this evolution and high-
lights twelve pivotal milestones that trace the path
from early Al to today’s emerging discipline of Al
for Food.

The Promise of Al for Food. Designing food mate-
rials poses unique challenges: its properties emerge
from multiscale interactions among proteins, car-
bohydrates, lipids, and their processing conditions
[20]. Yet, AT has moved food innovation from slow
trial-and-error to data-driven discovery. Figure 2
illustrates four successful Al-powered food cate-
gories ranging from meat and dairy alternatives
to snacks and condiments. Modern Al models now
link chemical composition to sensory outcomes,
enabling targeted formulation and rapid iteration.
Machine-learning frameworks have predicted con-
sumer appreciation directly from chemical-sensory
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Fig. 1 Historical milestones in Al for Food. Enabling discoveries in artificial intelligence (Al) for food include the birth of artificial
intelligence, the rise of machine learning (ML) and neural networks (NN), the era of the human genome project, and the time of big
data and cloud computing laid the foundation for Al for food. Since the beginning of the 21st century, developments in computational
chemistry, deep learning, generative models, and fermentation have inspired the use of these technologies for food innovation. The
current decade is witnessing the first use of artificial intelligence for personalized nutrition, the application of digital twins in food
manufacturing, and the use of foundation models and large language models (LLM) for food, which are collectively fueling the
emergence of Al for Food as its own scientific discipline.
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The Al-Powered Production Cycle. Our proposed
development model for plant-based, fermentation-
derived, or cultivated products follows an AI-
powered cycle that moves through ingredient
design, formulation development, fermentation and
production, texture analysis, sensory properties,
manufacturing, and recipe generation. Figure 3
illustrates this iterative cycle, in which each step

Fig. 2 The promise of Al for Food. Al is already transforming
food innovation. Representative Al-powered foods include meat
alternatives in pink: burgers, steaks, deli slices, and sausages;
dairy alternatives in blue: milk, cheese, ice cream, and yogurt;
baked goods and snacks in orange: cookies, bread, chips, and
protein bars; and condiments and ingredients in green: may-
onnaise, ketchup, soups, and salad dressings. Together, these
categories highlight Al's role in creating healthier, tastier, and
more sustainable foods.
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Fig. 3 The Al-powered production cycle. Seven key stages
where artificial intelligence can accelerate the time to market:
ingredient design, formulation development, fermentation and
production, texture analysis, sensory properties, manufacturing,
and recipe generation. The example of a plant-based burger
illustrates the tight integration of food science, biotechnology,
materials science, behavior science, and artificial intelligence to
guide the development of plant-based burgers from raw ingre-
dients to commercial products.

presents an opportunity for AI to link experimen-
tal data with human perception and create a faster
and more tightly connected development process.
Traditional trial-and-error methods cannot scale
to the complexity of modern food design, but Al
can unlock design principles that open entirely
new pathways for food innovation. By closing the
loop between biology, food science, engineering, and
consumer perception, this cycle enables continu-
ous refinement from raw ingredients to commercial
launch. In the following sections, we highlight how
state-of-the-art approaches, from generative models
to digital twins, can drive innovation across every
step of this process.

Al for Ingredients

Motivation. Novel food ingredients must balance
sustainability, nutrition, sensory appeal, and func-
tionality. Functionality refers to techno-functional
traits such as water-holding, emulsification, gela-
tion, viscosity, and stability, which shape processing
and final structure. Many novel ingredients are
designed to replicate animal-derived functionalities,
for example, foaming capacity in egg replacers, yet
achieving comparable performance remains a sig-
nificant challenge. Structure-function relationships,
well established in fields such as medical research,
link molecular architecture to activity. We propose
extending this concept to food innovation, whereby
the macromolecular features of proteins, lipids, and
fibers encode functionality of the ingredient as a
whole. Can Al bridge this scale gap by translating
molecular features and interactions into predictions

of techno-functional traits, enabling a functionality-
first design—build—test—learn cycle?

Background and State of the Art. The suc-
cess of animal-free ingredients depends heavily on
their functionality and the extent to which for-
mulation and consumer requirements can be met
[27-29]. These traits arise from molecular features,
e.g., sequence and conformation; from environmen-
tal factors, e.g., pH, ionic strength, and tempera-
ture; and from interactions with fats, fibers, and
solutes [28]. Proteins, lipids, and fibres provide
the core techno-functional properties, with pro-
teins offering the greatest versatility. Wheat gluten
and soy-based proteins currently dominate due to
their animal-like functionality. Gluten’s disulfide-
linked networks, for example, convert mesoscopic
structures into fibrous textures under extrusion
and shear [27]. To move beyond these staples,
attention is turning to legumes, oilseeds, grains,
algae, and leaves [30, 31]. In addition to input
sources, processing strongly influences functionality:
dry fractionation yields protein-enriched flours with
largely native structures, while wet fractionation
with isoelectric precipitation produces concentrates
and isolates that shape solubility, gelation, and
dispersibility [30, 32]. Lipids and fibers provide
complementary functionality. Oleosome emulsions
enhance interfacial stability [33], while fibres mod-
ulate viscosity, emulsions, and lubrication, offering
routes to mimic animal fat [34, 35]. However, the
inherent heterogeneity of plant-derived inputs com-
plicates predictable performance. To address this,
ingredients are often modified chemically, phys-
ically, or enzymatically. Increasingly, a shift is
underway toward functionality-enriched fractions
rather than purified isolates, aiming for more con-
sistent and cost-effective performance [28, 30, 31].
In parallel, bottom-up strategies such as colloid
design, tuning droplet size, interfacial layering, and
emulsion/foam-gel networks, enable direct control
of macroscale texture and stability [36].

Applications and Opportunities. Al and infor-
matics now enable functionality-driven ingredient
design by linking molecular and mesoscopic fea-
tures to macroscopic outcomes under real pro-
cessing constraints. Classification models support
ingredient discovery and repurposing; for exam-
ple, a quantitative structure—activity relationship
model identified glycyrrhizin as a natural emulsi-
fier, later validated experimentally [37]. Regression
models enable rapid quality control by predicting
pectin viscosity from simple parameters, lowering
costs and accelerating formulation adjustments [38].
Functionality coupled to sensory design is increas-
ingly supported by deep learning [39]. One study



optimized starch-based gels for saltiness percep-
tion and gel strength by integrating e-tongue data
with oral-processing measurements [40]. These gels
are already used to reduce fat and sodium in
animal-derived products and offer opportunities for
animal-free alternatives. Explainable AI adds inter-
pretability, for instance by showing how ionic con-
ditions shape sesame protein rheology and thereby
affect shear stress and viscosity [41]. Multi-objective
optimization frameworks now predict solubility, gel
strength, and emulsification capacity across diverse
crops, providing scalable strategies for formulation
[34]. Together, these advances enable closed-loop
design—build—test—learn cycles, an iterative pro-
cess of designing, constructing, testing, and refin-
ing ingredients. High-throughput screening, active
learning, and digital twins operationalize Al models,
while state-of-the-art methods combine latent-space
learning such as autoencoders, conditional gener-
ation, and constraint-aware optimization to target
multiple criteria and bridge lab-to-plate gaps.

Challenges and Open Questions. Ingredient design
still struggles with consistent performance across
diverse food matrices. Several major bottlenecks
remain: first, model transferability poses a major
challenge because Al models trained on specific
ingredients or conditions often fail to general-
ize across new food matrices. Second, nonlinear
system behavior complicates prediction, as multi-
component food systems exhibit emergent inter-
actions that require hybrid approaches combining
physics-informed machine learning with empirical
data. Third, texture and sensory preferences vary
across cultures and regions, which means Al mod-
els must be trained on culturally diverse datasets
to ensure consumer relevance. Fourth, interpretabil-
ity and scalability remain essential, since models
need to transparently link molecular features such
as sequence, charge, or hydrophobicity to techno-
functional performance. Resolving these challenges
requires open, collaborative tools for functionality-
first ingredient design, with the ultimate vision of
an Al-powered discovery ecosystem that predicts
techno-functional performance from molecular fea-
tures.

Al for Formulations

Motivation. Ingredient functionality sets the foun-
dation, but effective food design depends on how
those ingredients interact in complete systems; for-
mulation brings these components together. Meet-
ing the dual mandate of sustainability and sen-
sory fidelity in alternative proteins requires moving
beyond slow, trial-and-error formulation develop-
ment. Al offers a compelling approach to uncover

hidden patterns that connect ingredients, formu-
lations, production, texture, and sensory proper-
ties, and propose candidate formulations that are
predicted to meet nutritional, functional, or sen-
sorial targets [42-45]. Today, AI practitioners can
draw on a broad collection of public resources
including RecipelM+ [46], FlavorGraph [47], Fla-
vorDB [48], USDA FoodData Central, and FAO/IN-
FOODS, as well as domain-specific databases such
as Phenol-Explorer, LipidBank, and the Volatile
Compounds in Food database. Inputs for AT mod-
els include molecular descriptors, nutritional and
functional properties, recipe structures, and process
sequences; outputs are complete candidate formu-
lations aligned with target criteria. Figure 4 illus-
trates state-of-the-art methods that combine latent-
space learning through autoencoders with condi-
tional generation, constraint-aware optimization,
and expert-in-the-loop refinement. Given the diver-
sity of raw material information sources needed,
can Al capture the complex, non-linear interactions
between ingredients, processes, and perception—even
under sparse and noisy data—and unlock a new gen-
eration of food formulations?
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Fig. 4 Al for formulations. An iterative workflow to discover
new formulations encodes target profiles such as sensory prop-
erties, cost, and nutritional profiles; generates formulation sets
with deep learning; predicts properties and scores; and integrates
laboratory prototyping and sensory panels in continuous feed-
back loops.
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Background and State of the Art. Computa-
tional gastronomy has long shown that recipes
and flavor chemistry form structured networks that
can be mined for predictive patterns. The Fla-
vor Network formalized ingredient compatibility via
shared volatiles [49], while FlavorGraph integrated
one million recipes with ~1,500 flavor molecules
to generate graph embeddings for pairing predic-
tion and ingredient clustering [47]. These studies
demonstrated that high-dimensional, multimodal
food representations can capture the complexity of
culinary design. In alternative proteins, industrial



disclosures from NotCo patents [42-45] illustrate
hybrid generative optimization pipelines. These sys-
tems embed ingredients and recipes in latent spaces
using autoencoders and recurrent networks, condi-
tion sampling on feature vectors of target product
profiles, refine candidates with constraint solvers
such as sparse regression, and iteratively incor-
porate expert sensory feedback. This architecture
mirrors multimodal generative trends in other fields
and enables analogue discovery. It can identify non-
obvious ingredient substitutions while maintaining
process feasibility. Other companies, including Cli-
max Foods and Eat Just, deploy similar proprietary
approaches, while academic research continues to
build on RecipelM+ [46], FlavorGraph [47], and
FlavorDB [48]. Together, these efforts highlight a
state of the art that blends representation learning
with constraint-aware generation to accelerate for-
mulation discovery.

Applications and Opportunities. Generative Al
opens new opportunities across protein diversifica-
tion: It can help design plant-based cheeses that
melt and stretch by identifying plant proteins with
casein-like properties, since casein is the abundant
milk protein that gives animal cheeses their char-
acteristic structure and meltability. It can discover
novel ingredient blends to replicate meat textures
or pinpoint volatile combinations that evoke famil-
iar flavors. It can brainstorm ideas for improving
plant-based meat products in response to sensory
panel feedback, and can even match an expert food
scientist in predicting sensory panel rankings [98].
Large-scale virtual screenings allow researchers to
focus on a handful of promising prototypes rather
than having to rely on hundreds of trials, which
shortens the production cycle. In the near future,
these tools could tailor formulations to individual
nutritional needs or taste preferences and unlock the
full potential of personalized food design.

Challenges and Open Questions. Significant chal-
lenges remain before Al can transform formulation
discovery at scale. High-quality sensory datasets are
limited, constraining generalization across different
food types. Even with detailed chemical and nutri-
tional data, predicting human perception remains
an open problem. Modeling ingredient performance
under varying heat, shear, or storage conditions
is incomplete. Cost, supply chain, allergen control,
and clean-label requirements must be built into
models as hard constraints. Trust among regulators,
industry, and consumers will depend on transpar-
ent, auditable design processes. The near-term path
is hybrid, where Al proposes and humans refine,
toward transparent formulation platforms that inte-
grate constraints and predict performance at scale.

Al for Fermentation & Production

Motivation. While molecular and formulation-level
design establishes the building blocks of alternative
proteins, realizing their potential requires equally
sophisticated control at the cellular and microbial
scale. Fermentation is central to protein diversi-
fication and sustainable food production, yet its
success depends on tightly coupled factors such as
strain stability, metabolic fluxes, nutrient composi-
tion, and bioreactor dynamics including pH, oxygen,
and agitation. The integration of domain knowl-
edge with historical and real-time data through
Al-driven strategies holds the potential to over-
come technical bottlenecks in optimizing yields with
reduced resources. Still, fermentation today often
depends on trial and error because datasets across
microbial strain engineering, metabolic responses,
and upscaling are complex, fragmented, and diffi-
cult to integrate. Can Al fuse these diverse datasets
with mechanistic insight to enable predictive, scal-
able, and cost-effective fermentation and production
strategies for alternative proteins?

Yamd *—)

STRAIN SELECTION VIA
EXISTING Al/LLM MODELS

* Use existing Al/LLM
models to initiate search
for strain selection

MODELING AND
PROCESS OPTIMIZATION

« Develop customized
Al/LLM models trained
on historical and new

* Collect process data on
microbial strains and
fermentation runs

+ Input collected data into bioprocess data
customized Al/LLM « Create digital twin for
platforms fermentation processes

~G

PRODUCT PROFILING
AND CUSTOMIZATION

* Predict sensorial and
nutritional outcomes
using Al models

* Rapidly prototype
customized alternative
protein products

“——o «—

REAL TIME MONITORING
AND ADAPTIVE CONTROL

* Detect process
anomality in real time
using Al/LLM models

* Forecast fermentation
trajectory and adjust
process parameters

« Enhance digital twin
using collected datain a
scaled-up system

* Predict fermentation
performance to
minimize batch failure

Fig. 5 Al for fermentation and production. Artificial intelli-
gence and large language models can accelerate the fermenta-
tion and production cycle during microbial strain selection; data
collection; process optimization; real time monitoring and adap-
tive control; upscaling of prediction and simulation; and product
profiling and customization.

Background and State of the Art. Optimizing fer-
mentation production requires a deep understand-
ing of bioprocesses to maximize yield and efficiency
while maintaining homogeneity, sterility, and scal-
ability. Kinetic bioprocess models remain widely



used but are constrained by steady-state assump-
tions, and metabolic flux models for engineered
strains often face computational bottlenecks. Exper-
imental optimization through orthogonal design [50]
and response surface methodology [51] remains the
industry standard, while multiscale feature engi-
neering is still limited [52]. Machine learning is valu-
able for modeling nonlinear fermentation dynam-
ics [53] and monitoring anaerobic digestion [54],
but shallow models lack predictive power. Inline
monitoring tools such as biosensors or in situ
microscopy remain expensive and difficult to scale
[56], and advanced control strategies rarely tran-
sition into industrial practice [55]. AI applications
to sustainable protein fermentation—including strain
engineering, process optimization, and real-time
monitoring—are emerging [57], and reinforcement
learning has been explored for co-culture optimiza-
tion [58]. However, large-scale adoption of AI, and
especially LLMs, remains limited.

Applications and Opportunities. Al can shift fer-
mentation and production from reactive optimiza-
tion to predictive management, with customized
strains and self-optimizing processes. Machine
learning models can optimize strain design, nutri-
ent feeds, and bioreactor control, and deep learn-
ing approaches can capture non-linear interactions
better than traditional regression [59]. Automa-
tion and Al-enhanced imaging [60], soft sensors
[61], and spectroscopy [57] can improve moni-
toring and adaptive control. Algorithms such as
support vector machines [62] and fuzzy inference
systems [63] support robust predictions, while evo-
lutionary optimization [64] aids process tuning.
Hybrid mechanistic-AI models [65] and explain-
able AI frameworks [66] can improve transparency
and decision-making. Training LLMs on unstruc-
tured bioprocess data—including text, images, and
sensor logs—could support knowledge retrieval, trou-
bleshooting, and experimental design and bridging
biology, chemistry, engineering and design through
actionable insights, like predicting protein struc-
tures or cell morphology [67]. Figure 5 highlights
the impact Al and large language models can have
during the fermentation and production cycle. Col-
lectively, these advances open opportunities for
guided modeling, smart bioreactors, anomaly detec-
tion, forecasting, and multi-objective optimization
across cost, nutrition, and sensory outcomes.

Challenges and Open Questions. To realize this
potential, the field must overcome the key barriers
of data scarcity, data integration, and model trans-
ferability. Generating large experimental datasets

remains labor intensive, though scaled-down biore-
actors and small-data algorithms offer new possi-
bilities. Robust biosecurity and ethical frameworks
will be critical for LLM deployment. Integration
with genome-scale metabolic models and digital
twins of bioreactor performance could create predic-
tive platforms for design and scale-up. The ultimate
goal is an automated, multimodal bioprocessing plat-
form that integrates diverse models to cut time
and cost while ensuring reliable, explainable, and
human-aligned decision-making.

Al for Texture

Motivation. Alongside optimized strains and pro-
cesses, texture is a key quality attribute that shapes
consumer acceptance. It arises from a complex inter-
play of physical, mechanical, and sensory properties
and spans multiple scales—from molecular structure
to oral processing—making it difficult to quantify
and predict. Current methods rely heavily on con-
stly sensory panels and labor-intensive mechanical
tests such as cutting tests, tension, compression,
and shear tests, food rheology, and texture pro-
file analysis. The challenge is to bridge intuitive
descriptors like crispiness, chewiness, or fibrous-
ness with measurable and predictable parameters
that ultimately drive product design. Can AI inte-
grate multimodal datasets—from force—deformation
curves and rheological measurements—to predict
and ultimately engineer food textures that accelerate
the acceptance of sustainable proteins?

Fig. 6 Al for texture. Machine learning can integrate multi-
modal data, from ingredients to process conditions, to optimize
plant-based meat analogues, from microstructural appearance
to macrostructural texture. Future machine learning tools could
help us reverse engineer ingredients and process conditions to
achieve desired appearance and texture.



Background and State of the Art. Every ingredi-
ent and product possesses a characteristic texture,
which we can engineer through processing tech-
niques such as extrusion, shear cell structuring, or
3D printing to mimic animal-based foods. Recent
advances show the promise of machine learning for
decoding texture—structure relationships: constitu-
tive neural networks can map mechanical signatures
of plant-based meat alternatives onto interpretable
and generalizable physics-based models [68, 69].
Autoencoders can predict sensory texture attributes
from rheological data and advance data analysis
beyond traditional correlation methods [39]. Clas-
sifiers such as support vector machines and neural
networks can already identify snack freshness from
mechanical and acoustic signals with up to 92%
accuracy [70]. Researchers are using machine learn-
ing to predict viscosity, gelation, and foaming of
plant proteins [34, 71]. Meanwhile, texture analysis
from images is rapidly growing. Transfer learning
with models like VGGNet, ResNet, and DenseNet
allows us to predict the cooking times for fish
with potential extension to plant-based foods [72],
while ML-driven microscopic image analysis can
help us identify droplets in colloidal systems to link
microstructure to texture [73]. Beyond academic
applications, commercial platforms already harness
AT for texture optimization: For example, NotCo
[42-45] and Climax Foods successfully deploy Al to
mine ingredient databases, combine plant ingredi-
ents, and design formulations that replicate animal
textures.

Applications and Opportunities. Al accelerates
prototyping by predicting textural outcomes before
physical trials and reduces time- and resource-
intense trial-and-error cycles. In addition, ingre-
dient design and process optimization can bal-
ance target textures with environmental impact,
for example, to reduce greenhouse gas emissions.
Another important application is personalization,
for example designing softer foods for elderly pop-
ulations to improve swallowing safety. LLMs can
also convert consumer feedback such as “too chewy”
or “not crispy enough” into quantifiable parame-
ters for product adjustment and bridge the gap
between perception and engineering [74]. To address
data sparsity, LLMs can generate synthetic train-
ing data by pairing realistic texture descriptors
with mechanical properties. Ideally, Al can integrate
data across multiple length scales, from molecu-
lar interactions to macroscopic structure, to cap-
ture the hierarchical origins of texture. Figure 6
illustrates how machine learning can integrate mul-
timodal data, from ingredients to process condi-
tions, to predict outcomes across the scales, from

microstructural appearance to macrostructural tex-
ture. Inversely, future machine learning tools could
help us reverse engineer ingredients and process con-
ditions to achieve a desired texture. More broadly,
generative design tools, similar to those used for
inorganic materials [7], hold the potential to propose
ingredient—process combinations that meet desired
textural constraints.

Challenges and Open Questions. Significant obsta-
cles remain before Al-driven texture engineering
will truly become routine. The largest bottleneck
is the lack of large, open datasets that couple tex-
tural, sensory, and processing data. Industrial data
sharing also remains limited. Data fusion remains
technically challenging, as mechanical, rheological,
visual, and compositional data are inherently mul-
timodal and often unstructured. Foundation mod-
els trained on multiple modalities may help, but
progress requires standardized protocols for mea-
surement, evaluation, and reporting. To succeed,
the field must establish robust multimodal datasets,
shared standards and interoperable platforms. The
ultimate vision is an Al system for inverse design—
with a specific target texture as input and optimal
ingredients and processes as output—that transforms
texture development into a predictive, model-guided
science.

Al for Sensory Properties

Motivation. Ultimately, food is not only a material
design challenge, but a sensory experience. Aroma,
flavor, and texture are the strongest determinants
of consumer acceptance. The central challenge is
to map measurable physical and chemical proper-
ties of ingredients to the multidimensional space of
human perception. Machine learning offers a pow-
erful framework to learn this mapping, enabling
both the prediction of sensory profiles and the com-
putational design of novel ingredients with desired
characteristics. How far are AI models from accu-
rately predicting human sensory perception, and
from enabling the design of novel flavor and aroma
experiences?

Background and State of the Art. Traditional
sensory science has relied on human panels for per-
ceptual evaluation and on analytical instruments
such as gas chromatography—mass spectrometry for
chemical composition. Panels remain the gold stan-
dard but are slow and expensive, while instruments
offer precision without perceptual insight. Early
machine learning approaches combined biomimetic
sensors, such as E-noses, with classifiers [75], but
required heavy feature engineering and were lim-
ited to narrow classification tasks [76]. The field
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Fig. 7 Al for sensory properties. Optimizing the sensory
perception of a food product is traditionally a costly,
time-consuming process involving expert tasting panels and
instrumental analysis including mass spectrometry and gas
chromatography. In contrast, an Al-powered sensory pipeline
has the potential to predict people’s sensory perceptions from
only the chemical or molecular make-up of the food, elimi-
nating the need for costly human panels and vastly reducing
time spent iterating product formulations.

has since shifted toward deep representation learn-
ing [77], which learns general-purpose sensory maps
directly from raw data. The Principal Odor Map
exemplifies this trend: a graph neural network orga-
nizes molecules into a vector space where distance
encodes perceptual similarity, achieving human-
level accuracy in odor labeling [22]. Researchers
employ attention-based architectures to extend this
mapping to molecular mixtures [78, 79]. Figure 7
highlights these advances: Algorithmic tools for pre-
dictive sensory modeling are maturing rapidly, but
progress is constrained by the scarcity and cost of
high-quality perceptual datasets.

Applications and Opportunities. Learned sensory
representations open powerful opportunities for
food innovation. High-throughput virtual screen-
ing of molecular libraries can identify novel fla-
vor compounds for plant-based meats, accelerating
product development [11]. Integrating predictive
models with low-cost, miniaturized sensors enables
real-time quality monitoring in manufacturing and
packaging [80], for example with wireless freshness
indicators that reduce food waste [81]. These tools
also provide systematic frameworks for biomimicry,
allowing formulators to predict how ingredient or
process modifications alter the final sensory profile.
Still, a feedback loop remains essential: computa-
tional predictions must be continuously validated
and refined with real-world experiments to ensure
consumer relevance.

Challenges and Open Questions. Today, the bot-
tleneck is no longer algorithmic capacity but high-
quality data acquisition [82, 83]. Deep learning
models require large multimodal datasets, yet sen-
sory panels cannot generate data at the necessary
scale to capture the vast chemical space of food.
The path forward lies in closing the loop between
modeling and experiment. Generative models such
as transformers and diffusion architectures are algo-
rithmically ready, but their success depends on
new data pipelines. Developing robust, low-cost
hardware and embedding it into automated plat-
forms will be critical to unlock the full potential
of Al for sensory science. The ultimate vision is
a Self-Driving Lab that unites synthesis, charac-
terization, and machine learning into platforms to
autonomously generate and analyze multimodal data
and accelerate de novo food design.

Al for Manufacturing

Motivation. Even the most well-tuned designs will
fail if they cannot be produced consistently and
affordably. Manufacturing convincing meat ana-
logues is inherently complex because technical goals
such as texture, flavor, appearance, and shelf life
interact non-linearly with environmental and eco-
nomic constraints. Relevant datasets span ingredi-
ent composition and structure, rheology, thermal
behavior, processing steps such as extrusion or
fermentation, as well as telemetry, sensory, and con-
sumer data. Through digital twins, computer vision,
and other modes, Al is emerging as a key technology
to integrate these multimodal datasets and stream-
line process optimization. Typical model inputs
include formulation and process profiles, while out-
puts can range from texture, color, and flavor to cost
and environmental impact. How can we ensure that
Al-driven manufacturing pipelines deliver reliable,
scalable, and cost-effective production of alternative
proteins without compromising sensory quality or
sustainability goals?

Background and State of the Art. Al and ML are
deployed across the manufacturing pipeline—from
formulation and process design to in-line quality
control. For example, high-moisture extrusion can
generate fibrous, anisotropic structures that mimic
muscle tissue, but outcomes are highly sensitive
to process parameters such as moisture, tempera-
ture, and screw configuration. Bayesian optimiza-
tion and other data-driven strategies explore this
parameter space more efficiently than traditional
trial-and-error [85, 86]. Researchers can use infor-
matics to link protein structure and functionality,
for example, gelation, emulsification, water or fat



binding, to downstream performance. This ulti-
mately allows designers to move beyond commodity
proteins, but economic viability remains a major
hurdle. The current price gap may be addressed
with higher throughput, improved yields, cheaper
inputs, and greater capacity utilization [87]. Mean-
while, digital twins show promise for soft sensing,
scenario testing, and closed-loop control, though
most food-sector deployments remain at pilot scale
[88]. Data fragmentation persists as a key obsta-
cle: measurements are dispersed across proprietary
plant logs, supplementary materials, and discipline-
specific repositories with inconsistent metadata.
FAIR data principles tailored to agri-food [89], cou-
pled with large language models for literature-scale
information extraction [90], offer pathways to build
structured knowledge graphs that connect formu-
lation—process—structure—sensory chains for meat
analogs.

Applications and Opportunities. Al is opening
multiple opportunities for advancing alternative
protein manufacturing. Engineers can use machine
learning and Bayesian optimization to tune high-
moisture extrusion parameters to target fibrous-
ness, yield, and energy efficiency, while digital
twins provide what-if simulations for scale-up and
enable real-time sensing [84, 85, 87]. Food scien-
tists can use informatics pipelines to rank plant
proteins and design blends at scale using rheol-
ogy—functionality mappings and literature-derived
property tables, allowing ingredient discovery to
expand well beyond commodity sources [86, 89].
Large language models further act as formulation
copilots, transform unstructured texts into struc-
tured knowledge graphs, and suggest experiments to
resolve uncertainty [89]. At the same time, computer
vision and hyperspectral analytics can advance in-
line quality assurance, linking surface color and
structure to sensory proxies to enable continuous
assessment during production [87]. Together, these
approaches illustrate how Al can accelerate proto-
typing, reduce waste, and bridge the gap between
laboratory development and industrial manufactur-
ing.

Challenges and Open Questions. Scaling these
tools requires high-quality, shareable datasets that
link formulations, processes, structures, and sen-
sory outcomes with standardized metadata. Propri-
etary and fragmented data currently hinder model
transfer and benchmarking, underscoring the need
for domain-specific FAIR implementations, shared
testbeds, and community baselines [88]. Ingredi-
ent variability remains a crucial bottleneck— robust
hybrid models are needed to achieve reliable process
control [84, 85]. Industrial adoption also demands
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capital investment, workforce training, and vali-
dation on real production lines—most food digital
twins have not been tested at scale [87]. The
ultimate vision s to establish data standards and
LLM-enabled knowledge base that make Al-assisted
formulation and control routine in manufacturing
for plants to deliver consistent sensory performace
at—or below— price parity with conventional meat,
with lower cost, waste, and energy demand.

Al for Recipes

Motivation. Beyond production, food preparation
determines consumer experience of alternative pro-
teins. When considering this, both individuals and
foodservice operations must balance enjoyment
with health, cost, convenience, and allergens, while
advancing broader goals like protein diversifica-
tion and sustainability. Large Language Models are
promising aids, as they are already trained on vast
collections of recipes and can integrate data from
sources such as RecipeslM, USDA FoodData Cen-
tral, the HESTIA climate database, and Food.com
reviews. How can we best integrate human knowl-
edge into Al systems to ensure that recipe models
generalize across diverse groups of users, dietary
needs, and cultural traditions?

Background and State of the Art. Recent research
has evaluated and refined LLMs for recipe-related
tasks, including generation, revision, and preference
prediction. Improvements rely on several strategies:
fine-tuning with domain-specific datasets, retrieval-
augmented generation that combines LLMs with
external knowledge at inference time, and inte-
gration with optimization algorithms or exter-
nal tools. A study benchmarking models on the
RecipelM dataset found off-the-shelf LLMs unre-
liable due to hallucinations [91], echoing anec-
dotal reports [92, 93]. However, fine-tuning on
RecipelM produced state-of-the-art results [91, 94],
and supervised fine-tuning with direct preference
optimization has enabled recipe revision tasks [95].
Other work demonstrates the benefits of retrieval-
augmented generation for recipes [96, 97], while
one study directly targeted sustainable menu design
[98]. Encouragingly, some LLMs now match expert
food scientists in preference modeling for alternative
protein applications [98]. Combining these models
with combinatorial optimization algorithms has the
potential to generate recipes and menus that satisfy
nutritional and sustainability goals while comple-
menting expert chefs.

Applications and Opportunities. The ability to
generate recipes under explicit constraints creates
opportunities across individual and institutional



contexts. For individuals, fine-tuned LLMs could
power AI health coaches that teach users how to
modify meals to be more sustainable, nutritious, or
culturally appropriate, while respecting restrictions
such as allergies or religious requirements. Chefs
and students could practice recipe generation in
educational applications, receiving Al-driven feed-
back to refine their skills [99]. In institutional set-
tings, LLMs could support foodservice operations in
offices, universities, or hospitals, tailoring descrip-
tions, ingredients, and preparation methods under
strict constraints. This is particularly valuable in
programs such as “Food as Medicine,” which deliver
cost- and time-sensitive meals for patients with
chronic conditions after hospital discharge [100]. In
all these scenarios, Al could accelerate constrained
recipe generation, broaden access to healthy and
sustainable foods, and scale public health interven-
tions that rely on tailored meal planning.

Challenges and Open Questions. Despite this
promise, important challenges remain. Off-the-
shelf LLMs perform unevenly across cultural con-
texts, often fail to capture diverse user prefer-
ences, and can generate outputs that are numeri-
cally inconsistent, unsafe, or infeasible. They also
lack molecular-level understanding of food and
have limited knowledge of food safety. Training
LLMs from scratch remains prohibitively resource-
intensive [101]. These shortcomings raise risks
of culturally inappropriate, impractical, or even
dangerous recipes, while incurring environmental
costs. Mitigation strategies include equipping LLMs
with external datasets, relying on open-source pre-
trained models, and carefully integrating optimiza-
tion tools. Beyond technical concerns, broader soci-
etal impacts must be addressed: LLMs should pro-
mote user agency and creativity rather than replace
them, and they should be designed to comple-
ment, not displace, human expertise. The vision is
a human-centered approach in which LLMs assist
with recipe drafts and revisions while empowering
users to adapt meals to their own needs, preferences,
and cultures, ultimately supporting sustainable and
healthy food choices.

Summary and Outlook

Al is beginning to transform food science across the
entire innovation cycle in Figure 3—from ingredient
design, formulation development, and fermentation
and production to texture analysis, sensory prop-
erties, manufacturing, and recipe generation. Yet,
the field’s true potential lies not only in optimizing
today’s processes, but also in charting a bold tra-
jectory for the future of food as a programmable,
predictive science. Building on recent advances, we
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envision three major areas that define the frontier
of Al for sustainable food production:

Future Materials for Food. Treating food as a pro-
grammable biomaterial opens new opportunities to
design ingredients from first principles. Figure 8
highlights how properties such as texture, function-
ality, stability, and sensory perception emerge from
multiscale interactions among proteins, carbohy-
drates, lipids, and their processing conditions [20].
We may be able to optimize edible films and gels

Molecular
Interactions
Chemical
bonds and
crosslinks

Protein

Folding

A

Mesoscale
predicting gelation,

rheology, texture

Fig. 8 Future Materials for Food. Treating food as a pro-
grammable multiscale material-from molecular interactions,
supramolecular structures and assemblies, and networks to the
final food product—opens new opportunities to design ingre-
dients from first principles. In this biomaterials approach,
properties such as texture, functionality, stability, and sensory
perception emerge from multiscale interactions among proteins,
carbohydrates, lipids, and their processing conditions.

for controlled nutrient release; or engineer plant-
based meat analogues with tailored mechanical and
sensory performance to endow such new compo-
nents with both exceptional sensory experiences
and nutritional value. Advances in protein design,
including AlphaFold and diffusion-based generative
models [102], suggest the possibility of de novo edi-
ble proteins with tunable performance. Early exam-
ples from cellular agriculture—such as engineered
porcine fat cells with modified fatty acid compo-
sition [103, 104] or bovine muscle cells enriched
in antioxidants or vitamins [105]-demonstrate the
promise, while microbial and fungi-based fermen-
tation highlight a complementary path. Mycelium
fermentation, for instance, can upcycle agricul-
tural side-streams such as brewers’ spent grain or
fruit pomace, converting low-value byproducts into
high-quality protein and fiber-rich ingredients with
unique textures and link innovation with circularity
and sustainability [106]. An opportunity lies ahead
i integrating molecular design with tunable process-
ing, including fermentation and upcycling, to create



predictive platforms that generate new food materi-
als with tailored properties while reducing waste.

Automation and Self-Driving Labs. Empirical
trial-and-error approaches that use rheological mea-
surements, sensory panels, and compositional anal-
ysis have traditionally dominated food science [107].
These methods, while valuable, are slow, costly,
and difficult to scale. Generative AI, robotics, and
high-throughput experimentation point toward self-
driving labs that autonomously design, test, and
refine food materials. This embeds the design-
build-test-learn principle directly into experimenta-
tion, enabling systematic exploration across scales
and accelerating innovation. Recent advances in
automated model discovery with custom-designed
constitutive neural networks, show how AI can
autonomously identify the best models, parame-
ters, and even experimental protocols directly from
data [108]-a method already successfully applied
to compare plant-based and animal meats [69],
deli products [109], and fungi-based steak [106].
Agentic Al systems such as Sparks [110], BioDiscov-
eryAgent [111], and the Virtual Lab [112] already
demonstrate the capacity to generate hypotheses,
perform simulations, and report results without
human intervention. In food, such systems could
integrate genome-scale metabolic models, digital
twins of bioreactors, and in-line quality sensors
[67, 113]. A fully automated discovery pipeline that
links synthesis, characterization, and modeling has
the potential to accelerate innovation in sustainable,
personalized, and scalable food production.

Deep Reasoning Models. Al models that can rea-
son will become a key part of self-driving lab
infrastructure. Figure 9 highlights our vision for
next-generation Al systems for food. We antici-
pate that the emerging discipline of AI for Food
will benefit from ongoing rapid progress in general-
purpose reasoning models as well as agentic systems
that can autonomously design and perform tasks
with the aid of additional tools [114]. While current
generative models can propose new molecules or
recipes, they remain limited by static datasets and
lack the ability to reason about feasibility, manufac-
turability, or emergent properties. Bridging this gap
requires an Al system that can generate new protein
sequences, simulate their folding and mechanical
behavior, and reason about emergent sensory prop-
erties, e.g., flavor, taste - all within a self-improving,
interpretable loop. Deep reasoning models repre-
sent the next frontier: Al systems that move beyond
pattern recognition to actively hypothesize, simu-
late, and generate new data. These models would
integrate protein sequences, structural mechanics,
metabolic fluxes, and sensory outcomes, reasoning
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across scales to predict how molecular composi-
tion translates into taste, texture, and stability [20,
115]. Crucially, they could bridge the simulation-
to-reality gap by iteratively validating predictions
against experimental data and refining models in
real time. These approaches could leverage auto-
mated model discovery to identify the best experi-
ments and models for alternative protein products
[68], seamlessly integrate the results into finite ele-
ment simulations [116] to simulate real-life chewing
processes and aromas from cooking, and predict
sensory perception directly from physical principles
[69]. By embedding sustainability constraints, cul-
tural diversity, and personalized health data, such
systems could design foods that are not only func-
tional but also socially and nutritionally relevant.
The ultimate wvision is a closed-loop, reasoning-
based AI that autonomously proposes, evaluates,
and refines edible materials—transforming food sci-
ence into a predictive, design-driven discipline for
future foods.

From Vision to Implementation. To translate the
emerging opportunities of Al-enabled food sys-
tems into lasting impact, the community must
unite around shared goals, standards, and respon-
sibilities. Specifically, we will need to: i) estab-
lish common standards and open data repositories
for the field with aligned incentives, security, and
risk mitigation; ii) overcome the language barrier
between wet-lab and computational scientists; iii)
develop clear evaluation frameworks to match Al
tools to food challenges and measure outputs; and
iv) build consumer trust and prepare for evolv-
ing regulatory landscapes. But this field can only
progress alongside parallel advancements and such
a paradigm shift will require support across all
sectors: Researchers must push real-time imaging,
spectroscopy, and miniaturized hardware forward
to generate high-quality, high-throughput data
streams. Engineers and scientists need to expand
automation and robotics so that self-driving lab-
oratories and closed-loop cycles become practical.
Developers of AI must improve compute sustainabil-
ity to ensure models run energy-efficiently and align
with environmental goals. Computational social sci-
entists must work to understand the impact of
current sustainable proteins and guide Al-enabled
sustainable protein developers toward sensory and
nutritional profiles and educational messages likely
to increase displacement effects. Policymakers, ethi-
cists, and scientists together must build governance
frameworks in ethics, regulation, and cultural inclu-
sivity so that Al-enabled food systems earn con-
sumer trust and deliver equitable benefits across
geographies. Funders and institutions must invest in
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the needed infrastructure—shared repositories, stan-
dards, and sensing and automation hardware—to
support the interdisciplinary centers and fellow-
ships needed to carry out this work. Together,
we must ground this field in responsible innova-
tion by designing evaluation frameworks, building
regulatory clarity, and embedding transparency,
interpretability, and inclusivity. These infrastruc-
tural investments echo the lessons from drug dis-
covery and protein design, where progress acceler-
ated only once community benchmarks, standards,
and testbeds were in place. Moving forward, we
need to think critically about engaging Al, recogniz-
ing the environmental footprint, and ensuring that
automation responsibly complements existing scien-
tific endeavors.
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Outlook. Taken together, these three areas sketch a
future where Al enables food innovation at unprece-
dented speed and precision. From molecular design
of new ingredients, to automated laboratories that
close the loop between modeling and experiment,
to reasoning-based systems that integrate cultural,
nutritional, and sensory dimensions, Al has the
potential to reshape how we design, produce, and
consume food. Realizing this vision will require
interdisciplinary collaboration, open data sharing,
and the creation of inclusive platforms that balance
automation with human creativity and oversight. If
successful, AT will not simply optimize food-it will
redefine the future of food as a programmable, pre-
dictive, and deeply human-centered science for a
sustainable global future.
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