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Global food systems must deliver nutritious, sustainable foods while 
sharply reducing environmental impact. Yet, food innovation remains slow, 
empirical and fragmented. Artificial intelligence (AI) offers a transformative 
path to link molecular composition to functional performance, connect 
chemical structure to sensory outcomes and accelerate cross-disciplinary 
innovation across the production pipeline. While it is broadly applicable 
to food systems, we focus on sustainable proteins—plant-based, 
fermentation-derived and cultivated—as a high-impact test bed for 
AI-driven closed-loop design. We review the applications, opportunities and 
challenges of AI for food as an emerging discipline that integrates ingredient 
design, formulation development, fermentation and production, texture 
analysis, sensory science, manufacturing and recipe generation. We identify 
four priorities: advancing scientific machine learning with embedded 
domain priors, treating food as a programmable biomaterial, building 
self-driving laboratories for automated discovery and developing deep 
reasoning models that integrate nutrition and sustainability. Integrating AI 
responsibly into the food innovation cycle can accelerate the transition to 
sustainable food systems and establish a predictive, design-driven science 
of food for human and planetary health.

Food is among the most powerful determinants of human health, plan-
etary sustainability and cultural identity1; yet, research and development 
for food remains slow, fragmented and driven by trial and error rather 
than rational design. Radical, urgent and creative food solutions are 
needed to combat the current climate crisis2. Notably, across farmland, 
livestock and production, the food sector generates 35% of all global 
greenhouse gas emissions3 and contributes heavily to biodiversity loss 
and public health challenges4. To meet climate goals and feed a growing 
population, we need alternative sources of protein that are delicious, 
affordable, scalable and nutritionally compelling5. Today, however, 
the scientific bottlenecks in texture, flavour, scalability and cost pose 
barriers to adoption6. Artificial intelligence (AI) has reshaped domains 
from protein design and drug discovery to materials engineering7. AI is 
now poised to revitalize how we grow and make food—from optimizing 

plant-based meats to generating climate-conscious recipes8. Enabling 
protein diversification will have profound implications, and AI can 
substantially accelerate scientific progress if applied responsibly and 
towards the correct challenges9. But the success of AI is by no means guar-
anteed. When deployed in a scattershot way, AI can generate low-quality 
outputs, increase environmental burdens or undermine consumer trust, 
aspects that are especially sensitive in food10. The goal is thus not to 
deploy AI indiscriminately. Instead, we need to partner with AI where 
it measurably reduces time, cost and uncertainty for problems that 
matter11. Responsible application—focused on the right challenges—is 
essential. In this Review, we identify areas across the food system where 
we can constructively engage with AI: we provide background on the cur-
rent state of the art, outline new opportunities and discuss the challenges 
that AI is facing in the quest to accelerate the future of food.
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functions, such as foaming in egg replacers; yet, matching performance 
remains challenging. Structure–function relationships link molecular 
architecture to activity. In food, macromolecular features of proteins, 
lipids and fibres encode functionality. This raises the question to what 
extent AI can bridge this scale gap and translate molecular features 
into techno-functional predictions for a functionality-first design–
build–test–learn cycle.

The success of animal-free ingredients depends on functionality 
and the ability to meet formulation and consumer requirements27. 
These traits arise from molecular features, environmental conditions 
such as pH and temperature, and interactions with fats, fibres and 
solutes. Proteins, lipids and fibres provide core functionality, with 
proteins being the most versatile. The most promising alternative 
proteins today are wheat gluten and soy; they can form fibrous textures 
under extrusion and shear27. New sources include legumes, oilseeds, 
grains, algae and leaves28. Processing strongly shapes functionality: 
dry fractionation preserves native structures, while wet fractionation 
produces isolates that control solubility and gelation29. Lipids and 
fibres add complementary features, from stabilizing interfaces to 
modulating viscosity and lubrication. Since plant heterogeneity limits 
predictability, developers modify ingredients chemically, physically or 
enzymatically. The field is now shifting towards functionality-enriched 
fractions for more consistent, cost-effective performance28.

AI and informatics enable functionality-driven ingredient design 
by linking molecular and mesoscopic features to macroscopic out-
comes under processing constraints. Classification models support 
discovery; for example, a quantitative structure–activity relationship 
model identified glycyrrhizin as a natural emulsifier30. Regression mod-
els predict properties such as pectin viscosity to reduce cost and accel-
erate formulation31. Machine learning can predict techno-functional 
traits across crops with R2 > 0.80 (ref. 32), while AI models can cap-
ture plant protein rheology with R2 > 0.99 (ref. 33). Deep learning 
increasingly links functionality to sensory design34. A recent study 
optimized starch-based gels for saltiness and strength using e-tongue 
and oral-processing data35. Multi-objective optimization can predict 
solubility, gel strength and emulsification towards scalable formulation 
strategies32. Together, these advances support closed-loop design–
build–test–learn cycles. High-throughput screening, active learning 
and digital twins operationalize models, while generative approaches 
target multiple criteria and bridge lab-to-plate gaps.

Ingredient design still struggles with consistent performance 
across food matrices, and key challenges remain. First, models often 
fail to generalize across ingredients and conditions. Second, nonlinear 
interactions in multicomponent systems complicate prediction and 

The intellectual and technological trajectory that has shaped 
the emergence of AI for food as a discipline spans more than seven 
decades, weaving together advances in AI, food science and biotech-
nology (Fig. 1). From the birth of symbolic AI in the 1950s12, to the rise 
of machine learning and neural networks in the 1980s–1990s13, to the 
deep learning breakthroughs in the 2010s14 and the advent of genera-
tive models15 and foundation models16 in the 2020s, AI has progressively 
expanded its ability to model, design and predict complex systems. 
In parallel, developments in genomics17, computational chemistry18, 
fermentation and personalized nutrition19 have created unprecedented 
data resources and biological insights directly relevant to food design. 
Their convergence has given rise to a new field in which AI is now central 
to ingredient discovery, recipe formulation, manufacturing optimiza-
tion and consumer personalization11.

Designing food materials poses unique challenges, as their prop-
erties emerge from multiscale interactions among proteins, carbo-
hydrates, lipids and processing conditions20. Yet, AI is shifting food 
innovation from trial and error to data-driven discovery. Modern mod-
els link chemical composition to sensory outcomes and enable targeted 
formulation and rapid iteration. Machine learning frameworks predict 
consumer preferences from chemical-sensory panels21, while graph 
neural networks map molecular structure to odour quality22. Advances 
in protein modelling and molecular learning accelerate functional 
ingredient discovery23,24, and precision fermentation provides scal-
able routes to novel proteins and textures25. Together, these advances 
address long-standing challenges—engineering egg-free emulsions, 
meltable dairy alternatives or fibrous plant-based meats—and have 
translated into market-ready products from companies such as NotCo, 
Perfect Day and Climax Foods26. This transition from conceptual prom-
ise to industrial deployment underscores AI’s growing role as a driver 
of culinary innovation and sustainability.

We focus on the post-harvest stages and follow an AI-powered 
cycle through ingredient design, formulation development, fermenta-
tion and production, texture analysis, sensory properties, manufactur-
ing and recipe generation (Fig. 2). In the following sections, we highlight 
how AI-powered approaches, from generative models to digital twins, 
drive innovation across these steps.

AI across food innovation
Ingredients
Novel food ingredients must balance sustainability, nutrition, sen-
sory appeal and functionality. Functionality includes water-holding, 
emulsification, gelation, viscosity and stability, which shape process-
ing and structure. Many ingredients aim to replicate animal-derived 
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Fig. 1 | Historical milestones in AI for food. The birth of AI in the 1950s–1960s, 
marked by Alan Turing’s concepts of computing machinery and intelligence, 
established the foundations of machine intelligence. The rise of machine 
learning and neural networks in the 1980s–1990s, driven by backpropagation 
and statistical learning, shifted AI from rule-based systems to data-driven 
approaches. In parallel, the Human Genome Project and the omics revolution 
in the 1990s–2000s, enabled by high-throughput sequencing, created a 
culture of large-scale biological and nutritional data. The expansion of big 
data and cloud computing in the 2000s further empowered the analysis of 
massive ingredient, supply chain and consumer preference datasets. Since the 
beginning of the twenty-first century, advances in computational chemistry and 
cheminformatics in the 2010s have enabled the prediction of flavour molecules, 
aroma profiles and chemical interactions. Breakthroughs in deep learning, 

exemplified by AlexNet in 2012, catalysed applications in food recognition and 
image-based dietary tracking. Since 2014, generative models have expanded 
into food design, flavour and recipe generation, and ingredient discovery, with 
companies such as NotCo applying AI to plant-based food development. Since 
2015, advanced fermentation and alternative protein models have started to 
include AI-driven strain engineering and process optimization to accelerate 
precision fermentation and industrial adoption. The current decade is witnessing 
the integration of wearable and microbiome data for AI-driven personalized 
nutrition since 2016, the emergence of digital twins for real-time monitoring and 
optimization of food manufacturing processes and the rise of foundation models 
and LLMs that leverage unstructured data for formulation and recipe innovation 
since the 2020s. Together, these advances are fuelling the emergence of AI for 
food as a distinct scientific discipline.
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require hybrid physics-informed approaches. Third, sensory prefer-
ences vary across cultures, which demands diverse datasets. Fourth, 
models must link molecular features such as sequence, charge and 
hydrophobicity to functionality in a transparent and scalable way. 
Addressing these challenges requires open, collaborative tools and 
an AI-driven ecosystem that predicts techno-functional performance 
from molecular features.

Formulations
Ingredient functionality sets the foundation, but effective food design 
depends on how those ingredients interact in complex systems; for-
mulation brings these components together. Meeting the dual man-
date of sustainability and sensory fidelity requires moving beyond 
slow trial-and-error formulation development. AI offers a compelling 
approach to uncover hidden patterns that connect ingredients, for-
mulations, production, texture and sensory properties, and propose 
candidate formulations that are predicted to meet nutritional, func-
tional or sensorial targets36–38. Today, AI practitioners can draw on a 
broad collection of public resources including Recipe1M+39, Flavor-
Graph40, FlavorDB41, USDA FoodData Central and FAO/INFOODS, as well 
as domain-specific databases such as Phenol-Explorer, LipidBank and 
the Volatile Compounds in Food database. Inputs include molecular 
descriptors, nutritional and functional properties, recipe structures 
and process sequences; outputs are complete candidate formula-
tions aligned with target criteria. AI-powered approaches combine 
latent-space learning through autoencoders with conditional genera-
tion, constraint-aware optimization and expert-in-the-loop refinement 
(Fig. 3a). But can they truly capture the complex, nonlinear interactions 
between ingredients, processes and perception—even under sparse 
and noisy data—and unlock a new generation of food formulations?

Computational gastronomy has long shown that recipes and 
flavour chemistry form structured networks that we can mine for 

predictive patterns. The Flavor Network formalized ingredient compat-
ibility via shared volatiles42, while FlavorGraph integrated one million 
recipes with ~1,500 flavour molecules to generate graph embeddings 
for pairing prediction and ingredient clustering40. These studies have 
successfully shown that high-dimensional, multimodal food repre-
sentations can capture the complexity of culinary design. In alterna-
tive proteins, industrial disclosures from NotCo patents36–38 illustrate 
hybrid generative optimization pipelines. These systems embed ingre-
dients and recipes in latent spaces using autoencoders and recurrent 
networks, condition sampling on feature vectors of target product pro-
files, refine candidates with constraint solvers such as sparse regression 
and iteratively incorporate expert sensory feedback. This architecture 
mirrors multimodal generative trends in other fields and enables ana-
logue 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 Recipe1M+39, FlavorGraph40 
and FlavorDB41. Together, these efforts highlight a state of the art that 
blends representation learning with constraint-aware generation to 
accelerate formulation discovery.

Generative AI expands opportunities across protein diversifica-
tion. For example, it can design plant-based cheeses that melt and 
stretch by identifying proteins that act like casein, the key driver of 
structure and meltability in animal cheese. It can discover ingredient 
blends that replicate meat textures and pinpoint volatile combina-
tions that evoke familiar flavours43. It can also improve plant-based 
meats from sensory panel feedback and match expert predictions of 
panel rankings44. Large-scale screening lets scientists focus on a few 
promising prototypes instead of hundreds of trials, which shortens the 
development cycle. In the near future, these tools will be able to tailor 
formulations to individual nutritional needs and taste preferences and 
enable personalized food design.

But important challenges remain before AI can transform formula-
tion discovery at scale. High-quality sensory datasets are limited and 
often fail to generalize across different food types. Even with detailed 
chemical and nutritional data, predicting human perception remains 
an open problem. Modelling of 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 transparent, auditable design processes. The near-term 
path will be hybrid, where AI proposes and humans refine, towards 
transparent formulation platforms that integrate constraints and 
predict performance at scale.

Fermentation
Molecular and formulation design define the building blocks, but real-
izing performance requires precise control at the cellular and microbial 
scale. Precision fermentation—where engineered microorganisms 
are programmed to produce functional proteins such as casein or 
haem—has become central to protein diversification and sustainable 
food production. Its success depends on tightly coupled variables, 
strain stability, metabolic fluxes, nutrient composition and bioreactor 
dynamics. AI has the potential to fuse these heterogeneous data with 
mechanistic insight to enable predictive, scalable and cost-effective 
fermentation and production to address critical bottlenecks such as 
yield optimization and resource efficiency (Fig. 3c).

Optimizing fermentation requires a deep understanding of bio-
processes to maximize yield and efficiency while maintaining homo-
geneity, sterility and scalability45. Kinetic bioprocess models remain 
widely used but are constrained by steady-state assumptions, and meta-
bolic flux models for engineered strains often face computational bot-
tlenecks. Experimental optimization through orthogonal design46 and 
response surface methodology47 remains the industry standard, while 
multiscale feature engineering is still limited48. Machine learning has 

Ingredients

FormulationsSensory
properties

Fermentation
and production

Manufacturing

Recipes

Texture

Fig. 2 | The AI-powered production cycle. Seven key stages where AI can 
accelerate the time to market: ingredient design, formulation development, 
fermentation and production, texture analysis, sensory properties, 
manufacturing and recipe generation. The production cycle illustrates the 
tight integration of food science, biotechnology, materials science, behaviour 
science and AI to guide the development of new foods, from raw ingredients to 
commercial products.
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proved valuable for modelling nonlinear fermentation dynamics49 and 
for real-time monitoring of anaerobic digestion50. For example, deep 
learning soft sensors that combine convolutional neural networks with 
bidirectional long short-term memory architectures have achieved R2 
values up to 0.98 in predicting key anaerobic digestion state variables 
from real-time pH, electrical conductivity and oxidation–reduction 
potential measurements50. While AI and reinforcement learning have 
been successfully applied to sustainable protein fermentation51 and 
co-culture optimization52, the large-scale adoption of AI, and especially 
generative AI, remains limited.

AI can shift fermentation and production from reactive opti-
mization to predictive management, with customized strains and 
self-optimizing processes. Machine learning models can optimize 
strain design, nutrient feeds and bioreactor control, and deep learning 
approaches can capture nonlinear interactions better than traditional 
regression53. Automation and AI-enhanced imaging54, soft sensors55 
and spectroscopy51 can improve monitoring and adaptive control. 
Algorithms such as support vector machines56 and fuzzy inference sys-
tems57 support robust predictions, while evolutionary optimization58 
aids process tuning. Hybrid mechanistic–AI models59 and explainable 
AI frameworks60 can improve transparency and decision-making. Train-
ing large language models (LLMs) on unstructured bioprocess data—
including text, images and sensor logs—could support knowledge 

retrieval, troubleshooting and experimental design and bridge biology, 
chemistry, engineering and design through actionable insights, such 
as predicting protein structures or cell morphology61.

To realize this potential, the field must overcome the key barriers 
of data scarcity, data integration and model transferability. Generating 
large experimental datasets remains labour intensive, but scaled-down 
bioreactors and small-data algorithms now offer new possibilities. At 
the same time, robust biosecurity and ethical frameworks will be critical 
to safely use generative AI. Integration with genome-scale metabolic 
models and digital twins of bioreactor performance could create pre-
dictive platforms for design and scale-up. The collective goal is an 
integrated fermentation platform that links strain design, bioreactor 
dynamics and real-time sensing to support predictive scale-up and 
reliable process optimization.

Texture
Texture is a key quality attribute that shapes consumer acceptance. It 
emerges from coupled physical, mechanical and sensory properties 
across scales—from molecular structure to oral processing—which 
complicates quantification and prediction. We distinguish between 
physical texture, measured through mechanical and rheological tests, 
and sensory texture, perceived through attributes such as chewiness 
or fibrousness. This distinction links measurable material behaviour 
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Fig. 3 | AI for food. a, AI for formulations. An iterative workflow to discover 
new formulations encodes target profiles such as sensory properties, cost and 
nutritional profiles; generates formulation sets with deep learning; predicts 
properties and scores; and integrates laboratory prototyping and sensory 
panels in continuous feedback loops. b, AI for texture. Machine learning 
integrates multimodal data, from ingredients to process conditions, to 
optimize plant-based meat analogues, from microstructural appearance to 
macrostructural texture. Future machine learning tools could help to reverse-
engineer ingredients and process conditions to achieve a desired appearance 
and texture. c, AI for fermentation and production. AI and LLMs can accelerate 

the fermentation and production cycle during microbial strain selection, 
data collection, process optimization, real-time monitoring and adaptive 
control, upscaling of prediction and simulation, and product profiling and 
customization. d, AI for sensory properties. Optimizing the sensory perception 
of food is traditionally a costly, time-consuming process involving expert 
tasting panels and instrumental analysis, including mass spectrometry and gas 
chromatography. By contrast, an AI-powered pipeline has the potential to predict 
sensory perceptions from only the chemical or molecular make-up of food, 
eliminating the need for costly human panels and reducing the time to iterate 
product formulations.
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to human perception and defines how AI can connect mechanics with 
sensory response. Current approaches rely on costly sensory panels 
and labour-intensive tests such as cutting, tension, compression, shear 
and rheology. The core challenge is to map intuitive descriptors such 
as crispiness or chewiness onto measurable parameters that guide 
product design (Fig. 3b). This raises the question of how AI can integrate 
multimodal datasets to predict and engineer consumer-preferred 
textures and accelerate the adoption of sustainable proteins.

Every ingredient and product possesses a characteristic texture, 
which we can engineer through processing techniques such as extru-
sion, shear cell structuring or 3D printing to mimic animal-based foods. 
Recent advances show the promise of machine learning for decoding 
texture–structure relationships. Constitutive neural networks can 
map mechanical signatures of plant-based meat alternatives onto 
interpretable and generalizable physics-based models62 that achieve 
R2 values from 0.92 to 0.99 for commercially available plant-based 
meats63. Autoencoders can predict sensory texture attributes from 
rheological data and advance data analysis beyond traditional correla-
tion methods34. Classifiers such as support vector machines and neural 
networks can identify snack freshness from mechanical and acoustic 
signals with up to 92% accuracy64. Researchers are using machine 
learning to predict viscosity, gelation and foaming of plant proteins32,65. 
Meanwhile, texture analysis from images is rapidly growing. Transfer 
learning with models such as VGGNet, ResNet and DenseNet allows us to 
predict cooking times for fish with potential extension to plant-based 
foods66, while machine-learning-driven microscopic image analysis can 
help us to identify droplets in colloidal systems to link microstructure 
to texture67. Beyond academic applications, commercial platforms 
already harness AI for texture optimization: for example, NotCo36–38 
and Climax Foods successfully deploy AI to mine ingredient databases, 
combine plant ingredients and design formulations that replicate 
animal textures.

AI accelerates prototyping by predicting textural outcomes before 
physical trials and reduces time- and resource-intensive trial-and-error 
cycles. In addition, ingredient design and process optimization can 
balance target textures with environmental impact—for example, to 
reduce greenhouse gas emissions. Another important application 
is personalization, such as designing softer foods for older popula-
tions to improve swallowing safety. LLMs can also convert consumer 
feedback such as ‘too chewy’ or ‘not crispy enough’44 into quantifiable 
parameters for product adjustment and bridge the gap between per-
ception and engineering68. To address data sparsity, LLMs can generate 
synthetic training data by pairing realistic texture descriptors with 
mechanical properties. Ideally, AI can integrate data across multiple 
length scales, from molecular interactions to macroscopic structure, 
to capture the hierarchical origins of texture. Inversely, future machine 
learning tools could help to reverse-engineer ingredients and process 
conditions to achieve a desired texture. More broadly, generative 
design tools, similar to those used for inorganic materials7, hold the 
potential to propose ingredient–process combinations that meet 
desired textural constraints.

Significant obstacles remain before AI-driven texture engineering 
will truly become routine. The biggest challenge is the lack of large, 
open datasets that couple textural, sensory and processing data. Indus-
trial data sharing is rare, and data fusion remains technically challeng-
ing, as mechanical, rheological, visual and compositional data are 
inherently multimodal and often unstructured. The ultimate vision 
would be an AI system for inverse design—with a specific target texture 
as input and optimal ingredients and processes as output—that trans-
forms texture development into a predictive, model-guided science.

Sensory properties
Ultimately, food is not a material design challenge but a sensory experi-
ence. Aroma, flavour and texture are the strongest determinants of con-
sumer acceptance. The central challenge is to map measurable physical 

and chemical properties of ingredients to the multidimensional space 
of human perception. Machine learning provides a framework to learn 
this mapping and enables both the prediction of sensory profiles and 
the computational design of novel ingredients with desired charac-
teristics (Fig. 3d). But how far are current AI models from accurately 
predicting human sensory perception and from generating novel fla-
vour and aroma experiences?

Traditional sensory science has relied on human panels for per-
ceptual evaluation and on analytical instruments such as gas chroma-
tography and mass spectrometry for chemical composition. Panels 
remain the gold standard but are slow and expensive, while instru-
ments offer precision without perceptual insight. Early machine learn-
ing approaches combined biomimetic sensors, such as e-noses, with 
classifiers69, but required heavy feature engineering and were limited 
to narrow classification tasks70. The field has since shifted towards deep 
representation learning71, which learns general-purpose sensory maps 
directly from data. The Principal Odor Map exemplifies this trend: a 
graph neural network organizes molecules into a vector space where 
distance encodes perceptual similarity with human-level accuracy 
in odour labelling. On a prospective validation set of 323 novel odor-
ants, the model’s predictions closely matched a trained panel mean, 
with per-molecule correlations approaching R ≈ 0.6 in representative 
cases22. Researchers now use attention-based architectures to extend 
this mapping to molecular mixtures72. Algorithmic tools for predictive 
sensory modelling are maturing rapidly, but progress is constrained 
by the scarcity and cost of high-quality sensory data.

Learned sensory representations open powerful opportunities 
for food innovation. High-throughput virtual screening of molecular 
libraries can identify novel flavour compounds for plant-based meats 
and accelerate product development11. Integrating predictive models 
with low-cost, miniaturized sensors enables real-time quality moni-
toring in manufacturing and packaging73—for example, with wireless 
freshness indicators that reduce food waste74. These tools also pro-
vide systematic frameworks for biomimicry to predict how modifica-
tions of ingredients or processes alter the final sensory profile. Still, a 
feedback loop remains essential: computational predictions must be 
continuously validated and refined with real-world experiments to 
ensure consumer relevance.

Today, the bottleneck is no longer algorithmic capacity but 
high-quality data acquisition75. Deep learning models require large 
cross-scale datasets, yet sensory panels cannot generate data at scale to 
capture the vast chemical space of food44. The path forward lies in clos-
ing the loop between modelling and experiment. Generative models 
such as transformers and diffusion architectures are algorithmically 
ready, but their success depends on new data pipelines. Developing 
robust, low-cost hardware and embedding it into automated platforms 
will be critical to realize the full potential of AI for sensory science. The 
ultimate vision is a self-driving sensory lab that integrates chemical 
synthesis, sensory characterization and machine learning to autono-
mously generate, predict and validate flavour, aroma and texture 
perception across diverse food systems.

Manufacturing
Even the best foods will fail if they cannot be produced consistently and 
affordably. Manufacturing convincing meat analogues is inherently 
complex because technical goals such as texture, flavour, appearance 
and shelf life interact nonlinearly with environmental and economic 
constraints. Relevant datasets span composition, structure, rheology, 
thermal behaviour and processing steps such as extrusion or fermenta-
tion, as well as telemetry, sensory and consumer data. Through digital 
twins, computer vision and other modes, AI is emerging as a key tech-
nology to integrate these multimodal datasets and streamline process 
optimization. Typical model inputs include formulation and process 
profiles, while outputs can range from texture, colour and flavour to 
cost and environmental impact. But can these models deliver reliable, 
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scalable and cost-effective production paths without compromising 
sensory quality or sustainability goals?

AI and machine learning span the manufacturing pipeline, 
from formulation and process design to in-line quality control. 
High-moisture extrusion produces fibrous structures that mimic mus-
cle, but outcomes depend on moisture, temperature and screw con-
figuration. Bayesian optimization explores this space more efficiently 
than trial-and-error methods76. In a pilot study, it identified optimal 
parameters in 10 trials versus 15 for response-surface methodology 
and reduced validation errors from 61% to below 15%77. Digital twins 
support soft sensing and control, but most applications remain at the 
pilot scale78. Data fragmentation persists across proprietary logs and 
repositories with inconsistent metadata. To address these limitations, 
FAIR data principles79 and LLM-based extraction80 have successfully 
used knowledge graphs to link formulation, process, structure and 
sensory performance.

AI is opening multiple opportunities for advancing alternative 
protein manufacturing. Engineers can use machine learning and Bayes-
ian optimization to tune high-moisture extrusion parameters to target 
fibrousness, yield and energy efficiency, while digital twins evaluate 
what-if simulations for scale-up and real-time sensing76,81,82. Food sci-
entists can use informatics pipelines to rank plant proteins and design 
blends at scale using rheology–functionality maps that allow ingredi-
ent discovery well beyond commodity sources77,79. LLMs further act as 
formulation copilots, transform unstructured texts into structured 
knowledge graphs and suggest experiments to resolve uncertainty79. 
At the same time, computer vision and hyperspectral analytics can 
advance in-line quality assurance by linking colour and structure to 
sensory proxies to enable continuous assessment during production82. 
Together, these approaches accelerate prototyping, reduce waste and 
bridge lab and industrial manufacturing.

Scaling these tools requires high-quality, shareable datasets that 
link formulations, processes, structures and sensory outcomes with 
standardized metadata. Proprietary and fragmented data currently 
hinder model transfer and benchmarking and underscore the need for 
domain-specific FAIR implementations, shared test beds and commu-
nity baselines78. Ingredient variability remains a crucial bottleneck, and 
robust hybrid models are needed to achieve reliable process control76,81. 
Industrial adoption also demands capital investment, workforce train-
ing and validation on real production lines since most food digital twins 
have not been tested at scale82. Shared data standards and LLM-enabled 
knowledge bases can bridge lab and industrial scales and enable con-
sistent, cost-efficient manufacturing at or below price parity.

Recipes
Beyond production, food preparation shapes consumer experience. 
Individuals and food-service operations must balance enjoyment 
with health, cost, convenience and allergens while advancing broader 
goals such as human and planetary health. LLMs offer strong potential 
because they draw on large recipe datasets and integrate sources such 
as Recipes1M, USDA FoodData Central, the HESTIA climate database 
and Food.com reviews. The key challenge is to embed human knowl-
edge so that models generalize across diverse users, dietary needs and 
cultural traditions.

Recent research evaluates and refines LLMs for recipe gen-
eration, revision and preference prediction. Progress relies on 
fine-tuning, retrieval-augmented generation and integration with 
optimization tools. Benchmarks on Recipe1M show that off-the-shelf 
models produce unreliable outputs83. Fine-tuning improves perfor-
mance84 and supports revision tasks85. A generative model trained on  
2,216 curated burger recipes explored 8.9 × 1043 candidate for-
mulations and identified Pareto-efficient recipes that reduced 
environmental impact without compromising taste43. In blinded 
restaurant surveys, some AI-generated burgers outperformed the 
Big Mac benchmark in flavour, texture and overall liking86. Other 

work demonstrates retrieval-augmented generation for recipes87 
and sustainable menu design88. Some LLMs now match expert food 
scientists in preference modelling88. Combined with optimization 
algorithms, these models can generate recipes that meet nutritional 
and sustainability targets.

The ability to generate recipes under explicit constraints creates 
opportunities across individual and institutional contexts. For indi-
viduals, 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 AI-driven feedback to refine their 
skills89. In institutional settings, LLMs could support food-service 
operations in offices, universities or hospitals, tailoring descriptions, 
ingredients and preparation methods under strict constraints. This 
is particularly valuable in programmes such as Food as Medicine, 
which deliver cost- and time-sensitive meals for patients with chronic 
conditions after hospital discharge90. In all these scenarios, AI could 
accelerate constrained recipe generation, broaden access to healthy 
and sustainable foods and scale public health interventions that rely 
on tailored meal planning.

Despite this promise, important challenges remain. Off-the-shelf 
LLMs perform unevenly across cultures, fail to capture diverse prefer-
ences and produce numerically inconsistent or unsafe outputs. They 
lack molecular-level understanding and have limited knowledge of food 
safety. Training models from scratch requires substantial resources. 
These limitations introduce risks of impractical or unsafe recipes and 
increase environmental costs. Mitigation strategies include integrating 
external datasets, using open-source pre-trained models and coupling 
LLMs with optimization tools. Beyond technical concerns, systems 
must preserve user agency and support human expertise. A more 
human-centred approach would allow LLMs to assist with drafting 
and revision, while users adapt recipes to their needs, preferences 
and cultures.

Conclusions
AI is beginning to transform food science across the entire innovation 
cycle, from ingredient design, formulation development, and fermen-
tation and production to texture analysis, sensory properties, manu-
facturing and recipe generation (Fig. 2). Yet, the field’s true potential 
lies not only in optimizing today’s processes but also in charting a bold 
trajectory for the future of food as a programmable, predictive science. 
Building on recent advances, we envision four major areas that define 
the frontier of AI for sustainable food production.

Future materials for food innovation
Treating food as a programmable biomaterial creates opportunities 
to design ingredients from first principles: texture, functionality, 
stability and sensory perception emerge from multiscale interac-
tions among proteins, carbohydrates, lipids and processing condi-
tions20. This perspective enables the design of edible films and gels 
with controlled nutrient release and plant-based meat analogues with 
tailored mechanical and sensory performance. Advances in protein 
design, including AlphaFold and diffusion-based generative models91, 
point towards de novo edible proteins with tunable functionality. 
Early work in cellular agriculture, such as engineered fat and muscle 
cells with modified composition92, demonstrates this potential, while 
microbial and fungi-based fermentation offer complementary routes. 
Mycelium fermentation can upcycle agricultural side-streams such 
as brewers’ spent grain or fruit pomace into protein- and fibre-rich 
ingredients with distinctive textures and clear links to circularity93. 
A key opportunity lies in integrating molecular design with tunable 
processing, including fermentation and upcycling, to build predictive 
platforms that generate new food materials with targeted properties 
and reduced waste.
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Scientific machine learning for food systems
Scientific machine learning94 hardwires physical, chemical and biologi-
cal principles directly into AI architectures and provides a foundation 
for trustworthy and scalable food innovation. Physics-informed neural 
networks95 enforce conservation laws in data-sparse settings96 such as 
fermentation and extrusion. Constitutive artificial neural networks97 
embed mechanical laws to discover physically interpretable models 
of food texture and rheology63. Sparse identification of nonlinear 
dynamics98 discovers compact governing equations from experimental 
data and can reveal the kinetics of ingredient interactions or microbial 
growth. The opportunity ahead is to couple physics-based machine 
learning with data-driven models to achieve interpretable, general-
izable predictions under sparse data and enable mechanism-aware 
food design.

Automation and self-driving labs
Empirical trial-and-error methods based on rheology, sensory pan-
els and compositional analysis have long shaped food science, but 
they remain slow, costly and hard to scale. Generative AI, robotics and 
high-throughput experimentation enable self-driving labs that design, 
test and refine food materials within a closed-loop design–build–test–
learn cycle, accelerating systematic exploration across scales. Recent 

advances in automated model discovery with custom-designed con-
stitutive neural networks show how AI can autonomously identify the 
best models, parameters and even experimental protocols directly from 
data97—a method already successfully applied to compare plant-based 
and animal meats63, deli products99 and fungi-based steak93. Agentic AI 
systems such as Sparks100, BioDiscoveryAgent101 and the Virtual Lab102 
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 bio-
reactors and in-line quality sensors61,103. A fully automated discovery 
pipeline that links synthesis, characterization and modelling would 
substantially accelerate innovation in sustainable, personalized and 
scalable food production.

Deep reasoning models
AI models with reasoning capabilities will become central to self-driving 
lab infrastructure (Fig. 4). The emerging discipline of AI for food will 
benefit from rapid progress in reasoning models and agentic systems 
that design and execute tasks with external tools104. Current genera-
tive models propose molecules and recipes, but they rely on static 
datasets and struggle to assess feasibility, manufacturability and 
emergent properties. Closing this gap requires systems that generate 
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Fig. 4 | Next-generation AI systems for scientific discovery in food.  
a, Multimodal AI integrates diverse data types such as text, images, graphs 
and molecular structures. b, First-principles AI reasoning models perform 
iterative thinking and hypothesis generation. c, A possible workflow applies 
these capabilities to edible protein design and predicts structure, mechanics 
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relationships. d, The transition from conventional retrieval-based AI to 
reasoning-enabled, self-reflective AI enables exploration, discovery and 
ultimately the generation of novel, functional foods.
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protein sequences, simulate folding and mechanics and predict sen-
sory outcomes such as flavour and texture within an interpretable, 
self-improving loop. Deep reasoning models define the next frontier 
beyond pattern recognition and instead hypothesize, simulate and 
generate data. They integrate protein sequences, structural mechan-
ics, metabolic fluxes and sensory responses to predict how molecular 
composition translates into taste, texture and stability20. They can 
reduce the simulation-to-reality gap by validating predictions against 
experiments and updating models in real time. Such approaches can 
guide experiment selection62, integrate results into finite element 
simulations of oral processing105 and predict sensory perception from 
physical principles63. By embedding sustainability constraints, cultural 
diversity and personalized health data, these systems can design foods 
that meet functional, nutritional and societal goals. The ultimate goal is 
a closed-loop, reasoning-driven platform that designs, tests and refines 
food materials with predictive accuracy across scales.

Limitations and risks
This Review uses sustainable proteins as a test bed for AI-enabled food 
systems and focuses on post-harvest product development, from 
ingredients to recipes. It does not cover upstream agriculture, sup-
ply chains, packaging, safety testing or retail analytics, domains that 
also adopt AI and merit dedicated reviews. Benchmarking remains lim-
ited by heterogeneous datasets, proprietary silos and weak metadata 
standards, which constrain reproducibility and global representation. 
AI integration also introduces technical and societal risks, including 
limited transferability, domain shift and bias from sparse data. In food 
systems, these risks carry direct safety implications: inconsistent out-
puts may yield unsafe formulations, opaque optimization may hide 
allergen or nutritional trade-offs and automated processes raise safety 
and biosecurity concerns. Responsible use of AI requires transparent 
benchmarks, physics-informed constraints, human-in-the-loop valida-
tion, regulatory alignment and inclusive data design. AI must augment 
expert oversight to ensure safe, scalable and sustainable innovation.

Outlook
Taken together, these four areas define a path towards a predictive and 
design-driven science of food. AI can link molecular composition to 
structure, processing and perception and integrate these levels into 
closed-loop systems that design, test and refine foods across scales. 
From programmable biomaterials and physics-informed models to 
self-driving laboratories and reasoning-based AI, the field now has the 
foundations to move from empirical optimization to mechanism-aware 
design. Realizing this vision will require interoperable data standards, 
rigorous benchmarking and platforms that integrate experiments, simu-
lations and learning. Progress will also depend on human-centred design 
that embeds cultural context, nutrition and safety into AI systems. If 
these challenges are addressed, AI will not only accelerate food innova-
tion but also establish a new paradigm in which food design becomes 
predictive, scalable and aligned with both human and planetary health.
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