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Generative artificial intelligence creates
delicious, sustainable, and nutritious

burgers
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Vahidullah Tac' >4, Christopher D. Gardner® & Ellen Kuhl'

Food choices shape both human and planetary health; yet, designing foods that are delicious,
nutritious, and sustainable remains challenging. Here we show that generative artificial intelligence
can learn the structure of the human palate directly from large-scale, human-generated recipe data to
create novel foods within a structured design space. Using burgers as a model system, the generative
Al rediscovers the classic Big Mac without explicit supervision and generates novel burgers optimized
for deliciousness, sustainability, or nutrition. Compared to the Big Mac, its delicious burgers score the
same or better in overall liking, flavor, and texture in a blinded sensory evaluation conducted in a
restaurant setting with 101 participants; its mushroom burger achieves an environmental impact score
more than an order of magnitude lower; and its bean burger attains nearly twice the nutritional score.
Together, these results establish generative Al as a quantitative framework for learning human taste

and navigating complex trade-offs in principled food design.

Food choices rank among the most consequential decisions humans make,
with far-reaching implications for both personal and planetary health'. The
global food system contributes substantially to climate change’, drives land-
use change and biodiversity loss’, depletes freshwater resources®, and pol-
lutes terrestrial and aquatic ecosystems’. Sustaining the Earth within a safe
operating space for humanity requires a rapid transition toward more
sustainable food systems".

The same system exerts a dominant influence on human health”. More
than one billion people consume diets that fail to meet basic nutritional
needs’, while many more experience micronutrient deficiencies’. Poor
dietary patterns contribute substantially to the global burden of chronic
non-communicable diseases', including type II diabetes'' cardiovascular
disease'?, and certain cancers"’. Diet thus links environmental sustainability
and human health through shared consumption patterns'*.

Consumer acceptance, rather than availability, remains the central
bottleneck in the adoption of sustainable and nutritious foods'". Deficits in
taste', texture'’, and cultural familiarity'® continue to limit uptake, even
when environmental and nutritional benefits are clear'’. Designing foods
that satisfy environmental and nutritional objectives, while meeting sensory
expectations, demands a quantitative understanding of the human palate™.
Yet, conventional food development relies heavily on artisanal expertise and
incremental trial-and-error, which constrains systematic exploration of
large design spaces and slows innovation®'.

To address this gap, we leverage generative artificial intelligence to
model human food preferences as a high-dimensional probability dis-
tribution, with burgers as a model system™. Rather than encoding rules for
flavor or texture, the model learns statistical regularities directly from
ingredient combinations and quantities. Unlike transformer-based large
language models™ that generate recipes through next-token prediction in
natural language™, our custom-designed diffusion model learns a structured
probability distribution over ingredient identities and quantities. This
probabilistic formulation enables quantitative sampling, controllable
novelty, recipe rediscovery, and explicit optimization with respect to
environmental impact and nutritional quality, while remaining grounded in
consumer-relevant designs. While large language models excel at generating
culinary instructions™ and broad world knowledge™, diffusion-based gen-
erative models provide greater control over ingredient compositions and
probabilistic exploration of structured food design spaces. We fest the
hypothesis that generative artificial intelligence can learn the human palate
and create burgers that taste the same or better than the classic Big Mac®.

The Big Mac® ranks among the most widely consumed burgers
worldwide?, it is sold in more than 100 countries™, and its price serves as a
widely used informal indicator of purchasing power parity across
currencies”. This global familiarity makes the Big Mac® a stringent
benchmark to evaluate whether a generative model captures collective
human taste preferences. To test this premise, we evaluate the model using
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Generative Al for Burgers
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Fig. 1| Generative Al for Burgers. High-level model architecture with multinomial
diffusion model for ingredient selection and score-based diffusion model for

ingredient quantification (a); comparison of training and sampling data in terms of
ingredients by quantity (b) and popularity (c); strongly correlated pairs (d); and total

number of ingredients (e); distribution of palatability score, environmental score,
and nutritional score in 1 million samples where a high palatability (green) indicates
a popular ingredient combination and a low palatability (red) indicates a rare
ingredient combination (f).

two discovery benchmarks: the rediscovery of the Big Mac® from statistical
structure alone and the creation of novel burgers that retain high consumer
acceptance.

Beyond validation, we integrate environmental sustainability and
nutritional quality as additional criteria to select from a large ensemble of
generated recipes. We quantify environmental impact using land use,
greenhouse gas emissions, eutrophication potential, and scarcity-weighted
water use”, and assess nutritional quality using established profiling fra-
meworks, including the healthy eating index”’. By sampling broadly and
selecting recipes that jointly satisfy palatability, sustainability, and nutrition,
we show that generative artificial intelligence can identify burgers that
substantially reduce environmental impact and improve nutritional quality
without abandoning cultural familiarity. Sensory validation with more than
100 participants confirms that the model correctly captures human taste
preferences and creates burger recipes that match or exceed the sensory
appeal of the classic Big Mac®.

Results

Generative Al successfully creates burger recipes

We first validate the generative AI model by testing whether it reproduces
key statistical properties of 2216 human-designed burger recipes while
generating novel combinations (Fig. 1). The model architecture combines a
multinomial diffusion model for ingredient selection with a score-based
generative model for ingredient quantification, which together generate
complete burger recipes defined by 146 ingredients and their quantities (Fig.
la). Comparison of generated samples with the training data shows close
agreement across multiple marginal and higher-order statistics: In

particular, the model reproduces the distributions of ingredient quantities
(Fig. 1b) and ingredient popularity, defined as the probability of ingredient
occurrence across recipes (Fig. 1c), which demonstrates that it learns both
how often ingredients appear and in what amounts. The model also captures
higher-order structure, including strong positive and negative correlations
between ingredient pairs commonly observed in real recipes (Fig. 1d), and
accurately matches the distribution of recipe length, measured by the total
number of ingredients per burger (Fig. le). After establishing statistical
fidelity, we generate one million burger recipes and map their palatability,
environmental, and nutritional scores to reveal the structure of the gener-
ated design space (Fig. 1f). Recipes with high palatability scores cluster in
regions associated with popular, conventional ingredient combinations with
lower nutritional and medium environmental scores, whereas recipes with
low palatability scores occupy regions associated with rare or unconven-
tional combinations, consistent with human culinary preferences. Together,
these results demonstrate that the generative model learns the underlying
distribution of real human-designed burger recipes and enables systematic
exploration of trade-offs between palatability, nutrition, and environmental
impact.

Generative Al rediscovers classic burgers and creates novel
designs

We next assess whether the generative AI model can both rediscover
canonical burger recipes and generate novel, appealing alternatives (Fig. 2).
We quantify similarity between generated samples and a reference recipe
using a substantial difference score, where SDS = 0 indicates a match in
ingredients and quantities, and SDS > 0 measures increasing novelty (Fig.
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Fig. 2 | Rediscovering Classic Burger and Discovering of Delicious Burgers. The
generative Al rediscovers classic burgers and discovers novel burgers from random
Al generated samples, where a substantial difference score of zero, SDS = 0, defines a
match between a classic recipe and the sample, and a substantial difference score

larger than zero, SDS > 0, defines the novelty score of the sample (a); rediscovered

recipe of the Big Mac® as representative Classic Burger (b); discovered recipes of
Delicious Burger 1 with SDS > 3 and Delicious Burger 2 with SDS > 6 (¢, d); number
of samples needed to rediscover the Big Mac® for n = 10 randomizations (e); con-
sumer feedback for Delicious Burger 1 and Delicious Burger 2 compared to the Big
Mac® (f, g); * indicates statistical significance (p < 0.05).

2a). From random samples, the model successfully rediscovers the classic
Big Mac®, both in correct ingredients and weights, although the Big Mac®
was never part of the initial training data (Fig. 2a). Across ten independent
randomizations, rediscovering the Big Mac® requires on average 7.3 million
samples which demonstrates that exact replication of recipes is a low-
probability event under the learned distribution (Fig. 2e). Beyond redis-
covery, the model generates new burgers with varying degrees of novelty,
illustrated by two representative recipes, the Delicious Burger 1 with SDS =3
and the Delicious Burger 2 with SDS = 6, which exhibit progressively more
distinct ingredient profiles while retaining familiar burger structure (Fig. 2c,
d). Sensory evaluation indicates that the two delicious burgers achieve
consumer ratings that are comparable to, and in some cases exceed, those of
the classic Big Mac® (Figs. 2f, g): Delicious Burger 1 received significantly
higher ratings than the Big Mac® for flavor (5.8 + 1.3 vs. 5.4 + 1.5) and
Delicious Burger 2 for overall liking (5.7 + 1.2 vs. 5.3 £ 1.5) and flavor (5.8 +
1.3 vs. 5.4 £ 1.5), whereas both texture ratings did not differ significantly
from the Big Mac® (n = 101, p < 0.05). Participants more frequently
described the Delicious Burger 1 as meaty (67% vs. 42%), moist (60% vs.
32%), and fatty (40% vs 12%) than the Big Mac®, and the Delicious Burger 2
as meaty (66% vs 42%) and smoky (47% vs. 4%) than the Big Mac® (n =101;
paired comparisons, p < 0.05) Together, these examples validate the gen-
erative Al model by demonstrating its ability to internalize canonical burger
recipes and generate novel, delicious, and palatable designs.

Generative Al creates sustainable burgers

We next evaluate whether the generative Al model can identify and generate
burger recipes with reduced environmental impact while maintaining
consumer acceptance (Fig. 3). We quantify sustainability using an envir-
onmental impact score that aggregates ingredient-level contributions from
land use, eutrophication potential, scarcity-weighted water use, and
greenhouse gas emissions (Fig. 3a). Analysis of the training data shows that
environmental impact scores vary substantially across recipes of different

primary protein sources, with lamb- and beef-based recipes exhibiting
systematically higher impacts than poultry- and mushroom-based recipes
(Fig. 3b). Sampling one million recipes from the model enables identifica-
tion of sustainable burger candidates, illustrated by two representative
examples, Sustainable Burger 1 and Sustainable Burger 2, which differ in
ingredient composition and dominant protein source (Fig. 3¢, d). Sustain-
able Burger 1, a mushroom-based formulation, achieves an environmental
impact score of 0.06, more than one order of magnitude lower the Big Mac®
with 0.93, whereas Sustainable Burger 2, a mushroom-beef blend, with 1.02
ranks comparable to the Big Mac®(Fig. 3e). Consumer feedback indicates
that Sustainable Burger 1 scores modestly below the Big Mac® in overall
liking, flavor, and texture, whereas Sustainable Burger 2 performs on par
with the Big Mac® in these categories. Sensory evaluation indicates that the
two sustainable burgers achieve consumer ratings that differ in systematic
ways from those of the classic Big Mac® (Fig. 3f, g): Sustainable Burger 1
received significantly lower ratings than the Big Mac® for overall liking
(4.8+1.8vs.5.3+1.5),flavor (5.0 +1.9vs.5.4 + 1.5),and texture (4.5 + 1.9 vs.
5.2 £ 1.5), whereas ratings for Sustainable Burger 2 did not differ sig-
nificantly from the Big Mac® across these attributes (n = 101; p < 0.05).
Participants more frequently described the Sustainable Burger 1 as earthy
(63% vs. 2%), strong (37% vs. 14%), moist (53% vs. 32%), and soft (50% vs.
25%) than the Big Mac®, and the Sustainable Burger 2 as smoky (55% vs.
4%), moist (49% vs. 32%), and fatty (30% vs. 12%) (n = 101; paired com-
parisons, p < 0.05 for all reported attributes). Together, these results validate
that the generative AI model successfully navigates the trade-off between
sustainability and palatability and discovers burgers with markedly reduced
environmental impact without compromising taste.

Generative Al creates nutritious and personalized burgers

We next evaluate whether the generative AI model can identify burger
recipes optimized for nutritional quality and adapt them to individual
dietary needs (Fig. 4). We quantify nutrition using the healthy eating index,
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Fig. 3 | Generating Sustainable Burgers. The generative Al generates sustainable
burgers from random AI generated samples, where the environmental impact score
defines the collective impact of all ingredients in the recipe on land use, eutrophi-
cation potential, scarcity-weighted water use, and greenhouse gas emissions (a);
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poultry, and mushroom (b); generated recipes of Sustainable Burger 1 and Sus-
tainable Burger 2 (c, d); environmental impact scores of Sustainable Burger 1 and
Sustainable Burger 2 (e); consumer feedback for Sustainable Burger 1 and Sus-
tainable Burger 2 compared to the Big Mac® (f, g); * indicates statistical significance
(p < 0.05).

which aggregates contributions from food groups to promote, fatty acid
composition, and nutrients to limit (Fig. 4a). Analysis of the training data
reveals substantial variation in healthy eating index across recipes with
different primary protein sources, with bean- and mushroom-based recipes
exhibiting systematically higher nutritional scores than beef- and lamb-
based recipes (Fig. 4b). Sampling one million recipes enables identification
of a representative Nutritious Burger with a high nutritional score, which
occupies a favorable region of the nutritional-environmental design space
compared to the other AI generated burgers (Fig. 4c, d). The Nutritious
Burger, a bean-based formulation, achieves a healthy eating index of 63.12,
nearly twice as high as the Big Mac® with 33.71, while also reducing its
environmental impact score by a factor of six (Fig. 4c). Relative to the Big
Mac®, the Nutritious Burger shows improved alignment with dietary
guidelines across multiple healthy eating index components, including
increased contributions from vegetables, whole grains, and plant protein,
alongside reduced refined grains, sodium, and saturated fat (Fig. 4e).
Consumer feedback reveals a clear reduction in hedonic ratings for the
Nutritious Burger relative to the Big Mac® (Fig. 4f): The Nutritious Burger
received significantly lower ratings than the Big Mac® for overall liking (3.8
+ 1.7 vs. 53 + 1.5), flavor (4.0 + 1.8 vs. 5.4 + 1.5), and texture (3.7 + 1.8 vs.
5.2 + 1.5) (n = 101; p < 0.05). Participants more frequently described the
Nutritious Burger as earthy (55% vs. 2%), bland (43% vs. 21%), dry (51% vs.
18%), soft (50% vs. 25%), and grainy (42% vs. 7%), and less savory (27% vs.
53%) than the Big Mac® (n = 101; paired comparisons, p < 0.05 for all
reported attributes). Beyond population-level optimization, the AT model
also generates personalized burger recipes tailored to individual nutritional
requirements. We demonstrate this feature by producing personalized
recipes for a highly active 15-year-old male and a moderately active 70-year-
old female, which differ in ingredient composition and quantities in
accordance with age- and activity-specific dietary needs (Fig. 4g). Finally, a
direct comparison across all six burgers highlights systematic trade-offs
between ingredient count, novelty, environmental impact, and nutrition,
and places the AI generated burgers in distinct regions of this multi-
objective design space (Fig. 4h). In this design space, Delicious Burger 1 and
Delicious Burger 2 score best in overall liking, flavor, and texture, whereas
Sustainable Burger 1 and Nutritious Burger score best in nutrition and

environment (Fig. 4i). Together, these results validate that the generative Al
model can optimize for nutritional quality at both the population and
individual levels while maintaining sensory acceptance.

Discussion

Learning the structure of food design

A central result of this study is that generative Al can learn the latent
structure of food design directly from large-scale, human-generated
recipe data™. Rather than reproducing superficial statistics, the model
captures higher-order regularities that define burgers as a culinary class,
including ingredient co-occurrence, typical recipe length, and char-
acteristic quantity distributions. This perspective echoes broader find-
ings from data-driven culinary science, such as the flavor network
approach that uncovers principled patterns of ingredient co-occurrence
across tens of thousands of recipes in global cuisines”. The ability to
internalize the statistical grammar of recipes reflects the high-
dimensional and nonlinear nature of human taste, which emerges
from complex interactions among ingredients rather than simple
additive rules™. Importantly, the rediscovery of classic benchmarks such
as the Big Mac®-without explicit supervision-demonstrates that cul-
turally dominant foods occupy high-probability regions of the learned
design space and validates the model against widely recognized culinary
reference points. This result is particularly remarkable given that the
combinatorial recipe space spans 2'*, i.e., more than 10* possible
ingredient combinations™. Together, these findings support the view
that recipes encode collective human taste knowledge accumulated over
decades, and that generative models can extract this knowledge to form
an interpretable and navigable design manifold. This reframes food
formulation from an artisanal, trial-and-error practice into a data-
driven design science and positions recipes as a natural and human-
centered interface between culinary tradition and artificial intelligence.

Exploring novelty without sacrificing palatability

Beyond learning existing culinary structure, the generative model
enables controlled exploration of novel burger designs while preserving
sensory appeal. By explicitly quantifying novelty through a substantial
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difference score, we show that departures from canonical recipes do not
inherently lead to diminished consumer acceptance. Instead, the model
identifies regions of the design space where novelty and palatability
coexist: It discovers burgers that differ meaningfully in ingredient
composition and proportions while maintaining ratings for liking, fla-
vor, and texture comparable to widely consumed references. This
behavior reflects the high-dimensional and nonlinear nature of human
taste, which emerges from complex interactions among ingredients and
cannot be navigated reliably through intuition or simple empirical rules
alone™. It also aligns with systematic analysis showing that consumer
acceptance of novel foods depends on intrinsic sensory properties such
as taste and familiarity as well as psychological factors such as neophobia
and food experience'®. The rediscovery of classic burgers alongside
successful novel variants suggests that cultural familiarity anchors broad
regions of acceptability within the culinary design space that enable
innovation without alienating consumer expectations35. In this context,
generative Al provides a principled framework for exploring non-linear
trade-offs between familiarity and novelty, and reframes culinary

innovation as navigation of a structured, data-driven design manifold
rather than trial-and-error experimentation.

Environmental sustainability as a system-level design objective
A key contribution of this work is demonstrating that generative Al can
substantially reduce the environmental impact of burgers while remaining
grounded in consumer-relevant designs. Livestock production is a major
driver of greenhouse gas emissions, land use, and biodiversity loss™; yet,
consumer adoption of lower-impact alternatives remains limited by taste,
texture, and familiarity”’. Our results show that sustainability emerges not
from isolated ingredient substitutions, but from coordinated changes across
entire recipes. This yields designs that achieve large reductions in envir-
onmental impact through system-level rebalancing of ingredients. This
finding aligns with broader evidence that dietary sustainability depends on
integrated  food-system redesign rather than single-ingredient
replacements™. Notably, the mushroom-only burger achieves an environ-
mental impact score more than an order of magnitude lower than that of a
conventional reference burger, while the mushroom-blended burger retains
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comparable impact and sensory performance. This highlights that envir-
onmental performance depends on interactions among ingredients, rather
than any single component, and that generative models are well-suited to
navigating such non-linear, multi-objective trade-offs. By embedding life-
cycle considerations directly into the generative process, the model identifies
sustainable designs that remain recognizable as burgers and addresses a
central bottleneck in alternative protein adoption-acceptance rather than
availability-a challenge repeatedly emphasized in studies of consumer
response to plant-based and hybrid meat alternatives”. Together, these
findings bridge the gap between environmental metrics and consumer-
facing design, and position generative Al as a practical tool for system-level
optimization of food sustainability.

Nutrition and personalization as explicit design criteria

An additional contribution of this work is demonstrating that nutritional
quality can be treated as an explicit, quantitative design objective, rather
than a secondary outcome of food formulation. By optimizing generated
recipes with respect to the healthy eating index’’, the model identifies
burgers that substantially outperform widely consumed benchmarks,
achieving nearly twice the nutritional score of a conventional reference
burger, while simultaneously reducing environmental impact by a factor of
six. This result underscores that improvements in nutrition and sustain-
ability need not be mutually exclusive, but instead emerge from coordinated,
system-level adjustments across ingredient composition and quantities™.
Importantly, the Al-generated nutritious burger achieves this performance
using recognizable whole-food ingredients and a relatively short ingredient
list, which directly addresses growing concerns around ultra-processed foods
and additive-heavy formulations that undermine consumer trust. Extend-
ing beyond population-level optimization, the Al model demonstrates the
ability to translate dietary reference intakes into concrete, consumer-facing
food designs by personalizing recipes based on age, sex, and activity level,
building on earlier initiatives to personalize nutrition based on glucose
levels®. Together, these findings position generative Al as a practical bridge
between nutritional science and everyday eating and enable objective
comparison, optimization, and personalization of foods within a unified
design framework.

Limitations and scope

This study has several limitations that define the scope of the reported
results. First, the generative model learns from existing, human-designed
recipes and therefore inherits cultural, regional, and temporal biases present
in the source data, which primarily reflect Western-style burger traditions.
Second, the recipe representation includes only ingredient identities and
quantities and does not explicitly account for processing steps, cooking
methods, physicochemical transformations, or water redistribution during
cooking that influence texture and flavor. As a result, the current framework
cannot guarantee reproducibility of specific culinary profiles without stan-
dardized preparation protocols, culinary expertise, and additional physi-
cochemical characterization. Third, the environmental and nutritional
scores rely on aggregated databases and global averages and do not reflect
variability associated with specific production practices, energy systems,
agricultural methods, or supply chains. Accordingly, we should interpret the
reported environmental impacts as comparative estimates rather than
universal or absolute values. Fourth, sensory validation focused on a limited
set of generated burgers and participants, and broader studies will be
required to establish generalizability across populations and contexts.
Despite these constraints, the model provides a flexible and extensible fra-
mework for multi-objective food design.

Broader implications and future outlook

This work demonstrates how generative Al can shift food formulation from
artisanal trial-and-error toward a quantitative, data-driven design science™.
By learning directly from large-scale recipe data, the Al model functions as a
domain-specific world model of contemporary burger design as it captures
the statistical regularities and trade-offs that shape plausible and desirable

foods. This enables systematic exploration of deliciousness, nutrition, and
sustainability while remaining grounded in cultural familiarity, where
adoption-rather than novelty—emerges as the central challenge in food
innovation”. More generally, food offers a uniquely human-centered
domain for generative Al, where models can align optimization objectives
with sensory feedback, health, and environmental constraints®. Future
work should extend this framework beyond ingredient selection and
ingredient quantification toward richer representations that include pro-
cessing, cooking, physicochemical properties, sensory descriptors, cost,
supply-chain variability, and consumer subgroups. Such extensions would
connect generative recipe design more directly to related efforts in data-
driven culinary science®, alternative protein development ', sustainable diet
modeling™, and personalized nutrition®. Ultimately, these advances could
support end-to-end food design and establish generative Al as a colla-
borative tool at the intersection of human creativity, engineering, and pla-
netary health.

Discussion

This work shows that generative Al can reimagine food formulation as a
quantitative, data-driven design process rooted in human preferences
and measurable constraints. By learning directly from large-scale recipe
data, the model captures the structure of burger design within the cul-
tural and culinary scope of the training data and enables systematic
exploration across taste, nutrition, and sustainability. Consumer feed-
back validates the generative model by confirming that its designs align
with human taste preferences while delivering substantial improve-
ments in nutritional quality and environmental impact relative to con-
ventional benchmarks. Beyond burgers, this approach points toward a
new paradigm for Al-driven food design that unites culinary creativity
with human and planetary health.

Methods

Model architecture, training and validation

Food recipes are hybrid discrete-continuous objects that require ingredient
selection and ingredient quantification. Here we represent each burger recipe
solely by its ingredients and their associated weights. Accordingly, a recipe
Xo = {m, w}, consists of a binary ingredient mask m € {0, 1}* that indicates
presence or absence of each ingredient and the ingredient weight w € RX.
We adopt a two-stage diffusion-based framework that decouples ingredient
selection from ingredient quantification: Specifically, we integrate a multi-
nomial diffusion model'' to generate ingredient masks with a score-based
generative model” to generate ingredient weights conditional on a given
mask (Fig. 1a, Supplementary Material S.1.2).

Diffusion-based recipe generation. Conceptually, diffusion models
learn burger design by progressively randomizing existing recipes into
noisy ingredient combinations and then learning how to reverse this
process to reconstruct realistic burgers™. Once trained, the model starts
from random noise and iteratively samples plausible ingredient combi-
nations and quantities that resemble human-designed recipes. Formally,
diffusion models define a forward stochastic process q(x,/x,_;) that gra-
dually adds noise to data samples x, to produce latent variables x, that
increasingly obscure the original data throughout t=1, ..., T time steps*.
The learnable component is the reverse stochastic process p(x,_i|x,),
which progressively removes noise and enables generation from an
unstructured prior. We train the diffusion model by maximizing a var-
iational lower bound on the data likelihood, which corresponds to the
evidence lower bound,

T
X, 11X
t=1 1 —1

Here P(x,) denotes the marginal likelihood of an observed burger recipe
under the generative model, obtained by integrating over all latent
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loop overalln=1...1M recipes

filter all recipes with...
novelty score 3 -
novelty score 6 -
& environmental impact score< 0.5 -
€ ingredients beef and mushroom -
@ healthy eating index in 95t percentile -

delicious 1
delicious 2
sustainable 1
sustainable 2
nutritious

&b 6D

loop over all f=1...fy recipes in filtered list
loop over all n=1..1M recipes
calculate SDS(recipe(f), recipe(n)); if SDS=0 then prevalence(f) ++

( select the five burgers & & @ with the highest prevalence(f) j

Fig. 5 | Generative Al for Burgers. Algorithmic workflow for selecting the five AI-
generated burgers used in the sensory survey. We first sample one million burger
recipes from the trained diffusion model and filter recipes for deliciousness, sus-
tainability, and nutrition. For each filtered subset, we compute the substantial dif-
ference score (SDS) relative to all one million recipes and quantify recipe prevalence
through the number of SDS = 0 matches. We then select the burgers with the highest
prevalence within each design category under the hypothesis that the most prevalent
recipes are the most palatable.

diffusion variables, where x, is a human-designed burger recipe, x, is its
progressively noised representation, ¢ is the fixed forward process, p is
the learned reverse denoising process, and [E is the expectation operator
that denotes an average over noise realizations drawn from the forward
diffusion process.

Ingredient selection via multinomial diffusion. We model ingredient
selection using a multinomial diffusion process in which ingredient
presence is treated as a categorical variable. We define the forward pro-
cess as

qx,|x,_,) = C(X,|(l - ﬁt)xr—l + ﬁt/K)7

where C denotes a categorical distribution with the parameter listed after the
vertical bar |, §; controls the noise level at time step ¢, and K is the number of
categories. In our application, ingredient selection is binary, K = 2, meaning
an ingredient is either present or absent. The above equation reduces to a
Bernoulli distribution with parameter (1 — B)x;_; + B{1 — X,_1), which
flips ingredient inclusion from present to absent or vice versa with a
probability B, and keeps it the same with a probability (1 — ;). As tincreases,
the ingredient mask becomes progressively randomized, while the learned
reverse process reconstructs statistically plausible ingredient combinations,
which inherently capture dependencies between ingredients that commonly
co-occur in burger recipes.

Ingredient quantification via score-based diffusion. Conditional on a
given ingredient mask, we generate ingredient quantities using a score-
based generative model formulated through stochastic differential
equations. The forward noising process is

dx, = f(x,, t)dt + g(¢)dB,,

and the reverse-time denoising process is

dx, = [g2()V, logp,(x) — f(x,, )] dt + g(t) dB,,

where B, is a K-dimensional Brownian motion, B, is its time reversal, and f
and g define the drift and diffusion coefficients****. Here, rather than
learning the probability density p,(x) directly, we approximate the score
function V, log p,(x) using a neural network to enable efficient sampling of
ingredient weights consistent with observed distributions in human-
designed burger recipes.

Dataset and training. We train our model on a curated burger dataset
derived from an open-source collection of over half a million human-
designed recipes from Food . com™*. We filter all recipes for burgers,
extract ingredients, quantities, and units from free texts, and standardize
and convert the data into a structured representation. The final dataset
consists of 2,216 burger recipes made up of 146 ingredients (Suppl.

Material S.1.1, Suppl. Tables 1 and 2).

Model validation and statistical fidelity. The trained model accurately
reproduces both first-order and higher-order statistical properties of the
training data: The ingredient selection model estimates the marginal
probability of each ingredient appearing in a random burger recipe with a
maximum absolute error below 1% (Fig. 1b). The ingredient quantifi-
cation model predicts quantities in previously unseen recipes with a mean
absolute error of 101.9 g (Fig. 1¢), despite the extrapolatory and highly
stochastic nature of the problem. Beyond marginal statistics, the model
captures higher-order structure, including pairwise ingredient correla-
tions (Fig. 1d) and number of ingredients per recipe (Fig. 1b, e). These
properties are not explicitly enforced during training, but emerge from
the learned generative process (Suppl. Material S.1.3, Suppl.
Figs. 1 and 2).

Substantial difference score to quantify similarity. Quantifying the
proximity between recipes and grouping similar recipes is useful for
various applications, for example, to quantify the novelty of an Al-
generated recipe. For this purpose, we define the semi-discrete substantial
difference score between two recipes r; and r,,

Ming

SDS(ry, 1) = Z dy(ry,1,),
i=1

as the sum of the binary distance d; over all n;,; = 146 ingredients in the
database, with

1 if r;+r,#0andr); -1, =0

dfr;,ry) =< 1 if max(ry;,rp;)/ min(ry;, ry;) =2

0 otherwise.

During rediscovery, we use the substantial difference score of zero, SDS = 0,
to quantify a match between an Al-generated and a human-designed recipe.
During discovery, we use values larger than zero, SDS > 0, to quantify the
novelty of an Al-generated recipe compared to the human-designed recipes
in the training set (Suppl. Material S.1.5).

Popularity score to quantify palatability. Palatability refers to qualities
that make a food item desirable to the human palate, such as flavor,
aroma, and texture. While the human palate displays significant varia-
tions across individuals, we can still quantify the overall palatability of a
food product by measuring its popularity score within the population.
This even extends to patterns in food preparation, as evidenced by the
popularity of some combinations of ingredients compared to others (Fig.
1d). Here we propose to use popularity as a proxy for palatability. Our Al
model learns the probability distribution of the human palate and assigns
higher probabilities to popular recipes, patterns, and combinations. At
the recipe level, more frequent repetitions effectively translate into a more
palatable recipe associated with a higher popularity score.

Generative Al for burgers
We use the trained and validated model to rediscover the classic Big Mac®
and discover five new delicious, sustainable, and delicious burgers (Fig. 5).

The Classic burger. As a proof of concept, we use the generative model
to rediscover the Big Mac®, one of the most widely consumed burgers
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worldwide”, served in more than 100 countries™. This global adoption
reflects a high degree of palatability across diverse populations and makes
the Big Mac® a stringent benchmark for evaluating whether the model
captures widely shared preferences. Because the official recipe is pro-
prietary, we approximate it by synthesizing four independent open-
source recreations into a unified reference recipe”~° (Fig. 1b, Suppl. Figs.
3and 11). We then search for this reference recipe in randomly generated
samples from the model (Fig. 1e). We define rediscovery as a sample with
a substantial difference score of zero, SDS =0, relative to the reference
recipe. The training dataset did not contain the reference Big Mac® recipe
(Supplementary Material S.1.4).

The delicious burger. Next, we use our artificial intelligence to discover
delicious burgers, with a pre-defined novelty score. Specifically, we adopt
the substantial difference score to quantify the novelty of an AI-generated
sample by comparing it to the human-designed recipes in the training set
(Suppl. Material S.1.5). For the Delicious Burger 1, we draw 1 million
samples, filter all samples with SDS > 3, and select the most repeated
sample in the this list as the most palatable recipe with the highest
popularity score (Fig. 2¢, f, Supplementary Fig. 12). For the Delicious
Burger 2, we perform the same steps, but now with SDS > 6 (Fig. 2d, g,
Suppl. Fig. 13).

The sustainable burger. We characterize environmental sustainability
using life cycle assessment data, which estimate the total environmental
impact of agricultural products across production and distribution
chains based on global producer surveys”. We obtain ingredient-level
data from a harmonized environmental database across n = 570 studies™.
Since this database does not include mushrooms, we supplement it with
land-use data from the United States Department of Agriculture® and
freshwater eutrophication potential, scarcity-weighted water use, and
greenhouse gas emissions from European mushroom production™. We
quantify sustainability using a single environmental impact score that
averages normalized land use, aquatic eutrophication potential, scarcity-
weighted water use, and greenhouse gas emissions across ingredients,
weighted by their quantities”” (Suppl. Material S.1.6, Suppl. Table 3,
Suppl. Figs. 4 and 5). For the Sustainable Burger 1, a plain mushroom
burger with an environmental impact sore of 0.06, we draw 1 million
samples, sort them by their environmental impact score, and select the
most repeated recipe overall (Fig. 3¢.f, Suppl. Fig. 14). For the Sustainable
Burger 2, a beef-mushroom blend with an environmental impact sore of
1.02, we perform the same steps, but now select the most repeated recipe
that contains both beef and mushroom (Fig. 3d, g, Suppl. Fig. 15).

The nutritious burger. We quantify nutritional quality using established
nutritional profiling models that compare food and nutrient composition
against dietary guidelines, including the healthy eating index’’, nutri-
score™, and health star rating™. Here we use the healthy eating index
developed by the U.S. Department of Agriculture to assess alignment
with the Dietary Guidelines for Americans and emphasizes food-group
adequacy rather than individual nutrients®”’. We obtain food-group
equivalents from the USDA Food Patterns Equivalents Database™ and
nutrient composition data from USDA FoodData Central*’, and compute
the healthy eating index by aggregating ingredient-level food-group and
nutrient contributions, normalized to 500 kcal servings (Suppl. Material
S.1.7, Suppl. Figs. 6 and 7). For the Nutritious Burger, a bean-based
formulation with a healthy eating index of 63.12, we draw 1 million
samples, sort them by their healthy eating index (Fig. 4e), and select the
most repeated recipe within the top 5% (Fig. 4d, f, Suppl. Fig. 16).

The personalized burger. We account for inter-individual variation in
nutritional requirements using a personalized nutrient profiling model
that tailors recipes to age, sex, body composition, and physical activity
level®. We compute a personalized nutrition score on a 0-100 scale using
individual characteristics, including age, sex, body weight, height, and

physical activity level. We derive nutrient-specific target ranges from
dietary reference intakes and acceptable macronutrient distribution
ranges’"”’, together with World Health Organization guidelines on upper
intake limits for sodium, free sugars, and saturated fats**’. We aggregate
these targets into a single personalized nutrition score for each burger
(Suppl. Material S.1.7). Using this framework, we generate personalized
burger recipes for two representative demographic profiles, a 15-year-
old, 180 cm, 80 kg active male and a 70-year-old, 170 cm, 70 kg mod-
erately active female (Fig. 4g) and additional personalized recipes (Sup-
plementary Fig. 8).

Burger validation

Burger preparation. Our Al-generated recipes specify ingredients and
quantities only, and do not include the processing or cooking steps
needed to prepare the actual burgers. We therefore engage an executive
chef to translate each ingredient list into standardized preparation,
cooking, and assembly protocols, including ingredient handling, cut-
ting, seasoning, cooking method, and burger assembly (Suppl. Material
S.3). We then provide these finalized protocols to an independent group
of chefs, who prepare the five Al-generated burgers and obtain the
original Big Mac® for comparison in the sensory survey (Suppl.
Material S.4).

Sensory survey. We conduct a blind sensory evaluation with n = 101
voluntary participants from the general population at an active restaurant
in San Francisco, CA, in accordance with Stanford University Institu-
tional Review Board guidelines (Supplementary Fig. 9). Each participant
evaluates all six burgers on a 7-point Likert scale for overall liking, flavor,
and texture, and answers check-all-that-apply questions for 12 flavor-
and I5 texture-related attributes (Suppl. Material S.2, Supplementary
Data). All survey responses are fully anonymized.

Demographics. Of the n = 101 participants, 47.5% are male, 47.5%
female, 3% non-binary, and 2% prefer not to say; 22% are 18-25 years old,
26% are 26-35,19% are 36-45, 18% are 46-55, and 16% are older than 55;
65% are omnivores and 35% are flexitarians; the highest degree of edu-
cation of 4% is a high school degree, 24% college, 50% batchelor’s, 11%
master’s, 8% Ph.D. or higher, and 3% trade school; 4% eat burgers every
day, 20% 2-3 times per week, 31% once a week, 27% 2-3 times per month,
16% every 1-2 months, and 3% 4-5 times per year (Supplementary
Fig. 10).

Power and sample size. We select the number of participants, n = 101,
to balance feasibility with statistical power. For the Likert-scale ratings,
this sample size enables detection of small-to-moderate effect sizes using
two-sided Welch’s t-tests. For the binary sensory attributes, the sample
size provides > 80% power to detect differences of more than 20%
between burgers at a significance level of p < 0.05 using paired compar-
isons. We did not perform an a priori power calculation; however, the
sample size of n = 101 is comparable to or larger than those commonly
used in consumer surveys of food products.

Statistical analysis. We report sensory ratings for overall liking, flavor,
and texture on a 7-point Likert scale as mean + standard deviation. We
use two-sided Welch’s t-tests to compare the Al-generated burgers
against the Big Mac®. We report binary flavor and texture attributes as
percentage values and perform paired comparisons to assess statistical
significance using two-sided binomial tests. We do not correct for mul-
tiple comparisons, as all tests were planned and hypothesis-driven. We
report statistical significance as p < 0.05 (Figs. 2f, g, 3f, g, 4f).

Data availability

The data of this study are available as Supplemental Material. The data of
this study are also available at https://github.com/LivingMatterLab/
Al4Food/tree/main/AT4Burgers/data.
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Code availability

The codes of this study are available at https://github.com/LivingMatterLab/
Al4Food/tree/main/Al4Burgers. The generative model to create persona-
lized burgers is available at https://ai4burgers.com.
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