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ABSTRACT
There has recently been growing interest in the automatic generation of cooking recipes that satisfy some form of dietary restrictions,
thanks in part to the availability of online recipe data. Prior studies
have used pre-trained language models, or relied on small paired
recipe data (e.g., a recipe paired with a similar one that satisfies a
dietary constraint). However, pre-trained language models generate
inconsistent or incoherent recipes, and paired datasets are not available at scale. We address these deficiencies with RecipeCrit, a hierarchical denoising auto-encoder that edits recipes given ingredientlevel critiques. The model is trained for recipe completion to learn semantic relationships within recipes. Our work’s main innovation is
our unsupervised critiquing module that allows users to edit recipes
by interacting with the predicted ingredients; the system iteratively rewrites recipes to satisfy users’ feedback. Experiments on
the Recipe1M recipe dataset show that our model can more effectively edit recipes compared to strong language-modeling baselines,
creating recipes that satisfy user constraints and are more correct,
serendipitous, coherent, and relevant as measured by human judges.

1

INTRODUCTION

Individual preferences and dietary needs shape the types of recipes
that home cooks choose to follow. Cooks must often accommodate
the desire for versions of recipes that do not contain a specific
ingredient (substitution—e.g., for food allergies) or do make use of
particular ingredients (addition—e.g., to use up near-expiry items).
We thus aim to build a system for recipe editing that accommodates
fine-grained ingredient preferences.
Prior research in recipe editing has thus far focused on replacing
individual ingredients from the ingredients list with substitutes [30]
or recommending new recipes based on learned clusters of similar
ingredients [23]. While individual ingredient substitution rules may
work in a vacuum, such substitutions (e.g., tapioca flour and xanthan gum for all-purpose flour) often necessitate additional changes
to the cooking procedure (i.e., directions) to function properly [12].
Other studies employed recommendation-based approaches. However, they suffer from data sparsity: there is an extremely large
set of possible recipes that differ by a single ingredient, and many
specific substitutions may not appear in recipe aggregators [18].
Recipe editing can be seen as a combination of recipe generation
and controllable natural language generation [22]. It has recently
been explored for creating recipes that satisfy a specific dietary
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constraint [12] or follow a specified cuisine [16]. On one hand, pretrained language models have been used to create recipe directions
given a known title and set of ingredients [4, 9, 10], but generated
recipes suffer from inconsistency [12]. On the other hand, [12] proposed a method to build a paired recipe dataset, but face difficulties
scaling due to the large set of possible recipes and dietary restrictions; people’s preferences often lean to be even more specific, on
the ingredient-level (dislikes of certain ingredients or allergies).
In this work, we address the above challenges and propose
RecipeCrit, a denoising-based model trained to complete recipes
and learn semantic relationships between ingredients and instructions. The novelty of this work relies on an unsupervised critiquing
method that allows users to provide ingredient-focused feedback
iteratively; the model substitutes ingredients and also re-writes the
recipe text using a generative language model. While existing methods for controllable generation require paired data with specially
constructed prompts [8] or hyperparameter-sensitive training of
individual models for each possible piece of feedback [5], our unsupervised critiquing framework enables recipe editing models to be
trained with arbitrary un-paired recipe data.
Experiments on the Recipe1M [21] dataset show that RecipeCrit
edits recipes in a way that better satisfies user constraints, preserves
the original recipe, and produces coherent recipes compared to stateof-the-art pre-trained recipe generators and language models. Human evaluators judge RecipeCrit’s recipes to be more serendipitous,
correct, coherent, and relevant to the ingredient-specific positive
and negative feedback (i.e., critiques).

2

RECIPECRIT: A HIERARCHICAL
DENOISING RECIPE AUTO-ENCODER

Previous methods to edit recipes focused on broad classes like
dietary categories [12] and cuisines [16] and require paired corpora
(which do not exist for fine-grained edits). We propose a method
that does not require paired corpora to train and accommodates
positive and negative user feedback on an ingredient-level.

2.1

Model Overview

To leverage datasets of recipes comprising a title xttl , an ingredients list Xing , and instructions Xins , we propose to train our
RecipeCrit model as a denoising auto-encoder [26] for recipe completion. RecipeCrit is divided into three submodels: an Encoder 𝐸 (·),
which produces the latent representation z from the (potentially
noisy) recipe; an ingredient predictor 𝐶 (·), which predicts the ingredients ŷing , and a decoder 𝐷 (·), which reconstructs the cooking
instructions ŷins from z conditioned on the ŷing .
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Algorithm 1 Iterative Critiquing Gradient Update (Crit).
1:

2:
3:
4:
5:
6:
7:
8:
9:
10:
11:

function Critiqe(latent vector z, critiqued ingredient 𝑐,
trained ingredients predictor 𝐶, decay coefficient 𝜁 , patience 𝑃,
a maximum number of iterations 𝑇 , desired ingredients ỹing )
Set z0 = z∗ = z, 𝛼 0 = 1, best_val = ∞, patience = 0, 𝑡 = 1;
while patience < 𝑃 and 𝑡 < 𝑇 do
g𝑡 −1 = ∇z𝑡 −1 Ling (𝐶 (z𝑡 −1 ), ỹing );
g
z𝑡 = z𝑡 −1 − 𝛼𝑡 −1 | |g 𝑡 −1| |
and ŷing = 𝐶 (z𝑡 )
ing

𝑡 −1 2

ing

if | ỹ𝑐 − ŷ𝑐 | < best_val then
ing
best_val = ŷ𝑐 , z∗ = z𝑡 , and patience = 0
else
patience = patience + 1
𝛼𝑡 = 𝜁 𝛼𝑡 −1 and 𝑡 = 𝑡 + 1;
return z∗ ;

2.1.1 Recipe Encoder 𝐸 (·). We aim to build a powerful latent representation that accurately captures the different elements of a recipe.
We compute text representations via the mean-pooled output of
a transformer encoder [25]. While the title xttl comprises a single
sentence, the ingredients Xing and instructions X𝑖𝑛𝑠𝑡 are provided
as lists of sentences. We encode the ingredients and instructions in
a hierarchical manner using another transformer encoder to create
fixed-length representations. Finally, we compute the latent representation z by concatenating the representations of each component
and applying a projection followed by a tanh function:
z = tanh(W[𝑇 𝑅𝐹 (Xing ) ∥ 𝐻𝑇 𝑅𝐹 (Xing ) ∥ 𝐻𝑇 𝑅𝐹 (Xins )] + b), (1)
where ∥ is the concatenation, and W, b the projection parameters.
2.1.2 Ingredient Predictor 𝐶 (·). We treat ingredient prediction as
multi-label binary classification. We follow [20] and build a normalized ingredient vocabulary 𝐼 including an EOS token to determine
the number of ingredients. We build a binary ingredient vector ying
as the target for each recipe. Following [12, 20], we employ a set
transformer. Instead of predicting the ingredients auto-regressively,
we max-pool outputs across time-steps (ignoring the EOS token)
into a single logit for each ingredient. Then, we uniquely sample
ingredients until the EOS token is predicted. The loss function is:
∑︁ |𝐼 | ing
ing
ing
ing
Ling (𝐶 (z), ying ) = −
y𝑖 log ŷ𝑖 − 𝜆y𝑒𝑜𝑠 log ŷ𝑒𝑜𝑠 , (2)
𝑖

where 𝜆 controls the impact of the EOS loss. At inference time, we
return the top-k ingredients, where k is the first position with a
positive EOS prediction.
2.1.3 Instruction Decoder 𝐷 (·). The last component consists of
generating the cooking instruction steps. We use a transformer
decoder and aim to learn to generate coherent recipes. Therefore,
in addition to conditioning the decoder on z and the previously
ing
generated outputs ŷins
1:𝑡 −1 , we also condition on the ingredients ŷ .
Specifically, we encode the ingredients using an embedding layer
𝐴(·) and concatenate their representations with the recipe latent
representation z. We train using teacher-forcing and cross-entropy:
∑︁
Lins (z, 𝐴( ŷing )) = −
y𝑡ins log ŷ𝑡ins .
(3)
𝑡

2.1.4 Training. Taking inspiration from masked language modeling [6] and masked span modeling [7, 29], we replace random
sentences in the lists of ingredients and instructions with <mask>
tokens. The model takes as input the masked recipe and is trained
to generate the full, un-masked recipe. It thus learns to complete a
recipe using the masked ingredients, which are processed according
to the masked steps. We train our model in two stages. First, we
train RecipeCrit and minimize the loss Ling . In the second stage,
we freeze the encoder 𝐸 (·) and minimize the decoding loss Lins
using the ground truth ingredients y𝑖𝑛𝑔𝑟 and teacher forcing [28].

2.2

Unsupervised Critiquing

The purpose of editing is to refine the recipe based on the user’s
feedback and the predicted ingredients ŷing . We denote ỹing the
vector of desired ingredients. We find that the simplest way of
incorporating user feedback—forcing inclusion/exclusion in the
ingredients list before generating instructions—often cannot satisfy
user preferences due to weak conditioning between predicted ingredients and generated instructions. Thus, in RecipeCrit we turn to a
critiquing method that modifies the recipe representation z before
using the updated representation to jointly generate the edited ingredients and instructions. Specifically, users add a new ingredient
ing
ing
𝑐 by setting ŷ𝑐 = 1 or remove existing ones using ŷ𝑐 = 0.
Inspired by success in editing the latent space in text style transfer and recommendation [1, 2, 27], we modulate z using the gradient
of the ingredient predictor (w.r.t. z instead of the model parameters)
such that the new predicted ingredients ŷing are close to the desired
ingredients ỹing (see Alg. 1). Unlike prior work, we avoid using stopping criteria based on the L1-norm between ỹing and ŷing and a
threshold. Due to the large set of ingredients, a maximum difference of 1.0 in one of the dimension will not significantly affect the
L1-norm. Instead, we propose to compute the absolute difference
ing
ing
between ỹ𝑐 and ŷ𝑐 . Since the optimization is nonconvex, we
improve the convergence by using an early stopping mechanism instead of a threshold (see Section 3.4). Our gradient-based approach
is unsupervised and can update the full recipe latent representation,
reflecting how adding or removing an ingredient can necessitate
adjustments to other ingredients and cooking steps as well.

3 EXPERIMENTS
3.1 Experimental Settings
3.1.1 Dataset. We assess our model on the Recipe1M dataset of
1M recipes (title, ingredients list, and cooking instructions) crawled
from cooking websites [21]. We filter out recipes with more than
20 ingredients or steps, creating training, validation, and test splits
with 635K, 136K, and 136K recipes, respectively. The average recipe
comprises 9 ingredients and 166 words. We follow [20] and build
a set of 1, 488 ingredients. For critiquing, we select 20 ingredients
to be critiqued among the most and the least popular ingredients
across the training split. For each critique, we randomly sample
50 recipes that contain the critiqued ingredient and 50 that do not
contain it. In total, the dev and test sets each contain 2, 000 samples.
3.1.2 Baselines. We first compare our proposed RecipeCrit model
to RecipeGPT [10]. It consists of the GPT-2-based [19] pre-trained
language model fine-tuned in a multi-task manner on Recipe1M.
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Table 1: Reconstruction performance. We report the IoU and
F1 ingredient scores, and the Precision, Recall, and F1 scores
of ingredients in predicted instructions w.r.t. predicted ones.
Predicted Instr.

IoU

F1

Prec.

Rec.

F1

RecipeGPT
BART
RecipeCrit (Ours)

73.47
76.70
78.63

84.67
86.44
88.23

61.17
61.47
68.16

72.55
64.72
73.03

66.38
63.05
70.51

Given the recipe title, it predicts the ingredients. Then, it generates
the cooking steps conditioned on the title and the ingredients. Similar to RecipeCrit, we fine-tune BART-based [11] language models
using the denoising objective. All models use greedy decoding.
3.1.3 Metrics. To evaluate edited recipes, we use metrics that reflect users’ preferences. First, a user wants a recipe similar to the
base recipe—we measure ingredient fidelity via IoU (Jaccard distance) and F1 scores between the edited ingredients list and the
base recipe ingredients list. Next, the recipe must satisfy the user’s
specific ingredient feedback (i.e., adding/removing an ingredient).
We thus report the success rate: the percentage of edited recipes that
include/exclude the target ingredient in the instructions, respectively. Finally, the recipe must be coherent: able to be followed and
internally consistent. As an ingredient constraint can be satisfied in
many ways, we avoid 𝑛-gram metrics like BLEU [17] and ROUGE
[13] that require references [3, 12, 15, 20]. We instead follow [9]
and measure coherence via precision, recall, and F1-score of ingredients mentioned in the generated steps compared to the predicted
ingredients. This verifies that a model conditions on the edited
ingredients and that the recipe itself relies on the listed ingredients.
3.1.4 Training Details. To seek fair comparisons, we keep a similar
number of parameters across all models. We set the embedding and
attention dimension to 512. RecipeCrit contains an encoder and
decoder each with four transformer layers with 4 attention heads
and 512 hidden dimensions. We use a batch size of 32, dropout
of 0.2, and Adam with learning rate 0.0001. For the baselines, we
use RecipeGPT-based and BART-based models. For all models, we
randomly mask 50% of the ingredients and instructions during
training, and tune them on the validation set using random search.

3.2

RQ1: Ingredient & Recipe Reconstruction

As baseline recipe generation models are unable to perform editing,
we train all models using our de-noising recipe completion task. To
evaluate their generalization performance, we ask the models to
reconstruct recipes from the unseen test set, with results shown in
Table 1. We measure how well each model can infer the missing
ingredients given the partial recipe context (IoU and F1 ingredient
scores), as well as how coherent the reconstructed recipes are—
the precision, recall, and F1 score of ingredients mentioned in the
generated instructions compared to the predicted ingredients.
RecipeCrit outperforms baselines in both measures. In particular, we find a significant improvement in ingredient mention precision, indicating that RecipeCrit better constrains its generated
recipe directions based on the predicted ingredients list. Meanwhile,

Ingr. Scores
Model

% Succ.

IoU

F1

Predicted Instr.
Prec. Rec.

F1

Add

Model

RecipeGPT
BART
RecipeCrit

33.20
41.10
66.25

65.44 78.74
70.46 82.78
74.51 85.44

56.68 68.99 62.23
61.45 61.12 61.28
73.68 74.42 74.05

Remove

Ingr. Scores

Table 2: Critiquing performance. We report the success rate of
recipes satisfying the constraint (i.e., add or remove an ingredient), the IoU and F1 ingredient scores, as well as the Precision, Recall, and F1 of ingredients in cooking instructions.

RecipeGPT
BART
RecipeCrit

91.05
95.35
95.75

37.22 52.93
55.65 73.27
68.79 80.72

38.35 54.57 45.04
57.61 61.55 59.52
73.96 74.51 74.23

Table 3: Human evaluation of edited recipes in terms of bestworst scaling for Serendipity, Correctness, Coherence, and
Relevance. ∗ denotes a significant difference compared to
RecipeCrit (post hoc Tukey HSD test [24] with 𝑝 < 0.05).
Model
RecipeGPT
BART
RecipeCrit (Ours)

Ser.

Cor.

Coh.

Rel.

−0.09∗

−0.09∗

−0.04∗

0.00
0.06

0.02
0.03

−0.03∗
0.06

−0.12∗
0.01∗
0.08

RecipeGPT and BART both tend to mention new ingredients in
the recipe text even if they are not included in the ingredients list.
As we see in Section 3.3, this is problematic because such models
can include ingredients in the recipe instructions even if a user has
specified a dislike or allergy.
Such text-to-text models capture the distribution of language well,
producing fluent-sounding text. However, their lower scores for ingredient completion and recipe text coherence suggest that RecipeGPT
and BART cannot distinguish how recipes are procedural texts with
internal consistency, compared to generic text documents.

3.3

RQ2: Recipe Editing via Critiquing

Next, we evaluate whether RecipeCrit can edit recipes given positive
and negative feedback about specific ingredients. In this setting, we
select an ingredient that must be added or removed from the recipe
to create a new version. The models then predict a new list of ingredients and recipe directions using those predicted ingredients. For
ingredient substitution, we mask the critiqued ingredient and all
steps mentioning that it, providing the resulting text as input to the
models. For ingredient addition, we provide the full base recipe
ingredients and instructions as input. To satisfy user feedback using the baseline models, we filter the predicted ingredients lists
to exclude/include the target ingredient depending on the type of
feedback. For our model, we use our iterative critiquing framework
from Section 2.2 to accommodate user feedback.
We show results for constraint satisfaction (success rate), ingredient fidelity (ingredient scores), and recipe coherence (predicted instructions) in Table 2. RecipeCrit out-performs both RecipeGPT and
BART across all metrics for ingredient addition and removal. While
both baselines take advantage of pre-trained language models, they
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Table 4: Comparison of a cherry tomato confit recipe with its edited versions to include “kale” as an additional ingredient.
RecipeCrit preserves the concept of tomato confit and adds kale, but BART disregards the base recipe to make a cocktail.
BART

Cherry tomato confit (base recipe)

clove, kale, oil, pepper, rosemary, salt, tomato
1) heat oven to 350 degrees.
2) place tomatoes in a large bowl.
3) drizzle with olive oil and sprinkle with
rosemary, salt and pepper.
4) toss to coat.
5) spread in a single layer on a baking sheet.
6) roast for 40 minutes.
7) remove from oven and let cool for 10 minutes.
8) place kale in a large bowl.
9) add tomatoes and garlic.
10) toss to combine.

1) place ice cubes in a cocktail shaker.
2) add pineapple juice, coconut liqueurs, cachacca, cream
and rum ; shake well add crushed ice to a collins glass.
3) add kale and strawberries to shaker ; shake.
4) strain drink into glass over crushed ice.
5) garnish with a strawberry and a slice of pineapple.
6) place pineapple garnish on rim of glass, and serve.
7) note : if you don’t have coconut lillet,
you can use a combination

cannot successfully incorporate user feedback during editing. We
find in preliminary experiments that constrained decoding methods [5] lead to degenerate output with significant repetition and
nonsensical phrases. Meanwhile, forcing ingredient lists to omit
or contain specific ingredients has little impact on the generated
recipe instructions—even when the desired ingredient is manually
inserted into the ingredients list, RecipeGPT and BART mention
using the ingredient only in 33% and 41% of generated instructions.
Our model architecture and gradient-based critiquing method
(see Section 2.2) leads to a stronger influence of the edited ingredients on recipe instructions. By directly modifying the recipe latent
representation that is then attended over during step generation,
RecipeCrit achieves 30-50% relative improvement in success rate for
adding ingredients and 20-65% relative improvements in coherence
(F1 score between predicted ingredients and ingredients mentioned
in the instructions) for both addition and removal. Meanwhile, baselines tend to ignore many ingredients in the ingredient list when
generating new recipe directions.
Human Evaluation
We have established that RecipeCrit produces recipes that better
satisfy user constraints (as expressed via critiques), more closely
resemble the user’s original preferences (base recipe), and make better use of the predicted ingredients (ingredient coherence). We next
turn to qualitative human evaluation of edited recipes. We perform a
human evaluation using Amazon Mechanical Turk to judge the quality of the generated recipes on four dimensions: Serendipity—how
pleasantly surprised a user is by the edits; Correctness—whether
the recipe respects the user’s feedback; Coherence—how easy it is
to follow the recipe; and Relevance—whether the recipe resembles
the original (base) recipe found by the user. We uniformly sampled
800 edited recipes (400 for adding and 400 for removing) across
the selected ingredients to critique and showed them in random
order. The annotators judged the edited recipes using best-worst
scaling [14] . We report a score ranging from -1 to +1. Table 3 shows
that our edited recipes are largely preferred on all criteria. These results highlight that critiquing improves the coherence of generated
recipes and their resemblance to the original versions.
Case Study We present a representative sample of recipes generated by our best-performing baseline (BART) and RecipeCrit in
Table 4. Here we see a base recipe for “cherry tomato confit” to
which the user wanted to add “kale”. We next present the edited

Succes Rate ↑

clove, oil, pepper, rosemary, salt, tomato
1) preheat oven to 325 degrees
2) spread tomatoes and garlic out on a baking sheet
3) drizzle with oil, and sprinkle with rosemary, crushed red
pepper, a large pinch of salt and several grinds of pepper.
4) bake until tomatoes are wrinkled and fragrant, about 45
minutes, shaking pan once or twice.
5) transfer tomato pan to a rack to cool.
6) discard garlic.
7) use confit in salads, or serve over dishes like pasta, fresh
ricotta cheese or polenta.

RecipeCrit (Ours)

kale, cachaca, cream, ice, juice, liqueur,
pineapple, rum, strawberries, sugar, water
clove, oil, pepper, rosemary, salt, tomato

0.90
0.75
0.60
0.45

Crit-ES+T+L1
Crit-ES+T
Crit (Ours)

Add

Remove

Figure 1: Critiquing algorithm comparison.
recipes according to BART and RecipeCrit. The user’s original preference is for a tomato confit. While both edited recipes technically
satisfy the requirement of having kale in the recipe, RecipeCrit
stays more faithful to the user’s preference while incorporating
the new feedback: it makes a slightly different tomato confit but
uses kale as the “fresh” or salad part of the dish. However, BART
generates a cocktail recipe that ignores the base recipe: it’s a drink
rather than food, sweet rather than savory, and ignores tomatoes
altogether. This aligns with the results of the human evaluation.

3.4

RQ3: Variants of Critiquing Algorithms

Since optimization for our critiquing method (Alg. 1) is nonconvex,
there is a risk that the edited latent representation z∗ stays in a local
minimum. Thus, we experiment with different stopping criteria
for our iterative gradient-based critiquing strategy. We denote our
model Crit, which uses early stopping. One variant uses instead a
ing
threshold 𝜏 (Crit-ES+T) as a stopping criterion: |𝐶 (z𝑡∗ )𝑐 − ỹ𝑐 | < 𝜏.
The second variant extends the latter by using L1 norm on the whole
vectors (Crit-ES+T+L1). We repeat the experiments in Section 3.3 for
each stopping criteria, with success rates shown in Fig. 1. We note
that an L1-based stopping criterion is suboptimal because of the
high dimensionality of the ingredients. Using the absolute difference
ing
between 𝐶 (z𝑡∗ )𝑐 and ỹ𝑐 considerably improves the success rate
(+25% relative gain for add and +12% for remove). Finally, we note
that using early stopping further increases the success rate (+10%)
for both adding and removing an ingredient.

4

CONCLUSION

In this paper, we presented RecipeCrit, a denoising-based model
to edit cooking recipes. We first trained the model for recipe completion to learn semantic relationships between the ingredients
and the instructions. The novelty of this work relies on the user’s
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ability to provide ingredient-focused feedback. We designed an
unsupervised method that substitutes the ingredients and re-writes
the recipe text accordingly. Experiments show that RecipeCrit can
more effectively edit recipes compared to strong baselines, creating
recipes that satisfy user constraints and are more serendipitous,
correct, coherent, and relevant as measured by human judges.
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