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Introduction

In recent years, with text, pictures, and increasingly videos, people can explore 
recipes in all sorts of media such as cookbooks, TV programmes, YouTube 
videos, etc. Popular recipe websites such as Allrecipes.com and Food.com 
collect large numbers of recipes containing text, pictures, drawings, photos, 
and videos. Visitors can browse through various categories (e.g., breakfast, 
desserts, chicken, Mexican cuisine, etc.) or, with the help of search engines, 
filter recipes by keywords.

Recent advance in artificial intelligence (AI) research and specific-
ally the deep learning approaches to computer vision and natural language 
understanding have opened up new intelligent ways of sifting through recipes 
as well as deriving new recipes from existing ones. This is achieved by compu-
tationally training artificial neural networks (ANNs) to learn how recipes relate 
to one another based on their multimodal contents (text, images, videos, etc.). 
Typical examples that use  these networks include:

•	 Finding recipes based on a food image
•	 Finding/​Generating food images based on a modified recipe, and
•	 Finding/​Generating a recipe based on a cooking video.

This chapter reviews some recent developments in deep learning for lan-
guage and visual contents and outlines some major areas of use cases in the 
recipe domain. These areas include recipe recommendation, food image rec-
ognition, cross-​modal recipe retrieval, recipe generation, and food image 
generation. This chapter also explores how deep learning is employed in the 
generation of recipes from videos with the creation of the GenRecipe system.

Recipe Recommendation

Sorting a large collection of recipes based on their characteristics (e.g., specific 
ingredients) facilitates useful functions such as finding substitute ingredients, 
recommending similar recipes, etc. A recipe recommender system may suggest 
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similar recipes to a user based on those recipes which he/​she has enjoyed 
before. Figure 9.1 shows some use cases of such a system.

Researchers have studied ways to analyse and relate recipes for these 
instances using computational methods. The following subsections provide a 
brief review of some of these methods.

Ingredients

A major way of classifying recipes is based on the idea of a cuisine. Cuisines are 
often labelled by geographic regions or cultures. For example, on Allrecipes.
com under “World Cuisine” there are Chinese, German, Indian, etc. Cuisines 
reflect the history, culture, geography, and food preferences of people living in 
different parts of the world. Similarities and differences between cuisines can 
often be analysed in terms of their common food ingredients. For instance, how 
cinnamon is used in Indian, Moroccan, and Turkish cuisines helps understand 
their distinct flavours. How rice is used in making fried rice, sushi, risotto dishes 
reflects the cooking styles in different countries. Studying different cuisines and 
their ingredients can inspire new combinations and techniques in one’s cooking.

Figure 9.1 � Use cases in recipe recommendation.
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Su et al. (2014) studied the correlation between cuisines and ingredients 
based on a dataset of around 6,000 recipes downloaded from popular recipe-​
sharing websites. Their results revealed some limitations of the ingredient-​
based approach in terms of accuracy as recipes of different cuisines often 
share similar ingredients. For instance, they observed similarities (in terms of 
ingredients used) between cuisines attributable to geographic proximities such 
as between Chinese and Japanese as well as between Spanish and Italian.

Given a list of ingredients in a cooking recipe, what do we know about the 
cooked dish? Su et al. (2014) studied the cuisine classification (e.g. Chinese, 
Italian, etc.) of recipes and applied associative classification and support vector 
machine (SVM) (Hearst et al. 1998) in classifying a recipe based on the set 
of ingredients used. SVM is a supervised learning model for classification and 
regression analysis. It transforms and separates data points into different classes 
in higher dimensions through a hyperplane constructed optimally. Figure 9.2 
illustrates the SVM method.

In their recipe recommendation method, Ueda, Takahata, and Nakajima 
(2011) modelled users’ food preferences based on ingredients of their 
favourite recipes. Their method considers an ingredient that a user consumes 
repeatedly in his/​her meals as a favourite of his/​her. Recipes of these meals are 
broken down into ingredients for frequency calculation. Apart from favourite 

Figure 9.2 � Illustration of the support vector machine method.
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ingredients, the method also accounts for a user’s disliked ingredients—​
those ingredients that a user never uses despite appearing in the user’s recipe 
browsing history.

Teng, Lin, and Adamic (2012) considered relationships among recipes in 
terms of ingredient co-​occurrence and substitutability in their recipe recom-
mendation method. While ingredient co-​occurrence is statistically derived 
from recipes, ingredient substitutability, and adjustment (in quantity) are 
derived from suggested modifications in users’ recipe reviews.

Cooking Procedures

While characterising recipes based on ingredients is a useful approach to clas-
sifying them in many applications such as food recommendation, many recipes 
that share similar ingredients differ significantly in their cooking methods and 
procedures. L. Wang et al. (2008) modelled a recipe as a cooking graph in 
which ingredients “flow” across actions. They devised a similarity measure 
based on such graphs which can be applied in recipe search and recommen-
dation. Mori, Maeta, Yamakata, et al. (2014) represented a recipe’s proced-
ural text as a directed acyclic graph. Their method involved training a word 
segmenter and a named entity tagger with an annotated corpus. Mori, Maeta, 
Sasada, et al. (2014) developed a method for generating procedural text from 
flow graphs and applied it to recipes.

Chang et al. (2018) used an ordered tree structure in modelling a recipe 
and measured procedural similarity in term of tree edit distance (Tai 1979). 
Figure 9.3 illustrates the idea of a tree representation of a recipe. Chang 
et al. (2018) devised a computational pipeline that scrapes online recipes and 
translates them into the tree representation. Their work was aimed at helping 
users sort out and choose among the different recipes for a given dish.

Yamakata et al. (2016) developed a method for representing the workflow 
described in a recipe as a tree diagram. Their method depends on the combined 
application of word segmentation, recipe term identification, and edge weight 
estimation. Pan et al. (2020) translated recipes into the tree representation 
manually. Their aim, however, is to capture sequencing information implicit in 
text with the help of visual information and vice versa.

Food Image Recognition

Nowadays, we can find numerous food images on the Internet. With social 
media, food is a popular category on picture-​sharing platforms such as 
Instagram (Hu, Manikonda, and Kambhampati 2014) and Twitter (Yanai 
et al. 2019). Sorting these images which are often minimally captioned and 
retrieving their recipes from recipe collections is a difficult task.

Image recognition has applications in the food domain such as food logging 
(Kitamura, Yamasaki, and Aizawa 2008; Sahoo et al. 2019), dietary assessment 
(C. Liu et al. 2016; Van Asbroeck and Matthys 2020), food safety (Khan 
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et al. 2021), etc. (See Figure 9.4). Automatic and accurate recognition of food 
ingredients in food images can be a convenient way of tracking our diets for 
health-​related purposes (N. Chen et al. 2010).

S. Yang et al. (2010) tackled the problem of food image recognition by mod-
elling spatial relationships among ingredients in a food image. Their method 
involves feature engineering and the use of Support Vector Machines (SVMs) 
(see Figure 9.2) (Hearst et al. 1998). M.-​Y. Chen et al. (2012) developed a 
model that automatically identifies the food dish in a picture and provides 
nutritional information such as calories and ingredients. Their model is also 
based on a SVM classifier (Hearst et al. 1998).

Much progress has been made in image recognition due to advance in deep 
learning. While SVMs perform well with small datasets in image recognition, 
neural networks have outperformed SVMs in terms of accuracy when using 
large datasets. Neural networks are also able to manage more complex features. 
The development of deep learning techniques such as convolutional neural 

Figure 9.3 � A tree representation of a recipe.
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Figure 9.4 � Use cases in food image recognition.

Figure 9.5 � Use cases of cross-​modal recipe retrieval.
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networks (CNNs) has vastly increased the ability of AI in vision tasks including 
classification, segmentation, captioning, etc. These techniques can be readily 
applied in identifying food dishes and their ingredients from pictures.

CNNs can recognise complex patterns in images by employing multiple 
layers of artificial neurons to process image data by means of convolution, 
pooling, and activation. Convolution involves producing a feature map for 
a small image region such as an edge or a shape. Pooling compresses a fea-
ture map with a function such as average or maximum. Activation endows 
a neuron with non-​linearity with a function such as a rectified linear unit 
(ReLU) function. Through multiple layers of convolution, pooling, and acti-
vation, CNNs are trained to recognise images based on complex features that 
can be learnt from large image datasets using back propagation and gradient 
descent methods.

Kagaya, Aizawa, and Ogawa (2014) trained a convolutional neural net-
work (CNN) for food image recognition which attained higher accuracy than 
a number of SVM-​based methods in a benchmark test based on a fast-​food 
image dataset (M. Chen et al. 2009). They observed that colour features are 
dominant in food image recognition using their trained CNN and this echoes 
previous findings on handcrafted colour features for food recognition (e.g., 
Bosch et al. (2011)).

Jingjing Chen and Ngo (2016) applied a CNN to recognise ingredients 
in food images and obtain ingredient labels for text-​based retrieval of recipes. 
While their deep learning use case involves learning the appearance of 
ingredients in different dishes over many example images, it does not take 
advantage of learning (jointly) from the corresponding recipes about the 
presence of individual ingredients. This issue is addressed in use cases of cross-​
modal deep learning, which are discussed in the next section.

Cross-​modal Recipe Retrieval

Cross-​modal retrieval allows users to issue a query using one type of media 
such as image and get results in another type such as text. Deep learning 
supports cross-​modal retrieval that utilizes food images to retrieve recipes and 
vice-​versa. Figure 9.6 shows some use cases of cross-​modal recipe retrieval. 
This section reviews some deep learning approaches to cross-​modal retrieval 
for recipes.

Visual-​semantic Embedding Models for Recipes

The deep learning approach to cross-​modal visual-​language retrieval is under-
pinned by training a visual-​semantic embedding model to represent visual 
objects based on image data and labelling text (Frome et al. 2013). Exploiting 
the correspondence between food images and recipes in deep learning models 
can lead to improved retrieval but also requires a large number of recipe-​image 
pairs as training examples. Salvador et al. (2017) introduced a large-​scale 
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dataset with over one million cooking recipes and 800 thousand food images. 
Using this dataset, they trained a deep learning model that maps pairs of recipe 
and image into a joint embedding space through which cross-​modal (image-​
to-​recipe or recipe-​to-​image) retrieval can be conducted. Figure 9.7 illustrates 
this approach.

Min et al. (2016) incorporated additional recipe attributes such as cuisine 
and course in the modelling framework for recipes. Their modelling approach 
can be applied in (1) cuisine classification, (2) attribute-​augmented recipe 
image retrieval, as well as (3) ingredient and attribute inference from food 
images.

Other researchers have extended the cross-​modal modelling approach 
with attention mechanism for improved performance. J.-​J. Chen et al. (2018) 
encoded the title, ingredients, and instructions separately and leveraged 

Figure 9.6 � Modelling cross-​modal recipe data in a joint embedding space.

Figure 9.7 � A search engine solution based on image-​to-​recipe retrieval.
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attention mechanism in addressing the cause-​and-​effect relationships between 
ingredients and actions in recipes. A joint representation was learnt together 
with food image data for use in cross-​modal retrieval. H. Fu et al. (2020) 
applied attention-​based learning to food images and recipe text using CNN 
and RNN, respectively, and then aligned the learnt representations for cross-​
modal consistency and retrieval.

B. Zhu, Ngo, and Chan (2021) considered the effectiveness of exploiting 
“noisy” recipe data from the web for cross-​modal learning with image data. 
They found that although noisy recipe data alone do not lend themselves to 
more effective food recognition, their pairing with image data does improve 
retrieval performance. Z. Xie et al. (2021) trained a three-​tier joint embedding 
model for cross-​model retrieval between image and text involving recipe text, 
instruction text and food images. The model has been applied to both image-​
to-​recipe and recipe-​to-​image retrieval.

A common way to find recipes is based on the ingredients to be used (Teng, 
Lin, and Adamic 2012). Salvador et al. (2021) introduced a hierarchical recipe 
transformer for encoding recipe titles, ingredients, and instructions separately 
and trained a joint embedding space with image data. Their experimental 
results with this model set new benchmarks in cross-​modal recipe retrieval.

Image-​to-​Recipe Retrieval

In the age of social media, users may find recipe ideas by browsing through 
online photos of food dishes and use an AI system to retrieve recipe text for 
discovery and inspiration of cooking ideas. In an educational or research appli-
cation, cross-​modal retrieval can support exploration and research about food 
cultures and cooking techniques through visual examples. Many smartphone 
users have found it convenient to keep a picture log of their food intake for 
health-​related purposes (Kitamura, Yamasaki, and Aizawa 2009; Kawano and 
Yanai 2014). Determining the nutritional content of food items in such a 
picture log is, however, a challenging task which requires knowing the food 
recipes. A potential solution is to use a search engine based on image-​to-​
recipe retrieval for querying recipes by food pictures. Figure 9.7 illustrates this 
solution.

Jing-​jing Chen, Ngo, and Chua (2017) applied deep learning in food 
recognition and recipe retrieval. Their model extracts information about 
ingredients, cutting, and cooking methods from a food image and uses such 
information in retrieving relevant recipes. This model covers over a thousand 
ingredients and a few dozen cooking, and several cutting, methods. In tack-
ling the problem of predicting the relative amount of each ingredient in a dish 
as presented in an image, J. Li et al. (2021) proposed a learning architecture 
which combines food image and recipe data including titles, ingredients and 
instructions (cooking actions).
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Recipe-​to-​image Retrieval

Cross-​model retrieval can support text-​to-​image retrieval of food images—​
given the title and/​or some ingredients of a recipe, retrieve relevant pictures 
of the food item or its constituent ingredients. Text-​to-​image retrieval is a rele-
vant task in food applications such as recipe search (H. Xie, Yu, and Li 2010), 
food recommendation (W. Wang et al. 2021), recipe visualization (B. Zhu 
et al. 2019), creative cooking (Varshney et al. 2019), etc.

Researchers in recipe-​to-​image retrieval have so far focused on the end-​
product of following a cooking recipe (e.g. Z. Xie et al. 2021). However, the 
requirements of retrieval may cover images of ingredients not only in their 
individual original form, but also in their work-​in-​progress form. Y. Zhang, 
Yamakata, and Tajima (2019) tackled the problem of retrieving images of 
ingredients during the different stages of cooking. They took a stage-​wise cur-
riculum learning approach and obtained better performance than a baseline 
approach which did not account for stages.

Recipe Generation

Recipe retrieval aims to find an existing recipe based on a user’s query. It 
tries to find the most relevant recipe in collections based on attributes such 
as title, ingredients, cuisine, etc., or a food picture. Unlike recipe retrieval, 
recipe generation involves generating recipes based on a model of what a recipe 
constitutes and how different constituents are composed together into realistic 
coherent recipes. In other words, a recipe generation model harnesses recipe 
knowledge and composition to produce novel but realistic recipes.

Recipe generation can contribute to creative cooking (Varshney et al. 
2019). Generating variants of the same recipe with substitute ingredients can 
be a useful means of satisfying people with particular dietary requirements 
(Fatemi et al. 2023). AI methods can also generate personalized recipes 
tailored to someone’s historical preferences on ingredients or cooking 
methods (Majumder et al. 2019). Food enthusiasts may use AI to create new 
recipes based on examples or cooking styles as shown in food images (e.g. 
Salvador et al. 2019; H. Wang et al. 2019). Figure 9.8 above summarizes the 
applications of recipe generation.

Researchers have studied various deep learning approaches to modelling 
and generating cooking recipes. The following subsections review some of 
these approaches. Figure 9.9 shows some use cases of recipe generation.

Recipe Generation with Recurrent Neural Networks

Recurrent neural network (RNN) models have been applied to natural lan-
guage generation (NLG) tasks (Gatt and Krahmer 2018) including recipe 
text generation (Kiddon, Zettlemoyer, and Choi 2016; Majumder et al. 
2019; H. Lee et al. 2020). Given a piece of input text, an RNN can generate 
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further text “word-​by-​word” to extend the input in a linguistically coherent 
manner. It does so based on a neural network model trained with a large 
dataset of human-​generated text. Figure 9.10 illustrates the working of RNN 
text generation.

Training a RNN for text generation requires a large amount of text 
examples. Issues of using RNNs in text generation include vanishing gradients 
(Hochreiter and Schmidhuber 1997; Hochreiter 1998), softmax bottleneck 
(Z. Yang, Dai, et al. 2017), and lack of long-​term memory (Hochreiter and 
Schmidhuber 1997). The last issue makes it difficult for RNNs to generate 
coherent text of extended length.

Researchers have applied RNNs in the task of recipe generation. For 
instance, Kiddon, Zettlemoyer, and Choi (2016) tackled the coherence 
problem of RNNs in natural language understanding with a checklist mech-
anism in a recipe text generation task. Given a recipe’s title and the required 
ingredients, the mechanism tracks to ensure the inclusion of all ingredients in 
the generated text.

Figure 9.8 � Some applications of recipe generation.
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Hochreiter and Schmidhuber (1997) developed an improvement for RNNs 
known as Long Short-​Term Memory (LSTM) that address the vanishing 
gradient problem. Z. Yu, Zang, and Wan (2020) applied LSTM in a recipe 
generation model that accounts for user preferences such as “low sugar” or 
“low fat”.

K. Cho, Merrienboer, et al. (2014) introduced yet another improve-
ment for RNNs known as Gated Recurrent Units (GRUs) that uses fewer 
parameters than LSTM. Majumder et al. (2019) applied GRUs in their recipe 
model which attends to a user’s historical preferences in generating recipe text 
with incomplete ingredient details.

Recipe Generation with Large Language Models

Recurrent neural networks can learn to map sequences of input text to desired 
output sequences such as some translations of the input text. This has been 

Figure 9.9 � Use cases of recipe generation.
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applied to cooking recipe text with encouraging results. However, the per-
formance of RNNs has been superseded by a more sophisticated type of neural 
network known as transformer.

Transformers are feed-​forward neural networks (no loops) that focus on 
relevant parts of an input sequence using a so-​called attention mechanism. 
These networks support processing in parallel and are easier to train than RNNs 
for long sequences. When applied to language tasks such as machine transla-
tion, question answering, and natural language understanding, transformers 
have achieved state-​of-​the-​art results.

Large language models (LLMs) are large-​scale neural networks based on 
the transformers architecture with huge numbers of parameters and are typic-
ally pre-​trained with large datasets based on unsupervised learning objectives. 
LLMs can be fine-​tuned with cooking recipe datasets and used for a number 
of tasks. For instance, they can be used for generating plausible recipes based 
on narrative inputs from users.

Large language models have come of age with the arrival of models such as 
GPT-​3 (Brown et al. 2020) and BERT (Devlin et al. 2018). These models have 
attained nuanced language understanding, which is necessary for conducting 
smooth conversations with humans, summarizing long passages, answering 
non-​trivial questions, etc.

LLMs capitalize on unsupervised deep learning based on a vast amount 
of text. These models have surpassed RNNs in performance across multiple 
tasks. The transformer mechanism, on which LLMs are based, can scale up 
training much higher than RNNs can normally do. An important advan-
tage of the transformer mechanism is that it supports parallel computations 
in model training and inference whereas RNNs are constrained to sequential 
computations. This makes LLMs vastly more efficient than RNNs to train 
and apply. The lack of long-​term memory problem in RNNs is also mitigated 
by the transformer mechanism which emphasizes attention in the learning 
process and captures relevant dependencies across different parts of a text to 
achieve more nuanced language understanding.

LLMs are pretrained language models that are amenable to fine-​tuning for 
target applications. Pretraining a large language model involves using large 
datasets of text derived from the web and various other sources of know-
ledge such as books. This exposes the model to general knowledge and lin-
guistic skills such as grammar and reasoning. A pretrained model covers a great 
deal of things across numerous domains without focusing on particular skills 
domains. It can be rendered more effective at certain tasks such as answering 
questions  or summarizing text with further training based on y small task-​
specific text datasets. Researchers have found this an effective approach to 
realizing the benefits of expensive large-​scale pretraining in a wide range of 
specific language-​based tasks. Figure 9.11 illustrates the use of a pretraining 
and finetuning in recipe generation.

Large language models (LLMs) such as GPT-​3 have been applied to 
cooking recipe generation (Metz and Krishna 2022). LLMs excel in gener-
ating long coherent passages based on relevant domain knowledge in good 
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writing styles. With proper training (Christiano et al. 2017), they can also 
address user preferences and personalize results based on users inputs.

H. Lee et al. (2020) fine-​tuned OpenAI’s GPT-​2 large-​scale language model 
(Radford et al. 2019) based on the Recipe1M dataset (Marin et al. 2019) for 
recipe text generation, and built a web application for evaluation. Bień et al. 
(2020) employed a Named Entity Recogniser (NER) to extract food entities from 
the Recipe1M dataset and used them for fine-​tuning GPT-​2 for recipe generation.

Figure 9.11 � Pretraining and fine-​tuning a LLM for recipe generation.
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Goel et al. (2022) compared a LSTM-​based model trained on the 
RecipeDB dataset (Batra et al. 2020) and a finetuned GPT-​2 model fine-​tuned 
on the same dataset for use in a recipe generation task. The two models were 
evaluated for the task based on BLEU scores (Papineni et al. 2002) and the 
results show that the fine-​tuned GPT-​2 model achieves much better perform-
ance in the task.

X. Liu et al. (2022) studied the use of LLMs in generating realistic recipes. 
They designed a task for these models to modify the actions in a given recipe 
in response to an ingredient change. They also finetuned GPT-​2 (Radford 
et al. 2019) with over a million recipes of common dishes for the task. Their 
experiments with the finetuned models reveal gaps between these models’ and 
humans’ understanding of recipe text in terms of things such as cooking styles 
and order of actions.

With large language model (LLM) based AI chatbots such as ChatGPT 
(OpenAI 2022), users can ask AI to select ingredients based on seasonal or 
geographical conditions or suggest cooking methods based on the availability 
of equipment.

Image-​to-​text Recipe Generation

Salvador et al. (2019) treated the problem of recipe generation from food 
images as sequence generation conditioned on a food image and its (predicted) 
ingredients. With a model trained on around a quarter of a million recipes 
with images, their system was able to outperform previous image-​to-​recipe 
retrieval approaches and even surpass human efforts.

H. Wang et al. (2019) devised ACME, or Adversarial Cross-​Modal 
Embedding, an end-​to-​end framework for cross-​modal retrieval and two-​
way translation between food images and cooking recipes. They employed 
an adversarial learning strategy in aligning the text and image modalities. Pan 
et al. (2020) built a dataset of annotated recipe workflows and trained a model 
with encodings of cooking step data (text and images) across workflows. 
Their model showed better performance in predicting relationships between 
cooking steps than models based on a single modality (text or image).

Generating procedural text from a sequence of photos is a challenge for AI 
research (Chandu, Nyberg, and Black 2019). This requires training AI models 
to understand the visual content in each photo as well as the progression 
of actions/​events across photos. Nishimura, Hashimoto, and Mori (2019) 
studied the generation of recipe text from a photo sequence of cooking. 
This involved pretraining a joint embedding model for cooking photos and 
instructions using the Cookpad Image Dataset (Harashima, Someya, and 
Kikuta 2017).

Video-​to-​text Recipe Generation

Cooking videos are popular on social media and many food-​related websites 
such as Allrecipes, help people learn cooking techniques and give useful tips 
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for making good and delicious foods. Browsing through these videos can pro-
vide inspiration and ideas for cooking.

Typically, a cooking video “streams” all information about ingredients, 
procedures, cooking methods, and other information for preparing a dish 
audio-​visually. The visual content is often accompanied by both speech (e.g., 
someone narrating) and text (e.g., on-​screen text display, subtitles). A straight-
forward transcription of spoken words (via Automatic Speech Recognition) 
and display text (via Optical Character Recognition) in a cooking video would 
suffice as a transcript to accompany the video but hardly serve as a recipe on its 
own. The challenge of video-​to-​recipe generation is to distil all the information 
available across modalities (audio, visual, spoken vs. written, verbal vs. non-​
verbal, etc.) into a procedural text and ingredient information. Figure 9.12 
illustrates the multimodal task of video-​to-​recipe retrieval and generation.

Fujii et al. (2019) tackled the problem of generating recipe text from cooking 
videos on YouTube. Treating the solution as an image-​captioning task, they 

Figure 9.12 � Retrieving/​generating recipes based on cooking videos.
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addressed the issue of maintaining consistency across recipe sentences with 
sequence learning. Besides, they pre-​processed videos by removing irrelevant 
and blurry scenes with the help of object detection.

Methods to improve the quality of video to text generation have been 
studied by researchers. Guo et al. (2016) addressed the consistency between 
video content and descriptive sentences in a video captioning task with a Long 
Short-​Term Memory (LSTM) model for attention to salient visual features 
in conjunction with a combined 2-​D and 3-​D CNN representation of video 
content. G. Li, Ma, and Han (2015) employed an CNN model together with 
a RNN model in generating descriptive captions from video clips, and applied 
ranking to generated candidate sentences for improved quality.

Extracting procedure knowledge from cooking videos for recipe text gen-
eration is demanding (F. Xu et al. 2020). Methods to improve the quality of 
video captions have previously been studied by other researchers.

Ghoddoosian, Sayed, and Athitsos (2022) tackled the problem of 
recognising tasks (e.g., making coffee) from instructional videos where cer-
tain actions and objects are labelled. They developed a model that learns the 
hierarchical relationships between tasks and actions, and in addition, the tem-
poral segmentation of video in terms of actions. Ji et al. (2022) created a large 
instructional video dataset with autogenerated temporal video segmentation. 
The generation was enabled by a transformer-​based model architecture that 
learnt from a fusion of the video and its transcribed text.

Seo et al. (2022) tackled the task of multimodal video captioning (MVC) 
by training a model to predict utterances as captions in a bi-​directional (for-
ward and backward) manner. When given an utterance in the video and the 
corresponding video segment, predicting the following utterance and, when 
given the latter, predict the former utterance. The bi-​directional training 
ensures proper alignment of video content to generate captions. The model 
itself consists of a multimodal encoder coupled with a sentence decoder, both 
transformer-​based and supported by masked language modelling (Devlin 
et al. 2018). It achieved state-​of-​the-​art video captioning resulting on the 
YouCook2 dataset (L. Zhou, Xu, and Corso 2018) which contains 2,000 
cooking videos from YouTube.

Cooking Video Moments

Beside a picture of the fully prepared dish, steps in a recipe can be accom-
panied by pictures/​video clips which help visualize the instructions. Typically, 
a step-​level picture/​video clip would show the ingredients and actions (or 
effects thereof) involved in that step. However, the granularity of steps and 
the number of accompanying images/​video clips for each step can be arbi-
trary. Doman et al. (2011) studied the synthesis of multimedia cooking recipes 
from recipe text and a database of manually-​tagged video clips of cooking 
operations.



GenRecipe for Generating Recipes from Videos  327

Sun et al. (2019) developed VideoBERT based on available speech rec-
ognition, video quantization, and language learning methods for learning a 
joint model for video and language data. An application of VideoBERT on 
cooking videos is to take sentences from a recipe and retrieve relevant video 
segments from the dataset. In order to take better advantage of the multi-
modal content of instructional videos, Gabeur et al. (2022) took the idea of 
masked modelling from BERT for language modelling to video modelling 
with masking applied on the basis of entire modalities and achieved gain in 
video retrieval performance with YouCook2 (L. Zhou, Xu, and Corso 2018) 
and other datasets. H. Zhang et al. (2022) gave a survey of recent works in 
temporal sentence grounding in videos (TSGV) which refers to the retrieval 
of moments of video that correspond to the semantic content in a language 
query. They also mentioned the potential of exploiting queries in different 
modalities (video, audio, speech).

Malmaud et al. (2015) developed a Hidden Markov Model (HMM) based 
method for aligning a sequence of recipe instructions to the auto-​generated 
speech transcript of a corresponding cooking video. The alignment is refined 
by a visual recogniser trained for food items. A useful application of their 
method is to associate each recipe step with a video segment as a visual illus-
tration of the step.

Recipe Translation and Multilingual Recipe Generation

The translation of cooking recipes into different languages helps make cuisines 
more accessible to people in different language communities around the 
world. It can also inspire creativity in cooking and promote sharing of cultures. 
A well-​established application of machine learning in natural language pro-
cessing is neural machine translation (NMT).

Researchers have studied the application of NMT to cooking recipes and 
a lot of emphasis is often put on the accuracy of translation (Hasyim et al. 
2021). In contrast to phrase-​based statistical machine translation (PBSMT) 
(Koehn, Och, and Marcu 2003), neural machine translation (NMT) based 
on sequence-​to-​sequence modelling has achieved state-​of-​the-​art perform-
ance (Sutskever, Vinyals, and Le 2014; K. Cho, Van Merrienboer, et al. 
2014; Bentivogli et al. 2016). Neural networks are often touted as more cap-
able of handling contextual and domain-​specific semantics, though signifi-
cant challenges remain for NMT in some areas (Koehn and Knowles 2017; 
Bentivogli et al. 2016; Hasyim et al. 2021). For instance, Hasyim et al. (2021) 
studied the use of Google Translate in translating French-​Indonesian recipe 
text and found issues related to the cultural context of the source and target 
languages.

Sato, Harashima, and Komachi (2016) compared NMT with PBSMT 
in translating recipes from Japanese into English. They found that PBSMT 
tended to make many word order errors whereas NMT was more prone to 
substitution errors. Both methods, however, suffered from many omission 
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errors. Sato, Harashima, and Komachi (2016) hinted at the need to adapt the 
machine translation task by considering the ingredients and order of actions 
in recipes.

On the other hand, NMT can be adapted for translation preferences and 
nuances particular to circumstantial needs. and requirements such as personal 
preferences, cooking skills, dietary requirements, etc. Using AI methods to 
generate recipes and menus in multiple languages also has applications in 
cooking and the restaurant business (Nobumoto et al. 2017). Neural methods 
for translating cooking recipes can be extended to the translation of restaurant 
menus, cooking blogs, subtitles in cooking videos, and so on. These methods 
can also contribute to the discovery and intelligent search for cooking ideas 
and methods.

NMT can also be extended to multimodal machine translation (Jiatong Liu 
2021; Sulubacak et al. 2020) for cooking recipes with the help of images and 
videos. Mohammadshahi, Lebret, and Aberer (2019) proposed an approach 
to learn multimodal, multilingual embeddings for images and captions from 
image-​caption datasets with bilingual captioning. They demonstrated improve-
ment in the text-​image retrieval tasks with English-​German and English-​
Japanese datasets. Huang et al. (2020) exploited neural machine translation 
(NMT) to enrich monolingual as well as multilingual textual representations 
in datasets for learning multimodal multilingual embeddings for images and 
captions. Their experiments showed some advantage in this approach. Fei, 
Yu, and Li (2021) considered the use of learnt multimodal multilingual 
embeddings for images and captions as a means of reducing the reliance on 
machine translation tools in the multimodal retrieval (MMR) task. They also 
showed improved retrieval performance with this approach in English-​German 
and English-​Japanese datasets.

Researchers have devised neural network models of recipes that explicitly 
take into account the ingredients and actions and even food images and applied 
them in machine translation as well as other applications such as image-​to-​
recipe retrieval. Guerrero, Pham, and Pavlovic (2021) exploited both text 
and image data in learning a joint representation of recipes regularised with 
imperfect multilingual translations involving multiple alphabets. Through 
back-​translation (Sennrich, Haddow, and Birch 2016), they regularised multi-
lingual recipe text in languages including English, German, French, Russian, 
and Korean, involving three alphabets (Roman, Cyrillic, and Hangul).

Food Image Generation

The recent emergence of AI methods for generating highly realistic images has 
inspired use cases in the food domain. Restaurants can benefit from using high 
quality food images in their menus and advertising materials. AI can generate 
dish images in diverse styles to inspire new cooking ideas. Food photographers 
can benefit from using AI tools to enhance their food images. As far as recipe 
visualization is concerned, recipe authors can supplement text with generated 
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images and illustrations more conveniently and/​or derive variants from con-
ventional photographs.

The following subsections review some major deep learning approaches to 
image generation and their applications in food image generation. Figure 9.13 
shows the main use cases in food image generation.

Generative Adversarial Networks

Among the different AI approaches to food image generation, generative 
adversarial networks (GANs) (Goodfellow et al. 2014) feature most promin-
ently. Since the inception of GANs (Goodfellow et al. 2014) in 2014, much 
progress has also been made in the generation of realistic synthesized images. 
A GAN consists of a pair of neural networks usually referred to as a generator 
and a discriminator. The former tries to generate realistic images while the 
latter strives to distinguish the generated (fake) images from real ones. The 
two networks are trained simultaneously to work against each other in such 

Figure 9.13 � Use cases in food image generation.
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a way toward generating highly realistic images. Figure 9.14 illustrates the 
training of a GAN.

The GAN approach was also extended to allow for more control over 
output content and support a variety of image-​to-​image translation tasks such 
as style transfer, object transfiguration, photo enhancement, etc. (Mirza and 
Osindero 2014; Isola et al. 2017; J.-​Y. Zhu et al. 2017). Mirza and Osindero 
(2014) introduced additional input data (e.g., an input image) as conditions 
in the training of a GAN and hence the name, Conditional GAN, or CGAN. 
J.-​Y. Zhu et al. (2017) extended the GAN approach to translating images 
from one domain to another without paired training examples. They called 
this approach CycleGAN. Both CGAN and CycleGAN have featured prom-
inently in research on visualizing recipes (Horita et al. 2018; Papadopoulos 
et al. 2019; S. Wang et al. 2019; B. Zhu et al. 2019; Han et al. 2021; Z. Liu, 
Niu, and He 2023).

Tanno et al. (2018) demonstrated the use of a GAN for image transform-
ation to convert a given food image from one category (e.g., ramen) to another 
category (e.g., curry rice) while preserving the outline shape of the food item 
and its plating. B. Zhu et al. (2019) used a GAN to generate synthesized 

Figure 9.14 � Training a Generative Adversarial Network (GAN).
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thumbnail images from recipes as a means of assisting users in the browsing of 
recipes as well as providing cues to explain the ranking of recipes.

Papadopoulos et al. (2019) trained a GAN to generate image layers that 
correspond to changes to the visual appearance of a pizza through the add-
ition and removal of layers of its toppings. The generated images can serve as 
a visual guide to the procedure of making a pizza. B. Zhu and Ngo (2020) 
trained a GAN to “simulate” cooking steps visually through food image trans-
formations based on how cooking methods change the appearance of food 
ingredients. This could contribute to the ease of not only following a given 
recipe but also predicting the effect of modifying the recipe on the appearance 
of the dish.

B. Zhu and Ngo (2020) incorporated the modelling of cooking actions in 
CookGAN, a GAN for generating meal images from recipes. Their approach 
accounts for explicit interaction between ingredients and cooking actions and 
supports some interesting applications such as “virtual” recipe experimenta-
tion through on-​the-​fly modification of ingredients and instructions. Sugiyama 
and Yanai (2021) extended a GAN for food image generation with feature 
disentanglement so that serving and plate styles can be arbitrarily shaped in 
generated images.

Z. Liu, Niu, and He (2023) developed a GAN for generating food images 
based on recipe and ingredient labels. Notably, they performed experiments 
on generating Chinese food images based on a Chinese food dataset (Jingjing 
Chen and Ngo 2016) with encouraging results.

Large-​Scale Text-​to-​Image Models

The advent of large-​scale language-​image pre-​trained models, such as CLIP 
(Radford et al. 2021), facilitates the cross-​referencing between language 
and images in downstream image tasks, and includes image generation and 
image editing. For food image editing, Yamamoto and Yanai (2022) applied 
VQGAN-​CLIP (Rombach et al. 2022) to the task and experimented with dish 
image editing by prefixing and suffixing dish names with taste adjectives and 
toppings (e.g., hot-​, sweet-​, -​with egg, -​with bacon, etc.).

The diffusion approach to image generation has made significant advance 
in terms of photorealism recently (Sohl-​Dickstein et al. 2015; Ho, Jain, and 
Abbeel 2020; Song et al. 2020; Rombach et al. 2022). In this approach, deep 
learning models are trained with examples of adding noise probabilistically 
to an image over many steps and learn how to reverse this process to obtain 
photorealistic images. Furthermore, the generative process can be conditioned 
based on additional inputs in text or images or both, resulting in text-​to-​
image generation (Ramesh et al. 2022; Nichol et al. 2022), inpainting (Sohl-​
Dickstein et al. 2015), and text-​guided image editing (Kawar et al. 2022), 
respectively.

Hertz et al. (2022) extended diffusion-​based text-​to-​image generation to 
text-​driven image editing without the need of spatial masks. They developed 
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an intuitive prompt-​to-​prompt editing framework which accounts for the spa-
tial layout of an image to each word in its prompt. This framework supports 
localized as well as global editing of an image via editing its prompt; it also 
allows the emphasizing of a certain word for its effect on the image. Mokady 
et al. (2022) found a way to apply this framework to real (non-​generated) images 
via an inversion technique for text-​to-​image diffusion models. This allows real 
images to be edited in the same way as generated images via their prompts.

The performance of text-​to-​image generators in producing photorealistic 
images based on text descriptions is subject to the choice of keywords and 
phrases added to a given description. Finding the appropriate keywords and 
phrases often depends on human intuition and experience. Researchers have 
proposed guidelines and techniques for prompt engineering (e.g. V. Liu and 
Chilton 2022; Pavlichenko, Zhdanov, and Ustalov 2022; K. Zhou et al. 2022).

Galatolo, Cimino, and Cogotti (2022) curated a diverse dataset of 300 text 
and image pairs as a gold standard for evaluating some recent text-​to-​image 
models. The dataset was divided into three main categories, namely painting, 
drawing, and realistic (including food pictures), and involved six data sources 
including Wikiart, Deviantart, Openverse, ImageNet Sketch, Wikimedia 
Commons, and COCO. Generated images were compared to the gold 
standard in terms of CLIP score and whether they appeared more real (not 
generated) than the gold standard to human evaluators. Their results show 
that Stable Diffusion leads the pack in both CLIP scoring and human evalu-
ation. Borji (2022) compared Stable Diffusion, Midjourney and DALL-​E 2 for 
their ability to generate photorealistic faces. The Fréchet Inception Distance 
(FID) (Heusel et al. 2017) is used as a quality metric for the generated faces.

Petsiuk et al. (2022) compared the ability of Stable Diffusion and DALL-​E 
2 on three text-​to-​image tasks (counting, shapes, faces) at three difficulty levels 
with the help of 20 computer science AI graduate students who provided sub-
jective ratings (1-​5) on generated images from the two models. They further 
devised a text-​to-​image benchmark for evaluating text-​to-​image models in a 
suite of 32 tasks such as “generating objects with specified colours”, “handling 
multi-​lingual prompts”, etc., that cover a wide range of downstream applications. 
J. Cho, Zala, and Bansal (2022) developed an evaluation toolkit for four visual 
reasoning skills, namely object recognition, object counting, colour recogni-
tion, and spatial relation understanding in text-​to-​image generators. The toolkit 
involved an object detector trained by simulated data for each of the four skills.

Demonstrating Recipe Generation from Videos

The idea of GenRecipe can be better grasped with a demonstration of the pro-
duction of a recipe from a video on preparing a dish “Stir-​fried sliced beef with 
rice noodles in brown sauce” (〈乾炒牛河〉), as shown below scene by scene.
Ingredients:

	1.	 beef 100g
	2.	 rice noodles 750g
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	3.	 onion
	4.	 leek sprouts
	5.	 spring onion
	6.	 bean sprouts

Scene 1

Scene 2

Figure 9.15 � Slice the beef into pieces.

Figure 9.16 � Marinate with salt, sugar, pepper powder and light soy sauce.
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Scene 3

Scene 4

Figure 9.17 � Add wine and soy sauce.

Figure 9.18 � Add starch, stir, add oil.
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Scene 5

Scene 6

Figure 9.19 � Cut onion.

Figure 9.20 � Cut leek sprout.
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Scene 7

Scene 8

Figure 9.21 � Prepare rice noodles.

Figure 9.22 � Add oil to stir-​fry the bean sprouts
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Scene 9

Scene 10

Figure 9.23 � Stir-​fry the beef

Figure 9.24 � Fry rice noodles with onion.
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Scene 11

Scene 12

Figure 9.25 � Add light soy sauce and dark soy sauce for colour.

Figure 9.26 � Add all ingredients and keep stirring until all are cooked.
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Scene 13

Conclusion

This chapter has reviewed various deep learning approaches to the retrieval, 
visualization, and generation of cooking recipes and food images and how 
GenRecipe works in a video setting. Deep learning has been going from strength 
to strength in the food application domain. There are now many innovative 
use cases enabled by deep learning. Developments in AI are happening on an 
industrial scale at a very rapid pace at the time of writing. While technological 
advances are opening up new exciting use cases, there are significant issues 
facing deep learning and its applications including unfairness, bias, lack of 
explainability, large carbon footprints, etc. This calls for attention to the eth-
ical and responsible development and deployment of this technology.

Figure 9.27 � Sprinkle sesame seeds and serve.
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