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Inverse Cooking: Recipe Generation From Food Images 

 

 

 

Abstract: 

People enjoy food photography because they 
appreciate food. Behind each meal there is a story 
described in a complex recipe and, unfortunately, 
by simply looking at a food image we do not have 
access to its preparation process. Therefore, in this 
paper we introduce an inverse cooking system that 
recreates cooking recipes given food images. Our 
system predicts ingredients as sets by means of a 
novel architecture, modeling their dependencies 
without imposing any order, and then generates 
cooking instructions by attending to both image 
and its inferred ingredients simultaneously. We 
extensively evaluate the whole system on the large-
scale Recipe1M dataset and show that (1) we 
improve performance w.r.t. previous baselines for 
ingredient prediction; (2) we are able to obtain high 
quality recipes by leveraging both image and 
ingredients; (3) our system is able to produce more 
compelling recipes than retrieval-based approaches 
according to human judgment. We make code and 
models publicly available. 

INTRODUCTION 

Food is fundamental to human existence. 
Not only does it provide us with energy—it also 
defines our identity and culture [10, 34]. As the old 
saying goes, we are what we eat, and food related 
activities such as cooking, eating and talking about 
it take a significant portion of our daily life. Food 
culture has been spreading more than ever in the 
current digital era, with many people sharing 
pictures of food they are eating across social media 
[31]. Querying Instagram for food leads to at least 
300M posts; similarly, searching for foodie results 
in at least 100M posts, highlighting the 
unquestionable value that food has in our society.  

Moreover, eating patterns and cooking 
culture have been evolving over time. In the past, 
food was mostly prepared at home, but nowadays 

we frequently consume food prepared by third 
parties (e.g. takeaways, catering and restaurants). 
Thus, the access to detailed information about 
prepared food is limited and, as a consequence, it is 
hard to know precisely what we eat. Therefore, we 
argue that there is a need for inverse cooking 
systems, which are able to infer ingredients and 
cooking instructions from a prepared meal.  

The last few years have witnessed 
outstanding improvements in visual recognition 
tasks such as natural image classification [47, 14], 
object detection [42, 41] and semantic 
segmentation [27, 19]. However, when comparing 
to natural image understanding, food recognition 
poses additional challenges, since food and its 
components have high intraclass variability and 
present heavy deformations that occur during the 
cooking process. Ingredients are frequently 
occluded in a cooked dish and come in a variety of 
colors, forms and textures. Further, visual 
ingredient detection requires high level reasoning 
and prior knowledge (e.g. cake will likely contain 
sugar and not salt, while croissant will presumably 
include butter).  

Hence, food recognition challenges 
current computer vision systems to go beyond the 
merely visible, and to incorporate prior knowledge 
to enable high-quality structured food preparation 
descriptions. Previous efforts on food 
understanding have mainly focused on food and 
ingredient categorization. However, a system for 
comprehensive visual food recognition should not 
only be able to recognize the type of meal or its 
ingredients, but also understand its preparation 
process. Traditionally, the image-to-recipe problem 
has been formulated as a retrieval task [54, 3, 4, 
45], where a recipe is retrieved from a fixed dataset 
based on the image similarity score in an 
embedding space.  
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The performance of such systems highly 
depends on the dataset size and diversity, as well as 
on the quality of the learned embedding. Not 
surprisingly, these systems fail when a matching 
recipe for the image query does not exist in the 
static dataset. An alternative to overcome the 
dataset constraints of retrieval systems is to 
formulate the image-to-recipe problem as a 
conditional generation one. Therefore, in this 
paper, we present a system that generates a cooking 
recipe containing a title, ingredients and cooking 
instructions directly from an image. Figure 1 shows 
an example of a generated recipe obtained with our 
method, which first predicts ingredients from an 
image and then conditions on both the image and 
the ingredients to generate the cooking instructions.  

To the best of our knowledge, our system 
is the first to generate cooking recipes directly from 
food images. We pose the instruction generation 
problem as a sequence generation one conditioned 
on two modalities simultaneously, namely an 
image and its predicted ingredients. We formulate 
the ingredient prediction problem as a set 
prediction, exploiting their underlying structure. 
We model ingredient dependencies while not 
penalizing for prediction order, thus revising the 
question of whether order matters [51]. We 
extensively evaluate our system on the large-scale 
Recipe1M dataset [45] that contains images, 
ingredients and cooking instructions, showing 
satisfactory results. 

 More precisely, in a human evaluation 
study, we show that our inverse cooking system 
outperforms previously introduced image-to-recipe 
retrieval approaches by a large margin. Moreover, 
using a small set of images, we show that food 
image-to-ingredient prediction is a hard task for 
humans and that our approach is able to surpass 
them. The contributions of this paper can be 
summarized as:  

– We present an inverse cooking system, 
which generates cooking instructions conditioned 
on an image and its ingredients, exploring different 
attention strategies to reason about both modalities 
simultaneously.  

– We exhaustively study ingredients as 
both a list and a set, and propose a new architecture 

for ingredient prediction that exploits co-
dependencies among ingredients without imposing 
order. 

 – By means of a user study we show that 
ingredient prediction is indeed a difficult task and 
demonstrate the superiority of our proposed system 
against image-to recipe retrieval approaches. 

Figure 1: Example of a generated 
recipe, composed of a title, ingredients and 

cooking instructions. 

LITEARTURE SURVEY 

[1] Lukas Bossard, Matthieu Guillaumin, and 
Luc Van Gool. Food-101–mining discriminative 
components with random forests. In ECCV, 
2014.  

In this paper we address the problem of 
automatically recognizing pictured dishes. To this 
end, we introduce a novel method to mine 
discriminative parts using Random Forests (rf), 
which allows us to mine for parts simultaneously 
for all classes and to share knowledge among them. 
To improve efficiency of mining and classification, 
we only consider patches that are aligned with 
image superpixels, which we call components. To 
measure the performance of our rf component 
mining for food recognition, we introduce a novel 
and challenging dataset of 101 food categories, 
with 101’000 images.  

With an average accuracy of 50.76%, our 
model outperforms alternative classification 
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methods except for cnn, including svm 
classification on Improved Fisher Vectors and 
existing discriminative part-mining algorithms by 
11.88% and 8.13%, respectively. On the 
challenging mit-Indoor dataset, our method 
compares nicely to other s-o-a component-based 
classification methods. 

[2] Micael Carvalho, Remi Cad ´ ene, David 
Picard, Laure Soulier, ` Nicolas Thome, and 
Matthieu Cord. Cross-modal retrieval in the 
cooking context: Learning semantic text-image 
embeddings. In SIGIR, 2018.  

Designing powerful tools that support 
cooking activities has rapidly gained popularity due 
to the massive amounts of available data, as well as 
recent advances in machine learning that are 
capable of analysing them. In this paper, we 
propose a cross-modal retrieval model aligning 
visual and textual data (like pictures of dishes and 
their recipes) in a shared representation space.  

We describe an effective learning scheme, 
capable of tackling large-scale problems, and 
validate it on the Recipe1M dataset containing 
nearly 1 million picture-recipe pairs. We show the 
effectiveness of our approach regarding previous 
state-of-the-art models and present qualitative 
results over computational cooking use cases. 
Designing powerful tools that support cooking 
activities has become an attractive research field in 
recent years due to the growing interest of users to 
eat home-made food and share recipes on social 
platforms [35]. 

[3] Jing-Jing Chen and Chong-Wah Ngo. Deep-
based ingredient recognition for cooking recipe 
retrieval. In ACM Multimedia. ACM, 2016. 

Retrieving recipes corresponding to given 
dish pictures facilitates the estimation of nutrition 
facts, which is crucial to various health relevant 
applications. The current approaches mostly focus 
on recognition of food category based on global 
dish appearance without explicit analysis of 
ingredient composition. Such approaches are 
incapable for retrieval of recipes with unknown 
food categories, a problem referred to as zero-shot 
retrieval. On the other hand, content-based retrieval 
without knowledge of food categories is also 
difficult to attain satisfactory performance due to 

large visual variations in food appearance and 
ingredient composition.  

As the number of ingredients is far less 
than food categories, understanding ingredients 
underlying dishes in principle is more scalable than 
recognizing every food category and thus is 
suitable for zero-shot retrieval. Nevertheless, 
ingredient recognition is a task far harder than food 
categorization, and this seriously challenges the 
feasibility of relying on them for retrieval. This 
paper proposes deep architectures for simultaneous 
learning of ingredient recognition and food 
categorization, by exploiting the mutual but also 
fuzzy relationship between them. The learnt deep 
features and semantic labels of ingredients are then 
innovatively applied for zero-shot retrieval of 
recipes. By experimenting on a large Chinese food 
dataset with images of highly complex dish 
appearance, this paper demonstrates the feasibility 
of ingredient recognition and sheds light on this 
zero-shot problem peculiar to cooking recipe 
retrieval. 

 [4] Jing-Jing Chen, Chong-Wah Ngo, and Tat-
Seng Chua. Cross-modal recipe retrieval with 
rich food attributes. In ACM Multimedia. ACM, 
2017.  

Food is rich of visible (e.g., colour, shape) 
and procedural (e.g., cutting, cooking) attributes. 
Proper leveraging of these attributes, particularly 
the interplay among ingredients, cutting and 
cooking methods, for health-related applications 
has not been previously explored. This paper 
investigates cross-modal retrieval of recipes, 
specifically to retrieve a text-based recipe given a 
food picture as query. As similar ingredient 
composition can end up with wildly different 
dishes depending on the cooking and cutting 
procedures, the difficulty of retrieval originates 
from fine-grained recognition of rich attributes 
from pictures.  

With a multi-task deep learning model, 
this paper provides insights on the feasibility of 
predicting ingredient, cutting and cooking attributes 
for food recognition and recipe retrieval. In 
addition, localization of ingredient regions is also 
possible even when region-level training examples 
are not provided. Experiment results validate the 
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merit of rich attributes when comparing to the 
recently proposed ingredient-only retrieval 
techniques. 

[5] Mei-Yun Chen, Yung-Hsiang Yang, Chia-Ju 
Ho, Shih-Han Wang, Shane-Ming Liu, Eugene 
Chang, Che-Hua Yeh, and Ming Ouhyoung. 
Automatic chinese food identification and 
quantity estimation. In SIGGRAPH Asia 2012 
Technical Briefs, 2012.  

Computer-aided food identification and 
quantity estimation have caught more attention in 
recent years because of the growing concern of our 
health. The identification problem is usually 
defined as an image categorization or classification 
problem and several researches have been 
proposed. In this paper, we address the issues of 
feature descriptors in the food identification 
problem and introduce a preliminary approach for 
the quantity estimation using depth information. 
Sparse coding is utilized in the SIFT and Local 
binary pattern feature descriptors, and these 
features combined with gabor and color features 
are used to represent food items.  

A multi-label SVM classifier is trained for 
each feature, and these classifiers are combined 
with multi-class Adaboost algorithm. For 
evaluation, 50 categories of worldwide food are 
used, and each category contains 100 photographs 
from different sources, such as manually taken or 
from Internet web albums. An overall accuracy of 
68.3% is achieved, and success at top-N candidates 
achieved 80.6%, 84.8%, and 90.9% accuracy 
accordingly when N equals 2, 3, and 5, thus making 
mobile application practical. The experimental 
results show that the proposed methods greatly 
improve the performance of original SIFT and LBP 
feature descriptors. On the other hand, for quantity 
estimation using depth information, a straight 
forward method is proposed for certain food, while 
transparent food ingredients such as pure water and 
cooked rice are temporarily excluded. 

of food related tasks, with special focus in image 
classification [26, 39, 38, 33, 6, 24, 30, 60, 16, 17].  

PROPOSED METHOD  

In this paper author is using RESNET101 
for cuisine classification from food image and then 

using LSTM to predict recipe details.  All food 
contains its own ingredients and recipe details so 
just by seeing food images it’s not possible to 
identify Cuisine name and its ingredients. So author 
of this paper using RESNET and LSTM for cuisine 
classification and to predict ingredients and recipe 
details. RESNET 

To train both algorithms author using 1 
Million recipe dataset from KAGGLE website.  
Author has compare performance of RESNET101 
with SVM and XGBOOST, Cat Boost and Light 
GBM. Cat Boost and Light GBM taking more 
execution time so we have implemented 
Resnet101, SVM and XGBOOST. 

To implement this project we have designed 
following modules 

1) Upload Recipe Dataset: using this module 
we will upload dataset and then read all 
images and its recipe details and then 
build TF-IDF vector which contains 
average frequency of each word 
occurrence and LSTM will get trained on 
this vector and then retrieve all vector 
which is matching with predicted cuisine 
food image 

2) Build Resnet101 Model: using this module 
we will train Resnet101 on images and 
LSTM on TF-IDF vector and then 
calculate its prediction accuracy 

3) Train SVM & XGBoost Algorithms: using 
this module we will train SVM and 
XGBOOST algorithm and then calculate 
its prediction accuracy 

4) Upload Image & Predict Recipes: using 
this module we will upload test food 
image and then Resnet101 will classify 
cuisine and LSTM will predict ingredients 
and recipe details. 

5) Comparison Graph: using this module we 
will plot accuracy graph between all 
algorithms 

RESULT 

 

To run project double click on ‘run.bat’ file to get 
below screen 
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Fig. 5 Run.bat file 

In above screen click on ‘Upload Recipe Dataset’ 
button to upload recipe dataset and get below 
output 

 

Fig.6 Upload the dataset 

In above screen selecting and uploading recipe 
dataset file and then click on ‘Open’ button to load 
dataset and get below output 

 

Fig.7 Select and upload the recipe dataset 

In above screen dataset loaded and now click on 
‘Build Resnet101 Model’ button to train Resnet101 
and get below output 

 

Fig.8 Build Resnet101 Model 

In above screen with Resnet101 training completed 
and we got 99.91% accuracy and now click on 
‘Train SVM & XGBoost Algorithms’ button to 
train both algorithms and get below output 

 

Fig.10 Train SVM & XGBoost Algorithms’ 

In above screen SVM and XGBOOST training 
completed and with SVM we got 60% accuracy 
and with XGBOOST we got 12.5% accuracy and in 
above screen we can see in all algorithms 
Resnet101 accuracy is high. Now click on ‘Upload 
Image & Predict Recipe’ button to upload image 
and get below output 

 

Fig.11 selecting and uploading ‘6.jpg’ file 

In above screen selecting and uploading ‘6.jpg’ file 
and then click on ‘Open’ button to get below output 
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Fig.12 cuisine classification in yellow colour text 

In above screen on image we can see cuisine 
classification in yellow colour text and in text area 
also we can see recipe name with ingredients and 
making (recipe) details. Now upload another 
images 

 

Fig.13 Recipe details 

 

Fig.14 Recipe details 

 

Similarly you can upload other images and get 
recipe and cuisine classification details. Now click 
on ‘Comparison Graph’ button to get below graph 

 

Fig.15 Comparison Graph 

In above graph x-axis represents algorithm names 
with each metric like accuracy, precision in 
different colour bar and y-axis represents values 
and in above graph we can see compare to all 
algorithm RESNET101 prediction or classification 
accuracy is high 

CONCLUSION 

In this paper, we introduced an image-to-recipe 
generation system, which takes a food image and 
produces a recipe consisting of a title, ingredients 
and sequence of cooking instructions. We first 
predicted sets of ingredients from food images, 
showing that modelling dependencies matters. 
Then, we explored instruction generation 
conditioned on images and inferred ingredients, 
highlighting the importance of reasoning about 
both modalities at the same time. Finally, user 
study results confirm the difficulty of the task, and 
demonstrate the superiority of our system against 
state of-the-art image-to-recipe retrieval 
approaches. 
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