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摘要
隨著大數據的興起，深度學習已廣泛用於解決各種分類問題，在食品相關領域
，食材識別是一種熱門且具有挑戰性的應用。挑戰之一是烹飪後食材難以識別，另一
個挑戰是多標籤學習。在本研究中，我們將多標籤學習應用於 BBC食品網站上的食譜
資料，嘗試在食物圖像中找到相應的食材。我們提出了一種多任務學習方法來解決多
標籤問題。首先將烹飪步驟的文本內容做轉換，得到的向量用作多任務學習的輸出之
一，而另一個輸出是食材。我們的方法通過多任務學習，兩個任務彼此共享學習到的
資訊，可以學習單任務學習無法學習的資訊，從而提高食材預測的準確性，並對模型
提供可理解的解釋。

關鍵字：多標籤學習；卷積神經網絡；多任務學習；詞嵌入；機器學習可解釋性
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Abstract
With the rise of big data in recent years, deep learning has been extensively used to
solve various classification problems, for food-related fields, ingredient recognition is one of
the popular and challenging applications. One of the challenges is the difficulty of
recognition after cooking, and another challenge is multi-label learning.
In this thesis, we try to find the corresponding ingredient set in food images from the
recipe data on the BBC food website. by proposing a deep learning multi-task learning
algorithm to solve this multi-label problem. This method first converts the cooking
instruction text into the vector and uses it as one of the outputs of multi-task learning, and
another output is the ingredient set.
With multi-task learning, the two tasks share the learned information with each other,
and learn the patterns that single-task learning may not learn, thereby improving the accuracy
of the ingredient prediction and providing an understandable explanation for the model.

Keywords: Multi-label Learning, Convolutional neural network, Multi-task learning,
Word-embedding, Machine Learning Interpretability
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1. Introduction
In recent decades, the explosive growth of data and the accessibility of computations
have made artificial intelligence and machine learning algorithms everywhere in our lives,
such as recommendation systems and spam detection systems. Deep learning is a sub
research field of machine learning, which has been proved important for machine learning
algorithms since the success of Deep Neural Network (DNN) (LeCun et al., 2015) in 2012.
Nowadays, the concept of deep learning has become the most dominant base of machine
learning. With the rapid development of deep learning, applications such as image
recognition and object detection are also developing at an alarming rate.
In recent years, health issues have received much attention, more people attach
importance to diet, computer vision research related to food is also one of the popular
applications, usually focusing on food classification, but we want to solve the more
challenging task, ingredient recognition, that is to find the ingredients inside the dish, such as
salt,

black

pepper,

garlic

(e.g.,

A

vegetarian

pizza

shown

in

Figure

1).

Figure 1: Example of generated ingredients
(Source: Vegetarian pizza.jpg adapted, by Food Recipes, licensed under CC BY 2.0)
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From the perspective of food nutrition, if the machine can accurately recognize the
ingredients of a food image, it will help consumers understand the nutritional composition of
food and let users understand what they are eating. On this basis, broader food understanding
systems, such as calorie estimation and recipe creation have been developed.
One of the difficulties in ingredient recognition is that, due to the nature of different
cooking methods, such as cutting and melting, the ingredients might be difficult to recognize
from the image. As shown in Figure 1, the flour and salt in the pizza have been added to the
dough that can not be identified from the image anymore. Therefore, considering only the
ingredients in the food may result in unsatisfactory performance.
Another difficulty in ingredient recognition is multi-label classification. Multi-label
classification can be used for various problems, such as texts and images, where each data
may belong to several predefined labels simultaneously. Take our dataset as an example.
Recipes we collected from the BBC food website have nearly a thousand ingredients, which
can be considered the category label for the recipe and cuisines usually have more than one
related ingredient: the recipe for the “cake” is labeled “egg’’, “flour”, “sugar”, etc.
Furthermore, the combination of multi-label classification and computer vision is also a topic
that has received attention in recent years. For example, multi-label classification for a movie
poster to genres, multi-label classification of ingredients for food images.
A simple approach to solve the multi-label classification is to train separate classifiers
for each label, but the dependencies among labels are ignored and thus the results may not be
good enough in terms of multi-label learning. In addition, training a large number of
classifiers is computationally difficult. Recently, for solving the computation difficulty of the
aforementioned approach, several multi-label learning methods have been proposed, such as
tree-based and embedded-based methods, and their accuracy has been significantly improved.
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Deep learning is a popular method used to solve multi-label learning in recent years, because
of the strong deep model architecture(LeCun et al., 2015), for instance, CNN-RNN(Wang et
al., 2016) combines CNN and RNN so that some objects not recognized by CNN can be
inferred by RNN. We will provide more detailed information about deep learning models in
multi-label learning in Section 2. In this thesis, we consider multi-task learning(Caruana,
n.d.) in deep learning. We believe that the prediction accuracy of multi-label learning can be
improved through auxiliary tasks, and the result is as we expected, multi-tasking can learn
more information that cannot be learned by a single task.
The thesis is organized as follows. In Section 2, we briefly review backgrounds and
related works about deep learning, convolutional neural networks, computer vision dealing
with food-related tasks, multi-task learning, multi-label learning, and word-embedding. We
propose a method to solve the multi-label problem and illustrate our proposed approach in
Section 3. In Section 4, we present the experimental result and compare it with other deep
learning methods. In Section 5, we summarized our findings in this thesis, that we use
multi-task learning to improve the accuracy of multi-label learning, and used an
interpretability model to explain our model.

2. Background and Related Work
2.1 Convolutional neural network
In recent years, the development of information technology led to rapid growth in
large amounts of data from multimedia contents, such as images, audio, video, and texts.
Furthermore, powerful computing resources and improvements in computational accelerators
such as GPUs promote the rapid development of artificial intelligence (AI) and its
applications. Deep learning(LeCun et al., 2015) is the most popular implementation of
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artificial intelligence, which uses deep neural networks (DNN) as a basic framework. Deep
learning automatically extracts features that are representative of data through nonlinear
transformations in multiple processing layers. Due to its deep architecture (Bengio, 2009),
DNN is able to create an appropriate model for a given data, and the prediction accuracy is
usually better than other learning algorithms when dealing with large-scale datasets. Now,
several deep learning frameworks, such as convolutional neural network (CNN) and recurrent
neural network (RNN), have not only been applied to the mature research fields of computer
vision, speech recognition, natural language processing (NLP), but also audio recognition,
recommendation systems, etc.
CNN (Krizhevsky et al., 2012)is one of the most popular methods in DNN, which can be
even more accurate than humans recognizing images. The main problem of traditional DNN
is that it ignores the motives or shapes which make up images. For example, when training
traditional DNN to recognize a three-dimensional image containing width, height, and color
channels, the image must be flattened into one dimension before inputting, and each pixel is
considered independent predictor variables for DNN. However, some information can only be
preserved in three-dimensional shapes, such as images in nearby spaces that may have similar
pixel values, and pixels have different correlations with each other. The CNN architecture
often includes single or multiple convolution layers, the pooling layer, and sometimes the
output is connected to a fully-connected layer. A typical CNN is shown in Figure 2
(“Convolutional Neural Network,” 2019). Convolution layer is to convolute the original
image with different feature detectors. The purpose is to extract features such as shapes in the
image and the extracted representation is called “feature map”, which is used as the input of
the following layer. The pooling layer reduces the dimension of each feature map and
preserves important features, and its benefits are faster system operation and avoiding
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overfitting. The common pooling is max pooling, which takes the largest value in the matrix
to retain the strongest features and discards other weak features. Finally, after several
convolutions and pooling layers, the features are then dropped into the fully connected layer
for classification. The fully connected layers exploit flattening feature maps and generate
outputs for prediction. VGGNet(Krizhevsky et al., 2012; Simonyan & Zisserman, 2014) is a
deep convolutional neural network developed by researchers at Oxford University Visual
Geometry Group and Google DeepMind. Compared with the previous network structure,
VGGNet greatly reduced the error rate and it is extremely expandable. The structure of
VGGNet is quite simple, VGGNet constructed 16~19 deep convolutional neural networks by
repeatedly stacking 3*3 convolution and 2*2 max-pooling layers. So far, VGGNet is still
very commonly used for image recognition, such as VGG-16, VGG-19.

Figure 2: Typical CNN architecture
(Source: Typical cnn.png adapted, by Aphex34, licensed under CC BY 4.0)

2.2 Food Understanding
In computer vision, there are many researches involving food-related tasks, especially
image classification(Chen & Ngo, 2016; Kawano & Yanai, 2014), and even more challenging
tasks. For example, generating ingredients for a given image, because the size, shape, and
color of ingredients can change greatly in the presentation by the different ways of cooking,
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such as egg in the cake, melted butter, and garlic sauce, ingredients are difficult to identify by
the appearance of the food. Furthermore, estimating calories from food images and
generating complete recipes are also common food-related computer vision applications. A
complete recipe not only shows clearly the ingredients but also clearly illustrates cooking
instructions (e.g. how many minutes to bake, whip egg whites to which peak stage).
In 2014, Swiss researchers created a dataset called Food-101(Bossard et al., 2014),
and used it to develop a food image algorithm with an accuracy of more than 50%. However,
the size of the dataset is still a limiting factor, even for larger datasets, only a few specific
cuisines are included, the low diversity of cuisines will limit the model training. Researchers
at the Massachusetts Institute of Technology (MIT) wanted to break through these
restrictions, collected the recipes on websites such as Food.com and All Recipes, and
developed Recipe1M (Marin et al., 2019), a database of more than 1 million recipes. Then,
they developed a food recognition system Pic2Recipe, using this data to train a neural
network to find images, and establish a connection between the food images and the
corresponding ingredients and recipes. The recipe model displayed in Figure 3. Given an
image of the food, Pic2Recipe can identify its ingredients, and provide some suggested
recipes in the database that are highly similar to it. This shows impressive results in the image
recipe retrieval task. The performance of the retrieval system focuses on pairing the recipes
from the cooking dataset with the similarities of images, depending principally on the size
and diversity of the dataset as well as the quality of the image. Normally, if there is no image
corresponding to the recipe in the dataset, the system will perform poorly.
Facebook AI research (Salvador et al., n.d.) proposed an image-to-recipe generation
system. Unlike direct image matching, it is more about predicting the ingredients and then
generating cooking steps based on the ingredients and their corresponding images. They first
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predict a set of ingredients from the features extracted from the input image and ingredients
co-occurrence. The title and instructions are then generated by the features and predicted
ingredients and inputting them into the latest sequence generation model. The result of the
Inverse Cooking system is significantly more accurate than the results predicted by the image
recipe retrieval approach.

Figure 3: The model architecture of Pic2Recipe
Predicting food categories based on the appearance of food images often performs
poorly, and recipes cannot be retrieved with unknown food categories, this problem is called
zero-shot retrieval. In view of these shortcomings, Jingjing Chen et al. proposed a method of
simultaneously learning food classification and ingredient recognition in images(Chen &
Ngo, 2016).That is, the original single-label image classification problem is extended to a
single-label and a multi-label classification problem. The advantage of this is that the number
of ingredients are far less than the categories of food, so it is easier to apply the predicted
results of ingredients to the zero-shot retrieval problem, secondly, predict ingredients can also
be used as auxiliary information to improve the retrieval performance of recipes.
Food calorie estimation is more challenging than food classification. There have been
some studies on calorie estimation in recent years (Ege & Yanai, 2017; Liang & Li, 2017;
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Pouladzadeh et al., 2015, 2016). Only food image information cannot accurately estimate
calories because food weight directly affects food calories. Google artificial intelligence
development team proposed Im2Calories (Myers et al., 2015), an application that estimates
the calories of food based on images. First, use the fine-tuned GoogLeNet (Szegedy et al.,
2014) CNN model to identify the food. Then perform semantic image segmentation to find
the food location in the image. Next, predict the size of the segmented food. Finally, calculate
calories based on their volume and density in the food list.
Pouladzadeh et al. used the top view and side view of the food to estimate the volume
of the food, and use the user’s thumb as a reference object (Pouladzadeh et al., 2014). The
volume of the food is calculated by multiplying the estimated food size from the top view
image and the estimated height from the side view image, and then calculate the calories from
the volume and density of the food.
However, even if the volume information of the food is obtained, the calories will be
affected by other factors such as cooking instructions and ingredients. Ege et al.(Ege &
Yanai, 2017) proposed to use multi-task CNN to simultaneously learn calories, categories,
ingredients, and cooking instructions to estimate calories from food images. Establishment
include food images, ingredients, cooking instructions, and weight labeled with calorie
content of large data sets is not easy. Therefore, calorie estimation prediction is still a tricky
issue.
2.3 Multi-label classification
Multi-label learning is to find relevant subset of labels from the label space in the
dataset. Unlike multi-class classification whose instances have only one label of each, there
are usually multiple labels per instance in multi-label learning problems. In the real world,
multi-label learning (Agrawal et al., n.d.; Jain et al., 2016; Liu et al., 2017; Wei & Li, n.d.; W.
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Zhang et al., 2017)problems are very common. For example, audio classification, songs will
be classified into one or more genres at the same time, such as “calm and relaxed” and “sad
and lonely”. Multi-label classification of images is also widely used. Images can be marked
as different objects, people, or concepts. Text classification is also a common application in
multi-label classification. Text (such as fiction, news, comments) can be marked as one or
more labels, such as “suspense and romance”, detective, “political and economy”.
However, several challenges faced by multi-label image classification. The possibility
of multi-label image classification increases exponentially with the increase of labels in the
image, which will increase the training burden and time cost on the existing hardware, how to
effectively reduce the information dimension is a big challenge. Another challenge is that the
multi-label classification does not consider the correlation between categories. For example,
if there is an image of the sky, the bicycle may not appear, and the image of the ocean is
unlikely to appear tigers. For humans, these are common sense, but for computers, it is very
complicated. Finding the correlation between categories can also better reduce the difficulty
of multi-label image classification.
There are several methods to solve multi-label classification problem, based on the
method of problem transformation. For example, Binary Relevance (BR) (Sorower, 2010)
transforms multi-label classification problems into binary classification problems, and the
transformation independently trains a binary classifier for each label and then averages the
predictions of all models, as shown in Figure 4. Label Powerset (LP) (Sorower, 2010) is
another problem transformation method, which transforms a multi-label problem to a
multi-class problem, trained on all unique label combinations found in the training data. The
conversion is shown in Figure 4. LP and BR generally do not perform well because they
ignore label dependencies and hierarchies. These methods will generate a great number of
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classifiers, and the amount of computation will be extremely large.

Figure 4: Transformed dataset by Binary Relevance (BR) method

Figure 5: Transformed dataset by Label Powerset (LP) method
The other method is algorithm adaptation, which is to modify the algorithm to fit
multi-label datasets. It is usually classified into tree-based method(Agrawal et al., n.d.;
Prabhu & Varma, 2014) and target embedding method(Bhatia et al., n.d.; Yeh et al., 2017; Yu
et al., n.d.). Tree-based approach recursively partitions the space of labels into a tree structure
such as random forest for label prediction. Different from the ordinary tree method,
tree-based methods usually adopt the designed cost function to learn the label hierarchy and
improve prediction accuracy. FastXML(Prabhu & Varma, 2014) is considered the most
advanced tree-based method for multi-label learning, which traverses the learned feature
10

space hierarchical structure and then determines the new point for a set of active labels in the
region to makes effective predictions. On the other hand, the embedding-based method
projects the label vector into a low-dimensional space to make these low-dimensional label
target vectors are relatively easy to train.
However, the performance of the embedding method performs poorly, because these
low-rank latent vectors obviously lose some information from the original large label space.
SLEEC(Bhatia et al., n.d.) overcomes this defect and greatly improves the accuracy of the
embedded-based method. By learning from a small local distance preserving embeddings can
accurately predict infrequently occurring labels. This allows SLEEC to break through the
low-rank assumption of the traditional embedding method, and improve the accuracy of the
classifier by learning to preserve pairwise distances of the nearest label spaces.
The development of deep learning has led to a significant improvement in the
accuracy of image classification. The powerful nonlinear representation of neural networks
can learn more effective features in large-scale data. In recent years, multi-label image
classification has also begun to use deep learning for research. CNN has a strong ability to
extract semantic information, while RNN can establish the association between information.
According to this viewpoint, J. Wang et al.(Wang et al., 2016) proposed the CNN-RNN joint
network structure, the framework is shown in Figure 6. The proposed framework uses CNN
and RNN to model the label co-occurrence dependency in the joint image/label embedding
space, and combines the advantages of the joint image/label embedding and label
co-occurrence model. First, use CNN to train the input image to extract features, project the
features into the space consistent with the label, and then use RNN to perform the word
search training in the space. The algorithm fully considers the correlation between categories,
and can effectively identify labels with certain relationships in images.
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Figure 6: The architecture of the CNN-RNN model for multi-label classification
On the basis of CNN-RNN structure, RLSD(J. Zhang et al., 2017) added the Regional
LSTM module. The module includes a fully convolutional localization architecture so that
the location information of the features can be obtained, and the correlation between the
location information and the label can be calculated. Further considering the potential
dependencies between features, location, and labels, it is possible to effectively calculate the
possibility of multiple labels in the image at the same time and classify the image. Y. Kang et
al.(Kang et al., 2019) proposed interpretable eXtreme Multi-label image classification
(iXML). This method limits the weight of the autoencoder to equal or larger than zero
(non-negative autoencoder) to compresses labels and generates the latent labels. The
pre-trained deep convolutional neural network is fine-tuned using the latent label vector as
the output. Finally, using the interpretable model explains why the model makes these
predictions. Figure 7 shows the network model structure.
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Figure 7: The network model structure of iXML
Related algorithms for multi-label image classification are still emerging, either they
are based on conventional machine learning or deep neural network algorithms have their
advantages and disadvantages, and the appropriate algorithm should be selected according to
the actual application needs.
2.4 Multi-task Learning
Multi-task learning (Caruana, n.d.; Y. Zhang & Yang, 2018) is a kind of transfer
learning algorithm. Learning in the source domain and transferring the learned informations
to the target domain can improve the learning effect of the target domain. During the learning
process, shared representations are used to share and complement each other to learn the
domain-related information, thereby promoting learning and enhancing the effect of
generalization.
Multi-task learning in the typical machine learning method mainly uses norm
regularization to make the model sparse between tasks and model the relationship between
multiple tasks. Block-sparse regularization method(Argyriou et al., n.d.; Lounici et al., 2009)
uses norm regularization to achieve cross-task sparsity, the model only considers related
features between different tasks. If the correlation between tasks is weak, using this method
may lead to negative transfer. The model can be constrained by introducing task clustering, or
by parameterizing the parameter vectors of different tasks and their variances. Regularized
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multi-task learning (Evgeniou, 2004) combines multi-task learning with SVM, introducing
the Bayesian method to specify clusters, its goal is to maximize the margin while making
different tasks tend to their respective cluster centers.
The use of DNN in multi-task learning is also a trend in recent years (Ruder, 2017).
The flexible network structure of DNN, which can accommodate a variety of differently
distributed samples in a model and optimize their goals. There are two commonly used
methods in multi-task learning: hard sharing and soft sharing of hidden layer parameters.
Figure 8 shows the two methods for multi-task learning in deep neural networks. Hard
parameter sharing is the most common method in neural network multi-task learning. Some
parameters will be shared among all tasks in the shared layer, and there are unique parameters
for each task at a specific task layer. In this case, learning many tasks at the same time, the
model can capture the representation of all tasks, and the less chance of overfitting. In soft
parameter sharing, each task has a backbone network of the same size as the parameter space.
We can add sparsity, gradient similarity, or LASSO penalty to the parameter space for the
specific constraint to softly constrain the representation space of different task networks.
Learning different tasks at the same time can average the noise patterns so that the model gets
a better representation. Any multi-task learning network design can be seen as finding the
balance between hard and soft parameter sharing. How to design a network exquisitely but
can maximize the sharing of information between different tasks is the main challenge of
multi-task learning.
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Figure 8: (a) Hard parameter sharing and (b) Soft parameter sharing for multi-task learning in
deep neural networks

2.5 Word embedding
Natural language processing is one of the applications that have made significant
progress in the field of machine learning in recent years. For the image, we are concerned
with identifying the pixels of the image, however for the language, we need to identify the
sentence and even the paragraph of the article. The most important thing is the word, which
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composes sentences. The word embedding transforms each word into vectors to represent the
relative meaning of this word in various dimensions, and uses the vector to calculate the
similarity of each word with other words. For example, from a biological point of view,
“man” and “woman” are very similar because they belong to humans, but from another
perspective of “gender”, they are the opposite. Therefore, to convert a word into a vector, we
cannot only consider one dimension but must have multiple dimensions to observe. There are
three famous pre-trained models of word embedding: Word2vec(Mikolov et al., n.d.),
GloVe(Pennington et al., 2014), and FastText(Joulin et al., 2016).
Word2Vec represented the semantic information of words by vectors by learning a
large amount of text data. After embedding words into space, words with similar semantic
meaning can be closer. There are two models in Word2Vec, CBOW, and Skip-gram.
Skip-gram is to predict the context from the given word, CBOW is to predict the target word
from given contexts. To solve the problem that Word2vec only considers the local
information of words, GloVe was proposed in 2014. In order to make more use of vocabulary
co-occurrence information, GloVe constructed a vocabulary co-occurrence matrix and
reduced the dimension of it.
FastText is an AI library developed by Facebook AI Research. The model architecture
is similar to CBOW in word2vec. The difference from CBOW is that the output of FastText is
not middle words, but labels. In order to efficiently process text in massive datasets, FastText
uses the Huffman algorithm to build a hierarchical tree structure to classify the type of text.
The Huffman algorithm can calculate the frequency of each distinct single character in the
string with probability, and build a binary tree. This method enhances the accuracy of
FastText deep learning classifier.
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In the field of natural language processing, the common method of converting
sentences into vectors is to take word vectors as input and use neural networks such as CNN
or RNN for text representation learning. Another method is to directly use the simple method
of element-wise average or addition. However, the neural network method is computationally
expensive and time-consuming. After a lot of experiments, Shen et al.(Shen et al., 2018)
found that the simple pooling model of word vectors performs well for most NLP problems,
even surpassing the complex neural network model. For the simple word-embedding model
(SWEM), there are several methods, SWEM-aver, average the word vector by element-wise.
SWEM-max, take the maximum value for each dimension of the word vector, it considers the
most significant feature information. SWEM-concat, concatenate the results of the two
pooling methods SWEM-aver and SWEM-max. SWEM-hier, uses local windows for average
pooling, and then uses global maximum pooling for the results of all windows.
2.6 Explainable AI
In addition to accurate predictions, it is also necessary to understand why the model
makes the predictions to identify the potential risks of the model and help people make
decisions. Therefore, interpretable artificial intelligence is an important direction for the
development of machine learning in recent years. If AI is to be extended to more fields, such
as assisting diagnosis in medical care and judging the pros and cons of financial investment
strategies, we all need to know how the model makes conclusions. Samek et al(Samek et al.,
2017) summarized four reasons why people need interpretable AI in their research, which are
verification of the system, improvement of the system, learning from the system, compliance
to legislation. In the classification model, many people like to use the importance of variables
to explain the judgment criteria of the classification model. However, for more complex
models, subtle changes in each variable may have a significant impact on the predicted
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solution, making it difficult to explain the complexity of the importance of variable models.
LIME (Local Interpretable Model-Agnostic Explanations) (Ribeiro et al., 2016) is a model
design concept that improves the explanatory power of complex classification models. LIME
interferes with the local features in the training data , such as covering part of the image, to
observe whether it will affect the prediction results, and thus to judge which features in the
training data have a more critical role in model decision-making, and thereby find the biased
data. The mathematical representation of LIME is obtained by the following:

By minimizing the loss function Ｌ to compare the approximation of the model g and the
original model f , where Ω(g ) represents the model complexity of the interpretation model g
, G represents all possible interpretation models, and π x defines the neighborhood of x .

3. Proposed approach
Because the appearances of the ingredients depend heavily on the cooking methods,
the use of typical CNN for ingredient recognition may not achieve satisfactory performance.
We believe that the addition of other relevant information allows the model to capture the
ingredients more accurately. Only using a single model may ignore some potential
information from related tasks. By sharing the parameters between different tasks, the
original task may be generalized better. Due to this issue, we proposed a multi-task
learning-based approach to address the multi-label problem of ingredient recognition. In our
proposed method, multi-task learning can learn recipe instructions and ingredients
simultaneously. We consider that some features that cannot be learned by single-task learning
can be learned through the auxiliary task (instructions in our case). We considered the
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simultaneous training of ingredients and instructions, and aimed to use the relationship
between them to enhance the accuracy of identification. For the same type of cuisine,
although the different auxiliary ingredients are composed, the main ingredients and
instructions are still similar. For instance, the chocolate cake and strawberry cake are made in
a similar way to the main ingredients, they may both have the ingredients "sugar”, “egg”,
“flour" and the instruction “preheat the oven”. Ingredient prediction and instruction
generation help each other to learn better, for example, the ingredient “flour” is more likely
than “beef” to have the instruction text “knead”. Therefore, learning the composition of
instructions and components at the same time will in principle lead to better performance.
Figure 9 is an overview of the proposed framework, which is composed of two
modules: the word embedding of instruction texts and multi-task learning for instructions and
ingredients. In the first step, in order to learn the information from instructions, we process
the instruction texts first. We considered embedding each cooking instruction texts, making
each word similar to the vector of the previous word and the next word to train a word vector
containing the meaning of each word. As a result, we require a method for word embedding.
Here, we chose the FastText pre-trained model, because FastText can often achieve an
accuracy comparable to that of deep networks, but it is much faster in training time than deep
networks in text classification tasks. We take advantage of pre-trained word vectors trained
on Wikipedia using FastText. Compared with the state-of-the-art word embedding models
such as Word2vec and GloVe, FastText can generate better word embeddings for rare words
or even words that do not exist in the training set because the n-gram character vectors can be
shared with other words.
Inspired by the SWEM-aver(Shen et al., 2018) method due to its simplicity and
effectiveness, we average the element-wise value of the word vectors in the sentence to
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obtain the sentence vector, which takes into account the information of each word. Therefore,
the size of the sentence embedding is the same as the size of each word embedding in 300
dimensions. Figure 10 shows how to obtain sentence embedding from word sequences.

Figure 9: Framework overview: (a) instruction word embedding, (b) multi-task learning for
instruction and ingredient. Given an image of the food, the framework outputs a set of
ingredients and instruction embedding for the food.
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Figure 10 : The method of sentence embedding. We take the average of each dimension of the
word vector.
The second step of our framework is to build a multi-task learning model. We take the
image data as input, a convolutional neural network as our classifier, and the result obtained
from the word embedding in the first part is used as one of the outputs and another output is
the ingredient labels. Here, using a pre-trained VGG-16 network as a convolution base to
learn the images. Figure 11 shows the network architecture of VGG-16 and the second step of
our proposed method. The weights of each layer of the model except the final convolution
layer and fully-connected layers are frozen, and we fine-tuned the final convolution layer and
fully-connected layers. In this process, the model can use not only pre-trained structures and
weights to learn general characteristics features, but also retraining structures to better match
our data and learn particular features. We removed the fully connected layers of VGG-16 and
added a fully connected layer with 1024 channels. At the end, we connected a
fully-connected output layer with 708 channels to predict ingredient labels and another
fully-connected output layer with 300 channels for the instruction vectors obtained from the
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previous step. The instruction vectors are real-valued vectors, so the instruction vector output
activation function of CNN is an identity function. On the other hand, same as the typical
multi-label learning task, the ingredient output activation function is a sigmoid function,
which transforms the multi-label problem into n-binary classification problem (n is the
number of labels), and independently predicts the probability of each label. Our multi-task
learning adopts the method of hard parameter sharing. In the early stages of learning,
VGG-16 was the shared layer to share learning information between the two tasks. The
private layer connected lastly retains the learning of the specialized features of each task to
help optimize performance. We only focus on the main task goal, hope to profit from the
auxiliary tasks.

Figure 11: (a) The original VGG-16 network architecture (b)The network architecture of the
second step of our proposed method. We use a pre-trained VGG-16 network to learn images.
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4. Experiments
4.1 Dataset
We collected recipes from the BBC Food Recipe website(Recipes - BBC Food, n.d.)
.It contains food names, ingredients, instructions, and images. Then, we removed the
ingredients which have never been used in overall recipes and the recipes without images.
After data preprocessing, there are a total of 708 ingredients and 3,379 recipes with images in
our dataset. Table 1 indicates detail about the dataset we used in our experiment.
Table 1: Detail about the dataset we used in our experiment.

4.2 Evaluation metrics
To evaluate multi-label learning models, we need different metrics instead of
accuracy. Precision@k and nDCG@k(Jain et al., 2016) are commonly used as an evaluation
for multi-label learning, which encourages the correct label ranking to be higher. The metrics
are defined as:

23

where y

∈ {0, 1}

L

︿

is the vector of true labels of an instance, rank k (y ) is the k-th highest

prediction of y ranked in descending order. In this thesis, we use these two metrics as
evaluation. P@k and NDCG@k are calculated for each instance, with k = 1, 3, 5, and then
averaged over all the instances.

4.3 Comparison Methods
We compare our proposed method against the following deep learning methods: We
use VGGNet(Simonyan & Zisserman, 2014) pre-trained on ImageNet to initialize the
parameters and fine-tune the model; CNN-RNN(Wang et al., 2016) employ CNN combined
with RNN for classification; iXML(Kang et al., 2019) applies deep non-negative autoencoder
to the label compression and label prediction of the multi-label learning on the BBC food
dataset.
In addition, we use iXML as the basis and import our multi-task learning method, one
of output is the instruction vector obtained by our method, and another output is the latent
label generated by the non-negative autoencoder of iXML. Figure 12 illustrates the
architecture.

24

Figure 12: The model framework combining iXML with our method
4.4 Experimental Results
Table 2 illustrates and compares the ingredient prediction performances of all
competing methods by P@k and nDCG@k. We can see from the tables that our method
performs comparatively well compared to other algorithms in terms of P@k and nDCG@k.
The model trained by importing iXML into our multi-task learning method, when k = 1, the
performance is worse compared to our method, it may be that some information is lost due to
dimensionality reduction by iXML, so the accuracy is slightly reduced, but in k = 3 and 5 it
performs better than our method.
Table 2: Comparison of P@k and nDCG@k in % of our model and other methods on the
BBC food dataset
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The ingredient prediction examples are shown in Figure 13. We compare the predicted
and actual ingredients with our method and CNN single-task learning. We list top-10
predicted ingredients with the highest probability. If the ingredient is present in the actual
ingredients, the ingredient is shown in red and bold. As can be seen from Figure 13. Our
method predicts more actual ingredients than the single-task prediction. Our method can learn
some information that the single-task cannot learn so that the prediction accuracy is
improved.
As the interpretability model is becoming more important, we use LIME as the
“explainer” of the model to explain our method, which can be used as one of the metrics to
evaluate the model, highlighting important parts of the image in green, the red part is
considered unimportant by the model. From Figure 13, we can see that when the plating of
food is simple, the model can accurately identify the food. On the contrary, the foods with
more complicated presentations will increase the difficulty of identification for the model.
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Figure 13: Ingredient prediction examples

5. Conclusion
For the multi-label learning problem for ingredient recognition, this thesis proposes a
multi-task learning method. The instruction texts convert to vectors by word embedding, and
instruction vectors and ingredient labels are used as our multi-output for our model to let the
machine learn these two tasks at the same time. The results of the experiment are as we
expected, our method helps the machine learn more information that could not be learned and
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make predictions more accurate. Finally, we use the interpretability model to explain our
predictions.
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