
International Journal of Networked and Distributed Computing 
Vol. 7(3); July (2019),  pp. 107–112

DOI: https://doi.org/10.2991/ijndc.k.190710.002; ISSN 2211-7938; eISSN 2211-7946 
https://www.atlantis-press.com/journals/ijndc

*Corresponding author. Email: fujii.tatsuki@ohsuga.lab.uec.ac.jp

Research Article

“Never fry carrots without chopping” Generating Cooking  
Recipes from Cooking Videos Using Deep Learning  
Considering Previous Process

Tatsuki Fujii*, Yuichi Sei, Yasuyuki Tahara, Ryohei Orihara, Akihiko Ohsuga

Department of Informatics, The University of Electro-Communications, Chofugaoka 1-5-1, Chofu, Tokyo 182–8585, Japan

1.  INTRODUCTION

Automatic captioning tasks that describe the content of images and 
moving images in natural language have important applications in 
areas such as search technology. In addition, captioning can assist 
with understanding content. Understanding of content can be 
deepened in a short time by reading captions. Among captioning 
models that use deep training, the encoder–decoder [1] model has 
generated considerable results and attracted attention, but many 
existing studies only consider the consistency of contiguous scenes 
over short periods. Considering the consistency of video segments 
as a matter of captioning has high importance. Generating cooking 
recipe sentences from cooking videos can be considered a caption-
ing problem by treating recipes as captions. In addition, because 
the cooking video is constituted as a set of fragmentary tasks, a 
model that considers the consistency of the whole video is consid-
ered to be effective.

In the study of video captioning, few models focus on videos com-
posed of fragmentary work sets, but we focus on such videos and 
the consistency of fragmented information. We propose a method 
to improve the accuracy of recipe-sentence generation from cook-
ing videos. To determine whether the recipe sentence it generates 
is satisfactory, as shown in Figure 1, using a model that considers 
consistency within the recipe is important.

To ensure consistency of the generated caption with the same recipe, 
it is effective to provide captions already generated for the same 
recipe as the input for the decoder part of the encoder–decoder. 

When text information is inputted into a deep training model, vec-
torizing it is desirable, but in this research, we use Doc2Vec [2], 
which extends Word2Vec [3] from word to sentence vectorization. 
We also propose data-processing methods to make data set fit the 
task. One method is to remove scenes that are not suitable for cap-
tioning, such as when only people are on the screen, by using object 
detection. Another method is removing blurry scenes because such 
scenes might produce noise when training the model. In this paper, 
we propose a model that considers consistency in recipe-sentence 
generation from cooking videos by using deep training and 
data-processing methods. We also compare the accuracy of our 
proposed model and a simple encoder–decoder model trained in 
the same way. In addition, we indicate the effectiveness of the pro-
posed data-processing methods. For evaluation, we use BLEU [4], 
METEOR [5], and CIDEr [6] scores, which are widely used to eval-
uate image-captioning problems.

2.  RELATED WORK

In the subject of recent visual captioning via machine learning, 
many considerable results regarding image and video clip caption-
ing have been reported. Guo et al. [7] and Li et al. [8] improved the 
accuracy of the task with a sequence-to-sequence model that uses 
a Convolutional Neural Network (CNN) [9] and Recurrent Neural 
Network (RNN). A CNN represents image features, and an RNN 
represents sentence features. LSTM [10] is widely used as an RNN, 
and the model is called an encoder–decoder, which is a type of end-
to-end model that does not need to determine content words such 
as subjects. Therefore, it makes it possible to generate sentences 
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A B S T R AC T
Research on deep-training captioning models that modify the natural-language contents of images and moving images has 
produced considerable results and attracted attention in recent years. In this research, we aim to generate recipe sentences from 
cooking videos acquired from YouTube. We treat this as an image-captioning task and propose two methods suitable for the 
work. We propose a method that adds a vector of a sentence already generated in the same recipe to the input of a captioning 
model. Then, we compare generated and correct sentences to calculate scores. We also propose a data-processing method to 
improve accuracy. We use several widely used metrics to evaluate image-captioning problems. We then train the same data with 
the simplest encoder–decoder model, compare it with correct recipe sentences, and calculate the metrics. The results indicate 
that our proposed methods help increase accuracy.
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directly from videos or images. For instance, Mao et al. [11] pro-
posed a multimodal RNN to predict the probability of next words 
and previous words and given image features that are extracted by 
the CNN. Chen et al. [12] proposed a bidirectional mapping model 
between images and sentence descriptions that can reconstruct an 
image feature to generate captions.

Before the encoder–decoder model was proposed, many studies 
aimed to generate the sentence description of an image from visual 
information by focusing on intermediate states. Guadarrama et al.’s 
[13] model, for instance, considers each layer of neural net.

Many encoder–decoder captioning models have been studied this 
year. Oh et al. [14] used a data set annotated in Japanese for a cooking 
video; the data set is called Kyoto University Smart Kitchen (KUSK) 
[15]. Because this data set is compiled from a cooking video, the 
quality of the information is high, but the data amount is small and 
presented as dozens of videos. The amount of data was thought to be 
suppressed because it takes time to shoot and annotate the videos. 
Ushiku et al. adopted a technique called template training to compen-
sate for this small amount of data. This estimates the subject, predi-
cate, object, and other parts of speech based on a corpus consisting of 
recipe sentences; however, it is difficult to apply to other languages in 
its current state. Ushiku et al. [16] proposed a method that generates 
an interactive cooking video system using semantic annotation. To 
realize this, they used the ontology of the cooking recipe.

A captioning study using the latest encoder–decoder proposed a 
model that combines reinforcement learning and an encoder–
decoder [17]. On the other hand, evaluating the captioning model 
is also a problem because many current captioning studies evalu-
ate their methods with metrics using machine translation. Theses 
metrics could evaluate some digression of the methods, but the 
metrics are still not correlative enough. Some studies have aimed 
to resolve the issue, and Cui et al. [18] proposed a metric that has a 
high correlation with human definitions. The metric is trained like 
a discriminator.

Many encoder–decoders based on captioning models have been 
proposed, but few models aim for semantic consistency of a specific 
domain. Our paper proposes a model for cooking that considers 
the context of a recipe.

3.  BASELINE MODEL

In this research, we propose a method based on the basic encoder–
decoder model; therefore, we will describe the basic encoder–decoder 

model to clarify the differences. The encoder–decoder model was 
devised for machine translation, but after having been actively stud-
ied in recent years, it has been successfully adapted to captioning 
problems. The encoder is a CNN that encodes input information. The 
decoder is an RNN, and it receives input from the encoder and gener-
ates sentences by estimating words. The RNN, or the decoder, mainly 
uses Long Short-Term Memory (LSTM). The following describes the 
encoder and decoder when used for image captioning. The model is 
shown in Figure 2. The encoder’s function when generating image 
captions is to encode the images to a fixed-length vector. In many 
cases, a trained CNN is used to encode the images by making them 
fixed-length vectors. Resnet [19], VGG [20], and others are used as 
trained CNN models. A schematic diagram is shown in Figure 3.  
The decoder’s function is to generate sentences from linearized fixed-
length vectors, which have been generated by the encoder. The vec-
tors become the RNN’s first hidden layer. The decoder’s output is a 
collection of probabilities using softmax as an activation function. 
The words that the decoder predicts are not natural language, but a 
word map is created in advance and an ID is attached to each word 
token and encoded. The beginning of the sentence is the START 
token, and the end of the sentence is the END token. The number of 
occurrences at the time of word map creation includes the next three 
words and the UNK token. The word map is created from all captions 
included in a data set. An overview is shown in Figure 4.

4.  PROPOSED METHOD

We propose two methods: a captioning model and data-processing 
method. The overall model construction is shown in Figure 5.

4.1.  Proposed Model

To ensure consistency between a recipe and its cooking video, we 
propose a method to improve the accuracy of recipe-sentence gen-
eration from cooking videos. For consistency, it was effective to give 
information about other captions in the same recipe to the decoder 
when generating captions. The last action in cooking was also most 
important. Based on the above, we propose a method to input 

Figure 1 | Importance of considering consistency of previous captions.

Figure 2 | Baseline encoder–decoder model.

Figure 3 | Baseline model encoder.

Figure 4 | Baseline model decoder.
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Figure 5 | Our proposed model.

Figure 6 | Generator of input matrix.

Figure 7 | Encoder of our proposed model.

Figure 8 | We used Doc2Vec as sentence vector generator.

captions generated for the image of the previous action into the 
decoder. Because sentence-based information cannot be passed to 
the decoder’s LSTM in a natural language state, we perform a vec-
torization of the sentences. In this case, we convert them to sentence 
vectors using Doc2Vec. Although it is possible to create a word 
map for each word and to encode the word into a workable form 
by assigning an ID to each word token, we use Doc2Vec to consider 
more semantic information about sentences. We create a word map 
from all words from all recipes in a data set; therefore, frequently 
found words in recipes become tokens. The reason why we exclude 
words that are not found in the data set sometimes is because such 
words are too unique and become noise to training models.

4.1.1.  Doc2Vec model

Doc2Vec is a model that converts variable length sentences (para-
graphs) into fixed-length feature vectors and trains sentence vec-
tors by training to predict words that follow a certain paragraph. 
For vectorized training and to vectorize sentences, we choose 
Doc2Vec instead of Sentence2Vec because Doc2Vec does not nec-
essarily require a single sentence and can handle target sentences, 
regardless of their length. In this research, we prepare a sentence list 
of data sets to lay the groundwork for captioning and to train the 
Doc2Vec against it. It is possible to train the Doc2Vec model with 
data using other large-scale and diverse information, but according 
to Amanda et al., it is better to vectorize text with cooking sentences 
when dealing with the cuisine field. Because a report claimed that 
it goes up, we train the Doc2Vec model using the data that will be 
handled. When sentences are given to the trained model, a fixed-
length sentence vector is obtained.

4.1.2.  Input generator

The image vectors and sentence vectors are combined to create a 
vector to treat as the first hidden layer of the decoder. An overview 
is shown in Figure 6. Considering natural number n, n is larger 
than 1. For the nth image n in a recipe, the encoder obtains a fixed-
length vector of image n. It obtains the sentence vector of image 
n − 1 with the caption of the generated (n − 1)th image and the 
trained Doc2Vec model. The fixed-length vector of the obtained 
image n and the sentence vector of image n − 1 are concatenated. 
When n = 1, an empty matrix is concatenated.

4.1.3.  Encoder

The construction of the encoder in our proposed model is shown 
in Figure 7. The CNN used as the encoder is Resnet-101, which has 
been trained to mitigate ImageNet’s image classification problem. 
We convert the input image to a fixed-length vector of 2048 × 14 
× 14. We combine image vectors and sentence vectors to create the 
first hidden layer of the decoder. Considering natural number n, 
for the nth image n in a recipe, the encoder obtains a fixed-length 
vector of image n. We obtain the sentence vector of image n − 1 
with the caption of the generated (n − 1)th image and the trained 
Doc2Vec model. The fixed-length vector of the obtained image  
n and the sentence vector of image n − 1 are concatenated. When  
n = 1, an empty matrix is concatenated.

4.1.4.  Sentence vector generator

We obtain the sentence vector from the most recently generated 
recipe in the same video (see Figure 8). The Doc2Vec model has 
been pretrained with all recipes in the data set. Salvador et al. 
[21] adopted skip-thoughts to obtain recipe representation in the 
research. They mentioned that training skip-thought with recipe 
sentences produces better scores than training with a general 
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Figure 11 | The image on right is excluded from the dataset.

Table 1 | Amount of data contained in and obtained from YouCook 

Train Validation Test

Number of videos 1333 229 228
Number of obtained images 9705 1646 1646

purpose data set. Doc2Vec extracts 1-dimensional fixed-length 
vector from one sentence.

4.1.5.  Decoder

Figure 9 shows the construction of our proposed model’s encoder, 
as well as the process of the decoder. We input a vector that com-
bines the fixed-length vectors and sentence vectors of the decoder’s 
image as the decoder’s first hidden layer to estimate words and gen-
erate sentences. The loss function is a cross-entropy error. We use 
LSTM as part of the RNN of our model’s decoder.

4.2.  Data Processing

Our proposed data processing method consists of two parts. We 
believe choosing appropriate frames from video construct better data 
set for the task. The first method is choosing suitable scenes depends 
on object detection result. The other is excluding blurred frames.

4.2.1.  Choice suitable scenes

Cooking videos can have several scenes that do not show the cook-
ing process. These can be considered as noise when training, so we 
believe such scenes should be removed from the data set. To accom-
plish this, we adopt YOLO-v3, a state-of-the-art object-detection 
method. We use a model that is pretrained with the MSCOCO data 
set, which has 90 classes. When only the human class is detected in 
a scene, we do not include the scene in the data set. Figure 10 shows 
examples of the object detection results. In the left image, sandwich 
and person classes are detected, so the image is regarded as a 

Figure 10 | The results of YOLO object detection.

Figure 9 | Decoder of our proposed model.

suitable scene. The right one is excluded from the data set because 
only the person class is detected.

4.2.2.  Blur detection

In a complete video, blurred scenes harm data set reliability. We 
introduce a fast Fourier transform to detect these scenes, which are 
then excluded from the data set. Figure 11 is an example of the 
images. The left one is a little blurry, but it is still acceptable. The 
right one is completely blurry, so it will be excluded from the data 
set. We adjusted a threshold via manpower.

5.  EXPERIMENTS

We compare the accuracy of the basic encoder–decoder model 
with the proposed model. We also evaluate the effectiveness of our 
data processing methods.

5.1.  Data Set

We use YouCookII [22], which is an English data set annotated 
with descriptive text for each cooking motion of a video acquired 
from YouTube. The animation time is about 5–10 min. We divide 
the data set into three subsets (training, validation, and test) and 
acquire one image at each in-motion time corresponding to each 
recipe annotated from each video. We assign 1333 videos to train-
ing, 229 videos to validation, and 228 videos to test. The videos are 
chosen randomly. The data amount is indicated in Table 1.

5.2.  Preprocessing and Hyper Parameters

We perform training of the Doc2Vec model for vectorizing sen-
tences for all sentences of the training, validation, and test subsets 
annotated in the YouCookFI animation. At this time, we set the 
epoch number to 100. In the training of the proposed method, we 
set the epoch number to 100, the batch size to 32, and the optimiza-
tion function to Adam 13. For comparative experiments, the basic 
encoder–decoder model was also trained with similar parameters.
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Table 2 | Score comparison of each methods 

BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR CIDEr

Baseline model 0.39 0.29 0.22 0.18 0.21 0.85
Proposed model 0.41 0.30 0.23 0.19 0.22 0.92
Baseline model + Proposed data processing 0.41 0.31 0.24 0.19 0.22 0.90
Proposed model + Proposed data processing 0.43 0.32 0.24 0.20 0.23 0.94

Figure 12 | Comparison of generated recipes.

5.3.  Captioning Target

In this research, we generate recipe sentences from cooking videos, 
but instead of captioning the entire video, we retrieve one image per 
range that involves explanatory text annotated using YouCookII. 
Thus, we treat recipe generation as a series of image-captioning 
problems rather than captioning problems. For the test, we also 
extract one image per range. We handle it as an image-captioning 
problem rather than a video-captioning problem. Because explana-
tion part only human appearing is included in many cooking videos 
on YouTube and such kind of scenes could be noise. Therefore, we 
believe image captioning is better than video captioning for the 
research.

5.4.  Metrics

We conduct a comparison of the basic encoder–decoder model and 
BLEU, METEOR, and CIDEr scores of the proposed method, as 
well as a comparison of the generated caption examples.

The BLEU score is a technique used for machine translation. In 
the case of captioning, it compares the generated caption with 
the correct sentence. The higher the numerical value, the better. 
BLEU-n (natural number) runs comparisons using n-gram 
language units. METEOR, which is also used for evaluating 
machine translation, produces good correlations with human 
judgement. CIDEr evaluates image description quality. It also 
calculates the similarity of automatically generated sentences to 
reference sentences. The higher all three metrics scores are, the 
better. In our research, we calculate the metrics for each image, 
not for each recipe.

5.5.  Results

Table 2 shows scores for each metric for each method combina-
tion. As a result, our proposed methods increase each score. Our 
proposed model scored around 1.05 times higher on BLEU and 
METEOR and 1.08 times higher on CIDEr than the baseline model. 
As mentioned before, CIDEr is defined for image-captioning  
problems, and our proposed method is effective for other caption-
ing problems. Regarding the data-processing method, our model 
increases the scores of the baseline and the proposed model. When 
compared with those not applied, they scored about 1.05 times 
higher. 

Figure 12 shows a comparison of the generated recipes between the 
baseline and the proposed model. The baseline model generated 
sentences, including ones about sardines, without context, but our 
proposed method did not. We consider our proposed method to be 
effective when considering consistency with the recipe.

6.  CONCLUSION

In this paper, we prepared recipe sentences as captions for cooking 
videos composed of fragmented process sets by using deep training to 
determine the consistency of the entire moving picture and by com-
paring the captions generated to the recipe. We proposed a method 
that considers consistency within the recipes by giving the decoder 
the previous vectorized caption using Doc2Vec. We also proposed a 
data-processing method to improve accuracy. In comparable exper-
iments, the difference in precision from the basic encoder–decoder 
model was not great, but some of the generated recipe statements 
showed a remarkable difference. The future prospects are described 
below. Although we evaluated scores and examples of generated rec-
ipes, we still have to introduce an evaluation method that can calcu-
late the consistency of each recipe on our proposed model.

This research proposed using only information from previous captions 
generated within the recipe as the input of the decoder. However, to 
maintain consistency across the whole recipe, comparing the gener-
ated caption with all the captions in the recipe was conceivable to pro-
pose training for calculating loss. In our data-processing method, we 
removed images that had only the person class in their object detection 
results. We had to consider what was not suitable for the data set in this 
research and determine an accurate way to separate suitable images 
from unsuitable ones to increase scores. Considering the results of 
each score, the data-processing methods can be reinforced; therefore, 
we are going to add more methods to increase accuracy.

In this paper, because we obtained only one image for each process, 
the amount of data is not large compared with other deep learning 
research studies. To improve accuracy, we are going to experiment 
so that we can determine how many images per process is best. As 
another solution to increase accuracy, we aim to introduce video-
captioning models, not image-captioning models. Furthermore, we 
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have to find a way to merge the proposed method in this paper with 
other video-captioning models For the evaluation index and the eval-
uation method, we only compared the basic encoder–decoder model 
and the proposed method, but by comparing the latest captioning 
technique and the proposed method and by using other indicators, 
improved outcomes may emerge. In this paper, we used an annotated 
data set for training and evaluation, but we aim to generate recipes 
from non-annotated videos for evaluation in our future work. This 
means that automating separate video processes must be realized.
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