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Abstract. Under conversation scenarios, emoji is widely used to express humans’ feelings, which greatly enriches the representation of plain text. Plentiful utterances with emoji are produced by humans manually in social media platforms
every day, which make emoji great influence on the human life. For the academic
community, researchers are always with the help of utterances including emoji as
annotated data to work on sentiment analysis, yet lack of adequate attention to
emoji itself. The challenges lie in how to discriminate so many different kinds of
emoji, especially for those with similar meanings, which make this problem quite
different from traditional sentiment analysis. In this paper, in order to gain an insight into emoji, we propose a matching architecture using deep neural networks
to jointly learn emoji embeddings and make classification. In particular, we use a
convolutional neural network to get the embedding of the utterance and match it
with the embedding of the corresponding emoji, to obtain its best classification,
and otherwise also train the emoji embeddings. Experiments based on a massive
dataset demonstrate the effectiveness of our proposed approach better than traditional softmax methods in terms of p@1, p@5 and MRR evaluation metrics. Then
a test of human experience shows the performance could meet the requirement of
practice systems.
Keywords: Emoji classification, Embedding learning, Deep learning, Neural networks

1

Introduction

Conversation is one of the most important activities for humans, which could communicate their thought and feelings. For face-to-face conversation, humans use expression
to indicate their emotion. Recently with the prosperity of Web 2.0, more and more
conversation occurs on web platforms like Facebook and Twitter, or using chat tools, which could make humans communicate with each other overcoming distance. For
those scenarios, plain text is used instead of face-to-face talking, and emoji is used as
the expression on human’s face.
Emoji is a kind of symbols to present one’s expression, for instance,
and ,
which express happy and sad respectively. Emoji is important in humans’ daily interaction, like social networks and conversation, through uttering their feelings, which
?
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Fig. 1. For utterances manually input by humans, we plot the frequency of utterances including
different amount of emoji. The range of emoji amount is from 0 to 20, where 0 means no emoji in
the utterance, and the frequency has been in the logarithm. Generally speaking, 9.18% utterances
include at least one kind of emoji, and some proportion of them consist of different kinds, which
indicates that people often use emoji in their everyday life.

could make the expression more interesting and lively. Thus, platforms like Facebook
and Twitter are adding increasing numbers of emoji sets to improve user experience,
and Unicode, as an international encoding standard, extends its emoji set continuously,
including more than 7000 kinds in its recent 8.0 version.
The importance of emoji is increasingly realized by the academic community of
artificial intelligence. For the task of sentiment analysis, researchers often use emoji
as a kind of distant supervision [4]. Since large amount of annotation data is needed,
they regard emoji as the ground truth, which means that, some emoji expressing happy
feelings such as
indicates a positive polarity, and sad expressions like
indicates a
passive polarity. However, emoji is just used as an assistant way, and research work for
emoji itself is really lack.
Researches for emoji itself is very significative, and could support many applications. Besides as a kind of human annotation for sentiment analysis, it is convenient
for humans to know when and what emoji he may use during inputting the utterance,
if there is a function of recommending emoji for an utterance on the social media platform. Moreover, in automatic human-computer conversation systems, it could make the
computer side more proactive through adding emoji behind the reply, just like a human expressing his feeling, considering that in human-human conversation on social
network platforms, emoji is often used as a part of humans’ utterances to indicate their
current emotion.
In practice utterances generated by humans, the use of emoji is widely. The phenomenon is supported by the statistics of utterances collected from an online forum1 ,
1

http://www.weibo.com

Joint Emoji Classification and Embedding Learning

3

which is shown in Figure 1, consisting of over 5 billion items of data manually input
by humans. Our observation is that, people often use emoji in their everyday life, in order to make the communication more vivid and make it easier to deliver their feelings.
Therefore, many applications like automatic human-computer conversation systems,
which need to make the computer side be more like a human, especially for commercial products, should add the function of automatic emoji expression in order to attract
more people.
Emoji is quite different to traditional sentiment or emotion analysis, which only
need to discriminate polarities or several pre-defined kinds of emotion, since there are
many kinds of emoji, and meanings of some emoji are so similar that it is difficult to
distinguish them well for traditional classification methods using softmax. For example,
and , which means laugh and smile respectively, both express emotion of happiness, with only a little difference on degree. Therefore, we propose a joint architecture
to learn emoji embeddings and classification through matching them in multi-modal
vector space. To be specific, based on the layer of word embeddings, we get the embedding of the whole utterance by a convolutional neural network (CNN), and then a
HingeLoss function is used to match it with the emoji embeddings, which should be
also trained. Comparing to the traditional softmax function, our approach could better
distinguish emoji with similar meanings.
To sum up, the main contributions of this paper are as follows.
– We conduct scientific experiments to analyze the problem of emoji classification
and embedding learning in conversation scenarios2 .
– We propose a matching approach using deep neural networks by utilizing emoji
embeddings and observe that the performance of emoji classification is better than
traditional softmax methods.
– Empirical experiments demonstrate the effectiveness of both our embedding learning and emoji classification, and the analysis shows a good human experience in
practice.

2

Related Work

Traditional sentiment or emotion analysis is a significant research task which has attracted many researchers in the domain of natural language processing. Research work
on sentiment analysis often focuses on classifying the polarities of positive and negative [5, 6], or extends to the third polarity of neutral [7, 8], or sometimes adds finegrained classes like a spectrum such as very positive and very negative [9–11]. Predefined kinds of emotion are also involved into some work on sentiment analysis, such
as happy, sad, and so on [12–14], while sometimes the emotion classification could be
multi-label [45].
With the development of natural language processing, many theories and technologies have been used to deal with traditional sentiment analysis. Lexicon-based models
2

We notice a piece of parallel work [2], which is an application named Dango on Android
platform, and also suggest emoji for conversation between humans. However, we are the first
to conduct scientific experiments, showing the effectiveness of matching.
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using sentiment dictionaries are an effective series of approaches to deal with sentiment
analysis [15, 16], since some words have clear trends of sentiment polarities. Featurebased models using traditional classifiers are another kind of methods with high performance, which is called distant supervision by leverage utterances with emoticons as
annotated data [3, 17]. Other theories like statistical machine translation [18], graphbased approach [19] and topic model [20] are also used to analyze sentiment.
Recent years, with the development of word embeddings and neural networks, research work appears continuously using these technologies to improve the performance
of sentiment analysis. Since word embeddings could well represent its semantic features
and also latent information [35, 36], it is natural to add sentiment-specific information
into the word embeddings while training by neural networks [8, 21, 23]. Another series
of approaches is to propose novel structures of neural networks [1, 22, 24, 46], which
means adapting the theory of deep learning to sentiment analysis. Furthermore, under
some specific scenarios, especially on social networks, context of human interaction are
considered to improve sentiment analysis [25–27].
Besides using emoji as a kind of distant supervision, emoji or emoticons themselves
are also related to sentiment expression. Emoticons could indicate sentiment polarities
in plain-text computer-mediated communication [44] and a sentiment map for several hundred kinds of most frequently used emoji is established [37], both in order to
improve the performance of sentiment analysis.
Although there has been research work which proposes a multi-modal approach to
generate emoji labels for an image [28], it is still lack of effort to match emoji with plain
text. Thus, we adjust the problem of emoji classification and embedding learning, which
is more complicated than traditional sentiment or emotion analysis, and then propose a
match approach to obtain better performance than softmax classifiers.

3
3.1

Approach
Task Definition

Given an utterance set Y = {y1 , y2 , ..., yn } and a emoji set X = {x1 , x2 , ..., xk }, our
aim is to train a classification model which could predict the correct emoji g(y) ∈ X for
an utterance y, meanwhile get a vector set E = {e1 , e2 , ..., ek } after training, and each
vector ei is the embedding of emoji xi in X, as a distributed representation indicating
its latent semantic information.
3.2

Structure Overview

Our proposed approach is shown in Figure 2, which is a matching structure based on
neural networks, and consists of two parts. The left component is a sub convolutional
neural network to get a sentence embedding which could represent the utterance, while
the right one is the embeddings of emoji that should also be trained, and finally joint the
two parts through a matching score. Our intuition to use a matching structure is that the
embeddings in continuous vector space could well represent emoji, and perform better
than discrete softmax classifiers, since meanings of some emoji are amphibolous and
difficult to distinguish.
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Fig. 2. The whole structure of our matching approach based on neural networks.

3.3

Layers

Word Embedding Layer This word embedding layer is at the bottom of the left CNN
part, which aims to get the distributed representation of each word. The embedding of
a word is a vector, and each element in the vector is a real number to represent one
dimension feature of the word. Thus, the embedding vector could be regarded as a feature set of the word in a low-dimension space, and could indicate latent information
of the word both semantically and syntactically, with wonderful performance [36] for
some tasks in the domain of natural language processing. Instead of manually designed
as feature engineering methods, embeddings of words are often trained by neural networks or calculated by matrix decomposition.
For a plain text utterance, it could be regarded as a sequence of words, and for
each word wi , we first represent it as a one-hot vector of dictionary dimension, with
one 1 on the corresponding word bit and other bits 0. Then using an embedding matrix
E1 ∈ RD×V , where D is the dimension of word embeddings and V is the dimension of
the word dictionary, we could obtain the embedding of the word e1 (wi ). Thus, we get
each word embedding after this layer, and the matrix E1 consists of all the embeddings
e1 (wi ) for words in the dictionary, which is randomly initialized and trained during
the training process. In practice, we have over 30 thousand words in the dictionary and
choose the parameter D equal to 128.
Convolutional Layer The convolutional structure of neural networks is believed suitable to synthesize lexicon n-gram information of a sequence, especially for short text [29]. Different from full connection layers, CNN uses the concept of sliding windows,
which is like a local feature extractor, to get information from word embeddings. If the
window size is t, and the corresponding words embeddings are e1 (w1 ), e1 (w2 ), · · · , e1 (wt ),
then we have:
y1 = f (W1 [e1 (w1 ); e1 (w2 ); · · · ; e1 (wt )] + b1 )
(1)
where b1 is the bias vector, f is the non-linear activation function, and W1 is the parameter matrix which needs trained. We choose a window size of 3 in practice.
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Pooling Layer After the convolutional layer, we get a series continuous representations of local features. Since we need to synthesize these local embeddings into one
vector as the distributed representation of the whole utterance, we use the theory of
dynamic pooling [31]. To be specific, let y11 , y21 , · · · , yl1 be the output vectors from the
convolutional layer, and then we have:
y2 [i] = max{y11 [i], y21 [i], · · · , yl1 [i]}

(2)

which means we use max pooling actually, and then obtain y2 as the sentence embedding of the utterance, which is also 128-dimension in practice. Obviously, a sentence
embedding is also a vector to represent the utterance in low-dimension space, which
could indicate latent information, and generally be used in the domain of natural language processing, just like word embeddings.
Hidden Layer Then we use a hidden layer of full connection to exert a non-linear
transformation to the sentence embedding, which could be calculated by:
y3 = f (W2 y2 + b2 )

(3)

where b2 is the bias vector, f is the non-linear activation function, and finally we get
another 128-dimension vector to represent the utterance.
Emoji Embedding Layer Since we have dealt with the plain text side through the
CNN which is shown as the left part of our proposed matching structure, next we need
to embed the emoji, aiming to learn continuous representations of emoji in vector space,
just like word embeddings. Thus, in a similar way like the word embedding layer, we
could also represent each emoji xi as a one-hot vector of K-dimension, where K is equal
to the amount of emoji, and then use a matrix E2 ∈ RD×K to obtain its embedding
e2 (xi ). The matrix E2 includes all the emoji embeddings, and each element is one
parameter of the neural network, which is randomly initialized and trained during the
training process.
Matching Layer In this layer, we plan to match the embedding of the plain text y3
from the non-linear hidden layer with the emoji embedding e2 (xi ), and then obtain
a score as the final result which could indicate their matching degree. We choose the
cosine similarity as the measurement of matching and then have:
score(y3 , e2 (xi )) =

< y3 , e2 (xi ) >
||y3 || · ||e2 (xi )||

(4)

where < ·, · > means inner product of two vectors and || · || means the length of a
vector. Since a higher score indicates more matching for the utterance embedding and
the emoji embedding, we choose argmaxxi score(y3 , e2 (xi )) as the final emoji which
should be added into the plain text.
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Algorithm 1: Process of Training One Sample
Input: One utterance, its correct emoji xt , and the whole emoji set X
Output: Updating model parameters
Description:
foreach Negative emoji xj do
Forward propagation to calculate the matching score between the given utterance and
the correct emoji xt
Forward propagation to calculate the matching score between the given utterance and
the negative emoji xj
Calculate the error between the two scores using the HingeLoss function
Backward propagation to update model parameters

3.4

Training

In the training process, we use the HingeLoss function, which is convex with wonderful
properties, through punishing negative matching to optimize parameters. Different from
the softmax function, the HingeLoss function exerts pairwise comparisons between the
positive matching and each negative one, in order to distinguish them, especially for
similar kinds of emoji. For each plain text yi in the training set, let yi3 denote the sentence embedding of yi from the non-linear hidden layer, and our optimal objective is
X
Obj(yi ) = min
max(0, α + score(yi3 , e2 (xj )) − score(yi3 , e2 (xt )))
(5)
j6=t

where xt is the correct emoji for training samples yi according to the ground truth,
and α is the margin of the HingeLoss function. The process of training one sample is
depicted in Algorithm 1.
Before the training process, we calculate the frequency of each emoji, and select
top 20, 50 and 100 respectively, as three emoji sets. We use the theory of stochastic
gradient descent to train our proposed neural networks, and adjust the learning rate on
the set consisting of 20 kinds of emoji. Finally we get a learning rate of 10−6 and adapt
it to the other two emoji sets.

4

Experiments

4.1

Datasets

We collect massive conversation resources of human interaction from microblog websites including Sina Weibo3 , which contains over 170 thousand kinds of emoji in all.
Then we extract tens of millions of utterances with top 20, 50 and 100 most frequent
kinds of emoji respectively, as our three datasets. The datasets are randomly divided
into training sets, validation sets and test sets, and the details are summarized in Table
1.
3
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Table 1. Statistics of the Datasets
#Emoji
20classes
50classes
100classes

#Training #Validation #Test
11.6M
50K
56K
14.4M
50K
75K
15.9M
50K
83K

Fig. 3. The result of the hierarchical clustering of top 20 kinds of emoji.

To be specific, each item of data is a pair of hutterance, emojii, where emoji comes
from the utterance itself and is regarded as the ground truth produced by humans. Since we only need to put one utterance into one class, any expression including more
than one kind of emoji is filtered, aiming to produce a clear training set. Moreover,
different people may give different emoji to the same plain text, so in order to avoid
this kind of confusion, we also filter any expression having different emoji for all its
appearance. Besides, since most expression has no emoji, we should not give emoji to
all utterances, so finally, we filter the utterances with a max-majority of non-emoji for
all its appearance.
4.2

Qualitative Analysis of Embeddings

Since we regard the emoji embedding layer as a continuous representation of emoji, we
firstly have a qualitative analysis of these embeddings. As mentioned before, we aim
to get a meaningful set of emoji embeddings, so similar kinds of emoji should have
shorter distances than others. Thus, a hierarchical clustering is applied on the embeddings of the most commonly used 20 kinds of emoji (Figure 3), with a cosine similarity
as the metric of distance and using nearest neighbourhood. Our observation is that, the
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embeddings could represent semantic information of the emoji in some degree, due to
some phenomenon like “laugh” close to “smile” and the six kinds of emoji on the left
denoting the positive polarity while the two on the right representing the negative polarity. Yet there are also confusing aspects like unclear clustering especially for clusters
with low similarity.
4.3

Quantitative Analysis of Emoji Classification

In this section, we have a quantitative analysis of emoji classification directly, with lots
of other experimental analysis such as parameter sensitivity and case studies.
Baseline Algorithms We include the following methods as baselines to compare with
our proposed approach. Since our approach is a matching architecture based on neural
networks, besides the method based on textural similarity, we mainly use some basic
neural network structures to make the comparison, with a traditional softmax function
as the objective. For fairness, we conduct the same data cleaning and layer dimensions
in neural networks for all algorithms. Besides, we also adjust the learning rate for baseline neural networks just the same as the process of our proposed approach, and finally
get a learning rate of 10−3 .
Textural Similarity. This method ranks candidates according to textual similarity,
which is a basic way to calculate relevance between queries and documents in the domain of information retrieve (IR). Here we regards each emoji as a document consisting
of all utterances including the particular emoji, while the utterance as a query, and each
word is weighed by tf-idf.
CBOW. Since an utterance consists of words, bag-of-words is a natural way to
model the utterance and widely used [36]. The basic thought is to regard the utterance
as a set of words, so from the word embedding layer, a summation or average operation is simply done to get the embedding of the whole utterance. The bag-of-words
method could get the utterance representation quickly and concisely, however lose the
sequentiality of natural languages.
CNN. Convolutional neural networks is a kind of structure that could extract local
features, and is believed to get better performance on images [38] or short text [29, 30].
Instead of the way of full-connection, a convolutional layer has a sliding window which
means that a neuron could only have particular numbers of connections from the last
layer. After the convolutional operation, there is often a pooling layer to integrate the
information, and here we also use max pooling for fairness.
RNN. Due to the sequentiality of natural languages, recurrent neural networks and
its variants are also widely used to represent an utterance, especially for the generation
process [39, 40, 42, 43]. For each hidden layer, the inputs are the current word embedding as well as the last hidden layer, until the end of the utterance, and the final hidden
layer is regarded as the embedding of the whole utterance, which could represent all
the sequential information. In practice, due to the increasing sparsity with the propagation going on, the Long Short-term Memory (LSTM) [41] or the Gated Recurrent Unit
(GRU) [32] is often used to improve its performance. Here we use the GRU version.
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Table 2. Performance of the Emoji Classification

#Emoji
Metrics
Textural Similarity
CBOW
CNN
RNN
Matching

p@1
15.61%
22.22%
22.42%
22.21%
24.30%

20classes
p@5 MRR
57.69% 32.38%
60.03% 39.74%
60.31% 39.96%
59.64% 39.61%
63.01% 41.39%

p@1
12.37%
18.10%
18.62%
17.90%
20.16%

50classes
p@5 MRR
47.91% 24.83%
49.62% 33.24%
50.06% 33.67%
48.96% 32.86%
51.29% 34.74%

100classes
p@1
p@5 MRR
11.60% 43.85% 20.93%
16.41% 44.43% 30.12%
16.74% 44.78% 30.50%
16.23% 43.78% 29.75%
18.69% 46.74% 31.94%

Evaluation Metrics We first evaluate the performance using p@1 metric, which could
reflect the accuracy of algorithm results, and is believed to be the most direct judgment
for classification tasks. Besides, for most applications possibly developed based on emoji classification, p@1 is also appropriate since the utterance should match at least
one emoji when we want to add emoji behind the plain text.
Next, since the results we returned based on our approach or baseline algorithm are
matching scores between the sentence and emoji, or distributions on emoji, they could
be regarded as ranking lists of emoji given the plain text. So we could also evaluate the
performance in terms of p@k, and here we choose k equal to 5.
Another evaluation metric is the Mean Reciprocal Rank (MRR)4 , which is also able
to evaluate a ranking list:
|T |

1 X 1
M RR =
|T | i=1 ranki

(6)

Here ranki refers to the rank position of the correct emoji according to the ground truth
for the i-th plain text, and T is the set of plain text.
Performance In this section, we show the performance of the proposed matching approach against other baselines. The results are summarized in Table 2, in which we
report the performance of emoji classification in all the mentioned evaluation metrics.
It is obvious that methods based on neural networks perform better than textual similarity, and our matching approach is the best of all. Although a softmax objective function
could make a good classification, the matching structure is more appropriate to distinguish little difference between emoji especially for those kinds with similar or confusing
meanings. The improvement is small yet consistent, which is similar to the conclusion
of a prior work [33], and our observation is that in some degree, our matching approach
seems similar to use a cross-entropy objective function instead of the traditional one-hot
vector in the softmax structure.
Analysis In this section, we have some analysis on emoji classification with grouping
similar kinds, parameter sensitivity of our matching approach, and human experience
for possible applications.
4

https://en.wikipedia.org/wiki/Mean_reciprocal_rank

Joint Emoji Classification and Embedding Learning

11

Table 3. Analysis of the Grouped Emoji Classification
#Emoji
Metrics
Textural Similarity
CBOW
CNN
RNN
Matching

20classes
p@1 p@5 MRR
15.61% 57.69% 32.38%
22.22% 60.03% 39.74%
22.42% 60.31% 39.96%
22.21% 59.64% 39.61%
24.30% 63.01% 41.39%

Grouped20classes
p@1 p@5 MRR
19.89% 67.74% 38.50%
25.20% 70.47% 44.85%
25.45% 70.91% 45.09%
25.09% 70.41% 44.70%
27.62% 72.77% 46.48%

Fig. 4. The illustration of parameter influence to the results of 20 classification. The top left chart
presents results of p@1 with the increasing of the amount of negative samples, the top right one
is for p@5, and the bottom one is for MRR.

Grouped Classification. Since some kinds of emoji are similar and could express
the same meaning, they could be merged together as one class. In our experiment, we
group emoji in the data set of 100 kinds into 20 classes manually according to prior
knowledge, and then use our matching approach as well as all the baselines to make
the classification. The results comparing to the original classification of 20 classes are
summarized in Table 3, which shows that, all the methods perform better than the original result, with a small increasing on p@1 yet a large improvement on p@5. The main
reason of these phenomenon is that after grouping, the meaning of each class is clearer
so that they could be distinguish better, especially for the situation of 5 candidates.
Parameter Sensitivity. For our matching approach, we regard the correct emoji according to the ground truth as positive samples while others as negative ones. So if the
task is k classification, then the amount of negative samples is k-1. In the situation of 20
classes, we investigate the influence to the performance with changing the amount of
negative samples. To be specific, besides the whole negative set of 19 samples, we randomly sample 1, 5, 10, 15 negative samples using uniform distribution. Figure 4 shows
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that on all the three metrics, with the negative samples increasing, the performance
become better, and the rising trend becomes slower.
Human Experience. The potential of being adapted into industrial applications
could obviously demonstrate the meaning and importance of research work. Yet it seems that the performance of emoji classification is far away from practice applications,
because the results of the automatic testing listed before generally do not meet the high
accuracy required by commercial products, such as an automatic human-computer conversation system. However, The experience of users is very different from the automatic
testing, since some kinds of emoji are similar. Even if we put an utterance into a wrong
class, it may not hurt the user experience, which means that in practice applications,
more than one kind of emoji could be appropriate for a given utterance.
Therefore, to investigate the performance in user experience, we use human annotation with 1 Point meaning appropriate or 0 Point meaning inappropriate. One utterance
and the emoji given by our approach are annotated by 3 individuals in an independent and blind fashion. We regard the majority voting as the “ground truth” indicating
whether the emoji is appropriate for the utterance from the vision of users. We also evaluate the kappa score: κ = 0.413, showing moderate inner-annotator agreement [34].
The test data for human annotation consists of 694 items randomly selected from
the 20 classification. The performance of our matching approach shows accuracy of
73.05% for the annotation dataset, which obviously is much higher than it of the automatic testing. Moreover, we also investigate the amount of classes with accuracy lying
in different ranges, and find out that there are 10 classes having accuracy over 90%.
Therefore, the performance of emoji classification is good for human experience and it
has large potential for commercial products.
Table 4. Five examples of Emoji Classification
å5•ÓÑ(Laughing is the most comfortable)
Ðùvk(J(I’m afraid of no results)
·No=%áý\(How could I have the heart to reject you)
·k£‰=‡¯KÐQ(Which question should I answer first)
\NoØ‰PfL)F(Why don’t you celebrate my birthday)

Case Study We illustrate five examples with different kinds of emoji in Table 4 obtained by our matching approach. As seen, our method could give an utterance the
appropriate emoji, whatever for the positive polarity as the first case (a laughing face),
the passive polarity as the second (a crying face) and fifth (an angry face) cases, or just
neutral without clear emotional tendency as the third (a shy face) and fourth (a thinking
face) cases. Besides, we have the ability to express much more emotion other than polarities. With emoji, the form of expression become more liberal and indeed more vivid
when communicating with others.
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Conclusion

In this paper, for the problem of emoji classification and embedding learning in conversation scenarios, we propose a matching approach and deeply analyze its performance
through both qualitative and quantitative experiments. Empirical results demonstrate
our approach better than traditional softmax classifiers in terms of different metrics,
and the embeddings trained from our neural networks could also represent the emoji
well. For the future work, one direction is to consider contextual information in the
conversation process and propose more progressive models to analyze emoji better, another one is to explore the relation between emoji and sentiments in order to improve
the performance of sentiment analysis.
Acknowledgements. This paper is partially supported by the National Natural Science Foundation of China (NSFC Grant Nos. 61472006 and 91646202) as well as the
National Basic Research Program (973 Program No. 2014CB340405).
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