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Abstract: For most current end-to-end dialogue systems, the focus is on the quality 
of the response, without clarifying the impact of emotion on the response. This article 
proposes a sequence-to-sequence-based specific emotional conversation generation 
model (Emo-Seq), which mainly uses a sequence-to-sequence-based model 
framework to mine posts by adding attention mechanisms to posts, replies, and 
emotion tags. Then, an emotion classifier is added to guide the generator's emotion 
generation globally, so that the generated emotion diversity and better effect on 
specific emotion generation. Comparing the model in this paper with the attention-
based sequence-to-sequence model (A-Seq2Seq) and the emotional chat machine 
(ECM), it has achieved good results in terms of confusion (PPL), diversity of responses, 
and manual evaluation. 
 
Keywords: Seq2Seq, Recurrent neural network, Attention mechanism, Emotional 
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1. Introduction 
The key factor of human-machine dialogue is whether the chat robot can respond well 
to the content and emotional level. In most previous studies, the sequence- to- 
sequence model structure was mainly used. The sequence-to-sequence model was 
mainly a model structure from one sequence to another through an encoder and 
decoder (Encoder-to-Decoder). It is mainly used in machine translation [1]. Due to its 
versatility, this structure has also achieved good results in dialog generation. However, 
the traditional sequence-to-sequence model mainly uses the maximum likelihood 
estimation (MLE) method, so it is used in training. When there are many relatively 
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safe but meaningless answers, such as "haha", "good", "I don't know", this will make 
the model less effective. 
Humans have the ability to perceive complex and subtle emotional differences, and 
can express these emotional experiences through language. Some literature provides 
some evidence that systems capable of expressing emotions can increase user 
satisfaction, so generating responses with specific emotions is valuable but challenging. 
In the earlier work, hand-written rules were used to generate specific emotional 
responses from the conversation corpus. These rules need to be written by 
professional personnel. If complex emotions need to be expressed, many rules need 
to be written, which makes the workload very large, and Scalability and portability are 
very poor. 
Recurrent neural networks and their applications in sequence-to-sequence frameworks 
have proven very successful, such as machine translation, text summarization [2], and 
so on. Many researchers have built chatbots using a sequence-to-sequence framework 
and have made great efforts to avoid generating dull sentences. In order to generate 
dialogue responses with specific emotions, this chapter proposes an emotional 
dialogue generation model combining a generator and an emotion classifier. 
 

2. Related work 
In earlier work, responses were extracted from conversational corpora related to 
specific emotions by using some rules. This method can get a certain effect, but the 
rules need to be formulated by experts, and when the scene needs to be extended, it 
is very difficult to write the rules, making the scalability poor. 
In recent years, recurrent neural networks and sequence-to-sequence frameworks 
have proven to work well in machine translation. Some scholars use sequence-to-
sequence models in conversational systems, making responses less boring. People pay 
more attention to the response to specific emotions. Hu et al. [3] designed a text 
generation model to generate sentences with given emotions and tenses through a 
variable-division autoencoder. Ghosh et al. [4] designed a language model based on 
recurrent neural networks to affect sentences through emotional categories. Zhou et 
al. [5] designed a sequence-to-sequence-based emotional chat machine (ECM) to help 
generate responses through external memory and internal memory, but ECM tends to 
generate emotion categories with many training samples. This bias makes training The 
gap in the category of emotions has blurred. Aiming at these situations, this paper 
designs a model that combines the generator and sentiment classifier. The sentiment 
classifier guides the generator generation to ensure that specific emotions are 
expressed in the generated response. 
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3. Sequence-to-sequence specific emotional dialogue generation model 
(Emo-Seq) 

Aiming at the problem that the emotional chat machine (ECM) proposed by Zhou et 
al. [5] is more biased in the training set, this paper proposes a sequence- to- 
sequence-based specific emotion generation model. The emotion classifier is used to 
make emotions during training. The generated guidance makes it possible to generate 
multiple emotions and have better effects on specific emotions. 
 

3.1 Task definition 
Given a sequence X {x

1
,x

2
,...,x

m
} and an emotion label e, the purpose is to generate 

a response Y {y
1
, y

2
,..., y

n
} that makes it not only meaningful for the content, but also 

needs to be consistent with the desired emotion. 
 

3.2 Model 
The structure of the model is shown below. It is mainly composed of sequence- to-
sequence and an emotion classifier based on the attention mechanism. The sequence-
to-sequence model mainly encodes and decodes the sequence and its emotion labels. 
The role of the emotion classifier is to do A global guide. 
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Fig. 1 Specific emotion generation model 

 
3.2.1 Embed emotion into Seq2Seq model 

The Seq2Seq model is a conditional language model. It takes input response pairs (X, 
Y) as input conditions, where X {x

1
,x

2
,...,x

m
} and Y {y

1
, y

2
,..., y

n
} are sentences 

composed of words. 
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Although there are many variants of the Seq2Seq model, they usually consist of two 
components: an encoder and a decoder. The encoder mainly accepts the source 
message and embeds the message into the vector, then sends the encoded structure 
to the decoder and then generates Ŷ  ŷ

1
, ŷ

2
,... step by step. This process can be 

simply described as c = Encoder (X) and Y = Decoder ( c). Here are two main steps 
to embed emotion into the model. 
1) Seq2Seq based on attention mechanism 
In the encoder, bi-directional short-term memory (Bi-LSTM) is used to encode the 
sequence X {x

1
,x

2
,...,x

m
} and convert it into a vector representation. The calculation 

formula of its hidden state is shown below. 
                                       (3-1) 

                                            (3-2) 

Where i = 1,2,3, ..., m,  and  respectively represent the i-th hidden state of 
the forward and backward LSTMs, and then we connect the forward and backward 
LSTMs in series to obtain  as the i-th hidden State, and then use 
the last hidden state of the encoder as the input to the decoder. 
Many literatures have proved that it is feasible to add attention mechanism in Seq2Seq 
model. In this paper, we add attention mechanism between encoder and decoder. The 
calculation formula is as follows. 
①Calculate the hidden state of the encoder 

hEncoder  [h
1
Encoder ,h

2
Encoder ,...,h

m
Encoder ]                                   (3-3) 

②Calculate the attention score between the encoder and decoder as follows 


t
 soft max(h

t
Decoder W

a
hEncoder )                                           (3-4) 

Where h
t
Decoder  and hEncoder  are the hidden state of the decoder and the hidden state of 

the encoder,  t  is the attention score between the encoder and the decoder, and Wa  
is the weight matrix. 
③Update the hidden state of the encoder through the attention score, as shown below 

ĥ
t
 

t
hEncoder                                               (3-5) 

④Calculate the hidden state of the decoder, because the input of the decoder is the 

last hidden layer of the encoder, so ĥ
0
 h

m
Encoder , as shown below 

h
t
Decoder  LSTM Decoder (Emb( y

i
), ĥ

t1
)                               (3-6) 

ĥ
0
 h

m
Encoder                                                      (3-7) 

2) Embedding emotional tags 
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The idea of embedding emotional tags in this article comes from Google Translate. 
Google Translate can provide multilingual translation. Generating different emotions is 
likened to translating the same sentence into different languages. Think of each 
emotion as a separate token, and connect the remaining X to get a new input, where 
e

x is the emotion label, as shown below. 
X

new
{x

1
,x

2
,...,x

m
,e

x
}                                                 (3-8) 

Then the emotion tags are also embedded in the decoder, as shown below, 
h

t
Decoder  LSTM Decoder (Emb( y

i
), ĥ

t1
,e

y
)                                  (3-9) 

In this way, emotions can be embedded in encoders and decoders to train 
conversations with emotions. 
The loss function for this part is, 

L
En2 De

  Pg ( y
i
)

i

n

 log(P( y
i
))                                            (3-10) 

P( y
i
)  soft max(W

Decoder
h

i
Decoder )                                           (3-11) 

 
3.2.2 Sentiment classifier guided generation 

Here, a trained emotion classifier is used to guide the generation process, which helps 
to generate a response of a specific emotion. The introduction of this classification 
requires the establishment of a sentence-level emotion discriminator, as shown below, 

M (e |Y )  soft max(W
e


1

N
Emb( y

i
)

i1

n

 )                                      (3-12) 

Where W
e
 kd  is the weight matrix, and k belongs to the number of categories of 

emotions. The guidance of this section is to enumerate all possible generation 
sequences and determine its emotion classification, so that responses of different 
emotion categories can be generated. Growth, such an enumeration grows 
exponentially, so here we use sampling based on probability to approximate 
generation. The formula is as follows, 

Emb
new

 P( y
i
)

i1

L

 Emb( y
i
)                                          (3-13) 

Where L is a number generated by the threshold of the limited probability. Through 
this limited generation, a new discriminator is obtained as shown below, which can 
obtain sequences of different emotion categories without causing infinite growth. Each 
step of this method The loss function is shown below, 

L
m
 M g  log( M (e |Y ))                                           (3-14) 

M (e |Y )  soft max(W
e


1

N
Emb

new
( y

i
)

i1

n

 )                                   (3-15) 

Where M g  is the mood distribution in one-hot form. 
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3.3 Model training 
The loss function of the model mainly includes two parts, one is the loss value between 
the encoder and the decoder, and the other is the loss value of the emotion 
discriminator, so the total loss function is as follows, 

2( )En De mLoss L L                                         (3-16) 

 
4. Experimental results and analysis 

4.1 Experimental data and evaluation criteria 
The sentiment dialog dataset used in this chapter is the dataset in the evaluation task 
released by the 6th Natural Language Processing and Computing Society (NLPCC 2017) 
[6]. This data set [7] is collected by Chinese Weibo posts and replies. This data set is 
labeled by a trained sent iment classifier. The sentiment classifier is trained on the 
datasets NLPCC 2013 and NLPCC 2014 Chinese sentiment classification, and then the 
NLPCC 2017 sentiment dialog dataset is labeled into 6 categories: other, like, sad, 
disgusted, angry and happy. The distribution of each emotion category in the dataset 
is shown in the following table. 
 

Table. 1 Affective distribution of Chinese Weibo 
Emotion category post Reply 

other 339329 198069 
like 260848 200001 
sad 130017 181252 

disgusted 186465 200001 
angry 80676 139883 
happy 121872 200001 

 
The Chinese pre-trained word vectors are Chinese word vector corpora open-sourced 
by researchers at the Institute of Chinese Information Processing of Beijing Normal 
University and the DBIIR laboratory of Renmin University of China. The library contains 
dozens of word vectors trained in corpora in various fields (Baidu Encyclopedia, 
Wikipedia, People's Daily 1947-2017, Zhihu, Weibo, Literature, Finance, Ancient 
Chinese, etc.), covering various fields, and contains multiple Kinds of training settings. 
The Chinese Weibo word vector based on Word + Character + Ngram training used 
in this article. 
The pre-trained word vectors used in this article have been stored in text format, and 
each line contains the word and its word vector. A part is shown as shown in the figure 
below. 
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Fig. 2 Chinese Weibo Word Vector 

 
Evaluation Standards: Because there is no uniform standard for judging in the 
generation of emotional dialogues, in order to effectively evaluate the quality of 
dialogues generated by emotions, this article uses automatic evaluation and manual 
evaluation. 
In automatic evaluation, in the field of machine translation, BLEU is mainly used to 
determine the quality of translation [8,9], but in the emotional dialogue, the content 
and the relevance of emotions are mainly used to determine the quality of the 
response. Therefore, the confusion degree (PPL) used by Zhou and others in the 
emotional chat machine (ECM) is adopted here as the experimental content and the 
automatic evaluation standard of grammatical quality. In terms of response diversity, 
Distinct-1 and Distinct-2 are used to determine the diversity of responses. The 
confusion degree PPL is an index used to measure the quality of language models in 
the field of natural language processing (NLP). It mainly estimates the probability of 
a sentence based on each word, the formula is as follows. 

1

1 2
11 2 1 2 1

1 1
( ) ( ... )

( ... ) ( | ... )

N
N NNn

in i i

PPL s P w w w
P w w w P w w w w



 

     (4-1) 

Where S represents the sentence, N is the sentence length, and P (wi) is the probability 
of the i-th word. The first word is p (w1 | w0), and w0 is START, which indicates the 
beginning of the sentence and is a placeholder. 
This formula can be understood in this way, the smaller the PPL, the larger the P (wi), 
and the higher the probability of the sentence we expect to appear. So the smaller the 
PPL, the better the model, but the disadvantage of confusion is that it cannot evaluate 
the correlation between the dialogue and the response. 
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In order to evaluate the diversity of responses, this paper introduces Distinct-1 and 
Distinct-2 proposed by Li et al [10]., And measures the diversity of responses by 
calculating the proportion of unigrams and binary words in the responses. 

( )
1

( )

Distinct Unigram
Distinct

Sum Unigram
                                         (4-2) 

( )
2

( )

Distinct Bigram
Distinct

Sum Bigram
                                              (4-3) 

In the manual evaluation: certain evaluations have been made in the language model 
of the sentence and the diversity of the responses, but there is no relevant evaluation 
standard for the correlation between emotion and content. Therefore, in order to 
evaluate the emotion and content, some standards for manual evaluation have been 
formulated, as shown in the following table. 

Table. 2 Manual evaluation criteria 
 score Evaluation annotation 

emotion 
0 Inconsistent with the desired emotion 
1 Consistent with desired emotion 

content 
0 There are errors in the sentence grammar 
1 The syntax is okay, but it has nothing to do with the content 
2 The syntax is okay and the content is related 

 
4.2 Emotional dialogue experiment and analysis 

This chapter experiments and analyzes A-Seq2Seq, ECM, and the algorithms proposed 
in this chapter under the same experimental settings, including two criteria: automatic 
evaluation and manual evaluation. 
1) Automatic evaluation 
Automatic evaluation of the degree of confusion, using the degree of confusion to 
evaluate three algorithm models. Three algorithm models will be trained, and they will 
be answered on the selected 10,000 test sets, and then the confusion degree will be 
calculated. The results obtained are shown in the following table.3. 

Table. 3 Comparison of confusion 
model PPL 

A-Seq2Seq 97.765 
ECM 88.458 

Emo-Seq 83.372 
 
From the experimental results, it can be seen that the model proposed in this chapter 
is superior to the A-Seq2Seq and ECM models in content generation and syntax. 
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The response diversity is automatically evaluated. The diversity evaluation of 
responses measures the diversity of responses by calculating the scores of Distinct-1 
and Distinct-2. The three models trained are used to generate responses on the test 
and then evaluate the responses. The results are shown in the following table.4. 

Table.4 Comparison of response diversity 
model A-Seq2Seq ECM Emo-Seq 

Distinct-1 0.0125 0.0131 0.0245 
Distinct-2 0.0371 0.0563 0.0673 

 
It can be seen from the table that the models proposed in this chapter have improved 
their scores on Distinct-1 and Distinct-2. On Distinct-1 and Distinct-2 scores, they are 
0.012 and 0.0302 more than Seq2Seq scores, and 0.0114 and 0.011 more than ECM 
scores. It can be concluded that Emo-Seq is superior to the previous two models in 
terms of response diversity. To a degree eased the security response. 
2) Manual evaluation 
In the manual evaluation, this article does not perform manual evaluation of "other" 
types of emotions. For the emotions of likes, sadness, disgust, anger, and happiness, 
the test set selects 100 posts of data separately, and then makes 5 types of each data. 
The response of the category and scoring, the results are shown in the following 
table.5. 

Table. 5. Manual evaluation scoring 
model A-Seq2Seq ECM Emo-Seq 

happy 
emotion 0.49 0.59 0.64 
content 1.03 1.27 1.30 

anger 
emotion 0.35 0.47 0.61 
content 1.02 1.25 1.27 

disgusted 
emotion 0.43 0.46 0.60 
content 0.94 1.17 1.28 

sad 
emotion 0.46 0.61 0.63 
content 0.87 1.28 1.34 

like 
emotion 0.51 0.53 0.62 
content 1.06 1.23 1.35 

Average 
rating 

emotion 0.45 0.53 0.62 
content 0.98 1.24 1.31 

 
Judging from the average evaluation score, compared with A-Seq2Seq and ECM in 
terms of emotion and content, the score is higher, and by looking at each model's 
score on various emotion types in a vertical direction. Seq2Seq and ECM scores are 
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much lower than other types in terms of "anger" and "disgusted". It can be seen that 
these two models have preferences. Preference is that more emotions are in the 
training set, and the scores on the responses are better. . However, the model 
proposed in this chapter is relatively stable in all types of responses, and the overall 
response to each type of emotion is relatively moderate. Solved a certain preference 
problem. The example is shown in Table 6. 
 

5. Conclusion 
This article proposes sequence-to-sequence-based specific emotional conversation 
generation, adding attention mechanisms between posts, replies, and sentiment tags 
to better mine the correlation between posts and replies and sentiment categories. 
The sentiment classifier uses the sentiment classifier as a guide for global sentiment 
generation, which makes the generated sentiment diversity and achieves good results 
for specific sentiment generation. The model proposed in this paper is compared with 
A-Seq2Seq and ECM. In terms of confusion, diversity of responses, and artificial 
evaluation, the model proposed in this paper has better results, highlighting the 
potential of the model in the dialogue system. 
 

Table. 6.Example demonstration 
Post Model  Reply 

你怎么了？ 

A-Seq2Seq 

喜欢 我也觉得，飞碟很不错！ 
悲伤 是啊，可惜我没去 
厌恶 这是个很严肃的问题，你认为什么？ 
愤怒 你有什么？我不知道嘛！ 
快乐 哈哈，你猜对了 

ECM 

喜欢 是啊，好眼力 
悲伤 唉，我也想问的 
厌恶 是啊，这叫一个好地方？你懂的 
愤怒 你是谁？我说不是啊，呵呵 
快乐 哈哈，我是说你的名字 

Emo-Seq 

喜欢 其实我很爱你 
悲伤 没，我只是想表达的很难过 
厌恶 你也太想了吧，不是有问题吗？ 
愤怒 我不是故意的 
快乐 哈哈，你的意思是~ 
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