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ABSTRACT

Existing natural language generation models often face the problems of context loss and incoherent
responses when dealing with multi-round dialogs. In this paper, a multi-round dialog system based on
Transformer architecture is constructed, and an intention recognition algorithm is used to form a technical
support for the construction of multi-round dialog system. And the attention adapter is introduced into
the natural language generation module in the system, which utilizes contextual features to improve the
performance of the natural language generation model. Semantic slot extraction experiments are carried
out on the ATIS dataset, and the I'1 values of the semantic slot extraction task and intention recognition
task of the BERT multi-task natural language generation model with the addition of the attention
mechanism are improved by 0.64% and 0.15%, respectively. The multi-round dialog system designed in this
paper has a perplexity of 18.33, and the BLEU metrics are higher on orders 1-4 compared to other models.
Manually evaluated in terms of syntactic semantic coherence, relevance, and information content, the
system performs better. It shows that the natural language generation model incorporating the attention
mechanism can eftectively improve the application eftect of the multi-round dialog system.

Keywords: Transformer; Intent recognition algorithm; Multi-round dialog system; Attention mechanism;
Natural language generation

1. Introduction

Natural Language Generative Modeling (NLG) is a technique that enables computers to automatically
generate information related to human language. This emerging field of research can provide useful
information for applications such as robots, virtual voice assistants, search engines, geographic information
systems, etc. through insights that can be gained from machine learning techniques [1-47]. NLG is a
complex technology that uses a number of Al techniques to process unstructured data and convert it into
logical words or sentences [5-7]. Usually, NLG system consists of a series of modules,including
corpus,model training,syntactic analysis and language generation modules,which are important for
optimization in Dorian dialogue[ 8-107.
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Multiliteracies dialog refers to a form of interactive dialog, which usually takes place between people or
between people and machines. In this form of dialog, the content of the dialog can be interacted through
multiple rounds, and through multiple rounds of dialog, problems can be explored, solved, or information
exchanged in greater depth [11-147. Dialogue management mechanism, on the other hand, refers to a
mechanism for managing and controlling multi-round dialogues, which can include the flow control of
dialogues, semantic understanding, and context analysis. Multi-round dialogue is characterized by the fact
that information exchange and problem solving can be accomplished through multiple interactions [[15-
187]. Compared with single-round dialog, multi-round dialog is more flexible and can be better adapted to
different contexts and dialog purposes. Dialogue management mechanism is a way to manage and control
the dialog process in multi-round dialog. Dialogue management mechanism plays an important role in
multi-round dialog system [ 19-227.

The study first builds a multi-round dialog system based on the Transformer architecture and intent
recognition algorithm. Then the natural language generation module in the system is optimized. It is
proposed to adopt a BERT model-based encoder and incorporate the attention adapter into the BERT
model, and the constructed K-BERT model preserves the complete semantic information of the sentence
by analyzing the subword features. Finally, semantic slot extraction experiments are conducted on the
ATIS dataset to verify the effect of the attention mechanism. On the STC dataset, the effect of system
realization is objectively evaluated in terms of perplexity and BLEU value, and subjectively evaluated in
terms of grammatical-semantic coherence, relevance, and information content.

2. Design of a multi-round dialog system based on the Transformer framework

2.1.  Transformer

The Transformer model is a neural network structure based on a self-attention mechanism, which allows
the model to establish weight associations between different positions in a sequence in order to better
understand the contextual information during encoding and decoding [237. Transformer discards RNN’s
and convolutional networks, leaving no explicit sequential information in the model, and therefore needs a
way to encode the positional information in the input sequence. Therefore, Transformer not only encodes
words in word embeddings, but also encodes positions, so that by adding positional information, the model
is able to differentiate between tokens at different positions, and thus is able to model sequences.

Assuming that the input context informationis X = {Xi, Xyyenur X, }, each input word can be transformed
into a multidimensional vector after encoding, the input X encoded words are encoded as
token_embedding = {t,,t,,,...,t,, }, and the position is encoded as position_embedding ={p,, p,...., p,}.
The final encoding is shown in Equation (1):

Embed =token _embedding + position _embedding (1)

The encoder part consists of multiple coding layers, each of which consists of a multi-head attention
layer and a fully connected network layer. In the middle, in order to solve the degradation problem in deep
learning, the structure of residual network is used.

The decoder part consists of multiple decoding layers, and each decoding layer consists of a masked
multi-head attention layer, a multi-head attention layer and a fully connected network layer. The structure
of residual network is also added in the middle.

In the self-attention mechanism, there are three different vectors for each word which are Query(Q),
Key(K) , Value(V). This is obtained by multiplying the input vector X by three different weight
matrices W(, WK, Wv which are of the same size. The weights of attention are shown in equations (2),

(3), and (5):
Q=W,X (2)
K=W,X (3)
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V =W, X (4)

QK
Attn(Q, K,V ) = soft max NN Vv (5)
k
where d, is the dimension size of the Key. The multi-head attention mechanism is equivalent to the
integration of several diftferent self-attributions and is able to operate in parallel.

2.2.  Multi-round dialog system design

There are three major modules in multi-round dialog: natural language understanding, dialog management,
and natural language generation. Among them, natural language understanding contains domain
recognition module, intent recognition module, slot extraction module, which mainly do classification tasks.
The dialog management module interacts with the user by processing the outputs of natural language
understanding (intent, slot information), which includes dialog state maintenance and system policy
generation. When the natural language generation module is applied, the main function it realizes is to
organize the output from the dialogue management module to form readable and fluent natural language
sentences, which are fed back to the interlocutor to complete the information interaction.

In the design of multi-round dialog system, the intention recognition algorithm is the most common
algorithm, according to the difterent functions, the functional module of multi-round dialog system can be
divided into four parts, respectively, the control module, memory module, classification module and coding
module [247, the algorithm framework is shown in Figure 1. In the algorithmic framework diagram, the
main function realized by the encoding module in the algorithmic framework is to use real vectors to map
the non-quantized text into the quantized space. The structure chosen to be used at the beginning of the
encoder design is the LSTM network structure. The memory unit in the algorithmic framework mainly
stores the relevant historical information, but when storing information, it needs to be realized with the
help of external storage, and in the historical information, the extraction of information is accomplished
through the use of the attention mechanism and the intention of the conversation. Oblivious gate
represents the control module of the algorithmic framework, which is used to control the introduction of
historical information. When faced with the problem of intention recognition in a multi-round dialog
system, it can be considered as a problem of categorization with many difterent labels.
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Fig. 1. Framework diagram
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In the algorithmic framework, we choose to apply word embedding to design the coding module. The
design link to apply word embedding mechanism is to quickly realize the purpose of mapping text data in
lower dimensional real vectors, the realization of this function, can be very good to avoid the specific
operation because of the higher dimensionality of the input to the LSTM model dimensionality catastrophe
occurs. In addition, word vectors need to be trained, the choice of word embedding mechanism in the
training process also has a great advantage, the specific application of the word embedding mechanism can
make the word vectors appear similar or the same features, the word vectors as the input to the LSTM
model, can improve the performance of the classifier and lay a solid foundation for it.

3. Optimization of natural language generation model based on attention
mechanism

In this paper, BERT model based encoder is used. The BERT model utilizes the hidden state of utterance
information in the decoding process to improve the overall performance of the BERT model encoder by
extracting the intent features from the textual information on the basis of the attention mechanism and by
analyzing the subword features so as to retain the complete semantic information of the sentence.

3.1.  Construction of BERT-based spatial encoder

The training process of the BERT model is a conversion process from raw text to a context vector
representation, in which global semantic information needs to be input into the model so that it can capture
the semantic information in the text more accurately [257. In the input utterances, the same words and
phrases can convey very different semantic information due to their different positions in the sentence, so
we need to utilize position vectors to differentiate between the same words and phrases that are in different
positions. In order to carry bi-directional information, we need to set a certain percentage of the input
words to be masked, and the masking is randomized. This can effectively reduce the impact of noise, so
that the network can better learn the hidden layer information, thus improving the learning efficiency of
the model. In BERT's model, we mask 15% of the words by replacing them with TMASK] lexical elements,
and there is an 80% probability that these masked words will be directly replaced with [MASKT lexical
elements, a 10% probability that they will be replaced with any other words, and a 10% probability that
they will not be replaced and the original words will be kept.

This maintains the distribution of contextual representations for each input word element and makes
the BERT model more focused on semantic understanding. Because words are replaced out randomly in
the above approach, in order to improve the model's ability to learn the contextual semantics, the model is
unaware of the words that are going to be predicted, in which case the model has to reason about the needed
words by relating the contextual semantics. Although blocking words will bring some degree of change to
the semantics of the sentence, but its negative effect is not large, because the probability of a word being
randomly replaced is only 15% * 10% = 1.5%, so this way will not weaken the model's ability to learn, but
also improve the contextual connection.

3.2.  Attention Adapter

In this paper, we adopt the attention adapter built on top of the BERT model, which dynamically fuses the
hidden states of the utterance into the subword vectors to be able to extract the overall features of the
sample. This method is different from the traditional BERT model, which can better connect the context
and take into account the degree of association of the words in the sentence, so as to obtain the complete
information of the text. In the case of scarce sample size, the introduction of the attention adapter can fully
utilize the samples, and for the next sentence prediction task of the BERT model, more accurate slot filling
results can also be obtained by associating the context, thus improving the effect of intent classification.
We use word attention adapters to capture the features of each subword so as to obtain all the subword
tagging information after the subword tokenization algorithm, which has the advantage that each word is
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classified using all its features. The subword tokenization algorithm can decompose some rare words into
common meaningful subwords when faced with them, which allows the model to handle unfamiliar words
that have not been trained.

In the word attention adapter, features can be extracted from each complex sub-token using the self-
attention mechanism. For the intention classification task, this paper uses the intention attention adapter
to obtain intention features from the overall discourse. The discourse intent features used in the Intention
Attention Adapter are the weighted sum of the hidden states of individual tokens and the contextual
teatures of complex tokens. For the slot filling task, the prediction of simple lexical elements consists of
intent features and hidden states, and the prediction of complex lexical elements consists of intent features
and context features. The improved BERT model satisfies the need for preservation of completeness, and
therefore performs significantly better in semantic slot filling and can learn more features. Since the
proposed model explicitly enriches subword information and builds on top of the BERT model, we name
it K-BERT model. The BERT encoder with added adapters is shown in Figure 2.

Attention Adapter

T

Hidden states
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Fig. 2. The BERT encoder that adds the adapter

Each layer of the K-BERT model contains an attention layer and a feedforward layer, and two serial
adapters are inserted after each sublayer. We propose the word attention adapter to solve the alignment
problem of word elements and labels. The word attention adapter uses a self-attention mechanism to
construct complex word semantic features in multiple sub-words, which ensures the completeness of word
information. The attention adapter uses all the semantic information of the complex word, thus preserving
the complete sentence semantic information to improve the natural language generation model
performance. For the hidden state corresponding to each subword, we use the learned attention weights to
compute the subword context vector §; as shown in equation (6):

S = iaivi (6)

where V; is the value transformation vector corresponding to each subword, and ¢; is the 10 subwords
of the complex word information score and is computed as follows:

o exp(e, ;)

- iexp(el’j) (™)
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&;=0-k (8)
o = o (Wgh) (9)
ki = (Wyh) (10)
Vi =o(Wyh) (11)

where @, is the query transform vector of the first subword of each complex number, and K; is the
keyword transform vector corresponding to each subword. o is the activation function, h; is the hidden
state corresponding to each subword, and qu , Wy, and W,, are the weight matrices.

In this paper, we propose a parameter averaging technique that can further reduce the storage and
computational cost of our method. To be precise, after training, we average (ﬁ, m) and the attention
parameters between the attention heads on the output projection matrix O. We then store only the
averaged parameters. During inference, we use only one attention head that has been loaded with stored
parameters. In this way, although we may have trained multiple attention heads, the storage and prediction
costs will be as low as if we had trained only one attention head. BERT inserts a special character [CLS’]
at the beginning of each input discourse, which can usually represent the features of the whole discourse.
Thus, for discourse classification tasks, BERT models typically achieve meaningful performance through
the hidden state of [CLS7. In natural language generation tasks, using hidden states corresponding to each
word that can retain global information about the sentence is preferable to using only hidden states labeled
[CLS]. Therefore, we use the Intent Attention Adapter to extract intent features from the tokens of a
sentence. The computation of global intent features is shown below:

W(H):{

where W(H) is the weight function for each word, o is the activation function, W, is the weight
matrix, h is the hidden state of [CLS], h is the hidden state of the lexical element and S is the
subword context vector:

h, - o (W,,h; ) iisnotcomplexword

int" i

h, - o (W,,s; ), iiscomplexword

int™i

(12)

W(H)
ey = SOft Max F (13)
h
T .
hintem = Z ailntent hi ( 14‘)

i=1

By attentively computing the hidden states and word context vectors in a sentence, the output has a
vector representation and then, we use ... to predict the user intent.

4. Experimentation and analysis

4.1.  Analysis of the effects of the attention mechanism

4.1.1.  Experimental corpus. The dataset for conducting the semantic slot extraction experiments is from
the publicly available Air Travel Information System (ATIS) dataset. The ATIS dataset is captured from a
transcribed English text corpus of audio recordings in a real booking of airplane tickets scenario, which is
one of the major data resources currently used in research in the field of natural language understanding,
and includes 26 different intents as well as 129 different semantic slot labels.

4.1.2.  Evaluation indicators. For the semantic slot extraction task, accuracy, precision, recall and F -
value are usually used to effectively evaluate the model performance. The accuracy rate, denoted by Acc,
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measures the accuracy of the model's intent recognition and is expressed as the number of samples in which
the intent is correctly recognized as a percentage of the total number of samples, as shown in the formula
in (l .‘3):

_ Number of samples with correct intent recognition

Acc = (15)
Total number of samples

The accuracy rate, denoted by P, measures the accuracy of the semantic slot extraction task and is
expressed as the number of correctly recognized entity slots over the total number of entity slots, as shown
in the formula in (16):

_ Number of entity slots correctly identified
Number of entity slots

P

(16)
Recall is denoted by R, which is expressed as the number of correctly recognized entity slots over the
number of recognized entity slots, and the formula is shown in (17):

_ Number of entity slots correctly identified
Number of solid slots recognized

(17)

Fﬁ represents the combined consideration metric of precision and recall, B <1 indicates that in the
task, more attention is paid to the precision of the model, and S >1, indicates that more attention is paid
to the recall of the model. In this paper there is no bias consideration for model precision and recall, so
B =1 is taken and its formula is shown in (18):

F - 2xPxR (18)
P+R

4.1.3.  Analysis of experimental results. In the experiments in this chapter, the intention recognition and
semantic slot extraction tasks are individually trained for prediction labeled as BERT-BiLSTM-CRF
(single-task). The multi-task natural language generation algorithm based on BERT is labeled as BERT-
BiLSTM-CRF (multi-task). The BERT multi-task natural language generation algorithm based on
attention mechanism is labeled as BERT-BILSTM-CRF (attention-multi-task). The three models are
compared and experimented on the ATIS dataset to observe the effect of semantic slot filling and intent
recognition accuracy enhancement, and a comparison of the model experimental results is shown in Table
1.

Comparison of the results of the three sets of controlled experiments revealed that after fusion training
of the intention recognition and semantic slot extraction tasks, the F'1 value of semantic slot extraction on
the ATIS dataset reached 95.85%, while the F1 of intention recognition was 97.06%, which is an
improvement of 0.19% and 1.02%, respectively, in comparison with the way of training under a single task.
The experimental results show that the performance of the model based on multi-task training is better
than the performance of the single-task model, and the correlation relationship between intentions and
semantic slots is taken into account in the multi-task learning, which increases the shared information
between the tasks and leads to an increase in the model performance.

After the introduction of the attention mechanism to the multi-task model, after the comparison of the
experimental results, it is found that the F'1 value of the BERT multi-task natural language generation
model based on the attention mechanism for the semantic slot extraction task and the intention recognition
task on the ATIS dataset is improved by 0.64% and 0.15%, respectively, which is significantly greater than
that of just improving the single-task to multi-task training, which indicates that the attention mechanism
promotes the model with a more obvious effect and can more eftectively enhance the model's performance.
This indicates that the attention mechanism has a more obvious effect on the model, and can more
effectively improve the accuracy of the model's intent recognition and semantic slot extraction tasks.
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The addition of the attention mechanism enhances the correlation between the two tasks in multitask
learning. The addition of a single loss function allows two tasks to be combined in terms of error, while
the addition of the attention mechanism combines another task in terms of semantics. Compared to the
multi-task combination based on loss function alone, the addition of the attention mechanism results in a
greater improvement in the performance of the natural language generation model.
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Table 1. Comparison of model experiment results

Slot Intent
Model
F1 Recall Precision F1 Recall Precision
BERT-BiLSTM-CRF (single-task) 95.66% | 95.78% 95.64% 96.04% |  95.25% 95.65%
BERT-BILSTM-CRF (multi—task) 95.85% 96.1% 95.67% 97.06% 96.1% 96.05%
BERT-BILSTM-CRF (attention-multi-
¢ k) 96.49% 96.89% 97.57% 97.21% 96.17% 98.61%
as

The trend of accuracy with epoch for the intention recognition task on the ATIS dataset with single-
task independent training, multi-task fusion training, and fusion training with the introduction of the
attention mechanism under multi-task is shown in Fig. 3. From the accuracy change in the figure, it can
be seen that the multi-task learning approach based on the attention mechanism has a significant
improvement in the accuracy of intent recognition, which can reach up to 94.59%. Compared with single-

task learning based on multi-task learning approach also has more obvious superiority.
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Fig. 3. Accuracy of intent detection on the ATIS
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The trend of accuracy with epoch and the trend of Loss for the semantic slot extraction task under the
ATIS dataset experiments comparing with other models after the introduction of the attention mechanism
are shown in Fig. 4. Fig. (a) and Fig. (b) Accuracy and Loss change trend. From the figure, it can be seen
that under the effect of pre-training of the BERT model, the model accuracy rate is improved faster and
reaches up to 95.74%. The model convergence is accelerated and the Loss value is infinitely close to 0. The
model gets the best performance results after adding the attention mechanism.
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Fig. 4. Accuracy and loss of slot filling on the ATIS
4.2.  Evaluation and analysis of multi-round dialog systems

4.2.1.  Experimental corpus. In this study, the Chinese conversation dataset STC is selected to conduct
evaluation experiments on the designed multi-round conversation system and to compare it with some
classical conversation baseline models. The short text-based conversation corpus STC, whose task is to
ask for responses after prediction under a given multi-round contextual dialog corpus. Where the dataset
contains 4.4 million sized Chinese conversations, the raw data is cleaned after crawling a large number of
conversation texts following a data cleaning approach, which includes removing trivial words that have no
meaning to the conversation text. Filter out potential advertising messages. Each post has an average of
20 difterent replies, where each reply has a semantic gap between them, which is the main difference from
traditional parallel datasets.
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4.2.2.  Evaluation indicators:

1) In terms of objective evaluation metrics, the commonly used automated evaluation methods for
generative models are selected in this chapter for model evaluation, which include the perplexity level of
the language model (PPL) and BLEU evaluation metrics based on the word overlap rate between the
generated utterances and the reference answer utterances. The specific evaluation criteria are:

(1) Perplexity degree (PPL) is a measure of how good the language model is, estimating whether the
sentence is fluent or not, which mainly estimates the probability of a sentence's occurrence based on each
word and is normalized with the length of the sentence. As shown in equation (19):

1 1
PPL(W )= p(W,W,,...,Wy ) N =n
(W)= p(w,w, ) \/p(wl,wz,...,WN) (19)
where p(Wi) is the probability of the ind word, the smaller the confusion, and the larger the p(Wi),
the higher the probability that the desired sentence occurs.

(2) The BLEU calculation counts the number of times the N-gram phrases slipped in the generated
results and the real results all the test sample dataset. The key algorithm is to compare the degree of
matching of N-grams in the candidate and predicted statements, and the higher the matching degree the
better the performance of the generated prediction is considered to be. Low-order N-grams are used to
measure the accuracy of word generation and high-order N-grams are used to measure the fluency of
sentence generation. In practice, it is usually takenas N =1~4 and then a weighted average is performed
on the pair. The calculation formula is:

> min(h(k,Nh(k, 1))

) — k
pn(r’r)_ Zh(k,rl) (QO)
k
BP - lLifc>r

- el—r/c,else (Ql)

N
BLEU = BPxexp(ZWn log pnj (22)

n=1

where P,(r,F) calculates the accuracy of N —gram the phrase phrase in the whole dataset, N —gram
has a value of 1,2,...,n, W, denotes the weight of N—gram, and h(k,r) denotes the number of
occurrences of each N —gram phrase in the reference answer statement, since for each N there are many
N —gram phrases, hence there is a summation notation. BP denotes the penalization factor, which has a

range of (0,1].

2) In terms of subjective assessment, the manual evaluation index setting sets three main directions:

(1) Syntactic semantic coherence, that is, the fluency that the generated reply utterance has in syntax
and semantics.

(2) Relevance, that is, the relevance of the generated reply utterance in the context of the dialog, whether
it is consistent with the context.

(8) Information content, that is, the amount of information contained in the generated reply statements.
The specific judging criteria is that all active evaluation metrics are manually scored on a scale ranging
from 0O to 2, where O represents the worst and 2 represents the best. Scorers are asked to score the generated
results according to the selection, and the final evaluation metrics are the average of the scores obtained
from all test samples.
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4.2.3.  Analysis of experimental results. The experiment compares the PPL, BLEU metrics of BM25,
TF-IDF, Fuzzy, seq2seq and this paper's model on STC dataset. In the manual evaluation metrics, 200
responses were sampled for each model, and 2 labeling students were invited to manually evaluate these
responses.

1) Objective evaluation:

(1) PPL. Sentences with a higher degree of confusion will be illogical or difficult to understand when
people understand or read them, which may be caused by grammatical errors or unclear directions, making
it difficult for people to understand what the sentence is trying to express. The statistical results of PPL
metrics for each model are shown in Figure 5. The confusion degree of the multi-round dialog system
designed in this paper is 18.33, and the system has the best application eftect.

40 ‘
36.45
35 1
33.9

30 +
> 27.18
& .

- 26.03

20

18.33
15 T T T T
BM25 TF-IDF Fuzzy seq2seq Ours
Model

Fig. 5. Statistical results of PPL index

(2) BLEU. The statistics of the BLEU metrics for the training results of the STC dataset are shown in
Table 2. The system in this paper has higher BLEU metrics in order 1-4 compared to other models, with
BLEU values of 0.522, 0.532, 0.419, and 0.432, respectively. It indicates that the system-generated
utterances are more similar to the utterances of real replies. Therefore, the optimized natural language
generation model achieves better results in capturing contextual features.
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Table 2. BLEU index results of the STC data training results

BLEU1 BLEU2 BLEUS3 BLEU4
BM2s 0.073 0.064 0.028 0.077
TF-IDF 0.022 0.04 0.0% 0.025
Fuzzy 0.059 0.075 0.049 0.033
seq2seq 0.034 0.051 0.074 0.042
Ours 0.522 0.532 0.419 0.432

2) Subjective evaluation. The experimental results of the subjective evaluation indexes are shown in Figure
6. From the experimental results, it can be seen that the final dialog system incorporating the attention
mechanism achieves the optimal results in all indicators. The performance of syntactic semantic coherence
in the manual evaluation index is more ideal (1.82), which is higher than that of BM25, TF-IDF, Fuzzy,
and seq2seq models by 0.14, 0.13, 0.08, and 0.07, respectively.

Fluency| | Correlation Information content
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BM25 TF-IDF Fuzzy seq2seq Ours
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Fig. 6. Experimental results of artificial evaluation index
5. Conclusion

In this paper, we design experiments to evaluate and analyze the effect of the attention mechanism and the
overall implementation of the multi-round dialogue system respectively. On the ATIS dataset, the F1
values of semantic slot extraction and intention recognition are improved by 0.19% and 1.02%, respectively,
compared with the way trained under single task. It shows that the attention mechanism can improve the
performance of natural language generation model. On the STC dataset, the multi-round dialog system
designed in this paper has a perplexity of 18.33, and the values of order 1-4 on the BLEU metric are 0.522,
0.532, 0.419, and 0.432, respectively. Subjective evaluation in terms of syntactic semantic coherence,
relevance, and information content showed that syntactic semantic coherence was 0.14, 0.13, 0.08, and 0.07
higher than the BM25, TF-IDF, Fuzzy, and seq2seq models, respectively. The natural language generation
model incorporating the attention mechanism performs well in the multi-round dialog system based on the
Transformer architecture designed in this paper.
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