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Abstract. Dialogue intent detection and semantic slot filling are two critical tasks
in nature language understanding (NLU) for task-oriented dialog systems. In this
paper, we present an attention-based encoder-decoder neural network model for
joint intent detection and slot filling, which encodes sentence representation with
a hybrid Convolutional Neural Networks and Bidirectional Long Short-Term
Memory Networks (CNN-BLSTM), and decodes it with an attention-based recurrent neural network with aligned inputs. In the encoding process, our model
firstly extracts higher-level phrase representations and local features from each
utterance using convolutional neural network, and then propagates historical contextual semantic information with a bidirectional long short-term memory network layer architecture. Accordingly, we could obtain sentence representation by
merging the two architectures mentioned above. In the decoding process, we introduce attention mechanism in long short-term memory networks that can provide additional sematic information. We conduct experiment on dialogue intent
detection and slot filling tasks with standard data set Airline Travel Information
System (ATIS). Experimental results manifest that our proposed model can
achieve better overall performance.
Keywords: Nature Language Understanding, Slot Filling, Intent detection, Attention Model.
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Introduction

Intelligent dialogue system is a core technology in artificial intelligence and will become a friendly human-computer interaction approach. Building dialogue systems usually requires great effort, because the training of NLU and speech generation modules
are essential to conduct conversations [1]. NLU, as a critical component of the dialogue
system, is a major problem in current intelligent voice interaction and human-machine
dialogue. The purpose of NLU is to convert user dialogue text into a form that computer
can understand. Typically, NLU system involves the identification of user intent from
natural language queries and the extraction of semantic constituents. Generally, the two
tasks are referred as intent detection and slot filling [2].
Usually, intent detection and slot filling are performed separately. Intent detection
can be abstracted as a classification problem. Slot filling can be abstracted as a sequence
labeling problem. There are some traditional methods based on statistics used for both
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tasks. However, the traditional methods are not capable of learning the deep semantic
information. Deep neural networks have brought new inspiration to various natural language processing tasks, including intent detection and slot filling. In intent detection
task, convolutional neural networks (CNNs) and recurrent neural networks (RNNs) are
two popular models. While RNN and encoder-decoder have achieved good results in
slot filling [2,3]. Nowadays, there are many joint models used to solve intent detect and
slot filling tasks in the meantime. And the joint models achieved good performance in
two tasks.
Encoder-decoder neural network is used to solve the slot filling and performs very
well in [2]. Generally, sentence representation obtained from encoder based RNN only
considers the chronological features of sentences but ignores the importance of local
semantic information of sentences. In task of slot filling, however, local semantic information has important influence on identifying the slot correctly. Fortunately, convolution layer is specialized in capturing local semantic information [4], and it can get
higher-level representation of sentences. Therefore, we explore CNN results input into
the RNN for encoding and get the final sentence representation. In order to keep the
original chronological order in the RNN input, we rearrange the output of convolution
layer in the relative order of the original sentence. Intuitively, each word between the
input and output in the slot filling task is a one-to-one correspondence. Attention mechanism and alignment could obtain corresponding relationship. The sentence representation obtained by encoder can also be used for intention detection. The model joint the
two tasks can make them influence and promote each other [5]. In this paper, a new
joint model is presented to solve intent detection and slot filling tasks. In the new joint
model, a combination of CNN and bidirectional long short-term memory networks
(BLSTM) encodes a dialogue sentence into a dense vector that imply features of the
sentence. Then, this vector is used to initialize the decoder state. The decoder uses long
short-term memory networks (LSTM) cell as basic RNN. User intent and slot labels
can be generated by decoding. In addition, an attention-based RNN with aligned inputs
is used to decode. Experimental results manifest that our proposed joint model can
achieve better overall performance.
The remainder of the paper is organized as follows. Section 2 discusses related work.
The details of our model and the proposed methods are described in section 3. Section
4 describes experimental setup. In section 5, the experiment results and analysis are
reported. Finally, section 6 draws conclusions and discusses future work.

2

Related Work

In natural language processing, NLU has been a hot research field. NLU typically involves two major tasks—intent detection and slot filling. Intent detection can be abstracted as a classification problem. There are some popular classifiers based on supervised machine-learning methods like Support Vector Machine(SVM) [6], Nave Bayes
[7] and so on. Deep learning methods recently have been shown to give excellent performance in natural language processing field. Grabes et al.[8] compared feedforward,
recurrent, and gated —such as LSTM and GRU (Gated Recurrent Unit)— networks for
intent classification task. Xiao et al. [9] proposed a neural network architecture that
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connect both the convolution and recurrent layers for intent detection. Slot filling can
be abstracted as a sequence annotation problem. The popular traditional approaches
include Maximum Entropy Markov Model (MEMM) [10], Conditional Random Field
(CRF) [11]. Recently, M Aliannejadi et al.[12] proposed graph-based semi-supervised
conditional random fields for spoken language understanding using unaligned data. Although traditional machine learning methods have achieved good results, these methods
require good feature engineering and additional semantic resources. In recent years,
RNN, CNN, as well as their variations or combinations are used to solve slot filling
problems. Xu et al.[13] proposed using CNN based triangular CRF for joint intent detection and slot filling. K Yao et al. [14] proposed a regression model on top of the
LSTM unnormalized scores for slot filling. NT Vu et al. [15] proposed bi-directional
recurrent neural network with ranking loss for slot filling. G Kurata et al. [16] proposed
leveraging sentence-level information with encoder LSTM for slot filling. Zhu et al.[17]
proposed encoder-decoder with focus-mechanism for slot filling. And the combination
of LSTM and CRF achieved good results in slot filling.
Joint model for intent detection and slot filling has also been proposed last several
years. Guo et al.[18] proposed using a recursive neural network that learns hierarchical
representations of the dialogue for the joint task. Specially, an encoding-decoding joint
model is used to solve intent detection and slot filling [19]. Liu [2] proposed an attention-based encoder-decoder neural network models for intent detection and slot filling.
Zhang et al.[5] proposed using Bidirectional Gated Recurrent Unit (BGRU) for the joint
task. Weigelt S et al.[20] proposed jointly modeling intent identification and slot filling
with contextual and hierarchical information. Such joint models simplify intent detection and slot filling systems, as only one model needs to be trained and deployed. In
our work, we have made some changes on the encoder-decoder architecture and integrated CNN with BLSTM as the encoder. Combining the strengths of CNN and LSTM
in encoder, we propose a joint model for intent detection and slot filling.

3

Methodology

Our model is inspired by the works of Liu et al.[2], Zhou et al.[21], and Yao et al.[22].
The architecture of the Encode-decoder model is shown in Fig. 1. The main structure
includes: encoder (input layer, convolutional layer, window feature sequence and a bidirectional recurrent structure of LSTM) and decoder (LSTM network with attention
mechanism and aligned inputs). In terms of encoder, the structure which combines
CNN and BLSTM was proved to be more powerful than single RNN in our experiment.
In particular, we choose the BLSTM network. Compared to vanilla RNN, BLSTM has
the ability to better model long-term dependencies. As for decoder, on one channel, the
result of intent detection can be obtained through a softmax function; on the other channel, a LSTM network with attention mechanism and aligned inputs can be used for slot
filling.

4

LSTM
我
想
听
世
上
只
有
妈
妈
好
这
首
歌
。

LSTM
LSTM

h1
h2

Music
（Intent）

h3

(Slot Filling)
LSTM

h4

O

song

O

...

LSTM
Window feature
sequence
Input layer

Convolutional layer with
multiple filter widths and
feature maps

LSTM

hn-1
LSTM

LSTM

... ...

LSTM

hn
h1 c1

h2 c2

hn

cn

BLSTM layer

Encoder

Decoder

Fig. 1. The architecture of the encoder-decoder model is shown above. The word embedding is
used as input to the model. Rearrange the feature maps obtained from convolution layer then feed
them to BLSTM. The last state of the encoder is used to initialize the decoder state. An attentionbased RNN with aligned inputs is used to decode.

3.1

Encoder

The normal encoder uses LSTM as the encoding network. The improved encoder structure is shown in Fig.1. In this section, we will introduce the functions and calculation
methods for each layer of encoder.
Embedding Layer. In the first step, the dialogue text needs to be converted into a feature vector matrix as the input layer of the model. This model uses embedding technology to convert each word feature into a word embedding vector. We can get the word
embedding vectors which we need by using word embedding tools (e.g. Word2vec[23]
by google). So we get dialogue text vectors of input 𝑋 = [𝑥1 , 𝑥2 , 𝑥3 … 𝑥𝑛 ].
Convolutional Layer. The CNN model has been proved to perform well on some tasks
in the NLP field. Convolutional layer of CNN can encode significant information contained in input data with significantly fewer parameters [24]. Convolutional layer is
equivalent to a sliding window, which can get the contextual characteristics within the
local window of the current word. The parameters of each filter are shared across all
the windows. In intent detection and slot filling tasks, we find that a good or comparable
performance can be achieved with only one convolutional layer. Multiple filters with
differently initialized weights are used to improve the model’s learning capability. Generally, multiple filter sizes perform better than a single size. The number of filters 𝑘 is
determined to use experience value. The convolution operation is as follows:
𝑠𝑖 = ℎ(𝑊𝑆𝑇 ∙ 𝑥𝑖:𝑖+𝑚−1 + 𝑏𝑠 )

(1)
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where Ws ∈ ℝ𝑚×d , 𝑑 is the word embeddings’ dimension, and 𝑚 is the size of convolution window. The vector 𝑥𝑖:𝑖+𝑚−1 (𝑥𝑖 ∈ 𝑋 = [𝑥1 , 𝑥2 , 𝑥3 … 𝑥𝑛 ])represents a window
of 𝑚 words starting from the ⅈ-th word to (ⅈ + 𝑚 − 1)-th word, and the 𝑥𝑖 ∈ ℝ𝑑 , the
term 𝑏𝑠 is a bias vector. ℎ(·) denotes a nonlinear activation function. The outputs of
the feature maps is: 𝑆 = [𝑠1 , 𝑠2 , 𝑠3 … 𝑠𝑛 ], where n is the number of convolution windows, 𝑠𝑖 is the result of every convolution.
Window feature sequence. To learn sequential correlations from higher-level sequence representations, we do not feed the output of the convolutional layer directly
into the BLSTM. Instead, we add a structure, namely the window feature sequence
layer, before feeding the output into the BLSTM. We get the outputs ( 𝑆 =
[𝑠1 , 𝑠2 , 𝑠3 … 𝑠𝑛 ]) of the convolution layer and rearrange it in the relative order of the
original sentence to get the vector 𝑉 = [𝑣1 , 𝑣2 , 𝑣3 … 𝑣𝑙 ]. The window feature sequence
is connected by the elements corresponding to the ⅈ-th dimension of each feature map
after convolution.
𝑖
𝑣𝑖 = 𝑓1𝑖 ⨁𝑓2𝑖 ⨁𝑓3𝑖 ⨁ ⋯ 𝑓𝑛−1
⊕ 𝑓𝑛𝑖

(2)

Here, 𝑓𝑛𝑖 denotes the elements corresponding to the ⅈ-th dimension of the 𝑠𝑛 . The
length of feature map and the input length of convolution layer are equal to 𝑙. So a total
of 𝑙 combinatorial vectors can be obtained. Each sentence representative is transformed
into successive window features. Typically, the pooling operation would be performed
after the convolutional layer, but the discontinuous feature selection sampling will destroy the sequential information of the sentence. While, the window feature sequence
layer can effectively maintain the sequential information, which contributes to the effective extraction of various features of a given sentence.
Sentence Representation with BLSTM. RNN is able to propagate historical information via a chain-like neural network architecture. Therefore, we choose to use RNN
network after the convolution layer instead of max-pooling. In RNN, gradient vanishing
and gradient exploding are two problems which are difficult to solve when propagating
backwards in the time series[25]. Graves A et al.[26] designed LSTM in order to overcome the problem. An adaptive gating mechanism is introduced to help LSTM unit to
keep the previous state and remember the extracted features of the current input data.
A basic LSTM neural network consists of four modules: input gate ⅈ𝑡 , forget gate
𝑓𝑡 , output gate 𝑜𝑡 and memory cell 𝑐𝑡 . The following formulas show how to calculate
each gate and memory cell unit:
ⅈ𝑡 = 𝜎(𝑊𝑖 ∙ 𝑣𝑡 + 𝑈𝑖 ∙ ℎ𝑡−1 + 𝑏𝑖 )

(3)

𝑓𝑡 = 𝜎(𝑊𝑓 ∙ 𝑣𝑡 + 𝑈𝑓 ∙ ℎ𝑡−1 + 𝑏𝑓 )

(4)

𝑜𝑡 = 𝜎(𝑊𝑜 ∙ 𝑣𝑡 + 𝑈𝑜 ∙ ℎ𝑡−1 + 𝑏𝑜 )

(5)

𝑔𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑔 ∙ 𝑣𝑡 + 𝑈𝑔 ∙ ℎ𝑡−1 + 𝑏𝑔 )

(6)
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Here 𝑣𝑡 (𝑣𝑡 ∈ 𝑉 = [𝑣1 , 𝑣2 , 𝑣3 … 𝑣𝑙 ]) denotes the current input, and ℎ𝑡−1 denotes the
previous hidden state. W, 𝑈 are weight matrices for input and output, respectively, and
b is the corresponding bias.
𝑐𝑡 = ⅈ𝑡  𝑔𝑡 + 𝑓𝑡  𝑐𝑡−1

(7)

ℎ𝑡 = 𝑜𝑡  𝑡𝑎𝑛ℎ 𝑐𝑡

(8)

Where 𝑔𝑡 is the new memory content, 𝑐𝑡 is updated by partially forgetting the existing memory and adding a new memory content. Here we use tanh as our non-linear
activation function.
According to the LSTM correlation formula, we can deduce the formula of the forward and the backward LSTM. For each timestep t in the input sequence, we will get
two kinds of sentence representations ⃐ℎ𝑡 , ℎ𝑡 . We can obtain the outputs of each timestep
in the BLSTM layer:
⃐ 𝑡 , ℎ𝑡 ]
ℎ𝑡 = [ℎ

(8)

The encoder output of sequence: 𝐻 = [ℎ1 , ℎ2 , ℎ3 … ℎ𝑛 ]
3.2

Decoder

The decoder for intent detection and the decoder for slot filling share the same encoder.
During model training, we add the two loss functions together as the final cost function.
Costs from both decoders are back-propagated to update the model parameters.
Decoder for intent detection. We add an additional decoder for intent detection task
that shares the same encoder with slot filling decoder. For intent detection, we can get
the last output 𝑜0 of encoder, which encodes information of the entire source sequence.
𝑦𝑖 = 𝑊 ∙ 𝑜0 + 𝑏

(9)

where 𝑜0 is also initial decoder state, we use the softmax function to convert the
output data into probabilities 𝑝𝑖 as follow:
𝑝𝑖 =

exp(𝑦i )
∑𝑛𝑘=1 exp(𝑦k )

(10)

We get the category of max probabilities as the intention of dialogue text.
Attention-based decoder for slot filling. In our model, attention mechanism is introduced to improve the model effect. The attention mechanism can automatically select
some important information of word sequence. And attention mechanism let the taskprocessing system focus more on finding useful information related to the current output in the input data. The ultimate goal of the attention model is to help a framework,
such as encoder-decoder, to better learn the interrelationships between multiple content
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modes and to better represent this information. o𝑖 is the decoder state of the slot label
predicted in time step ⅈ. The formula is the calculation process of decoder state o𝑖 :
𝑜𝑖 = 𝑓(𝑜𝑖−1 , 𝑦𝑖−1 , ℎ𝑖 , 𝑐𝑖 )

(11)

where 𝑜𝑖−1 is the previous decoder state, and 𝑦𝑖−1 is the previous emitted label. ℎ𝑖
is the encoder hidden state to introduce aligned information. And the context vector 𝑐𝑖
is computed as a weighted sum of the encoder states 𝐻 = [ℎ1 , ℎ2 , ℎ3 … ℎ𝑛 ] as follow:
𝛼𝑖 =

exp(𝜂(ℎ𝑖 , 𝑜𝑖−1 ))
𝑛
∑𝑖=1 exp(𝜂(ℎ𝑖 , 𝑜𝑖−1 ))

(12)

and
𝜂(ℎ𝑖 , 𝑞) = 𝑊ℎ𝑖 + 𝑈𝑜𝑖−1

(13)

𝑛
𝑐𝑖 = 𝛴𝑖=1
𝛼𝑖 ℎ𝑖

(14)

where W and 𝑈 are parameters. Compared to the decoder without using attention
mechanism, the context vector 𝑐𝑖 provides more information for decoder.

4
4.1

Experiments
Data Set

In order to verify the validity of our model, we conduct dialogue intent detection and
slot filling on Airline Travel Information Systems (ATIS) dataset [27], which is widely
used in NLU research. ATIS is split into 4978 utterances for training and 893 utterances
for test. There are 127 slot labels and 22 intent types in the data set. And the ATIS data
set has an average of 15 words per sentence. F1-score is used as evaluation metric for
slot filling, and accuracy is used as evaluation metric for the task of intent detection.
4.2

Model Training
Table 1. Hyper-parameters of our model
embedding size

64

hidden units

128

learning rate

0.001

loss regularization

0.001

window size

[2,3,5]

filter number

128

dropout

0.5
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We explore the effects of different hyper parameters in the proposed method: word
embedding size, learning rate, number of filters, batch size, window size for convolution, the hidden layer size and so on.
The hyper-parameter settings of the neural networks may have a great impact on the
final results of the experiment, especially the filter sizes in CNN. We discuss the four
different sizes of 2, 3, [2,3,5] and [2,4,5] about convolution kernels, and the sizes of
[2,3,5] performs the best. The default forget gate bias is set to 1 in LSTM network [28].
Adam optimization algorithm is adopted to calculate the model. In this work, other
hyper-parameters are shown in Table 1.
4.3

Compared Methods

Standard neural network model LSTM and the CRF model are chosen for the comparative experiment. The specific method for each model is designed as follows:
- CRF: We choose the standard CRF as baseline. The input is the n-grams in a context window. The baseline was demonstrated in the ATIS dataset.
- CNN-CRF: The architecture combination of CNN and CRF, which exploits the
dependency between intents and slots. The two tasks to share the same features extracted through CNN layers.
- Deep LSTM: We select a deep LSTM network which consists of multiple layers of
LSTMs for comparison.
- RecNN: The model adapted recursive neural networks for joint training. To improve the result on slot filling, the Viterbi algorithm was introduced.
- Bi-RNN with attention: We select bidirectional recurrent neural network with attention mechanism for comparison.
- Bi-RNN with Ranking Loss: We select bidirectional recurrent neural network for
comparison. Furthermore, the model use ranking loss function to train the model.
- Encoder-laber Deep LSTM: encodes the whole input sequence into a fixed length
vector and then uses this encoded vector as the initial state of another LSTM for sequence labeling.
- Encoder + Decoder: We choose BLSTM as encoder and a unidirectional LSTM as
decoder. Attention mechanism and aligned inputs are introduced in decoder.
- Encoder + Decoder (Focus): We choose a standard bidirectional LSTM as encoder
and a unidirectional LSTM as decoder. Focus mechanism which is for better alignment
is introduced in decoder.

5

Experimental Results and Analysis

Table 2 shows the results of our joint model and previous reported models. Compared
with other standard neural networks on the same dataset, our model outperforms both
on precision of intent detection and F1-score of slot filling. We discuss the advantage
of using BLSTM-CNN as an encoder to encode the input sequence for intent detection
and slot filling in task-oriented dialog systems in the next experimental analysis.
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Table 2. Comparison with published results on ATIS.
Model

ID Precision
-

92.94%

simple RNN

-

94.11%

CNN-CRF [13]

-

94.35%

LSTM

-

94.85%

Deep LSTM[14]

-

95.08%

Bi-RNN with Ranking Loss [15]

-

95.56%

Encoder-labeler Deep LSTM [16]

-

95.66%

BLSTM-LSTM (focus) [17]

5.1

SF F1

CRF

-

95.79%

RecNN[18]

95.40%

93.22%

Bi-GRU & Max-pooling [5]

96.98%

95.61%

BRNN (Attention)[2]

96.65%

95.78%

Encoder-decoder [2]

96.57%

95.87%

Our model

97.17%

97.76%

Our model vs. Other Joint Model.

In Table 3, compared with the previous joint model, the F1-score of slot filling and
precision of intent detection are both higher in our model.
Table 3. Joint model result on AITS
Model

ID Precision

SF F1

Encoder-decoder

96.57%

95.87%

Our model (only Attention)

96.87%

95.77%

Our model (only Aligned)

96.99%

96.89%

Our model (Attention and Aligned)

97.17%

97.76%

In the slot filling task, the results of the various models we discussed show that: First,
slot filling models with no alignment information do not perform well. The reason is
that the alignment between the words and labels is explicit. But the model may not be
able to learn the alignment from the training data. Second, we can see that the F1 score
and accuracy of the attention-based models are higher than models with no attention
mechanism. By investigating the attentional mechanism learned by the model, we
found that there are differences in the distribution of attentional weights among words
in the source sequence. The reason is that attention mechanism can better consider the
importance of contextual information. Third, the attention-based encoder-decoder
model with aligned inputs has a lower F1 score than the attention-based encoder-decoder model based on CNN-BLSTM. Because combining the bidirectional LSTM with
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the convolutional structure enables the model to extract comprehensive information,
namely historical, future and local context of any position in a sequence. In the intent
detection task, the accuracy of our model also exceeds the standard Bidirectional Recurrent neural networks. The attention-based encoder-decoder model performs better
in that the model extracts the deep local semantic information of the dialogue text and
the salient features of implicit category information through convolution layer. We infer that our model could find the balance between two loss functions of two subtasks.
This is an important reason for our model to achieve better overall performance.
5.2

Separate Model vs. Joint model.

Table 4 shows the experiment results of joint model and separate model. First, we give
the definition of joint model and separate model. The joint model we propose can simultaneously get the both results of intent detection and slot filling. The separate model
is only for one task. For intent detection, the separate model is the same as the joint
model in encoder, but only intent detection task is concerned in decoder. Slot filling is
also the same. The joint model outperforms the single model on both tasks, indicating
that joint training is effective. We add the loss functions of the two tasks as the loss
function of the joint model. Through a unified loss function and a common representation, the model learns the correlation between the two tasks to promote each other.
Because of the information sharing of two channels, our joint model outperforms the
pipeline method with single channel. The joint model could make a balance between
the two loss functions of two subtasks. In addition, the model shares the model parameters to speed up the training procedure.
Table 4. The result of model Joint and separate on AITS
Model

ID Precision

Intent detection only

96.51%

Slot filling only
Join model

5.3

97.17%

SF Precision

SF F1

-

-

97.36%

97.03%

97.94%

97.76%

Filter sizes setting.

In the convolutional layer, the local feature of the dialogue text is extracted by the filter,
which is similar to the N-gram feature. Different sizes of the filter bring about different
local feature maps. So, the different size of filters in the convolutional layer has an
important effect on convolutional results. Generally, multiple filter sizes perform better
than a single size.
In table 5, we found that single convolutional layer with filter size [2,3,5] outperforms the other cases in our experiments. Comparing 3, [2,3,5] with 2, [2,4,5], we can
see that 3, [2,3,5] performs better in slot filling and intent detection, which proves that
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tri-gram features play an important role in capturing local features in our task. We speculate that BLSTM could learn better semantic sentence representation from the sequences of tri-gram features.
Table 5. The result of different size of filters in the convolution layer
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Filter size

ID Precision

SF Precision

SF F1

2

96.37%

97.20%

96.69%

3

96.48%

97.52%

96.91%

[2,4,5]

96.57%

97.60%

97.13%

[2,3,5]

97.17%

97.94%

97.76%

Conclusions and Future Work.

In this paper, we discuss the feasibility of joint model which uses a combination of
CNN and BLSTM as an encoder and uses an attention-based LSTM with aligned inputs
as decoder for intent detection and slot filling. In our model, the semantics of the context can be captured by bidirectional LSTM neural network. And the local important
latent semantic factors can be selected by convolution layer. Experiments show that our
model which combines the advantages of BLSTM and CNN can achieve better performance than baseline models.
Due to the particularity of the dialogue text, there are still many problems in the task,
such as new word feature misrecognition and other issues. Consequently, how to construct effective word embeddings and solve new words problem in dialogue utterance
will be the future work of our study.
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