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Abstract. User intent is a goal that underlies a user-generated utterance which plays a critical role in many
intelligent applications, such as dialog systems and search engines. Most previous works focus on intent under-
standing as a supervised classification problem with the hypothesis that the utterances are labeled in predefined
intents. However, how to detect emerging user intents where no labeled utterances are currently tentative. In
this paper, we present a zero-shot learning approach for intent understanding, it can predict intents at runtime
that did not exist at training time. Our approach extracts semantic features from exiting intents and emerg-
ing intents respectively by the Convolutional Neural Networks, and then discriminates emerging intents via
knowledge transfer from existing intents. Experiments on a real world dataset show that our model performs
better to discriminate emerging intents when no labeled utterances are available.
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1 Introduction

With the continuous development of computer technology, human beings have made great progress in the field of
artificial intelligence (AI). AI has moved from concept to reality. More and more mature applications of AI appear in
our lives, such as speech recognition, image search, advertising recommendation, risk prediction, driverless cars and
so on. Faced with such diverse forms and functions of intelligent applications, people expect that human-computer
interaction can become more direct, simple and arbitrary, but there are many challenges to achieve this vision. From
the perspective of human, the spontaneity of interaction intention, the randomness of input data, the difference of
user behavior are the main factors affecting the results of human-computer interaction [1]. In order to realize the
natural interaction between human and machine, the key is the accurate understanding of the potential intention
of the user utterances [2]. Intention understanding technology emerges as the times require.

Intention is the purpose or goal expressed in user-generated utterance, such as answering questions or processing
billing payments. By identifying the intention expressed in the user-generated utterance, the service can select the
correct conversation flow to respond to it. Recent developments in user intent understanding are proposed to classify
user intents given their diversely expressed utterances in the natural language [3][4]. These methods usually are
based on existing predefined intents which are human-labeled. However, these methods cannot handle new intents.
At present, the standard solution is to re-train the model by adding new intents, it requires human effort for
annotation and it is labor-intensive and time-consuming [5][6]. How to solve the problem of intents expansion in
intent understanding is still a great challenge in the field of natural language understanding.

Zero-shot learning may be is an imperative ability to develop intent understanding with the emerging intents. It
has been used in many domains. El-Kahky et al. showed knowledge graphs and click logs can be used for extending
the domain coverage [7][8]. Kim et al. proposed to generate the mapping between semantic slots across domains
by learning semantic label embeddings [9]. Both studies implied that semantics is the key to domain expansion
and they thought the semantic information from different domains can be shared [10]. Kumar et al. has proposed a
neural joint attribute learning framework for performing new domains classification along with the existing domains.
However, to address this problem of unobserved output classes at test time, they just project attributes into an
embedding space, for inputs as well as classes[11]. This architecture has achieved some achievements in datasets, it
is difficult to find mapping functions in full sample space by using existing training samples. To solve this problem,
we propose a new architecture based on Convolutional Neural Networks (CNN). CNN is considered to be the most
classical algorithm for extracting text semantic representation [12], so we will use CNN to realize the semantic
representation and spatial mapping of input and existing intents. while, we obtains the emerging intents semantic
space by calculating the similarity between emerging intents and existing intents.

In this paper, we proposed a zero-shot learning architecture of user Intent understanding by Convolutional
Neural Networks. We will evaluate the model with other multiple network architectures on datasets and report
their impacts to the model accuracy. It is worthwhile to highlight our contributions as follows:
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– First, We performed CNN to do both semantic feature extraction and semantic space mapping, which is the
attempt in the field of intention understanding.

– Second, we propose the idea of using similarity between intents to obtain emerging intents space. This method
solves the problem of model transfer in the field of intention understanding, improves the utilization of models
and reduces the cost of manpower and time.

– Third, empirical improvements over previous works: We evaluate our model on datasets, and stability of the
algorithm is proved from multiple point of view.

2 Architecture

We consider intent understanding as a problem of classification. Given a labeled training dataset, the intent un-
derstanding task tries to associate an utterance with its correct intent category in the existing intent classes, and
zero-shot intent understanding task aims to detect an utterance emerging which belongs to one of emerging intents.
There are two hypotheses in this paper. The first assumption is that the number, name and attributes of emerging
intent categories are known. The second hypothesis is that whether the input belongs to the existing intention or
an emerging intention is known.

We propose the architecture has two parts including existing intent classification and emerging intent classifica-
tion. Existing intent classification is trained to discriminate among utterances with existing labels,we call it existing
intents detection. Emerging intent classification has the zero-shot learning ability, it could utilize existing intent
classification for discriminating unseen labels, we call it emerging intents detection. As shown in Fig.1, the cores of
the proposed architecture are three types of networks: semantic network, detection network and zero-shot detection
network. Semantic network extracts semantic features from the utterance, detection network discovers the semantic
map space to classes for intent detection, and zero-shot detection network is to discriminate emerging intents.

Fig. 1. Zero-shot learning architecture of user intent understanding

The working principle of intent understanding under this framework is as follows: first, input utterance is
extracted through semantic network, which is divided into two parts: input sentence to vector conversion and
general high-dimensional vector to low-dimensional semantic vector conversion. The output of the network is the
representation of input semantic features, and is the input of the following two networks. When the input is a
sentence of a given category, the output of the semantic network goes directly into the detection network. The
network mainly completes the mapping between features and categories. The supervised method is used to train
the model. The output of the network is the category vector. The dimension of the vector is the same as the number
of categories. The vector value is the probability value of the mapping between inputs and categories. When a
sentence is input into an unknown category, the output of the semantic network will enter a zero-shot detection
network. The zero-shot detection network will map the unknown category and the known category, then map the
input and the known category through the trained detection network, and finally transform the output category
vector between the categories. Based on this mechanism, the classification of unknown intent can be achieved, and
then the problem of sample annotation and model re-training can be also solved.

3 Approach

We propose an architectures including three networks. Semantic network is trained to extracting semantic features
based on CNN for utterances and intents respectively. Detection network is to discriminate among utterances
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with existing intents. Zero-shot detection network that gives zero-shot learning ability to detection network for
discriminating unseen labels.

3.1 Semantic Network

Semantic network used CNN to extract semantic features of the input. It converts the text into a matrix similar to
image. The input layer is a word matrix in which rows are represented by words corresponding to each word and
vertically all words in a sentence. This can be said to be the word embedding in a sentence. Word embedding is a
representation method with word semantics, which is different from one-hot encoding. Word embedding results in
dense vectors. The word vectors used is word2vec.

we uses convolution method to extract text features, which is also the core of the network structure. As shown
in [12]. The sizes of convolution kernels are 3,4,5 respectively, which means that they are computed as a window on
3,4,5 words. Let k be the k-dimensional word vector corresponding to the i-th word in the sentence. A sentence of
length n is represented as

x1:n = x1 ⊕ x2 ⊕ ......⊕ xn (1)

where ⊕ is the concatenation operator. A convolution operation involves a filter w, which is applied to a window of
h words to produce a new feature. A feature ci is generated from a window of words xi : xi+h by

ci = f(w · xi : xi+h + b) (2)

This filter is applied to each possible window of words in the sentence to produce a feature map:

c = [c1, c2..., cn−h+1] (3)

3.2 Detection Network

The output of semantic network are low-level vector representations of different semantic features extracted from
the utterances. Here, the full connective layer receives the vectors. If n is the number of categories, the number
of neurons in the full connective layer is n. Through the full connection layer, the classifier can be trained. The
probability of each category can be obtained by using the softmax method.

3.3 Zero-shot Detection Network

To detect emerging intents, zero-shot detection network is designed to transfer knowledge from existing intents to
emerging intents. We think the intent labels also contain knowledge. The zero-shot detection utilizes vote vectors
from existing intents, it builds intent representations for emerging intents via a similarity metric between existing
intents and emerging intents. The similarity between an emerging intent zl belongs to Z and an existing intent yk
belongs to K is computed as:

qlk =
exp {−d (ezl , eyk

)}∑k=1
K exp {−d (ezl , eyk

)}
(4)

where

d (ezl , eyk
) = (ezl , eyk

)
T

−1∑
(ezl , eyk

) (5)

ezl ,eyk
are intent embeddings computed by the sum of word embeddings of the intent label.

∑
models the

correlations among intent embedding dimensions. We used two methods for the prediction vectors for emerging
intents. One method called model-1 is to calculate the similarity between the two categories including existing
intents and emerging intents first, then it does the category mapping and re-label the training samples. In this
mapping process, the samples of known classes are re-labeled to the unknown classes based on the similarity which
is the original samples are changed the category into the new mapped sample category. We then use the new labeled
samples to train the model for prediction, as shown in Fig.2. Another method which is called model-2 does not
need re-labeled samples and re-training models, it depends on the intention model which has been trained. A new
utterance is input into the existing intents prediction model, the vote vector of the existing intents are obtained.
Then the vote vector of the existing intents model are transformed into the vote vector of the emerging intents by
using the similarity between the existing intents and the emerging intents. The calculation formula is as follows:
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ul/r =
k=1∑
K

qlkgk,r (6)

Where gk,r is the output of detection network whose utterance is the emerging intents utterance. ul/r is the
emerging intents votes for unseen intents. The comparison of the votes between the unseen intents is calculated and
the max is the output.

Fig. 2. Zero-shot learning architecture of user intent understanding in modle-1.Orange vector and blue vector represent
existing intents and emerging intents respectively. Black vectors represent sample data.Pink representation training network
based on CNN.

Fig. 3. Zero-shot Detection Network in modle-2.Orange vector and blue vector represent existing intents and emerging intents
respectively. Black vectors represent sample data.Pink representation training network based on CNN.

4 Experiments

To demonstrate the effectiveness of our proposed models, we apply zero-shot detection network to detect emerging
intents in a zero-shot intent detection task. We used two methods to do the same tasks and compared the results
with other baseline methods. The working process is shown in Fig.4.
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Fig. 4. The working process of our experiment. Vector size comes from training data. The final blue vector represents the
vote vector of the intents.

4.1 Experimental Data

In this paper, we use the real-word dataset SNIPS Natural Language Understanding benchmark (SNIPS-NLU).
SNIPS-NLU is an English natural language corpus collected in a crowd sourced fashion to benchmark the perfor-
mance of voice assistants. The SNIPS-NLU dataset has five seen classes including and two unseen classes. Both of
the methods have the total number of training samples is 98888 and testing is 3914. As shown in table 1.

Table 1. The dataset of SNIPS-NLU.

Dataset

Vocab Size 10,896
Number of Samples 13,802
Average Sentence Length 9.05
Number of Existing Intents 5
Number of Emerging Intents 2
Number of Training Data 9888
Number of Testing Data 3914

4.2 Baselines

We compare our proposed model with five zero shot learning strategies:
1) DeViSE [13] use a linear compatibility function between utterances and intents, it trained to using both

labeled data as well as semantic information gleaned from unannotated text.
2) CMT [14] introduces non-linearity in the compatibility function. It has been used in image classification and

the model can operate on a mixture of seen and unseen classes, which is achieved by seeing the distributions of
words in texts as a semantic space for understanding what objects look like.

3) CDSSM [15] uses CNN to extract character-level sentence features, where the utterance encoder shares the
weights with the labeled coder. For the utterance, the estimated semantic score between the utterance and the
intent is defined as CosSim. Then predicted intent for each given utterance is decided according to the estimated
semantic scores.

4)Zero-shot DNN [16] further improves the performance of CDSSM by using separate encoders for utterances
and intent.

5)Zero-shot user intent detection via Capsule Neural Networks [17] showed and interpreted the effectiveness of
our model on two real-world datasets. In our two models, we use the same method of the similarity between existing
intents and emerging intents.
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4.3 Results

We report results on zero-shot intention detection task in Table 2. We will report accuracy and average precision,
recall and Fscore as performance measures. The accuracy of a method is the rate of the correctly predicted intents
in total of inputs. The precision, recall and F-score are calculated for each intent class and then averaged to get the
overall numbers. The precision and recall of an intent class is calculates as the rate of the correctly predicted intents
in the total of predicted intents. Recall is the rate of correctly predicted intents in total of human annotated. The
F-score for the given intent class can then be calculated as harmonic mean of precision and recall.

As can be seen from the table 2, both of our models performs much better than other baselines that adopt different
zero-shot learning strategies. Compared with other methods, the accuracy of our models is ten percent higher than
the best performance of these models, which is a great improvement for classification of intent understanding. Based
on this result, we think the model may be displaying a transfer learning effect from annotated data to grammar
generated and zero-shot classes.

Compare the results of our two models, the model-1 has the better effect than model-2. For the reason of this
phenomenon, we believe that the model-1 is retrained by the transformation of sample labels, which eliminates the
transformation process of intermediate results and makes the model more direct in predicting emerging intents.
However, there is a problem that the simple sample label transformation not only takes time to retrain the model,
but also makes the parameters of the model static, and the model becomes a fixed model which is not flexible. In
model-2, although the accuracy rate is slightly lower, the vote results of five existing intents are recalculated for each
utterance. Combining the two vectors of vote results and category similarity, the final classification of utterance is
predicted with high flexibility. Therefore, how to combine the advantages of the two models will be our future work.

Table 2. Query intent detection results with different methods

Method Accuracy Precision Recall F-score

DeViSE 0.7447 0.7448 0.7447 0.7446
CMT 0.7396 0.8266 0.7396 0.7206

CDSSM 0.7588 0.7625 0.7588 0.7580
Zero-shot DNN 0.7165 0.7330 0.7165 0.7116

INTENTCAPSNET-ZSL 0.7752 0.7762 0.7752 0.7750
Our model-1 0.8954 0.8962 0.8954 0.8951
Our model-2 0.8562 0.8573 0.8962 0.8958

5 Conclusion And Future Work

In this paper, we presents an architecture for the problem of intention understanding under zero samples. Based
on the model, we do a series of intention understanding tasks as the experiments to verify the practicability of
the model. The results showed that the model could improve the accuracy and ef?ciency of the machines intent
understanding.

In this architecture, we performed CNN to do both semantic feature extraction and semantic space mapping,
which is the attempt in the field of intention understanding. Meanwhile, we propose the idea of using similarity
between intents to obtain emerging intents space. From the results, this method can solve the problem of mod-
el transfer in the field of intent understanding, and the practical significance of this result is improving models
utilization and reduces the cost of manpower and time.

CNN is a classical text feature extraction method, but how to focus on the semantic information on the extracted
feature vectors, so as to improve the accuracy of classification results is the future work. And how to combine the
advantages of the two models will be our another future work
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