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Abstract 

Multi-label text classification is a complex problem. Labels may have relationship or hierarchical 

structure. We investigate several neural networks for multi-label classification. Our baseline is 

fastText 1, a very simple model with n-gram features. We also explore two models with complex 

structure: one is TextCNN 2 with multiple filters based on CNN. Another is Hierarchical Attention 

Network 3 with hierarchical structure and attention mechanism. 

These models are used for multi-label classification on Zhihu question & topic dataset. we show 

that deep models are more superior than shallow models. 

F1 score for our baseline model is 0.72. The later two models is around 0.80, increase around 

11% compare to shallow model. by using ensemble of latter two models 11, performance 

improves another 1.0%.  

 

1. Introduction 

Given one or several sentences, Multi-label text classification is a complex natural language 

processing task which requires to predict multiple labels. Our baseline method is fastText. It is a 

scalable fast and shallow model which can train large scale of data in a few minutes, even with 

lots of classes for the label. Another feature of this method is that it uses n-gram features as its 

input. It can capture rich features and the performance of this model is good in some cases. 

However, this method is too simple, and not complex enough or effective for modeling complex 

problem. To solve this problem, we explore convolutional neural network based model (TextCNN), 

and model with hierarchical structure and attention mechanism (Hierarchical Attention Network). 

As you can see from the following parts, both these models exceed the baseline model in a large 

margin. 

 

2. Problem statement 

One simple way to do multi-label task is to cast this problem into single label text classification. 

Suppose we have n labels for one sentence. then we can construct n pairs of sentence-label as 

training data; during inference, we can just retrieve top-k labels for a sentence. However, this 

method has an obvious problem: the training data is inconsistent or have logical contradiction. 

This is something like you tell the model this picture is cat in the first second, and one second 

later you tell that it is also a dog. This can lead to misdirection for the model. 

The second way to do multi-label text classification is to assume that each label is independent.  

Given a sentence, the model is asked to maximize the prediction of each label independently. In 



other words, for each label the possibility will be 0.0 to 1.0. And the loss is based on cross 

entropy between true distribution of labels and prediction distribution of labels. In this paper we 

use the later method. we now start to describe our models. 

 

3. Models 

3.1 Baseline model: fastText 

Given a sentence, this model will embed each token into distributed representation space. This 

word representations are then averaged into a text representation. Then it will be fed to a linear  

Classifier. it uses softmax function to compute the probability distribution over the predefined 

classes. then cross entropy is used to compute loss.  

This bag of word representation does not consider word order. In order to ease this problem, 

n-gram features are used to capture partial information about the local word order. When the 

number of classes is large, it is computational expensive to do softmax. It uses hierarchical 

softmax to speed up training process. Below is the diagram of fastText: 

 
 

3.2 TextCNN 

Convolutional Neural Network is main building box to solve problems of computer vision. Now 

we will show how CNN can be used for text classification. Originally sentence length may be vary. 

We use pad mechanism to get fixed length for each sentence (length is n). For each token in the 

sentence, we use word embedding to get vectors with fixed dimension (dimension is d). So our 

input is a 2-dimension matrix:(n, d). This is similar with image for CNN. 

Firstly, we will do convolutional operation to our input. It is an element-wise multiply between 

filter and part of input n (check below picture 15). We use k number of filters, size of each filter is 

a 2-dimension matrix (f, d). Now the output will be multiple (number is k) lists, each list has a 

length of n-f+1, each element of list is a scalar. Notice that the second dimension will be always 

the dimension of word embedding. We use different size of filters to get rich features from text 

inputs. And this is similar to n-gram features.  



 

Secondly, we will do max pooling for the output of convolutional operation. For multiple 

(number is k) lists, we will get k number of scalars.  

Thirdly, we will concatenate scalars to form final features. It is a fixed-size vector. And it is 

independent from the size of filters we use. 

Finally, we will use linear layer to project these features to per-defined labels.  

Below is the diagram: 

 

Figure 2:  
Illustration of a CNN architecture for sentence classification. Input sentence length is 7, dimension is 5. Input is 

7*5. We use 3 filters, each region size is: 2,3,4. Two filters for each region size. Totally we have 6 filters. It does 

convolutional between input and filters, result in 6 lists. Length of each list is between 4 to 6. After max-pooling, 

we get 6 scalar numbers. We concatenate it to get a fixed-size (6) vector. we use a linear layer to get possibility 

distribution of labels. 

 



 

3.3 Hierarchical Attention Network(HAN) 

In NLP, text classification can be used for single sentence and multiple sentences. In case of 

multiple sentence task, we call it document classification. Words are form into sentence, and 

sentence are form into document. In this circumstance, there may exists an intrinsic structure. 

How can we model these kinds of task? And how we determine which part are more important 

than another? Below is detail of the model.  

It has two unique features:  

1) it has a hierarchical structure that reflect the hierarchical structure of documents;  

2) it has two levels of attention mechanisms used at the word and sentence-level. it enables the 

model to capture important information in different levels. 

It has four parts: word encoder; word attention; sentence encoder; sentence attention. 

 

Word Encoder: 

For each word in a sentence, it is embedded into word vector in distribution vector space. It uses 

a bidirectional GRU to encode the sentence. By concatenate vector from two directions, it forms 

a representation of the sentence, and also capture contextual information. 

 

Word Attention: 

Some words are more important than another for the sentence. Attention mechanism is used. 

Instead of use additive attention 7, or multi-head attention 8, it uses multiplicative attention. It 

first uses one-layer MLP to get uit hidden representation of the sentence, then measure the 

importance of the word as the similarity of uit with a word level context vector uw and get a 

normalized importance through a softmax function. Word level vector is a learnable vector. 

 

Sentence Encoder:  

for sentence vectors, bidirectional GRU is used to encode it. Similarly, to word encoder. 

 

Sentence Attention:  



sentence level vector is used to measure importance among sentences. Similarly, to word 

attention. 

 

 

 
Figure3: Hierarchical Attention Network. Word level encoder and attention to capture 

contextual and important information in the word level; Sentence level encoder and attention to 

capture contextual and important information among sentences. 

 

4. Experiments 

4.1 Data Set 

We use Zhihu question & topic challenge data set for our experiments 16. Zhihu is a Chinese 

question-and-answer website where questions are created, answered, edited and organized by 

the community of its users. We are asked to train a model to automatically label the unlabeled 

data, given question and topic data set. It has 3 million questions, for each question it has one or 



more labels. The total labels are 1999. For each label it is corresponding to a topic in Zhihu. There 

is a parent-children relationship between topics. 

For the privacy concern, original questions and topics are not provided. Instead, all the name and 

description of questions and topics are replaced as symbol, something like ‘w111’,’c222’. It also 

provides word embedding at word and character level trained from large corpus. 

217k questions without label is also provided as test set, for each question, we are asked to 

predict Top 5 topics. 

No. of Labels 1 2 3 5 >5 

Percentage 33% 26% 21% 13% 7% 

Figure 4: distribution of number of labels of the data set. For example, single label account for 

33%, two labels account for 26%, three labels account for 21%. 

 

Length <50 50--100 100-200 200-300 300-400 400-500 500-600 >=600 

Percentage 0.1% 3.0% 15.6% 15.1% 15.2% 31.2% 16.7% 3.1% 

Figure 5: distribution of length of input of the data set. For each input data, we have four parts. 

You can see that the length of our input data is very long. 

 

4.2 Metrics 

Performance is reported by positioned F1 score 

Precision: the predicted label belongs to one of true labels is considered to be right. However, the 

final accuracy is calculated by the weighted sum according to position.  

Suppose we set all pos=1, then position is equally important. 

 

Recall: total right prediction of top 5 divide by total prediction of top 5. 

 

Finally, score is reported by: 

 

As you can see that position of your prediction will also impact the performance. And the 

preceding label’s impact to the performance is large than later label’s impact. 

 

4.3 Experiments 

For all the experiments, we construct input from four parts: word level of question name, 

character level of question name, word level of question description, character level of question 

description. We limit total length for the input, and limit length for each part. 

we use pre-trained word embedding from word2vec in the training data set. Embedding size of 

word vector and hidden size of internal layer is set to 100. We split training data into training 

set(95%) and validation set(5%), performance is reported from test set with 217k data. Adam is 



used as optimizer. L2 regularization with lambda 0.01 to 0.001 is used. Learning rate is decay 

exponentially or decay by half whenever validation loss is not decrease. 

Model FastText(1) TextCNN(2) HAN(3) Ensemble (2,3) 

Performance 0.36 0.405 0.398 0.410 

Figure 5: Performance of our models. This score is not multiplied by 2 yet. 

 

4.3.1 baseline fastText 

We’ve tested two version of fastText. One is from facebook. Another is implemented by our own. 

Performance is very close to each other, the former one is 0.362, the later one is 0.363. But the 

former one is faster. It only time around 10 minutes to train 3 million data, ours cost more than 

one hour. Instead of use hierarchical softmax loss, we use noise-contrastive estimation(NCE) loss.  

We also test how n-gram features impact the performance. But in this data set, it has no 

remarkable change of performances between different n-gram features (uni-gram features, 

uni-gram to bi-gram, uni-gram to tri-gram). 

 

4.3.2 TextCNN 

This model has many filters with different filter size. And for a specific filter size, it uses many 

filters to capture features with different aspects.  

From the paper A Sensitivity Analysis of Convolutional Neural Networks3 for Sentence 

Classification, we can see that many aspects can change the performance, but the main aspects 

to impact performance is the combination of filter size, and number of filters for each size. One 

key idea is to find single best filter size, then combine filter sizes near this single filter. For 

example, if single best filter size is 7, then optimal choice may be filter size (6,7,8). The number of 

filters for each size usually below 512.  

After run many experiments, we got our best combination of filter size is: [3,4,5,7,10,15,20,25], 

filter size is 512. Usually single best filter is not small, could be something like 7 or less. Because 

of total sentence length for our input is 100, which is a somehow a little long, so single best filter 

is longer in our case. Use big filter number, it is very computational expensive. If you want to do 

quick experiment, you can just try small filter number, like 128. 

Compare to other model, TextCNN is not prone to over-fit, since it is based one single layer, and 

with features from horizontal direction, it is highly paralleled. 

 

4.3.3 Hierarchical Attention Network(HAN) 

We construct hierarchical structure of input data to suit for this model. As usually, we will feed a 

sentence to the model, but internally we will split the sentence into 4 parts to form multiple 

sentences. Now we can use word level and sentence level encoder and attention to model the 

input. 

One special thing for this model is that it can learn very fast. In other words, it can converge very 

quickly. Sometimes, by training only a very few epoch, it can reach very low validation loss and 

good accuracy. We suspect that attention mechanism helps to detect the prominent features, 

and hierarchical structure enhance this strength. 

However, this model is very prone to over-fit. Sometimes when loss not decrease and suddenly it 

become big and big. We had to use big batch size, and carefully choose init value for the 

parameters. 



 

4.3.4 Ensemble 

We also try ensemble our models to form a better model. In our experiment, we use a simple 

style of ensemble: weight sum of logits of different models is used to get final logits. The weight 

is based on single model’s performance. then it is used to make a prediction. By ensemble our 

two models, the performance improves around 1.0%. 

 

 

 

 

 

5. Discussion and Conclusion 

We explored several models to do test classification, and explained the main parts of these 

models. We also talked our finds though the experiments. Compare to very simple model like 

fastText, more complex model like TextCNN and HAN can capture more complex structure of task, 

and thus performance is much better.  

One flaw of these models is that all these models did not use label information to make a 

prediction, and relationship of labels is undiscovered. 

Currently character based CNN, and very deep CNN get state of art performance in many NLP 

tasks, like text classification. Due to lack of character information of this data set, we did not able 

to try these models yet. 

All of codes is available in our repository 14. It has many more models available for text 

classification, you can check it if you like. 
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