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Abstract. Sliced recurrent neural network (sliced-RNN) has achieved much faster speed and better performance than stan-
dard RNN. Training RNN used to be very slow, the slice structure successfully deals with this problem. The slice structure
is a major breakthrough, however, the explanation of sliced-RNN is weak. It is difficult to understand why sliced-RNN
can get performance improvement, because intuitively the slice structure destroys the relation of several adjacent words. To
tackle this problem, we propose the multi-attention mechanism to explain why the slice structure could achieve good per-
formance, and the visualization of the attention weights shows that the slice structure could obtain more information from
the sequences. The slice structure is able to capture information on different levels. Additionally, we propose a shortcut
connection over the multi-attention mechanism, which could help transfer important information effectively. We propose
experiments on six text classification datasets, and the results show that the multi-attention mechanism and the shortcut
connection are both useful.

Keywords: sliced-RNN · multi-attention · shortcut connection.

1 Introduction

Recurrent neural network (RNN) is useful on many NLP tasks. However, it is difficult to be parallelized because of the
recurrent structure, so the speed of RNN is very slow. Sliced-RNN improves the structure by slicing the sequence into many
subsequences and transmitting the information through multiple layers [26]. Because of the improved slice structure, sliced-
RNN has much faster speed and higher accuracy on the document classification task. The model structure of sliced-RNN is
shown in Figure 1.

Although the experimental results showed that sliced-RNN has better performance than RNN, the reason why the slice
structure is good has not been explained convincingly. The speed advantage is easy to understand, but the performance im-
provement is not. Intuitively, the slice structure may destroy the connection between some adjacent words and phrases. A
possible reason is that the slice structure could obtain high-level information rather than only word-level information through
the multi-layer structure. But this explanation has not been verified. To explore this problem, we implement the multi-attention
mechanism on each layer of sliced-RNN. The attention mechanism is a widely used function to focus on the most important
part of the sequences because not all parts of a sequence are equally relevant [25]. The attention mechanism is widely used on
a large amount of NLP tasks, such as machine translation [5], image caption [24], and text classification [25,28].

In this study, we propose the multi-attention mechanism, which could obtain information on different levels. We slice the
sequence into many subsequences and use bidirectional RNN on the subsequences. And then we use the attention mechanism
on each layer to capture the most important information of the subsequences. The representation of each subsequence is used
as the input of the next layer, and this operation is repeated until we get the final representation of the sequence. In addition,
we propose a shortcut connection over the multi-attention mechanism by paying attention to the input representations and
the hidden states simultaneously on each layer. Moreover, we implement the multi-layer shortcut connection, which could be
added across many layers. This method can help the information to be transmitted more efficiently.

The multi-attention mechanism could pay attention to the important information on different levels, and the information
could be transmitted layer by layer. The model structure is similar to hierarchical attention network (HAN) [25]. Our model is
more flexible than HAN, because the documents do not have to be split into sentences. Also, the attention mechanism could
be added on more than 2 layers, so it could be much faster and could capture high-level information from the sequence.

We compare our model with attention-based bidirectional RNN (att-BRNN) [28]. Figure 2 is a review in Yelp 2013, and
the task is predicting sentiment labels from 1-5. The key words in this sentence are great and like. Att-BRNN pays too much
attention to the word great and predicts the wrong label 5. Our model captures both 2 words and predicts the correct label 4,
and it also finds the ”!” in the word ’vegus’. In this example, we could find the advantage of the multi-attention sliced-RNN.
The slice structure could capture more comprehensive information from the sequence, so it could achieve better performance.

The main contribution of this paper is using the multi-attention mechanism to explain why the slice structure achieves
better performance than the standard recurrent structure and propose a shortcut connection for multi-attention. We visualize
the multi-attention weights and compare them with att-BRNN, and the results show that the slice structure could capture more
information and transmit it through the layers. Our study clearly explains why the slice structure achieves good results.
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Fig. 1. The model structure of sliced-RNN. The recurrent units are GRU. Each subsequence is circled by a hollow rec- tangle.

2 Model Structure

In this section, we introduce the model structure of multi-attention sliced-RNN. As shown in Figure 3, our model has multiple
layers. On the 0th layer, the input is the word embeddings of the sequence, and they are sliced into many subsequences. On
each layer, a bidirectional RNN is added on the subsequences. Then the multi-attention mechanism pays attention to the hidden
states of the bidirectional RNN, the important information is obtained in this way. Especially, if the shortcut connection is used,
the multi-attention mechanism pays attention to both the bidirectional RNN and the input of this layer. Then the representation
of each subsequence is used as the next layers input. This operation is repeated until the final representation F is obtained.
Similar to sliced-RNN, the number of the layers and the length of each subsequence are hyper-parameters which need to be
chosen. The details of the model will be described in this section.

2.1 Bidirectional RNN

Gated recurrent unit (GRU) [5] is a simplified version of long short-term memory (LSTM) [7]. Both of the two recurrent
units have a gating mechanism, which could solve the vanishing gradient problem. GRU has a reset gate r and an update gate
z, these gates could decide whether to keep the previous memory or accept the current input. The equations of GRU are as
follows:

rt = σ(Wrxt + Urht−1 + br) (1)
zt = σ(Wzxt + Uzht−1 + bz) (2)
ct = tanh(Wcxt + Uc(rt · h)) (3)
ht = zt · ht−1 + (1− zt) · ct (4)

The reset gate controls the candidate hidden state, and the hidden state is controlled by the update gate. The standard
GRU only processes the previous information and ignores the future information. Bidirectional GRU could get both the future
context and the previous context. The input sequence is processed by two GRUs from both directions. The two hidden states
from both directions are concentrated.

2.2 Multi-Attention

The attention mechanism could focus on the important parts of the sequences. Because the slice structure has many layers, the
attention mechanism has different weights on different layers. In this way, the multi-attention mechanism could get multi-level

62 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 17, No. 2



Dissect Sliced-RNN in Multi-Attention View 3

Fig. 2. An example from Yelp 2013 dataset. The word ”great” and ”like” has the largest contribution. The label of this document is 4 (1-5).
The prediction of multi-attention sliced-RNN (above) is the correct label 4, and the prediction of attention-based bidirectional RNN (below)
is 5.

Fig. 3. Model structure of multi-attention sliced-RNN. The attention mechanism on multiple layers could capture more information on
different levels. Here ATT means the attention mechanism, r is the representation of each subsequence.

information from the sequence. The important information could be transmitted through the layers. The attention mechanism
on each layer is:

u = tanh(Whh+ bh) (5)

α = softmax(vTu) (6)

s = αTh (7)

where h is the hidden states produced by the bidirectional GRU. The representation s is the average of h. The attention
mechanism could learn the weights.

shortcut connection The shortcut connection pays attention to both the input representations and the hidden states. If shortcut
connection is adopted, the input of the multi-attention mechanism is the concatenation of the input representations and the

ICONIP2019 Proceedings 63

Volume 17, No. 2 Australian Journal of Intelligent Information Processing Systems



4 Yu et al.

Table 1. Dataset information.

Yelp 13 Yelp 14 Yelp 15 Yelp P Amz.F Amz.P
Documents 469k 670k 898k 598k 3.65M 4M

Average Lengths 129 116 108 153 93 91
Max Lengths 1060 1053 1092 1073 441 257

Classes Number 5 5 5 2 5 2

hidden states on each layer rather than the hidden states only. The important information could be transmitted easier through
multiple layers. This idea is similar to the shortcut connection of Resnet [6], which is a commonly used method in CNN. With
shortcut connection, this equation should be added before equation (5)-(7):

h = Concat(x, h) (8)

where x is the input of this layer, and h is the hidden states of the bidirectional RNN.

Multi-layer Shortcut Connection The shortcut connection could help transmit important information directly across adja-
cent layers. When having many layers, an intuitive idea is to transmit information directly across many layers. Multi-layer
shortcut connection could achieve this by paying attention to all the previous layers, which is similar to Densenet [8]. When
using multi-layer shortcut connection, the mechanism should pay attention to:

h = Concat(x, xp, h, hp) (9)

where xp and hp are the inputs and hidden states on previous layers.

2.3 Classification

In order to predict the labels, a softmax layer is added after the final representation F:

p = softmax(WFF + bF ) (10)

and the loss function is negative log-likelihood with document d:

L = −
∑

log pd (11)

3 Experiments

3.1 Datasets

Yelp reviews The Yelp reviews datasets are obtained from Yu and Liu [26]. They separate the dataset into Yelp 2013, Yelp
2014 and Yelp 2015. There are five sentiment labels from 1 to 5. Yelp P. is a polarity dataset with sentiment labels 1 and 2,
which are proposed by Zhang et al. [27].

Amazon reviews The Amazon reviews datasets are also obtained from Zhang et al. [27]. It also has a polarity dataset. The
document length of Amazon datasets is less than that of Yelp datasets.

3.2 Baselines

We compare our model with sliced-RNN, att-BRNN, HAN and standard RNN. We use GRU as the recurrent unit.

GRU The whole document is the input, and we take the last hidden state as the representation for classification.
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HAN HAN was proposed by Yang et al. [25]. The hierarchical structure has word-level and sentence-level, which could
be seen as a special slice structure. Intuitively, HAN could achieve better results because it has semantic features of the
documents.

Attention-based bidirectional-RNN Attention-based bidirectional RNN was proposed by Zhou et al. [28]. They use the
attention mechanism after the bidirectional RNN layer. We compare our method with this model because we want to explain
why the slice structure could achieve better accuracy than the standard recurrent structure.

3.3 Model Training

In order to compare with the baseline models, the training method is similar to Yu and Liu [26]. We pad the sequences into
a proper length. We pad zero on sequences shorter than that length, and sequences longer than that length are truncated. To
compare with HAN, we set the number of the layers to be 2. The word vocabulary is set to be 30000. We use the Glove
embeddings [17] to initialize the embeddings.

We tune the hyper parameters on the validation set. On all the datasets, the embedding dimension is 200 and the GRU
dimension is 50, so the bidirectional GRU has 100 dimensions on each layer. The final representation also has 100 dimensions.
The mini-batch size is set to be 100, and we use the Adam optimizer [10] having α = 0.001, β1 = 0.9, β2 = 0.999, andε =
10e(−8).

3.4 Experimental Results

The results are shown in Table 2. The first block is some deep CNN models with many layers. The second block contains
some RNN-based models. The third block is our models with multi-attention and shortcut connection. Here MA means multi-
attention, SC means shortcut connection, MLSC means multi-layer shortcut connection.

When we look at the second block and the third block, models with the attention mechanism achieve better performance
than the non-attention models. Take Yelp 2013 dataset as an example. SRNN+MA has 1.46% higher accuracy than SRNN. Att-
BRNN has 1.8% higher accuracy than GRU. So we could see that the attention mechanism is very useful, it could pay attention
to the most important parts of the sequences and extract the important information. When exploring the slice structure, we
could find that the slice structure achieves higher accuracy than the standard recurrent structure. The accuracy improvement
is not easy to understand. Intuitively, the connection between the words may be destroyed by the slice structure. However,
the experimental results have shown that the slice structure achieves very good performance. An explanation is that the slice
structure could get high-level information from the sequence, instead of only extracting the word-level information. In order
to validate whether this explanation is credible, we will visualize the attention weights of multi-attention without shortcut
connection and explore what the slice structure could learn. When we explore the shortcut connection and multi-layer shortcut
connection, we could find that they are very useful and greatly improve the performance. On all the datasets sliced-RNN with
one-layer or multi-layer shortcut connection outperforms the other models. The shortcut connection over the multi-attention
mechanism is helpful for the information to be transmitted through multiple layers. The shortcut connection could choose to
extract information from the hidden states or just the input representations on each layer, so the model is stronger and more
flexible. On all datasets, HAN has a little higher accuracy. than sliced-RNN. This is because of the semantic knowledge of the
documents. The slice structure is more flexible because it does not need to be split into sentences. Moreover, the hierarchical
structure of HAN sometimes does not work because the input sequence does not have any semantic features. For example,
when we use RNN on user modeling and recommender system, the input sequences are the web pages that the users clicked
before. The sequences cannot be split into sentences and words, while the slice structure is still useful in this case.

3.5 Visualization and Analysis

In order to verify whether our model could extract the important information from the input sequence, we visualize the
attention weights and compare it with att-BRNN. We use multi-attention without short connection in order to explore the slice
structure. We choose several examples from the Yelp 2013 dataset. Because the model has multiple levels on different layers,
we multiply the attention weights together to compare with att-BRNN, which only has the word-level attention. The results
are shown in Figure 4, Figure 5 and Figure 6. The larger the weight is, the darker the color is shown. The weight of each word
is printed under the words.

The visualization of multi-attention is shown on the left, and that of att-BRNN is shown on the right. In order to compare
with att-BRNN, we only show the word-level weights instead of showing the high-level weights. But when we look at this
visualization, we could find that even if one word has large weight, the words near it have very small weights. It means that
the slice structure has the ability to transmit important information through multiple layers. The weights of the multi-level
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Table 2. Accuracy on document classification datasets, in percentage.

Yelp 13 Yelp 14 Yelp 15 Yelp P Amz.F Amz.P
Char CNN(9

layer)[27]
- - - 94.46 57.41 94.15

WOrd CNN(9
layer)[27]

- - - 95.40 55.60 94.16

Char CNN(9
layer)[27]

- - - 95.72 63.00 95.59

GRU 66.12 70.63 72.89 95.96 61.36 95.22
SRNN[26] 66.80 70.76 73.30 95.99 61.41 95.18
HAN[25] 68.34 71.46 74.03 96.43 63.49 95.98

Att-BRNN[28] 67.92 71.14 73.62 96.17 62.73 95.46
SRNN+MA 68.26 71.32 73.84 96.26 63.24 95.53

SRNN+MA+SC 68.44 71.82 74.19 96.46 63.58 96.16
SRNN+MA+MLSC 68.56 71.64 74.47 96.48 63.44 96.28

attention could validate this. Take Figure 2 as an example. It is a 3-layer sliced-RNN model with multi-attention. The input
length is 512, the sequence length of Figure 2 is 27, and the length of the subsequences on each layer is 8. The words great
and like have the largest weight. The word great is the 6th word of the 5th slice on the 2nd layer, and like is the 2nd word
of the 7th slice on the 2nd layer. We extract the attention weights on the 2nd layer: [0.00, 0.00, 0.00, 0.00, 0.30, 0.18, 0.35,
0.17], which means that the 5th and the 7th slice are the most 2 important slices. And the attention weights of the 5th slice
are: [0.00, 0.00, 0.00, 0.00, 0.00, 0.97, 0.02, 0.01], and the 7th slice: [0.02, 0.83, 0.02, 0.01, 0.01, 0.01, 0.09, 0.01]. These two
large weights correspond to the words great and like. This means our model could indeed find the most important information
from the bottom layer and pass them layer by layer.

Figure 4 is an example that both multi-attention sliced-RNN and att-BRNN predict the correct label. We could find that
our model finds more information than att-BRNN. Our model not only finds the words good and fair but also captures the
words properly, little rich and still, which are also important. Our model could capture more information because it has more
layers. The receptive field on each layer is small, so it is easier to capture the information and transmit it layer by layer. In
contrast, the receptive field of att-BRNN is too large, it is hard to capture all the important information, so it just extracts some
information and sets the weights very large. We could look at the weights on Figure 4, Figure 5 and Figure 6. In our model, the
weights are smooth and distributed, the largest weight is less than 0.15. But in att-BRNN, the weights are large on very few
words, such as good and not. The largest weight is more than 0.2. Once their model captures the wrong word, it will predict
the wrong model, just like the mistake made in Figure 2.

Figure 5 shows an example with label 1. Our model predicts the correct label, and att-BRNN predicts label 2. We could
find an amazing result from the visualization: Even if the word love has the largest weight, our model still predicts the correct
label. This means our model definitely understands the word love is not to praise, but to criticize. Although att-BRNN captured
the word not and set the weight very large, it regards the word love as a positive word, so att-BRNN thinks the review is an
implied criticism and predicts the wrong label 2.

Figure 6 is an example with label 1. Att-BRNN predicts the correct label, and our model predicts label 2. However, when
we look at the review, we may have the same choice as multi-attention sliced-RNN. Our model captures the words on a good
note and great, which talk something positive, that is, the onion rings. Our model recognizes them, while Att-BRNN does
not. Amazingly, although the words on a good note and rings where great are actually in two subsequences, the slice structure
captures this information. This means the slice structure does not break the word connection and could transfer the information
through layers.

In addition to the examples already shown, there are many other examples that demonstrate the validity of the slice
structure. We will open source our data and code later.

4 Related Work

Deep learning methods have great results on text classification. Kim uses convolutional neural network (CNN) for text clas-
sification [9]. Zhang et al. build a character-level CNN for text classification [27]. RNN is the most widely used model for
sequences because it could capture the order information, so it is used on many NLP tasks, including machine translation [5],
image caption [24], and question answering [4,23]. Several works combine CNN and RNN for text classification [12,?].
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(a) pic1. (b) pic2.

Fig. 4. An example with label 4 from Yelp 2013. Both multi-attention sliced-RNN (left) and att-BRNN (right) predict the correct label.

(a) pic1. (b) pic2.

Fig. 5. An example with label 1 from Yelp 2013. Multi-attention sliced-RNN (left) predicts the correct label, att-BRNN (right) predict label
2.

(a) pic1. (b) pic2.

Fig. 6. An example with label 1 from Yelp 2013. Multi-attention sliced-RNN (left) predicts label 2, att-BRNN (right) predict the correcct
label.

The attention mechanism is used in many NLP tasks including machine translation [5], image caption [24], and text
classification [28]. Another attention mechanism called self-attention could capture the relationship of different positions in
a sequence [22], and it has been used successfully in a variety of tasks including semantic role labeling [19], abstractive
summarization [16], textual entailment [15] and learning task-independent sentence representations [14].

Several works try to improve the RNN speed by improving the recurrent units [1,2,11,13]. Some architectures are proposed
to improve the recurrent structure of RNN [3,11,18]. The slice structure proposed by Yu and Liu 2018 [26] could greatly
improve the speed of RNN. The structure is similar to wavenet [21], and the difference is that sliced-RNN uses recurrent units.
The slice structure is also related to the hierarchical structure [20,25]. The slice structure is more flexible because it does not
need to split the documents into many sentences, and it is also much faster because it could have more than 2 layers and shorter
subsequence length.

5 Conclusions

In this paper, we present the multi-attention mechanism for sliced-RNN, which explains why sliced-RNN has better perfor-
mance than RNN. Also, we propose the shortcut connection and multi-layer shortcut connection, which could transmit the
information effectively and improve the performance. By visualizing the attention weights and comparing with attention-
based bi-RNN, we could find that the slice structure could capture more information, and the information could be transmitted
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layer by layer. Experimental results on six document classification datasets have shown that sliced-RNN with multi-attention
mechanism achieves the best performance.
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