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Abstract

Attention mechanism has shown its effectiveness in state-of-the-art methods on1

various tasks in natural language processing (NLP). However, these methods are2

still using attention mechanism in plain, linear topological structures while the3

syntactic structures of natural languages are known to be hierarchical. Modeling in4

such syntactic structures like syntactic trees is proved to be superior in semantic5

representation learning. In this paper, to improve semantic representation learning6

by modelling attention mechanism in syntactic structures, we propose recursive7

tree attention, a syntactic tree structured attention mechanism which recursively8

calculates attention weights and summarizes information through constituency9

parsing trees. The information of the children is cursively summarized to their10

parent, then the summarized information from the root node is used as the semantic11

representations of the current sentence. Experimental results on the text classifi-12

cation tasks demonstrate the effectiveness of our proposed attention mechanism.13

The approaches with recursive tree attention outperform conventional attention14

mechanism and other syntactic tree based approaches.15

1 Introduction16

With the development of natural language processing (NLP), attention mechanism (Luong et al., 2015)17

is proposed and shows its effectiveness on various tasks (Yu et al., 2017; Ott et al., 2018; Ahmed18

et al., 2019a; Hao et al., 2019; Geng et al., 2020). By giving a query and a set of key-value pairs,19

the attention mechanism produces a weighted sum of the values, where the weight assigned to each20

value is computed by a compatibility function of the query with the corresponding key. Transformer21

(Vaswani et al., 2017) is proposed and uses multi-head attention to learn the correlations between22

the query and keys in different representation subspaces. Bidirectional encoder representations23

from Transformers (BERT) (Devlin et al., 2018) is further proposed to provide powerful pre-trained24

semantic representations and can be easily fine-tuned to obtain new state-of-the-art results on many25

NLP tasks such as question answering and language inference. Bahdanau et al. (2014) propose a use26

of attention mechanism with the encoder-decoder framework (Cho et al., 2014) in machine translation27

which dynamically summarizes the most related features from the encoder outputs with the current28

decoding state.29

However, these attention mechanisms directly compute the attention weights between the query and30

all available keys in plain topological structures, while the underlying construction process of natural31

languages is known to be hierarchical (Frege, 1892; Nguyen et al., 2020). Sentence-level syntactic32
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parsing uncovers these hierarchical structural relations and discloses the rules that words are used33

to form sentences (Zhang, 2020), which can be beneficial for a number of NLP tasks (Yamada and34

Knight, 2001; Chan and Roth, 2011; Zou et al., 2015). Modeling in such syntactic structures like35

syntactic trees is proved to be superior in semantic representation learning (Tai et al., 2015; Roy et al.,36

2020). By noticing the superiority of attention mechanism on summarizing information and these37

internal structural relations provided by syntactic parsing, it is of possibility to improve semantic38

representation learning with syntactic tree structured attention mechanism.39

However, researches on syntactic tree structured attention mechanism is still in its infancy. Recent40

works processing syntactic tree structured data with attention mechanism are mainly introducing41

additional modules or inputs to provide syntactic structural information, rather than directly modeling42

attention mechanism in syntactic structures. Wang et al. (2019) added an additional constituent43

attention module to encourage the attention heads to follow tree structures. Harer et al. (2019)44

inserted a parent-sibling tree convolution block to provide syntactic information. Nguyen et al. (2020)45

proposed a work to use the hierarchical accumulation of word embeddings of the non-terminal nodes46

in syntactic trees as additional inputs for Transformer.47

In this paper, to improve semantic representation learning by syntactic tree structured modeling rather48

than only providing syntactic information to attention mechanism, we propose recursive tree attention,49

a syntactic tree structured attention mechanism which recursively summarizes the information through50

constituency parsing trees. For each node in the syntactic tree, the information of its children are51

summarized to this node with attention weights calculated by an inner plain structured attention52

mechanism. Positional and constituent information are also provided by adding and concatenating53

positional and constituent embeddings when calculating attention weights. Then the summarized54

information from the root node is used as the semantic representation of the current sentence.55

The proposed recursive tree attention is compatible and can be used as an in-place replacement for the56

original attention mechanism in many occasions. Experimental results on the text classification tasks57

demonstrate the effectiveness of our proposed recursive tree attention. The approaches with recursive58

tree attention outperform the plain structured attention mechanism based and other state-of-the-art59

syntactic tree based approaches.60

2 Related works61

2.1 Attention mechanism62

Attention mechanism (Luong et al., 2015) has been widely researched in the NLP area. The attention63

mechanism calculates the attention weights between a query and a set of keys, then outputs a weighted64

sum of the values, where the weight for each value is obtained from the corresponding keys.65

Many variants of attention mechanisms are proposed with different kinds of improvements. Scaled66

dot-product attention (Vaswani et al., 2017) is proposed to scale the attention weights to avoid67

extremely small gradients. Additive attention (Bahdanau et al., 2014) is proposed to compute the68

compatibility function using a feed-forward network. Location sensitive attention (Chorowski et al.,69

2015) extends the additive attention mechanism to use cumulative attention weights as additional70

feature in the encoder-decoder framework.71

However, these attention mechanisms directly compute the attention weights between the query and72

all available keys in plain topological structures, missing the hierarchical structural information in73

natural languages.74

2.2 Hierarchical attention mechanism75

Hierarchical structured attention mechanism has outperformed plain structured attention mechanism in76

many researches (Yang et al., 2016; Li et al., 2018). Basic hierarchical structured attention is proposed77

for document classification where attention mechanisms are applied at word and sentence levels to78

attend different content when constructing document representations (Yang et al., 2016). Feature79
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pyramid attention (Li et al., 2018) is proposed for image semantic segmentation by constructing a80

pyramid-like structure to improve the learnt feature representation.81

However, these works are using primary structures rather than syntactic structures of natural languages.82

The syntactic structures of natural languages are more complicated than the hierarchical structures83

used in these works.84

2.3 Tree-LSTM and attentive Tree-LSTM85

Tree-LSTM (Tai et al., 2015) is proposed to model long-short term memory (LSTM) (Hochreiter and86

Schmidhuber, 1997) network in syntactic tree structure to improve semantic representation learning.87

Attentive Tree-LSTM (Zhou et al., 2016) is further proposed and integrates a generalized attention88

framework inside Tree-LSTM cells, using attention mechanism to generate the hidden state for the89

current step from the hidden states of its children.90

However, these works are still using the original input sequence as the inputs for the each step rather91

than the context vectors dynamically summarized by attention mechanism. Bahdanau et al. (2014)92

have proved that using dynamically summarized context vectors is superior than directly using the93

original input sequence for recurrent neural networks (RNNs) (Rumelhart et al., 1986). Moreover,94

constituency information which can further improve semantic representation learning is missing in95

these works.96

2.4 Tree attention and tree Transformer97

Many works attempt to improve attention mechanism to process syntactic tree structured data. The98

names of these works are all similar to "tree attention" or "tree Transformer". However, the attention99

mechanisms used in these works are still plain structured. To our best knowledge, no syntactic tree100

structured attention mechanism is proposed in these works.101

The tree attention proposed by Ahmed et al. (2019b) is actually a more generalized form of the102

attention mechanism in the attentive Tree-LSTM to make the model compatible with both the103

constituency and dependency parsing trees.104

The latent tree attention proposed by Bradbury and Socher (2017) produces the context vector105

between the stacks of the encoder and decoder StackLSTM (Dyer et al., 2015) networks. However,106

the attention mechanism is still plain structured, which simultaneously computes attention weights107

for all nodes in syntactic trees.108

The Tree Transformer proposed by Wang et al. (2019) inserts an additional constituent attention109

module to the encoder of Transformer to encourage the attention heads to follow tree structures.110

However, neither syntactic information nor syntactic structured modeling is used in the decoder of111

this work.112

The Tree-Transformer proposed by Harer et al. (2019) inserts a parent-sibling tree convolution block113

to the encoder and decoder of Transformer to provide the syntactic information. However, the114

provided syntactic information is limited to the parent and the left sibling. The information from the115

children and other siblings are not considered.116

The TreeTransformer proposed by Nguyen et al. (2020) calculates hierarchical accumulations as117

the representations for non-terminal nodes in the syntactic trees from the representations of all its118

successors. The representations of nodes are divided into two groups the leaf and non-terminal nodes.119

Then the representations of these two groups are used as two separate inputs to the encoder and120

decoder of Transformer. Both the self relations inside and cross relations between the two groups are121

considered when calculating attention weights. However, without structured modelling, only dividing122

nodes into two groups may not take full use of the structural information in syntactic trees.123
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3 Methodology124

In this section, we will describe the details of our proposed recursive tree attention mechanism in125

Section 3.1. Then we introduce a use of recursive tree attention for text classification in Section 3.2.126

3.1 Recursive tree attention127

3.1.1 Model description128

Similar to the original attention mechanism, the proposed recursive tree attention mechanism also129

computes the correlations between query and key vectors and then produces a weighted sum of the130

corresponding value vectors, and can be formulated as:131

C = Atree(Q,K, V ) (1)

where Atree is the proposed recursive tree attention mechanism, Q, K and V are the query, keys and132

values, and C is the weighted sum node which is also known as the context vector. Particularly, K133

can have the keys for both the leaf and non-terminal nodes or just the leaf nodes, and V should only134

have the values for the leaf nodes.135

Instead of directly calculating the attention weights between the given query and all available keys,136

the proposed tree attention recursively calculates the attention weights through the constituency137

parsing tree and summarizes the information from the leaf nodes to the root node. Then the context138

vector of the root node is used as the semantic information of the current sentence. An illustration139

of how the recursive tree attention works on a positive-negative text classification task is shown in140

Figure 1.141

Figure 1: An illustration of recursive tree attention on a positive-negative text classification task.
The information of the leaf nodes are recursively summarized to the root node. Some information
such as constituent labels of leaf nodes is omitted in this figure. The shown attention weights are
from a real evaluation.

The context vector of the root node can be calculated by the following recursive algorithm. For each142

non-terminal node, attention weights are calculated between the given query and the keys of its direct143

children by an inner plain structured attention mechanism such as dot product attention (Luong et al.,144

2015) or additive attention (Bahdanau et al., 2014). Then the weighted sum of the context vectors of145

its children is used as the context vector for this node.146

Positional and constituent information are also included by adding and concatenating positional and147

constituent embeddings to query and keys of the inner attention mechanism respectively. Positional148

encoding is added to the keys, which we will describe in Section 3.1.2. The constituent labels of each149

nodes are represented as constituent embeddings by a 64 dimensional embedding layer. Then the150

constituent embeddings of the current and children nodes are respectively concatenated to the query151

and the keys of children to represent the constituent and syntactic information.The above procedure152

can be formulated as:153

Cnode = Aplain([Q;Lnode], [Kchildren + P ;Lchildren], Cchildren) (2)
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where Aplain is the inner plain structured attention mechanism, Lnode and Lchildren are the con-154

stituent embeddings of the node and its children, Kchildren and Cchildren are the keys and context155

vectors of its children, P is the positional encoding and Cnode is the output context vector for this156

non-terminal node.157

The keys for non-terminal nodes in the parsing tree can be given in K as inputs or or recursively158

generated from the keys of leaf nodes by the following equation:159

Knode = Aplain([Q;Lnode], [Kchildren + P ;Lchildren],Kchildren) (3)

where Knode is the key for this non-terminal node. Particularly, we can directly use the attention160

weights calculated in Equation 2 to get Knode since the query and keys for the inner attention are the161

same.162

However, if the keys for non-terminal nodes are given in K, the attention weights for all nodes in the163

parsing tree can be calculated in parallel. This allow that the proposed recursive tree attention can be164

employed in more frameworks like the encoder-decoder framework without bringing significant time165

for computing.166

Finally for each leaf node in the parsing tree, its key and value are given in K and V . Its context167

vector is equal to its value. This can be shown as:168

Cleaf = Vleaf (4)

where Cleaf and Vleaf are the context vector and value of the leaf node.169

A simplified form of Equation 2 and 3 can be obtained when only the keys and values for the leaf170

nodes are given and they are same. In this case, Knode and Cnode are equal for all nodes in the171

parsing tree. And Equation 2 and 3 become:172

Cnode = Aplain([Q;Lnode], [Cchildren + P ;Lchildren], Cchildren) (5)

which can be directly used to summarize of the values of the words to sentence-level semantic173

representations for many NLP tasks like text classification.174

3.1.2 Positional encoding175

The positions of nodes in parsing trees are carefully designed. The position for each node in the176

parsing tree is obtained by the following algorithm. Firstly we temporally set the positions of all leaf177

nodes as the positions of their corresponding words. Then for each non-terminal node, we temporally178

set its position to the minimum of the positions of all its successors. Thereafter, the temporal position179

of each node is subtracted by the minimum positions of the current node and its siblings. Particularly,180

if a node has no sibling, its position will minus itself and become zero. An illustration of how the181

position for each node is calculated is depicted in Figure 2.182

(a) (b)

Figure 2: An illustration of the position calculation algorithm. (a) Temporally set the position of
each node to the minimum of all its successors. (b) The temporal position of each node is subtracted
by the minimum positions of the current node and its siblings.

The position for each node is the relative beginning in the word sequence of its parent. Therefore,183

there is a conclusion that for any leaf node in the sequence, if we add the positions through its path to184
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the root, the sum will equal to the position of the corresponding word. In other words, the positional185

information of each words is split into their corresponding nodes in parsing trees.186

We then employ the positional encoding in Transformer (Vaswani et al., 2017) to encode the calculated187

positions, which is computed as:188

P(pos,2i) = sin(pos/100002i/d) (6)

P(pos,2i+1) = cos(pos/100002i/d) (7)

where pos is the position, i is the dimension, and d is the number of the feature dimensions.189

3.1.3 Extended parsing tree for sub-words190

Recently algorithms like WordPiece (Wu et al., 2016) are more often to be used in NLP (Devlin et al.,191

2018; Tan and Bansal, 2019; Bao et al., 2020) since dividing words into a limited set of common192

sub-word units can greatly reduce errors than phrase-based systems in tasks like machine translation.193

However, extra changes are required to use sub-words with the proposed recursive tree attention since194

parsing trees can only be obtained at word level. We add extra nodes and constituent labels for the195

divided sub-words.The nodes of sub-words are connected to their corresponding words in the parsing196

tree. And new constituent labels for sub-words are created based on the constituent labels of their197

corresponding words. In other words, we add extra grammars for all possible terminal constituent198

labels and all possible lengths to the original grammar set like:199

N → NSW . . . NSW (8)
V → VSW . . . VSW (9)

ADJ → ADJSW . . . ADJSW (10)
. . .

where N , V , ADJ are terminal constituent labels and NSW , VSW , ADJSW are new constituent200

labels for their corresponding sub-words.201

3.2 Text classification with recursive tree attention202

In this section, we introduce a use of recursive tree attention for text classification, which is shown in203

Figure 3 .204

Figure 3: Architecture of the proposed use of recursive tree attention for text classification.

Word embeddings extracted by a pre-trained BERT model at sub-word level are used as inputs.205

Therefore the extra constituent labels and nodes discribed in Section 3.1.3 are applied. Then the206

word embeddings are passed through a pre-net and a CBHG module (Wang et al., 2017). The pre-net207

consists of two fully connected layers which have 128 and 256 hidden units respectively with dropout208

probability 0.5. The CBHG module consists of a bank of 1-D convolutional filters, a max pooling209

layer, four highway networks (Srivastava et al., 2015) and a 256 dimensional bidirectional GRU (Cho210

et al., 2014) network.211

Then recursive tree attention is used to summerize the representations extracted by the CBHG module212

to a sentence-level context vector. The recursive tree attention is developed with Equation 5, in which213
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the keys and values are always equal. The query is set to a fixed vector to find the most related features214

to the current classification task, like a random fixed vector a zero vector for additive attention.215

The summarized context vector from the root node is used as the semantic representation of the216

current sentence. Then it is linear projected to a vector followed by the softmax operation to predict217

the class.218

4 Experiments219

We evaluate our proposed recursive tree attention in the text classification tasks with the approach220

described in Section 3.2. Training setups and experimental results are posted in Section 4.1 and221

Section 4.2. Ablation studies are also conducted in Section 4.3.222

4.1 Training setup223

We implement the model discribed in Section 3.2 as our proposed approach for text classification.224

We use an 128 dimensional additive attention (Bahdanau et al., 2014) as the inner attention used in225

recursive tree attention. We use a zero vector as the fixed query for recursive tree attention. The input226

BERT representations are 768 dimensional vectors extracted by a pre-tained BERT model (Wolf227

et al., 2020). The parameters of the pre-net and the CBHG modules are same to those employed in228

Tacotron (Wang et al., 2017).229

We train and evaluate our model with the Stanford Sentiment Treebank (SST) (Socher et al., 2013)230

dataset on the binary classification and the fine-grained classification over five classes tasks (Tai et al.,231

2015). We also follow the data separation for training, validation and testing by Tai et al. (2015) to232

enable a fair comparison with other approaches.233

We also train and evaluate our model with the IMDB movie review dataset (Maas et al., 2011). An234

addtional plain structured additive attention layer is inserted before the fully connected layer to235

summarize the context vector of the multiple sentences in a paragraph. We use the Berkeley neural236

parser (Kitaev et al., 2019; Kitaev and Klein, 2018) to obtain the constituency parsing trees for the237

IMDB corpus.238

The model is optimized with cross entropy as the loss function. The learning rate is fixed to 10−5.239

The model is developed with PyTorch (Paszke et al., 2019). The model has 7.0M parameters and240

trained for 10,000 steps for about 10 hours on a NVIDIA 3080 GPU with a batch size of 256.241

4.2 Experimental results242

The results are shown in Table 1 with accuracy as the metric. We compare our model with an243

bidirectional LSTM network based approach (Nguyen et al., 2020), Tree-LSTM (Tai et al., 2015),244

Transformer (Vaswani et al., 2017) and the TreeTransformer by Nguyen et al. (2020). All the syntactic245

tree based models outperform sequential models, showing the effectiveness of syntactic information.246

The proposed model also outperforms all the other models, including other state-of-the-art syntactic247

tree based models on all tasks.248

4.3 Ablation studies249

4.3.1 Effectiveness of structured modeling in recursive tree attention250

We explore the effectiveness of structured modeling in recursive tree attention by replacing the251

attention mechanisms in the proposed models with plain structured attention mechanism. Evaluations252

of this variant are conducted and shown in the sixth line of Table 1. Without structured modeling,253

the performances greatly drop on both the tasks and are even worse than the sequential models on254

some tasks. This result clearly shows that the performances of the proposed approaches are mainly255

benefited by the syntactic tree structured attention mechanism rather than the inputs extracted by256

pre-trained BERT.257
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Table 1: Accuracy on SST-2 and SST-5 text classification tasks by different approaches.

Approaches SST-2 SST-5 IMDB
BLSTM 76.0 35.1 85.8
Transformer 74.8 37.6 86.5
Tree-LSTM 82.0 43.9 -
TreeTransformer (Nguyen et al., 2020) 84.3 47.4 90.1
Proposed 89.1 48.7 91.2
- without structured modeling 80.2 36.7 -
- without positional encoding 87.5 47.7 -
- without constituent embedding 87.1 46.0 -
- without extra sub-word nodes and constituent labels 85.2 36.5 -

A comparison between the attention weights learnt by the proposed recursive tree attention mechanism258

and plain structured attention mechanism is also shown in Figure 4. Comparing to the plain structured259

attention mechanism, the proposed recursive tree attention mechanism assigns much more attention260

weights to the constituents like conjunctions and punctuations. Meanwhile, the attention weights for261

the conjunctions and punctuations are below average in plain structured attention. This result shows262

that the proposed recursive tree attention are more good at capturing syntactic information to improve263

semantic representations.264

(a) Attention weights learnt by the proposed recursive tree attention mechanism.

(b) Equivalent attention weights learnt by the proposed recursive tree attention for each words.

(c) Attention weights learnt by plain structured attention mechanism.

Figure 4: The attention weights learnt by the proposed recursive tree attention mechanism and
plain structured attention mechanism for sentence "she may not be real, but the laughs are ." in the
SST-2 task. (a) The attention weights learnt by the proposed recursive tree attention mechanism.
The extra sub-word nodes are omitted since the sub-words are same to the words for this sentence.
(b) Equivalent attention weights learnt by the proposed recursive tree attention for each words. The
equivalent attention weight for each word is gained by multiplying the attention weights through its
path to the root. (b) The attention weights learnt by plain structured attention mechanism.

We also notice that the full stop at the end of the sentence has a much greater attention weight than265

the others. There are two reasons that may explain it. First reason is that the last punctuation does266
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be important to classify this sentence. The second one is that the positional encoding of the last267

full stop constituent node are also providing length information to the previous sentence constituent.268

Therefore it may not only have the attention weight of itself, but also part of the attention weight of269

the previous constituent.270

4.3.2 Effectiveness of the positional information in recursive tree attention271

We explore the effectiveness of the positional information in recursive tree attention by excluding the272

positional encoding when calculating attention weights. Evaluations of this variant are conducted273

and shown in the seventh line of Table 1. The performances slightly drop when compared with the274

proposed model. This result demonstrate the the effectiveness of the positional information.275

4.3.3 Effectiveness of the constituent information in recursive tree attention276

We explore the effectiveness of the constituent information in recursive tree attention by excluding the277

constituent embeddings when calculating attention weights. Evaluations of this variant are conducted278

and shown in the eighth line of Table 1. The performances also drop when compared with the279

proposed model and are worse than the variants which excludes the positional information. And it280

can be also concluded that constituent information is more important than positional information for281

recursive tree attention.282

4.3.4 Effectiveness of extra nodes and constituent labels for sub-words283

We explore the effectiveness of the extra nodes and constituency labels for sub-words described in284

Section 3.1.3 by directly using the average of the embeddings of sub-words as the embedding of the285

corresponding word. Evaluations of this variant are conducted and shown in the last line of Table 1.286

The performances greatly decrease after using the averages as word embeddings. This result shows287

that the sub-words are holding different parts of information of words. The proposed recursive tree288

attention can attend to the required parts by using extra nodes and constituent labels and greatly289

improve the performance.290

5 Conclusions and future directions291

5.1 Conclusions292

In this paper, we propose recursive tree attention, a syntactic tree structured attention mechanism293

which recursively calculates attention weights and summarizes information through constituency294

parsing trees. Not like the other works which use additional modules or inputs to present the syntactic295

structure information, our work uses structured modeling to change the procedure of calculating296

attention weights.297

Experimental results on the text classification tasks demonstrate the effectiveness of our proposed298

recursive tree attention. The approaches with recursive tree attention outperform conventional299

attention mechanism and several syntactic tree based approaches.300

5.2 Future directions301

The proposed recursive tree attention is compatible and can be used as an in-place replacement of the302

original attention mechanism in many occasions. We are planning to apply recursive tree attention to303

more tasks such as machine translation and even to non NLP tasks such as speech synthesis.304

We notice that recursive tree attention may also suit the uses of attention mechanism in Transformer.305

However, there are still some issues which need to be solved such as the computational complexity.306

We will try to solve these issues and apply recursive tree attention in Transformer.307

For now recursive tree attention needs to explicitly input the syntactic trees. Integrating syntactic308

parsing into recursive tree attention is also a future directions of our researches.309
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