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Abstract. The neural components in deep learning framework are crucial for the performance of many natural language processing tasks. So far
there is no systematic work to investigate the influence of neural components on the performance of implicit discourse relation recognition.
To address it, in this work we compare many different components and
build two implicit discourse parsers base on the sequence and structure
of sentence respectively. Experimental results show due to different linguistic features, the neural components have different effects in English
and Chinese. Besides, our models achieve state-of-the-art performance
on CoNLL-2016 English and Chinese datasets.
Keywords: Deep learning · Implicit discourse relation classification ·
Word embedding · Neural network.

1 Introduction
Discourse consists of a series of consecutive text units, such as clauses, sentences
or paragraphs. They are coherent both in form and content, conveying the complete information together. Discourse relation (e.g., Contrast, Conjunction) is
the semantic logic relationship between two text units. Discourse relation recognition benefits many downstream NLP tasks such as Sentiment Analysis [28],
Machine Translation [7] and Summarization [24], etc.
Discourse relation can be divided into explicit discourse relation and implicit discourse relation according to whether the arguments contain discourse
connectives. The recognition of explicit discourse relationship reaches 93% accuracy by using only discourse connectives [14], but the performance of implicit
discourse relationship recognition is always poor due to the lack of discourse
connectives, which is the bottleneck of the whole discourse parser. In order to
fix this problem, early researchers designed many complex features with expert
knowledge. [1] used an aggregated approach to word pair features and [18] employed Brown cluster pairs to represent discourse relation. However, this method
performs badly in generalization.
With the development of deep learning in the NLP field, researchers begin
to use this method to recognize implicit discourse relation. Their methods can
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Fig. 1. Architecture of our implicit discourse relation parser system.

be divided into two lines in general. One research line is to learn from explicit
discourse relation. [2, 19, 6] tried to expand the implicit training dataset with the
help of the discourse connectives. [26] learned discourse-specific word embedding
from massive explicit data. [16] presented their implicit network to learn from
another neural network which has access to connectives. The other line focuses on
the expression of words and the structure of the model. [23, 15] used word2vec
word embedding and Convolutional Neural Network (CNN) to determine the
senses. [8] used CNN to model argument pairs with GloVe word embedding and
multi-task learning system. [3] used BiLSTM to model the sentences and adopted
gated relevance network to calculate the relevance score between two arguments.
[25] employed new network structure TreeLSTM to model the sentences.
However, with the emergence of the new word embeddings (e.g., ELMo,
BERT) and neural network models, there is no systematic research work to
deeply analyze the influence of each component on the performance of the parser
in the deep learning method. To fill this gap we conduct comparative experiments
from three aspects which are word embedding layer, sentence modeling layer and
sentence interaction layer. Specifically, we construct two parsers which are different in sentence modeling. One parser focuses on sentence order and the other
focuses on the sentence grammar. Besides, we select four word embeddings and
two ways of sentence interactions. We conduct our experiment both in English
and Chinese corpora to verify the semantic expression of components in different
languages.

2 Implicit Discourse Relation Parser
Our comparative study is based on deep learning framework. We aim to compare the different components to find the key influencing factors. The proposed
implicit discourse parser contains four independent components as shown in Figure 1. First,the word embedding layer converts each single word into word vector.
Then the sentence modeling layer makes semantic modeling and obtains the semantic vector expression of the sentence. Later, two sentences interact with each
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other to obtain semantic information in the sentence interaction layer. Finally,
the predictions are obtained in classification layer by using softmax function.
2.1 Word Embedding Layer
In deep learning framework, the pre-trained models play an important role because the exciting performance of deep learning relies on the training in large
corpus. Word embedding is the first and crucial step in deep learning framework, which transforms the natural language into word vector as the input of
the neural network. Different pre-trained word vector models are chosen to verify
whether there is any loss or misinterpretation between the conversion.
We convert each word w in the argument into
vector x ∈ Rdw , where
( 2word
)
1
dw is the dimension of the word vector. Let xi xi be the i-th word vector in
Arg-1(Arg-2), then the two discourse arguments are represented as:
[
]
Arg-1 : x11 , x12 , · · · , x1L1
(1)
[ 2 2
]
2
Arg-2 : x1 , x2 , · · · , xL2
(2)
where Arg-1(Arg-2) has L1 (L2 )words. Generally, the word embeddings are pretrained on large corpus and supposed to contain latent semantic and syntactic
information. In recent years several supreme word embeddings have been presented by researchers. To examine their different effectiveness in word conversion,
we choose two types of pre-trained word vector models, i.e., context-free models
and contextual models.
Context-free models generate a “word embedding” representation for each
word in the vocabulary. This means the vector representation of the word in
argument has no relation with the specific context of this argument. Here we
choose word2vec [11] and GloVe [12] models which are widely used. The word2vec
uses local text which is controlled by window size from large corpus to train
the word vector. While GloVe is trained on aggregated global word-word cooccurrence statistics from the corpus.
Contextual models generate a representation of each word which is based
on the other words in the sentence. It is usually pre-trained on large corpus
by learning the language model rather than the “word embedding”. Thus for
specific sentence, contextual model generates the word representation base on
its context. Here we choose ELMo[13] and BERT[5] models.
2.2 Sentence Modeling Layer
After the word embedding layer, we get the sentence representation in a word
vector matrix. This only represents the information of source corpus rather than
the target recognition task. Therefore, in order to better fit the task, we use the
neural network models to convert the vector matrix into the semantic representation of the arguments.
Considering that both sentence order and grammar are important in understanding the semantics of sentences, so we choose two types of sentence modeling
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methods, i.e., sequential relation modeling focusing on sentence order and structural relation modeling focusing on sentence grammar.
– Sequential relation modeling: We select three representative sequential
models: Long short Term Memory (LSTM), Bi-directional Long Short Term
Memory (BiLSTM) and Convolutional Neural Network (CNN).
– Structural relation modeling: We use Tree-LSTM [22] to capture the
structure relation information, which is the combination of LSTM and tree
structured neural networks. Here we choose Child-Sum-Tree-LSTM and BinaryTree-LSTM. The former has flexible number of child nodes in its tree while
the latter has only two child nodes for each father node. The above two tree
structures come from the sentence constituency parse tree which is obtained
by the Stanford CoreNLP toolkit [9].
Given the two arguments representations as Formula (1) and (2), the LSTM
computes the state sequence [h1 , h2 , · · · , hL ] for each time step i using the following formulate:
ii = σ(Wi [xi , hi−1 ] + bi )

(3)

fi = σ(Wf [xi , hi−1 ] + bf )

(4)

oi = σ(Wo [xi , hi−1 ] + bo )

(5)

c̃i = tanh(Wc [xi , hi−1 ] + bc )

(6)

ci = ii ⊙ c̃i + fi ⊙ ci−1

(7)

hi = oi ⊙ tanh(ci )

(8)

where σ denotes the sigmoid function and ⊙ denotes element-wise multiplication.
On this basis, BiLSTM get the information from both past and future rather
than only from the past in LSTM. Therefore, at each position i of the sequence,
−
→
←
−
−
→ ←
−
we obtain two states h i and h i , where h i , h i ∈ Rdh . Then we concatenate
−
→ ←
−
them to get the intermediate state, i.e. hi = [ h i , h i ]. After that, we sum up the
sequence states [h1 , h2 , · · · , hL ] to get the representations of Arg-1 and Arg-2
respectively as follows:
RArg1 =

L1
∑

h1i

(9)

h2i

(10)

i=1

RArg2 =

L2
∑
i=1

As for CNN model, we use Arg[i : j] to represent the sub-matrix of Arg
from row i to row j. A convolution involves a filter w ∈ Rh×d (h is the height
of filter and d is the dimensionality of the word vector). The output sequence
oi of the convolution operator is obtained by repeatedly applying the filter on
sub-matrices of Arg:
oi = w · Arg[i : i + h − 1]

(11)
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where i=1...s − h + 1. A bias term b ∈ R and an activation function f are added
to each oi to compute the feature map ci for this filter:
ci = f (oi + b)

(12)

Then we use max pooling operation to get the representation of the argument:
Rarg = max{ci }

(13)

2.3 Sentence Interaction Layer
After the sentence modeling layer, the representation of two arguments is still
isolate. This is not what we expected. Since discourse relationship is annotated
by the two arguments rather than one single argument, we suppose that the interaction relationship between two arguments is helpful to the discourse relation
recognition. In order to obtain argument interaction representation, in this work
we choose the following interaction mechanisms:
– Attention: Two sentence vectors do Attention operation, then concatenated
together
– Con-self-Attention: Two vectors concatenated, then do self-Attention operation
– Self-Attention-con: Two sentence vectors do self-Attention operation respectively, then concatenated together
– Attention-mlp: Two sentence vectors do Attention interact operation, then
put into Multi-Layer Perceptron (MLP)
Through above interactions, the two separate representations, i.e., RArg1 ,
RArg2 , become joint pair representation Rpair which contains the overall information of the two arguments. Finally we feed the Rpair into a full-connected
softmax layer to make sense prediction.

3 Experiment
3.1 Dataset
The Penn Discourse Treebank (PDTB) and the Chinese Discourse Treebank
(CDTB) are the most widely used discourse datasets in English and Chinese,
respectively. To make comparison reasonable, we use the adapted version of the
data provided by CoNLL-2016 Shared Task. Table 1 show the distributions of
the two datasets.
Except Explicit and EntRel, we extract remaining relations as our experimental implicit dataset in English. Our experiments focus on multi-class classification on the four top-level classes. The statistics of these four labels are shown
in Table 2. As for Chinese, we follow previous research in [17, 23] and select
the non-Explicit (i.e., Implicit, EntRel and AltLex) samples as our dataset. The
statistics of Chinese data is shown in Table 3.
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Table 1. The distribution of discourse relation types in the English and Chinese data.

Explicit
Implicit
EntRel
AltLex
NoRel
Total

English
Chinese
amount percentage(%) amount percentage(%)
18,459
45.5
2,398
21.75
16,053
39.5
7,238
65.66
5,210
12.8
1,219
11.06
624
1.5
223
2.02
0.6
0
254
0
40,600
100
11,023
100

Table 2. Statistics of CoNLL-2016 English implicit discourse sense.
Sense Label Train Set Development Set Test Set
Comparison 2,035
96
134
Contingency 3,720
134
221
Expansion
7,378
286
434
Temporal
849
51
20
Total
13,982
567
809

Table 3. Statistics of CoNLL-2016 Chinese non-Explicit discourse sense.
Sense Label Training Development Test
Conjunction 5,196
189
228
Expansion
1,228
49
40
EntRel
1,098
50
71
Causation
260
12
11
Purpose
79
2
6
Contrast
72
3
1
Temporal
36
0
1
Conditional
32
1
1
Progression
14
0
0
Total
8,015
306
359

3.2 Experiment Setup
We choose cross-entropy loss function and Adam with a learning rate of 0.001 and
a mini-batch size of 64 to train the model. Follow previous work, we use macroF1 to evaluate the performance in English and accuracy to evaluate performance
in Chinese since the Chinese corpus is skewed distributed and the macro-F1 is
prone to be affected by the uneven samples. In CNN model, we choose filter
window size (1, 3, 5) to represent the unigram, trigram and 5-gram features
in sentence. And we set hidden size as 50 in LSTM, BiLSTM and TreeLSTM

Title Suppressed Due to Excessive Length

7

models. We applied dropout before the classification layer and set the dropout
rate as 0.5.
In context-free word embedding, we select different models for English and
Chinese. For English experiment, we train two word2vec models as follows:
– BLLIP-50d: The 50-dimensional word vector trained on BLLIP [10]
– Google-300d: The 300-dimensional word vector trained on 100 billion words
from Google News
and select four GloVe models1 which are different in vocabulary size and training
corpus as follows:
– 6B-50d/100d/300d: 6B tokens, 400K vocab, uncased, 50/100/300 dimensions
– 840B-300d: 840B tokens, 2.2M vocab, cased, 300 dimensions
For Chinese, we use the Tagged Chinese Gigaword2 to train 300-dimension
word2vec and GloVe word embeddings.
In the contextual model, we use ELMo tool provided by allennlp3 and the
three layers respectively as word representations both for English and Chinese
experiment. As for BERT, we choose four models for English:
– Base-single/pairs: 12-layer, 768-hidden, encode single sentence/sentence pairs
– Large-single/pairs: 24-layer, 1024-hidden, encode single sentence/sentence
pairs
and one pre-trained Chinese model provided by Google with 12-layer, 768hidden, 12-heads and 110M parameters.
3.3 Results
We perform a series of comparison experiments to explore the influence of each
component on the performance of the parser.
First, we design experiments to evaluate the impact of word embeddings.
Table 4 and 5 show the performance comparison of context-free models and
contextual models for English. Here we use the sequence sentence modeling
without sentence interaction layer. From the two tables, we see that contextual
word embeddings perform better than context-free embeddings in English. The
best performance of contextual models (BERT, 51.18%) is 7.64% higher than
context-free models’ best performance (GloVe, 43.54%).
The Chinese result are shown in Table 6. It is clear that the best performance
of contextual models outperform the context-free model. Due to the language
difference and the ELMo and BERT generate the “single Chinese character”
embeddings rather than the “word” embeddings, the performance gap between
contextual models and context-free models in Chinese is not as much as that in
English. From Table 4 and 5, we state that context information in embeddings
is helpful to the implicit relation recognition both in English and Chinese.
1
2
3

https://nlp.stanford.edu/projects/GloVe/
https://catalog.ldc.upenn.edu/LDC2007T03
https://github.com/allenai/allennlp
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Table 4. Comparisons of F1 scores (%) for English context-free word embedding with
sequence sentence modeling.
word2vec
BLLIP-50d Google-300d
LSTM
41.75
39.41
BiLSTM
40.12
40.29
CNN
39.29
36.44

6B-50d
31.61
33.22
37.09

GloVe
6B-100d 6B-300d 840B-300d
38.19
43.01
43.08
38.88
41.54
43.54
40.35
38.11
40.06

Table 5. Comparisons of F1 scores (%) for English contextual word embedding with
sequence sentence modeling.
ELMo
BERT
1
2
3 Base-single Base-pairs Large-single Large-pairs
LSTM 42.19 45.62 44.97
45.24
51.18
44.01
50.24
BiLSTM 41.1 48.09 45.97
45.17
49.5
46.32
47.59
CNN 42.59 46.28 46.28
44.27
46.31
45.22
44.14

Next, we evaluate the effects of sentence modeling in sequence and structure
on parser performance. Table 7 show the comparison of best sequential models
from previous experiments and structural models in English, where GloVe is
840B-300d, ELMo is the 2nd layers, and BERT is Base-single. We see that the
Binary-Tree-LSTM outperforms sequential models. This proves that after adding
the grammatical parsing information of the sentence, the tree model is able to
capture the semantics of the sentence more effectively. In Chinese, we choose
ELMo and BERT as embeddings and list the results in Table 6. It is surprising
that CNN outperforms BiLSTM and Tree-LSTM, which is conflict with the
finding in English. This may result from the different characteristic in languages.
Further, we select several representative models to examine the sentence interaction layer for experiments. For English experiment, we find that the model
is unable to fit the training data due to complexity increasing of the model after adding the interaction layer. So we adjusted the dropout values to fit the

Table 6. Comparisons of Accuracy(%) for Chinese word embeddings with sequence
sentence modeling.
word2vec GloVe
LSTM
BiLSTM
CNN
Child-Sum-Tree-LSTM
Binary-Tree-LSTM

67.68
70.19
70.75
-

1
70.47 70.31
71.30 71.03
70.20 69.92
68.24
70.19

ELMo
2
3
71.59 67.41
72.70 70.47
71.59 72.42
70.75 70.75
70.19 72.14

BERT
s ingle pairs
67.69 66.57
66.30 68.24
74.09 70.47
72.98
73.53
-
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Table 7. Comparisons of F1 scores (%) for English sequence and structural sentence
modeling.

LSTM
BiLSTM
Child-Sum-Tree-LSTM
Binary-Tree-LSTM

GloVe
43.08
43.54
41.14
44.10

ELMo
45.62
48.09
46.45
48.53

BERT
45.24
45.17
47.01
50.44

Table 8. Comparisons of F1 scores (%) for English sentence interaction layer.

without Attention
Attention
BERT(Large-single) Con-self-Attention
Self-Attention-con
Attention-mlp
without-Attention
BiLSTM BERT(Base-pairs)
Self-Attention
Attention-mlp
without Attention
Attention
ELMo(second)
Con-self-Attention
Self-Attention-con
Attention-mlp

0.5
46.32
47.24
21.22
38.28
49.32
49.5
27.82
28.42
48.09
30.97
43.35
45.65
49.72

dropout
0.4
0.3
0.2
45.54 45.69 46.76
51.93 50.75 48.98
41.10 44.05 47.33
42.52 46.93 49.12
53.05 48.38 50.54
50.37 48.54 47.57
36.84 49.58 52.33
34.90 44.49 45.14
45.45 43.48 45.12
32.55 35.80 35.87
45.31 46.68 46.57
47.65 48.87 48.28
45.63 45.58 47.25

0.1
44.80
48.28
49.77
50.06
50.97
50.64
50.95
49.64
43.46
33.54
47.89
45.26
46.92

Table 9. Comparisons of Accuracy(%) for Chinese sentence interaction layer.
word2vec
ELMo2 BERTsingle
+BiLSTM + BiLSTM + CNN
without Attention
70.19
72.70
74.09
Attention
68.80
68.52
70.75
Con-self-Attention
70.75
65.74
71.30
Self-Attention-con
72.98
70.20
70.75
Attention-mlp
70.47
64.90
69.63

training data as shown in Table 8. Note that although the BERT-pairs model
the two arguments simultaneously and get some interaction information at the
level of word representation, we still add the interaction layer to this model to
make comparison. The results show that the sentence interaction level is helpful
to identify discourse relations.
Table 9 lists the results of interaction in Chinese. We find that the interaction
layer does not help even after the dropout adjusting. This may be caused by the
language characteristics. The interaction layer aims to amplify the corresponding
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Table 10. Comparisons of our model with recent systems for English implicit dataset.

Wang and Lan (2016) [23]
Xu et al. (2018)[27]
Dai et al. (2018)[4]
Ours(BERT+BiLSTM+Attention-mlp)

P (%) R(%) F1 (%)
46.51 46.33 46.42
60.63 44.48
59.75 51.84
58.22 51.14 53.05

Table 11. Comparisons of our model with recent systems for Chinese non-Explicit
dataset, accuracy(%).

Wang and Lan (2016) [23]
Rutherford and Xue (2016) [20]
Schenk et al. (2016)[21]
Rönnqvist et al. (2017)[17]
Ours(BERT-single+CNN)

Development Set Test Set
73.53
72.42
71.57
67.41
70.59
71.87
73.01
72.54
74.09

parts of the two arguments and pay less attention on the noise of the sentences
to promote the classification performance. But most Chinese sentences are short
due to the omission of sentence elements. Thus the attention operation may not
effectively capture the interaction information between two arguments, leading
to bad performance in Chinese.
Finally, Table 10 and Table 11 show the comparison of our best model with
recent systems for multi-class classification for English and Chinese result. Our
models achieve state-of-the-art performance on English and Chinese datasets.

4 Conclusion
In this paper, we study the influence of each component on the recognition of
English and Chinese implicit discourse relation with deep learning method. The
contextual word embeddings outperform context-free embeddings for both English and Chinese. But structural sentence modeling and attention interaction
have positive impact on English data rather than on Chinese data. Due to different linguistic features, the neural components have different effects on implicit
discourse relationship recognition. Besides, our models achieve state-of-the-art
performance on English and Chinese discourse benchmark corpora.
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