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Abstract

This paper describes our submission to
the CoNLL-2016 shared task (Xue et al.,
2016) on end-to-end Chinese shallow dis-
course parsing. We decompose the end-
to-end process into four steps. Firstly,
we define a syntactically heuristic algo-
rithm to identify elementary discourse
units (EDUs) and further to recognize
valid EDU pairs. Secondly, we recognize
explicit discourse connectives. Thirdly,
we link each explicit connective to valid
EDU pairs to obtain explicit discourse re-
lations. For those valid EDU pairs not
linked to any explicit connective, they
become non-explicit discourse relations.!
Finally, we assign each discourse rela-
tion, either explicit or non-explicit with
a discourse sense. Our system is evalu-
ated on the closed track of the CoNLL-
2016 shared task and achieves 35.54% and
23.46% in F1-measure on the official test
set and blind test set, respectively.

1 Introduction

Shallow discourse parsing maps a piece of text
into a set of discourse relations, each of which
is composed of a discourse connective, two argu-
ments, and the sense of the discourse connective.
Shallow discourse parsing has been drawing more
and more attention in recent years due to its im-
portance in deep NLP applications, such as coher-
ence modeling (Barzilay and Lapata, 2005; Lin et
al., 2011), event extraction (Li et al., 2012), and
statistical machine translation (Tu et al., 2014).
During the past few years, English shallow dis-
course parsing has dominated the research on dis-

'In this paper, non-explicit discourse relations include dis-
course relations with type implicit, entrel, and altlex.
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course parsing, thanks to the availability of Penn
Discourse TreeBank (PDTB) (Prasad et al., 2008).
As a representative, Lin et al. (2014) decompose
the end-to-end PDTB-styled discourse parser into
a few components, including a connective classi-
fier, an argument labeler, an explicit sense classi-
fier, and a non-explicit sense classifier. The popu-
larity of English shallow discourse parsing is fur-
ther fueled by the CoNLL-2015 shared task (Xue
et al., 2015). Meanwhile research on Chinese dis-
course parsing is also carried out smoothly (Zhou
and Xue, 2012; Li et al., 2014). As a comple-
ment to PDTB annotated on English TreeBank,
Chinese Discourse TreeBank (CDTB) (Zhou and
Xue, 2012) annotates shallow discourse relations
on Chinese TreeBank by using similar framework
of PDTB. However, the two languages have many
different properties. For example, the non-explicit
discourse relations in the training data of CoNLL-
2016 shared task dataset account for 54.75% in
English while they account for 78.27% in Chinese,
indicating the difficulties in Chinese shallow dis-
course parsing. Second, the two arguments of a
Chinese non-explicit discourse relation are more
apt to locate in the same sentence. This is veri-
fied by the statistics that 56.57% of Chinese non-
explicit discourse relations are within one sen-
tence while only 2.55% of English non-explicit
discourse relations are. In particular, the English
non-explicit discourse relations are usually com-
posed of two consecutive sentences.

This paper describes our submission to the
CoNLL-2016 shared task on end-to-end Chinese
shallow discourse parsing. A participant system
needs to (1) identify all explicit discourse connec-
tives in the text (e.g., continuous connectives “&
7 “%) — 7 ®”, discontinuous one “®@ T ...
#£7), (2) identify the spans of text that func-
tion as the two arguments (i.e., Argl and Arg2)
for each discourse connective, and (3) predict the
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sense of the discourse relations (e.g., Cause, Con-
dition, Contrast). Due to the differences between
Chinese and English, our approach to Chinese dis-
course parsing is very different from the one to
English discourse parsing (Lin et al., 2014; Kong
et al., 2014). For example, Lin et al. (2014) con-
struct non-explicit discourse relations in English
by looking for two consecutive sentences that are
not connected to any explicit connective. How-
ever, it fails to discover non-explicit discourse re-
lations in which the two arguments locate in one
sentence. Alternatively, we decompose the whole
process of our Chinese discourse parser into four
steps. Firstly, we define a syntactically heuristic
algorithm to identify elementary discourse units
(EDUs) and further to recognize valid EDU pairs.
Secondly, we recognize explicit discourse connec-
tives. Thirdly, we link each explicit connective to
valid EDU pairs to obtain explicit discourse re-
lations. For those valid EDU pairs not linked to
any explicit connective, they become non-explicit
discourse relations. Finally, we assign each dis-
course relation, either explicit or non-explicit with
a discourse sense. Our system is evaluated on the
closed track of the CoNLL-2016 shared task and
achieves 35.54% and 23.46% in Fl-measure on
the official test set and blind test set, respectively.

The rest of this paper is organized as follows.
Section 2 describes the details of our Chinese shal-
low discourse parser. In Section 3, we present our
experimental results, followed by the conclusion
in Section 4.

2 System Architecture

In this section, we first present an overview of
our system. Then we describe the details of our
components in the end-to-end Chinese discourse
parser.

2.1 System Overview

A typical text consists of sentences glued together
in a systematic way to form a coherent discourse.
In PDTB and CDTB, shallow discourse parsing
focuses on shallow discourse relations either lex-
ically grounded in explicit discourse connectives
or associated with sentential adjacency. Different
from deep discourse parsing, shallow discourse
parsing transforms a piece of text into a set of
discourse relations between two adjacent or non-
adjacent discourse units, instead of connecting the
relations hierarchically to one another to form a
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connected structure in the form of tree or graph.

Specifically, given a piece of text, the end-to-
end shallow discourse parser returns a set of dis-
course relations in the form of a discourse con-
nective (explicit or non-explicit) taking two argu-
ments with a discourse sense. Figure 1 shows the
framework of our end-to-end system which con-
sists of six components (i.e., from A to F). Next,
we decompose the process into four steps:

e Firstly, we define a heuristic algorithm to
identify elementary discourse units (EDUs)
and further to recognize valid EDU pairs.
This step includes components of A and B in
Figure 1.

Secondly, we recognize explicit discourse
connectives. This is task of component C in
Figure 1.

Thirdly, we link each explicit connective to
valid EDU pairs to obtain explicit discourse
relations. For those valid EDU pairs not
linked to any explicit connective, they be-
come non-explicit discourse relations. This
is what component D does in Figure 1.

Finally, we assign each discourse relation, ei-
ther explicit or non-explicit with a discourse
sense. Specifically, we use component E to
assign sense for explicit discourse relations
while using component F for non-explicit
discourse relations.

2.2 EDU Identification

An EDU is a sequence of words that represents
an event, which is usually driven by a VP (a.k.a.
verbal phrase) node in parse tree. Given a parse
tree, we collect all basic VPs in it. In contrast to
a nested VP that is composed of either multiple
sub-VPs or a VP and its modifiers, a basic VP is a
VP that headed by a non-VP. For example, in Fig-
ure 2, VPy and VP, are basic VPs since VP5 is
headed by VE/X while VPy is headed by VV/i&
i, In contrast, VP; and VP53 are not basic VPs
since they are both headed by basic VPs, i.e., VP;
and VP,4. For each basic VP, we use the heuris-
tic Algorithm 1 to find its left and right boundary
nodes, and thus obtain the word sequence repre-
senting the corresponding EDU.

It is easy to find the right boundary node since
we always set it as the basic VP node (linel). The
algorithm initializes the left boundary node as the
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Figure 1: Framework of our end-to-end Chinese shallow discourse parser.

Algorithm 1: Obtaining EDU from a basic VP

Input: parse tree tree
basic VP node vp
Output: its corresponding EDU

1. define right boundary node rbn = vp;

2. define left boundary node lbn = vp;

3. set current node c as vp;

4. while (true)

5. setnode p as ¢’s parent;

6. if (p == null) break;

7. get p’s production rule, say as I, .. l1 ¢ 71 ..Th,
indicating c has m left hand siblings and
n right siblings;

8. forifrom1ltom

9. if [; is dominated by ¢

10. lbn =1;;

11.  else

12. break;

13. if i <= m break;

14. c=p;

15. return word sequence from position leftmost of [bn
to rightmost of 7bn;

basic VP node as well (line2). Then it repeat-
edly update the left boundary node until it finds a
proper one. To this end, the algorithm starts by set-
ting the current node c as the basic VP node (/ine
3), and first examine the left siblings from right to
left and see if they are dominated by c. It then it-
eratively moves one level up to the parent of c till
it reaches the root of the tree (line 14). At each
level, it repeatedly updates the left boundary node
(line 10). Specifically, if there exists a left sibling
which is not dominated by c, the algorithm stops
(line 12 & 13). Once both the left and right bound-
ary nodes are found. It uses the leftmost position
of the left boundary node and the rightmost posi-
tion of the right boundary node to obtain the word
sequence of the corresponding EDU. For VP, and
VP, in Figure 2, the algorithm will return “% =
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Figure 2: An example of recognizing EDUs.

R K& K#FHH”and “FrF &F ¥ WA B F
— 487 as their EDUs, respectively.

Note that for two EDUs that occur in one sen-
tence, they satisfy that either their spans have no
overlapping at all (e.g., e; and eg in Figure 2), or
one EDU fully covers the other.

2.3 Valid EDU Pair Recognition

A valid EDU pair is two EDUs that have discourse
relation, either explicit or non-explicit. We first
collect all potential EDU pairs as candidate, and
then identify valid ones. In an EDU pair, we pre-
sume the first EDU locates on the left side of the
second one.

Intra-EDU pair candidates. Intra-EDU pair
candidates indicate that the two focusing EDUs lo-
cate in one sentence. If a sentence contains two or
more EDUs, we enumerate all possible EDU pairs
as candidates as long as the pair have no overlap-
ping in position.

Inter-EDU pair candidates. The two EDUs
in an inter-EDU pair candidate locate in two sen-
tences. To make the task simple, we only consider



such candidates if the two EDUs are in two con-
secutive sentences. For two consecutive sentences
s1 and so, we obtain their corresponding set (es;
and es9) of EDUs that are at top level (i.e., an EDU
is at top level if it is not covered by another EDU).
Then we enumerate all possible EDU pairs by se-
lecting one from es; and the other from ess.

To identify an EDU pair candidate is valid or
not, we use tree kernel approach to explore im-
plicitly structured features by directly computing
the similarity between two subtrees. Given a parse
tree and an EDU pair candidate in it,> we first
find the lowest ancestor node that fully covers the
two EDUs. Then we collect left and right siblings
along the path from the lowest ancestor node to
each basic VP node. For example, the dash circle
in Figure 2 represents the subtree for the EDU pair
of e and es.

2.4 Explicit Discourse Connective
Recognition

Connectives in Chinese are more obscure than
those in English. For example, we extract 358
types of connective from the training data. Among
them, 193 (or 54%) types of connective occur once
while 197 (or 55%) types consist of two or more
words. Being worse, 32 (or 9%) types of con-
nective span two or more sentences. Our system
keeps 326 (or 91%) types of connective that locate
in one sentence as our connective set. That is to
say, we ignore those connectives that locate in two
or more sentences. The distribution of connective
in training data suggests that the connective set is
an open set. Given a piece of text, we first use
the connective set to collect connective candidates.
Then we identify each connective candidate is a
functional connective or not. Different from pre-
vious work that defines diverse linguistic features,
varying from lexical knowledge to syntactic parse
trees, we use tree kernel approach to explore im-
plicitly structured features by directly computing
the similarity between two subtrees. Given a parse
tree and a connective candidate in it, we first find
the lowest IP node that fully covers the connec-
tive. Then we collect left and right siblings along
the path from the /P node to each connective word.
For instance, sentence “#1 F # 4 # & B Kk
IR B E —F . @] 8RR KF
F#Re, B @G ESF T RE 6 and

2for inter-EDU pair candidate, we manually create a top

node and take the parse trees of the two consecutive sentences
as children of top node.
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Figure 3: An example of subtree extraction for
connective recognition.

a discontinuous connective candidate “® F ...
3£ in it, we extract a subtree as shown in Figure 3.

2.5 Linking connective with EDU pairs

So far we have recognized both valid EDU pairs
and explicit discourse connectives. Our next step
is to link a connective to EDU pairs. Note that it
is possible for a connective to link to one or more
EDU pairs. To decide if a connective and an EDU
pair is relevant, we continue to use tree kernel ap-
proach. The subtrees extraction algorithm is very
similar to that of valid EDU pair recognition. The
algorithm first finds the lowest ancestor node that
covers the two EDUs and the connective. Then it
collects left and right siblings along the path from
the lowest ancestor node to connective word, and
to the two basic VP nodes, respectively. For in-
stance, in sentence “W T # A E ¥ £ AN
FRRF B —F . @l 8 K KT
MRS, A @GN ESF £ RE &
”, we are about to predict if the connection exist
between a discontinuous connective “@ T ...
#t” and an EDU pair colored in blue and green in
Figure 4. To this end, the subtree extraction al-
gorithm first looks for their lowest ancestor, i.e.,
the top /P in Figure 4, then the algorithm collect
all siblings along the paths from the lowest ances-
tor node (i.e., IP) to each connective word (i.e., P
and ADVP), and to the two basic VPs (i.e., the two
colored VPs). Figure 4 also shows the extracted
subtree.

Explicit discourse relations. If one or more
valid EDU pairs are predicted to have connec-
tion to a connective,? we construct an explicit dis-

*If none EDU pair is predicted to have connection to a
connective, we take the pair with the highest probability as
the one linking to the connective.
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Figure 4: An example of subtree extraction for
linking a connective with an EDU pair.

course relation by merging all the first EDUs of the
EDU pairs as Argl of the connective, and merging
all the second EDUs of the EDU pairs as Arg2.

Non-explicit discourse relations. If a valid
EDU pair is not linked to any explicit connective,
we construct a non-explicit discourse relation by
regarding the first EDU as Argl and the second as
Arg2.

2.6 Sense Classification for Explicit discourse
relations

Once an explicit discourse relation is identified,
the sense classifier is used to predict its sense. Due
to the fact the connective themselves are strong
hint for their sense, we follow (Lin et al., 2014) to
define a few lexical features to train a sense classi-
fier: the connective words themselves, their part-
of-speeches and the previous words of each con-
nective word.

2.7 Sense Classification for Non-explicit
discourse relations

Due to the absence of discourse connectives, sense
prediction for non-explicit discourse relations is
more difficult. Following the work of Kong et al.
(2015) on non-explicit sense classification in En-
glish, we define the following groups of features:

o First three words of Argl/Arg2: This set of
features include the first three words in Argl
and Arg2.

e Production rules: According to Lin et al.
(2009), the syntactic structure of one argu-
ment may constrain the relation type and the
syntactic structure of the other argument. We
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extract production rules from training data
with frequency larger than 5 times. Then for
each production rule pr, we add features pr-
in-argl=1, pr-in-arg2=1, pr-in-arglarg2=1
if it occurs in Argl, Arg2, and both, respec-
tively.

Dependency rules: Similar to the above
features of production rules, three sets of
features dr-in-argl=1, dr-in-arg2=1, dr-in-
arglarg2=1 if it occurs in Argl, Arg2, and
both, respectively.

Word pairs: We include all word pairs by
choosing one word from Argl and the other
from Arg2.

Brown cluster pairs: Similar to the above
features of word pairs, we include all Brown
cluster pairs by choosing one word cluster
from Argl and the other from Arg?2.

Besides the above features, the research on
English sense classification for non-explicit dis-
course relations has explored other useful features
about polarity, modality, and verb class (Karin et
al., 2006). Unfortunately, the shared task on Chi-
nese does not provide relevant resources to obtain
those features.

3 Experimentation

We evaluate our system on the Chinese dataset
provided in the close track of the CoNLL-2016
Shared Task. All our kernel-based classifiers
(e.g., valid EDU pair recognizer, connective rec-
ognizer, and linker connecting connectives with
EDU pairs) and flat feature-based classifiers (e.g.,
sense classifiers for either explicit discourse re-
lations or non-explicit discourse relations) are
trained using SVMLight toolkit for tree kernel.*

Table 1 shows our official performance on the
development, test and blind test sets, respectively.
From the table, we observe:

o For argument recognition, the performance of
Arg2 is much better than that of Argl on the
development and test datasets. This is similar
to the performance trend in English. How-
ever, the performance gap between Argl and
Arg?2 recognition is very small on the blind
test dataset.

*“http://disi.unitn.it/moschitti/TK 1.0-software/Tree-
Kernel.htm



Dev Test Blind test
P R FI P R F1 P R F1
Connective 79.22  83.56 81.33 | 75.00 80.00 77.42 | 63.07 65.99 64.50
Argl 4545 4795 46.67 | 40.62 4333 4194 | 36.57 3826 37.40
Explicit Arg2 58.44 61.64 60.00 | 53.12 56.67 54.84 | 39.05 40.85 39.93
Argl & Arg2 | 3377 35.62 34.67 | 28.12 30.00 29.03 | 22.79 23.84 2331
Overall 35.62 3377 34.67 | 27.78 26.04 2688 | 21.15 20.14 20.63
Connective - - - - - - - - -
Argl 65.69 5432 5947 | 6295 55.67 59.08 | 5420 5236 53.27
Non-Explicit | Arg2 72.55 60.00 6568 | 69.92 61.82 65.62 | 5570 53.81 54.74
Argl & Arg2 | 5556 4595 50.30 | 52.37 4631 49.15 | 42.67 4122 4193
Overall 3297 39.87 36.09 | 3424 38.72 3634 | 2335 24.17 23.75
Connective 79.22  83.56 81.33 | 75.00 80.00 77.42 | 63.07 6599 64.50
Argl 65.01 5621 6029 | 61.10 56.05 58.46 | 54.64 5390 5427
All Arg2 71.54 61.85 6634 | 68.79 63.10 6583 | 53.64 5291 53.27
Argl & Arg2 | 52.74 45.60 4891 | 48.79 4476 46.69 | 38.55 38.03 38.29
Overall 33.77 35.62 34.67 | 3407 37.14 3554 | 2331 23.61 23.46

Table 1: Official results (%) of our parser on development, test and blind test sets. Group Explicit
indicates the performance with respect to explicit discourse relations; group Non-Explicit indicates the
performance with respect to non-explicit discourse relations, and group all indicates the performance
with respect to all discourse relations, including both explicit and non-explicit ones.

With respect to explicit discourse relations,
the sense classification works almost per-
fectly on development data (e.g., almost no
performance gap from Argl & Arg2 to Over-
all. Tt also works well on the test and blind
test sets.

With respect to non-explicit discourse rela-
tions, the sense classification works much
worse than that of explicit sense classifi-
cation. The performance gap caused by
non-explicit sense classification reaches 14%
18%.

The overall performance on all discourse re-
lations is dominated by non-explicit ones.
This is because larger size of non-explicit dis-
course relations. For example, the size of
non-explicit discourse relations is 3.6 times
of that of explicit ones in training data.

Our system achieves similar results on devel-
opment set and test set. However, the perfor-
mance on blind test decreases sharply, prob-
ably due to the differences in genres and the
bad quality of parse trees.

4 Conclusion

In this paper we have described our submission to
the CoNLL-2016 shared task on end-to-end Chi-
nese shallow discourse parsing. Our system is
evaluated on the closed track of the CoNLL-2016
shared task and achieves 35.54% and 23.46% in
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F1-measure on the official test set and blind test
set, respectively.
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