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Abstract—In this work, we propose to jointly perform 

Chinese word segmentation (CWS) and punctuation 

prediction (PU) in a unified framework using deep recurrent 

neural network (DRNN). We further perform a comparati ve  

study among the joint frameworks, the isolated prediction 
and the pipeline methods that link the two tasks sequentially, 

on a social media corpus.  Our experimental results show 

that joint models improve performance of CWS and affect 

PU marginally.  We also study the effects of CWS and PU on 

Chinese-to-English machine translation (MT) quality by 
evaluating on a parallel social media corpus.  It is shown that 

joint models are superior to the isolated prediction and the 

pipeline approaches. 
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I.  INTRODUCTION  

Analyzing social media data obtained from short 
message service (SMS), Twitter, etc., is gaining popularity 

and growing rapidly in recent years. It is known that 

Chinese word segmentation (CWS) is a necessary first step 
for Chinese natural language processing (NLP) 

applications such as part-of-speech (POS) tagging, parsing, 
machine translation (MT), information extraction, etc. In  

addition to not having word delimiter, the language used in 
social media data often does not have formal structures. 

One challenge is the lack of appropriate punctuation marks 

or the use of space character to indicate punctuation. The 
absence of punctuation marks may create hindrance in the 

subsequent NLP tasks.  Therefore, punctuation prediction 
(PU) is another important preprocessing task for the 

downstream NLP applications.   
These two tasks can be achieved in a variety of ways. 

For example, we can pipeline them, i.e., one task followed 

by another. As most current models for punctuation 
prediction are performed on word level, a common way to 

pipeline them is CWS followed by PU. However, such a 
pipeline approach often suffers from error propagation. In 

this work, we propose to combine the two tasks in a 
unified framework and formulate the joint task as a joint 

sequence labeling problem. In order to avoid the use of 
handcrafted features for a specific task and exploit long 

range context informat ion in a sequence, we investigate the 

use of deep recurrent neural network (DRNN). Two joint 
models, namely, cross-product DRNN, and mixed-tag 

DRNN are proposed.  In addition, we study the mutual 
influence between the two tasks and compare the joint 

models with a variety of isolated prediction and pipeline 
methods using DRNN and further evaluate their effects on 

MT quality.  As far as we know, this is the first time that 

CWS and PU are performed in a joint framework using 
DRNN. 

The organization for the rest of the paper is outlined as 

follows. Section II introduces previous work on the two 

tasks. In Section III, we describe the proposed joint 
approaches in detail.  In Section IV, experimental results 

using the proposed methods are discussed and compared 
with isolated prediction and pipeline methods. Finally, we 

conclude our work in Section V.   
 

II. PREVIOUS WORK 

Traditionally, CWS and PU have been treated as two  

isolated tasks. Most existing CWS approaches are 
formulated as a stand-alone task and have been mostly 

applied in the general domain of formal text such as 

newswire or technical articles. Amongst them, 
discriminative character-based approach is a dominant 

one which treats CWS as a sequence labeling problem. In  
this approach, each Chinese character in  a sentence is 

assigned a label which indicates if the character is at the 
beginning of, inside, or at the end of a word [1]. Under 

this scheme, various approaches have been proposed. 

Character tagging-based CWS approach using conditional 
random field (CRF) model or its variants have been 

proposed [2]-[4]. A structured perceptron method has 
been applied in [5]. Neural network-based approach for 

CWS has been proposed in [6]. In recent years, there have 
been several joint models that performed  CWS and other 

tasks in a unified framework. A jo int CWS and POS 
tagging model using a single perceptron approach has 

been proposed in [7]. A joint CWS, POS tagging and 

parsing approach has been developed where each 
individual model was separately trained and incorporated 

together in a unified framework during decoding [8]. A  
joint informal Chinese word recognition and segmentation 

framework using factorial CRF has been presented in [9].  
On the other hand, PU has been largely performed in  

the area of speech and language processing. Fin ite state 

and multi-layer perceptron method has been used for 
punctuation annotation [10]. Maximum entropy model has 

been utilized for PU [11].  CRF has been used for 
sentence boundary detection in speech [12]. As sentence 

boundaries are identified by sentence-end punctuation 
symbols, punctuation prediction can achieve the purpose 

of sentence boundary detection. Dynamic conditional 

random fields have been proposed for joint sentence 
boundary type and punctuation prediction [13].  

Transition-based parsing has been used for PU [14]. 
Punctuation and disfluency prediction has been combined 

together using CRF-based approach [15].  
Existing works treat CWS or PU as two  isolated tasks. 

To the best of our knowledge, there are no works that 
combine both tasks.  In this paper, we treat CWS and PU 

as a joint prediction task and propose two joint 



frameworks using DRNN, namely: cross -product DRNN 

and mixed-tag DRNN. We further perform a comparative 
study with a variety of isolated methods and pipeline 

methods using DRNN and investigate their effect on MT.   

III. METHODOLOGY 

A. Joint Tagging Scheme 

For CWS, a popular character-based tagging approach 
is the 4-tag scheme where each character is assigned one 

of 4 possible tags: {B, M, E, S}. Here “B” stands for the 

beginning character of a word, “M” represents for the 
character that occurs in the middle of a word, “E” means 

the ending character of a word, and “S” signifies the 
single character that is a word by itself. We can also apply 

a 2-tag scheme: {WB, NWB}, which indicates if a  
character locates at the word boundary (WB) or non-word  

boundary (NWB). For PU, we consider the following 

tags: {Comma, Period, QMark, None}. Since the 
proportion of exclamation marks is too small in the social 

media corpus, we convert all exclamation marks to 
periods.  

We treat joint CWS and PU as a sequence labeling 
problem that aims to assign each Chinese character a tag 

which can represent both its segmentation and punctuation 

informat ion. One of the joint labeling schemes we propose 
to use is the cross-product scheme where each character is 

assigned a label that includes its boundary and 
punctuation tags together. This is similar to the work in  

[16]. They perform joint CWS and POS tagging by 
assigning each character both a boundary tag and a POS 

tag.  For example, the tag “B-None” is used to mark a 
character that occurs at the beginning of a word, and its 

punctuation mark is “None”. As punctuation marks appear 

only at word boundary, the non-word  boundary tags “B” 
and “M” can only be associated with the punctuation mark 

“None”.  Therefore, we have 10 cross product tags in 
total. They are {B-None, M-None, E-None, E-Comma, E-

Period, E-QMark, S-None, S-Comma, S- Period, S-
QMark} as listed in  Table I.  We can  also break down the 

“WB” tag in {WB, NWB} into {Comma, Period, QMark, 

None}. As a result, we have 5 mixed  tags {NWB, Comma, 
Period, QMark, None} as shown in Table I.  

T ABLE I.  THE SET OF TAGS FOR CWS, PU AND JOINT CWS-PU 

 

B. Deep Recurrent Neural Network  

Recurrent neural network (RNN) has the ability of 
capturing long range contextual information due to their 

recurrent connections. This makes it a powerful tool to 

model data which  exh ibit sequential correlat ions. Given 

an input sequence
1( , , )Tx x x , let 

tx  be the input 

vector at time step t,  the hidden state vector 
th  and 

output vector 
ty  in RNN is computed as follows from t = 

1 to T: 

                  
1( )t xh t hh t h   h W x W h b           (1) 

                             
t hy t y y W h b                        (2) 

where 
xhW  is the weight matrix connecting inputs to 

hidden units, 
hhW  is the weight matrix connecting hidden 

units from t ime t-1 to time t, 
hyW is the weight matrix 

contenting hidden units to the output units, 
hb and 

yb are 

the hidden bias vector and output bias vector, 

respectively, and   is the hidden layer act ivation function.   

A shortcoming that is associated with standard RNNs 
is the gradient vanishing problem which limits the range 

of contextual informat ion that can be accessed in practice. 
To address this problem, long short-term memory  

(LSTM) architecture has been designed [17]. The LSTM 

architecture contains units called memory blocks which  
are recurrently connected.  Each block has one or more 

memory cells which are self-connected and three 
associated multiplicative gates, namely, input gate, output 

gate, and forget gate. For an input sequence 

1( , , )Tx x x , the LSTM cell can be described by the 

following operations over time 1, ,t T : 

             
1 1( )t xi t hi t ci t i     i W x W h W c b         (3) 

      
1 1( )t xf t hf t cf t f     f W x W h W c b      (4) 

        
1 1tanh( )t t t t xc t hc t c    c f c i W x W h b    (5) 

          
1( )t xo t ho t co t o    o W x W h W c b               (6) 

         tanh( )t t th o c         (7) 

where   is the sigmoid function,  
ti , 

tf , 
tc , 

to and 

th are the vectors of input gate, forget gate, cell 

activation, output gate, and hidden layer at time t, 

respectively, the W terms represent weight matrices 

connecting different gates, the b terms denote bias 
vectors.   

 Regular RNN can only make use of previous input 
informat ion. Therefore, bid irectional RNN (BRNN) has 

been proposed to overcome this limitation by 
incorporating all available contextual informat ion in both 

past and future inputs  [18].  In contrast to RNN, BRNN 

contains two spate hidden layers: f

th  which is presented 

with sequential data forward in  time from t = 1 to T, and 
b

th  processing data in backward direction from t = T to 1. 

The whole network output 
ty  is the combined outputs 

from both forward layer and backward  layer at time step t.  

The forward pass and backward pass are given as follows:  

  1( )f f f f

f f

t t txh h h h
   h W x W h b            (8) 

    1( )b b b b

b b

t t txh h h h
x   h W W h b            (9) 

            f b

f b

t t t yh y h y
  y W h W h b                (10)                        

Recent years have seen performance enhancement by  
using deep architectures which can help  to learn  more 

general high-level features [19]-[20]. To build up a deep 

RNN (DRNN), one way  is stacking mult iple recurrent 

Task Tag 

CWS 
4-tag B,  M,  E, S 

2-tag NWB, WB 

PU Comma, Period, QMark, None 

Proposed joint 
CWS-PU 

(mixed-tag) 

NWB, Comma, 

Period, QMark, None 

Proposed joint 

CWS-PU  
(cross-product) 

B-None, M-None, E-None,  
E-Comma, E-Period,  

E-QMark, S-None, S-Comma, 
S-Period, S-QMark 



T ABLE II.  PERFORMANCE COMPARISON AMONG JOINT CROSS-PRODUCT DRNN, JOINT MIXED-TAG DRNN, ISOLATED CWS BASELINES, ISOLATED PU 

BASELINES, AND PIPELINE METHODS. ALL MODELS ARE T RAINED USING DRNN 

 

hidden layers on top of each other. For a DRNN 
containing L hidden layers, the hidden vector 

sequence l

th and network output 
ty  are iteratively  

computed from l = 1 to L and t = 1 to T:  

 1   

 1

1( )l l l l

l l l l

t t t hh h h h
h 



  h W W h b          (11)             

 

 
L

L

t t yh y
 y W h b    (12) 

In this paper, we utilize a DRNN containing three 
recurrent hidden layers where the first two are 

unidirectional RNN layers, while the third one is a 
bidirectional LSTM (BLSTM) layer. For each Chinese 

character in an input sentence, we ext ract its features by 

using a continuous bag of words  (CBOW) model [21] 
which predicts the current character based on the context. 

This results in a low-dimensional continuous vector 
representation for each character.  In doing so, it avoids 

the use of any handcrafted features for a specific task. 

Given an input sentence
1( , , )Tx x x , let 

tx  be the 

input vector of a character, the model chooses the 
predicted class c according to the following decision rule:   

     arg max ( | , context)
t t

c

c p c
x

x            (13) 

 

IV. EXPERIMENTAL RESULTS 

A. Performance Evaluation on CWS and PU  

In our experiments, we evaluate the performance of 
CWS and PU using joint cross -product DRNN, jo int 

mixed-tag DRNN, isolated CWS baseline, isolated PU 
baseline, and pipeline methods. The models are trained 

using our in-house Chinese social media corpus. It 

consists of 907,108 sentences for train ing and 50,399 
sentences each for tuning and testing. Since the proportion 

of exclamat ion marks is too small, we convert all 
exclamat ion marks to periods. For CWS and PU that are 

predicted on character level, we use the same feature for 
each character. It is obtained through learning on the same 

training set, which is a 50-d imenional feature vector. For 
the pipeline method of CWS followed by PU, PU can be 

performed either on character level or word  level.  For PU 

performed on word level, we use the features that are 
learned for each word, which  are also 50 d imensional. For 

all the models, we use the same network architecture as 
described in Sect ion III-B with a cross entropy objective 

function.  The first two recurrent hidden layers apply tanh  

 

active function. The third hidden layer is a BLSTM layer 
with each memory block containing one memory cell.  

For jo int cross-product DRNN model, the three hidden 
layers consist of 100, 128, and 100 neurons, respectively.  

The applied networks in all the other models contain 64, 
100, 64 neurons in the three hidden layers, respectively.  

The number o f output neurons depends on the tags that 

are associated with each input character.  
To evaluate the performance of CWS and PU, we use 

the measures of precision, recall, and F1-score. The 
performance of both CWS and PU is presented in Table 

II. For isolated CWS prediction, we perform experiments 
using both the 4-tag  and 2-tag schemes as described in  

Section III-A. As punctuations can only occur at  the word  

boundary, for the pipeline method of CWS fo llowed by 
PU on character level, we do not need to predict 

punctuations for every  character in the sentence. Instead, 
we perform PU on the word boundary character, i.e ., 

character with a predicted label “ E” or “S” using the 4-tag 
CWS scheme or character with a predicted label of “ WB” 

using the 2-tag CWS scheme in  the first step.  For the 

pipeline method of PU fo llowed by CWS, CWS is 
performed on the sentences that are split by the 

punctuation marks predicted in the first step. The split 
sentences are then joined back when CWS is finished. The 

performance fo r CWS in  the pipeline method as listed in 
Table II refers to PU fo llowed by CWS while the 

performance for PU refers to CWS followed by PU.   
On CWS alone, it is observed that the joint mixed -tag 

DRNN achieves the best performance among all the 

methods.  It is also seen that under the same CWS tagging 
scheme (either 4-tag or 2-tag), PU provides useful 

informat ion for CWS only in a joint framework as CWS 
performance in the joint models are h igher than the 

isolated CWS baseline and pipeline methods. The 
contribution of PU to CWS in a jo int model depends on 

the performance of the isolated CWS baseline. It can be 

seen that the performance improvement from isolated 4-
tag CWS method to joint cross -product DRNN is larger 

than that from isolated 2-tag CWS method to joint mixed-
tag DRNN. Therefore, PU will contribute more to the 

improvement of CWS when the accuracy of the isolated 
CWS prediction is relatively lower.   

For PU alone, it is observed that the overall 

performance of PU using joint cross -product DRNN is 
marginally  better than that using joint mixed-tag DRNN. 

Further, different CWS tagging schemes do not affect PU 

Model 
CWS PU 

F1 (%) Precision (%) Recall (%) F1 (%) Precision (%) Recall (%) 

Joint cross-product DRNN 96.1 96.0 96.1 79.0 82.6 75.8 

Joint mixed-tag DRNN 97.2 97.2 97.2 78.6 83.4 74.2 

Isolated baseline 
4-tag CWS 95.5 95.0 95.9 

79.4 83.3 75.8 
2-tag CWS 96.9 96.8 97.0 

Pipeline 
PU at 

character 
level 

4-tag CWS 95.5 95.1 95.9 79.4 83.3 75.7 

2-tag CWS 96.9 96.7 97.0 79.3 83.3 75.7 

Pipeline 
PU at word 

level 

4-tag CWS 95.5 95.0 95.9 79.8 83.2 76.7 

2-tag CWS 96.9 96.8 97.0 79.7 83.1 76.7 



performance whether using isolated prediction or pipeline 

methods. It is also observed that performance of PU 
performed at word level is slightly better than that in 

character level. Overall, the observed PU performance 
differences among all the methods are not statistically  

significant.   

B. Performance Evaluation on Machine Translation 

We further conduct experiments to study how CWS 
and PU affect the performance of MT. The experiments 

are performed on the data obtained from NIST 
OpenMT15. It is a bilingual Chinese-to-English SMS-

Chat social media corpus. The train ing, tuning, and testing 

set consist of 130,132, 6,214, and 641 Chinese-English 
sentence pairs, respectively. CWS and PU are performed  

to preprocess the Chinese source text in training, tuning 
and testing set.  It is worth noting that the original Chinese 

source text is partially punctuated. Therefore, we perform 
punctuation correction on the source text using the PU 

models that have been trained as described in Section IV-

A.  The MT system used in this paper is Moses, a phrase-
based statistical machine translation toolkit. The MT 

performance is evaluated on the testing set. Each testing 
sentence has only 1 reference. As segmentation is needed 

to be performed on Chinese sentences, the isolated PU 
model alone is not applicable for MT evaluation.  

The MT performance using the BLEU metric is 
reported in Table III. It can be seen that the best 

translation performance is achieved using the joint mixed-

tag DRNN followed by jo int cross -product DRNN. This 
shows the superiority of joint CWS and PU models. They 

are more robust and generalizable; hence better MT 
performance can be achieved when compared  with the 

isolated prediction and pipeline methods.   

T ABLE III.  T RANSLATION PERFORMANCE ON SEGMENTED AND 

PUNCTUATION CORRECTED SOURCE OUTPUTS  

 

V. CONCLUSION 

 In this work, we have proposed to perform CWS and 
PU in a joint framework using DRNN. We have further 

carried out an empirical study on how the joint framework 
behaves when compared with the isolated prediction and 

the pipeline methods. Experiments results have shown that 

the joint models improve performance of CWS and affect 
PU marginally. However, when applied to the downstream 

application of MT, joint models consistently outperform 

the isolated prediction and the pipeline methods. This 
shows that jointly performing CWS and PU generalizes 

well, which can potentially improve the performance of 
subsequent NLP applications.   
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Model 
BLEU  

(Ch-En) 

Joint cross-product DRNN 19.78 

Joint mixed-tag DRNN 19.84 

CWS 
2-tag 19.05 

4-tag 19.15 

Pipeline 

PU2-tag CWS 19.25 

PU4-tag CWS 19.54 

CWSPU at 

character level 

2-tag CWS 18.88 

4-tag CWS 19.72 

CWSPU at word 

level 

2-tag CWS 18.87 

4-tag CWS 19.48 


