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overt antecedent in text) 
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Our work 
●  We focus on resolving these 

deictic pronouns 
●  We predict identity of pronouns 

at granularity of “first”, “second” 
and “third” person (subject) 
pronoun 

●  Without reference to any 
particular antecedent 

●  Thus addressing a much higher 
percentage of zero pronouns 
found in dialogues 



Key challenge 
●  But how to resolve pronouns if 

not by resolving to antecedent? 
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Dialogue focus 
●  We draw inspiration from 

Centering Theory - discourses 
tend to settle on a focus before 
switching to a new one 

●  See example: T -> S -> O -> S 
●  Focus switch (or introduction) is 

typically signaled by an overt 
mention 

●  But not always -- return to focus 
on S in last utterance is implicit, 
inferable from context 
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●  In pro-drop languages, overt 

pronouns introduces switches in 
focus, while zero pronouns are 
used while an established focus 
continues 

●  In non pro-drop, overt pronouns 
serve the focus-continuation 
function 

●  “diectic” exceptions licensed by 
environmental salience of 
referent & inferable from the 
meaning of the utterance 
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Our focus tracking model 
●  We attempt to capture these 

discourse principles using 
sequence labeling model  

●  Each conversation segment as 
one sequence  

●  Since continuation and switch of 
focus is at a clause level, we 
assign labels (first, second or 
third) to clauses 

●  We use an off-the-shelf-tool (Cai 
et al., 2011) to identify the 
position of the dropped pronoun 
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Translation as annotation 
陈 ⽼老师 你 还 好 吗                       
∅ 好 啊  
你 还 没 ⾛走 ? 
∅ 回来 有 ⼀一 个 ⽉月  
∅ 不 敢 给 你 说话 
没 呢 
美国 的 ⾯面试 ∅ 进⾏行 了 4 轮 了 
 
为什么 ? 
最后 ⼀一 轮 是 跟 总经理 
 
还 有 两 次 ⺴⽹网 上 测验 
∅ 还 在 ⾯面试 阶段 吗 
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Bronze labels 
●  1v: Overt English first person pronoun: “I” or “we” 

●  2v: Overt English second person pronoun: “you” 

●  3v: Overt English third person pronoun: “he”, “she”, “it”, “they” 

●  1h: subject being continued is first person 

●  2h: subject being continued is second person 

●  3h: subject being continued is anything else 

●  none: no overt subject and no focus yet established 



Key hypothesis 
●  Why should this translation as annotation process work? 

●  We hypothesize comparable distribution between zero pronouns in a pro-

drop language, and overt pronouns in a non pro-drop language 

●  Because non pro-drop languages lack zero pronouns, the discourse 

functions that are served by zero pronouns in pro-drop languages must be 

served by overt pronouns in non pro-drop languages 



Bronze labeling quality 
●  Gold labels: Labels hand 

annotated by humans 
●  Bronze labels: Labels from 

translation 
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Bronze labeling quality 
●  Gold labels: Labels hand 

annotated by humans 
●  Bronze labels: Labels from 

translation 
●  As expected, bronze labels are 

noisy – SMS is informal, zero 
pronouns identification is not 
perfect 

●  But they are still useful for the 
learning task!  

 
 

 
Bronze vs Gold labels on SMS test 

set of ~1K sentences 
 

   Gold label statistics 
   32% - First person 
   17% - Second person 
   25% - Third person 
   26% - none 



Structured prediction 
●  Each conversation segment as input sequence  

x = (x1, x2, x3 … xn) where each xi is a clause 

●  Task is to predict label sequence  

  y = (y1, y2, y3 … yn)  

where each yi ϵ {1v, 2v, 3v, 1h, 2h, 3h, none} 

●  To train the sequence labeling model, we use an online variant of the 

DAgger (Ross et al., 2011)  

 



DAgger (dataset aggregation) 
●  It is an imitation learning algorithm similar to its predecessor SEARN 

(Daumé III et.al., 2009) 

●  Solves structured prediction problems by transforming them into sequential 

decision making problems (left to right in our case) 

●  During training time, it slowly transitions from making decisions using 

oracle policy to making decisions using the learned policy 

●  Inference during test time is made greedily 



Linguistically motivated features 
●  Subject continuation -- “John went to the store. ∅ bought some milk.” 

●  Verb -- “∅ reckon it’s going to rain today.” 

●  Object (downstream) -- “∅ ran into me.” (∅ shouldn’t be “I”) 

●  Is question (question mark, particle) -- “Did ∅ just finish class?” 

●  Participant index 

●  Participant switch 

●  Bag of words 

●  Bag of parts of speech 



Experimental setup  
●  Training data (bronze labels) 

o  SMS text - 117K sentences 

●  Test data (gold labels) 

o  SMS - 1152 sentences 

o  Telephone conversation of OntoNotes corpus - 5000 sentences 

●  We perform zero pronoun identification using off-the-shelf tool (Cai et. al. 

2011) 

●  We use the implementation of DAgger in vowpal wabbit (vw). 



Baseline  
●  Subject continuation baseline – If Chinese utterance has an overt pronoun, 

assign label (1v, 2v, 3v) accordingly, else assign label according to the 

subject being carried forward (1h, 2h, 3h) 



Results 



Results  
 

●  No prior work has focused on diectic pronouns, so there cannot be a direct 

comparision 

●  Chen and Ng 2014 anaphoric resolution system on OntoNotes 

 P = 0.13, R = 0.32 and F-measure = 0.18 

●  Our system performance on OntoNotes 

 P = 0.30, R = 0.36, F-measure = 0.33 



Future work 
 

●  Currently when we use standard MT techniques to translate such pro-drop 

language text, the English side is missing the pronoun 

 

●  We plan to use the predicted labels to help restore these dropped 

pronouns by integrating our model into MT framework 
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Two main contributions 

●  Develop a novel sequential model that tracks the flow of focus in a 
discourse  

●  Train a model using Chinese/English parallel corpora instead of hand 
annotation 



Conclusion 
Two main contributions 

●  Develop a novel sequential model that tracks the flow of focus in a 
discourse  

●  Train a model using Chinese/English parallel corpora instead of hand 
annotation 

Important take aways 
●  Even though translation as annotation process is noisy, it is possible 

to learn from large amounts of data 
●  We can make headway on non-anaphoric pronoun resolution by 

learning from flow of discourse rather than resolving to antecedent 



 
Thank ∅  

  Questions? 


