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a b s t r a c t 

The dominant Neural Machine Translation (NMT) models usually resort to word-level modeling to em- 

bed input sentences into semantic space. However, it may not be optimal for the encoder modeling of 

NMT, especially for languages where tokenizations are usually ambiguous: On one hand, there may be 

tokenization errors which may negatively affect the encoder modeling of NMT. On the other hand, the 

optimal tokenization granularity is unclear for NMT. In this paper, we propose lattice-to-sequence atten- 

tional NMT models, which generalize the standard Recurrent Neural Network (RNN) encoders to lattice 

topology. Specifically, they take as input a word lattice which compactly encodes many tokenization al- 

ternatives, and learn to generate the hidden state for the current step from multiple inputs and hidden 

states in previous steps. Compared with the standard RNN encoder, the proposed encoders not only alle- 

viate the negative impact of tokenization errors but are more expressive and flexible as well for encod- 

ing the meaning of input sentences. Experimental results on both Chinese–English and Japanese–English 

translations demonstrate the effectiveness of our models. 

© 2018 Elsevier B.V. All rights reserved. 

1. Introduction 

Recently, NMT [1–4] has achieved great success and attracted 

much attention in the field of natural language processing (NLP). 

Different from the statistical machine translation approach that ex- 

plicitly models latent structures such as word alignment, phrase 

segmentation and phrase reordering, NMT aims at training a uni- 

fied encoder-decoder neural network [2,3] that directly maps a 

source-language sentence to a target-language sentence, where the 

encoder embeds the input sentence into a sequence of vectors, and 

then the decoder with attention mechanism produces a translation 

from the encoded vectors. 

Although recent attention has been paid to character-level 

NMT [5–7] which learn sentence representations and perform gen- 

erations at the character level, the dominant NMT systems make 

use of word boundary information to learn the semantic repre- 

sentations of the source sentence and generate the target sentence 

word by word, typically employing RNNs in both the encoder and 

the decoder. The reason is that words can encode semantic in- 

formation more naturally than characters. The word-based mod- 

els obtain good results for source languages like English, but it 

does not work equally well for languages without natural word 

delimiters such as Chinese. The reasons are two-fold. Firstly, the 
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optimal tokenization granularity is not easy to determine for NMT 

because coarse granularity causes data sparseness while fine gran- 

ularity results in the loss of useful information. Secondly, the 1- 

best tokenization may introduce errors that propagate to the later 

stage and thus negatively impact the learned source sentence rep- 

resentations. Therefore, we believe that it is necessary to learn 

from more tokenization alternatives for NMT systems to allevi- 

ate the sub-optimal tokenization granularity and tokenization error 

propagation problems. 

In this paper, we propose lattice-to-sequence attentional NMT 

( L2SNMT ) models to deal with the above tokenization issues. Word 

lattice, which compactly represents many tokenization alternatives, 

has been widely used in various NLP tasks [8–10] . In this pa- 

per, we present two lattice-based RNN encoders to simultaneously 

exploit multiple tokenizations for input sentence modeling. One 

is the Lattice-based RNN Encoder with Pre-composition which first 

combines the inputs and hidden states vectors derived from multi- 

ple tokenizations, and then feeds these vectors into standard RNN. 

The other is the Lattice-based RNN Encoder with Post-composition 

which learns and updates tokenization-specific vectors for gates, 

inputs and hidden states, and then generates hidden state vec- 

tors for current units. By extending the standard RNN encoder into 

lattice-based ones, we expect the proposed L2SNMT models not 

only reduce the negative impact of tokenization errors but also en- 

hance the expressive power and flexibility of encoder in embed- 

ding source sentences. 
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Fig. 1. Overview of attention-based NMT. It has two components: an encoder network and a decoder network with attention mechanism. 

We conduct experiments on Chinese–English and Japanese–

English translation tasks to investigate the effectiveness of the pro- 

posed L2SNMT models. From the experimental results, we con- 

clude that: (1) word boundary information is helpful for NMT to 

accurately learn the semantics of input Chinese and Japanese sen- 

tences. (2) lattice-based RNN encoders are more effective than the 

standard RNN encoder in NMT. To the best of our knowledge, this 

is the first attempt to establish NMT encoder based on lattices. 

The L2SNMT has been presented in our previous paper [11] . In 

this article, we make the following significant extensions to our 

previous work. 

1. We integrate lattice posterior score into our proposed NMT 

models. We also propose a new variant of lattice-based RNN 

encoder which directly exploits weights associated with lattice 

input and compare it with other variants. 

2. We show that our lattice-based RNN encoders can be further 

improved with deep RNNs. We also explore the effect of en- 

coder depth that affects the model performance. 

3. We investigate different ways to form source annotations from 

the output of lattice-based RNN. 

4. We carry out new experiments on large-scale data to study the 

robustness of our model on different sizes of training data. 

5. We conduct more experiments on Japanese–English translation 

to investigate the effectiveness of our model on different lan- 

guage pairs. 

The remainder of this article is organized as follows: 

Section 2 briefly describes the conventional sequence-to-sequence 

attentional NMT, which is the basis of our work. Section 3 gives 

details of the proposed L2SNMT models. Section 4 reports the ex- 

perimental results on Chinese–English and Japanese–English trans- 

lation tasks and studies how the learned encoders improve trans- 

lation quality. Section 5 summarizes the related work and high- 

lights the differences of our model from previous studies. Finally, 

we conclude in Section 6 with future directions. 

2. Neural Machine Translation 

As depicted in Fig. 1 , the dominant NMT model is an attention- 

based NMT [4] , which consists of an encoder network and a de- 

coder network with attention mechanism. 

Generally, the encoder is modeled as a bidirectional RNN. Given 

a source sentence x = x 1 , x 2 , . . . , x S , the forward RNN reads x word 

by word in a left-to-right way and uses the recurrent activation 

function f to learn semantic representation of word sequence x 1: i 

as 
−→ 

h i = f (x i , 
−→ 

h i −1 ) , where x i is the word embedding of x i . In a 

similar way, the backward RNN reversely scans the source sentence 

and learns the semantic representation 

← −
h i of the word sequence 

x i : S . Then, the hidden states learned by the two RNNs are con- 

catenated to form the source annotation h i = [ 
−→ 

h 

T 
i 
, 
← −
h 

T 
i 

] T , which en- 

codes all the surrounding words of the i -th word. 

The decoder is a forward RNN which generates the translation 

y using a nonlinear function g ( · ): 

p(y t | y <t , x ) = g(y t−1 , s t , c t ) , (1) 

where y t−1 denotes the word embedding of word y t−1 , s t and c t 
are the decoding state and the context vector at the time step t , 

respectively. Formally, s i can be computed using a function f ( · ), 

such as Long Short-Term Memory (LSTM [12] ) or Gated Recurrent 

Unit (GRU [2] ), as follows: 

s t = f (y t−1 , c t−1 , s t−1 ) , (2) 

Furthermore, to accurately capture context, the attention mech- 

anism learns the context vector c t as the weighted sum of the 

source annotations { h i }: 

c t = 

S ∑ 

i =1 

αt,i · h i , (3) 

where αt, i measures how well s t and h i matches as below: 

αt,i = 

exp (e t,i ) ∑ S 
i ′ =1 exp (e t,i ′ ) 

, (4) 

e t,i = v T a tanh (W a s t + U a h i ) . (5) 

where W a , U a and v a are the weight matrices of attention model. 

In this way, the relevant source words can be automatically se- 

lected to predict target words. 

3. The proposed models 

In this section, we give a detailed description to the L2SNMT 

models. We first describe how to build the word lattice of each in- 

put sentence. Then we briefly review the standard GRU, which is 

chosen as the basic unit of our encoder. Next, we describe lattice- 

based RNN encoders in detail. Finally, we describe the decoder net- 

work of our L2SNMT . 

3.1. Word lattice 

As shown in Fig. 2 , a word lattice can be represented as a 

directed graph G = 〈 V, E〉 , where V is the node set and E is the 

edge set. Given the word lattice of a character sequence c 1: N = 

c 1 , . . . , c N , the node v i ∈ V denotes the position between c i and c i +1 

and the edge e i : j ∈ E departs from v i and arrives at v j from left to 

right, covering the subsequence c i +1: j that is recognized as a pos- 

sible word. 

Intuitively, different segmentation results should have differ- 

ent effects when combining inputs and hidden states derived from 

multiple tokenizations. To do this, we apply forward–backward al- 

gorithm [13] to calculate the posterior scores of edges in the lattice. 

Given an edge e i : j in the word lattice, we denote the number of 

paths from v 0 to v i with αi , which is iteratively computed as αi = ∑ 

k : e k,i ∈ E αk and α1 = 1 . Similarly, the number of paths from v N to 

v j is denoted as β j , which is also computed as β j = 

∑ 

k : e j,k ∈ E βk and 

βN = 1 . 

Finally, we calculate the weight of e i : j as 

w i, j = 

αi β j ∑ 

k : e k, j ∈ E αk β j 

(6) 

Please cite this article as: Z. Tan et al., Lattice-to-sequence attentional Neural Machine Translation models, Neurocomputing (2018), 

https://doi.org/10.1016/j.neucom.2018.01.010 

https://doi.org/10.1016/j.neucom.2018.01.010


Download English Version:

https://daneshyari.com/en/article/6864508

Download Persian Version:

https://daneshyari.com/article/6864508

Daneshyari.com

https://daneshyari.com/en/article/6864508
https://daneshyari.com/article/6864508
https://daneshyari.com

