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Abstract— Recently, demand for fast and efficient 

translation system been widely seen. However, translation 

model are dependent parallel corpora. However, it is 

challenging to obtain large parallel corpora for resource 

starved language such as Kannada-Telugu pair. The existing 

Giza++ based word alignment and Moses phrase based 

alignment model are efficient for aligning only short sentences. 

However, for longer sentence the accuracy of model degrades. 

For performing alignment for longer sentences, neural based 

alignment has been presented in recent times. However, these 

models are trained using fixed vector length. Thus, induces 

memory and training overhead. For overcoming research 

challenges, this work presents a parallel alignment model using 

recurrent neural network (RNN). Further, to utilize memory 

efficiently and minimize training time parallel execution of 

RNN under GPU is considered. For improving alignment 

accuracy presented a cost function by combing statistical and 

neural based alignment method.  Experiment are conducted to 

evaluate the proposed alignment model in terms of accuracy, 

Word alignment error (WAE), memory utilization, and 

computation time. 

 

Index terms— Neural alignment model, Phrase alignment, 

statistical alignment, Word alignment model. 

I. INTRODUCTION 

Neural Networks (NN) have recently attained wide scope 

and have been used in applications such as natural language 

processing (NLP) [1], speech recognition [2], and image 

processing [3] and attained good result. Since the 

presentation of these systems and significant outcomes in 

various applications, numerous scholars in various fields are 

making utilization of the neural systems as an answer for 

their issues. MT which is a subcategory of NLP was firstly 

built utilizing neural systems by [4]. Neural machine 

alignment and translation model is a new paradigm for 

alignment and machine translation that has grown 

superiorly, especially in terms of human evaluation, 

compared to statistical and rule based alignment and 

translation model [5], [6] initially developed as a pure 

sequence to sequence model [7], [8] and enhanced using 

attention based variant [9]. Neural machine alignment and 

translation model has now been widely applied for alignment 

and MT, as well as various other NLP related field such as 

parsing, summarization, and dialogue.  

 

 

 
 

 

Number of approaches using neural network has been 

presented in recent times with good success [11], [12], 

[13],[14]. However, accuracy is not efficient as compared 

with phrase based alignment model. Further, neural based 

alignment and translation model have been used in [15], 

[16], [17], [18]. In [18] used feed forward neural network for 

building alignment model. However, [19]] showed RNN 

attain better performance than feed forward neural network 

(FFNN). In [20], [21] presented encoder-decoder model 

using both RNN and convolution neural network (CNN), 

[22] presented Long Short Term Memory (LSTM) networks 

for merging statistical alignment model with neural network. 

In [23], [24], [25] presented an alignment model to address 

memory issues for performing aligning longer sentences. 

Further, [26], [27] presented bi-directional alignment and 

translation model. However, these model incurs computation 

overhead for performing decoding operation (i.e., due to poor 

convergence rate when compared with statistical alignment 

model).  

The methodology presented so far for neural based 

alignment and translation model are generally belongs to 

encoder-decoder family and encodes all necessary 

information of source sentence into fixed-length vector from 

which the decoder performs alignment and translation. This 

may affects the alignment of neural system for longer 

sentences, especially those sentence that longer than the 

sentences in the training dataset. To address, this paper 

present a novel alignment model that automatically soft 

search parts of source sentence that are important to 

predicting target phrase/word, without necessity to form 

these part as a hard segment explicitly. The most important 

feature of our approach is it does not encode a whole sentence 

into fixed-length vector. Instead, it encode sentence into set 

of vectors and select subset of these vector in adaptive 

manner in decoding process. This enables neural system to 

eliminate having all information of source sentence, 

irrespective of its length, into fixed-length vector. Further, 

memory overhead of neural based model for aligning longer 

sentence is addressed using parallel recurrent neural 

network.   

For machine translation, neural system [5] has been widely 

used across various language pairs. In this work, we present a 

neural network alignment model for Dravidian language 

(Kannada-Telugu pair). According to our knowledge, this is 

the first neural network based 

alignment model for 

Dravidian language. We 

improve the base phrase based 
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model [5] developed by Google with new feature obtained 

from statistical phrase based alignment model [10]. The new 

model is composed of new parameter as a cost function that 

measure variance among alignment obtained from our 

phrase based alignment model and neural alignment model. 

Then this cost function is used to enhance convergence time 

and accuracy of neural based alignment model. Along with 

minimize memory overhead (MO) and achieve superior 

alignment accuracy for longer sentence with minimal 

computation time (CT). 

Research Contribution are as follows: 

 Here we present a novel phrase based alignment 

model for Kannada-Telugu pair. 

 Presenting a novel cost function to obtain better 

alignment performance among statistical and 

neural network based alignment model. 

 Our model achieves higher alignment accuracy, 

better memory utilization and with minimal 

computation overhead. 

The rest of the paper is organized as follows. In section II the 

proposed alignment architecture is presented. In section III 

the proposed model is presented. In penultimate section 

experimental study is carried out. The conclusion and future 

work is described in last section.  

 

Fig. 1. Proposed alignment model architecture 

II. PROPOSED ALIGNMENT MODEL 

ARCHITECTURE 

This section present the architecture design of proposed 

alignment model which is shown in fig. 1. In data 

preprocessing process the comparable corpora of 

Kannada-Telugu pair is collected from Emille corpus. 

Further, the corpora collected are tagged using method 

presented in [35]. Then, word alignment is done on tagged 

data using Giza++ alignment tool. Then phrase alignment is 

done using statistical alignment model presented in [10]. 

Further, phrase alignment is done using neural alignment 

model presented in this work. Then, to obtain optimal 

alignment this work further presented a novel cost function 

by combining both statistical and neural alignment model to 

obtain better alignment considering both long and short 

sentence.  

III. FAST AND EFFICIENT PARALLEL 

ALIGNMENT MODEL FOR BOTH LONG AND 

SHORT SENTENCES 

This paper present a multilayer recurrent neural network 

based alignment model for Dravidian language pairs. And 

also present a new cost function model using statistical 

alignment model [10] for achieving better convergence and 

accuracy.  The multilayer recurrent neural network is 

composed of encoder and decoder, an encoder reads input 

sentence which is a sequence of vectors , 

into a vector . Here we consider variable length sentences 

into variable length vectors rather than fixed-length vectors 

for better alignment performance using RNN such that  

 (1) 

and 

 (2) 

where  is a hidden state at instance ,  and  are 

some nonlinear functions, and  is a vector obtained  from 

set of the hidden states.  

The decoder is generally trained to compute the next word  

for previously computed words  and for a given 

context vectors . The role of decoder is to outline a 

probability over the alignment  by changing the joint 

probability into the ordered conditional as follows 

 

(3) 

where  With a multilayered RNN, each 

conditional probability is defined as follows 

 (4) 

where  is potentially a multilayered nonlinear function that 

obtains the probability of , and  is the hidden state of 

multilayered recurrent neural network. 

Now we present a novel parallel alignment model that 

emulates searching through source data during decoding 

alignment process. Here we describe each conditional 

probability in Eq. (3) as follows 
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 (5) 

where is a hidden state of RNN for instance , which is 

computed as follows 

     (6) 

It can be seen from Eq. (3) unlike traditional model here 

the probability is conditional on distinctive context vector 

for each word . The context vector depends 

irrespective of the context (or sequence of annotations) 

 to which encoder maps the input data. Each  is 

composed of information of entire input sequence with main 

optimization around  word of the input corpus data. 

Then the context vector  is then computed as a weighted 

sum of these . 

Further, this work present a novel cost function for 

obtaining optimal alignment considering diverse data of both 

short and long sentences. For achieving, we presented a cost 

function combining statistical alignment model and neural 

network based alignment model. For statistical alignment 

model, we use model presented in [10] to align the source to 

target sentences. This model uses phrase based alignment 

and the alignment can be described as the following matrix 

 

(7
) 

Here,  and is the size of the target and source sentence, 

and  is the alignment matrix obtained using [10]. In neural 

based alignment, soft alignment is used. So we have one 

more matrix, namely, Neural based alignment matrix which 

is the outcome of proposed neural based alignment model. 

Now we define a cost function to alignment model which is 

composed of difference among both matrix. This steps is 

considered here to attain better neural based alignment 

model i.e., the neural based alignment model will converge 

faster and at same instance it finds the alignment model 

which is suitable for corpora. Since the alignment model [10] 

has a better alignment model than neural based alignment 

model which is in the process of training and is not 

convergent. The cost function for attaining better alignment 

and translation is computed as follows  

 

(8) 

where 

 (9) 

In the above Eq. (8) and (9), f is the neural based 

alignment matrix and  is the statistical alignment matrix, 

 represent absolute value, and function F is summation of 

entire matrix element. The term that is used just before the 

functions is for normalizing the summation process. And  

is weight describing how significant this term over default 

cost function. Higher the weight of , more significant the 

alignment transformation is. In this paper, the weight is set to 

0.2 because the cost function is composed of difference 

among model alignment and target alignment and this 

difference is more significant than the alignment difference. 

The cost function is used for learning rate decay influence. In 

neural based alignment at each step the model is expected to 

be decrease the cost function. If after set of iterations, the cost 

function is not changed or decreased, the learning rate will be 

changed.  Adding a new term to cost function will aid in 

improving the alignment of neural based alignment model 

and is expected to have alignment closer to statistical 

alignment model. In next section, the performance of 

proposed alignment is evaluated over stat-of-art technique. 

 

IV. EXPERIMENT AND RESULT ANALYSIS 

This section present performance evaluation of proposed 

parallel alignment model over state of alignment model. The 

performance of model is evaluated in terms of decoding time. 

Here we train our model considering sentence up to 50 

words. The encoder and decoder is composed of 1000 hidden 

units each. The encoder of alignment searching model is 

composed of forward and backward recurrent neural network 

each having 1000 hidden units. Here we consider multilayer 

network maxout [29] hidden layer to evaluate the conditional 

probability of each target word [30]. We consider adadelta 

[31] along with mini-batch stochastic gradient descent 

algorithm to train our model. Each stochastic gradient 

descent update direction is evaluated using a mini-batch of 

100 sentences. We trained our model for approximately 4 

days and we use beam search to identify alignment that 

maximizes the conditional probability.  

For performance evaluation for Dravidian language, the 

dataset are obtained from Emille corpus [33]. The training 

data is composed of 4.2 million sentence pairs. We consider 

sentence with maximum size of 50 words and eliminate 

duplicate sentences pairs. Post filtering we have parallel 

sentence of 4 million sentence pair. For testing alignment, 

the sentences is composed of 80000 words, out of which first 

64000 were taken as training data and the remaining 16000 

words were taken as test data. The test data contained 40% of 

words that were not part of training data. The system 

environment to run these corpus are run on Intel I-7, 3.5GHz, 

quad core class processor, 16GB memory, trained on one 

CUDA enabled GPU NVIDIA GeForce 820M, CUDA 

version 8.0, and cuDNN version 5005. Experiment outcome 

obtained from table I shows, the alignment model [5] attain a 

decoding time of 0.2118 for English to France alignment. 

However, the proposed alignment model attain a decoding 

time of 1.6980 for Kannada-Telugu language pair. This work 

is the first neural network based alignment model for 

Kannada-Telugu language pair. Further, the significance of 

proposed alignment model is it can align sentence composed 

of word greater than 50 word with accuracy of 91.95% and 

word alignment error (WAE) of 9.78%. Further, memory 

utilization performance is evaluated by varying the batch size 

from 50 and 100 and result 

obtained is graphically shown 

in Fig. 2.  From result 

obtained it can be seen, an 
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average memory utilization and wastages of 95.84% and 

4.16% is attained by proposed parallel alignment model 

under GPU environment, respectively. The overall result 

attained shows efficiency of proposed alignment model over 

existing alignment model [5], [9], [34]. 

Table 1Performance evaluation 

 Existing 

model [5] 

Proposed 

model 

Number of word 

per sentence 

- 16 

Batch size sentence 50 100 

Accuracy  - 91.95%. 

WAE - 9.78% 

CPU decoding time 0.2118 1.6980 

Memory utilization - 95.84% 

Memory wastage - 4.16% 

Language pair 

considered 

English to 

France 

Kannada-T

elugu 
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Fig. 2. Memory utilization performance evaluation 

considering varied batch size 

V. CONCLUSION 

This work present an efficient alignment model for various 

Kannada-Telugu language pair. Our model can be used to 

train various language pair in a scalable manner by fully 

utilizing the GPU architecture. Our model attain good 

training efficiency due to better memory management by 

using GPU. As a result improving the decoding time. Our 

model attains good alignment accuracy and word alignment 

error performance compared to state-of-art techniques. The 

improvement of accuracy is due to new cost function defined 

for performing alignment. The cost function aid in 

improving convergence rate of neural network based 

alignment. An average performance alignment accuracy of 

91.95%, word alignment error of  9.78%, and memory 

wastage of 4.16% is achieved by proposed alignment model. 

Future work would further consider improving the accuracy 

of alignment by optimizing training parameters and training 

consider large training sets. Along with consider performing 

experiment on different language pair.  
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