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Abstract

To address the semantic irrelevance issue in statistical machine translation sys-
tems for Chinese-Uyghur language pairs, we propose a bilingual association
optimization model based on neural machine translation methods. This model
leverages attention mechanisms to capture word alignment information, incor-
porates semantic correlation and internal lexical matching degree between bilin-
gual phrases, and predicts the generation probability of bilingual phrases as
the bilingual association degree to optimize phrase translation scores in sta-
tistical translation models. Experimental results on the Chinese-Uyghur open
machine translation dataset from the 11th China Workshop on Machine Trans-
lation (CWMT 2015) demonstrate that, compared with the baseline system and
under conditions of using smaller-scale training data and vocabulary, the pro-
posed method can effectively improve the performance of both phrase-level and
sentence-level machine translation tasks simultaneously, achieving maximum
BLEU score improvements of 2.49 and 0.59, respectively.
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Abstract: Addressing the issue of semantic independence in Chinese-Uyghur
statistical machine translation (SMT) systems, this paper proposes a bilingual
relatedness optimization model based on neural machine translation methods.
The model employs an attention mechanism to capture word alignment infor-
mation while incorporating semantic relevance between bilingual phrases and
internal lexical matching degree to predict the generation probability of bilingual
phrases, which is then used as bilingual relatedness to optimize phrase trans-
lation scores in the statistical translation model. Experimental results on the
11th China Workshop on Machine Translation (CWMT 2015) Chinese-Uyghur
public machine translation datasets demonstrate that, compared with the base-
line system and under conditions of smaller-scale training data and vocabulary,
the proposed method can effectively improve performance in both phrase-level
and sentence-level machine translation tasks, achieving maximum BLEU score
improvements of 2.49 and 0.59 points, respectively.

Key words: Uyghur; neural machine translation; attention mechanism; word
alignment; generation probability

0 Introduction

In phrase-based statistical machine translation (SMT) systems [?], translation
models model bilingual phrases extracted from parallel corpora, primarily in-
cluding parameters such as phrase translation probability and lexical weight.
These parameters serve as feature functions combined with log-linear meth-
ods to train machine translation systems, thereby obtaining optimal weight
distributions that enable the decoder to search for the most probable transla-
tion options during bilingual conversion. Although various machine translation
methods have made tremendous progress in recent years and translation quality
continues to improve, issues such as lexical translation errors and semantically
irrelevant content in translation results remain to be addressed.

SMT constructs phrase translation scores based on statistical methods that only
consider co-occurrence frequencies of bilingual phrases, largely ignoring seman-
tic relevance. Additionally, since word alignment results originate from statisti-
cal alignment models [?] and are learned using maximum likelihood estimation
(MLE), they suffer from missing, redundant, and erroneous information. This
leads to data sparsity issues when evaluating lexical weights in statistical transla-
tion models, reducing accuracy and consequently affecting machine translation
quality. To address these problems, this paper applies neural machine transla-
tion (NMT) methods based on attention mechanisms to capture word alignment
information, introduces semantic relevance and internal lexical matching degree
of bilingual phrases, and predicts bilingual relatedness scores to optimize phrase
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translation probabilities in statistical translation models, demonstrating their
effectiveness through experiments.

1 Related Work

As a low-resource language with complex morphological structures, Uyghur has
seen research on Chinese-Uyghur statistical machine translation focusing on two
main aspects. The first involves parallel corpus construction. For instance, Peng
et al. [?] utilized spatial vector representations of Chinese-Uyghur bilingual sen-
tences to extract parallel corpora based on similarity between source and target
sentences, ensuring semantic relevance of parallel sentence pairs. The second
aspect concerns Uyghur grammar and morphological analysis. For example,
Miliwan et al. [?] treated Uyghur word stems and affixes as basic translation
units, proposing a stem-affix language model based on directed graphs that lever-
ages Uyghur’ s agglutinative characteristics for machine translation experiments.
Furthermore, Pan et al. [?] employed deep learning techniques to analyze seman-
tic features of Chinese-Uyghur phrases, using recurrent neural networks (RNN)
to learn reordering information and reconstruct reordering models, thereby as-
signing more reasonable reordering directions and probability distributions to
reordering rules.

These methods primarily model monolingual linguistic properties (Uyghur
stems, affixes, morphology, etc.) and external bilingual correspondences
(Chinese-Uyghur parallel sentence pairs, reordering directions, etc.), lacking
research and analysis on semantic relevance and internal lexical matching
degree of bilingual aligned phrases. Consequently, semantic independence
issues persist in Chinese-Uyghur statistical translation models. Since phrase
translation probability distributions are not entirely reasonable, they fail to
correctly assess bilingual phrase relatedness at both semantic and lexical levels,
leaving room for improvement in statistical machine translation research.

With the application and development of deep learning techniques in SMT,
numerous studies have utilized neural network methods to improve statistical
translation models with promising results. Schwenk [?] proposed a continuous
space translation model for phrases that employs vector representations to pre-
dict phrase translation probabilities. Son et al. [?] introduced a hierarchical
neural network translation model that jointly evaluates continuous space vec-
tor representations and related parameters of translation units. Zou et al. [?]
proposed a bilingual word vector representation model to compute semantic
similarity between words, incorporating these scores as additional features dur-
ing system training. Cho et al. [?] presented an encoder-decoder based phrase
representation model that uses RNNs to maximize the conditional probability of
aligned phrases and evaluate generation probability scores for bilingual phrases
in translation models.

Building upon Cho et al. (2014), this paper re-evaluates phrase translation prob-
abilities in statistical translation models and proposes a neural-based bilingual
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relatedness optimization model (NBROM). Unlike previous approaches, our
model first utilizes the Bahdanau et al. (2014) framework [?] with attention
mechanisms to capture word alignment information between bilingual phrases,
incorporating phrase semantic relevance and internal lexical matching degree to
optimize phrase translation probabilities. Second, when training this model, we
address the out-of-vocabulary (OOV) problem in Uyghur using three models for
OOV generation probability prediction: the Unk model, MultiClass model, and
byte pair encoding (BPE) model [?], assigning appropriate weights to different
OOV words. Experimental results on the CWMT 2015 Chinese-Uyghur dataset
demonstrate that under conditions of relatively small-scale training data and
vocabulary, our proposed method simultaneously improves performance in both
phrase-level and sentence-level machine translation tasks, achieving maximum
BLEU improvements of 2.49 and 0.59 points respectively, thereby validating the
effectiveness of our approach.

2 Statistical Machine Translation System

Given a source language sentence f, SMT aims to find the optimal target lan-
guage translation e that maximizes the conditional probability, as shown in
Equation (1):

e* = argmaxp(e|f)

where p(e|f) represents the translation model and p(e) denotes the language
model. Generally, SMT incorporates multiple feature functions with their corre-
sponding weights into a log-linear framework for modeling, as shown in Equation

(2):

N N
p(elf) o< exp (Z w, log ¢>n(6,f)> = Zlf exp (Z wn%(e,f))
n=1 n=1

where ¢, and w,, represent the n-th feature function and its corresponding
weight, respectively, and Z is the normalization constant. Based on this frame-
work, the translation model factorizes into a weighted sum of feature functions.
SMT optimizes weight parameters w,, on a development set to maximize trans-
lation performance metrics (BLEU score [?]) and uses these parameters during
decoding to search for optimal candidate phrase translations.

Statistical translation models primarily model phrase translation probabilities
and lexical weights. Phrase translation probability is calculated statistically, as
shown in Equation (3):

count(f,e)

¢phrase(f’ e) - W
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where f and e denote source and target language aligned phrases, respectively,
and count(f,e) represents their co-occurrence frequency in large-scale parallel
sentence pairs. The translation model uses this value as the translation proba-
bility for the aligned phrase.

Lexical weight score uses word alignment results as a baseline, dividing source
and target language phrases into lexical units to evaluate matching degree be-
tween bilingual words, as shown in Equation (4):

le]

1
Dex(fr€) = Em Z plelf;)

viell(ig)€al

where a represents word alignment, e; denotes the i-th word in the target phrase,
and p(e;|f;) represents the co-occurrence frequency of word pair (e;, f;) in large-
scale parallel sentence pairs. For each word in the target phrase e, the translation
model traverses all words in sequence and multiplies their probability values,

using this product as the lexical weight score.

Word alignment is obtained using the GIZA++ [?] tool, which is based on the
EM algorithm and evaluates statistical alignment probabilities of word pairs,
considering bilingual words with maximum probability as aligned in parallel cor-
pora. Since both phrase translation probability and lexical weight are obtained
through statistical methods, translation models suffer from semantic indepen-
dence issues.

Figure 1 [Figure 1: see original paper] illustrates an example of Chinese-Uyghur
bilingual aligned phrases (Uyghur is written right-to-left). For the source phrase
“NARBRIRS” (serve the masses), the statistical translation model retains the
aligned target phrase “ ” extracted from training corpora and assigns
corresponding word alignment information. As shown, the source word “BR$3”
(serve) aligns with two target words and > ,yet only “ 7 meets
semantic alignment requirements while ” contains erroneous alignment in-
formation. Meanwhile, words “A” and “AR” lack aligned target words. Since
lexical weight score is the product of translation probabilities for aligned words,
missing, redundant, or erroneous alignment information prevents lexical weights
from correctly evaluating matching degree between words in bilingual phrases,
thereby reducing statistical translation model accuracy and SMT system per-
formance.

“ ” “ »

“«

3 Bilingual Relatedness Optimization Model
3.1 Model Overview

Based on deep learning techniques and NMT methods, our model first uses
an encoder to convert source language phrases into fixed-dimensional feature
vectors, then employs a decoder to transform these vectors into variable-length
target phrases while introducing an attention mechanism to capture semantic
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information and aligned words in bilingual phrases, compensating for semantic
independence and word alignment errors in statistical translation models.

The encoder is a bidirectional recurrent neural network (BiRNN) [?] that pro-
cesses input sequences in b(&h directions, updating forward hidden states h,
and backward hidden states h, as shown in Equations (5) and (6):

hy = tanh(W,, @, + Wy, hy, | +b;,) (forward traversal from z, to ;)

h, = tanh(W,

e+ Wil +by,)  (backward traversal from z, to ;)

where tanh is the nonlinear activation function. For each word z, in the
source phrase [zq,Z,,...,zy], we annotate it with surrounding context using
hiy, = [P Iy

The decoder is a single-layer RNN that, given the previous predicted word y;_;,
current RNN hidden state s;, and context vector ¢;, predicts the current output
word y;, where s; and ¢; depend on s, ; and y, 4, as shown in Equation (7):

PWilYi—1s - ¥1:, @) = 9(Yi_1, 555 ¢;)
where ¢ is the nonlinear softmax activation function, ¢; is the weighted sum of

h;, and «;; represents alignment weights that evaluate matching degree between
word e; in the source phrase and word y;, as shown in Equation (8):

o exp(a(s; 1, hj))
YT explals;y, b))

where a is the alignment model and W, and U, are neural network parameters:

a(s;_y,h;) = vl tanh(W,s; | + U,h;)

7

By training the encoder and decoder to maximize the log conditional probability
score, the model predicts the most likely target phrase, as shown in Equation

(9):

1 N
0 = argmax T; log pg(y™ (™))
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where 6 represents the model parameter set and (gc<")7 y(">) are aligned phrase
pairs in the training dataset. Figure 2 [Figure 2: see original paper] illustrates
our model framework using Chinese-Uyghur bilingual phrase generation as an
example. The model maps source language phrases into continuous space vector
representations to capture semantic information while using attention mecha-
nisms to assign different weights to each word in the source phrase, represent-
ing its importance. This model can predict the most probable target language
phrase given a source phrase and estimate bilingual relatedness scores to re-
evaluate lexical weights in statistical translation models, thereby improving both
phrase-level and sentence-level machine translation quality.

3.2 Target Phrase Prediction

Using the above model, we can predict target phrase e given source language
phrase f to maximize the score in Equation (9), as shown in Equation (10):

I
e* = argmaxlogp(elf) = argmaleogp(et\Qt, f)
(& & —1

where e, is the t-th word in the predicted phrase and I is the number of words
in e.

3.3 Bilingual Relatedness Score

The model can also re-evaluate lexical weight values in statistical translation
models by considering semantic relevance and internal lexical matching degree
of bilingual phrases to predict reasonable bilingual relatedness scores. Given
source phrase f, the relatedness score for predicting target phrase e is calculated
as shown in Equation (11):

I
Rescore(f, ¢) = logp(e|f) = ) _logp(e,le. f)
t=1
where e, is the t-th word in target phrase e and I is the number of words in e.

3.4 Out-of-Vocabulary Handling Strategies

When training NMT systems, only the top K most frequent target words are
retained due to time and space complexity considerations, with K typically
ranging between 30k (Bahdanau et al., 2015) and 80k (Sutskever et al., 2014)
[?]. This prevents effective prediction of low-frequency rare words, thereby re-
ducing NMT system translation quality. To address this issue, we employ three
models for OOV generation probability prediction, validating their respective
effectiveness and limitations through experiments. For all OOV words in source
phrases, we uniformly annotate them with the [UNK] symbol and set source
vocabulary size to 50k and target vocabulary size to 30k-50k.
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3.4.1 Unk Model Following Sutskever et al. (2014), Cho et al. (2014), and
Bahdanau et al. (2015), this model uniformly annotates all OOV words with the
[UNK] symbol, a very common OOV handling strategy in NMT system training
where all OOVs are assigned identical weights.

3.4.2 MultiClass Model Following Jean et al. (2015) [?], this model classifies
all OOV words into lexical categories, where OOV words in the same category
share identical weights. For each OOV word, the model decomposes its gener-
ation probability prediction into the product of category probability score and
internal lexical probability score, thereby reducing training complexity. We use
four lexical categories in our experiments: numbers [NUM], symbols [SYM],
named entities [NOUN], and other words [UNK]. Vocabulary category identifi-
cation is modeled as a classification problem, training a classifier to categorize
OOV words, with detailed implementation described in Section 4.2.

3.4.3 BPE Model Following Sennrich et al. (2015) [?], this model processes
all OOV words using Uyghur subword units representation, segmenting low-
frequency words to increase co-occurrence counts of subwords in sparse words
and effectively solve data sparsity issues. We use the open-source segmenta-
tion tool subword-nmt (https://github.com/rsennrich/subword-nmt) to process
OOV words, and following Halidanmu et al. [?], we do not perform morpholog-
ical segmentation on Uyghur.

4 Experiments
4.1 Experimental Setup

We conduct experiments on a Chinese-Uyghur statistical machine translation
system using the open-source translation platform Moses (http://www.statmt.org/moses/)
as our baseline. Training data originates from the CWMT 2015 publicly avail-
able Chinese-Uyghur news domain corpus, containing 110k parallel sentence
pairs with 64,851 Chinese words and 104,992 Uyghur words. Development
and test sets use in-domain data containing 1,095 and 1,000 parallel sentence
pairs, respectively. We train a 5-gram language model using SRILM [?] on
the training data, perform Chinese word segmentation using the Stanford
segmenter (https://nlp.stanford.edu/software/segmenter.html), apply the
grow-diag-final-and alignment strategy, set maximum phrase extraction length
to 8, and extract 4,934,572 bilingual aligned phrases. We tune the SMT
system using MERT [?] and evaluate machine translation performance using
case-insensitive BLEU scores.

We train our model using bilingual aligned phrases extracted from the SMT
system. First, considering semantic matching degree of bilingual phrases, we
retain the top 1 million phrase pairs with highest phrase translation probabilities.
Then, we select bilingual phrases where each word in the target phrase has at
least one aligned word in the source phrase, ensuring internal lexical matching
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degree to some extent. Finally, for identical source phrases, we retain longer
target phrases to improve model adaptability to long phrases. After these steps,
approximately 400k aligned phrase pairs are selected as training data for our
proposed model.

4.2 Model Training

For the vocabulary category classifier, we use an RNN network structure with
hidden layer units of 256-128-64-16-4, training for 200 epochs with an initial
learning rate of 0.1, using stochastic gradient descent (SGD) to update network
parameters for loss function minimization, and adding a softmax activation
function at the output layer to produce probabilities for the four word classes.
Upon training completion, optimized parameters predict OOV word classes,
replacing each OOV word with its most probable category.

The encoder in our model consists of forward and backward RNNs, each con-
taining 100 hidden units. The decoder contains 100 hidden units using a neural
network structure with maxout hidden layers [?]. We train the model using
mini-batch SGD combined with the Adadelta learning rate update method [?],
setting batch size to 100 and training for 500 epochs. Upon training completion,
optimized network parameters evaluate bilingual relatedness scores and predict
the most probable target phrases. Following Schwenk (2012), we replace all
lexical weights in the statistical translation model with bilingual relatedness
scores.

4.3 Experimental Results

We compare experimental performance between the statistical machine transla-
tion system and NBROM for sentence-level machine translation tasks, consid-
ering OOV handling strategies, training data scale, and target vocabulary size.
Results are shown in Table 1 .

Table 1 Experimental performance comparison of machine translation tasks

Training Data Scale Vocabulary Size BLEU Score

Moses (baseline) - 38.16

NBROM + Unk 50k / 30k 38.65 (40.49)
NBROM + MultiClass 50k / 30k 38.68 (40.52)
NBROM + BPE 50k / 30k 38.75 (40.59)

Table 1 shows that re-evaluating lexical weights in statistical translation models
using NBROM significantly improves machine translation performance. Under
training data scale of 50k and vocabulary size of 30k, BLEU scores increase
by 0.49-0.59 points, validating our model’ s effectiveness. NBROM combined
with BPE achieves the highest BLEU score of 38.75 in our experiments. This
method segments all low-frequency OOV words into subword units, increasing

chinarxiv.org/items/chinaxiv-201901.00051 Machine Translation


https://chinarxiv.org/items/chinaxiv-201901.00051

ChinaRxiv [$X]

co-occurrence counts of subwords in sparse words and mitigating OOV impact,
effectively predicting generation probabilities of unseen words and achieving a
0.59-point improvement over the baseline system. For NBROM combined with
Unk and MultiClass models, the latter slightly outperforms the former because
Unk model uniformly replaces all OOV words with [UNK] symbols, assigning
identical weights, whereas MultiClass model incorporates word class information
during prediction, further improving OOV prediction accuracy. Experimental
results demonstrate that our bilingual relatedness optimization model, leverag-
ing semantic relevance and internal lexical matching degree of bilingual phrases,
can effectively improve Chinese-to-Uyghur machine translation performance us-
ing small-scale training data and vocabulary.

Table 2 shows experimental performance comparison of BPE model in machine
translation tasks.

Table 2 Experimental performance of BPE model in machine translation tasks

Training Data Scale Vocabulary Size BLEU Score

30k 20k 38.45
50k 30k 38.75
100k 50k 38.52

We also compare NBROM combined with BPE model performance, setting
training data scale proportional to vocabulary size. Table 2 indicates that BPE
model performs optimally with smaller training data and vocabulary scales, with
performance decreasing as these scales expand. This may be because Uyghur’
s complex morphological information and large vocabulary require BPE to seg-
ment low-frequency words into subword units added to the target vocabulary,
which affects semantic information integrity and increases model training com-
plexity. This introduces data sparsity issues when predicting OOV word gener-
ation probabilities, diminishing machine translation improvement effects.

4.4 Target Language Phrase Prediction

We compare experimental performance between statistical machine translation
systems and NBROM for phrase-level machine translation tasks. Test data
consists of 2,000 randomly extracted bilingual aligned phrases from our model’
s training data, with statistics on Uyghur vocabulary size and average words
per phrase shown in Table 3 .

Table 3 Experimental performance of phrase generation tasks

System Vocabulary Size Avg. Words/Phrase BLEU Score
Moses 1,517 4.2 91.27
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System Vocabulary Size Avg. Words/Phrase BLEU Score
NBROM + Unk 1,517 4.2 93.56
(+2.29)
NBROM + 1,517 4.2 93.76
MultiClass (4+2.49)
NBROM + BPE 1,517 4.2 92.13
(4+0.86)

Table 3 demonstrates that NBROM significantly outperforms statistical ma-
chine translation systems in predicting target phrases corresponding to source
phrases, validating the method’ s effectiveness in phrase-level machine trans-
lation tasks. Among the three OOV handling strategies, MultiClass model
achieves the best performance with a 2.49-point BLEU improvement over the
baseline. NBROM combined with BPE shows less pronounced effects, possibly
because BPE segmentation introduces excessive subword units during target
word generation, reducing prediction accuracy and completeness. Additionally,
MultiClass model uses vocabulary category information during training, further
improving OOV prediction accuracy compared to Unk model.

As described above, NBROM combined with MultiClass model can predict the
most probable aligned target phrase with highest matching degree to the source
phrase and re-evaluate lexical weights to assign more reasonable relatedness
scores. Table 4 presents examples of target language phrase prediction from
statistical machine translation systems and NBROM, where Score represents
lexical weight in statistical translation models and Rescore represents bilingual
relatedness scores from NBROM.

Table 4 Example of Uyghur phrase prediction

Moses NBROM + MultiClass
Source Phrase Output Score  Output Rescore
SRS 2.0e- 4.8e-11
15
B. Xt - -
SEESRBED - -

Statistical machine translation systems retain multiple target phrases for iden-
tical source phrases with corresponding lexical weight scores. Table 4 shows
that under conditions of high semantic content and lexical matching degree,
statistical machine translation systems produce small lexical weight scores that
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fail to correctly assess bilingual phrase alignment probabilities, contradicting ac-
tual conditions and reducing translation model quality. In contrast, NBROM’
s attention mechanism effectively captures aligned words in bilingual phrases,
enabling reasonable prediction of target phrases with semantic relevance and
lexical matching degree while assigning appropriate bilingual relatedness scores,
thereby improving performance in phrase-level machine translation tasks.

5 Conclusion

Addressing semantic independence issues in Chinese-Uyghur statistical machine
translation systems, this paper proposes a bilingual relatedness optimization
model based on neural machine translation methods. The model introduces at-
tention mechanisms to capture word alignment information in bilingual phrases
and re-evaluates bilingual relatedness scores based on semantic relevance and
internal lexical matching degree to optimize lexical weights in statistical trans-
lation models. Additionally, given a source phrase, the model can predict the
target phrase with highest matching degree. Experimental results demonstrate
that under conditions of relatively small-scale training data and vocabulary, our
proposed method can effectively improve performance in both phrase-level and
sentence-level machine translation tasks.

Future research directions include: First, since word alignment results contain
missing, redundant, and erroneous information that significantly affects model
training, we will consider directly optimizing word alignment results. Second,
as this paper only conducts data analysis and modeling for Chinese-Uyghur
machine translation tasks, performance may vary for other language pairs, so
we will conduct related experiments on other language pairs to improve model
generalization. Third, we will segment Uyghur stems and affixes to learn more
morphological information.
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