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Abstract Neural Machine Translation (NMT) has drawn much attention due to
its promising translation performance in recent years. The conventional optimization algorithm for NMT sets a unified learning rate for each gold target word during training. However, words under different probability distributions should be
handled differently. Thus, we propose a cost-aware learning rate method, which
can produce different learning rates for words with different costs. Specifically,
for the gold word which ranks very low or has a big probability gap with the
best candidate, the method can produce a larger learning rate and vice versa. The
extensive experiments demonstrate the effectiveness of our proposed method.
Keywords: Neural Machine Translation, Cost-aware Learning Rate
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Introduction

Neural Machine Translation (NMT) based on the encoder-decoder architecture proposed by [10] and [4] can achieve promising translation performance for several language pairs, such as English-to-German and English-to-French [1, 14, 23, 25].
In general, we can train a NMT system by using maximum likelihood estimation
with stochastic gradient descent and back propagation through time. However, this kind
of optimization algorithm has a drawback that it sets a unified learning rate for each
gold target word during training.
Actually, for a parallel sentence pair, gold target words have different prediction
probability distributions (costs). Fig. 1 shows an example. Given the gold target sentence {y1 , y2 , y3 , y4 } during training, each gold target word has a different probability
distribution. y1 ranks first and this is the ideal case. y2 ranks second and the gap with
the best candidate is quite small (0.01), making y2 only need a small boost. In contrast,
although there exists a small gap (0.05) between y3 and the top one, its ranking is relatively low (lower than the beam size in decoding). The ranking of y4 is high (second)
while there exists a huge gap (0.85) with the top one. Intuitively, y3 and y4 need a big
boost to increase the ranking or reduce the gap.
We believe that it is more reasonable to assign different learning rates to words
under different costs. Therefore, we propose a cost-aware learning rate method, which
can produce dynamic learning rates according to the probability distribution of the gold
target words. More specifically, for the gold words which have a low probability ranking
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Fig. 1. For the target sentence y1 , y2 , y3 , y4 in a parallel sentence pair, each gold target word
(highlighted in yellow) has a different prediction probability distribution, and ideally dynamic
learning rate is needed. In this example, we assume the beam size in decoding is set to 4.

(lower than the beam size which is set in decoding) or have a big probability gap with
the top candidate, the method will produce a larger learning rate and vice versa.
In this paper, we make the following contributions:
1) To best of our knowledge, this is the first effort to propose a cost-aware learning
rate to improve the training procedure of neural machine translation. According to the
prediction probability distributions, we design different strategy to produce dynamic
learning rates.
2) Our empirical experiments on Chinese-English translation tasks show the efficacy
of our methods and we can obtain an average improvement of 0.87 BLEU score on
multiple evaluation datasets.
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Neural Machine Translation

The goal of machine translation is to transform a sequence of source words X =
{x1 , x2 , ..., xT x } into a sequence of target words Y = {y1 , y2 , ..., yT y }. The NMT
contains two parts, encoder and decoder. As the name suggests, encoder transforms the
source sentence X into context vectors C. And decoder generates target translation Y
from the context vectors C by maximizing the probability of p(yi |y<i , C). And Fig. 2
shows the framework of the attention-based NMT proposed by Luong et al. [14], which
utilizes stacked Long Short Term Memory (LSTM) [29] layers for both encoder and
decoder .
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Fig. 2. The encoder-decoder framework for NMT.

Given the sentence aligned bilingual training data, the cost functions can be defined
as the following conditional log-likelihood1 :
L(θ, D) =

N Ty
1 XX
(n)
(n)
log(p(yi |p(y<i , X (n) , θ))
N n=1 i

(1)

Then, we can use maximum likelihood estimation with stochastic gradient descent
and back propagation through time to get the optimal parameters as follows:
θ ← θ + η ∗ 5L(θ, D)

(2)

Where η is the learning rate, 5L(θ, D) is the gradient direction, and can be calculated as the sum of the gradients of the sentences in minibatch B:
5L(θ, D) =

B
X

5L(θ, (X (n) , Y (n) ))

(3)

n=1
1

Recently, evaluation metric oriented cost functions are investigated Shen et al.[21] and Wu et
al. [25] and the cost-aware learning rate can also be applied. In this paper, we use log-likelihood
costs as a case study.

4

Yang Zhao, Yining Wang, Jiajun Zhang and Chengqing Zong

The gradients of each sentences can be calculated as a sum of gradients per-step:
5L(θ, (X (n) , Y (n) )) =

Ty
X

(n)

(n)

5log(p(yi |y<i , X (n) , θ))

(4)

i=1

From Eq. (2)-Eq. (4), the final parameter optimization method can be defined as
follows:
Ty
B X
X
(n) (n)
θ ←θ+η∗
5log(p(yi |y<i , X (n) , θ))
(5)
n=1 i=1

It is easy to see from Eq. (5) that the current optimization algorithm sets a unified
(n) (n)
learning rate η for each step gradient 5log(p(yi |y<i , X (n) , θ)).
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Cost-aware Learning Rate

In section 2 we described the current optimization algorithm (Eq. (5)), which sets a
unified learning rate for each gold target word during training. In fact, the probability
distributions vary dramatically for gold target words in different training steps. Ideally,
a gold target word should be penalized much more if it ranks very low or has a big gap
with the best candidate. Accordingly, dynamic learning rate is needed. To achieve this
goal, we design cost-aware learning rate as follows:
Step1: For each gold target word yi in Y , we can get the ranking (denoted as r) of
yi based on the prediction probability distribution p(Vt |y<i , X, θ), where Vt is all the
target candidates.
Step2: We can also get the probability gap between yi and the word with the maximum probability as follows:
g = max(p(Vt |y<i , X, θ)) − p(yi |y<i , X, θ)

(6)

Step3: Then, we can calcuate the cost aware learning rate λi for yi as follows:
λi = α ∗ f (r) + β ∗ g + γ

1 if r > b
f (r) =
0 if r ≤ b

(7)

Where r is derived from Step 1, g is calculated as Eq. (6), b is the beam size which is
set in decoding, α, β and γ are hyper parameters that can be used to adjust the respective
weights. As shown in Eq. (7), our method has two functions:
1) It can produce a larger learning rate for the word whose ranking is lower than
the beam size. Here we explain the reason why we design our method like this. During
decoding, we will use beam search to get the best target sentence. To make it possible,
we should first guarantee that each gold target word could rank before beam size during
training. Therefore, the algorithm will set a larger learning rate for the word whose
ranking is lower than the beam size to boost its ranking.
2) It can also produce a larger learning rate for the words which have a big probability gap with the top one. The process of involving g is important because we want
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to reduce the gap between the gold target words and the candidates with the maximum
prediction probability.
After getting the cost-aware learning rate λi for yi , our final parameter optimization
method, extended from Eq. (5), can be described as follows:
θ ←θ+η∗

Ty
B X
X

(n)

(n)

λi ∗ 5log(p(yi |y<i , X (n) , θ))

(8)

n=1 i=1

where λi is calculated as Eq. (7). We retain the unified learning rate η. When α = 0,
β = 0 and γ = 1 (Eq. (7)), our method falls back to the original optimization method.

4

Experimental Settings

4.1

Dataset

We test the proposed methods on Chinese-to-English with two data sets: 1) small data
set, which includes 0.63M2 sentence pairs; 2) large-scale data set, which contains about
2.1M sentence pairs. For validation, we choose NIST 2003 (MT03) dataset. For testing,
we use NIST2004 (MT04), NIST 2005 (MT05), NIST 2006 (MT06) and NIST 2008
(MT08) datasets.
4.2

Training and Evaluation Details

We use the Zoph RNN toolkit3 to implement our described methods. The encoder and
decoder include two stacked LSTM layers. The word embedding dimension and the size
of hidden layers are all set to 1,000. We use a minibatch size of B = 128. We limit the
vocabulary to 30K most frequent words for both the source and target languages. Other
words are replaced by a special symbol UNK. At test time, we employ beam search
with beam size b = 12. We use case-insensitive 4-gram BLEU score as the automatic
metric [18] for translation quality evaluation.
4.3

Translation Methods

In the experiments, we compare our method with the conventional Statical Machine
Translation (SMT) model and the baseline NMT model trained with the unified learning
rate. We list all the translation methods as follows:
1) Moses: It is the state-of-the-art phrase-based SMT system [11]. Our system is
built using the default settings.
2) U lr: It is the baseline attention-based NMT system [14,28] trained with the
unified learning rate. The initial unified learning rate η is set to 0.1, and the learning
rate decay for η is set to 0.5.
2

3

LDC2000T50, LDC2002L27, LDC2002T01, LDC2002E18, LDC2003E07, LDC2003E14,
LDC2003T17, LDC2004T07.
https://github.com/isi-nlp/Zoph_RNN. We extend this toolkit with global attention.
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3) C lr: It is similar to U lr except that it is trained by our cost-aware learning rate
method. The hyper parameters in Eq. (7) are respectively set to 0.2 (α), 0.8 (β) and 1
(γ), which are tuned on the validation dataset.
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Translation Results

Method

MT03 MT04 MT05 MT06 MT08 Ave

Moses(small) 28.35 30.02 29.10 32.92 23.20 28.72
U lr(small) 34.20 36.96 32.60 33.85 25.96 32.71
C lr(small) 35.01∗ 37.74∗ 33.71† 34.93† 26.51∗ 33.58
Moses(large) 38.54 39.01 36.55 35.59 24.76 34.89
U lr(large) 39.07 40.49 37.26 38.04 28.83 36.74
C lr(large) 39.73∗ 41.06∗ 38.24∗ 38.88∗ 29.49∗ 37.48
Table 1. Translation results (BLEU) for different methods on small and large-scale data.
“*”indicates that it is statistically significant better (p < 0.05) than “U lr”and ”†” indicates
p < 0.01.
.

Table 1 reports the detailed translation results for different methods. Comparing the
Moses and U lr, it is very obvious that the attention-based NMT system U lr substantially outperforms the phrase-based SMT system Moses on both small and large data,
where average improvement on small data is up to 3.99 BLEU points (32.71 vs. 28.72)
and on large data is 1.85 (36.74 vs. 34.89).
Compared to U lr (row 2 in Table1), our method (C lr ) improves the translation
quality on all test sets and the average improvement is up to 0.87 BLEU points (33.58
vs. 32.71). It indicates that our cost-aware learning rate method can learn better network
parameters for neural machine translation.
As our method tries to make more gold target words rank before beam size and
reduce the probability gap between the gold word and the best candidate with the maximum prediction probability, we calculate in the training data the proportion of the gold
target words which rank in top beam size and the average gap between the gold target
word and the top one. As shown in Table 2, our method can indeed boost the rankings
of the gold target words and narrow the gap with the best candidate.

Method ranking in top beam size gap
U lr
92.73%
0.067
C lr
95.92%
0.046
Table 2. The proportion of gold target words whose rankings lie in the top beam size and the
average gap between the gold target words and the best candidate.
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Besides that, we conduct another experiment to find out whether or not is our
method still very effective when we have much more bilingual data. As shown by the
last two rows in Table 1, our model can also improve the NMT translation quality on
all of the test sets and the average improvement can be up to 0.74 BLEU points (37.48
vs. 36.74).
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Related Work

In order to get better parameters for NMT, most of the existing works mainly focus on using more monolingual data [3,7,20,27] or adding additional prior knowledge besides bilingual data [5,17,24,26], and designing better attentional mechanisms
[2,14,6,13,15,16].
Our work attempts to improve the network parameter tuning for neural machine
translation when the log-likelihood objective function is employed. There are two closely
related studies: one resorts to redesign the loss functions and the other tries to optimize
the beam search algorithm.
Shen et al.[21] applies the minimum risk training for NMT and achieves a significant improvement. Sam and Alexander [19] proposes a model using beam search
training scheme to get sequence-level scores.
Several researchers improved the beam search method in decoding. He et al. [8]
and Stahlberg et al.[22] rerank target word candidates with additional features. Li and
Jurafsky [12] rescore the translation candidates on sentence-level by using the mutual
information between target and source sides. Hoang et al. [9] converts the decoding
from a discrete optimization problem to a continuous optimization problem.
The significant difference between our work and these studies lies in that our work
focuses on improving the NMT training procedure from another perspective. We design
a cost-aware learning rate method and set different learning rates for the words with
different costs.

7

Conclusions and Future Work

In order to improve the current NMT optimization algorithm that used a unified learning
rate for each gold target word during the whole training procedure, we proposed a costaware learning rate method, which aims at producing different learning rates for the
gold target words under different probability distributions. The extensive experiments
show that our method can achieve statistical significantly improvements on translation
quality.
In the future, we plan to design more effective methods to calculate more appropriate learning rates for NMT training.
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