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機械翻訳について勉強したい。

I want to study about machine translation.

なるべく良い翻訳...

I need to master machine translation.
machine translation want to study.



infobox ） 

infobox buddhist
道元 は 鎌倉 時代 初期 の で あ る 。 

道元 （ どう げん ） は 、 鎌倉 時代 初期 の 禅僧 。
曹洞 禅 の 開祖 

曹洞 宗 の 開祖 。
その 生涯 に は kigen 名 が あ る 。 

晩年 に 希玄 と い う 異称 も 用い た 。
一般 に は 宗 と 呼 ば れ る こと に よ っ て 尊称 は 高僧 が あ る 。 

同宗旨 で は 高祖 と 尊称 さ れ る 。
死後 に と い っ た 仏所 伝灯 国師 、 joyo-daishi で あ る 。 

諡 は 、 仏性 伝東 国師 、 承陽 大師_ ( 僧 ) 。
一般 に は 道元 禅師 と 呼 ば れ る 。 

一般 に は 道元 禅師 と 呼 ば れ る 。
また ～ 686 の 普及 に つ い て の 修行 を tooth brushing 、 大峰 、 食事 作法 

cleaning と し て 、 日本 に お い て い る 。 

日本 に 歯磨き 洗面 、 食事 の 際 の 作法 や 掃除 の 習慣 を 広め た と い わ 

れ る 。



エラー
• 探索エラー: スコアの高い翻訳を出すのに失敗

• モデルエラー: スコアの高い翻訳が誤っている

• 学習データの問題: 小さい、異なる

• 手軽な対処: 最適化(チューニング)
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k-best翻訳
this is the kyoto kanko hotel , front desk . ||| -48.68790464
this is the kyoto kanko hotel , front desk . ||| -48.85902546
this is the kyoto kanko hotel , front desk . ||| -49.90369084
this is the kyoto kanko hotel , front desk . ||| -50.07481166
this is the kyoto kanko hotel , front desk . ||| -50.32856858
kyoto kanko hotel , front desk . ||| -51.13501382
kyoto kanko hotel , front desk . ||| -51.30613464
this is the kyoto kanko hotel , front desk . ||| -51.54435478
kyoto kanko hotel , front desk . ||| -52.35080002
kyoto kanko hotel , front desk . ||| -52.52192084
kyoto kanko hotel , front desk . ||| -52.71186262
kyoto kanko hotel , front desk . ||| -52.77567776
kyoto kanko hotel , front desk . ||| -52.88298344
hello , this is the kyoto kanko hotel . front desk . may i help you as soon as possible . ||| -53.77178844
hello , this is the kyoto kanko hotel , front desk . may i help you as soon as possible . ||| -53.90754257
hello , this is the kyoto kanko hotel . front desk . may i help you as soon as possible . ||| -53.92571267
kyoto kanko hotel , front desk . ||| -53.92764882
kyoto kanko hotel , front desk . ||| -53.99146396
hello , this is the kyoto kanko hotel , front desk . may i help you as soon as possible . ||| -54.06146681
kyoto kanko hotel , front desk . ||| -54.09876964
kyoto kanko hotel , front desk . ||| -54.35252656
hello , this is the kyoto kanko hotel . front desk . may i help you as soon as possible . ||| -54.98757464



I want to study about machine translation -2 -3 -4

I need to master machine translation -3 -4 -4

machine translation want to study -2 -5 -1

I don’t want to learn anything -5 -2 -3
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-11
-8

-10

kbest翻訳
log Pr(�|e) log Pr(e)

0.5×-2 0.4×-3 0.2×-4

0.5×-3 0.4×-4 0.2×-4

0.5×-2 0.4×-5 0.2×-1

0.5×-5 0.4×-2 0.2×-3

-3.0
-3.9
-3.2
-3.9

log Pr(f , �|�)
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機械翻訳について勉強したい。

重み付けにより並び替え



• より一般化:

重み付け
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0.5
ê =

e
Pr(f , �|�, e) Pr(�|e) Pr(e)

0.40.2

最適化 = 最適なwを識別学習

(Och and Ney, 2002)

ê = arg max
e

�
d exp

�
w�h(f , d, e)

�
�

e�,d� exp
�
w�h(f , d�, e�)

�

� arg max
�e,d�

w�h(f , d, e)



MTパイプライン
対訳データ

翻訳モデル 言語モデル 

デコーダ

対訳データ

重みパラメータ

(少量?)高品質

大量(低品質?)kyoto-train.{ja,en}

kyoto-dev.{ja,en}



一つの次元に着目
ŵ = arg min

w
�error(

�
arg max

e
w� · h(f (s), e)

�S

s=1

,
�

e(s)
�S

s=1
)
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(Och, 2003)

0.5×-2 0.4×-3 ?×-4

0.5×-3 0.4×-4 ?×-4
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一つの次元に着目、線分探索



線分探索

• 一つの次元を選択した場合、各候補を「線」としてみ
なせる

• 「線」の集合から、凸包(convex hull)を計算

wm

sc
or

e

wm

er
ro

r
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ê =
e

w�
m · hm(f (s), d, e)� �� �

傾き

+ w�
m · hm (f (s), d, e)

� �� �
切片



エラー曲線
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Figure 1: Shape of error count and smoothed error count for two different model parameters. These curves
have been computed on the development corpus (see Section 7, Table 1) using alternatives per source
sentence. The smoothed error count has been computed with a smoothing parameter .

and try to find a better scoring point in the param-
eter space by making a one-dimensional line min-
imization along the directions given by optimizing
one parameter while keeping all other parameters
fixed. To avoid finding a poor local optimum, we
start from different initial parameter values. A major
problem with the standard approach is the fact that
grid-based line optimization is hard to adjust such
that both good performance and efficient search are
guaranteed. If a fine-grained grid is used then the
algorithm is slow. If a large grid is used then the
optimal solution might be missed.

In the following, we describe a new algorithm for
efficient line optimization of the unsmoothed error
count (Eq. 5) using a log-linear model (Eq. 3) which
is guaranteed to find the optimal solution. The new
algorithm is much faster and more stable than the
grid-based line optimization method.

Computing the most probable sentence out of a
set of candidate translation (see
Eq. 6) along a line with parameter
results in an optimization problem of the following

functional form:

(8)

Here, and are constants with respect to .
Hence, every candidate translation in corresponds
to a line. The function

(9)

is piecewise linear (Papineni, 1999). This allows us
to compute an efficient exhaustive representation of
that function.
In the following, we sketch the new algorithm

to optimize Eq. 5: We compute the ordered se-
quence of linear intervals constituting for ev-
ery sentence together with the incremental change
in error count from the previous to the next inter-
val. Hence, we obtain for every sentence a se-
quence which denote the
interval boundaries and a corresponding sequence
for the change in error count involved at the corre-
sponding interval boundary .
Here, denotes the change in the error count at

(Och, 2003)11



エラー空間への投射

sc
or

e
er

ro
r

• 複数の文の凸包を同一の軸へ写像

• 文書単位のエラー(i.e. BLEU)を計算可能
12



MERT

• MERT(Minimum Error Rate Training) (Och, 2003)

• ℓerror(.)に対して、様々なエラー関数を使用可
能(例えば、1 - BLEU)

• wを更新するたびに、argmaxを計算: kbest近似

13

ŵ = argmin
w

ℓerror(

{
argmax

e
w⊤ · h(f (s), e)

}S

s=1

,
{
e(s)

}S

s=1
)



�
(f (s), e(s))

�S

s=1

n = 1...T � 繰り返しT
wでデコード、kbestリストを生成
kbestリストを結合

k = 1...K � 繰り返しK
m = 1...M
次元mで線分探索、wを更新

おおきなループ

wを更新

kbestを更新 K回

T回



• 各繰り返しでk-bestを結合しつつ学習

• 収束はするけど.... 局所解
15

kbest近似最適化



局所解

• MERTは、パラメータの初期値に大きく依存

• ランダムな初期値から複数MERT

optimizer samples, we have a statistic that jointly
quantifies the impact of test set effects and optimizer
instability on a test set. We call this statistic ssel.
Different values of this statistic can suggest method-
ological improvements. For example, a large ssel in-
dicates that more replications will be necessary to
draw reliable inferences from experiments on this
test set, so a larger test set may be helpful.

To compute ssel, assume we have n indepen-
dent optimization runs which produced weight vec-
tors that were used to translate a test set n times.
The test set has � segments with references R =
�R1, R2, . . . , R��. Let X = �X1, X2, . . . , Xn�
where each Xi = �Xi1, Xi2, . . . ,Xi�� is the list of
translated segments from the ith optimization run
list of the � translated segments of the test set. For
each hypothesis output Xi, we construct k bootstrap
replicates by drawing � segments uniformly, with re-
placement, from Xi, together with its corresponding
reference. This produces k virtual test sets for each
optimization run i. We designate the score of the jth
virtual test set of the ith optimization run with mij .
If mi = 1

k

�k
j=1 mij , then we have:

si =

����
k�

j=1

(mij � mi)2

k � 1

ssel =
1
n

n�

i=1

si

4.2 Comparing Two Systems
In the previous section, we gave statistics about
the distribution of evaluation metrics across a large
number of experimental samples (Table 1). Because
of the large number of trials we carried out, we can
be extremely confident in concluding that for both
pairs of systems, the experimental manipulation ac-
counts for the observed metric improvements, and
furthermore, that we have a good estimate of the
magnitude of that improvement. However, it is not
generally feasible to perform as many replications
as we did, so here we turn to the question of how
to compare two systems, accounting for optimizer
noise, but without running 300 replications.

We begin with a visual illustration how opti-
mizer instability affects test set scores when com-
paring two systems. Figure 1 plots the histogram
of the 300 optimizer samples each from the two
BTEC Chinese-English systems. The phrase-based

Figure 1: Histogram of test set BLEU scores for the
BTEC phrase-based system (left) and BTEC hierarchical
system (right). While the difference between the systems
is 1.5 BLEU in expectation, there is a non-trivial region
of overlap indicating that some random outcomes will re-
sult in little to no difference being observed.

Figure 2: Relative frequencies of obtaining differences
in BLEU scores on the WMT system as a function of the
number of optimizer samples. The expected difference
is 0.2 BLEU. While there is a reasonably high chance of
observing a non-trivial improvement (or even a decline)
for 1 sample, the distribution quickly peaks around the
expected value given just a few more samples.

system’s distribution is centered at the sample
mean 48.4, and the hierarchical system is centered
at 49.9, a difference of 1.5 BLEU, correspond-
ing to the widely replicated result that hierarchi-
cal phrase-based systems outperform conventional
phrase-based systems in Chinese-English transla-
tion. Crucially, although the distributions are dis-
tinct, there is a non-trivial region of overlap, and
experimental samples from the overlapping region
could suggest the opposite conclusion!

To further underscore the risks posed by this over-
lap, Figure 2 plots the relative frequencies with
which different BLEU score deltas will occur, as a
function of the number of optimizer samples used.

When is a difference significant? To determine
whether an experimental manipulation results in a

179
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(Clark et al., 2011)最適化

最適化



最適化

• ある損失関数 ℓ  を仮定し、対訳データ
(F, E)に対するリスクを最小化" "

• 真の分布は未知なため、正則化 (Ω) さ
れた経験リスクを最小化

17

ŵ = arg min
w�W

EPr(F,E)[�(F, E; w)]

= arg min
w�W

�(F, E; w) + ��(w)



kbest近似最適化

• ℓerror (MERT) 以外のℓ? (できれば、凸関数)

• Ωは... L1あるいはL2正則化
18

�F, E�
C = {}

t = 1...T
wでデコード、kbestリストを生成
kbestリストをCへ結合
w(t+1) =

w
�(F, E, C; w) + ��(w)



確率モデル

• kbestのうち、良さそうな翻訳(オラクル翻訳)の
確率が高くなるように最適化(Och and Ney, 2002)

I want to study about machine translation
I need to master machine translation
machine translation want to study
I don’t want to learn anything

e1

e2

e3

e4

Pr(e1SV e2|e1SV e2SV e3SV e4)

> Pr(e3SV e4|e1SV e2SV e3SV e4)
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確率モデル

• オラクル翻訳(o(s))は山登り法などで決定

• CGやLBFGS、SGDで最適化

ŵ = argmin
w

ℓsoftmax(F,E,C) + λΩ(w)

20

(Och and Ney, 2002; Blunsom et al., 2008)

�softmax(F, E, C) = �
S�

s=1

�

e��o(s)

w�h(f (s), e�)

�

e��c(s)

w�h(f (s), e�)



PRO

• Pairwise Rank Optimization(PRO) (Hopkins and 
May, 2011)

• 各翻訳候補の全順序関係を見るのではなく、
ペア単位で比較

21

I want to study about machine translation
I need to master machine translation
machine translation want to study
I don’t want to learn anything

e1

e2

e3

e4

error(e1) < error(e3) �� w�h(f , e1) > w�h(f , e3)



PRO

• 網羅的にペア単位に比較(あるいはサンプリ
ング)、誤ったランクに対するペナルティ

• 二値分類問題へと帰着: 一般的な分類器

ŵ = argmin
w

ℓhinge(F,E,C) + λΩ(w)

�hinge(F, E, C) =

S�

s=1

�

e�c(s)

�

e��c(s)

error(e)<error(e�)

max
�

0, 1 �
�
w�h(f (s), e) � w�h(f (s), e�)

��
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期待値

• 翻訳エラーの期待値を最小化

I want to study about machine translation
I need to master machine translation
machine translation want to study
I don’t want to learn anything

e1

e2

e3

e4

23

E

�

���

(e1)SV
(e2)SV
(e3)SV
(e4)

�

���



期待値

• 文単位の翻訳エラーの期待値: テイラー展開(Tromble 

et al., 2008)やngramの期待値(Pauls et al., 2009; Rosti et 

al., 2010; Rosti et al., 2011)により、文単位の尺度を近似

• CGやLBFGS、SGDで最適化

�expectation(F, E, C) =
S�

s=1

�

e�c(s)

error(e)P�,w(e|f (s))

P�,w(e|f (s)) =
�w�h(f (s), e)�

e�c(s)

�w�h(f (s), e�)

24

(Smith and Eisner, 2006)



大規模化

• データが多い、高次元な素性ベクトル

• 効率のよい学習手法?
25

h(f , d, e) =

�

�������������

...

...

...

...

...

...

�

�������������



 どうせ近似するなら...

• 学習データを近似

• 非常に簡単なアルゴリズムで実現

 一部をラン
ダムに選択

w

更新

繰り返し
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オンライン学習

• 自然言語処理ではよく使われる: 形態素解析、構文
解析etc.

• 当然、機械翻訳にも使えます(Watanabe et al., 2007)
27

�F, E� =
�

�f (i), e(i)�
�N

i=1

w(1) � �
t � {1, . . . , T}
�F̃ (t), Ẽ(t)� � �F, E�
C̃(t) � (F̃ (j), w(t))
w(t+1) � w�W �(F̃ (t), Ẽ(t), C̃(t); w) + ��(w)

w(T+1)

ランダムにサンプ
リング: mini batch

デコード 更新



問題: BLEU

• k-bestのランキングに基づく最適化

• コーパス単位のBLEU ≠文単位のBLEUの平均

• 文単位では、正しく学習するのは困難

I want to study about machine translation
I need to master machine translation
machine translation want to study
I don’t want to learn anything

e1

e2

e3

e4



BLEUの近似

• 今までの各文に対するBLEUの統計量を保存(1-

bestあるいはoracle) (Watanabe et al., 2007)

29

GEN(f (s),w)

e(1), · · · ,

⎛

⎜⎜⎜⎜⎜⎜⎜⎝

c(s)1
...

c(s)i
...

c(s)K

⎞

⎟⎟⎟⎟⎟⎟⎟⎠

, · · · , e(S)



減衰によるBLEUの近似

• sentence-BLEUに対して、今までのBLEUの履歴
(×0.9)を加える(Chiang et al., 2008)

30

b � 0.9 � (b + c(e))

l � 0.9 � (l + |f |)

B(e) = (l + |f |) � Bleu(b + c(e))

ê(s) = argmax
e

�B(e) + w�h(f (s), e)

ė(s) = argmax
e

+B(e) + w�h(f (s), e)



パーセプトロン

31

�F, E� =
�

�f (i), e(i)�
�N

i=1

w(1) � 0
t � {1 . . . T}
�f , e� � �F, E�
c̃ � (f , w(t))
�ê, d̂� � c̃
�e�, d�� � õ � c̃

�e�, d�� �= �ê, d̂�
w(t+1) � w(t) + h(f , e�, d�) � h(f , ê, d̂)

w(T+1)あるいは 1
T

�T+1
t=2 w(t)

一文だけサンプル

1-best

オラクル翻訳

間違ったらペナルティ

最後のパラメータor平均値



パーセプトロン
I want to study about machine translation
I need to master machine translation
machine translation want to study

I don’t want to learn anything

e1

e2

e3

e4

• e1のスコアが、e3のスコアよりも、大き
くなるように、wを更新

arg min
w

max
�
0, 0 �

�
w�h(f , e1) � w�h(f , e3)

��

32



hinge損失
I want to study about machine translation
I need to master machine translation
machine translation want to study

I don’t want to learn anything

e1

e2

e3

e4

• e1のスコアが、e3のスコアよりも、1 以
上大きくなるように、wを更新

arg min
w

max
�
0, 1 �

�
w�h(f , e1) � w�h(f , e3)

��
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MIRA

• 以前のパラメータw(t)との差分を小さくしつ
つ、 e1のスコアが、e3のスコアよりも、翻
訳のエラー以上大きくなるように、wを更新

arg min
w

�
1

2
�w � w(t)�2

+ � error(e1, e3) �
�
w�h(f , e1) � w�h(f , e3)

�

34

(Crammer et al., 2006)



MIRA

• 非常に簡単な更新: α(t)により更新の量を調整

• α(t)=1: パーセプトロン

�h(f , e1, e3) = h(f , e1) � h(f , e3)

w(t+1) � w(t) + �(t)�h(f , e1, e3)

�(t) = min

�
1

�
,
� error(e1, e3) � w(t)��h(f , e1, e3)

��h(f , e1, e3)�2

�

35

他にも、CWやAROWなど様々な更新式



まとめ
• kbestを結合しながらバッチ学習

• MERT: 線分探索による最適化

• 他にも: 確率モデル、PRO、期待エラー

• MERTと比較して、大量の素性を最適化可能

• オンライン学習: 大規模データ、高次元素性
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