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Figure 10: « and || f(«)|| corresponding to [CLS] to-
ken, averaged on all the input text.

(a) a.

() [|.f ()]
Figure 11: o and || f()|| corresponding to periods and
commas, averaged on all the input text.

tively. The values in these figures were calculated
as described in Appendix D.2. Figures 10 and 11
show that the trends for categories B and C' were
analogous to those for the [SEP] token; the large v
was canceled by the small || f(x)||. However, the
trends for category D do not exhibit the trends of
the negative correlation between « and || f(x)||. In
each heatmap of || f(x)||, the color scale is deter-
mined by the maximum value of || f(x)|| in each
category.

We also reported the relationship between « and
|| f(x)|| in Section 4.2 (Figure 5). Figure 13 shows
the results for each word category to provide a
clearer display of the results.

D.4 Experimental setup and visualizations
for Section 4.3

In Section 4.3, we analyzed the relationship be-
tween the word frequency and || f(x)||. To for-
mally describe our experiments, we further define
the functions as follows:

L XX

AvgW(p, ) = 1575

Weight(p, g, ¢, h)
=1h=1

1 X2 X2
S 12412

AvgN(p, q) Norm(p, ¢, 4, h).

Note that we analyzed a model comprising 12
layers; each layer has 12 attention heads. Let

() | (@)]].
Figure 12: « and || f()|| corresponding to other to-
kens, averaged on all the input text.

(a) a.

[Nl
11Ol

(a) [CLS]. (b) [SEP].

25 |

00 02 04 06 08 10
Attention weight a

(c) Periods and commas. (d) Other tokens.

Figure 13: Relationship between « and ||f(x)|| for
each category.

7(-) be a function that returns the frequency rank
of a given word. We first calculated the Spear-
man rank correlation coefficient between r(t§) and
AvgW(p, q). The score was 0.06, which suggests
that there is no relationship between « and the fre-
quency rank of the word. Then, we calculated
the Spearman rank correlation coefficient between
r(t§) and AvgN(p, q). The score was 0.75, which
suggests a strong correlation between || f(x)|| and
the frequency rank of the word; Figure 14 shows
these results.

In addition, the results for the word frequency,
instead of the frequency rank, are shown in Fig-
ure 15. ¢(-) denotes a function that returns the fre-
quency of a given word in the training dataset of
BERT. We reproduced the dataset because it is not
released.

E Details on Section 5

E.1 Hyperparameters and training settings

We used the Transformer (Vaswani et al., 2017)
NMT model implemented in fairseq (Ott et al.,
2019) for the experiments. Table 5 shows the hy-
perparameters of the model, which were the same
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Figure 14: Relationship between frequency rank
r(th) and AvgW(p,q), and that between r(t}) and
AvgN(p, g).

as those used by Ding et al. (2019). We used the
model with the highest BLEU score in the devel-
opment set for our experiments.

We conducted the data preprocessing!® follow-
ing the method by Zenkel et al. (2019) and Ding
et al. (2019). All the words in the training data
of the NMT systems were split into subword
units using byte-pair encoding (BPE, Sennrich
et al. (2016)) with 10k merge operations. Fol-
lowing Ding et al. (2019), the last 1000 instances
of the training data were used as the development
data.

E.2 Settings of the word alignment extraction

First, we applied BPE, which was used to split
the training data of the NMT systems to create
the evaluation data used for calculating the AER
scores. Next, we extracted the scores of o and
|laf (x)|| for each subword in the evaluation data
for the force decoding setup. The gold align-
ments are annotated at the word-level, not the
subword-level. To calculate the word-level align-
ment scores, « and ||af(x)|| for the subwords
were merged along with the target token in the
gold data by averaging, then merged along with
the source tokens in the gold data by summation.
These operations were the same as Li et al. (2019).

18ht’cps: //github.com/1lilt/alignment-scripts
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Figure 15: Relationship between frequency count
c(th) and AvgW(p,q), and that between c(t}) and

AvgN(p, ).

In existing studies, (/s), the special token for
the end of the sentence, was probably removed in
calculating word alignments. We included (/s) as
the alignment targets and we considered the align-
ments to (/s) as no alignment. In other words, if
the model aligns a certain word with (/s), we as-
sume that the model decides that the word is not
aligned to any word.

E.3 Layer-wise analysis

We preliminarily investigated how the source-
target attentions in a Transformer-based NMT sys-
tem behave depending on the layer. Tang et al.
(2018) have reported that they behave differently
depending on the layer. The AER scores in the
AWI and AWO settings were calculated for each
layer (Figure 16). In the AWO setting, AER scores
tend to be better in the latter layers than in the
earlier layers (Figure 16a). In contrast, the AER
scores tend to be better in the earlier layers than in
the latter layers in the AWI setting (Figure 16b).
These results suggest that the earlier and lat-
ter layers focus on the source word that is aligned
with the input and output target word, respectively
(as shown in Figure 6). Furthermore, we believe
that it is a convincing result to extract cleaner word
alignments from the AWI setting than the AWO
setting (Figure 16), because the AWI setting is
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architecture transformer_iwslt_de_en
encoder embed dim. 512
decoder embed dim. 512
encoder ftn embed dim. 1024
Fairseq model decoder ffn embed dim. 1024
encoder attention heads 4
decoder attention heads 4
encoder layers 6
decoder layers 6
Activation function Relu
Loss type label smoothed cross entropy
label smoothing 0.1
algorithm Adam
learning rates 0.001
Optimizer £ 0.9
B2 0.98
weight decay 0.0
clip norm 0.0
type inverse_sqrt
Learning rate scheduler ~ warmup updates 4,000
warmup init Irarning rate le-07
batch size 80
max tokens 4000
Training max epoch 100
update freq 8
drop out 0.1
seed 2
number of GPUs used 2

Table 5: Hyperparameters of the NMT model.

Weight-based

Norm-based

Layer
(a) AWO setting.

Weight-based = 493 298

Norm-based 325 250

Layer
(b) AWI setting.
Figure 16: Layer-wise AER scores. Each value is the
average of five random seeds. The closer the extracted

word alignment is to the reference, the lower the AER
score—the lighter the color.

more advantageous. The main advantage is that
while the decoder may fail to predict the correct
output words, the input words are perfectly accu-
rate owing to the teacher forcing.

E.4 Alignments in different layers

Figures 17 to 22 show additional examples of the
extracted alignments from the different layers of

the NMT system. Note that the color scale in each
heatmap is determined by the maximum value in
each figure. One can observe that while the atten-
tion weights « are biased towards (/s), the norms
||aef (x)|| corresponding to the token are small.

F Word alignment experiments on
different settings

To verify whether the results obtained in the
Section 5 are reproducible in different settings,
we conducted an additional experiment using the
model with a different number of attention heads.
Specifically, we used a model with eight atten-
tion heads in both the encoder and decoder. Ta-
ble 6 shows the AER scores of the 8-head model.
As with the results obtained by the 4-head model,
word alignments extracted using the proposed
norm-based approach were more reasonable than
those extracted using the weight-based approach,
and better word alignments are extracted in the
AWTI setting than in the AWO setting. Further-
more, the alignments extracted using the head or
the layer with the highest average ||of ()| in the
AWTI setting are competitive with one of the exist-
ing word aligners—fast_align. With respect to the
weight-based extraction, the scores obtained using
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Figure 17: Examples of the reference alignment and the extracted patterns by each method in layer 1. Word pairs
with a green frame shows the word with the highest weight or norm. The vertical axis represents the input source
word in the decoder, and the pairs with a green frame are extracted as alignments in the AWI setting. Note that

pairs that contain (/s) not extracted.
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Figure 18: Examples of the reference alignment and
the extracted patterns by each method in layer 2.

</s> - m - ]
We 4 . |
do - .
_hot - .
believe - | . a
that - .
we - .
should - 1
cherry-pick - .
.-I L B B B | LI B R -I LI B B | e Iml
LocE @t ccc o Cp Lo s sccc Cpz
= > e >
=8c 83%elLs v =8¢ JFcPll @
S C wils VvV 3 C wils VvV
© o0 o con
[&)] 0:3 o 0::
© ©
e e
[ [
= =
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Figure 19: Examples of the reference alignment and
the extracted patterns by each method in layer 3.

the 8-head model were worse than those obtained
using the 4-head model. This may be owing to the
increase in the number of heads that do not capture
reasonable alignments.

Figures 23a and 23b show the AER scores of
the alignments obtained by the norm-based extrac-
tion at each head on one out of five seeds. Fig-
ure 23c shows the average of ||af(x)| at each
head. As with the results obtained by the 4-head
model, the heads with the low (i.e., better) AER
score in the AWI setting tended to have the high
|loef ()] (the Spearman rank and Pearson correla-
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(a) Attention-weights. (b) Vector-norms.

Figure 20: Examples of the reference alignment and
the extracted patterns by each method in layer 4.
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(a) Attention-weights. (b) Vector-norms.

Figure 21: Examples of the reference alignment and
the extracted patterns by each method in layer 5.

tion coefficients between the AER scores and av-
eraged ||a.f ()| among the 6x8 heads are —0.26
and —0.50). In contrast, in the AWO setting, such
a negative correlation is not observed; rather, a
positive correlation is observed (the Spearman’s p
is 0.40 and the Pearson’s r is 0.40).

Additionally, following Appendix E.3, the AER
scores for both the AWI and AWO settings for
each layer were calculated (Figure 24). As with
the 4-head model (Appendix E.3), the latter layers
correspond to the AWO setting and the earlier lay-
ers corresponds to the AWI setting in the 8-head
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Figure 22: Examples of the reference alignment and
the extracted patterns by each method in layer 6.

Methods AER #SD
Transformer — Attention-based Approach
— Alignment with output setting —
Weight-based
layer mean 704 0.6
best layer (layer 4 or 5) 493 12
Norm-based (ours)
layer mean 63.2 0,7
best layer (layer 5) 434 0.8
head with the highest average ||af(x)|| 87.2 0.6
layer with the highest average ||af ()| 83.7 2.2

— Alignment with input setting —
Weight-based

layer mean 76.6 1.7
best layer (layer 2 or 3) 387 89
Norm-based (ours)
layer mean 599 1.0
best layer (layer 2 or 3) 263 19
head with the highest average ||af (z)| 249 1.7
layer with the highest average ||af (x)|| 26.5 1.9
Word Aligner
fast_align from Zenkel et al. (2019) 28.4 -
GIZA++ from Zenkel et al. (2019) 21.0 -

Table 6: Results on a model trained with the same set-
tings as described in Appendix E.1 except that the num-
ber of attention heads in the encoder and decoder is 8.
Each value is the average of five random seeds.

model.

G Comparison with effective attention
(Brunner et al., 2020)

In this section, we discuss the difference between
our approach and “effective attention” (Brunner
et al., 2020), which is an enhanced version of the
weight-based analysis. The effective attention ex-
clude the components that do not affect the output
owing to the application of transformation f and
input x from the attention weight matrix A. The
output-irrelevant components are derived from the
null space of the matrix T", which is the stack of
f(x). Figure 25a shows the Pearson correlation
coefficient between the raw attention weight and
the effective attention. Since the dimension of the
null space of the matrix T" depends on the length of

- . ) 5 93.6 93.6 91.4
~ . ) 7 84.7 71.1 805
5™ 67.079.5
)
— < 71.8 69.4 62.5
n 46.9 50.8 [tk
© . : .0 63.1 70.1 65.3
Head
(a) AER in the AWO setting.
- 91.4 89.6
~ 60.5 76. Wl 76.2 72.4
ol 712 92.2
>
©
N 01.0 93.4
Wl 01.4 83.8
Gl 01.4 86.9
1 2 3 4 5 6 7 8
Head
(b) AER in the AWI setting.
~ 0.21 0.20 fo¥2N 0.21 0.18 0.19 0.19
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Head
(c) Averaged ||af (x)]|.
Figure 23: AER scores and averaged ||«.f ()|| for each
head in a model with 8 heads.

the input sequence, as shown in Figure 25a, the ef-
fective attention and raw attention weight are iden-
tical for short input sequences. Figure 25b shows
the Pearson correlation coefficient between the
raw attention weight and our norm-based method.
Since we incorporate the scaling effects of f and
x, which contain canceling, our proposed method
llof ()| differs from the raw attention weight,
whether the input sequence is long or short.
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Figure 24: Layer-wise AER scores. Each value is the
average of five random seeds. The closer the extracted
word alignment is to the reference, the lower the AER
score—the lighter the color.
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Figure 25: Each point represents the Pearson correla-
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ward token length.
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