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1) https://translate.google.com/

2) https://www.deepl.com/translator

3) https://udtalk.jp/

4) https://bit.ly/3pWhz9T
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i A that is very cool. i do not draw but i do dance ] (HBF0HEL)

B D38EE 1 [ i can't dance but i will learn once i get my new home

i 4!' i have been taking dance since i was very little. ] HFDHE2)

i
! Please choose your next reply from:

you can dance well by now. my mother taught me how to play the piano. ] i

[
i [ wonderful. }:
[

i sorry, i didn't get you. could you explain that again? ]i

BEAvE—YRL

| 2: that is very cool. i do not draw but i do dance ]ﬁai@:’éiil)
i

2y (ZEaE

1 [ i can't dance but i will learn once i get my new home

i 2: i have been taking dance since i was very little. ]-‘ET:' DEEE 2

£ Warning! This message may be translated incorrectly. 4

Please choose your next reply from:

3 [ you can dance well by now. my mother taught me how to play the piano. ]

i [ wonderful.

> BEAYE—UGL—BYOIBETELSTS
s> EE Ay —UBY G LOEETEETS

| [ sorry, i didn't get you. could you explain that again? }

\ T EEA-UEY-RLORETEEYS 0 Mmoo
[ Q1: Without hints, do you think there were erroneous translations in the chat? ]
Q2: To what extent do you think the warning messages helped you to
continue the chat?
B1 77— rAEOHAN. SEE, BEXvte—IkL (B) BEXvyE—-YHY () ©2 772 FOXEE
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BEXyb—Th D BRI

B Xy B—R LT
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ek 77.2% (234) 70.5% (165)
rh GG 70.2% (228) 72.4% (165)
HA GG 54.5% (175) 69.7% (122)

GRS DEAZ BEXvL—RLT
WiELEL &

ASGRIT S DA Z
FLENAS RO AV~ WiELEL &

77.4% (234)
77.7% (241)
52.7% (158)

67.1% (157)
62.7% (151)
70.3% (111)

changed choices before the turn changed choices at the same turn
@ did not change choices at the same turn

100%
245 194 156
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285
231

50% 20

25% 210
139

180

0%

English Chinese Japanese
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Architecture 2-to-2 Transformer [2, 10]
Enc-Dec layers 6
Attention heads 8

Word-embedding dimension 512

Feed-forward dimension 2,048

Share all embeddings True

Optimizer Adam (8; =0.9,8, =0.98,¢€ =
1x107%)

Learning rate schedule Inverse square root decay

Warmup steps 4,000

Max learning rate 0.001

Initial Learning Rate le-07

Dropout 0.3

Label smoothing € =0.1

Mini-batch size 8,000 tokens

Number of epochs 20

Averaging Save checkpoint for every 5000
iterations and take an average of
last five checkpoints

Beam size 6 with length normalization

Implementation fairseq [20]

How much do you think the warning message is helpful in cross-lingual chats?

1 (not helpful at all) 2 ®3 @4 @ 5 extremely helpful)

162 (25.5%)

13 (17.8%)

244 (40.3%)

114.(18.4%)

284 (46.9%)

287 (46.2%)
305 (48.0%)

Japanese Survey
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How much do you think the warning message is helpful in cross-lingual chats?
3 @ 4 @ 5 (extremely helpful)
Warnings of the received messages.

1 (not helpful at all) 2

80 (25.5%)

75 (23.9%)

125 (41.3%)

144 (47.5%)

145 (46.2%) 155 (49.4%)

English Survey Chinese Survey Japanese Survey

Warnings of the sent messages.
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'What features do you think would be helpful if added to the warning messages?’
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