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Breaking Language Barriers: Enhancing Multilingual Representation
for Sentence Alignment and Translation

Zhuoyuan Mao

Sony Group Corporation

1. Introduction

In a diverse linguistic landscape where over 7,100
languages are spoken, vast swathes of digital
content remain isolated within language silos,
creating significant barriers to global communication.
Bridging these gaps is the purview of multilingual
representation learning, an emerging field within
natural language processing (NLP) that seeks to
develop computational models capable of
understanding and translating across multiple
languages. This specialized area of research aims to
dismantle linguistic barriers, facilitating the flow of
information and ideas in our increasingly
interconnected world.

This work delves into the intricacies of multilingual
representation learning, concentrating on two
pivotal tasks: multilingual sentence embedding
(MSE) learning and multilingual neural machine
translation (NMT). These tasks are key objectives of
multilingual representation learning due to their
profound impact on facilitating communication
across language barriers. MSE learning enables the
alignment of semantically similar sentences from
different languages, serving as a key enabler for
applications such as cross-lingual information
retrieval and parallel corpus construction. Meanwhile,
multilingual NMT extends the boundaries of
language translation to a multilingual context,
which is crucial for real-time interpretation and
content localization. Ultimately, MSE learning and
NMT

multilingual encapsulate the

primary
objectives of multilingual representation learning,
underpinning innovative applications that help

dissolve language barriers, thus granting more

equitable access to information and fostering
cross-cultural understanding in a multilingual
world.

Within multilingual representation learning,
specifically for applications in alignment and
translation tasks, three major challenges persist:
(1) high computational demands, which refers to the
significant computational overhead incurred in
scaling up the language coverage of a multilingual
model; (2) data scarcity, the lack of sufficient and
diverse language data, particularly for low-resource
languages; (3) limitations in Transformer architecture,
meaning the current Transformer models are not fully
appropriate for the complexities of processing multiple
languages. Addressing these challenges is crucial for
further advancement in this field. To this end, this
work seeks to provide solutions to these existing
challenges while also exploring potential approaches
for enhancing recent large multilingual language
models (LLMs). Eventually, we expect to pave the way
for more advanced and efficient multilingual

representation learning, thus broadening the reach of

NLP techniques to a wider audience.

2. The Challenge of High Computation
Demands

To tackle the challenge of high computation
demands associated with expanding the language
support in training MSE models, we first introduce
efficient and effective massively multilingual
sentence embedding, using cross-lingual token-level
reconstruction and sentence-level contrastive
learning as training objectives. Compared with

related studies, the proposed model can be

This work is licensed under a Creative Commons Attribution-ShareAlike 4.0 International Public License.
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efficiently trained using significantly fewer parallel
and GPU

Secondly, we introduce a novel distilled MSE model

sentences computation resources.
to streamline the inference process for MSE models.
Precisely, we systematically explore learning

language-agnostic sentence embeddings with
lightweight models. We demonstrate that a thin-deep
encoder can construct robust low-dimensional
sentence embeddings for 109 languages. With our
proposed distillation methods, we achieve further
improvements by incorporating knowledge from a

teacher model.

EMS: Efficient and Effective Massively

Multilingual Sentence Representation Learning (1]
Massively multilingual sentence representation
(MSE) models, e.g., LASER[2], SBERT-distill[3],
and LaBSE[4], help significantly improve
cross-lingual downstream tasks. However, the use
of a large amount of data or inefficient model
architectures results in heavy computation to train
a new model according to our preferred languages
and domains. To resolve this issue, we introduce
efficient and effective massively multilingual
sentence embedding (EMS), using cross-lingual
token-level reconstruction (XTR) and sentence-level

contrastive learning as training objectives, as

shown in Figure 1.

P(ws,)+ [0,.,0,0.2,0.2,0.2,0.2,0.2,0, .., 0]
l v - Je suis un éludiant | - -
Dy;, . Generative Objective Dyt ~plws,.): [0,-,0,02,0.2,0.2,02,0.2,0, ..,0]
¥ e 1__am a st 1 e

“ Note thal thase fokens ane nol nocoss

Softmax | solimax

’_—f
[ |
‘oo AR AEE
Via S TRS————
;D 1 Moan-pool Mean-pool

U
Sharo Weights : | m— for inference

Transformer Encoder " Transfomer Encoder

Iam a student . Je suis un étudiant .

Fike.the first sentence pairas s wxampls
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Figure 1: Training architecture of EMS. u and v are
MSEs for inference, and the model components in

the red dashed rectangle are used for inference. wa
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and via are the target language embeddings. “+”

denotes the hidden vector concatenation.

Compared with related studies, the proposed model
can be efficiently trained using significantly fewer
parallel sentences and GPU computation resources.
Empirical results showed that the proposed model
significantly yields better or comparable results with
regard to cross-lingual sentence retrieval, zero-shot
cross-lingual genre classification, and sentiment
classification. Ablative analyses demonstrated the
efficiency and effectiveness of each component of the
proposed model. We release the codes for model training
and the EMS pre-trained sentence embedding model,
which supports 62 languages (https:/github.com/Mao-KU/

EMS).

LEALLA: Learning Lightweight Language-agnostic
Sentence Embeddings with Knowledge Distillation
(5]

Large-scale language-agnostic sentence embedding
models such as LaBSE [4] obtain state-of-the-art
performance for parallel sentence alignment.
However, these large-scale models can suffer from

inference speed and computation overhead.

MSE Loss
=
MS/E\L\WS Similarity —»&x}— Similarity
’\X/‘ [ 768-d Matrix ‘ Matrix
Dense Layer
768-d 192-d T t
Embedding | Embedding 5LEALLA
) 5 LaBSE Embedding
Pairs Pairs
T A
LaBSE
: LEALLA
(Fixed) LaBSE LEALLA
(Fixed)
: Sentence ‘ [ Sentence ‘

X
5 Sentence | 5 Sentence |
Pairs Pairs

Assume that batch size N is 5.

Logit distillation

Feature distillation

Figure 2: Feature and logit distillation from LaBSE.

This study systematically explores learning

language-agnostic sentence embeddings with
lightweight models. We demonstrate that a thin-deep

encoder can construct robust low-dimensional



sentence embeddings for 109 languages. With our
proposed distillation methods (Figure 2), we achieve
further improvements by incorporating knowledge
from a teacher model. Empirical results on Tatoeba,
United Nations, and BUCC show the effectiveness
of our lightweight models. We release our
lightweight language-agnostic sentence embedding

models LEALLA on TensorFlow Hub.

3. The Challenge of Data Scarcity in
Low-resource Languages

To tackle the challenge of data scarcity in
low-resource languages, we first introduce innovative
sequence-to-sequence pre-training objectives for
low-resource NMT to leverage the linguistic
knowledge to compensate for the lack of training
data. The proposed methods employ phrase
structure masking and reordering tasks. Secondly,
we propose word-level contrastive learning to
leverage statistical word alignments for low-resource
multilingual NMT, without the requirement to use
high-quality bilingual dictionaries. Additionally, we
introduce contrastive alignment instructions to
address the challenge of the lack of data in
low-resource languages. AlignInstruct emphasizes
supervision via a

cross-lingual cross-lingual

discriminator  built wusing statistical word
alignments, which is empirically demonstrated
superior to NMT instruction tuning baseline

methods.

Linguistically-driven Multi-task Pre-training for
Low-resource Neural Machine Translation [6]

In this study, we propose novel sequence-to-sequence
pre-training objectives for low-resource machine
translation (NMT): Japanese-specific sequence to
sequence (JASS) for language pairs involving
Japanese as the source or target language, and
English-specific sequence to sequence (ENSS) for

language pairs involving English.
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Figure 3: Example of source and target for MASS,
BMASS, and BRSS with the meaning “LoveLive is
made of three projects.” JASS is a joint training of
BMASS and BRSS.

JASS (Figure 3) focuses on masking and reordering
Japanese linguistic units known as bunsetsu, whereas
ENSS is proposed based on phrase structure masking
and reordering tasks. Experiments on ASPEC
Japanese--English & Japanese--Chinese, Wikipedia
Japanese--Chinese, News English--Korean corpora
demonstrate that JASS and ENSS outperform MASS
and other existing language-agnostic pre-training
methods by up to +2.9 BLEU points for the
Japanese--English tasks, up to +7.0 BLEU points for
the Japanese--Chinese tasks and up to +1.3 BLEU
points for English--Korean tasks. Empirical analysis,
which focuses on the relationship between individual
parts in JASS and ENSS, reveals the complementary
nature of the subtasks of JASS and ENSS. Adequacy
evaluation using LASER [2], human evaluation, and
case studies reveals that our proposed methods
significantly outperform pre-training methods without
injected linguistic knowledge and they have a larger
positive impact on the adequacy as compared to the
fluency. We release codes here: https://github.com/Mao-
KU/JASS/tree/master/linguistically-driven-pretraining.

When do Contrastive Word Alignments Improve
Many-to-many Neural Machine Translation? 7]
Word alignment has proven to benefit many-to-many
(NMT).
high-quality ground-truth bilingual dictionaries were

neural machine translation However,

used for pre-editing in previous methods, which are

unavailable for most language pairs. Meanwhile, the



contrastive objective can implicitly utilize automatically
learned word alignment, which has not been explored in
many-to-many NMT. This work proposes a word-level
contrastive objective to leverage word alignments for

many-to-many NMT, as shown in Figure 4.

Lyer

Negative Word |
Representation Bag Positive Word Lyt
CEELD Regresentation T

EEEEN EEE [ ] + Je suis un éfud iant .
T EEENE I
+
Encoder | -I Decoder |
Jesuisun atud jant . 1am a student .
—

— i
Extracted by word alignment toclkits

HMIT I

We optimize the following loss:
L= Lymr +alwel

=%t

Figure 4: Word-level contrastive learning for leveraging
word alignments to improve multilingual NMT.

Empirical results show that this leads to 0.8 BLEU
gains for several language pairs. Analyses reveal that in
many-to-many NMT, the encoder's sentence retrieval
performance highly correlates with the translation
quality, which explains when the proposed method
impacts translation. This motivates future exploration
for many-to-many NMT to improve the encoder's

sentence retrieval performance.

Tuning LLMs with Contrastive Alignment Instructions
for Machine Translation in Unseen, Low-resource
Languages (8]

This study introduces contrastive alignment instructions
(AlignInstruct) to address two challenges in machine
translation (MT) on large language models (LLMs).
One is the expansion of supported languages to
previously unseen ones. The second relates to the lack
of data in low-resource languages. Model fine-tuning
through MT instructions (MTInstruct) [9] is a
straightforward approach to the first challenge.
However, MTInstruct is limited by weak cross-lingual
signals inherent in the second challenge. AlignInstruct
emphasizes cross-lingual supervision via a cross-lingual
discriminator built using statistical word alignments.
Our results based on fine-tuning the BLOOMZ [10]
models (1b1, 3b, and 7b1) in up to 24 unseen languages
showed that: (1) LLMs can effectively translate unseen

AAMT Journal [FEMEIER] No.81

languages using MTInstruct; (2) AlignInstruct led to
consistent improvements in translation quality across
48 translation directions involving English, as shown in
Figure 5 (3)

Discriminator-based instructions

outperformed their generative counterparts as
cross-lingual instructions; (4) AlignInstruct improved

performance in 30 zero-shot directions.

35-
w/o fine-tuning
MTinstruct
30- E MTinstruct+Aligninstruct
+ 25-
+
w
=
=
v 20-
15-
10- " g
BLOOMZ-1bl BLOOMZ-3b BLOOMZ-7b1

Figure 5: Average chrF++ scores of BLOOMZ models

across 24 unseen languages.

4. The Challenge of Limitations in
Transformer Architecture for Zero-shot
NMT

To tackle the challenge of limitations in

Transformer architecture for zero-shot NMT, we

first unveil a novel Transformer architecture that

constructs universal interlingua representations
atop Transformer encoder. This development
significantly enhances the performance of zero-shot

NMT than standard Transformer architectures.

Moreover, we comprehensively explore the effects of

layer normalization on zero-shot NMT. Our results

demonstrate  that  post-layer  normalization
consistently outperforms pre-layer normalization
for zero-shot NMT, regardless of the language tag

and residual connection settings.

Variable-length Neural Interlingua Representations for
Zeroshot Neural Machine Translation [11]

The language-independency of encoded representations
within  multilingual neural machine translation
(MNMT) models is crucial for their generalization

ability on zero-shot translation. Neural interlingua



representations (Figure 6) [12] were shown as an
effective method for achieving this.

Fixed-length Neural
Interlingua Representations

Thank you. — | Enc. 4’ —| Dec. [— ...
wil. > [Enc.| > »[Dec. | ..

(Thank you.)

I live in Japan. —» >

Enc. |—

[oec] .

HAIFEATNS,—> —| Dec. |[— ...

(1 live in Japan.)

Variable-length Neural
Interlingua Representations

SN -y = oy B
wne [+ mum |~{oae]

®) (Thank you.) P
1live in Japan. —| Enc. |—>1 —| Dec. [— ...

um:f.‘u/b?wéoﬂ43 ?%a
(1 Tive 1n Japan.) i i

Figure 6: (a) Previous fixed-length neural interlingua
®)
neural interlingua representations. Each colored box

representations; Our proposed variable-length
denotes the representation on the corresponding
position.
However, fixed-length neural interlingua
representations introduced in previous work can
limit its flexibility and representation ability. In
this study, we introduce a novel method to enhance
neural interlingua representations by making their
length variable, thereby overcoming the constraint
of fixed-length neural interlingua representations.
Our empirical results on zero-shot translation on
OPUS, IWSLT, and Europarl datasets demonstrate
stable model convergence and superior zero-shot
translation results compared to fixed-length neural
interlingua representations. However, our analysis
reveals the suboptimal efficacy of our approach in
translating from certain source languages, wherein
we pinpoint the defective model component in our
proposed method.

Exploring the Impact of Layer Normalization for
Zero-shot Neural Machine Translation [13]

This paper studies the impact of layer
normalization (LayerNorm) on zero-shot translation
(ZST). Recent efforts for ZST often utilize the

Transformer architecture as the backbone, with
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LayerNorm at the input of layers (PreNorm) [14] set

as the default, as shown in Figure 7.

m Norm

FFN Norm —»
PostNorm

—L Norm —» SA Norm —» FFN »é—»
PreNorm

Norm —» SA %

== Norm —¥» SA / Norm —> FFN —»

An unraveled view of PreNorm

Figure 7: PostNorm, PreNorm, and an unraveled view
of PreNorm in a Transformer encoder layer. “Norm,”
“SA,” and “FFN” denote LayerNorm, self-attention, and
feed-forward network. “+” is residual connection. Paths
with different colors in the unraveled view of PreNorm

indicate respective sub-networks.

However, Xu et al. [15] has revealed that PreNorm
carries the risk of overfitting the training data.
Based on this, we hypothesize that PreNorm may
overfit supervised directions and thus have low
generalizability for ZST. Through experiments on
OPUS, IWSLT, and Europarl datasets for 54 ZST
directions, we demonstrate that the original
Transformer setting of LayerNorm after residual
connections (PostNorm) consistently outperforms
PreNorm by up to 12.3 BLEU points. We then study
the performance disparities by analyzing the
differences in off-target rates and structural
variations between PreNorm and PostNorm. This
study highlights the need for careful consideration

of the LayerNorm setting for ZST.
5. Conclusion and Future Prospects

In conclusion, the research presented in this work

marks a significant stride in the field of

multilingual NLP. It has not only provided a deeper

understanding of the challenges inherent in



multilingual representation learning but also

offered innovative and practical solutions to

overcome these obstacles. As the world becomes
increasingly interconnected, the importance of
effective multilingual communication grows. The
contributions of this thesis thus hold considerable
global

communication, information access, and beyond,

promise for future applications in
fostering a world where language barriers continue
to diminish.

As future prospects, firstly, the techniques
presented in this work hold the potential for
integration into a singular, comprehensive multilingual
model, an endeavor we aim to pursue in future
research. Initially, this integration would involve
combining the MSE and multilingual NMT models
within a unified Transformer encoder-decoder
framework. Here, sentence embeddings would be
generated by the encoder, while the decoder would
produce translations. Following this, the proposed
methods for enhancing multilingual representation,
particularly those aimed at increasing efficiency
and boosting performance in low-resource languages,
could be combined into a single, cohesive training
phase.

Secondly, the insights obtained from this work
could significantly contribute to the development of
robust multilingual LLMs. Our proposed training
objectives, which focus on word alignment and
linguistic features, could effectively facilitate better
language alignment in multilingual LLMs.
Moreover, the efficient MSE models we introduced
could enhance the retrieval-based applications of
LLMs, such as retrieval-based few-shot in-context
learning. Furthermore, our findings regarding the
application of Transformer architectures in
multilingual contexts offer valuable guidance for
future research into the Transformer architectures
of multilingual LLMs.

Last but not least, looking beyond the conclusion
of this work, several promising avenues for future
These

research in multilingual NLP emerge.
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prospects not only aim to broaden the scope of
current methodologies but also seek to deepen the
understanding and application of multilingual

representation learning.
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£ L ERAA Y (WMT'19 Mse) FHRO FEBRASE R
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7V BLEU COMET B B:
Base MT 39.2 84.6 63752 129.1
KNN-MT 40.1 84.7 19.6 2.5
CKNN-MT 39.5 84.3 74.6  22.3
FENN-MT 40.3 84.7 286.9 27.1
+ 7% > hkNN-MT (ours)
s: LaBSE 40.1 84.7 21914 1184
s: AvgEnc 39.9 84.7 1816.8 97.3
s: TF-IDF 40.0 84.6 2199.1 113.0
s BM25 40.0 84.6 1903.9 108.4
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ET L BLEU tok/s BLEU tok/s BLEU tok/s BLEU tok/s BLEU tok/s

Base MT 38.7 4433.2 17.1 5295.0 46.1 4294.0 42,1 4392.1 29.4 6310.5

KNN-MT 41.0 22.3 19.5 19.3 52.6 18.6 48.2 19.8 29.6 30.3

# 7% v FKNN-MT

s: LaBSE 41.9 2362.2 20.1 2551.3 53.6 2258.0 49.8 2328.3 29.9 30584

s: AvgEnc 41.9 21978 19.9 23184 53.2 1878.8 49.2 2059.9 30.0 3113.0

s: TF-IDF 40.0 2289.0 19.3 2489.5 51.4 2264.3 47.5 2326.6 29.3 2574.4

s: BM25 40.0 1582.4 19.1 2089.5 50.8 1946.3 47.4 1835.6 29.4 1567.7
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F 4 EWE R A A BT BHENN-MT &Y 7~ hENN-MT OFIERE] 0 His.

ANF13C Eine gemeinsame Anwendung von Nifedipin und Rifampicin ist daher kontraindiziert.
ZHRER Co-administration of nifedipine with rifampicin is therefore contra-indicated.
Base MT A joint use of nifedipine and rifampicin is therefore contraindicated.

kKNN-MT A joint use of nifedipine and rifampicin is therefore contraindicated.

# 7% v NKNN-MT Co-administration of nifedipine and rifampicin is therefore contraindicated.

£ 3 R 4ADFEHUIHB T DI Ty MERDOKRRRER AL 3 1.

S-1 Die gemeinsame Anwendung von Ciprofloxacin und Tizanidin ist kontraindiziert.
S-2 Rifampicin und Nilotinib sollten nicht gleichzeitig angewendet werden.
S-3 Die gleichzeitige Anwendung von Ribavirin und Didanosin wird nicht empfohlen.
T1 Co-administration of ciprofloxacin and tizanidine is contra-indicated.
T-2 Rifampicin and nilotinib should not be used concomitantly.
T-3 Co-administration of ribavirin and didanosine is not recommended.

6. ¥V 23R
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BEICHb o T ES o BRI - LET. £
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~Café in the morn~

~Old Friends~
Oliver: 2,5
George: 4, 6

HWET—5

~Café in the morn~

1. [Alice] Nice weather today.

2. [Bob] Yeah, it's been rainy lately,
is makes me hanny.

~Old Friends~

1. [OLIVER ARRIVED]

2. Oliver: Oh, George! It's been ages!
3. [APPROACHING EACH OTHER]
4. George: Oliver! Wow, you haven't
changed a bit.

5. Oliver: You look great, too. How
have you been?

6. George: Quite busy.

~Café in the morn~
1. Nice weather today.
2. Yeah, it's been rainy lately, This

—> ~Old Friends~

2. Oh, George! It's been ages!
4. Oliver! Wow, you haven't changed a

bit.

5. You look great, too. How have you
been?

6. Quite busy.
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a Ya—JCrmuh [ KUED | ~Old Friends~
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4. BZEREES LrBuLd, 5.6]: [d, €]

e BEES? — LWL,
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~Café in the morn~
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%%% a) x 9 5_»_ 9
ottt

titledp: "[HR & DBEE"
data:

name: "Oliver"
Personality Traits:
He is optimistic, sociable, and sensitive.
Positive traits:
“Heis ...
Negative traits:
“Heis ...
16 Personality Type: ....
i ips with Other
* George: George is one of the old friends ...

GPTIE& 3
XY T—GER

L/

REEBMNERRT—F

/ titleEn: "OId Friends"
titledp: "[HR & DBER"
data:

name: "Oliver"
en: "Oh George! It's been ages!"
jp'Ya—YCeRLM LALRD I

name: "George"

en: "Oliver! Wow, you haven't changed a bit."

jp A U1
+"REDSBVHVER, "

ESIRET
WERT—5 &R

name: "Oliver"

en: "You look great, too. How have you been?"
+ "Quite busy."
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4. MTPE O kM) T

BB HFRE O T MTPE 2%} S 57005
RILERFTLTRDY 20,

ETEERDIT, MTPE (237 2 HEDRETH 5,

ANFHFERIZHEE L TWD L, MTPE ® £ U v b % )
TOEBRDRWEE, MERIRTT 4 TR %
ENLTH L WEOEHE LB TITRV), DX
RENB AT D 2 Lid MTPE K& D7 HIZARw]
KREBZHID, BREKE LTiL, MTPE (KB D3
a7 EnEF 6o b, BEKEOH D NNFEEEIZC MTPE

ERTIEDTEDARV FDESI A A=V TH D,

ERE. ME (2023) 12 XiuX, BEREIC MTPE /K
BLTCHDofR, KD OFRENRS T 4 772
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eI NS, FIRRE oI, EEICHERROK
W MT OBFNTEH L7ZOT, b9 MTPE IZIXF%
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TMT OHEREIFFE L M E LTV 5, BIEDO MT O

BZH-S>THEDL I LWN)EIRTS, BRI 252%T
HAUw MIREVWEEZ S,

BB L Tl REE EHIRE ORI T L0 &
HHEBOAEDOE DL ENEETHDH, MTPE 054
PR A2 BT 2KEE & mmBEziBRT 2
HRE L OB TRBATEH LA TH D, 2Dk 57
FTHGEV ORISR, FHERE 1L MTPE 1%t L T R4
SEHWIIDND ERIRD ZEd 1L Wo e T T 4
TRHRERNTLES, LEER-T, HlxiEX TRE
EFNF TR TAY— &2 EIFCiZLyy) Lok
EYENH D & UL, REE & FIERE O TRmE M
HWNZBIT 2 ImFRF A T L Tl <, FRRS 3 I
ADHEET, FIRRSHP B GbEE Lonbh L1795
ZENMETHD, 29T HZ LT, MTPE OIKIET
A UN G REEEZ B E OV TiE MTPE (X% % 4FF
GUIDTRN DD TIEIRNIES S M,

5. ¥¢®

PLED, MTPE (2T 2B TOFNETH 5,
MTPE |[Zf#E5e) 72 o B E 725, Lo H s h 7y
KRz E BN EFORBRNBD L THESEITRNIE
FENTH D,
6. BEE

MRS —ES (2023) KRR h=F 4 v FDOHFE]
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T IR D %R

T —& % IV T ke S AT

2 X B BHFRORS B R

Ui S,
VHLE KRR & AT DR TR SERE,

FHE 1, JKH

ElE»%Q
ENTT = X = =4 — 3 3 VR IR e T

1. IXC®iC

AT, % 1 B AAMT & FHIRIFES TREL
T2 & FEFRA%RIT IWSLT2024 ~ERIR S fL72im Lo
NEIZOWTIRIT D0 Afig TIIN—VEOHE L,
—HONEDHZ KT D1, FEMIL IWSLT2024 O
BIGR X E SR L Tz &7,

4, GPT Z XL LT 2 RMESFHET AN, £
SOHREFHFLES 27 TREZNDTND. ZOKR
B SFEET VORI, WREIRY 27 1cb 8%
FAFLTWD. BlxiE, MEEITOI o BEIRR = o~
74 v ar WMT23 TiE, GPT4 3% < OFEXT
DB AT 2RA T A VFRY A b OFERE A
Fili© BRI 5722 LR BN o7 (1] —F T,
LLaMA-2 7B, 138B Z I U® & T 5/37 X — XN
100 fERI%E O KRBIESHEETT L Tix, BfFO
encoder-decoder E7 /L LV FIFRKENRE LD T
ERHEShThD [2].

Z ZTABIZETIE, /3T A — 25 100 &R1HE DK
B EREET VORMTMEL SO L FEE LT, 2 B
I zRET 5. 1 BEHTIE, REHELLE A
([CHIBLE D 7 — & TRk F AT 21T 5 .
Z LT 2 BFEATIE, PEROBMERERT -2 T
supervised fine-tuning #4179 . $&%VEZWH L7z K
HELSFEE 7 L%, WMT22 General Machine
Translation Task 7 A N7 —X %I UH LT 5 13
DT A bty P THERFEE 2RI L7z, £ ORER,
UTFo2 8B 6neZeol.

o SN HWEHLHSLEICHES 57—
CREFET R L 755 000075, BRAUKREE S b

5. X LT, HERX L HNEBIDIAEFIC L -
T, BRI A BT SRR A T S,

®  REUISTEET MEES SHRRET VI, 1R TF
Tk % transformer (T, /A ARFELE
K2 ELCHEOMRICHETH 5.

2. BEERFZR

KBS FEET V2 FHRHIMT 256, HEET —
AERANDZER—HTHD. LoL, XERT—%
ZRREE TR T — 2 ICH) AD Z & T, TiF A
7 OIFENRIR LT DL VS MENHS. Briakou b
(811, KEWEEFEE T /L OEFTHIFICHFRT — % %
W5 Z & T, 0-shot 3 L U 5-shot OFFIEE 2 M) L4
LT LERLE.

F72, Xu & [41iZ LLaMA-2 @ X 9 72 EIC3E TRl
AR ENT=ET ML, =& % finetuning 2 L72E LT
HIGELSA~ORIFIEEMEN Z L 2R L. ZoRfE
(XL, P51 B RICHSRET — & TREFCATI
L, 2 BRI EORME /%7 —4 T supervised
fine-tuning #1795 £\ 9 ALMA &\ ) FEERE L.
72, 1 BEROIBRIINT, BEHET—Z LT TR
<, MRT—ZHRATHZET, OISR M
EFpzepmEsn Ty (5,6l

INETITONTE KBS EEHE T VIS < #
RE T VO IE, WMT General Machine
Translation Task 3 & O Flores-200 [7]?7 A b5 —
ZTOHFHEENTND. Lo T, ERFETH
% encoder-decoder “E 7 /L & D LI 43 ITHREE S U

TV, &b, Mk RRTIEED 7 — 2 2 FIFREE
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2T, dXETNVDERATI =2 Y TH D context
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DIHEEEFHETD. [Translate “Good
morning into Japanese: 13k 5”7 LETMIZATL
THETE. THE, EFTMEITRUT N EELAET

DANIT =T DR =2 2T+ 5. Lal, 7

i 21T,

v OB ATHEGRIFICH A Lz, iRZERIEK
MEERINT D,

4. B’EFE

4.1 #H=

AEOFHRFER T, HEET— ¥ THEAMIH I

7= KBS EEE T /L & LT rinna/bilingual-gpt-neox-
4bl (LLF rinna-4b &\ 9) & L7-.
HAGEAS 1,730 1 b —2 >, 368 2,930 h—2 >
TEARIBES N7 38 (/37 A —4 ORPMSTHEETT
NToh%. LLaMA-2 O K512, FIZHFETHATIIE
SN KBS IEET LV CHIRET VEBET DRI
I, HEEET — & LxRT — & Ol 7 CHlkisi SR I
TOMLERDH D Z WG TND [5,6]. LAl
AR & 3BV rinna-4b 1X, HARGE L RFEOHSFET —
Z CHATIERH5IITb T A2, HEET —
A2 TCOMBEERTHIBIILERNEEBZOND.

42 F—FEy}h

4.2.1 REwEEATHIH
MBEERTAE DT — 4 & LT, JParaCrawl v3.0 [8],
BI¥T—% L LT, WMT20 O3, 7A 5 —4,
BLXOWMT2l OF A M T =X &AL, 72k, fk
for 95 Bl I T H 3+ % JParaCrawl v3.0 1%,
LEALLA-large2[9] CHuf L 7z SCHDIAZ A Y kLD
oA ENEES £1Z, 2,080 HXXxtEY Y v
7 Lz, ZRIZX Y, rinnadb O h—27 F A F—T
18 b—0 v OXRT =X L g o

rinna-4b /¥,

4.2.2 Supervised Fine-Tuning

Supervised fine-tuning DT — %1%, WMT20
35 KUY Flores-200 OBH%E, 7 A b7 — X BAERL LTz,
723, KFTT [101 037 — 1%, 27— % %5 10,000

1 https://huggingface.co/rinna/bilingual-gpt-neox-4b
2 httpsi//huggingface.co/setu4993/LEALLA-large
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W T2 DY 2T Y 7 Ul R LI — 5
O¥IE, FH L BFEZNZNK 15,000 T Lo
7.
WMT21 OF A b7 — 4 & LTz
xtL, IFo X9,
M LT

ERABROT2 7 b

F 7=, supervised fine-tuning DB T — # 1%
INHDTF—X

REECEMIMN a7 b

Translate this from English to Japanese:

English: UfS7E3C

Japanese: { H (S 3EC)
HEERO 27 b

I E AARFEN G HFRICHIR L T 2 & v

A AGE: RS 3630

W A HWSRESC
4237 X by b

Supervised fine-tuning %17~ 7=€ 7 /L O FHFRIERE
#3572, JParaCrawl v3.0 OFHfi CHV L
LT ANEYy FEFEALE. 2B, WMT20 BL O
WMT21 ©7 2 b7 — 2%, fkfFialsis L O
supervised fine-tuning DOFI# - BT — X &N
BI04 L, WMT22 OF A b F—& ZB LTz.
kY, kH-AROT A DMLY M 5 HE
(ASPEC, JESC, KFTT, TED (tst2015), Business
Scene Dialogue Corpus (BSD)), Z&HEHROALDT A
e b2 5 i (WMT19, 20 Robustness Task,
IWSLT21 Simultaneous Translation Dev, WMT22
General Machine Translation Task), & L T H# D #&
DT A My FA3FE (WMT19, 20 Robustness Task,
WMT22 General Machine Translation Task) D4 13
fiLZpoTe.
4.3 HBETNL
431_—R 54 v

ARTER—ATFTAS ETNLELT 2 DDET IV E
B L7-. ZhHDEFADIET — 213 4.1.1 ik
X 4.1.2 HiOJIHT — 2 &, BT —21F WMT21
DT AT =2 &R Lz, 72k, T —2 I fEH
L7z JParaCrawl v3.0 1%, 6B L HIEDOT—X L LT,
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BT —Z DA H T D 1,040 5 30T o2 EEN R
WEkH T ELY T T LD L.
AL 7=

10 &/ A —H# O transformer 57/ CThH 5. ET )V

Transformer ZDETIVIIAT T v Fnb

O 1E T mT5-large3 [111 D 5 %, vocab_size %
250,112 75 rinna-4b L[RIUETH 25 65,536 ~,
feed-forward network ORI % 2,816 75 4,096 ~
EHELT.
EXNEh 24 LD, =7 LORTHIT 1,024,
attention @ head %78 16, % L T dropout 7% 0.1 &

ZHIZ LY, BTV encoder & decoder

po7=. h—2 F A ¥ —|X sentencepiece? [13]7 1 7
ZUVEHANTERL, 77— K3EIFE% unigram,
character coverage % 0.995, % L T byte-fallback %
AN LTz, BTNy FHA X% 4,096 L LT 15
TRy 7 (38,160 A7 v 7TV, 1,000 A7 v ST L
WCRRT — X OREEHML. £ LT, B¥T—%
DIRZEDRIMED 3 BIEH LT XFE 2/ T L.
optimizer & L T AdamW (f; =0.9,5, = 0.98,¢ =
1.0x1078) [14] 2 L, weight decay & label
smoothing % 0.1, gradient clipping % 1.0 & L7=.
F70, mRKOFEERA1.0 x 1073, warmup ratio % 0.1
L L, inverse square root scheduler Z#f L7=. &
Sl X, bfloatl6, gradient checkpointing, % L
T deepspeed [15] ZeRO stage 2 i H L7=. F#ix
2 5™ NVIDIA A6000 % VT 17 H o 7=,
Direct-SFT = O 5 /L%, rinna-4b & LoRA [16]%
WH L CTZDF F supervised fine-tuning L7=E7 /L
THD. ZDOET /LD supervised fine-tuning (%, 4.2.2
HiTR~ 727 m 7 b2l L T 7. 561, full
fine-tuning & &k & E 217 272 %, LoRA %
self-attention ® query, key, valud, & L T output ®
IR, 725N feed-formard network @ 2 DD
ERICEH L. Znicky, FEAENT A—F1T
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3 https!//huggingface.co/google/mt5-large
4 https://github.com/google/sentencepiece
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# 1. BLEU BL O COMET 02 a7 L, Transformer & AEEZRLIZT A My FOfEE.
BATCTREDA AT B RKFE, X—AT7A % LAD AT ZfFa Tl L T D,

(e) = HEFR

_R=2F74 v Hkfot F T+ Supervised fine-tuning
Mono En-Ja Ja-En Mix
ST AR Transformer  Direct-SFT full LoRA full LoRA full LoRA full LoRA
R a7 13.9 12.2 6.3 5.9 154 155 7.3 7.2 14.7 14.9
BLEU . .
HEEOH - 1 0 0 8 9 0 0 7 8
COMET PR a7 79.0 79.6 75.6 74.8 83.5 83.3 76.9 76.8 82.9 82.9
BEEZOK - 7 0 0 8 8 0 0 8 8
(b) HZeHEHER
R=27 4V Hkfoc F AT+ Supervised fine-tuning
Mono En-Ja Ja-En Mix
Rk Transformer  Direct-SFT full LoRA full LoRA full LoRA full LoRA
BLEU FigR a7 16.8 12.5 7.9 7.1 7.8 7.6 17.0 17.0 15.9 15.8
BEEDOR - 1 0 0 0 0 2 2 2 1
¥R a7 76.0 75.0 70.4 69.7 70.3 70.0 77.8 77.7 77.1 76.9
COMET o
HEEDOR - 7 0 0 0 0 7 7 6 6

4.3.2 MEFRIIET —FDOFRSTE XL BHEFX
DIEE

AFTIE, LFO &I EFEIE HIEFECONE
Bh BRI AN = OFT —Z EER L, fEkeridl
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Mono XI#RT—% & HAGE L RFFEOHFIET — & &
Higt. Thhbb, ETFASNANENDIEEED b—
720%, BAFED LITHEBEOLTHR I NS.
En-Ja ®HAMODBIRE D, Thbb, #L1 4
B, SSRGS 2RI EREET 5.
Ja-En AEFMOLKRERD. T72b05, i1V
BRI, FISCSHIGT 2RI EREET 5.
Mix En-Ja 3 X0 Ja-En CIERL L727 — 2 206, Bl
BRNED 50%TOT v F LYoV T 5.

b 4 RE— TRk ERTII AT d &,
422 Tk _f=T—4% L7 v 7 hT supervised

NI

NI

fine-tuning %17~ 7=.
44 NAN=NRTRA=4H
4.4.1AkFE FRTFIBR
MERE F RN CIX, optimizer & L C AdamW (8, =
0.9,8, =0.95,e =1.0x 1078 % i L, weight decay

% 0.1, gradient clipping % 1.0 & L7=. LT,
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rinna-4b ® & [AEEIZ, context length % 2,048 & L,
1Ry 7L 723 5
DBELFE L.

& L, warmup ratio % 1%® cosine scheduler & L 7-.

,100 27 > 72 L ICHE T —
F7, WRKOFEEEZ15%x 1074

Ff# 1L NVIDIA RTX A6000 % 2 &AW TITW, Fh
Fno GPU I ="y FH% A X% 1, gradient

accumulation step % 128 £ 75 Z &£ C, h—F /L3y
FHA XD 256 L7xD. FIHFITIL, bfloatls 8 LW
deepspeed ZeRO stage 2 ##H L7=. TN bD/RT
ALY, MEGEFRTHIMIL 10 B 2p-o7e.

4.4.2 Supervised Fine-Tuning

X, HkprEATIIERIC THRYE
T—Z DRBENRNEIRDET MK L TIT o 72,
optimizer & L T
IR TR LR T
ICAEE LTz,
Weight decay & gradient clipping (22 Tk 2
MiAlERUEME L. RRKOFEEEEZ ful
fine-tuning Ti%3.0 x 1075, LoRA Ti32.0 x 107*& L,

Supervised fine-tuning |

Supervised fine-tuning T %,
AdamW ZfEMH L7z, ffkedeai
A—=HEDIH, B% 0.95 75 0.999

warmup ratio & 1%® inverse square root scheduler
L L7z, £7, Direct-SFT TiZ=AR > 7 #H%x 1, v

FHA X% 266 &L, TNLSTIEIZR Y 7 8% 5,
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(b) HFIR

X 1. COMET 227 DL —%—F ¥ — k. FMN Transformer, SRR Mix EXOT — & Thkki
AN L 7= 3 & supervised fine-tuning #4T->7-EF /L &2F L T\W5. T, Transformer & A&

ZHERLIETAMEYy FE2RL TS,
Ny FH A X% 256 & Liz. LoRA D/XT A —H|T,
r =16,a = 32,dropout = 0.05& L, query, key, value
OB Lz, 2LV, LoRA K DF:
EARERT A—H1L 640 J7 L7207z,
4.4.3 #is

ETOETME, BFET—FOBENRNE2DE
T v T, bfloatl6 Z i L THeRm L 7-.
Transformer |% beam search THif L, beam size %
4 L L7z, fOETMZHONTIE, 4.22 HiCilk~727
o7 hEMHWT, greedy decoding %3 L CHEGH
L7z,
4.5 FHEEER

AHilifEAE & LC, BLEU [17]3 08 COMET? [18] % ff2
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AEZEDHER, HEARES% (p < 0.05)TIT-7-.
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5 https:/github.com/Unbabel/ COMET
6 https:/github.com/mjpost/sacrebleu
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HIREEDFER L 7257, L TRIERICBIT 287E
EOENMEEZMET D EDSBROPETHD.

oz,

Ui, 1D encoder-decoder &5 LA LEAY,

BE 3R
[1] T Kocmi, et al. Findings of the 2023 conference on machine
translation (WMT23): LLMs are here but not quite there
yet. In Proc. of the 8th WMT, pp. 1-42, 2023.

[2] W. Zhu, et al. Multilingual machine translation with large
language models: Empirical results and analysis. In
Findings of NAACL2024, 2024.

[8] E. Briakou, C. Cherry, and G. Foster. Searching for needles
in a haystack: On the role of incidental bilingualism in
PalLM’s translation capability. In Proc. of the 61st ACL, pp.
9432-9452, 2023.

[41 H. Xu, Y. Kim, A. Sharaf, and H. Awadalla. A paradigm
shift in machine translation: Boosting translation
performance of large language models. In Proc. of the 12th
ICLR, 2023.

[5] D. Alves, et al. Tower: An open multilingual large language
model for translation-related tasks. arXiv-2402.17733,
2024.

[6] J. Guo, et al. A novel paradigm boosting translation

38

AAMT Journal [FEMEIER] No.81

capabilities of large language models. In Findings of th

NAACL2024, pp. 639-640, 2024.

NLLB Team et al. No language left behind: Scaling

human-centered machine translation. arXiv-2207.04672,

2022.

M. Morishita, K. Chousa, J. Suzuki, and M. Nagata.

JParaCrawl v3.0: A large-scale English-Japanese parallel

corpus. In Proc. 153th LREC, pp. 6704-6710, 2022.

7. Mao and T. Nakagawa. LEALLA: Learning lightweight

language agnostic sentence embeddings with knowledge

distillation. /n Proc. 17th EACL, pp. 18861894, 2023.

[10] G. Neubig. The Kyoto free translation task.
http://www.phontron.com/ kftt, 2011.

[11] L. Xue, et al. mT5: A massively multilingual pre-trained

text-to-text transformer. In Proc. of the NAACL2021, pp.

483498, 2021.

[12] T. Kudo and J. Richardson. SentencePiece: a simple and

language independent subword tokenizer and detokenizer

for neural text processing. In Proc. EMINLP2018, pp. 66-71,

2018.

[13] I. Loshchilov and F. Hutter. Decoupled weight decay

regularization. In Proc. 7th ICLR, 2019.

[14] J. Rasley, S. Rajbhandari, O. Ruwase, and Y. He.

Deepspeed: System optimizations enable training deep

learning models with over 100 billion parameters. In Proc.

26th ACM SIGKDD, pp. 3505-3506, 2020.

[15] E. Hu, Y. Shen, P. Wallis, Z. Allen-Zhu, Y. Li, S. Wang, L.

Wang, and W. Chen. LoRA: Low-rank adaptation of large

language models. In Proc. 10th ICLR, 2022.

[16] K. Papineni, S. Roukos, T. Ward, and W. Zhu. Bleu: a

method for automatic evaluation of machine translation. /n

Proc. 40th ACL, pp. 311-318, 2002.

[171 R. Rei, J. C. de Souza, D. Alves, C. Zerva, A. Farinha, T.

Glushkova, A. Lavie, L. Coheur, and A. Martins.
COMET-22: Unbabel-IST 2022 submission for the metrics
shared task. In Proc. 7th WMT, pp. 578— 585, 2022.

M. Post. A call for clarity in reporting BLEU scores. In Proc. 3th

WMT, pp. 186-191, 2018.



AAMT Journal [FEMEIER] No.81

H Z2 R OBAREIRRIC

BiFD

ZRAE BEicoWT

ENATTEES
FRAB R

1. IIT®IZ

TEAe, BEARBARIE I PEERRR A PO ICER S h T
(178, BoE CIEBIEY Ak OTHEIFRS SNS O
FRRBERE e &, LV NFEEMARERRELGAT, BHIIOR
2HWFUCT L MBTIEREMIZH 5. £ 5 DHH T
% PE (FAM=F 1 v ) 72 U THBBEERICE DM
NWAA ORI BN LB L. FEFETIE, B
NI BND A T 2% 50T 2 5 W5t & 1E
AL TRV I[2,3], 215 ITHEHEIR D = — ¥ —<ofk
RZHZ 9 DBIIONWTHEELRL, 5% OISR
$ta T ECHEERERZFO.

— 5T, ZNHDONA T AR TERIND FE YT
I, AL ORERED LMY = 4 —K B2 EIRED)
Thd. FriZ, FIRRBARERNZ GO iR L LTk
FNZEH L, BRSOz 52 5, £7213%
FHREIOWTHEmE T 57 —AFdewv. £ZT
AFa TIHSUIEROTRRIZE B L, BRSO &2 H]
L727S DHEREIRR NGB L ~L T ED L ) Bl A L T
WEDMNEBEL, TOFBIZOWTERLZR LD, A
FAIEER 115l AAMT & FRIRIFTERIC C, FH OB L
[4lOWE 2T LT EE Lz [ A OBMERRIZ 5
A= E BEAIZOWT ) Ot Ec Y5, %
KN T | 2ol 2Nz, 5% OER D
MOTKEL 72D 2 L BHIET 5.

2. ZHRfLL EBEA

DIz, FEMEIRRO 3B SR, BEd 5

HERIZOWTEHAZTT ). FIFREGRE DOV = X7 113

%21t (domestication) | & [ ¥2'Z{k (foreignization) |

LD 2 ODFIRHFIZIZ SN TH LTV 5[5l 241k
LiX, TMOLZEDOFTHETENINLLLOL D7, Wil
RIEEmORR T, BEME, E87 27 2 Fost
H7RIRR AL S5, s TideWEE e S0k
BROFRTH L. iy 2747 —< —0DfE1k
L EALOFERGEl N b ZOEmE BB I L O T
b, 2 TU=XT 4 I3BRE O R AT HME
(invisibility) ZHtY i, BIRE OFER R 2 e X
D IR TG eF IR CIE R, ENNRZD X ) R EE R
FiRE L2 _ELELFRLT.

T2 AT 4%, T T a=T A B EOSEERRRIC
RO DZARRFRORE 2 8 RET.OR72 & #EH
L, REOT7 ATV T 4T 4 ZRDST2DPO X HITT
DO BIMEICEILL T, BEIC L > TEIEN
ARSIV R AR EZ RTBERNDHD LIFAD. £
7z, ZFAb - BEEMISA T A X —12Bb 5 M
BELTET, 20X 5 R AESHEOHEITHART
WARZAES 5 & DRIFEESR S, £ O TIRES TH
<EIIRE O EFBAC b, RO HME AT
RS EDT N AL D L FIELE.

ZHUWCBELT, U=XT 4 OMGRE A ATE~EH T
BRI, ZARH HAGEE TIEA REFLER LFO
DRV EWVWIFEMBH DT, 8], U= XT 4 BHIX
SRR RBE OB RITRERLGF N L DIVIZELL 5
5LLTWS. DFY, 7o rua=7 X ) B TR
b3 REFLFEREFERO L 51Z, BAGEREICE
DT HZEESL BB RO R OBWRIMAET 5 &
W5, =) & TRE] OFSEKREWICE
THERLEOMBENERSNARNR S, WTFIICLTH
BOLRVDIT, b E2FEARCT VLD ICE S H
DFREMSUL D BE S 2 Z D FE RS TIRMNEE T

Domestication and Foreignization in Japanese-English Machine Translation

Masaki Kinouchi
Institute of Science Tokyo
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WT, ZNOEREDEEDHESLIUL L EICEE 5
ABE2TVHEVNIHTHD.

3. BRENIR~DI A

ABFFETIE Z DR & RE LA L ot 21T
5. BRI FIER O F BRI S 722 b D 2 £
RN E LT, L EFRCE R U CHEROFEE 4
L, ZOMMEZHF~RLZ LT, Z2ZICAGND A
T AN OEEIICEIRE & L COREAE M S Z L 1EA
BTHDH. BEICR_T- LS ICAREL AIESiEE L
BT, RN B RIETLERLFEOONRN &
ERVWTEH, SRS ERENEROHSIRA T4 1
F—LEODTONTERINDIZLIFEETHS.
FIVULFFIS, T — X OROEIT S « AW 72 Ehk & 7241
JE 7R BEFRT, M BT DR S TR D ATREME DS
O HWWRERICB W, LY —JEEEELEEZD. £
DD, KT, IKRELTT=XT 4 DR
b« BEAZF MRS LTIRZ, ohzilad.

F7z, U= XT ¢ O DAL OBI IS
FUTBW TR, EXEFFIZOWTIHIER % EMEIC
RADZEBROLNDTDRIIT R D EIND.
ZDRTIX, RO T O BEEIERIE, L T3
REFTL2ZERAMEINTORNED, T
T4 BHOERTHEROMG LT R 01 L
2. Lol BURE L CBg 3o SNS 72 EIC H Bl
FERAEDIIAD T B LLE, 0 BRIEHR % IHER
S, BEETRITD Lo E I Fo R A )
EolthoTns., ZORT, MEFFICONTHE
b - EAOHELGZDOEmEH bz L, e
R ED L D e BE 52152 O0dEmAE LT
SIEYMERH DL EHZ 2 DBND.

)

4. BRR&Z 27

TIT, EBCEREL LT ED L ) R R
BN X D NEHED D D . WG EEIT 5T U TR
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RE AT AT, BN LTT 7 A b adT o7z,

4.1. FRXDAERK

LD AR T IR Aot E L 2ET L E LT
Transformer[9] %, i L CWAREENRET L E L
T Google FllFR & DeepL # HE L7-. RXLIZABND
RS 3R O Transformer NS ZNEN—RZ L LT
A IRETMIET—EBLTRALNIFMTH S,
£, =2 Fa—¥F =il 5 pEN R —EADHE
KBEDL S THDHDZEMDD DH. Transformer DFE
121X Web EOKBU/T ¥ A T — X nHIEHS
iz JparaCrawl[10]DFE FHHANT X — & & -,
%72, 7 A T —H|ZIZTED & TEDxJapan O 756
REME L. FHAHFMICHOWTIZEFED TED =—
(IWSLT2017[11], 1452 %f) Z M 7=73%, A%
FHIENZOWTIEEAR TED »OER S5 AT
A My RBIFEELRD T2, Ao RTHL
< TEDx Japan 76 HFEOFHMT A F& > %M
L (1472 %) . 2B 2 AV TICHAL TRIFR # 2
7 EBFT LI

INA

4.2. RIULEROHIH

2R E READOBEmZTH~D HED—2L LT,
RIACBERORE T EE SRS O REFERHD. H
5 AT EA R BB DN T, FIRBFZED TR 72
ERN SN TERN2,13,14]. AFETIET A ETIC
L oEREHNT, BIULERIT TBET 7 XA MO
FEOXAERICSMEN2BANTFELRY, b LL
IECENOAESITRNRERD Z &) 128> THERKRIC
Mz = FRANS], L LTERT L. AR
BERIZ DWW TR % 22 RERR YN B> 5 03 2 2Tl TR
F AT —T 5. B EROMHIITEITIEL4,
15,161 LN OEA L, A4 & A 1IR3 E
EAL SN D T2 ORIGD B R,
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£ 1. 747 ORRFEDSIE

"5 HiET 7 A2 M2 O FEEHEHT 2 “Harlem Grown” — “Harlem Grown”
B | ok HESHEDOT VT 7 Xy MRILA~OEHR “food stamp” — [7—K2AZ T
b | S FENER SREI 70T X A BER, EASIEOmEN LD, EASHEOER 2 5% LI FR
“brothers and sis- ters” — [ SLef#ilik]
T A MMER | AT 7 A FOEHZERLOOHET 7 2 FOSMTIERE LT, 7y b — FRORED LN E TOBR
T A MNER (AT 7 A NOEREHRLOODHET 7 A MICEREZMNZ 5, LY iEMeEREMH579 5
[H] — “the Japanese capital, Tokyo”
X | BHFEEE BIET 7 2 hOH T I LE#EHT 2 72 DICHEBE-CIMOR BT CEE LD
w “Harlem Grown” — [Z0O7u2'J L)
b | BRE— Ak ERSUEN OHIPHT, HEESURIZE > THIRAO & o B ERICEEH X 5
“grand” — 1000 K/}
flkF—xAl SULBER DRI KD — BRI SRS EEE~OE XX “rrword” — [ZE5]HFE)
JR{t HEboPICE T 5B L2 AERB UV ER~OEEH L “dollar” — M)
HiIBR B EHREAWE, HIRT D “the pews” — ()
Al AfET 7 A PNTH L (b EFE 4 H>< %  “Fantastic Four” — [FHIEIT—LX)

4.3. BRRFIEOHHE

BICBERRED LS ICHR SN, TAETD
SN EZAWTHIRFIELRE Lo bic, #E{k
(B5, KLowi b, SHEOFER, 727 2 MMNER,
T A MAER) LAl GEE, RE—Mb, fx
—iAb, Jwfk, HIER, BliE) OFMERTM - BERFIEIC S
BLTCEOHBMEE A2 5. FRRFIEIZO N TIER
1 2RI, 20%, AFORREEHIZLD
BRREEMICT 7 A AT LTS, ¥R L H
HHMNZ TR LN R AR 2.

Fiz, NFOFIR &I L DFRROBRERN 228 &
LT =T —] DZTFH5. HEIRTRICE L CIEREER
ORI HRE SN D T2, AW T IS L
T HEEIRRICB I D= T — D% — 2 b U CREAR, Rk
RPAT 2T A |7 OGFITHEE LT atTo.

i

{

5. BRILERORHMER - BE

FEICE AL ER O 21T, ORI S
T BT DWW T 24T o 7=, B EFR 15 A 1A
T 194 {8, HIE51RT 95 R Iz, £/, K21
FNENOFRFEO LB E =T

AR TIET R TORRRITEC OV T AR L2223
DRERT D Z L a2, FRICBER 2 U /B0 %
Y B TR 21T O . BAREHERIC X 2 Sk FR D
FRENCDWNT, BUFD XL D IR T b,
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1) BEOS X E LR
—RITHBFFUIC OV TE DN D FHETIE D 5723,
RONTFHIO—2 & LTI ZIZWERTHEY BT,
NFOFHER & IR A L U7z & 1T, BREIRR S
TIEFANE Y OFRCEERIC Y 725 TFENETY 2
W, EREMTMZ 5 (77 2 MRER) F5 7%
REUCEHT D M —k(] , BV K LORRE
BT D THHZERR B> TWD. HICAFETIETEND
MFEIRITAT PN D, FICEBEORILOF Z 3. HT D
&9 7@ L I3RS Transformer TIXZ O£ £
Ihi-.
(#5311
ST

%

%

Then we dropped them off in schools,
seventh through eleventh grade.

HT R Zhzi¥ SRICHELIAZE LR
MT(T) =D, 7 A0S 11 FAEE T, FUTED

HLE LA,

(2) FAFMTOSERIAFHRT DL 0N
WOFEH L LT, JH 7 M OBMER TIZAFICE

_RTCEL O 5] & TREO#ERNME] NDA L. #5
B L RELOEMEDO B E FIZEhEhmrT.

[BiIC 2, #75]

ST

HT

It’s called the Meta 2.
it Meta2)] CTF
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* 2. FRERFLEO B

(3 H) HT MT(T) |MT(G) |MT(D)
|5 10 26 16 13
T\ FEomisle |29 56 45 59
b | SFENER 64 87 98 83
77 A MR |13 2 8 11
= | JEIEEE 3
A | BRE— b 1 - 1 1
1 | st — ik 56 11 25 19
il 13
HIIBR 5
= | KR
7 [#RKT
NEEH - 4 1

(B ) HT MT(T) [MT(G) |MT(D)

®\E5 1 3 3 3

B | Zimowisl |14 13 15 13

b | SEENEIR 24 56 49 48
T A NNER |5

% |G 11 3 3

= | RE—Rk - - 1 1

b | sk 33 13 27 24
Jak 3 - - 1
HIBR 4 2 - 2

T | KR

7 | IREkT

NEEH

*HT: AFOFR, MT(T): Transformer, MT(G): Google iR, MT(D): DeepL

(%3¢ 3, FFLD ]

ST (...), and my pastor called us out of the pews

and down to the altar because ...

MT(T) C.ORDHENZ(.), R b & o —7n AN
AT NE L,

I b, AL TIIAFLY bEMIC L 28R
TEL R ENTZ B OO, Wi HFEI7 [ TIHBHEIZK
EREVRER SN T, BIBFROEFTICHOWT
1T, BFRE(ESPN X TSN 7p &)X DIE T HAk,
=R R EOBRFLFTNEDOEEROFITE S
b DR BT, Fx D HAGEO CHICTEFERE
ZEA NS T, SEEEOLTIC AAGERI L B
WIS, FREVAT AR T H 5538 % 3
WERETDHIEAWVITERLRDS. AFOFRTHNIZ, b
DR, HAGERE (ZBIY 0 22 W BT RE A IR A FR
IR 72 EOXGN S DAY, HMEIRCILETEIC
RE{EEND LS BRERLFREDOEEFEIND LD
Yk NNy (W

KLOWIMETIE, 27— 74—V
(collagen fingerprinting) X°7 7 > 3 ' 7 A4 7 A
(action item) 72 &, BIYBH D H 2 I 7 HF & AE
DRICEGTEN L S AbNiz. 2 b OB A IR
TR BIERNZ A & T AL LTz TIEZR <, Wit
HAGEOREICIIRE SN TRV WEB _ETH
NWEAZ AT RETEHNDEEZHTHD. DFD,
SESICHABORTZEINE ) L LTV DHRET

42

(114 b MR SN2 2B FIRIC OV TIERD B IR 72)
HeExb. TNLEAMOFREIL (277 &
Bl HEHEAOY A M 28 AAGEICHIRERET
R DI L CTHBERIEZEOEE N Z TR L.
ZDHAZHFTDORHNTITAF LM TRERENRRS
N5, ZHICOWTh, TOMEMIXEA 4GSR LT
SR BT, WS, H A TR ORI b
B —wFTAOEBROBEEIZOWT, AMEBBRTX
EREF o7z, A AFTIT L > THKREEZID A
N2 BATEM R OB MR TR S TER
TV IR THEND.

i

(3) B TOHBIEE S D HEMEIRRIC & 2 HIBR
F72, BEFROFRTIE, AT TH  HEE
FRIZE D THIBR) bR Sz, HIBRIZS S OFIER
FEOPTY, FRCSAEWRFIEL LTESIT 6
THY 3], ED XD RIEBREHAIRT 5 0NIFIRE O
FENBRBNDS LS THRWEA S, TICHIER
DEILEA D,
(B 4]

T SAUF 18 Bomig PR £ LT 60 ALLE
DHREERAS v 7B £FE > TEY B2 O
EODFERA R T EROEREE A

T RoOHTTO RIS/ NEREIERE TITWE LT

MT(T) This is a school festival-type event created
by 13 high schools, junior high schools, and
more than 60 junior high and high school
staff.



[#iI=C 5]

ST B EHIET D70 TIERS T A—R_F 2 —K
STREEE L7720 (L)

MT(D) We not only grew vegetables, but also cooked
at barbecues, (...)

(%13 6]

ST  RFCIBEEIC TnhoLeWnEd) [HY

WEHTEVEL] LWbiX BRRZR LM

FEHIR T LT

(.) and I

saying “"welcome” and “thank you.” I was

HT would greet customers
basically the "mascot dog” of the store, so to
speak

Transformer CIE[FISC 410> X 5 7 CERHAL OHIBR
MR ST, BISCTIISCREE E S SRR OER 28
2T () TITWE L ICU TP 20, Ll
DX D eHIBRIE, A% OSIREZ S L CRK) @
TWD R L7z ETE 9L, TR EIBRD R T
Dt d 52 ENTE D, ZOERTIE, BEFR
BEITHIZEO X ZSZRT LN TERVWED, £h
BRI TIEZR CHIBRE LTIV 2 Z L i3 &
BRRFRESZAD.

—%C DeepL TIXIHISC 5]D L 5 i
HALCHIBRA R bt Zhug, [BIsCelo L 5 2 AF
OFFRIC R B2 IR & R, (D TR~ L9
(TR ERER D HF D —> & L CFAJl YV (ZFRIIEE D
B OND0, £O XD RME L ITxHRIZH 5 HIbRE
MBI S AT LT % 2 & ITBIRE V. En k57
HmEZHIER LT, ZABNMITERT DD, AMICE
DHIRE ED X DITRRD D, Lo To Z LITAE
DIBRTIIHIERIC X DBERO Y > T iainoTie
DIEDO LT, SHOMELEL LTHRENDS.

HEES 7 L—X

6. BbHViz

ZZET, ED X VIR’
HREBEZDONEHTHRD1-0, BILEHREORH
ICER L CEOMEMEDH L=, FTOICE LD L

FEE L UL TERIC
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T, REH L~V T RE L L D EINR S
NI G, (D) TEEHZLIIE, TNNFIRT D
FEET (KRR CE ATHIERT 2 5m) ko THE
RICRES B D Z EnmnoT.

U= XT 4 DI O 72 BIE, (DOMMEIRR D4
RE R BB L, 7o Zu=7 2 U HEOHERK
L R 7R B & RS 2 5 AR BHRR 73l C
WD TFREMED D 2 Z & 2. AARGERE T 2 = Cfit
N X olcsz s b & B REFED O EFRIIBTH S 722003,
EHELDFERDOFITHOWT Y, FEHE L~ TERIE
RIS A BIICH 5. ZhdISiR~7z &

T, BEBZPEROAED S OEHT 226K
MNRKE/2o>TND EBZ LD,

7L, RURELTHRECERSHY, £ 2 12
BD X5 RBEDENL, GIEIT T &
BIRFFROENR S DH. T bh b, RiEx HIESiE
LT L EITHERICZAN Th T L E X 2.
TIEFET =2 OWERLZNE M 5 S35 E IR B
T HHSMHRIC OV T b ERA TSN D 2, A
FOPTEROTAEBROBEE LTER V. A5
TIE, UG x5 & U7 B IR O BIER Tk
WIZOWT, ZDONRATAEHLNZLE. L2L, Z
ITIEHHAWET =%, ETNVIREH TH 12720,
TNOERERDLGER, KA NZT 4 v NBNET D
A7 I & U T OBEIFRIZ OV T b S %DM
Enb D, Filz, EBRIGRIDED LS G TcED
L OICHEICZAE SN, KREIICA 2 OETES A,
SHEMREICEDL S REEEE X D DNEFH~T

PRASE

- -
— —

WS 2T, THa~ofE)] 270 L T < LR
HBEAS.
ARWFFETHIR L7201, BEEIER o Uitk & LT

DEEZ T 7 A2 R BRSO T2 1 DOFIET
HY, TOBKICHRFEOZ R & RE(EEZ AV,
MICED2FRPEE 2 L T RicE R T 2138, B
FFOFHEFEEE D K 5 I AOFHRR & SREMICIE~D DA
7T, HEo—HfE LT, MROEML L TZDORK

BERLHVENH TS 2L 2IcBbohs. Zo k5%



WHIRIZ &0, A%~ BHAREE & BARERRR I JE o i & 1
RAPZEDMR SN D Z & B MR LT, L FOR O L
T5.

(RS

7 Z b5 — & 27z TEDxJapan O M4 B

1. Encouragement for a Goal-Free Life, Mitsufumi
Nishu, TEDxAnjo

2. Something Old Yet New, Shinichi Fukuyama,
TEDxAwaji

3. < oL Ofi%s, Hitomi Matsui,
TEDxDoshishaU

4. Mathematics and Us, Takehiko Nakama,
TEDxDoshishaU

5. 720256 Z2%) OFEEMY, Mina Tanaka,
TEDxDoshishaU

6. ZEEEML72H DI, daisaku harasaki,
TEDxNagasakiU

7. Wishing for the happiness of others., Hiroshi
Hatano, TEDxHamamatsu

8. Talent, death and love, KITANO Yuiga,
TEDxKobe

9. Invention of swarming molecular robots and its
infinite possibilities, Akira
Kakugo, TEDxSapporo

10. m WO, Ayumi Yamamoto, TEDxSapporo

11. FHO T &5 972012, Miki Ito,
TEDxKyoto

12. AR—> D> 77, Hiroko Morohashi,
TEDxKyoto

13. i CROWE L= Fi# DI, Yuko Shirakawa,
TEDxKyoto

14. Not talk ABOUT refugee but talk WITH refugee,
Sayaka Watanabe, TEDxHamamatsu
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AAMT Ti&, AAMT A3 3 OEFREFEL LT, WED AAMT Vv —FAEBLT JAMT Vv —F /b
(AAMT Diisy Th 2 JAMT (HABWERIS) 0= 2 PDF{LLTABRLTWET,
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KEENTVWDL Y ¥ —F /IR DEY TY,
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NEME T ) —XTid, #BED AAMT Vv —F LB X RJAMT V¥ —F VO EEBAN LET,
WEOY ¥ —F NG aiiie s, YO MT OFIER 035 L & Hic, BUEBAER L TR W ERENE - C
WBZENINBRE, ZhNbD MT BRBICEILSLONEL AbhET,

ABTIE, 1993442 H & 1993 45 A 5D AAMT Vv —Fhb 2 2O F4EH L TRAMLET, Zh
51, PDF 725 OCR TH#AM 77 F 2 FEREE L= bOTY, Big%raied ) PF L OFEMICOVTIL,
YA FEREOIELLIZI N,

[1993 4 2 H AAMT ¥+ —7F /L No.2 L 9] HE, XEDIEFZETNREN) Tak AN
- Wx LHICENPALTERENLTH D, Th, HikxH
FIEROBLIGE D> b o o
KEEIZBENZ D EVWIHIEEICHERZREINTND
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