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Summary Proposed method

We evaluated if training data from other language pairs are
helpful for the end-to-end speech translation (ST) task

€ Universal sequence-to-sequence (S2S) model

 Asingle S2S architecture (a shared encoder/decoder)
» Does not generate source sentence (no ASR)

» Directly translate source speech to target languages with a
single sequence-to-sequence (S2S) model
» Many-to-many (M2M)
> One-to-many (0O2M)

4 Why end-to-end architecture for multilingual speech translation?\

» Total number of parameters are drastically reduced
»No need to pre-define a mini-batch scheduler for the language cycle
»No need to change the existing architecture

\ » Potential zero-shot translation (not investigated in this work) y

« Outperformed the bilingual end-to-end/pipeline speech
translation models

Performed transfer learning to a very low-resource ST task:
Mboshi->French (4.4h)

» Shared representations obtained from multilingual E2E-ST were
more effective than those from the bilingual one

& Target language biasing

 Feed a target language ID token (e.g., < 2Fr >, < 2De >) to
the translation decoder at the first step instead of < sos >

(En : back in new vork, i am the head of development fora...) a u <space> b o) u t <space>

BaCkground Fr:anew vork, je suis responsable du développement pour einer ...
De: zu hause in new york, bin ich chef der entwicklungsabteilung ...
° Es :en nueva vork say responsable de desarrollo de una organizacion ... . . . . . . . .
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> O N e_tO_ ma ny (02 M) Multilingual NMT -\~ English speech
e.g., lecture, news reading etc. e oene g - "
» Many-to-many (M2M) NN Data & Tas
€. g' ) d 1a logu e’ m eetl N g etc' R Translation Corpus #hours | #utterances | #words | #vocab domain
. . . /T\I\ 3 (A) F@sh.er-CallHome Spanish (Es—En) 170 138 k 1.7M 66 conversation
» Conventional pipeline ST system ANV IR Bilingual ®) Liripench (a1 9| d4ski | 0SM | 112 | reading
. o [o . . . - n—be . ecture
> Language identification->ASR->text normalization->MT One-o-many (O2W) | (B) + ) (En—>{Fr, De] 02| TRk [ 3M | 15 | mined
Many-to-many (M2Ma) | (A) + (B) ({En, Es}—{Fr, En}) 269 183 k 2.8 M 121 mixed
/ - : . \ Many-to-many (M2Mb) | (A) + (C) ({En, Es}—{De, En}) 373 272 k 4.0M 119 m@xed
P ro b le ms of mu '.tl l.l n gu a I pl pEII ne ST SySte ms Many-to-many (M2Mc) | (A) + (B) + (C) ({En, Es}—{Fr, De, En}) 472 317 k 51 M 157 mixed

4 One-to-many (O2M) ¢ Many-to-many (M2M)
* Librispeech+ST-TED « M2Ma: Fisher + Librispeech
« M2Mb: Fisher + ST-TED
« M2Mc: Fisher + Librispeech + ST-TED

» Data sparseness issue for low-resource directions
» Mis-identification of source languages in ASR
»>Increased number of parameters
\_ »Need text normalization per source language J

Experimental evaluations

& Main results Fisher-CallHome (Es->En) Librispeech (En->Fr) ST-TED (En->De)

BLEU BLEU BLEU
Model . Model Model
Fisher-test CH-evltest test test
Bi-NMT 59.6 28.9 Bi-NMT 18.3 Bi-NMT 23.0
MT (M2Ma) Multi-NMT 49.5 22.8 MT (O2M) Multi-NMT 16.2 MT (O2M) Multi-NMT 18.9
(M2Mb) Multi-NMT 56.7 27.7 (M2Ma) Multi-NMT 12.2 (M2Mb) Multi-NMT 17.5
(M2Mc) Multi-NMT 56.2 27.7 (M2Mc) Multi-NMT 14.8 (M2Mc) Multi-NMT 17.2
Bi-ST 41.5 14.2 Bi-ST 15.7 Bi-ST 16.0
+ ASR pre-training 45.2 15.4 +ASR pre-training 16.3 + ASR pre-training 17.1
i- O2M) Multi-ST 17.2 O2M) Multi-ST 17.
op.cp | (M2Ma) Multi-ST 41.3 15.2 oopsr | (O2M) . oopsr | (O2M) . 6
(M2Mb) Multi-ST 44.) 15.8 (M2Ma) Multi-ST 16.4 (M2Mb) Multi-ST 16.7
(M2Mc) Multi-ST 45.2 16.2 (M2Mc) Multi-ST 17.3 (M2Mc) Multi-ST 17.7
+ ASR pre-training 46.3 17.2 + ASR pre-training 17.6 + ASR pre-training 18.6
Mono ASR -> Bi NMT 38.6 16.5 Mono ASR -> Bi NMT 15.8 Mono ASR -> Bi NMT 18.1
(M2Ma) Multi-ASR -> Bi-NMT 39.2 17.2 o (O2M) Multi-ASR -> Bi-NMT 16.7 . (O2M) Multi-ASR -> Bi-NMT 18.5
Pipeline-ST , , Pipeline-ST , , Pipeline-ST , ,
(M2Mb) Multi-ASR -> Bi-NMT 38.9 17.0 (M2Ma) Multi-ASR -> Bi-NMT 16.4 (M2Mb) Multi-ASR -> Bi-NMT 17.7
(M2Mc) Multi-ASR -> Bi-NMT 38.5 16.9 (M2Mc) Multi-ASR -> Bi-NMT 16.7 (M2Mc) Multi-ASR -> Bi-NMT 18.1
4 N /Take-home-message (one-to-many scenario) N

Take-home-message (many-to-many scenario)
 Additional training data from other language pairs was effective
 Multilingual E2E-ST models were not affected by the domain mismatch

« E2E-ST models got more gains from multilingual training than the
pipeline systems

« O2M training was more effective than M2M training from the
perspective of data efficiency

« However, using all training data (M2Mc) got a further small gain

« O2M multilingual training benefits from not only additional English
VAN speech data but also the direct optimization Y.

& Transfer learning to a very low-resource
28 B B = Mboshi->Fr: 4.4h s ~

W Copy ‘ Update the whole ol BLEU Take-home-message
(keep vocabulary) parameters dev

Multilingual E2E-ST ‘ Bilingual E2E-ST Bi-ST (Librispeech) 4.55 ° ||\3/||ﬂ=;ugllunagl%anleE2 E-ST seed was more effective than the

O2M-ST 6.92
/N [ M2Ma-ST 5.50 » 02M seed showed the best performance among all models
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