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Research and development (R&D) of speech recognition technology began with solving the
traditional pattern matching problem. As machine learning technology developed, statistical speech
recognition methods emerged. Then, the appearance of deep learning technology led to research
on hybrid-style speech recognition and has further developed into End-to-End speech recognition.
NICT has been on the same boat as these worldwide trends promoting R&D of speech recognition,
especially focused on ““multilingual" speech recognition. Furthermore, R&D of state-of-the-art End-
to-End speech recognition is also being conducted. Research results are used in a wide variety of
products and services deployed by various organizations, including VoiceTra®, a multilingual
speech-to-speech translation app for mobile devices. This paper describes an overview of the

technological development of speech recognition and R&D carried out at NICT.
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3.2.2 Attention 71—#%

Attention 7 I — %" [63][64] IZ—#% 2 NE /M O LSTM
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) L 72 HEEES) (BB EF) {wo, -, wp_q} Z W TRD
W HEEw, #7355, X812 Attention 77— ¥ D
1 N S
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IV (Context vector) & FIEN %, EEMHEIL. nF
HoOHGEw, 2 FHllT 512720, =ra—sHII%R
FIHOWN, EOREROEHR A \CHEH T RE 2%
Attention FEHF a, 2 E DV TRET L FHETH Y,
Query (Q). Key (K). Value (V) L EFHKINL 3DOD
AN %Z T XRARZ Mvenz 35 (KEV X
F UISHE» 555, 25 DOk % Memory & IFE
K)o SRNZ M ve, it

Cp = Xt Anyt "Ry (4)

EvEzoh, EXORDPVICHE L, ap %
Attention = & -5, Attention fEZ a,  DFHHE 1L
WO DO FERD L0, d—WeDix, 7
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_engih)
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Attention 72— ¥ = #EE L7204 71 v N3 [65]
QI|ESNTBY, TNENOT a—F % FARTHFIH
T2 LD ECEFEREREIEONS 2 LR S
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TFEREEZ AV EFVORBERE LT, HASHE
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LITEERESHWLNTEY ., HICATE2E 22D
70y 712453#19 A Multi-head attention &, Q. K.
V% [E—DEHIE D) 5155 Self-attention # H 35 2 &
WU CTH 5. F 72, Transformer D —i% CNN
2 # & ¥ 2 72 Conformer [66] bR I N THD.,
Transformer (2 THERBLLEDS RO ND Z & A3 HE
SNTW5,

3.2.3 RNN-Transducer €7/l

RNN-Transducer [60] iZ. CTC 72— # L [FEEIZ.
T RNV ERCTIRES N MY Y EVD
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TWb, /20 AN 535 o> TH
0. ELEIED /DR WA M) — 3 2 7 E R BRI O
FETH 5,
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(5)
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