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Today’s menu
• Fundamentals of statistical speech recognition 

• Acoustic models (HMM) for speech recognition 

• From word-based HMMs to phoneme-based HMMs 

• From GMM-HMM to DNN-HMM 

• Speech recognition using network grammars 

• Speech recognition using N-grams 

• Speech recognition using NN-based language models 

• Module-based ASR to one-package (E2E) ASR (next week)
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How to make a difficult problem tractable?

• Statistical framework of ASR 
• Solution of argmax_{w} P(w|o) 

• P(w): prior knowledge of what kind of words or phonemes are likely to be observed. 
• P(w|o): conditional probability of word observation, given acoustic observation of o. 

• (specific) o --> w1, w2, w3, ...?   o --> p1, p2, p3, ...? 
• Data collection is very difficult to characterize or estimate P(w|o) directly. 

• Use of the Bayesian rule 
•      

• The denominator is independent of w. 
• Maximization of P(w|o) in terms of w is equal to that of P(o|w)P(w) ( =P(o,w) ) 

• Solution of argmax_{w} P(o|w) P(w) 
• P(w): can be estimated from a large text corpus. 
• P(o|w): conditional probability of acoustic observation, given intended content of w. 

• (specific) w --> o1, o2, o3, ...?  p --> o1, o2, o3, ...? 
• This data collection is possible enough by asking many speakers to read aloud w or p !! 

• P(o|w): acoustic model, P(w): linguistic model 
• Two separate modules + the other one that searches for the word sequence that maximizes P(w,o)
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Continuous speech (connected word) recognition

Repetitive matching between an input utterance and word 
sequences that are allowed in a specific language

Constraints on words and their sequences

Vocabulary: a set of candidate words
Syntax: how words are arranged linearly.

Semantics: can be represented by word order??

Examples of unaccepted sentences

(lexical error)
(syntax error)
(semantic error)
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Representation of syntax (grammar)

specific 
expression

specific 
expression

variable
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Network grammar with a finite set of states

A sentence is accepted if it starts at one of the initial 
states and ends at one of the final states.
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Speech recognition using a network grammar

word HMM word HMMgrammatical 
state

grammatical 
state

When a grammatical state has more than one preceding words, 
the word of the maximum probability (or words with higher 
probabilities) is adopted and it will be connected to the following 
candidate words. 
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孤立単語音声の認識
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Probabilistic decision

Observation: You pick a ball three times. The colors are 

bag A bag B

Probabilities of P(          | A) and P(          | B)

.

Decision:  The bag used is more likely to be B.
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Statistical framework of speech recognition

P(bag|          ) --> P(bag=A|          ) or P(bag=B|          )

P(          |bag=A) : prob. of bag A’s generating          .

P(bag) --> P(bag=A) or P(bag=B) Which bag is easier to be selected?

A = Acoustic, W = Word

If we have three bags of type-A and one bag of type-B, then

The bag used is likely to be A.
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N-gram language model

The most widely-used implementation of P(w)
Only the previous N-1 words are used to predict the following word. 
(N-1)-order Markov process

I’m giving a lecture on speech recognition technology to university students.

N-1 = 1 --> bi-gram 
N-1 = 2 --> tri-gram

P(a | I’m, giving), P(lecture | giving, a), P(on | a, lecture), 
P(speech | lecture, on), P(recognition | on, speech), ...

n-1 words

N-1 words
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How to calculate N-gram prob.
• .... lecture on speech recognition .... 

P( speech | lecture, on ) 
     = C ( lecture, on, speech ) / C ( lecture, on ) 
P( recognition | on, speech ) 
     = C ( on, speech, recognition ) / C ( on, speech ) 
P( w3 | w1, w2 ) 
     = C ( w1, w2, w3 ) / C ( w1, w2 ) 

• Typical problems of calculating N-gram prob 
C ( w1, w2, w3 ) = 0  --> N-gram prob. = 0     ?? 
C ( w1, w2 ) = 0         --> N-gram prob. = ??? 
α x P( w3 | w1 ) or β x P( w3 ) are substituted as P ( w3 | w1, w2 ). 
Context dependencies are ignored to some degree.
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2-gram as network grammar
• 2-gram as network grammar and as tree-based network grammar2.2 音声の認識とそのモデル 51

図 2.23 バイグラムの文法としての解釈 図 2.24 木構造辞書を用いたバイグラムの実装

( 1 ) N グラム言語モデルのネットワーク文法としての解釈 図 2.23に
バイグラムをネットワーク文法の一種として記述した図を示す。任意の単語wj

から任意の単語 wi への遷移が許されるが，単語遷移 j → iに対して，対数バ
イグラムスコアが加算されることになる。バイグラムカウントが 0あるいは非
常に小さい場合は，ユニグラムを用いてバイグラムを近似する。
さらに，全単語をひとつの木構造として表現した場合を図 2.24に示す。語頭

の部分音素列を共有する単語群はマージされ，コンパクトな表現となる。しか
しこの場合，次単語に遷移してもそれがどの単語への遷移なのかは末端ノード
に到達するまでわからないため，言語モデルスコアの加算タイミングは遅れる。
トライグラムになると，直前の 2単語を記憶しておく必要があるためネット

ワーク表現は複雑になる。語彙サイズが数万規模になってくると，ネットワー
ク文法中の論理的な HMM状態数も数十万になり，通常のビタビ探索では探索
効率が悪い（無用な仮説を保持することになる）。効率のよい探索のためには，
1)入力音声と仮説の効率的な照合（尤度計算）と，2)不要と思われる仮説の高
精度な棄却（枝刈り，pruning）の 3つの操作を繰り返すことが必要となる。仮
説の棄却を高精度化するには，詳細な音響モデルや言語モデルが必要になるが，
詳細なモデルを用いれば計算コストがかかり，これらは相反する要求である。

( 2 ) 仮説探索におけるさまざまな効率化 最も単純な実装は，図 2.24に
示した木構造辞書を用いた時間同期ビーム探索である。入力フレームに同期し
て尤度計算（式 (2.37)の φj(t)）を行い（ビタビ探索），尤度が低い経路を棄却
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Today’s menu
• Fundamentals of statistical speech recognition 
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N-gram language model

The most widely-used implementation of P(w)
Only the previous N-1 words are used to predict the following word. 
(N-1)-order Markov process

I’m giving a lecture on speech recognition technology to university students.

N-1 = 1 --> bi-gram 
N-1 = 2 --> tri-gram

P(a | I’m, giving), P(lecture | giving, a), P(on | a, lecture), 
P(speech | lecture, on), P(recognition | on, speech), ...

n-1 words

N-1 words

P (s1|o)
P (s2|o)
P (s3|o)
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• v(x_t) = word features related to word at t 
P(x_t+1) = probability of word at t+1 
h = hidden layer

Recurrent NN-based LM
ୈ 2ষ ԻೝࣝͱޠݴϞσϧͷదԠ

ਤ 2.7: Recurrent Neural NetworkޠݴϞσϧ (RNNޠݴϞσϧ) [30]

͜ΕΒͷNeural Network͕࠷୯७ͩͬͨ߹ [23]ɺࣜ (2.16),(2.15)࣍ͷΑ͏ʹॻ͖ԼͤΔɻ

hi = factivate(Wh(v(xi−1) + hi−1)) (2.17)

P (xi|x1, · · · , xi−1) = softmax(Wxhi)|x=xi
(2.18)

͜͜Ͱɺv(x)୯ޠ xʹରԠ͢ΔϕΫτϧΛද͠ɺWh,WwॏΈྻߦΛද͍ͯ͠Δɻfactivate
ͰɺγάϞΠυؔɾtanhؔɾReLUؔؔܗΕΔඇઢݺԽؔͱੑ׆ [18]ͳͲ͕༻͍Β
ΕΔɻࣜ (2.18)ͷӈล softmaxؔΛ͔͚ͯಘΒΕͨϕΫτϧͷ୯ޠ xiʹରԠ͢ΔΠϯσοΫ
εʹ͋ͨΔΛද͢ɻ͢ͳΘͪɺ୯ޠ xiʹର͢Δ֬ޙࣄ͕ಘΒΕΔɻ

RNNޠݴϞσϧͰத͕ؒؼ࠶తʹೖྗ͞ΕΔͱ͍͏ߏʹΑͬͯɺ͜Ε·Ͱੜͨ͠ىશͯ
ͷ୯ޠͷใΛӄʹͭ࣋͜ͱʹͳΔɻ·ͨɺ୯ޠΛϕΫτϧͱͯ͠࿈ଓతʹද͍ͯ͠ݱΔͨΊɺ
୯ؒޠͷؔҙຯͷྨࣅΛ্ྀͨ͠ߟͰͷޮతͳֶश͕ߦΘΕΔͱظ͞ΕΔɻn-gramϞ
σϧʹൺֶͯशʹ͔͔͕ؒ࣌Δͱ͍͏͕ܽ͋Δ͕ɺ্هͷཧ༝ͳͲ͔ΒޠݴϞσϧͷੑͱ
ͯͪ͜͠Βͷํ͕༏Ε͍ͯΔͱ͍͏݁Ռ͕ใ͞ࠂΕ͍ͯΔ [23, 31, 39]ɻ

2.5.3 LSTM-RNNޠݴϞσϧ

͔͠͠ɺRNNͰ͍୯ྻޠΛॲཧ͢Δ߹ɺޯ ফࣦͱݺΕΔֶश͕͏·͘ߦΕͳ͍͕
ൃੜ͢Δ͜ͱ͕ΒΕ͍ͯΔɻ͜ΕΛܰ͢ݮΔͨΊʹɺաڈͷঢ়ଶ͕ΑΓΓ͍͢Α͏ 4ͭͷૉ
ͨͬΛࢠ Long Short-Term Memory (LSTM) [20]ͱݺΕΔNetworkΛར༻ͨ͠ LSTM-RNN

Ϟσϧ༻͍ΒΕΔΑ͏ʹͳ͖͍ͬͯͯΔޠݴ [48, 49]ɻLSTMਤ 2.8ͷΑ͏ͳߏΛ͓ͯ͠
ΓɺதؒΛؼ࠶తʹٻΊΔࡍʹɺInput gate, Output gate, Forget gate, CellͱݺΕΔ 4ͭͷ

– 15 –

time
lecture on speech  recognition
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RNN-based LM and DNN-based LM

2.4 深層ニューラルネットワークに基づく音声認識と音声合成 77

wt を t番目の単語 wt の one-hotベクトルとすると

et = Ewt (2.98)

で L次元ベクトル（L < K）et へ変換する。E は L×K の行列であり †，各
列ベクトルが単語の低次元ベクトル表現となっている。wt はその定義よりス
パースなベクトルであるが，etは単語を表現するための低次元空間を用意し，そ
の中の 1点として単語を表現している。これは単語の分散表現（distributional

representation）あるいは埋め込み（embedding）と呼ばれる。具体的なE の
算出は 3章で述べるが，DNN/RNN/LSTMによる言語モデルの特徴は，1)離
散的な単語情報を連続的なベクトルとして表現する，2)N グラムでは履歴長が
N−1と局所的だったが，RNN/LSTMを使えば，理論的には無限長の履歴を
考慮可能になる，点が挙げられる。
DNNを使ったトライグラム言語モデルの実装例を図 2.36左に示す。直前 2

単語の one-hot ベクトルを embedding表現とし，それが隠れ層に入力され，出
力層にて次単語の事後分布を計算する。出力層の次元数はK となる。

図 2.36 DNN（左）と RNN（右）による言語モデル

RNNを使った言語モデルの実装例を図 2.36右に示す。この場合入力は直前
の wt−1 と，隠れ層出力 st−1 である。隠れ層第一層の重み行列（の一部）が
wt−1を embedding化し，また，st−1が，単語履歴wt−2

1 の embeddingに相当
する。出力層にて次単語の事後分布を計算する。出力層の次元数はK となる。
2.4.3項にて，さまざまな特徴量がDNN音響モデルの入力として使われるこ
とを説明したが，DNN言語モデルでも同様であり，語彙の選択が，話題，性

† K 個の L 次元基底ベクトル（列ベクトル）が並んだ行列である。
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Ϟσϧ༻͍ΒΕΔΑ͏ʹͳ͖͍ͬͯͯΔޠݴ [48, 49]ɻLSTMਤ 2.8ͷΑ͏ͳߏΛ͓ͯ͠
ΓɺதؒΛؼ࠶తʹٻΊΔࡍʹɺInput gate, Output gate, Forget gate, CellͱݺΕΔ 4ͭͷ
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Development of a speech recognition system
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Cognitive Media Processing

Today’s menu
• Fundamentals of statistical speech recognition 

• Acoustic models (HMM) for speech recognition 

• From word-based HMMs to phoneme-based HMMs 

• From GMM-HMM to DNN-HMM 

• Speech recognition using network grammars 

• Speech recognition using N-grams 

• Speech recognition using NN-based language models 

• Module-based ASR to one-package (E2E) ASR (next week)
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One package (E2E) ASR
• Front-end of ASR (input) 

• A temporal sequence of samples (1-dimensional integer) 
• 16 bit integers with 16 / 44.1/ 48 [kHz] sampling 
• Temporal resolution is 1/16k, 1/44.1k, or 1/48k [sec] 

• A temporal sequence of feature vectors 
• Spectrum-based or cepstrum-based feature vectors 
• Temporal resolution is 10 [msec] 

• Back-end of ASR (output) 
• A sequence of characters or phonemic symbols 

• "Cognitive Media Processing is given all in English." 
• k ɑ́ ɡ n ə t ɪ v m íː d i ə p r ɑ́ s e s ɪ ŋ ɪ z ɡ ɪ ́v n ɔː l ɪ n ɪ ́ŋ ɡ l ɪ ʃ 
• Temporal resolution is ?? [msec]  (1 syllable is about 150 [msec]). 

• E2E ASR is a mapping problem between two sequences with different 
temporal resolution. 
• E2E ASR is trained only with a speech corpus, which has to be very large. 
• Generally speaking, however, |text corpus| >> |speech corpus| 
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Why GMM-HMM < DNN-HMM?
• GMM = Generative model,  DNN = Discriminative model 

• Generative model has to characterize the probability distribution of manually-
crafted features such as cepstrum coefficients, given classes (= P( o | c ) ) 

• Discriminative model has to characterize the probability distribution of classes, 
given acoustic observations (= P( c | o ) ) 
• o ➙ linear transform + non-linear normalization ➙ o' 
• o' ➙ linear transform + non-linear normalization ➙ o'' 
• Multiple "feature" transformations are trained (designed) so that better features are 

"automatically" designed for classification.

2.4 深層ニューラルネットワークに基づく音声認識と音声合成 71

2.4.3 GMM-HMMからDNN-HMMへ
DNNを音声認識に適用する代表的な方法が，GMM-HMM法の状態出力確
率 P (ot|Si)を GMMではなく，DNNで計算する方法である。GMM-HMM

ではトップダウンクラスタリングにより数千個の異なり状態（senone とも呼
ばれる）{Si}が定義されており，入力 ot に対して各状態の出力確率 P (ot|Si)

が，デコーディング処理に先立って計算される。DNNを使えば，ot の状態 Si

に対する事後確率 P (Si|ot)が計算できるが，ベイズの定理を使えば両者は

P (ot|Si)=
P (Si|ot)P (ot)

P (Si)
(2.95)

∝P (Si|ot)

P (Si)
(2.96)

の関係がある。式 (2.96)を用いてデコーディング処理を行う。ここで P (ot)は
式 (2.28)の最大化とは無関係なので省略している。また，P (Si)は学習データの
正解ラベルの出現頻度から求めることができる。GMM-HMMと DNN-HMM

を比較した図を図 2.32に示す。GMM-HMMでは，生成モデルである GMM

によって特徴量分布がモデル化され，入力 ot に対する出力確率 P (ot|Si) を計
算する。一方DNNは線形変換＋非線形変換による変換を繰り返し，最終的に帰
属確率 P (Si|ot)を計算する識別モデルとして学習されるため，もともとの特徴
量空間は，識別に適した空間へと変換されると考えられる。なお，DNN-HMM

では式 (2.96)によって変換された P (ot|Si)が尤度計算に用いられる。

図 2.32 GMM と DNN の比較
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Direct use of DNN as phoneme classifier
• Phonemic (phonetic) posteriorgram (PPG) 

• Spectrogram is a temporal sequence of spectrum, which is an acoustic 
representation of speech at time t. 

• Posteriorgram is a temporal sequence of posterior probability distributions over the 
entire set of speech classes such as phonemes.

• It is a linguistic or phonemic 
representation of speech. 

• Can be viewed as probabilistic 
(not deterministic) version of 
phonemic transcript 

• Difficult to realize alphabet-based 
posteriorgram
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CTC (Connectionist Temporal Classifier)
• Adjustment of temporal resolution between source and target 

• Frame shift = 10 sec 
• Phoneme / alphabest = 30 - 150 msec 
• Introduction (insertion) of "blank" symbol (/) between consecutive symbols 

• Removal of "/" and merging symbol repetition make different symbol sequences 
correspond to a unique sequence of "abca". 

• Each symbol except "/" may correspond to the core of the individual phonemes.

aaaaaabbbbbbbbcccccaaaaa- - - -
aa/ /a bbb cc aa - - - -/ / / / / / / / / / / /
a/ /a b b aa - - - -/ / / / / / / /

aa/ /a bbb cc aa - - - -/ / / / / / / / / / / /
a a/ / b b cc a - - - -// / / / / / /

a / b /cc//

/ / / / / / a

--> abca
--> abca
--> abca
--> abca
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の確率計算法

S1 S2初 終

x1.0

x0.6
x0.4

x0.8

x0.4
x0.6

x0.2

x0.2

x0.7
0.00.7

x0.3
0.126

x0.3
0.023

x0.4
0.112

x0.4
0.020

a

b

b
0.016

1.0
a b b

最大の確率を与える経路のみを考慮する

Output probability of observation sequence (Viterbi)

The maximum likelihood path is only adopted.
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の確率計算法 トレリス

1.0

0.6

0.4

0.2

0.8S1 S2

(a,b) =
(0.7,0.3)

(a,b) =
(0.6,0.4)

初 終

x1.0

x0.6
x0.4

x0.8

x0.4
x0.6

x0.2

x0.2

x0.7
0.00.7

x0.3
0.126

x0.3
0.023

x0.4
0.112

x0.4
0.029

a

b

b
0.023

1.0

Output probability of observation sequence (Trellis)
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CTC (Connectionist Temporal Classifier)
• Multiple paths (trellis) corresponding to a single string 

2020年11月25日ASJ講習会資料

前向き後ろ向きアルゴリズム
ブランクを含む拡張したラベル列のビタビ経路が不明
ラベル列の取りうる経路すべての確率の総和を計算

*Graves(2006)の図を
再構成して引用

121

time



Cognitive Media Processing

CTC (Connectionist Temporal Classifier)
• Multiple paths (trellis) corresponding to a single string 

2020年11月25日ASJ講習会資料

前向き後ろ向きアルゴリズム
ブランクを含む拡張したラベル列のビタビ経路が不明
ラベル列の取りうる経路すべての確率の総和を計算

*Graves(2006)の図を
再構成して引用

121

time

2020年11月25日ASJ講習会資料

前向き後ろ向きアルゴリズム
1つ1つの○印は文字/ブランクがある確率で出力される”状態”
また，CTCでは遷移確率は考慮しなくてよい

該当する記号の
事後確率が
割り当てられる

softmax

*Graves(2006)の図を
再構成して引用

122

'A''B'

speech frame <latexit sha1_base64="6gH7NGiOgLiLdP3m/VU9IDJjHb0="></latexit>ot

<latexit sha1_base64="bgFRjhBEyBEbMtG0BHepshjGCYo="></latexit>

P (‘A’|ot)
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CTC (Connectionist Temporal Classifier)
• Frame-based phoneme classifier vs. phoneme-based CTC 

• CTC can be applied to alphabets, not phonemes.

2020年11月25日ASJ講習会資料

CTCによる事後確率

Graves(2006)より引用

ほとんどのフレームで
ブランク記号が出力

その他の記号は
スパイク状に確率が変化

133

The blank symbol is
observed very frequently.

Non-blank symbols are often 
observed at once in a 
phoneme segment.

(most likely
path)
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Today’s menu
• Speech --> sounds --> vibrations (waves) of air particles 
• Fundamentals of phonetics 

• How are vowel sounds produced? 
• Phonetics = articulatory phonetics + acoustic phon. + auditory phon. 

• More on articulatory phonetics 
• Observation of speech organs 

• More on general phonetics 
• General phonetics = language independent phonetics 
• How to symbolize language sounds found in any language? 

• More on acoustic phonetics 
• Vowels as standing waves 

• Resonance frequency = formant frequency 

• Link between acoustic phon. and articulatory phon. 

• Summary
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Encoder-decoder model
• Input sequence is converted to output sequence. 

• Encoder can be interpreted as extractor of abstract representation from input 
signals or tokens. 

• Decoder can be interpreted as embodiment of the abstract representation into 
actually observed output signals or tokens. 

• An example of the encoder-decoder model using Recurrent Neural Network (RNN). 
• Input = x1, x2, x3, ....   Output = y1, y2, y3, .... 
• Long-distance relations are actually difficult to be encoded or decoded.

Source: https://arxiv.org/abs/2102.03218
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• v(x) = word features of related to word at t 
P(x) = probability of word at t+1 
h = hidden layer

Recurrent NN-based LM
ୈ 2ষ ԻೝࣝͱޠݴϞσϧͷదԠ

ਤ 2.7: Recurrent Neural NetworkޠݴϞσϧ (RNNޠݴϞσϧ) [30]

͜ΕΒͷNeural Network͕࠷୯७ͩͬͨ߹ [23]ɺࣜ (2.16),(2.15)࣍ͷΑ͏ʹॻ͖ԼͤΔɻ

hi = factivate(Wh(v(xi−1) + hi−1)) (2.17)

P (xi|x1, · · · , xi−1) = softmax(Wxhi)|x=xi
(2.18)

͜͜Ͱɺv(x)୯ޠ xʹରԠ͢ΔϕΫτϧΛද͠ɺWh,WwॏΈྻߦΛද͍ͯ͠Δɻfactivate
ͰɺγάϞΠυؔɾtanhؔɾReLUؔؔܗΕΔඇઢݺԽؔͱੑ׆ [18]ͳͲ͕༻͍Β
ΕΔɻࣜ (2.18)ͷӈล softmaxؔΛ͔͚ͯಘΒΕͨϕΫτϧͷ୯ޠ xiʹରԠ͢ΔΠϯσοΫ
εʹ͋ͨΔΛද͢ɻ͢ͳΘͪɺ୯ޠ xiʹର͢Δ֬ޙࣄ͕ಘΒΕΔɻ

RNNޠݴϞσϧͰத͕ؒؼ࠶తʹೖྗ͞ΕΔͱ͍͏ߏʹΑͬͯɺ͜Ε·Ͱੜͨ͠ىશͯ
ͷ୯ޠͷใΛӄʹͭ࣋͜ͱʹͳΔɻ·ͨɺ୯ޠΛϕΫτϧͱͯ͠࿈ଓతʹද͍ͯ͠ݱΔͨΊɺ
୯ؒޠͷؔҙຯͷྨࣅΛ্ྀͨ͠ߟͰͷޮతͳֶश͕ߦΘΕΔͱظ͞ΕΔɻn-gramϞ
σϧʹൺֶͯशʹ͔͔͕ؒ࣌Δͱ͍͏͕ܽ͋Δ͕ɺ্هͷཧ༝ͳͲ͔ΒޠݴϞσϧͷੑͱ
ͯͪ͜͠Βͷํ͕༏Ε͍ͯΔͱ͍͏݁Ռ͕ใ͞ࠂΕ͍ͯΔ [23, 31, 39]ɻ

2.5.3 LSTM-RNNޠݴϞσϧ

͔͠͠ɺRNNͰ͍୯ྻޠΛॲཧ͢Δ߹ɺޯ ফࣦͱݺΕΔֶश͕͏·͘ߦΕͳ͍͕
ൃੜ͢Δ͜ͱ͕ΒΕ͍ͯΔɻ͜ΕΛܰ͢ݮΔͨΊʹɺաڈͷঢ়ଶ͕ΑΓΓ͍͢Α͏ 4ͭͷૉ
ͨͬΛࢠ Long Short-Term Memory (LSTM) [20]ͱݺΕΔNetworkΛར༻ͨ͠ LSTM-RNN

Ϟσϧ༻͍ΒΕΔΑ͏ʹͳ͖͍ͬͯͯΔޠݴ [48, 49]ɻLSTMਤ 2.8ͷΑ͏ͳߏΛ͓ͯ͠
ΓɺதؒΛؼ࠶తʹٻΊΔࡍʹɺInput gate, Output gate, Forget gate, CellͱݺΕΔ 4ͭͷ
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Encoder-decoder model
• Input sequence is converted to output sequence. 

• Encoder can be interpreted as extractor of abstract representation from input 
signals or tokens. 

• Decoder can be interpreted as embodiment of the abstract representation into 
actually observed output signals or tokens. 

• An example of the encoder-decoder model using Recurrent Neural Network (RNN). 
• Input = x1, x2, x3, ....   Output = y1, y2, y3, .... 
• Long-distance relations are actually difficult to be encoded or decoded.

Source: https://arxiv.org/abs/2102.03218
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Transformer model
• Attention is all you need !! 

• https://arxiv.org/abs/1706.03762 
• Explicit modeling of the relations (similarities) of 

the current input token to other ones in the input 
sequence and to the tokens in the output sequence 
generated so far. 
• Self-attention mechanism 

Encoder

Decoder

Preprocessor

https://arxiv.org/abs/1706.03762
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Self-attention mechanism
• Relatedness of the current input token 

• to the other tokens in the input sequence and 
• to the tokens in the output sequence generated so far. 

• A token is converted to its three components. 
• Value vector, key vector, and query vector. 

https://towardsdatascience.com/illustrated-self-attention-2d627e33b20a
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Title of each lecture
• Theme-1 

• Multimedia information and humans 
• Multimedia information and interaction between humans and machines 
• Multimedia information used in expressive and emotional processing 
• A wonder of sensation - synesthesia - 

• Theme-2 
• Speech communication technology - articulatory & acoustic phonetics - 
• Speech communication technology - speech analysis - 
• Speech communication technology - speech recognition - 
• Speech communication technology - speech synthesis - 

• Theme-3 
• A new framework for “human-like” speech machines #1 
• A new framework for “human-like” speech machines #2 
• A new framework for “human-like” speech machines #3 
• A new framework for “human-like” speech machines #4

c 1 

c 3 c 2 

c 4 

c D 
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Speech Communication Tech. 
- Speech synthesis -

Nobuaki Minematsu
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Today’s menu
• Overview of text-to-speech conversion 

• From speaking machine to reading machine 

• Text analysis 
• Text processing using units of sentences, phrases, and words 

• Reading analysis 
• Assignment of reading (phonetic symbol + prosody) to each phoneme 

• Waveform generation 
• Conversion of phonetic symbols + prosody to acoustic waveforms 

• Some demos 
• Unit selection synthesis + HMM-based synthesis
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Today’s menu
• Overview of text-to-speech conversion 

• From speaking machine to reading machine 

• Text analysis 
• Text processing using units of sentences, phrases, and words 

• Reading analysis 
• Assignment of reading (phonetic symbol + prosody) to each phoneme 

• Waveform generation 
• Conversion of phonetic symbols + prosody to acoustic waveforms 

• Some demos 
• Unit selection synthesis + HMM-based synthesis

• Application of text and reading analysis for TTS to Japanese education 
• How to read Japanese text with good and natural prosody?
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The world oldest speech generator
• Speaking machine (Kempelen 1791)
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Difficulty of TTS
• Raw text alone is not sufficient “phonetically” for it to be read. 

• How to read Kanji? How to convert Kanji to Hiragana? 
• 今日の午後は，生物学の授業に出ました。 

• 今日＝きょう？こんにち？　　生物＝せいぶつ？なまもの？ 

• Hiragana is similar to phonemic representation. It is enough for TTS? 
• とんぼ，とんねる，どんぐり 

• すいか，たべますか？ 

• If text is represented by phonetic symbols, is it enough? 
• How about prosodic features which are needed for text-to-speech conversion? 

• Intonation, word accent, durational control (speaking rate), etc. 

• 赤（あか）＋えんぴつ　→　あかえんぴつ 

• Only “read”-style speech? Only native speech? 
• Expressive (emotional) speech 

• Non-native speech
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Phones and phonemes
• Phones 

• A phone is the minimal unit of speech of any language. 
• Phonetic symbols are language-independent and used by phoneticians to 

transcribe speech of any language. Defined by by Int. Phonetic Association. 
• Should be used like [ a b c d e f g ]. 

• Phonemes 
• A phoneme is the minimal unit of speech of a specific language, perceived by 

native speakers of that language. 
• Phonemic symbols are language-dependent and used by ordinary people to 

transcribe speech of that language. Can be defined by a user. 
• Should be used like / a b c d e f g /.
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ࡣ IPA  ࠋ࠸࡞ࡣ࡛
 ྠ୍㡢ኌ࡛ࣝ࣋ࣞࡿ࡞␗ࢆ⾲グࡓࡋࢆ㸰

ࡋࡢㄞ㡢ኌᮁࡎࡲࠋࡿࡆᣲࡘ ᪥ᮏ㡢㡪Ꮫࠕ࡚

◊✲⏝㐃⥆㡢ኌࢫ࣮࣋ࢱ࣮ࢹ  Vol.1ࠖࡢ

VOL1/DAT/CAN0001/A/A01.ADࠕ  ࠋࠖ
㡢ኌ⾲グ㸦⢭ᐦ㸧 
=���Lµ���¿IGµG̀µ,¾F¿ß KVßU�1½!�U�D'́VGµV¿ßcÌKD_½P�1½J1½'́!�P'́̀́'́ ÀKK̀
O�̀�)'́V��̀PQ̀µQµFCÅ? 
㡢ኌ⾲グ㸦⡆␎㸧 

=C�CL/�/IGPF¿ß KVßU/Q�U/DGVGF¿ß KD/P�QJQ�G�PG 
KOC)GVCPQFC? 

㡢⣲⾲グ 15  
/arajurugeNzituosubetezibuNnohoRenezima

getanoda/ 
₎Ꮠ࡞ΰࡾࡌ⾲グ ࡿࡺࡽ࠶⌧ᐇ࡚ࡍࢆ

⮬ศࡢ᪉ࡌࡡ᭤ࠋࡔࡢࡓࡆ 
ḟㅮ₇㡢ኌࡢ࡚ࡋᅜ❧ᅜㄒ◊✲ᡤࠕࡢ᪥

ᮏㄒヰࡋゝⴥࢫࣃ࣮ࢥ A11M0469_0138ࠕࡢࠖ  ࠋࠖ
㡢ኌ⾲グ㸦⢭ᐦ㸧 ='À'�M¾L_½�MßZ�)µ�M�I¾KL�¾UV¿ßc8�? 
㡢ኌ⾲グ㸦⡆␎㸧 =G�ML/�MC)CMIKL/UV¿ßcQ�? 
㡢⣲⾲グ  /eRkyuRkagakugizjututjoR/ 
₎Ꮠ࡞ΰࡾࡌ⾲グ ࠊ࣮࠼ᪧ⛉Ꮫᢏ⾡ᗇ 

8. IPA  ࡇࡿ࠸࡚ࡋ๓ᥦࡀ

᭱ᚋ IPA ๓ᥦᬯ㯲ࡣࡓࡲࠊ᫂♧ⓗࡀ

 ࠋࡃ࠾࡚ࡋ♧ࡘ㸱ࢆ࠼⪄ࡿ࠸࡚ࡋ
IPAࠊࡎࡲ グࢆࡳࡢሗ࡞⩏᭷ពゝㄒᏛⓗࡣ

㏙ࠋࡿࡍࠕࡤ࠼ప࡞࣮࢟ࢫࣁࡃ⏨ᛶࡢኌ࡛᪩ཱྀ

࡛ゝࡓࡗ ࡢࡽࢀࡇࠋ࠸࡞ࡋグ㏙ࡣሗࡢ࡞ࠖ

ሗࡣグ㏙せ࡛࠺࠸ࡿ࠶๓ᥦࠋࡿ࠶ࡀ 
࿘ࡣࡇࡿ࠶㐃⥆య࡛ࡣⓗ⌮≀ࡀ㡢ኌࠊࡓࡲ

IPAࠊࡀࡔᐇࡢ▱ ศ⠇⥆㐃ࡢ༢㡢ࢆࢀࡇࡣ

㸦segment㸧࡛࠺࠸ࡿࡁ๓ᥦࡑࠋࡿ࠸࡚ࡗ❧

 ࠋࡿ࠶࡛⬟ྍࡣグྕ࡞࠺ࡼࡢࡇ࠸࡞ࡋ࠺
᭱ᚋࠊᏊ㡢ẕ㡢ࡣ༊ู࡛࠺࠸ࡿࡁ๓ᥦࡶ

ࡢⱥㄒࠋࡿ࠶ yet 㡢ࡢึ᭱ࡢ heed 㡢ࡢ୰ኸࡢ

ࠊࡀ࠸࡞ࢀ▱ࡶ୍ྠࡃࡣ࡚ࡋ࠼ᵓࡢㄪ㡢ࡣ

㏻ᖖ๓⪅ࡣᏊ㡢=L?ࠊᚋ⪅ࡣẕ㡢=K?グ㏙ࠋࡿࢀࡉ

࠸࡚ࢀࡲྵࡀどⅬࡢู࠺࠸㡢⠇ᵓ㐀ࡣࡇࡇ

 ࠋࡿ
࠺ࡼࡢࡇ IPA グྕయ⣔࡞↓Ḟ࡚ࡋỴࡣ

ㄞࡾࡓࡗ࡚ࡋゎ⌮ࡃࡼࢆᚩ≉ࡢࡑࠊࡀ࠸࡞ࡣ࡛

ࠊゝࡤࢀࡍࡾࡔࢇ ㄒ㡢ࡢグ㏙࡚ࡋ࣮ࣝࢶ㠀ᖖ

౽ࠋࡿ࠶࡛ࡢࡶ࡞㘓㡢ᢏ⾡ࡀ㣕㌍ⓗ㐍Ṍࡓࡋ

⌧௦࡛ࡶ IPA ࡇࡣ⏤⌮ࡿ࠸࡚ࡅ⥆ࢀࢃࡃᗈࡀ

ᐇࡀ๓ᥦࡢࡘ㸱ࡓ㏙ୖࡽࢀࡑࠊࡉ౽ࡢ

࠸ࡿ࠸࡚ࡋᫎࡃࡼࢆᛶ㉁ࡢゝㄒ㡢ࡢே㛫ࡣ

 ࠋ࠺ࢁ࠶࡛ࡇ࠺࠸࠺
 

ᩥ  ⊩ 
[1] International Phonetic Association, Handbook of the 
International Phonetic Alphabet (Cambridge University 
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⯉๓ࡣ㏻ᖖࡀẕ㡢ࡢࡑࡣࢀࡇࠊࡀࡓࡁ࡚ࡋ⾲࡛ྕ

ẕ㡢=C?ᚋ⯉ẕ㡢=#?ࡢ୰㛫⛬ᗘ࡛ࢆࡇࡿ࠶ព

㆑ࡸࡸࠊࡓࡋ⢭ᐦ࡞⾲グ࡛ࠋࡿ࠶ከࡣ࡛⫣ᩥࡢࡃ

ࡶࡋࡎᚲࡣࢀࡇࠊࡀࡿ࠸࡚ࡋ⾲࡛?C=ࢆẕ㡢ࡌྠ

ࡢࡶࡿࡍᙇࢆࡇࡿ࠶๓⯉ẕ㡢࡛ࡀẕ㡢ࡢࡑ

ࠋྠ࠸࡞ࡣ࡛ ᵝᮏ✏ࡢ 6.1 ⠇࡛᪥ᮏㄒࡢࢡࡢẕ

㡢ࡢࢶࠊ?/=ࢆẕ㡢?�=ࢆグ࡚ࡋ༊ูࠊࡀࡓࡋከ

ࡇࢀࡑࠋࡿࢀࡉグ࡛?/=ࡶࡽࡕࡣ࡛⫣ᩥࡢࡃ

࡚ࡗࢃࡀࡇ࠺࠸ࡿ࠶㠀၁࡛ࡣ㏻ᖖࠊࢁ

ࢀࡉࡀグ⾲࠸࡞ࡢ┪▩୰࡛ࡢ⫣ᙜヱᩥࡘࡾ࠾

ࡶ࡚࠸W?࡛᭩=ࢆẕ㡢ࡢ࢘ࡢ᪥ᮏㄒࠊࡾ㝈ࡿ࠸࡚

㛫㐪ࠋ࠸࡞ࡣ࡛ࡅࢃ࠺࠸࠸IPAࡣ࡛⾲ࡢ=T?ࡩࡣ

ࡢredࡢⱥㄒ࡚ࡗゝࡽࡔࠊࡀࡔグྕࡢ㡢࠼ࡿ
Ⓨ㡢ࡢ=T'F?࠺࠸⾲グࡢ=T?࠼ࡿࡩࡀ㡢࡚ࡋ⾲ࢆ

ࡑࠊࡣࡢ࡞せ⫢ࠋ࠺ࢁࡔ࠸࡞ᑡࡣேࡿ࠼⪄ࡿ࠸

ពࡢグྕࡢࢀࡒࢀࡑࡿ࠸࡚ࢀࢃሙ࡛ࡢࡑࡢ

⬦ᩥࢆ༶࡚ࡋṇࡃࡋ⌮ゎࠋࡿ࠶࡛ࡇࡿࡍ�
㡢ኌ⾲グఝ࡚㠀ࡢࡶࡿ࡞㡢⣲⾲グࠋࡿ࠶ࡀ

ᙜヱࡢゝㄒ࠸࠾ 㡢ࡢࡘࡦࡌྠࠕ࡚ ᶵ࡚ࡋࠖ

࡞␗ࡣ࡚ࡋ㡢ኌࡢᐇ⌧㸦௬ࢆ㞟ྜࡢ㡢ࡿࡍ⬟

ࠋ᭱ࡪ㡢⣲ࡢࡘࡦ㸧ࡶ࡚࠸࡚ࡗ ㏆ࡢⱥ㎡

ࡣ࡛࡞ぢฟࡋㄒࡢⓎ㡢ࡃ࡞࡛[  ]ࢆ/  /࡛♧

ࢆ㡢ኌ⾲グࡣゝㄒᏛ࡛ࠊࡀ࠸ከࡀࡢࡶࡿ࠸࡚ࡋ

ࠋࡿ࠸࡚ࡗ࡞ࡾࡲỴࡍ♧࡛/  /ࢆ㡢⣲⾲グࠊ[  ]

㡢⣲ࡣゝㄒ࡛ࡢࡿ࡞␗ࡈ㡢⣲⾲グࠕࡣᅜ㝿

ⓗ࡛ࠖ グྕࡿࢀࡽ࠸⏝࡛ࡇࡑ࡚ࡗᚑࠊࡎᚓࡾ࠶ࡣ

ࡣ IPA  ࠋ࠸࡞ࡣ࡛
 ྠ୍㡢ኌ࡛ࣝ࣋ࣞࡿ࡞␗ࢆ⾲グࡓࡋࢆ㸰

ࡋࡢㄞ㡢ኌᮁࡎࡲࠋࡿࡆᣲࡘ ᪥ᮏ㡢㡪Ꮫࠕ࡚

◊✲⏝㐃⥆㡢ኌࢫ࣮࣋ࢱ࣮ࢹ  Vol.1ࠖࡢ

VOL1/DAT/CAN0001/A/A01.ADࠕ  ࠋࠖ
㡢ኌ⾲グ㸦⢭ᐦ㸧 
=���Lµ���¿IGµG̀µ,¾F¿ß KVßU�1½!�U�D'́VGµV¿ßcÌKD_½P�1½J1½'́!�P'́̀́'́ ÀKK̀
O�̀�)'́V��̀PQ̀µQµFCÅ? 
㡢ኌ⾲グ㸦⡆␎㸧 

=C�CL/�/IGPF¿ß KVßU/Q�U/DGVGF¿ß KD/P�QJQ�G�PG 
KOC)GVCPQFC? 

㡢⣲⾲グ 15  
/arajurugeNzituosubetezibuNnohoRenezima

getanoda/ 
₎Ꮠ࡞ΰࡾࡌ⾲グ ࡿࡺࡽ࠶⌧ᐇ࡚ࡍࢆ

⮬ศࡢ᪉ࡌࡡ᭤ࠋࡔࡢࡓࡆ 
ḟㅮ₇㡢ኌࡢ࡚ࡋᅜ❧ᅜㄒ◊✲ᡤࠕࡢ᪥

ᮏㄒヰࡋゝⴥࢫࣃ࣮ࢥ A11M0469_0138ࠕࡢࠖ  ࠋࠖ
㡢ኌ⾲グ㸦⢭ᐦ㸧 ='À'�M¾L_½�MßZ�)µ�M�I¾KL�¾UV¿ßc8�? 
㡢ኌ⾲グ㸦⡆␎㸧 =G�ML/�MC)CMIKL/UV¿ßcQ�? 
㡢⣲⾲グ  /eRkyuRkagakugizjututjoR/ 
₎Ꮠ࡞ΰࡾࡌ⾲グ ࠊ࣮࠼ᪧ⛉Ꮫᢏ⾡ᗇ 

8. IPA  ࡇࡿ࠸࡚ࡋ๓ᥦࡀ

᭱ᚋ IPA ๓ᥦᬯ㯲ࡣࡓࡲࠊ᫂♧ⓗࡀ

 ࠋࡃ࠾࡚ࡋ♧ࡘ㸱ࢆ࠼⪄ࡿ࠸࡚ࡋ
IPAࠊࡎࡲ グࢆࡳࡢሗ࡞⩏᭷ពゝㄒᏛⓗࡣ

㏙ࠋࡿࡍࠕࡤ࠼ప࡞࣮࢟ࢫࣁࡃ⏨ᛶࡢኌ࡛᪩ཱྀ

࡛ゝࡓࡗ ࡢࡽࢀࡇࠋ࠸࡞ࡋグ㏙ࡣሗࡢ࡞ࠖ

ሗࡣグ㏙せ࡛࠺࠸ࡿ࠶๓ᥦࠋࡿ࠶ࡀ 
࿘ࡣࡇࡿ࠶㐃⥆య࡛ࡣⓗ⌮≀ࡀ㡢ኌࠊࡓࡲ

IPAࠊࡀࡔᐇࡢ▱ ศ⠇⥆㐃ࡢ༢㡢ࢆࢀࡇࡣ

㸦segment㸧࡛࠺࠸ࡿࡁ๓ᥦࡑࠋࡿ࠸࡚ࡗ❧

 ࠋࡿ࠶࡛⬟ྍࡣグྕ࡞࠺ࡼࡢࡇ࠸࡞ࡋ࠺
᭱ᚋࠊᏊ㡢ẕ㡢ࡣ༊ู࡛࠺࠸ࡿࡁ๓ᥦࡶ

ࡢⱥㄒࠋࡿ࠶ yet 㡢ࡢึ᭱ࡢ heed 㡢ࡢ୰ኸࡢ

ࠊࡀ࠸࡞ࢀ▱ࡶ୍ྠࡃࡣ࡚ࡋ࠼ᵓࡢㄪ㡢ࡣ

㏻ᖖ๓⪅ࡣᏊ㡢=L?ࠊᚋ⪅ࡣẕ㡢=K?グ㏙ࠋࡿࢀࡉ

࠸࡚ࢀࡲྵࡀどⅬࡢู࠺࠸㡢⠇ᵓ㐀ࡣࡇࡇ

 ࠋࡿ
࠺ࡼࡢࡇ IPA グྕయ⣔࡞↓Ḟ࡚ࡋỴࡣ

ㄞࡾࡓࡗ࡚ࡋゎ⌮ࡃࡼࢆᚩ≉ࡢࡑࠊࡀ࠸࡞ࡣ࡛

ࠊゝࡤࢀࡍࡾࡔࢇ ㄒ㡢ࡢグ㏙࡚ࡋ࣮ࣝࢶ㠀ᖖ

౽ࠋࡿ࠶࡛ࡢࡶ࡞㘓㡢ᢏ⾡ࡀ㣕㌍ⓗ㐍Ṍࡓࡋ

⌧௦࡛ࡶ IPA ࡇࡣ⏤⌮ࡿ࠸࡚ࡅ⥆ࢀࢃࡃᗈࡀ

ᐇࡀ๓ᥦࡢࡘ㸱ࡓ㏙ୖࡽࢀࡑࠊࡉ౽ࡢ

࠸ࡿ࠸࡚ࡋᫎࡃࡼࢆᛶ㉁ࡢゝㄒ㡢ࡢே㛫ࡣ

 ࠋ࠺ࢁ࠶࡛ࡇ࠺࠸࠺
 

ᩥ  ⊩ 
[1] International Phonetic Association, Handbook of the 
International Phonetic Alphabet (Cambridge University 
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ᙜヱࡢゝㄒ࠸࠾ 㡢ࡢࡘࡦࡌྠࠕ࡚ ᶵ࡚ࡋࠖ

࡞␗ࡣ࡚ࡋ㡢ኌࡢᐇ⌧㸦௬ࢆ㞟ྜࡢ㡢ࡿࡍ⬟

ࠋ᭱ࡪ㡢⣲ࡢࡘࡦ㸧ࡶ࡚࠸࡚ࡗ ㏆ࡢⱥ㎡

ࡣ࡛࡞ぢฟࡋㄒࡢⓎ㡢ࡃ࡞࡛[  ]ࢆ/  /࡛♧

ࢆ㡢ኌ⾲グࡣゝㄒᏛ࡛ࠊࡀ࠸ከࡀࡢࡶࡿ࠸࡚ࡋ

ࠋࡿ࠸࡚ࡗ࡞ࡾࡲỴࡍ♧࡛/  /ࢆ㡢⣲⾲グࠊ[  ]

㡢⣲ࡣゝㄒ࡛ࡢࡿ࡞␗ࡈ㡢⣲⾲グࠕࡣᅜ㝿

ⓗ࡛ࠖ グྕࡿࢀࡽ࠸⏝࡛ࡇࡑ࡚ࡗᚑࠊࡎᚓࡾ࠶ࡣ

ࡣ IPA  ࠋ࠸࡞ࡣ࡛
 ྠ୍㡢ኌ࡛ࣝ࣋ࣞࡿ࡞␗ࢆ⾲グࡓࡋࢆ㸰

ࡋࡢㄞ㡢ኌᮁࡎࡲࠋࡿࡆᣲࡘ ᪥ᮏ㡢㡪Ꮫࠕ࡚

◊✲⏝㐃⥆㡢ኌࢫ࣮࣋ࢱ࣮ࢹ  Vol.1ࠖࡢ

VOL1/DAT/CAN0001/A/A01.ADࠕ  ࠋࠖ
㡢ኌ⾲グ㸦⢭ᐦ㸧 
=���Lµ���¿IGµG̀µ,¾F¿ß KVßU�1½!�U�D'́VGµV¿ßcÌKD_½P�1½J1½'́!�P'́̀́'́ ÀKK̀
O�̀�)'́V��̀PQ̀µQµFCÅ? 
㡢ኌ⾲グ㸦⡆␎㸧 

=C�CL/�/IGPF¿ß KVßU/Q�U/DGVGF¿ß KD/P�QJQ�G�PG 
KOC)GVCPQFC? 

㡢⣲⾲グ 15  
/arajurugeNzituosubetezibuNnohoRenezima

getanoda/ 
₎Ꮠ࡞ΰࡾࡌ⾲グ ࡿࡺࡽ࠶⌧ᐇ࡚ࡍࢆ

⮬ศࡢ᪉ࡌࡡ᭤ࠋࡔࡢࡓࡆ 
ḟㅮ₇㡢ኌࡢ࡚ࡋᅜ❧ᅜㄒ◊✲ᡤࠕࡢ᪥

ᮏㄒヰࡋゝⴥࢫࣃ࣮ࢥ A11M0469_0138ࠕࡢࠖ  ࠋࠖ
㡢ኌ⾲グ㸦⢭ᐦ㸧 ='À'�M¾L_½�MßZ�)µ�M�I¾KL�¾UV¿ßc8�? 
㡢ኌ⾲グ㸦⡆␎㸧 =G�ML/�MC)CMIKL/UV¿ßcQ�? 
㡢⣲⾲グ  /eRkyuRkagakugizjututjoR/ 
₎Ꮠ࡞ΰࡾࡌ⾲グ ࠊ࣮࠼ᪧ⛉Ꮫᢏ⾡ᗇ 

8. IPA  ࡇࡿ࠸࡚ࡋ๓ᥦࡀ

᭱ᚋ IPA ๓ᥦᬯ㯲ࡣࡓࡲࠊ᫂♧ⓗࡀ

 ࠋࡃ࠾࡚ࡋ♧ࡘ㸱ࢆ࠼⪄ࡿ࠸࡚ࡋ
IPAࠊࡎࡲ グࢆࡳࡢሗ࡞⩏᭷ពゝㄒᏛⓗࡣ

㏙ࠋࡿࡍࠕࡤ࠼ప࡞࣮࢟ࢫࣁࡃ⏨ᛶࡢኌ࡛᪩ཱྀ

࡛ゝࡓࡗ ࡢࡽࢀࡇࠋ࠸࡞ࡋグ㏙ࡣሗࡢ࡞ࠖ

ሗࡣグ㏙せ࡛࠺࠸ࡿ࠶๓ᥦࠋࡿ࠶ࡀ 
࿘ࡣࡇࡿ࠶㐃⥆య࡛ࡣⓗ⌮≀ࡀ㡢ኌࠊࡓࡲ

IPAࠊࡀࡔᐇࡢ▱ ศ⠇⥆㐃ࡢ༢㡢ࢆࢀࡇࡣ

㸦segment㸧࡛࠺࠸ࡿࡁ๓ᥦࡑࠋࡿ࠸࡚ࡗ❧

 ࠋࡿ࠶࡛⬟ྍࡣグྕ࡞࠺ࡼࡢࡇ࠸࡞ࡋ࠺
᭱ᚋࠊᏊ㡢ẕ㡢ࡣ༊ู࡛࠺࠸ࡿࡁ๓ᥦࡶ

ࡢⱥㄒࠋࡿ࠶ yet 㡢ࡢึ᭱ࡢ heed 㡢ࡢ୰ኸࡢ

ࠊࡀ࠸࡞ࢀ▱ࡶ୍ྠࡃࡣ࡚ࡋ࠼ᵓࡢㄪ㡢ࡣ

㏻ᖖ๓⪅ࡣᏊ㡢=L?ࠊᚋ⪅ࡣẕ㡢=K?グ㏙ࠋࡿࢀࡉ

࠸࡚ࢀࡲྵࡀどⅬࡢู࠺࠸㡢⠇ᵓ㐀ࡣࡇࡇ

 ࠋࡿ
࠺ࡼࡢࡇ IPA グྕయ⣔࡞↓Ḟ࡚ࡋỴࡣ

ㄞࡾࡓࡗ࡚ࡋゎ⌮ࡃࡼࢆᚩ≉ࡢࡑࠊࡀ࠸࡞ࡣ࡛

ࠊゝࡤࢀࡍࡾࡔࢇ ㄒ㡢ࡢグ㏙࡚ࡋ࣮ࣝࢶ㠀ᖖ

౽ࠋࡿ࠶࡛ࡢࡶ࡞㘓㡢ᢏ⾡ࡀ㣕㌍ⓗ㐍Ṍࡓࡋ

⌧௦࡛ࡶ IPA ࡇࡣ⏤⌮ࡿ࠸࡚ࡅ⥆ࢀࢃࡃᗈࡀ

ᐇࡀ๓ᥦࡢࡘ㸱ࡓ㏙ୖࡽࢀࡑࠊࡉ౽ࡢ

࠸ࡿ࠸࡚ࡋᫎࡃࡼࢆᛶ㉁ࡢゝㄒ㡢ࡢே㛫ࡣ

 ࠋ࠺ࢁ࠶࡛ࡇ࠺࠸࠺
 

ᩥ  ⊩ 
[1] International Phonetic Association, Handbook of the 
International Phonetic Alphabet (Cambridge University 
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ࡍ⾲ࡁ᭩ࢆヲ⣽ࡢࢀࡇࡕ࠸ࡕ࠸ࠊࡾ㝈࠸࡞࡛

ᚲ㆟ㄽࡢࡢࡑࠊ࡛ࡇࡑࠋࡿࡂ㐣㞧↹ࡣࡢ

せ࡞ヲ⣽࡞༊ูࡓࡋ␎┬ࡣ⾲グࡢࡇࡿࡍࢆ

ࠋ࠺ゝ⡆␎⾲グࢆࢀࡇࠋࡿ࠶ᬑ㏻࡛ࢁࡋࡴࡀ࠺

ࡤ࠼ᮏ✏࡛ࡣ᪥ᮏㄒࡢࡢẕ㡢࠺࠸[�]ࢆグ

⯉๓ࡣ㏻ᖖࡀẕ㡢ࡢࡑࡣࢀࡇࠊࡀࡓࡁ࡚ࡋ⾲࡛ྕ

ẕ㡢=C?ᚋ⯉ẕ㡢=#?ࡢ୰㛫⛬ᗘ࡛ࢆࡇࡿ࠶ព

㆑ࡸࡸࠊࡓࡋ⢭ᐦ࡞⾲グ࡛ࠋࡿ࠶ከࡣ࡛⫣ᩥࡢࡃ

ࡶࡋࡎᚲࡣࢀࡇࠊࡀࡿ࠸࡚ࡋ⾲࡛?C=ࢆẕ㡢ࡌྠ

ࡢࡶࡿࡍᙇࢆࡇࡿ࠶๓⯉ẕ㡢࡛ࡀẕ㡢ࡢࡑ

ࠋྠ࠸࡞ࡣ࡛ ᵝᮏ✏ࡢ 6.1 ⠇࡛᪥ᮏㄒࡢࢡࡢẕ

㡢ࡢࢶࠊ?/=ࢆẕ㡢?�=ࢆグ࡚ࡋ༊ูࠊࡀࡓࡋከ

ࡇࢀࡑࠋࡿࢀࡉグ࡛?/=ࡶࡽࡕࡣ࡛⫣ᩥࡢࡃ

࡚ࡗࢃࡀࡇ࠺࠸ࡿ࠶㠀၁࡛ࡣ㏻ᖖࠊࢁ

ࢀࡉࡀグ⾲࠸࡞ࡢ┪▩୰࡛ࡢ⫣ᙜヱᩥࡘࡾ࠾

ࡶ࡚࠸W?࡛᭩=ࢆẕ㡢ࡢ࢘ࡢ᪥ᮏㄒࠊࡾ㝈ࡿ࠸࡚

㛫㐪ࠋ࠸࡞ࡣ࡛ࡅࢃ࠺࠸࠸IPAࡣ࡛⾲ࡢ=T?ࡩࡣ

ࡢredࡢⱥㄒ࡚ࡗゝࡽࡔࠊࡀࡔグྕࡢ㡢࠼ࡿ
Ⓨ㡢ࡢ=T'F?࠺࠸⾲グࡢ=T?࠼ࡿࡩࡀ㡢࡚ࡋ⾲ࢆ

ࡑࠊࡣࡢ࡞せ⫢ࠋ࠺ࢁࡔ࠸࡞ᑡࡣேࡿ࠼⪄ࡿ࠸

ពࡢグྕࡢࢀࡒࢀࡑࡿ࠸࡚ࢀࢃሙ࡛ࡢࡑࡢ

⬦ᩥࢆ༶࡚ࡋṇࡃࡋ⌮ゎࠋࡿ࠶࡛ࡇࡿࡍ�
㡢ኌ⾲グఝ࡚㠀ࡢࡶࡿ࡞㡢⣲⾲グࠋࡿ࠶ࡀ

ᙜヱࡢゝㄒ࠸࠾ 㡢ࡢࡘࡦࡌྠࠕ࡚ ᶵ࡚ࡋࠖ

࡞␗ࡣ࡚ࡋ㡢ኌࡢᐇ⌧㸦௬ࢆ㞟ྜࡢ㡢ࡿࡍ⬟

ࠋ᭱ࡪ㡢⣲ࡢࡘࡦ㸧ࡶ࡚࠸࡚ࡗ ㏆ࡢⱥ㎡

ࡣ࡛࡞ぢฟࡋㄒࡢⓎ㡢ࡃ࡞࡛[  ]ࢆ/  /࡛♧

ࢆ㡢ኌ⾲グࡣゝㄒᏛ࡛ࠊࡀ࠸ከࡀࡢࡶࡿ࠸࡚ࡋ

ࠋࡿ࠸࡚ࡗ࡞ࡾࡲỴࡍ♧࡛/  /ࢆ㡢⣲⾲グࠊ[  ]

㡢⣲ࡣゝㄒ࡛ࡢࡿ࡞␗ࡈ㡢⣲⾲グࠕࡣᅜ㝿

ⓗ࡛ࠖ グྕࡿࢀࡽ࠸⏝࡛ࡇࡑ࡚ࡗᚑࠊࡎᚓࡾ࠶ࡣ

ࡣ IPA  ࠋ࠸࡞ࡣ࡛
 ྠ୍㡢ኌ࡛ࣝ࣋ࣞࡿ࡞␗ࢆ⾲グࡓࡋࢆ㸰

ࡋࡢㄞ㡢ኌᮁࡎࡲࠋࡿࡆᣲࡘ ᪥ᮏ㡢㡪Ꮫࠕ࡚

◊✲⏝㐃⥆㡢ኌࢫ࣮࣋ࢱ࣮ࢹ  Vol.1ࠖࡢ

VOL1/DAT/CAN0001/A/A01.ADࠕ  ࠋࠖ
㡢ኌ⾲グ㸦⢭ᐦ㸧 
=���Lµ���¿IGµG̀µ,¾F¿ß KVßU�1½!�U�D'́VGµV¿ßcÌKD_½P�1½J1½'́!�P'́̀́'́ ÀKK̀
O�̀�)'́V��̀PQ̀µQµFCÅ? 
㡢ኌ⾲グ㸦⡆␎㸧 

=C�CL/�/IGPF¿ß KVßU/Q�U/DGVGF¿ß KD/P�QJQ�G�PG 
KOC)GVCPQFC? 

㡢⣲⾲グ 15  
/arajurugeNzituosubetezibuNnohoRenezima

getanoda/ 
₎Ꮠ࡞ΰࡾࡌ⾲グ ࡿࡺࡽ࠶⌧ᐇ࡚ࡍࢆ

⮬ศࡢ᪉ࡌࡡ᭤ࠋࡔࡢࡓࡆ 
ḟㅮ₇㡢ኌࡢ࡚ࡋᅜ❧ᅜㄒ◊✲ᡤࠕࡢ᪥

ᮏㄒヰࡋゝⴥࢫࣃ࣮ࢥ A11M0469_0138ࠕࡢࠖ  ࠋࠖ
㡢ኌ⾲グ㸦⢭ᐦ㸧 ='À'�M¾L_½�MßZ�)µ�M�I¾KL�¾UV¿ßc8�? 
㡢ኌ⾲グ㸦⡆␎㸧 =G�ML/�MC)CMIKL/UV¿ßcQ�? 
㡢⣲⾲グ  /eRkyuRkagakugizjututjoR/ 
₎Ꮠ࡞ΰࡾࡌ⾲グ ࠊ࣮࠼ᪧ⛉Ꮫᢏ⾡ᗇ 

8. IPA  ࡇࡿ࠸࡚ࡋ๓ᥦࡀ

᭱ᚋ IPA ๓ᥦᬯ㯲ࡣࡓࡲࠊ᫂♧ⓗࡀ

 ࠋࡃ࠾࡚ࡋ♧ࡘ㸱ࢆ࠼⪄ࡿ࠸࡚ࡋ
IPAࠊࡎࡲ グࢆࡳࡢሗ࡞⩏᭷ពゝㄒᏛⓗࡣ

㏙ࠋࡿࡍࠕࡤ࠼ప࡞࣮࢟ࢫࣁࡃ⏨ᛶࡢኌ࡛᪩ཱྀ

࡛ゝࡓࡗ ࡢࡽࢀࡇࠋ࠸࡞ࡋグ㏙ࡣሗࡢ࡞ࠖ

ሗࡣグ㏙せ࡛࠺࠸ࡿ࠶๓ᥦࠋࡿ࠶ࡀ 
࿘ࡣࡇࡿ࠶㐃⥆య࡛ࡣⓗ⌮≀ࡀ㡢ኌࠊࡓࡲ

IPAࠊࡀࡔᐇࡢ▱ ศ⠇⥆㐃ࡢ༢㡢ࢆࢀࡇࡣ

㸦segment㸧࡛࠺࠸ࡿࡁ๓ᥦࡑࠋࡿ࠸࡚ࡗ❧

 ࠋࡿ࠶࡛⬟ྍࡣグྕ࡞࠺ࡼࡢࡇ࠸࡞ࡋ࠺
᭱ᚋࠊᏊ㡢ẕ㡢ࡣ༊ู࡛࠺࠸ࡿࡁ๓ᥦࡶ

ࡢⱥㄒࠋࡿ࠶ yet 㡢ࡢึ᭱ࡢ heed 㡢ࡢ୰ኸࡢ

ࠊࡀ࠸࡞ࢀ▱ࡶ୍ྠࡃࡣ࡚ࡋ࠼ᵓࡢㄪ㡢ࡣ

㏻ᖖ๓⪅ࡣᏊ㡢=L?ࠊᚋ⪅ࡣẕ㡢=K?グ㏙ࠋࡿࢀࡉ

࠸࡚ࢀࡲྵࡀどⅬࡢู࠺࠸㡢⠇ᵓ㐀ࡣࡇࡇ

 ࠋࡿ
࠺ࡼࡢࡇ IPA グྕయ⣔࡞↓Ḟ࡚ࡋỴࡣ

ㄞࡾࡓࡗ࡚ࡋゎ⌮ࡃࡼࢆᚩ≉ࡢࡑࠊࡀ࠸࡞ࡣ࡛

ࠊゝࡤࢀࡍࡾࡔࢇ ㄒ㡢ࡢグ㏙࡚ࡋ࣮ࣝࢶ㠀ᖖ

౽ࠋࡿ࠶࡛ࡢࡶ࡞㘓㡢ᢏ⾡ࡀ㣕㌍ⓗ㐍Ṍࡓࡋ

⌧௦࡛ࡶ IPA ࡇࡣ⏤⌮ࡿ࠸࡚ࡅ⥆ࢀࢃࡃᗈࡀ

ᐇࡀ๓ᥦࡢࡘ㸱ࡓ㏙ୖࡽࢀࡑࠊࡉ౽ࡢ

࠸ࡿ࠸࡚ࡋᫎࡃࡼࢆᛶ㉁ࡢゝㄒ㡢ࡢே㛫ࡣ

 ࠋ࠺ࢁ࠶࡛ࡇ࠺࠸࠺
 

ᩥ  ⊩ 
[1] International Phonetic Association, Handbook of the 
International Phonetic Alphabet (Cambridge University 
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ᚲ㆟ㄽࡢࡢࡑࠊ࡛ࡇࡑࠋࡿࡂ㐣㞧↹ࡣࡢ

せ࡞ヲ⣽࡞༊ูࡓࡋ␎┬ࡣ⾲グࡢࡇࡿࡍࢆ

ࠋ࠺ゝ⡆␎⾲グࢆࢀࡇࠋࡿ࠶ᬑ㏻࡛ࢁࡋࡴࡀ࠺

ࡤ࠼ᮏ✏࡛ࡣ᪥ᮏㄒࡢࡢẕ㡢࠺࠸[�]ࢆグ

⯉๓ࡣ㏻ᖖࡀẕ㡢ࡢࡑࡣࢀࡇࠊࡀࡓࡁ࡚ࡋ⾲࡛ྕ

ẕ㡢=C?ᚋ⯉ẕ㡢=#?ࡢ୰㛫⛬ᗘ࡛ࢆࡇࡿ࠶ព

㆑ࡸࡸࠊࡓࡋ⢭ᐦ࡞⾲グ࡛ࠋࡿ࠶ከࡣ࡛⫣ᩥࡢࡃ

ࡶࡋࡎᚲࡣࢀࡇࠊࡀࡿ࠸࡚ࡋ⾲࡛?C=ࢆẕ㡢ࡌྠ

ࡢࡶࡿࡍᙇࢆࡇࡿ࠶๓⯉ẕ㡢࡛ࡀẕ㡢ࡢࡑ

ࠋྠ࠸࡞ࡣ࡛ ᵝᮏ✏ࡢ 6.1 ⠇࡛᪥ᮏㄒࡢࢡࡢẕ

㡢ࡢࢶࠊ?/=ࢆẕ㡢?�=ࢆグ࡚ࡋ༊ูࠊࡀࡓࡋከ

ࡇࢀࡑࠋࡿࢀࡉグ࡛?/=ࡶࡽࡕࡣ࡛⫣ᩥࡢࡃ

࡚ࡗࢃࡀࡇ࠺࠸ࡿ࠶㠀၁࡛ࡣ㏻ᖖࠊࢁ

ࢀࡉࡀグ⾲࠸࡞ࡢ┪▩୰࡛ࡢ⫣ᙜヱᩥࡘࡾ࠾

ࡶ࡚࠸W?࡛᭩=ࢆẕ㡢ࡢ࢘ࡢ᪥ᮏㄒࠊࡾ㝈ࡿ࠸࡚
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Cognitive Media Processing

Overview of text-to-speech conversion
Conversion of any text input to its reading

Conversion of reading to waveforms

今日の午後は，生物学の授業に出ました。

キョーノゴゴワ／セイブツガクノジュギョーニ／ 
デマシタ

今日＝キョー？コンニチ？ 
生物＝セイブツ？ナマモノ？

セイブツ＋ガク　→　セイブツガク

Vowel in シ of デマシタ＝voiced or unvoiced ?

は＝ハ？ワ？



Cognitive Media Processing

Text-to-speech synthesis
• Conversion from any input text to its sound sequence 

• In Japanese, Kanji have multiple ways of reading. 
• Kanji, Hiragana, Katakana, and Romaji 

• Text analysis 
• Morphological analysis 

• An input sentence is divided into words (morphemes). 
• Part of speech (品詞) is assigned to each word. 

• Syntactic analysis 
• Syntactic structure in a sentence is extracted. 

• Semantic analysis 
• In many cases, it refers to correlation and co-occurrence 

among words. 

• Reading analysis 
• Phonemic aspect 
• Prosodic aspect 

• Waveform generation



Cognitive Media Processing

Reading analysis
• Phonemic aspect (segmental aspect of speech) 

• Text to phonemic (Hiragana) representation 
•今日の午後は　→　ky o: n o g o g o w a （きょうのごごは） 

• Phonemic representation to phonetic representation 
•ん(N)　→　n, m, ng ? 

• Some vowels have to be unvoiced. 
•     : 

• Prosodic aspect (supra-segmental aspect of speech) 
• Word-level processing 

• Word accent, accent sandhi in compound words 

• Phrase-level processing 
• Accent sandhi in connected words of a phrase 

• Sentence-level processing 
• Emphasis, phrasing



Cognitive Media Processing

Raw text to Hiragana (phonemes)
• Two different reading styles of Japanese 

• On(音/オン)-reading and Kun(訓/くん)-reading 
•生きる（い），生える（は），生物（セイ，なま）， 

• は and へ 
• は in 私は：“w a”, not “h a” 

• へ in 大学へ：“e” not “h e” 

• Lengthened vowels 
• 消耗（しょうもう）：sh o: m o: 

• 映画（えいが）：e: g a 

• 大阪（おおさか）：o: sa ka 

• Geminate consonant sounds (especially in numerical expressions) 
• 一巻（いっかん，ikkan）k becomes long (long consonant). 

• Euphonic change of an unvoiced consonant to its voiced version (連濁) 
• 江戸川（えど＋かわ→えどがわ）



Cognitive Media Processing

Numerical expressions
• Two different ways of reading numerical expressions 

• 03-5841-6662 : digit by digit 
• 123,456 yen : use of places, e.g. 12万3千4百5十6円 

• Sound changes that are unique to numerical expressions 
• 523 is not ご　に　さん but ごおにいさん 

• Geminate consonant sounds  
• 一本：いち＋ほん→いっぽん 

• １cm：いち＋せんち→いっせんち 

• Euphonic change of unvoiced consonant to its voiced version (連濁) 
• 三本：さん＋ほん→さんぼん 

• 三階：さん＋かい→さんがい 

• 三回：さん＋かい→さんかい 

• Exceptional cases 
• 一日：ついたち（いちにち is OK） 

• 二日：ふつか（ににち is OK）



Cognitive Media Processing

Phoneme symbols to phonetic symbols
• Some vowels become unvoiced 

• If a vowel is surrounded by unvoiced consonants, it often become unvoiced. 
•アシカ（a sh i k a），エンピツ（e N p i ts u），スキヤキ（s u k i y a k i）etc 

• Nasalized consonants 
• 株式会社（かぶしきがいしゃ，k a b u sh i k i g a i sh a) 

• Syllabic nasal (撥音，ん) 
• 粘板岩（ねんばんがん） 

• [m] before p, b, and m 
• [ng] before k, g, and ng 
• [n] before t, d, n, and pause



Cognitive Media Processing

Non-linguistic symbols and short forms
• Have to be converted into their phoneme sequences 

• %, kg, @ 
• HMM, IT, IEEE 

• Unknown words 
• Person’s names, city names (proper nouns) 
• Their reading have to be predicted using linguistic knowledge. 

• Grapheme-to-phoneme conversion



Cognitive Media Processing

JEITA format
• Japan Electronics and Information Technology Industries Association 

• Text format designed specially for TTS input. 
• Proposed as standard and recommended by JEITA 
• Examples 

• 2006年の調査によると，日本全国で，約33%の家庭が，ペットを飼っているそうです。 

•ニセンロクネンノチョウサニヨルト，ニホンゼンコクデ，ヤクサンジュウサンパーセント
ノカテイガ，ペットヲカッテイルソウデス。 

•ニセ'ンロクネンノ/チョ'ーサニヨルト_ニホ’ン_ゼ’ンコクデ_ヤ’ク/サ’ンジューサンパーセ
ントノカテーガ_ペ’ットオ/カ’ッテイルソーデス%. 

•ペットを家族のように考える人が増えたため，ペット関連の新しいビジネスも，生まれま
した。 

•ペットヲカゾクノヨウニカンガエルヒトガフエタタメ，ペットカンレンノアタラシイビジ
ネスモ，ウマレマシタ。 

•ペ'ットオ/カ'ゾクノヨーニカンガエルヒ%トガ_フ’エタタメ_ペットカ'ンレンノ_アタラシ
'ー/ビ'ジネスモウマレマシ%タ.



Cognitive Media Processing

Title of each lecture
• Theme-1 

• Multimedia information and humans 
• Multimedia information and interaction between humans and machines 
• Multimedia information used in expressive and emotional processing 
• A wonder of sensation - synesthesia - 

• Theme-2 
• Speech communication technology - articulatory & acoustic phonetics - 
• Speech communication technology - speech analysis - 
• Speech communication technology - speech recognition - 
• Speech communication technology - speech synthesis - 

• Theme-3 
• A new framework for “human-like” speech machines #1 
• A new framework for “human-like” speech machines #2 
• A new framework for “human-like” speech machines #3 
• A new framework for “human-like” speech machines #4

c 1 

c 3 c 2 

c 4 

c D 



Cognitive Media Processing

Assignment
• Assignment 

• Read a research paper related to the second four lectures of this class. 
• Submit two PDF files: 1) the paper and 2) summarization of the paper and 

your comments on the paper 
• All the materials used in the lectures are available at: 

• https://www.gavo.t.u-tokyo.ac.jp/~mine/japanese/CMP/class.html 

• Length 
• Two or more pages of A4 size for 2) 

• Submission 
• Your report should be submitted via. ITC-LMS. 
• The filenames must be in the following format. 

• [student_id]_paper.pdf and [student_id]_[name].pdf 
• For example, 

36-302439_paper.pdf (paper) 
36-302439_nobuaki-minematsu.pdf (summary and comments) 

• Deadline = 23:59:59 on Dec 26. 
• You have two weeks to go.

https://www.gavo.t.u-tokyo.ac.jp/~mine/japanese/CMP/class.html

