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本発表の流れ
刺激の物理的多様性とその認知的不変性
見え／色み／音高の多様性と自然・進化が編み出した解決方法

音声の物理的多様性とその認知的不変性
音色の多様性と工学者が編み出した解決方法

音声の構造的表象とそれに関する様々な考察
常識を覆すことで，違和感の解消を試みてみる。

音声の構造的表象と数学的表現と技術的実装
体格・性別に不変な音声波形・スペクトルの表現とは？

音声の構造的表象を用いた音声アプリケーション
音声認識，音声合成，発音分析，etc

音声の構造的表象の言語学的妥当性
何故，こうしてこなかったのか？　観測技術の功罪？



音声の構造的表象／音色の相対音感
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音声の構造的表象／音色の相対音感
音楽における調不変の音配置とその変種

音声における話者不変の音配置とその変種

長調→
短調→

←アラビア音階

西洋音楽＝5全音＋2半音
種々の配置＝教会音楽
民族音楽には半音以外の配置

Williamsport, PA Chicago, IL Ann Arbor, MI Rochester, NY

＝欧米の方言
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話者がコロコロ変わる音声の知覚
　

もし全体的表象が使用されていれば，同定率は低下するはず。
音声刺激の作成
HMM合成（男性アナウンサー7名／ATR503文）
メルケプストラム（0～24次元），7状態5分布
無意味8モーラ列（F0=LHHHLLLL，4型）
促音，撥音，拗音，濁音，半濁音などのモーラは使用せず。全43種類

話者性変化のタイミング
8/4/2/1モーラ，1音素，1分布（5人／音素）

話者性が時間軸に沿って変化する音声



音声の構造的表象／音色の相対音感
言語化困難な相対音感者（ラーラ音感者）
次に示すメロディーの３番目の音を覚えて下さい。その後，別の
メロディーを提示します。同じ音が出て来たら挙手しなさい。
メロディーをシンボル列に変換できないので，困難な問いとなる。

言語化困難な音声の相対音感者（幼児的な成人？）
次に示す発声の３番目の音を覚えて下さい。その後，別の発声を
提示します。同じ音が出て来たら挙手しなさい。
発声をシンボル列（音韻列）に変換できなければ，困難な問いとなる

英語圏には十分な教育を
受けているが，読み書き
に苦労する人が多く存在
しなければならない？



興味深いサイト
絶対音感ある人に30の質問
http://www.100q.net/100/question.cgi?que_no=51

http://www.100q.net/100/question.cgi?que_no=51
http://www.100q.net/100/question.cgi?que_no=51


音声模倣とその技術的実装
まねだ聖子・松田聖子・神田沙也加

学習話者そっくりの声色で読み上げる技術＝音声合成
Blizzard Challengeでは学習話者の個人性の再現も採点対象[7]
黒柳徹子を使えば，黒柳徹子の声になる。

speech
waveforms

phase
characteristics

amplitude
characteristics

source
characteristics

filter
characteristics

o

os

ow



他者の音声の模倣＝声帯模写となる方々
（重度）自閉症者に見られる音声模倣＝声帯模写
七色の声を持つ中村メイ子の声をそっくり真似る[8]
相手そっくりの声を模倣する[11]
車，電車，などの音響音の模倣[12]
移調してしまうと，その曲だと認識してくれない[8]
母親の声は理解できるが，それ以外は難しい[13]

「言語＋非言語」が同居したままの音声の捉え方
音声コミュニケーションに困難を抱える場合が多い[18]
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とある自閉症者の訴え
とある自閉症者（アスペルガー症候群）の手記
「発達障害当事者研究」（綾屋紗月，熊谷晋一郎著） [9]
「外国語の発音練習」「カラオケ」が難しい。
どうしても，先生／職業歌手の声帯模写をしてしまう。

みんなの真似は真似じゃない。だって，声色違うじゃない。
「自分の声でいいんだよ」と言われるけど。
「そもそも，私の声って何なの？いつの私の声のこと言ってるの？」



ものまね歌合戦って，面白いですか？
何が面白いのか，さっぱり理解できません。

この似顔絵，似てるって分かりますか？
分かりません。こっちの方が似てると思いますが。

綾屋さんの言語活動の主メディア
手話と文字言語

発達的視点から考える技術的欠損
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自閉症の方々に見られる症状
とある web より



音声模倣＝親の発声行為を子が積極的に模倣する行為
これを通して幼児は言語を獲得する[7]
動物学的には非常に稀な行為。霊長類では人間だけ[8]
他の動物では小鳥，クジラ，イルカくらいか[10]

動物の模倣＝声帯模写，ヒトの音声模倣＝声帯模写
九官鳥の音声模倣[9]
車，ドア，椅子，犬，猫，音を真似る。人の声も音でしかない。
良い九官鳥を聞くと，飼い主が分かる。

幼児の音声模倣
動物学的には奇妙な模倣行為[10]
いくら良い子でも，声から父親を割り出せずにお巡りさんは困る。

幼児の言語獲得と音声模倣

?



自閉症・・絶対的記憶・・動物・・？？
動物の情報処理と自閉症者の情報処理
Dr. Temple Grandin（アスペルガー＆動物学者）
「動物感覚」[17]
動物と自閉症者の情報処理的類似性を主張
局所的／具体的／実体的　←→　全体的／抽象的／概念的

（定型発達を遂げた）人間が有する特異的な能力？
音を用いた情報伝達において，情報同一性は如何に確保できる？
動物，重度自閉症者，現在の音声認識（情報分離が困難）
情報（メッセージ）の同一性 ＝ 音響的特徴（  ）の同一性

定型発達を遂げた人間
情報の同一性を確保するために，音の同一性は必要でなくなった種。
では，音のどの側面は同一なのか？
語全体の語形・音形・ゲシュタルト o
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ow
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生物が獲得した静的バイアス除去術
音高の恒常的・不変的認知はどこまで遡れるのか？[6]

1
2

1 = 2



彼女と会ってきました



こそっと隠してあります



本当の音声の絶対音感者？
とある自閉症児が書いた本

http://www.nhk.or.jp/school-blog/300/195393.html

http://www.nhk.or.jp/school-blog/300/195393.html
http://www.nhk.or.jp/school-blog/300/195393.html
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音高の相対音感／音色の相対音感
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スペクトル包絡の効率的なベクトル表現
音声波形→スペクトラム→ケプストラム

(c0, c1, · · · , cN )
逆フーリエ変換

N∑

i=0

(ci − c′i)
2

フォルマント周波数

フーリエ変換



スペクトル包絡の効率的なベクトル表現
音声波形→スペクトラム→ケプストラム
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C2
C3

C1

スペクトル包絡の効率的なベクトル表現
ケプストラム空間における「点」と「点間距離」

点＝スペクトル包絡，点間距離＝スペクトル間差異

N∑

i=0

(ci − c′i)
2



話者の違い＝空間写像（話者・声質変換）
話者Ａの音響空間　　話者Ｂの音響空間

話者Ａの声を65億全ての話者の声へ変形する
65億 x 65億 の写像関数が定義可能
話者不変のコントラスト＝写像不変のコントラスト
任意の写像に対して不変なるコントラスト量は存在するのか？

変換不変な音響量の数学的探求
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変換不変な音響量の数学的探求
二人の話者空間（一対一対応）における不変音響量
音響事象を点ではなく, 分布として表現する。
空間Aの分布 p は空間Bの分布 P へと写像される。
p と P は異なる物理特性を持つ（［あ］と［あ］）
両空間において不変な物理量はどこに？不変コントラストは存在する？

x
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u

v
A

B

p1(x, y)

p2(x, y)

P1(u, v)

P2(u, v)

線形

非線形



∫∫

A
f(x, y)dxdy =

∫∫

B
f(x(u, v), y(u, v))|J(u, v)|dudv

=

∫∫

B
g(u, v)|J(u, v)|dudv

変数変換と積分
一変数：

二変数：

変換不変な音響量の数学的探求

x = x(t) (x1 = x(t1), x2 = x(t2))
� x2

x1

f(x)dx =
� t2

t1

f(x(t))
dx(t)

dt
dt =

� t2

t1

g(t)x�(t)dt

x = x(u, v), y = y(u, v)
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� det
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⇥

x = 3u + 2v � 5
y = 4u + 5v + 3

f(x, y) g(u, v)|J(u, v)|
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変換不変な音響量の数学的探求
変数変換と確率密度分布関数
一変数：

二変数：

x = x(t) (x1 = x(t1), x2 = x(t2))

1.0 =
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∫∫ √

= − log

∫∫ √
q1(u, v)q2(u, v)|J(u, v)|dxdy

= − log

∫∫ √
q1(u, v)|J(u, v)| · q2(u, v)|J(u, v)|dudv

= − log

∫∫ √
P1(u, v)P2(u, v)dudv

= BD(P1(u, v), P2(u, v))

q1(u, v) = p1(x(u, v), y(u, v)), J = Jacobian

バタチャリヤ距離（＝分布間距離尺度の一つ）
座標変換による式の変形
　

変換不変な音響量の数学的探求

x = x(u, v), y = y(u, v)

BD(p1(x, y), p2(x, y))

= − log

∫∫ √
p1(x, y)p2(x, y)dxdy

∫∫ √
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各事象は可変, しかし, 少なくともバタチャリヤ距離は不変。

− log

∫ √
p1(x, y)p2(x, y)dxdy

∫

∫ √

− log

∫ √
P1(u, v)P2(u, v)dudv



g(t) =
�

t � � log(fdiv) = BD

変換不変な音響量の数学的探求
変換不変量の一般式はあるのか？
f-divergence 不変性の十分性
  

 
 

f-divergence 不変性の必要性
                             が如何なる可逆＆連続の変換に対しても不変
この場合，                            であることが必要。

fdiv(p1, p2) = fdiv(P1, P2)

M = p2(x)g
�

p1(x)
p2(x)

�

g(t) = t log(t) � fdiv = KL � div.
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fdivfdiv

fdiv(p1, p2) =

∫
p2(x)g

(
p1(x)

p2(x)

)
dx
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∫
M(p1(x), p2(x))dx

∫



変換不変な音響量の数学的探求
位相幾何学（トポロジー）における不変量
連続かつ可逆な任意の変形を施しても不変なる幾何学的性質
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分布間距離群としての音声表象
頑健に話者不変な音声表象＝構造的・全体的表象

Sequence of spectrum slices

Sequence of cepstrum vectors

Sequence of distributions

Structuralization by interrelating temporally-distant events



ケプトラム系列 　 分布系列 　 距離行列
分布間距離群としての音声表象

c1

c3c2

c1

c3c2

c4

cD

c4

cD

� �

Bhattacharyya distance

BD-based distance matrix

Sequence of spectrum slices

Sequence of cepstrum vectors

Sequence of distributions

Structuralization by interrelating temporally-distant events

Sequence of spectrum slices

Sequence of cepstrum vectors

Sequence of distributions

Structuralization by interrelating temporally-distant events

Sequence of spectrum slices

Sequence of cepstrum vectors

Sequence of distributions

Structuralization by interrelating temporally-distant events

Sequence of spectrum slices

Sequence of cepstrum vectors

Sequence of distributions

Structuralization by interrelating temporally-distant events

spectrogram (spectrum slice sequence)

cepstrum vector sequence

distribution sequence



具体的な行列　の実装は？
声道長が伸びる＝フォルマントがより低く
声道長が縮む　＝フォルマントがより高く
→ スペクトルに対する周波数ウォーピング

   声道長の変化＝行列　の掛け算A

A

ẑ−1 =
z−1 − α
1 − αz−1

, z = ejω, ẑ = ejω̂,

DIRECTIONAL DEPENDENCY OF CEPSTRUM ON VOCAL TRACT LENGTH

Daisuke SAITO1, Ryo MATSUURA1, Satoshi ASAKAWA1, Nobuaki MINEMATSU1, Keikichi HIROSE2

1Graduate School of Frontier Sciences, The University of Tokyo
2Graduate School of Information Science and Technology, The University of Tokyo
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ABSTRACT

In this paper, we prove that the direction of cepstrum vectors strongly

depends on vocal tract length and that this dependency is represented

as rotation in the n dimensional cepstrum space. In speech recogni-
tion studies, vocal tract length normalization (VTLN) techniques are

widely used to cancel age- and gender-differences. In VTLN, a fre-

quency warping is often carried out and it can be implemented as

a linear transformation in a cepstrum space; ĉ = Ac. However,
the geometric properties of this transformation matrix A have not

been well discussed. In this study, its properties are made clear us-

ing n dimensional geometry and it is shown that the matrix rotates
any cepstrum vector similarly and apparently. Experimental results

using resynthesized speech demonstrate that cepstrum vectors ex-

tracted from a speaker of 180 [cm] in height and those from another

speaker of 120 [cm] in height are reasonably orthogonal. This result

makes clear one of the reasons why children’s speech is very difcult

for conventional speech recognizers to deal with adequately.

Index Terms— frequency warping, cepstrum, rotation, rotation

matrix, vocal tract length

1. INTRODUCTION

Speech acoustics vary due to differences in gender, age, microphone,

room, lines, and a variety of factors. These factors strongly inuence

the accuracy of speech recognition. To deal with these variations,

usually, thousands of speakers in different conditions are prepared

to train acoustic models of the individual phonemes; called speaker-

independent (SI) system. However, the recognition accuracy of SI

systems is sometimes very low for certain individuals, such as chil-

dren. It means that the SI systems are not really SI.

To overcome the above problem, speaker normalization has been

used in many systems. Speaker normalization techniques can be di-

vided into two approaches; one based on subtraction or taking dif-

ferential and the other based on transformation. Cepstrum mean nor-

malization (CMN) and the use of∆cepstrums correspond to the for-
mer, and vocal tract length normalization (VTLN) to the latter.

In CMN, the long-term average of the cepstrum is subtracted

from each cepstrum frame [1]. This helps eliminate changes created

not only by differences among individuals, but also by channel dif-

ferences. The use of ∆cepstrums is also based on subtracting the
cepstrum of the previous frame from that of the current one.

VTLN techniques are widely used to cancel the difference of vo-

cal tract length (VTL) [2]. In VTLN, the transformation matrix in a

cepstrum space is estimated and used to transform the VTL of an in-

put speaker to a predened value. In this paper, a special emphasis is

put on the transformation matrix, whose geometrical properties have

not been well discussed. We mathematically and experimentally in-
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of α. α < 0 transforms VTL shorter and α > 0 does VTL longer.

vestigate how the transformation matrix inuences cepstrum vectors

and their∆s and∆∆s.

2. DIFFERENCE IN VTL AND ITS EFFECTS

2.1. Frequency warping

The difference in VTL is often modeled by a warping function in

a spectrum space. We employ a rst order all-pass transform as a

warping function here. The all-pass transform is described as

ẑ−1 =
z−1 − α
1 − αz−1

, z = ejω, ẑ = ejω̂, (1)

where α is a warping parameter and |α| < 1; ω and ω̂ are frequen-
cies before and after transformation, respectively. In case of α < 0,
formants are shifted to be lower and the VTL is transformed to be

longer. α > 0 brings about the opposite effect. Figure 1 shows a
few examples of warping functions.

2.2. Linear modeling of frequency warping

We now describe a frequency warping by a linear transformation.

Emori [3] converted a frequency warping of Equation 1 to a linear

transformation in a cepstrum space. If power coefcients (c0 and ĉ0)

are not considered, a frequency warping can be expressed as

ĉ = A c, (2)

c� = Ac
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Fig. 2. Effects of transformations of T ,R, andO for α = 0.2.
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From Pitz [4], the element aij of matrix A can be written using the

warping parameter α as
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3. ROTATION IN A CEPSTRUM SPACE

3.1. Rotation in a two dimensional cepstrum space

In this section, we discuss the properties of matrix A in Equation

(3) geometrically. To facilitate the discussion, at rst, we focus on

the rst and second dimensions of the cepstrum space. Then, the

discussion will be expanded into n dimensions.
In the two dimensional space, Equation (2) is

„
ĉ1
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We call the transformation matrix in Equation (6) as T , and T can

be decomposed into

T = R + O, (7)

where

R =
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1−2α2 2α(1− 1

2α2)
−2α(1− 1
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«
, (8)
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Fig. 3. Vector led given by Equation (12) for α = 0.2.

R can be viewed as a rotation matrix in a two dimensional space by

well-known approximation that (1 + t)k ≃ 1 + kt, i.e.

R ≃
„

1−2α2 2α
√

1−α2

−2α
√

1−α2 1−2α2

«
(10)

=

„
cos 2θ sin 2θ
− sin 2θ cos 2θ

«
(α = sin θ). (11)

R is a rotation matrix and it rotates clockwise any vector by 2θ ar-
round the original point.

On the other hand, we can say thatO has a very small inuence

on transformation by T because |α| < 1 and three elements of O
are composed of αn

where n ≥ 2. Hence, transformation in a two
dimensional space by T nearly equals transformation by matrix R,
i.e. rotation. Figure 2 shows how a trapezoid in a two dimensional

space is transformed by T , R and O. Three large trapezoids drawn
by solid, dotted, and dashed lines are the ones before and after trans-

formation by T and R with α = 0.2. A small quadrilateral around
the origin is the one transformed by O. It is clearly shown that a
trapezoid is rotated clockwise after transformation by T and this ro-

tation is reasonably similar to that of transformation by R. O has a

very small inuence, where all the points in a space are compressed

around the origin becauseO is close to a zero matrix.

Figure 3 shows the properties of T graphically from another

viewpoint, which is a vector eld given by vector-valued function;

y = (T − I)c = ĉ − c, (12)

where I is a two-dimensional identity matrix. y represents the in-
uence at each point caused by transformation T because matrix

(T − I) means the difference between before and after the transfor-
mation. From Figure 3, the vector eld given by Equation (12) looks

like a vortex. It means that T has a strong function of rotation.

3.2. Rotation in an n dimensional cepstrum space

In an n dimensional space, it is not so easy to extract the rotation
properties from a given transformation matrix as in the case of a 2

dimensional space. Then, in this section, on the basis of the general

denition of n dimensional rotation matrix, the geometrical prop-
erties of A are examined. Rotation matrix R is generally dened

as

RtR = RRt = I (13)

det R = +1. (14)
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ABSTRACT

In this paper, we prove that the direction of cepstrum vectors strongly

depends on vocal tract length and that this dependency is represented

as rotation in the n dimensional cepstrum space. In speech recogni-
tion studies, vocal tract length normalization (VTLN) techniques are

widely used to cancel age- and gender-differences. In VTLN, a fre-

quency warping is often carried out and it can be implemented as

a linear transformation in a cepstrum space; ĉ = Ac. However,
the geometric properties of this transformation matrix A have not

been well discussed. In this study, its properties are made clear us-

ing n dimensional geometry and it is shown that the matrix rotates
any cepstrum vector similarly and apparently. Experimental results

using resynthesized speech demonstrate that cepstrum vectors ex-

tracted from a speaker of 180 [cm] in height and those from another

speaker of 120 [cm] in height are reasonably orthogonal. This result

makes clear one of the reasons why children’s speech is very difcult

for conventional speech recognizers to deal with adequately.

Index Terms— frequency warping, cepstrum, rotation, rotation

matrix, vocal tract length

1. INTRODUCTION

Speech acoustics vary due to differences in gender, age, microphone,

room, lines, and a variety of factors. These factors strongly inuence

the accuracy of speech recognition. To deal with these variations,

usually, thousands of speakers in different conditions are prepared

to train acoustic models of the individual phonemes; called speaker-

independent (SI) system. However, the recognition accuracy of SI

systems is sometimes very low for certain individuals, such as chil-

dren. It means that the SI systems are not really SI.

To overcome the above problem, speaker normalization has been

used in many systems. Speaker normalization techniques can be di-

vided into two approaches; one based on subtraction or taking dif-

ferential and the other based on transformation. Cepstrum mean nor-

malization (CMN) and the use of∆cepstrums correspond to the for-
mer, and vocal tract length normalization (VTLN) to the latter.

In CMN, the long-term average of the cepstrum is subtracted

from each cepstrum frame [1]. This helps eliminate changes created

not only by differences among individuals, but also by channel dif-

ferences. The use of ∆cepstrums is also based on subtracting the
cepstrum of the previous frame from that of the current one.

VTLN techniques are widely used to cancel the difference of vo-

cal tract length (VTL) [2]. In VTLN, the transformation matrix in a

cepstrum space is estimated and used to transform the VTL of an in-

put speaker to a predened value. In this paper, a special emphasis is

put on the transformation matrix, whose geometrical properties have

not been well discussed. We mathematically and experimentally in-
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vestigate how the transformation matrix inuences cepstrum vectors

and their∆s and∆∆s.

2. DIFFERENCE IN VTL AND ITS EFFECTS

2.1. Frequency warping

The difference in VTL is often modeled by a warping function in

a spectrum space. We employ a rst order all-pass transform as a

warping function here. The all-pass transform is described as

ẑ−1 =
z−1 − α
1 − αz−1

, z = ejω, ẑ = ejω̂, (1)

where α is a warping parameter and |α| < 1; ω and ω̂ are frequen-
cies before and after transformation, respectively. In case of α < 0,
formants are shifted to be lower and the VTL is transformed to be

longer. α > 0 brings about the opposite effect. Figure 1 shows a
few examples of warping functions.

2.2. Linear modeling of frequency warping

We now describe a frequency warping by a linear transformation.

Emori [3] converted a frequency warping of Equation 1 to a linear

transformation in a cepstrum space. If power coefcients (c0 and ĉ0)

are not considered, a frequency warping can be expressed as

ĉ = A c, (2)
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ĉ1

ĉ2

«
=

„
1−α2 2α−2α3

−α+α3 1−4α2+3α4

«„
c1

c2

«
. (6)

We call the transformation matrix in Equation (6) as T , and T can

be decomposed into

T = R + O, (7)

where

R =

„
1−2α2 2α(1− 1

2α2)
−2α(1− 1

2α2) 1−2α2

«
, (8)

O =

„
α2 −α3

−α −2α2+3α4

«
. (9)

Fig. 3. Vector led given by Equation (12) for α = 0.2.
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R is a rotation matrix and it rotates clockwise any vector by 2θ ar-
round the original point.

On the other hand, we can say thatO has a very small inuence

on transformation by T because |α| < 1 and three elements of O
are composed of αn

where n ≥ 2. Hence, transformation in a two
dimensional space by T nearly equals transformation by matrix R,
i.e. rotation. Figure 2 shows how a trapezoid in a two dimensional

space is transformed by T , R and O. Three large trapezoids drawn
by solid, dotted, and dashed lines are the ones before and after trans-

formation by T and R with α = 0.2. A small quadrilateral around
the origin is the one transformed by O. It is clearly shown that a
trapezoid is rotated clockwise after transformation by T and this ro-
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T = R + O, (7)

where

R =

„
1−2α2 2α(1− 1

2α2)
−2α(1− 1

2α2) 1−2α2

«
, (8)

O =

„
α2 −α3

−α −2α2+3α4

«
. (9)

Fig. 3. Vector led given by Equation (12) for α = 0.2.

R can be viewed as a rotation matrix in a two dimensional space by

well-known approximation that (1 + t)k ≃ 1 + kt, i.e.

R ≃
„

1−2α2 2α
√

1−α2

−2α
√

1−α2 1−2α2

«
(10)

=

„
cos 2θ sin 2θ
− sin 2θ cos 2θ

«
(α = sin θ). (11)

R is a rotation matrix and it rotates clockwise any vector by 2θ ar-
round the original point.

On the other hand, we can say thatO has a very small inuence

on transformation by T because |α| < 1 and three elements of O
are composed of αn

where n ≥ 2. Hence, transformation in a two
dimensional space by T nearly equals transformation by matrix R,
i.e. rotation. Figure 2 shows how a trapezoid in a two dimensional

space is transformed by T , R and O. Three large trapezoids drawn
by solid, dotted, and dashed lines are the ones before and after trans-

formation by T and R with α = 0.2. A small quadrilateral around
the origin is the one transformed by O. It is clearly shown that a
trapezoid is rotated clockwise after transformation by T and this ro-

tation is reasonably similar to that of transformation by R. O has a

very small inuence, where all the points in a space are compressed

around the origin becauseO is close to a zero matrix.

Figure 3 shows the properties of T graphically from another

viewpoint, which is a vector eld given by vector-valued function;

y = (T − I)c = ĉ − c, (12)

where I is a two-dimensional identity matrix. y represents the in-
uence at each point caused by transformation T because matrix

(T − I) means the difference between before and after the transfor-
mation. From Figure 3, the vector eld given by Equation (12) looks

like a vortex. It means that T has a strong function of rotation.

3.2. Rotation in an n dimensional cepstrum space

In an n dimensional space, it is not so easy to extract the rotation
properties from a given transformation matrix as in the case of a 2

dimensional space. Then, in this section, on the basis of the general

denition of n dimensional rotation matrix, the geometrical prop-
erties of A are examined. Rotation matrix R is generally dened

as

RtR = RRt = I (13)

det R = +1. (14)



N次元空間における回転行列とは？

周波数ウォーピングはケプストラムを回転させる！

行列　の幾何学的性質A

RtR = RRt = I

det R = +1. aij =
1

(j − 1)!

jX

m=max(0,j−i)

 
j
m

!

X

−

× (m + i − 1)!
(m + i − j)!

(−1)mα(2m+i−j),

近似的に成立！
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Fig. 6. Relation between the rotation angle and the estimated body height. (a) to (c) are from a male speaker of 180 cm in height and (d) to

(f) are from a female speaker of 163 cm in height.

4.2. Results and discussions

Figure 6 shows the rotation angles calculated as a function of the

estimated body height. The top three are from the male speaker and

the bottom three are from the female speaker. The two in the left, the

two in the center, and the two in the right are for MFCC, its ∆, and
its∆∆, respectively. Each graph contains the results obtained at the
four transient positions in the /aiueo/ utterance. As we predicted in

the previous section, the rotation is observed reasonably irrespective

of gender, phoneme, and the number of differential operations. It

is interesting to see in Figure 6(b), for example, that ∆MFCCs of a
male speaker of 180 cm in height and those of its warped speaker to

be 120 cm in height are orthogonal. We can say that the direction

of cepstrum-based parameters is rotated slowly as the speaker grows

up. These results imply that the directional dependency of cepstrum

coefcients on VTL can be used as one of the effective features for

age (VTL) estimation. Further, we consider that these results clarify

quantitatively one of the reasons why conventional speech recogniz-

ers work poorly with children’s speech.

As told in Section 1, some acoustic distortions can be effectively

canceled by differential operations but the distortion examined in

this paper cannot be canceled by these operations at all. If a param-

eter is dened as vector in an acoustic space, such as ∆cepstrum,
it will inevitably has this kind of distortion. We already proposed

another framework which uses only scalar-based parameters which

are invariant with the above two types of distortions. [7] showed

that a small number of training speakers could provide the acoustic

models for SI speech recognition because the proposed scalar-based

parameters cannot see the two types of distortions at all.

5. CONCLUSIONS

In this paper, we have mathematically and experimentally proved

that cepstrum coefcients are strongly dependent on vocal tract length

difference and this dependency is represented as rotation in a cep-

strum space. Further, the rotation angle is shown to be independent

of speaker, phoneme, and the number of differential operations. This

dependency may be an effective feature for age identication. In the

experiment, it was also shown that two vectors in one category can be

orthogonal if they are from speakers with very different body height.

The conventional acoustic modeling framework collected these very

different data to be modeled as one statistical model. We consider

whether this strategy is reasonable enough geometrically.
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the bottom three are from the female speaker. The two in the left, the

two in the center, and the two in the right are for MFCC, its ∆, and
its∆∆, respectively. Each graph contains the results obtained at the
four transient positions in the /aiueo/ utterance. As we predicted in
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is interesting to see in Figure 6(b), for example, that ∆MFCCs of a
male speaker of 180 cm in height and those of its warped speaker to
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ケプトラム系列 　 分布系列 　 距離行列
分布間距離群としての音声表象

c1

c3c2

c1

c3c2

c4

cD

c4

cD

� �

Bhattacharyya distance

BD-based distance matrix

Sequence of spectrum slices

Sequence of cepstrum vectors

Sequence of distributions

Structuralization by interrelating temporally-distant events

Sequence of spectrum slices

Sequence of cepstrum vectors

Sequence of distributions

Structuralization by interrelating temporally-distant events

Sequence of spectrum slices

Sequence of cepstrum vectors

Sequence of distributions

Structuralization by interrelating temporally-distant events

Sequence of spectrum slices

Sequence of cepstrum vectors

Sequence of distributions

Structuralization by interrelating temporally-distant events

spectrogram (spectrum slice sequence)

cepstrum vector sequence

distribution sequence



音高の相対音感／音色の相対音感
音高＝基本周波数＝１次元の量
音の高さ＝直感的に理解しやすい。
単旋律のメロディーを聴いて，音高の動きの様子は把握しやすい。
鼻歌聞かせて「メロディーを描いて」と言えば，指で描ける。
言葉としても「高い↔低い」の対義語で事足りる。
一次元の量だから，その動きの様子を「視覚的に」捉えやすいから？

音色＝周波数軸のエネルギー分布＝多次元の量
音の音色＝何か「もやもや」していて掴みどころがない。
「あいうえお」と聞いて，音色の動きの様子を把握できる？
その動きを「描いて」と言われても，どう描くべきかすら分らない。
言葉としても「太い↔細い」「しぶい↔若い」など色々。
多次元の量だから，その動きの様子は「視覚的に」捉えられない？
四次元をありありと感覚できる数学者なら捉えられる？

隣接音だけでなく，離れた音とのコントラストも必要



面白い事実
Dyslexia であることの利点
空間把握能力
空間における物体の形，大きさ，動き，位置，
位置関係，及びそれらの相互関係を把握する能力

つながりを把握する能力
異なる事物や概念，出来事の相互関係を見抜く力。様々な領域のアプ
ローチやテクニックを使い，物事を様々な視点から見る力

物語を作る能力
過去の個人的経験の心的場面を繋ぎ合わせて，過去・現在をリアルに
思い出したり，未来をリアルに描く力

未来を予測する能力
エピソードのシミュレーションを使い，過去や未来の状態を正確に予
測する力

http://ondyslexia.blogspot.jp/2013/03/blog-post_20.html



色み・音高の恒常・不変的認知
コントラスト情報に基づく処理が重要
コントラスト群から成る全体的パターン処理が要素同定を可能
に

音色の偏差とその認知的不変性

 

A scale in LilyPond

!" "" "" " #" " #$ % &
"" '" "#

Music engraving by LilyPond 2.10.20—www.lilypond.org

 

A scale in LilyPond

!! !" ! #$ $ %! ! !& !$ ! !! !

Music engraving by LilyPond 2.10.20—www.lilypond.org

音色の恒常・不変的認知
コントラスト情報に基づく処理が重要
コントラスト群から成る全体的パターン処理が要素同定を可能
に

P P
c 1 

c 3 c 2 

c 4 

c D 
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c 3 c 2 

c 4 

c D 



本発表の流れ
刺激の物理的多様性とその認知的不変性
見え／色み／音高の多様性と自然・進化が編み出した解決方法

音声の物理的多様性とその認知的不変性
音色の多様性と工学者が編み出した解決方法

音声の構造的表象とそれに関する様々な考察
常識を覆すことで，違和感の解消を試みてみる。

音声の構造的表象と数学的表現と技術的実装
体格・性別に不変な音声波形・スペクトルの表現とは？

音声の構造的表象を用いた音声アプリケーション
音声認識，音声合成，発音分析，etc

音声の構造的表象の言語学的妥当性
何故，こうしてこなかったのか？　観測技術の功罪？



音声の構造的表象の工学的・実験的検証
f-div. (BD)に基づく一発声の構造化

c1

c3c2

c1

c3c2

c4

cD

c4

cD

Bhattacharyya distance

BD-based distance matrix

Sequence of spectrum slices

Sequence of cepstrum vectors

Sequence of distributions

Structuralization by interrelating temporally-distant events

Sequence of spectrum slices

Sequence of cepstrum vectors

Sequence of distributions

Structuralization by interrelating temporally-distant events

Sequence of spectrum slices

Sequence of cepstrum vectors

Sequence of distributions

Structuralization by interrelating temporally-distant events

Sequence of spectrum slices

Sequence of cepstrum vectors

Sequence of distributions

Structuralization by interrelating temporally-distant events

spectrogram (spectrum slice sequence)

cepstrum vector sequence

distribution sequence



音声の構造的表象の工学的・実験的検証
f-div. (BD)に基づく一発声の構造化

２発声（＝２距離行列）間の音響照合
２距離行列間のユークリッド距離

c1

c3c2

c1

c3c2

c4

cD

c4

cD

Bhattacharyya distance

BD-based distance matrix

P1

P2

P3P4

P5

Q1
Q2

Q3Q4

Q5

O

1

2

3
4

5

回転：声道長差異
シフト：マイク差異
話者適応・環境適応後のス
コアが適応処理無しで算出
話者性を削除した音声表象



音声の構造的表象の工学的・実験的検証

Cepstrum distribution
sequence (HMM)

Structure (distance matrix)

Speech signal

Cepstrum vector sequence

Distances of distributions

0
0

0
0

0

Statistical structure model

Word 1

Word 2

Word Ns = (s  , s  , ... )1 2



音声の構造的表象の工学的・実験的検証
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孤立単語音声の認識実験
二つの問題とその解決
強すぎる不変性→マルチストリーム構造化による都合のよい不変性へ
高すぎる次元数→線形判別分析（LDA）による次元数削減

孤立単語認識実験による提案手法の評価
日本語五母音を並び替えて作成される120単語の孤立単語認識

4130-speaker
triphone HMMs



音声の構造的表象の工学的・実験的検証
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孤立提示された音を音韻同定する能力は
音声言語運用には不要なのかもしれない



大語彙連続音声認識への応用
構造表象を複数仮説のリランキング処理に応用

Input: Training samples (xi, yi, yi) for i = 1 . . . I

Initialization: αI
0 = 0

1: for t = 1 . . . T do
2: α0

t = αI
t−1

3: for i = 1 . . . I do
4: if αi−1

t · Φ(xi, yi) + φ0(xi, yi)
> αi−1

t · Φ(xi, yi) + φ0(xi, yi) then
5: αi

t = αi−1
t + λ

(
Φ(xi, yi) − Φ(xi, yi)

)

Output: α = Σi,tαt
i/IT

Fig. 2 A variant of averaged perceptron algorithm

次に，上記で定義した任意の特徴量を用い，以下の
線形識別モデルで最終的な認識結果 y∗ を選択する．

y∗ = argmax
y∈NBEST(x)

α · Φ(x, y) + φ0(x, y) (2)

ここで，NBEST(x) は，x から HMM ベースの音声
認識などを用いて得られる N 個の仮説の集合である．
φ0(x, y)は，HMMベースの音声認識の際に得られる
対数尤度である．αは線形識別モデルのパラメタであ
り，次元数は Φ(x, y) と同じで，各特徴に対する重み
となっている．α = 0 であれば，N 個の仮説を出力
したモデルの対数尤度 φ0(x, y) がそのままスコアに
なるため，リランキングを行わないことに相当する．

αは，本稿では Fig. 2に示す averaged perceptron
の一種を用いて学習する．yn と yn は，観測音声 xn

に対するN 個の仮説の中で，最もエラーレートが高
かった仮説，低かった仮説をそれぞれ表す．I が学習
データの個数，T が学習の繰り返し回数を表す．λ は
学習率で，本稿では一定の値に予め設定した．このア
ルゴリズムの中心的なアイディアは，エラーレートが
最も高い仮説にペナルティを与え，逆にエラーレート
が最も低い仮説に報酬を与える，というものである
[9]．アルゴリズムの最後にα = Σi,tαt

i/IT と平均を
とってるが，これはマージンを大きくし汎化性能を向
上させる効果がある [10]．

3 提案手法
音声認識における識別的リランキングの一つの利
点は，HMMベースの音声認識では扱えない，非局所
的な特徴量を利用できる点にある．しかしこれまで，
識別的リランキングのモデルに関する研究は盛んに
行われているものの，特徴量に関する研究はあまり
行われてこなかった．特に，音響特徴量の非局所的特
徴量に関しては，ほとんど検討がなされていない．
本研究では，識別的リランキングの特徴量として，
非局所的な音響特徴量である構造的表象を利用するこ
とを提案する．構造的表象は，PLP等とは異なり，音

HMM-based ASR

Input speech

Candidate 1

Phone alignments

Extract invariant structure

Invariant structure

Calculate structure score

Reranking

Structure score ASR score
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Acoustic model

&
Language model

Statistical edge 
model

...

...

1.

2.

3.

4.

� · �(x, y1) �0(x, y1)

x

y1 y2

+

Fig. 3 A framework of discriminative reranking for
LVCSR leveraging invariant structure

Feature vector sequence

Phone alignment r e i n

Distribution sequence s1 s2 s3 s4

Invariant structure
e12 e23 e34

e13 e24
e14

Fig. 4 A procedure of extracting an invariant
structure from a phone alignment

声の相対関係を捉えたものである．そのため，HMM
ベースの音声認識で使われる情報とは異なる情報を
持っていると考えられ，識別的リランキングで利用す
ることが認識精度の向上に有効だと考えられる．
提案手法の概略を Fig. 3 に示す. Fig. 3 の 1～4 の
番号は，以下のサブセクションに対応している．

3.1 HMMベースの音声認識
まず，広く利用されている HMM ベースの音声認
識システムを用い，対数尤度の高い上位 N 個の仮
説を得る．ここでそれぞれの仮説ごとに，対数尤度
（ASR score {φ0(x, yn)}n=1···N ）と，音素アライメ
ントの結果を保存しておく．

3.2 音声の構造的表象の抽出
次に，N 個の仮説それぞれから構造的表象を抽出
する．Fig. 4 に，仮説 [r e i n] のから構造的表象を
抽出する方法を示す．まず，音素アライメント結果を
利用して，M 個の仮説内音素ごとにガウス分布を推
定する．次にそれらのガウス分布間の f -divergences
（{eij}1<i<j<M，「エッジ」と呼ぶ）を計算することで，
構造的表象を抽出する．

3.3 構造スコアの計算
次に，構造的表象を構成する各エッジの尤もらし
さのスコアを特徴量として，識別的リランキングを
行う．
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Structure score

Fig. 5 Process for building statistical edge models
(SEMs) and process for calculating a structure score.
Log likelihood is abbreviated as LL. (3), (4), and (5)
in this figure correspond to those of equations in this
paper.

まず「各エッジの尤もらしさ」を計算するために，
統計的エッジモデル（Statistical Edge Model; SEM）
を予め学習する．Fig. 5の左側に，SEMの学習プロセ
スを示す．SEMの学習では，二つの音素ペアをラベル
として，1 次元の f -divergenceを Gaussian Mixture
Model（GMM）により学習する．音素が P 種類あっ
た場合，SEM は P (P − 1)/2 個になる．

Fig. 5 の右側に，ある仮説と音素アライメントから
得た構造的表象が入力されたときに，それに対応す
る structure score を計算するプロセスを示す．まず，
構造的表象のそれぞれのエッジ eij に対して，以下の
ように SEM の対数尤度を計算する．

lij = log
K∑

k=1

wk
pij

N (eij ;µk
pij

,σk
pij

) (3)

ここで pij は，eij に対応する音素ペア ID（Phoneme-
Pair ID; PPID) を表す．wk

pij
, µk

pij
, σk

pij
は，PPID

が pij の SEM（K 混合の GMM）の k 番目のコン
ポーネントの重み，平均，分散共分散行列である．そ
して得られた {lij}1<i<j<M を，duration，音素数M

で以下のように正規化する．

sij =
fi + fj

M − 1
lij (4)

ここで fi, fj は i 番目，j 番目の音素にアライメント
されたフレーム数で，音素アライメント結果から簡
単に計算することが出来る．
最後に，structure score を以下のように計算する．

structure-score = α · Φ(x, y) (5)

ここで，α と Φ は，常に P (P−1)
2 次元となるベクト

ルであり，それぞれの要素は PPID に対応する．Φ

は，それぞれの PPID に対応する正規化エッジスコ
ア {sij}1<i<j<M の和で，以下のように定義される．

Φ(x, y) =

⎡

⎢⎢⎢⎢⎣

∑
i,j sij if pij = 1 , otherwise 0

∑
i,j sij if pij = 2 , otherwise 0

...
∑

i,j sij if pij = P (P−1)
2 , otherwise 0

⎤

⎥⎥⎥⎥⎦
(6)

もし特定の PPID が仮説 y の構造的表象に含まれな
ければ，その PPID に対する特徴は 0 になるため，
Φ(x, y) は一般的にスパースなベクトルとなる．また
α は，先に説明した Fig. 2 のアルゴリズムで予め学
習しておく．そのため α は，エラーレートを削減す
るためにどの PPID のスコアを重要視すればよいか
の度合い，と解釈できる．

3.4 リランキング
最後に，HMM ベースの音声認識から出力された
スコア φ0(x, yn) と，構造的表象から得た structure
score を組み合わせ，式 (2) を用いてリランキングを
行う．

4 実験
4.1 実験条件
提案手法の有効性を検証するために，日本語の連
続数字音声認識，大語彙音声認識の二つの実験を行っ
た．実験条件を Table 1, Table 2 に示す．HMM ベー
スの音声認識システムとして [11] で示されているシ
ステムを用い，10-ベストの仮説と，音素アライメン
トを出力した．HMMは音素単位で学習され，決定木
を用いて状態クラスタリングを行った．構造的表象を
得るための分布の特徴量には，13 次元の PLP 特徴
量を使い，3 状態 left-to-right HMM の 2 状態目に
対応する部分のみを用いてガウス分布の平均を ML
推定した．ガウス分布の分散に関しては，少ないデー
タから分布を学習するため，音素ごとに分散を予め
設定しておき，それを常に利用した．f -divergenceと
しては，バタチャリヤ距離の平方根を用いた．SEM
には，16 混合の GMM を用いた．

4.2 結果
Fig. 6 と Fig. 7 に，連続数字音声認識の単語誤り
率（Word Error Rate; WER）と，大語彙連続音声
認識の文字誤り率（Character Error Rate; CER）を
示す．CER を用いる理由は，日本語は単語分割に曖
昧性があるためである．そのため α の学習時の yn，
yn には，それぞれ，10ベストの中でWER・CER が
最も高い・低いものを利用した．図の横軸は α 学習
の繰り返し回数 T を表す．α の初期値を 0 としてい
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Application of structures to ASR

Application to more realistic ASR tasks [Suzuki+’15]

Digits recognition and LVCSR (dictation)

Use of structural features in discriminative reranking
Str. scores and ASR scores are combined with average perceptron.

Feature vector sequence

Phone alignment r e i n

Distribution sequence s1 s2 s3 s4

Invariant structure
e12 e23 e34

e13 e24
e14

Input speech x

Calculate f-divergences for each hypothesis

HMM-based ASR

Rerank the hypotheses

Hypothesis y1 Hypothesis y2 Hypothesis yN
…

f-divs for y1
…f-divs for y2 f-divs for yN

f-divs: f-divergences

Best hypothesis y*

Convert f-divergences into feature vectors

!!!!(y1)
…!!!!(y2) !!!!(yN)

Input speech x

Calculate f-divergences for each hypothesis

HMM-based ASR

Rerank the hypotheses

Hypothesis y1 Hypothesis y2 Hypothesis yN
…

f-divs for y1
…f-divs for y2 f-divs for yN

f-divs: f-divergences

Best hypothesis y*

Convert f-divergences into feature vectors

!!!!(y1)
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Figure 3: A diagram of discriminative re-ranking for ASR leveraging the invariant structure.

Estimate Gaussians

Calculate f-divergences

eao eai eao eio eioeoo

pa
po pi po

Cepstrum sequence

Gaussians

f-divergences

a o i o
Phoneme alignment

for a hypothesis

Figure 4: A procedure for calculating the f -divergences from a cepstrum sequence and its
phoneme alignment. The hypothesized transcript is [a o i o]. Note that the two eao in the
f -divergences have different values because the first element fao is an f -divergence between
the first Gaussian pa and the second Gaussian po, while the third element eao is that of the
first Gaussian pa and the fourth Gaussian po. For similar reasons, the two eios have different
values.

when the number is the same, the constituent phonemes are also different de-
pending upon the related hypotheses. Therefore, we need to convert the edges
into fixed-dimension feature vectors φ(yn). In this paper, we propose two
methods. The first method uses negative log likelihoods calculated by using
phoneme-pair-based generative models for the edges and it will be explained in
Section 4.3. The second method uses a 1-of-K representation and it will be

8



Application of structures to ASR

Continuous digits recognition
Language = Japanese

Baseline = GMM-HMM ASR

Reranking = averaged perceptron

Error reduction rate = 30%

Large vocabulary continuous speech recognition
Language = Japanese

Baseline = DNN-HMM ASR

Reranking = averaged perceptron

Error reduction rate = 5%
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Table 5: Experimental conditions for LVCSR.

Utterances Japanese dictation utterances
Training data 352 hours / 1,325 speakers / 196,475 utterances
Test data 1.5 hours / 20 open-speakers / 600 utterances
# of HMM states 5,000
# of monophones (P ) 57 (# of phoneme-pairs: 1,653)
Language model Word 3-gram model estimated with

modified Kneser-Ney smoothing [34]
# of words 104,262

Table 6: CERs of the LVCSR experiment.

Baseline Proposed Relative improvement
2.67% 2.53% 5.24%

the WER improvements. We may mitigate this problem with model adaptation,
speech enhancement, and HMMs trained with matched-environment data.

5.4. LVCSR

Finally, we conducted an LVCSR experiment. Table 5 shows the experi-
mental conditions of the LVCSR experiment. We used an ASR system based
on a Deep Neural Network (DNN) to generate the 10-best hypotheses [35].
The input features for DNN was a 40-dimension log mel filter bank and their
11 adjacent frames (40x11). The means and variances were normalized on a
speaker-by-speaker basis. The numbers of nodes in the hidden layers were 1024,
1024, 1024, 1024, 1024, and 512. All of the activation functions were sigmoid
functions. In the final layer, a softmax activation function was used to calculate
the posterior probabilities of the HMM states. The prior probabilities of the
HMM states were estimated using the training data in an ML manner. The
pre-training was done with layer-wise cross entropy training, followed by cross-
entropy-based fine-tuning. We used the 1-of-4-representation-based features,
and set λ to 0.00001 and T to 10.

Table 6 shows the results in terms of CER. We used the CER instead of
the WER for the evaluation of the LVCSR since Japanese word segmentation
is ambiguous. The results showed the effectiveness of our proposed method for
the LVCSR task.

Although our proposed method reduced the errors, its gain was relatively
small compared to that obtained in continuous digit recognition tasks. To study
why, we analyzed the type of errors. In the digit recognition tasks, the proposed
method reduced the number of substitution, insertion, and deletion errors from
16, 32, and 33 to 13, 30, and 19, respectively. In comparison, in the LVCSR
experiments, the proposed method reduced these error counts from 301, 28, and
51 to 296, 22, and 48, respectively. Compared to the baseline results, the results
of the LVCSR task have relatively much more substitution errors than the digit
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Many errors are due to 
a large number of 

homonyms in Japanese.



構造表象からの音声生成
構造＝音声から話者の身体情報を取り除いた抽象表象
声道の長さ・弱母音発声時の声道形状
これが個人によって異なるから，声を聞けば話者が同定できる
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構造表象からの音声生成
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構造表象からの音声生成

幼児の音声模倣行為の情報論的解釈



構造表象からの音声生成
嫁さんと娘の音声を使ったデモンストレーション
真似るべき対象の構造：千恵（母親）提供
音の実体の初期条件　：礼佳（３歳時）提供
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構造表象からの音声生成
身体楽器を戻す＝初期条件を与える
その楽器で発声＝構造制約条件を満たす音色運動の生成
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