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§1. Ú ó

a –*ÑL§3VÇØnØ¥´�a­���ÅL§, Ó��´£ã7K]�ÂÃ�

��­��., 37KÚ�x¥��2�/A^. �.�ïá�J��1976c [1], §´d�

B�Å�©�§¤½Â�a –*ÑL§

dXt = µtdt+ σtdBt + γtdJt, t ∈ [0, T ], (1)

Ù¥µt, σt (σt > 0)©O´=�¤£�, =�ÅÄÇ�, ÚBt´��IOÙK$Ä. Jt´��

�BtÕá, �rÝ�λ�OêL§. γt = Xt,+ −Xt´éêd�L§¥éAa���a�º

Ý, �Jt�γt�pÕá. b½Jt´���BtÕá�EÜPoissonL§, KL§(1)���/ª

�

Xt = X0 +

∫ t

0
µsds+

∫ t

0
σsdBs +

Nt∑
k=1

γk, (2)

Ù¥NtL«3[0, t]�ãSa:��ê, �ÑlrÝ�λ�PoissonL§. a�ºÝγkL«¥

%z�, ��pÕá��ÅCþ, �Nt�γk�pÕá.

·�½Âéêd�L§Xt��gC��(Quadratic Variation, {��QV)

[X,X]t =

∫ t

0
σ2sds+

Nt∑
k=1

γ2k . (3)
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§dÈ©ÅÄÇ�aC�üÜ©|¤, ·�©O½Â�

IV =

∫ t

0
σ2sds Ú SJ =

Nt∑
k=1

γ2k .

�aØ�3�, Andersen� [2, 3]!Barndorff-NielsenÚShephard [4, 5]�Ñ
�gC�QV

����ëê�Oþ—®¢yÅÄÇ(Realized Volatility, {�RV)

RV =
n∑
i=1

(X∗ti −X
∗
ti−1

)2, (4)

Ù¥X∗tL«ëY�m�éê]�d�L§, �ÑlëYItôL§

X∗t = X∗0 +

∫ t

0
µsds+

∫ t

0
σsdBs, t ∈ [0, T ]. (5)

���ªÇªuÃ¡�(n→ +∞)�, K®¢yÅÄÇ�VÇÂñÈ©ÅÄÇIV, =

RV
p−→
∫ T

0
σ2sds.

�aÑy�, Barndorff-NielsenÚShephard [6]!Andersen� [7]y²


RV =
n∑
i=1

(Xti −Xti−1)2
p−→
∫ T

0
σ2sds+

NT∑
k=1

γ2k , (6)

lnØþ`, 3[0, T ]þ]�ÂÃ��ªÇ��, ®¢yÅÄÇ�Âñu�gC�.

�éuaC�Ü©, 8Ïu3éÀ!Ï�½d!ºx©Û�Ý]|Ü�¡ÅÄÇ�

üX­���Ú, È©ÅÄÇ�O®¤�y�Oþ²LÆïÄ�9:. �
�ØaéÈ

©ÅÄÇ�O�K�, Barndorff-NielsenÚShephard [6, 8]JÑ
®¢yõg�C��Oþ.

Mancini [9]|^��Eâ¢y
È©ÅÄÇ��ëê�O. Corsi� [10](Üõg�C���

�Eâ, ïÄ
�ka���õg�C��OüÑ. Veraart [11]'�
ùü«�{�k��

��Ly. Andersen� [12]í2
õg�C�Eâ, JÑ�C��ä�Oþ.

¯¢þ, 3pª7Kêâ�¸e, Ø
aéÈ©ÅÄÇ�Ok�½�K�	, �É�

�(�DÑ�K�(½|�*(�DÑ��3´8Ïu½|�´L§Ø�õ, �)¾�d

�Ä!ØÓÚ�´!4½K��y�). �XZhou [13]¤�Ñ, ���ªÇO\, ®¢yÅ

ÄÇ l
È©ÅÄÇ, ¿�½|�*(�DÑ�K����ªÇ�O\
Or, éÈ

©ÅÄÇ�O�K�´��wÍ. �
�Ø½|�*(�DÑ, Aı̈t-Sahalia� [14]!Bandi

ÚRussell [15, 16]ïÄ
DÕ���D�{. Zhang� [17]!Zhang [18]©OJÑ
VºÝ®¢

yÅÄÇ(Two-Scale Realized Volatility, {�TSRV)ÚõºÝ®¢yÅÄÇ(Multi-Scale

Realized Volatility, {�MSRV). HansenÚLunde [19]!Barndorff-Nielsen� [20, 21]|^®¢

yØ�O�{�ØDÑ, JpÈ©ÅÄÇ�°Ý. Jacod� [22]!PodolskijÚVetter [23, 24]A
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^c²þ�{(pre-averaging)�ØDÑ. Xiu [25]JÑ
[q,�{. ù
�{UéÐ/��

DÑK�, �¦��©Û´ÄuëY�m�éê]�d�L§X∗t�DÑÀ/��¹.

Ïd, 3DÑ�¸e, N�ÏLlÑ��{Xti}ni=0 (ti = Ti/n, ti ∈ [0, T ])��Oéê

d�L§Xt�È©ÅÄÇ(IV)´·��~'5�¯K, =DÑ�¸ea –*Ñ�.¥È©

ÅÄÇ�O¯K. ù�¯K®kÜ©ïÄö¤'5, ~XFanÚWang [26]k|^�Å�{

Ø�a, ,�¦^©z[18]�õºÝEâ�D, JÑ
È©ÅÄÇ�O�{. PodolskijÚ

Vetter [24]!Bos� [27]kA^c²þ�{�D, ,�¦^õg�LÈa, JÑ
È©ÅÄÇ

�,�«�{. Jing� [28]Ú\©z[9]���Eâ, ïÄ
È©ÅÄÇ�O���c²þ�

{. �©(Üc<�(Ø, ïÄ
��EâeõºÝ�{�È©ÅÄÇ��ëê�O, ¿¼

�
Âñ�Ý�n−1/4�(J.

§2. Ä�½Â!b�9ÎÒ

b� 1 �
�Bå�, b½¢Séê�´d�L§Xt�

Xt = Xc
t +Xd

t =

∫ t

0
σsdBs +

Nt∑
k=1

γk, (7)

Ù¥Xc
t´ItôL§, Xd

t´EÜPoissonL§,��pÕá. ?�Ú�¦, NtÑlrÝ�λ > 0�

PoissonL§, �Nt < ∞. a�ºÝγk´�pÕá�¥%z�ÅCþS�, ¿�Nt�pÕ

á, �E(γk) = 0, E(γ2k) = E(γ2) <∞, E(γ4k) = E(γ4) <∞.

5P 2 (7)ª�(2)ª�', (7)ª¥vk¤£�(=
∫ t
0 µsdsÜ©), ù��b�==8

Ïu�B�©�nØïÄ, é�{��Ø���5.

b� 3 �Yt�¤*	��êâ, Xt�d3�ý¢êâ. du½|�*(�DÑ��

3, ¤±*	æ8��pª7KêâYt�d3�ý¢êâXt�m�3X�½§Ý� �,

KPti��éêd��*ÿ��

Yti = Xti + εti = Xc
ti +Xd

ti + εti = Y ∗ti +Xd
ti , ti ∈ [0, T ], i = 0, 1, . . . , n,

Ù¥εti´ i.i.d.�*(�DÑ, ÷vEεti = Eε = 0, Eε2ti = Eε2, E(ε4ti) = E(ε4) <∞, �εti�

éêd�Xti�pÕá.

½Â 4 �*	êâYt©O30 = t0, t1, . . . , tn = T���*ÿ�, K½Â*ÿ:�8

G = {t0, t1, . . . , tn}, (8)

Ù¥ti = Ti/n, i = 0, 1, . . . , n (�ål*ÿ). u´, ½ÂÄu*ÿ:�8G�®¢yÅÄÇ

�

[Y, Y ](n,1) =
n∑
i=1

(Yti − Yti−1)2 =
∑

ti∈G ,i>1
(Yti − Yti−1)2. (9)
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½Â 5 �*	êâYt�*ÿ:�8�G , òÙy©�K�Ø��f8G (k), k = 1, 2,

. . . ,K, =G =
K⋃
k=1

G (k), ��k 6= l�, G (k) ∩ G (l) = ∅. K1k�*ÿ:f8´l1k − 1�

*ÿ:m©, z�K�*ÿ:��g, ����T , =

G (k) = {tk−1, tk−1+K , tk−1+2K , . . . , tk−1+nkK}, (10)

Ù¥nk = |G (k)| = (|G |−K+1)/K = (n−K+1)/K,�nk´��¦tk−1+nkK3f8G (k)S

L«���������ê, ,	nK =
K∑
k=1

nk/K = (n−K + 1)/K.

u´, ½ÂÄu*ÿ:f8G (k)�®¢yÅÄÇ�

[Y, Y ](k) =
nk∑
j=1

(Ytk−1+jK
− Ytk−1+(j−1)K

)2 =
∑

tj,−,tj∈G (k)

(Ytj − Ytj,−)2, (11)

Ù¥k = 1, 2, . . . ,K, �XJtj ∈ G (k), @otj,−L«3G (k)¥tj�c�@���. ?�Ú, ·

�½ÂÄu*ÿ:f8G (k) (k = 1, 2, . . . ,K)�²þ®¢yÅÄÇ

[Y, Y ](n,K) =
1

K

K∑
k=1

[Y, Y ](k) =
1

K

K∑
k=1

nk∑
j=1

(Ytk−1+jK
− Ytk−1+(j−1)K

)2

=
1

K

n−K∑
i=0

(Yti+K − Yti)
2 =

1

K

∑
ti∈G ,i>K

(Yti − Yti−K )2. (12)

3b�3e, [Y, Y ](n,K)©)�

[Y, Y ](n,K) = [X,X](n,K) + 2[X, ε](n,K) + [ε, ε](n,K), (13)

Ù¥[X,X](n,K) = K−1
∑

ti∈G ,i>K
(Xti − Xti−K )2, [ε, ε](n,K) = K−1

∑
ti∈G ,i>K

(εti − εti−K )2Ú

[X, ε](n,K) = K−1
∑

ti∈G ,i>K
(Xti −Xti−K )(εti − εti−K ).

y3b½aØ�3, K

Yti+K − Yti = Y ∗ti+K
− Y ∗ti = Xc

ti+K
−Xc

ti + εti+K − εti .

3ÙK���.e, ��

(Yti+K − Yti)
/[ ∫ ti+K

ti

σ2sds+ 2Eε2
]1/2
∼ N(0, 1).

u´, ·��½Â��«5¼êIKY (i, η):

IKY (i, η) =


1, (Yti+K − Yti)2

/(∫ ti+K

ti

σ2sds+ 2Eε2
)
6 η;

0, Ù¦.

(14)
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/Ï©z[9]���Eâg�, |^«5¼êIKY (i; η)5�ä�kd3a�ÂÃ, l
�

EDÑ�¸ea –*Ñ�.¥È©ÅÄÇ���üºÝ�ëê�Oþ���õºÝ�ë

ê�Oþ. e¡·�0���üºÝ®¢yÅÄÇ(TTSRV)Ú��õºÝ®¢yÅÄÇ

(TMSRV).

§3. ��üºÝ®¢yÅÄÇ(TTSRV)

�aØ�3�, Zhang� [17]JÑ
È©ÅÄÇ�VºÝ®¢yÅÄÇ�Oþ({�

TSRV*), =

TSRV∗ =
(

1− nK
n

)−1(
[Y ∗, Y ∗](n,K) − nK

n
[Y ∗, Y ∗](n,1)

)
, (15)

�3�½�^�e, �¼�Âñ�Ý�n−1/6, =

TSRV∗ −
∫ T

0
σ2sds = Op(n−1/6),

DÑ��Eε2����Ü�Oþ: Êε
2

∗ = [Y ∗, Y ∗](n,1)/(2n).

�a�3�, Dorfard [29]|^üºÝ®¢yÅÄÇ�{(P�TSRV)��O�gC�

[X,X]T , ��¼�
Âñ�Ý�n−1/6�(J, =

TSRV− [X,X]T = Op(n−1/6),

Ù¥

TSRV =
(

1− nK
n

)−1(
[Y, Y ](n,K) − nK

n
[Y, Y ](n,1)

)
.

Ó�, 8Ïu�OþTSRV��Âñu�gC�[X,X]T , �OþTSRV´p�È©ÅÄÇ

�. �Ä�[Y, Y ](n,1)´�gC�[X,X]T�2nEε2�Ú����Ü�O, ·���DÑ��

Eε2�,���Ü�Oþ:

Êε
2

=
1

2n
([Y, Y ](n,1) − TSRV). (16)

3ïÄ�gC��O�, ·��'5È©ÅÄÇÜ©. Ïd, �a�3�, �
��È

©ÅÄÇ����O,·�JÑ
��üºÝ®¢yÅÄÇ(TTSRV).­#½Â[Y, Y ](n,K),

¿L«�{Y, Y }(n,K):

{Y, Y }(n,K) =
γη
K

n−K∑
i=0

(Yti+K − Yti)2 · IKY (i, η)

1

n−K + 1

n−K∑
i=0

IKY (i, η)

, (17)

Ù¥γη = zχ2
1
(η)/zχ2

3
(η)´Å Xê, �zχ2

m
L«gdÝ�m�k�©Ù.
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5P 6 γη��)8Ïué���ä���?�, �½Â�«5¼êIKY (i; η)�êÆ

Ï"���gdÝ�1�k�©Ù�ÅC�ζ (ζ ∈ [0, η])�êÆÏ"�'. 3�[�¢y¥,

·��±b�η = 9, �©z[10].

u´, ·�½Â��üºÝ®¢yÅÄÇ(TTSRV):

TTSRV =
(

1− nK
n

)−1(
{Y, Y }(n,K) − nK

n
{Y, Y }(n,1)

)
. (18)

5P 7 du
∫ ti+K

ti
σ2sds+ 2Eε23y¢¥´*ÿØ��(Ï�·��U*ÿ�L§Yt),

¤±3�E�Oþ(17) – (18)��34<Ø)�/�. ¯¢þ, �O�«5¼ê��Oþ�,

·�¦^(16)ª��ODÑ��. éu
∫ ti+K

ti
σ2sds, ·��CqO�:

∫ ti+K

ti

σ2sds ≈
ti+K − ti

T
·
∫̂ T

0
σ2sds. (19)

XJFmÅÄÇ´r���(highly persistent), dCqO�´k��. ·���±æ^Ù

¦�{5Uõù�CqO�, äN�ëw©z[30].

éu
∫̂ T
0 σ

2
sds�O�, ·�æ^��S��{: Äk, ·��|^©z [12]��Oþ

MedRV5Ðg�O
∫ T
0 σ

2
sds, ¿�\(19)ª�

∫ ti+K

ti
σ2sds�Cq, ,�O�«5¼ê(14)�

(17)ª, u´, ·�O���
��üºÝ®¢yÅÄÇ(TTSRV)�Ð�. ,�, |^Ðg

���TTSRV5O�#�«5¼ê(14)�(17)ª��, ?
��#�TTSRV�. ��, ·

�S�ù�L§, ¼�#�����TTSRV�, ��vk���ÂÃ��ä��.

e¡·��Ñ�OþTTSRV��Ü5.

½n 8 �n→∞, K →∞�, n/K →∞. b½*	��:{ti}ni=0´��Å�, �m

ì?�gC�H(t)�3, �ëY��, ¿÷v min
06t6T

H ′(t) > 0. �K/n2/3 → c (n → ∞), 3

b�1Ú3e, K

TTSRV
p−→
∫ T

0
σ2sds, ¿� TTSRV−

∫ T

0
σ2sds = Op(n−1/6).

y²: ­#½ÂYý¢L§�Y = Xc + ε+ J = Y ∗ + J , Ù¥Xc =
∫ t
0 σsdBsÚY

∗ =

Xc + ε.

XJJ = 0, 3b�1Ú3e, �â©z[17]�½n4, ·�k

TSRV∗
p−→
∫ T

0
σ2sds, ¿� TSRV∗ −

∫ T

0
σ2sds = Op(n−1/6).

XJJ 6= 0, Ï�J´��k�aL§(finite activity jump process), ¿�Xc´��Õ

áuDÑε�ÙK��. Äu©z[9]�½n1Ú©z[10]�½n1, éuv
��δ, ·�k

(Yti+K − Yti)
2 · IKY (i, η) = (Y ∗ti+K

− Y ∗ti )
2 − I∗i,K · (Y ∗ti+K

− Y ∗ti )
2,
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Ù¥I∗i,K´��«5¼ê, ���m«m[ti, ti+K ]S�3a�, I∗i,K = 1, �Ù¦�, I∗i,K = 0.

Ø�ÄO�ª¥ ���Xêe, ·���

{Y, Y }(n,K) =
1

K

n−K∑
i=0

(Y ∗ti+K
− Y ∗ti )

2 − 1

K

n−K∑
i=0

I∗i,K · (Y ∗ti+K
− Y ∗ti )

2,

Ïd, |^ÙK$Ä�ëY�5�(the modulus of continuity of the Brownian motion),

�NTL««m[0, T ]SÑya��ê, �k�(NT < +∞), u´, ·�k

{Y, Y }(n,K) − [Y ∗, Y ∗](n,K) = Op

(Nt

K
(δ ln |δ|+ 1)

)
.

�âþ�ª, ·���

TTSRV− TSRV∗ =
(

1− nK
n

)−1(
{Y, Y }(n,K) − nK

n
{Y, Y }(n,1)

)
−
(

1− nK
n

)−1(
[Y ∗, Y ∗](n,K) − nK

n
[Y ∗, Y ∗](n,1)

)
=
(

1− nK
n

)−1((
{Y, Y }(n,K) − [Y ∗, Y ∗](n,K)

)
− nK

n
·
(
{Y, Y }(n,1) − [Y ∗, Y ∗](n,1)

))
= op(1).

Ïd, ·�y²
eª¤á

TTSRV− TSRV∗ = op(1),

=TTSRV�TSRV∗äk�Ó�4�5�. �

5P 9 XJDÑS�´���, Aı̈t-Sahalia� [31]y²
TSRV∗´k �. u´¦�

JÑ
��?��O�{, =3�OþTSRV∗¥, ^[Y, Y ](n,J)��[Y, Y ](n,1), ¿L«�

TSRV∗∗ =
(

1− nK
nJ

)−1(
[Y, Y ](n,K) − nK

nJ
[Y, Y ](n,J)

)
,

Ù¥nJ = (n− J + 1)/J , J¿©�u1, �K > J . /Ï©z[31]��{, ·��±JÑ��

DÑe��üºÝ®¢yÅÄÇ(TTSRV∗), =

TTSRV∗ =
(

1− nK
nJ

)−1(
{Y, Y }(n,K) − nK

nJ
{Y, Y }(n,J)

)
. (20)

§4. ��õºÝ®¢yÅÄÇ(TMSRV)

�aØ�3�, �
JpÂñ�Ý�°Ý, Zhang [18]í2
üºÝ®¢yÅÄÇ�O

�{, éÈ©ÅÄÇJÑ
õºÝ®¢yÅÄÇ�Oþ({�MSRV∗). õºÝ®¢yÅÄ

Ç�Oþ(MSRV∗)�½ÂXe:

MSRV∗ =
M∑
i=1

αi[Y
∗, Y ∗](n,Ki), (21)
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Ù¥M > 2. �
�yMSRV∗Ã �O
∫ T
0 σ2sds, �¦

M∑
i=1

αi = 1 Ú
M∑
i=1

αi
n+ 1−Ki

Ki
= 0. (22)

e-a1 = α1 − [(n+ 1)(1/K1 − 1/K2)]
−1, a2 = α2 − (a1 − α1), ai = αi (i > 3), K^

�(22)�du
M∑
i=1

ai = 1 Ú
M∑
i=1

ai
Ki

= 0, (23)

@oõºÝ®¢yÅÄÇ(MSRV∗)�U��

MSRV∗ =
M∑
i=1

ai[Y
∗, Y ∗](n,Ki). (24)

ùpI�`²�´ai, M , Ki��un, Ïd§���±L«�an,i, Mn, Kn,i.

�a�3�, õºÝ®¢yÅÄÇ�Oþ( ��MSRV)����gC�[X,X]T��

��Ü�O, ¿�3�½�b�e, ��

MSRV− [X,X]T = Op(n−1/4),

Ù¥

MSRV =
M∑
i=1

ai[Y, Y ](n,Ki).

5P 10 d(Ø�y²ò,©�Ñ, d?�Ñ.

�
��aéÈ©ÅÄÇ�O�K��JpÂñ�Ý, ·�Ú\��Eâ5U?õº

Ý®¢yÅÄÇ�OþMSRV, l
�E#�È©ÅÄÇ�Oþ. ·�r§¡���õº

Ý®¢yÅÄÇ, ¿^TMSRV5L«:

TMSRV =
M∑
i=1

ai · {Y, Y }(n,Ki), (25)

Ù¥{Y, Y }(n,Ki)dúª(17)½Â. ?�Ú, ·�ke�(Ø.

Äk, ·�0�Ún11.

Ún 11 �Kn,1 = O(1), Kn,2 = O(1) (�n→∞). 3b�1Ú3e, K

MSRV =
M∑
i=1

ai[Y, Y ](n,Ki) + 2Eε2 +Op(n−1/2).

y²:

MSRV =
M∑
i=1

ai[Y, Y ](n,Ki) + (α1 − a1)([Y, Y ](n,K1) − [Y, Y ](n,K2)),
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Ù¥[Y, Y ](n,Ki) = [X,X](n,Ki) + 2[X, ε](n,Ki) + [ε, ε](n,Ki), i = 1, 2.

3b�1Ú3e, [X,X](n,Ki) = Op(1), i = 1, 2. �â©z[17]�ÚnA.2Ú½nA.1, ·

���

[X, ε](n,Ki) = Op

( 1√
Ki

)
Ú [ε, ε](n,Ki) = 2niEε

2 +Op

(√n
Ki

)
,

Ù¥ni = (n−Ki + 1)/Ki, i = 1, 2. u´

MSRV =
M∑
i=1

ai[Y, Y ](n,Ki) +
[
(n+ 1)

( 1

K1
− 1

K2

)]−1
[2(n1 − n2)Eε2] +Op(n−1/2)

=
M∑
i=1

ai[Y, Y ](n,Ki) + 2Eε2 +Op(n−1/2).

½n 12 �ai÷v(23)ª, ¿��n → ∞, M → ∞�, M = o(n), M3/n → ∞,
M∑
i=1

ai = o(−(n/M)1/2),
M∑
i=1

ai/Ki = o(M−3), � max
16i6M

‖ai/(i · γn)‖ → 0. b½*	��:

{ti}ni=0´��Å�, �mì?�gC�H(t)�3, �ëY��, ÷v min
06t6T

H ′(t) > 0. �

M/n1/2 → c (n→∞), 3b�1Ú3e, K

TMSRV
p−→
∫ T

0
σ2sds, ¿� TMSRV−

∫ T

0
σ2sds = Op(n−1/4).

y²: aq½n8�y², ��, éuv
��δ�·�À�S�{Ki}Mi=1, ·�k(
Yti+Ki

− Yti
)2 · IKi

Y (i, η) =
(
Y ∗ti+Ki

− Y ∗ti
)2 − I∗i,Ki

·
(
Y ∗ti+Ki

− Y ∗ti
)2
,

Ù¥I∗i,Ki
´��«5¼ê, ���m«m[ti, ti+Ki ]S�3a�, I∗i,Ki

= 1, �Ù¦�, I∗i,Ki

= 0. |^ÙK$Ä�ëY�5�, �NTL««m[0, T ]SÑya��ê, �k�(NT <

+∞), u´, ·�k

{Y, Y }(n,Ki) − [Y ∗, Y ∗](n,Ki) = Op

(Nt

Ki
(δ ln |δ|+ 1)

)
.

Ïd, �â^�(23)�½n8�b�e, ·���

TMSRV−MSRV∗ =
M∑
i=1

ai · {Y, Y }(n,Ki) −
M∑
i=1

ai[Y
∗, Y ∗](n,Ki)

=
M∑
i=1

ai ·
(
{Y, Y }(n,Ki) − [Y ∗, Y ∗](n,Ki)

)
= op(1).

=TMSRV�MSRV∗äk�Ó�4�5�. y.. �

5P 13 �u�Ì��, �©��Ñ�'��[�¢yïÄ, �ù�¡�'�ïÄ·

�ò,©�Ñ.
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Nonparametric Estimation of the Integrated Volatility of

Jump-Diffusion Processes with Noisy High-Frequency Data
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Abstract: This paper studies nonparametric estimation of the integrated volatility of Poisson jump-

diffusion processes with noisy high-frequency data. We propose jump-robust two-scale and multi-scale

estimators. The estimators are based on a combination of the multi-scale method and threshold technique,

which serves to remove microstructure noise and jumps, respectively. Furthermore, asymptotic properties

of the proposed estimators, such as consistency, are established.
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diffusion processes; integrated volatility
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