APPROXIMATE LIKELIHOOD CONSTRUCTION FOR ROUGH
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ANASTASTA PAPAVASILIOU AND KASIA TAYLOR

ABSTRACT. The paper is split in two parts: first, we construct the exact likelihood
for a discretely observed rough differential equation, driven by a piecewise linear
path. In the second part, we use this likelihood in order to construct an approxima-
tion to the likelihood for a discretely observed rough differential equation. Finally,
We show that the approximation error disappears as the sampling frequency goes
to zero.

1. SETTING AND MAIN IDEAS

In the first part of the paper, we consider the following type of differential equations
1) AP = a(YP;0)dt + b(YP; 0)AXP, Yo =y, t<T,

where X7 is a realisation of a random piecewise linear path in R™ corresponding to
partition D of [0,7]. We also assume that § € O, where © is the parameter space.
Moreover, we request that a(-,0) : R — R? and b(-,6) : R — L(R™,R%) are Lip(1),
which are sufficient conditions for the existence and uniqueness of the solution Y7,
which is a bounded variation path on R

We will use Iy to denote the It6 map defined by (1). That is, Iy maps the path
XP to the path Y? and we write

YP = Iy(XP).

First, we develop a framework for performing statistical inference for differential
equation (1), assuming that we know the distribution of X?. More precisely, we will
aim to construct the likelihood of discrete observations of Y on the grid D, which
we will denote by yp. The main idea is to use the observations to explicitly construct
the It6 map that maps a finite parametrization of Y'? to a finite parametrization of
XP. Typically, Y? will be parametrized by the observations yp = {y;,; t; € D}
and XP will be parametrized by the corresponding normalised increments (Ax)p :=

Ttjp1 Tt 4 4
o ot € D}

In section 2, we study the existence and uniqueness for the pair (X7, YP) for
Y'P parametrised by the given dataset yp = {y;,; t; € D}. We give conditions for

Date: July 21, 2016.

Paper No. 16-02, www.warwick.ac.uk/go/crism



2 ANASTASIA PAPAVASILIOU AND KASIA TAYLOR

existence, which is necessary for the methodology to work. Then, we show that for
a and b in Lip(2) and b non singular, the solution will be unique for the case m = d
and it will have m — d degrees of freedom for the case m > d. Since existence will
not in generally be true for the case d > m, this case will not be considered.

In section 3, we explicitly construct the likelihood, treating separately the cases
where we have uniqueness and where we have one or more degrees of freedom. Finally,
in section 4, we demonstrate how the method works in the simple case of a discretely
observed Ornstein-Uhlenbeck model driven by a picewise linear approximation to
fractional Brownian motion.

In the second part of the paper, we consider equation

(2) dY; = a(Yy; 0)dt + b(Yy; 0)d Xy, Yo =1vo, t <T,

where X € G€,(R™) is the realisation of a random geometric p-rough path, defined
as the p-variation limit of a random sequence of nested piecewise linear paths. Let
us denote by D(n,T) the sequence of nested partitions of [0,7] and by m,(X) the
corresponding sequence of piecewise linear paths, such that d,(m,(X),X) — 0 as
n — oco. We now assume that for each 6 € O, a(-,0) and b(-,0) are Lip(y + 1), for
some y > p, which are sufficient conditions for the existence and uniqueness of the
solution Y = Ip(X) € GQ,(R?). Moreover, as before, for b non-singular, the pair
(X,Y) is unique. If we denote by Y (n) the response to the piecewise linear path
(X)), 1.e. Y(n) = Iy (m,(X)), then the continuity of the It6 map in the p-variation
topology implies that d,(Y (n),Y) — 0 as n — oc.

To simplify notation, we will assume that the partitions D(n,T') are the dyadic
partitions of [0,77, i.e. they are homogeneous with interval size § = 27". We write
D(n)={k27"; k=0,...,N}, where N =2"T.

In section 5, we use the likelihood constructed before to construct an approximate
likelihood of observing a realisation of (2) on grid D(n) for some fixed n — denoted
by ¥pm). The main idea behind the construction is to replace the model (2) that
produces the data by (1), which is tractable and converges to (2) for n — oo.
However, one also needs to normalise the likelihood appropriately, so that the limit
still depends on the parameter that we want to estimate.

In section 6, we make precise in what sense the likelihood constructed in the
previous section is approximate. Replacing the complicated model by a simpler one
approximating the actual model, when we can construct the likelihood corresponding
to the simpler model exactly, is not an uncommon approach for performing statistical
inference for otherwise intractable models. For example, this is done in [?] where
the authors replace the actual multiscale model by its limiting diffusion and use
that to construct the likelihood. They show that the approximation error due to
the mismatch between data (coming from the multiscale model) and model (the
limiting equation) disappears in the limit. Following a similar approach, we show
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APPROXIMATE LIKELIHOOD CONSTRUCTION FOR ROUGH DIFFERENTIAL EQUATIONS 3

that, under suitable conditions, an appropriate distance between the likelihood for
discrete observations on a grid D(n) of the corresponding process Y (n) and of the
limiting process Y respectively disappears, as n — oo.

Finally, in section 77, we construct the limiting likelihood for a discretely observed
OU process and construct the MLE as well as posterior distributions for the drift
and diffusion parameter of the OU model.

2. EXISTENCE AND UNIQUENESS

We are given a set of points yp in R? where D is the fixed partition of [0,7].
In this section, we study the existence and uniqueness of piecewise linear path X7,
whose response Y'P through (1) goes through points yp, i.e. Yt? =1y, foreach t; € D.

First, we discuss how to express Y? in terms of X?. By construction, X7 is linear
between grid points, i.e.

X);D == Xt? + AXE (t - t,), \V/t c [ti7ti+1)7 ti,ti+1 c D,

xP —xP
where AXP = ﬁ By definition, Y = [,(X?) which implies that for every
t € [ti,tiy1), VP satisfies
AYP = a(YP;0)dt + b(Y,";0)dXP =
= (a(Y;7;0)dt + b(Y,P;0)AX]) dt
with initial conditions Y;” = y,,. This is an ODE and we have already assumed

sufficient regularity on a and b for existence and uniqueness of its solutions. The
general form of the ODE is given by

3) a¥; = (a(¥is0) +b(¥is0) - ) dt, Yo = o
and we will denote its solution by F;(yo, ¢; ). Then,
(4) VP = Fiot (e, AX430), VEE [t tiga).

In order to fit Y? to the observed data yp, we need to solve for AX;,, using the
terminal value, i.e. solve

(5) thqufti (yt” AXtm 9) = yti+1

for AX4, (yt,, Yti,150). So, for every interval [t;,¢;41), we need to solve an independent
system of d equations and m unknowns. That is, we need to study the existence and
uniqueness of solutions with respect to ¢ of the system

(6) Fﬁ(y())c;e) = Y1,
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4 ANASTASIA PAPAVASILIOU AND KASIA TAYLOR

for every 6 and for appropriate values of ¢,y and y;. We are going to assume
existence of solution, by requiring that y; € Ngeo M (yo; ), where

(7) M (yo; 0) = {Fs(yo,c;0);c € R™}.
Now, suppose that ¢; and ¢y are both solutions for a given 6 € O, i.e.

F&(y(]?clae) =W = F(S(yO?CQ?e)‘

We can write the difference as
1
Fs(yo, ¢2,0) — F5(yo, 1,0) = (/ D Fs(yo,c1+ s(ca — Cl)§e)d5) (e — 1),
0

Thus, F5(yo,c1;0) = Fs(yo, co; 0) implies

(/01 D Fs(yo, c1 + s(ca — ¢1); H)ds) (s — 1) = 0.

So, it is sufficient to show that V¢ € R™, the rank of d x m matrix D.Fj(yo,&;0)
is d, which implies that the solution will have m — d degrees of freedom, i.e. given
m — d coordinates of ¢, the other coordinates are uniquely defined. In particular, for
d = m we get uniqueness.

Since the vector field of (3) is linear with respect to ¢, we know that Fi(yo,c;6)
will be continuously differentiable with respect to ¢ for every yy, 6 and t in the

appropriate bounded interval [1]. Thus, we define a new auxiliary process as Z;(c) =
Dcﬂ(?/Oa G 0) € Rde) or,

(8) Z(¢) = aiﬂi(yo,c; 0), fori=1,....,d, a=1,...,m.
Ca
Then, assuming one additional degree of regularity, Z;(c) satisfies
d _, d 0 _, o d .
— 7 = ——F 10) = ——F} :0) =
a2 = Gag et = 5 Fileaf)
a m
= 5 (ai(Ft(yoaC; 0))+ > cabig(Fi(yo, 9))) =
o 5=1
d m .
-y (ajaim(yo,c; 0)+ 3 csthbis(Fulyo ¢ e>>> Z4(0) + bial Fi (40, ),
j=1 B=1
where by Z¢(c) we denote column o € {1,...,m} of matrix Z;(c). More concisely,
we write
d - _ _
(9) 52 (€) = v (at+b-c)(F)-Z7(c) + ba(Fr),
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where 7 f of a function f: R? — R? we denote the d x d matrix defined as

(VW) = 9i(y)-

Also, b, is column « of matrix b. Note that, for each fixed , this is a linear equation
of Z*(c) with non-homogeneous coefficients. Also note that the initial conditions
will be

' o 0
Zg%(c) = —Fy(yo,;0) = —yo =0, Vi=1,....d, a=1,...,m.

ey, ey,
Thus, the solution to this equation will be
t
(10) Z%(c) = / exp (A)s’t ba(Fy,)ds,
0

where by exp (A), , we denote the sum of iterated integrals

eXp (A)s,t = Z Al;,t
k=0

and
s<u <---<up<t
for
(11) Aly) =v(a+b-c)(y)

This is a d x d matrix and for £ = 0 we get the identity matrix, i.e. Agt = 1. Since
each vector Z¢ is a column of the matrix D.Fj(yo, c;0), the condition that the rank
of this matrix is d is equivalent to d columns being linearly independent. Without
loss of generality, let’s consider the first d columns (d < m) and let us assume that

(12) MZ;+ -+ \Zi =0,
for some Ay,..., Ay € R. We need to find conditions such that (12) is equivalent to
A1 =+ = X; = 0. Using (10) we get that (12) is equivalent to

/(S exp (A)s,é ()\161(173) +---+ )\d[;d(Fs>) ds = (_)

Using the continuity of the integrated function with respect to s, we can deduce that
there exists a 0’ € [0, 0], such that we can write the above relationship as

exXp (A)(;,’& ()\151(}75/) +---+ )\dl_?d(Fg/)) c = (_)

It is known that exp (A), 4 is invertible, with inverse equal to exp (A);s. Conse-
quently, the above relationship can only be true if

/\161(F5/) + -+ )\dl;d(Fgf) =0.
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6 ANASTASIA PAPAVASILIOU AND KASIA TAYLOR

Assuming that the rank of d x m matrix b(y) is d for every y, this implies that
A = -+ = Ag = 0, which is what we required.
We have shown the following results:

Lemma 2.1. Suppose that rank (b(y,0)) = d for every y and that a(-,0) and b(-,0)
are Lip(2). Then

rank (Z;(c)) = rank (D.Fy(yo, ¢; 0)) = d.

Note that the construction of the process Z can also be done for X € G,(R™),
provided that its piecewise linear approximations converge in p-variation and that
the vector field functions a and b are now Lip(y + 1). Uniqueness of the pair (X,Y)
for given Y follows by taking limits. We make this statement formal in the following

Corollary 2.2. Suppose that rank (b(y,0)) = d for every y and that a(-,8) and b(-,0)
are Lip(y + 1). Then, for a given Y, the solution (X,Y) of (2) is unique.

3. CONSTRUCTION OF THE LIKELIHOOD

In this section, we construct the exact likelihood of observing the process Y2 on
a fixed grid D, denoted by yp = Y2, where Y is the response to a piecewise linear
path X? on D through (1). The key realisation is that the values of Y? on D actually
completely describe the process Y7,

First, we need to impose a probability structure to the space. Let (Q, F,IP) be
a probability space and let X? be a random variable, taking values in the space
of piecewise linear paths on D, equipped with the 1-variation topology. So, X7 is
a random piecewise linear path on R™ corresponding to partition D. Thus, it is
fully described by the distribution of its values on the grid D, or, equivalently, its
increments. Let us denote that distribution by Pax,,.

The measure Pax, is a distribution on the finite dimensional space R™ " with
N = |D| being the size of the partition. We will assume that this is absolutely
continuous with respect to Lebesgue.

By the continuity of Iy, Y? = I4(XP) is also an implicitly finite dimensional
random variable, whose distribution can be fully describe by the probability of its
values on the grid. Below, we construct the likelihood of observing a realisation of
YP, corresponding to parametrisation yp.

3.1. Case I: Uniqueness. Let us first consider the case where we have existence
and uniqueness of solutions to system (6), so m = d. Then, for each dataset yp, the
set {AXy, (Ye,, %,.,:0),t; € D} will be uniquely defined as the collection of solutions
of (6). This defines a map

(13) [07,1 (yD) = {AXti(ytia Ytiyrs 6)7 tz S D}a
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APPROXIMATE LIKELIHOOD CONSTRUCTION FOR ROUGH DIFFERENTIAL EQUATIONS 7

which can be viewed as a transformation of the observed random variable in terms
of the increments of the driving noise. Note that yp and {AX, , t;, € D} fully
parametrize processes Y and XP. Thus, we can write the likelihood of observing
Yp as
Ly (ypl0) = Laxy (I5p(yp)) DIy p(yp)l,

where by Lax,(Axp) we denote the Radon-Nikodym derivative of Pax, with re-
spect to Lebesque. This will be explicitly known since we assumed that we know
the distribution of XP. Finally, since AX;, only depends on y;, and v, ., and not
the whole path, it is not hard to see that the Jacobian matrix will be block lower
triangular and consequently, the determinant will be the product of the determinants
of the blocks on the diagonal:

(14) DI o) = TT 78X 0 550l |
t;,€D
Note that, by definition,
Ft¢+1ft¢(yti7 AXQ(Qti;y? 9); 9) =Y.
Thus,
D.Fy,, (Y, ¢;0) |C=AXti (t;yt
and, consequently,

-1
VAXti (ytm Y; 0)|y:yti+1 = (Dcﬂiﬂ—ti(ytm G 0) |C:AXti (yti»yti+1;9)> =

~1
= (Zti+1—t¢(AXt¢ (yti7 Ytitrs 0))) :
So, the likelihood can be written as

0) ° VAth (yti’ Y; 0)|y:yii+l = Id

i+1)

(15> LYD (yD|9) - LAXD (Ie_,é(yD» <H |Zti+1—ti (]Gj%(yD)tz) > :

3.2. Case II: Degrees of Freedom. Now suppose that m > d. Without loss
of generality, let us assume that given coordinates cg4i1, ..., ¢y, the remaining co-
ordinates cq,...,cq are uniquely defined. Similar to previous case, we denote by
0. lljvcdﬂ 77777 e, (yp) the map from data points yp to the first d increments, denoted
by {AXe, (Vi Y150, Cars - em)' st € Dot = 1,...,d}, for fixed cgp1,...,Cp. As
before, this can be viewed as a transformation of the observed random variable in
terms of the first d increments of the driving noise and we get a similar formula for

the likelihood:

Lyo (yp|0, Cas1s- - Cm) =

-1
LAXD <I€_,%,cd+1,.‘.,cm (yD)> ’ <Ht¢€D ’ZtiJrl*ti <[0_,11),c,1+1,...,cm (yD)tz) ‘) .
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However, c4y1, .. ., ¢, will not be known in general, so we have to consider all possible
values of them, leading to the formula

Lyo (yp|0) = / Lyo (ypl0, as1s s Tm) Pegryrom (dTaga, - -, day,) =

Rm—d

[ s (T 0))- (H
Rm—d ;€D

i

-1
Zti-H_ti (Ie_,ll),xd+1,...,mm(yp)ti> ‘) )

'Pcd+1,...,cm (dxd+17 s 7d$m) 9

(m—d)xN ]

where P is the marginal distribution of Pax, on R

Cd+15-+,Cm
4. EXAMPLE: THE 1D FRACTIONAL O.U. PROCESS

To demonstrate the methodology, we will apply the ideas described in the previous
section to a simple example. We consider the differential equation

(16) dY,P = - \YPdt + o X, YL =0,

where X7P is the piecewise linear interpolation to a fractional Brownian path with
Hurst parameter h on a homogeneous grid D = {kd;k = 0,..., N} where N§ = T.
Our goal will be to construct the likelihood of discretely observing a realisation of
the solution Y (w) on the grid, for parameter values § = (\,0) € R, x R,.

Our first task is to explicitly construct the parametrization of YP(w) in terms of
its values on the grid yp, that completely determine the process. Let XP(w) be
the piecewise linear interpolation on D of the corresponding realisation of a frac-
tional Brownian path driving (16). We will denote by x;, its values on the grid, i.e.
XP(w), = x4, Vt; € D. Since XP(w) is the piecewise linear path defined on these
points, YP(w) will be the solution to

T(k+1)6 — Ths

dYD((JJ)t = —)\YD<W)tdt +o0 5

dt,
which is given by
Y2 (w) = Y2 (w)gse 2+ + %M (1= e MY ¢ e [ks, (k + 1)6).

We now need to solve for the unknown Azjy1 1= T(p41)s — Tps: for t = (k+1)0. We
get

— oATy 1y _
(17) Yoerys = Yrse 0+ —)\5+ (1—e)
and, consequently,

2 (y(k+1)5 - ykée_)\é)

o (1— )

(18) [(qu(yb)kﬂ = Axpy = , k=0,...,N—1,
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with yo = 0 and § = (A, 0). Thus, YP(w) is given by

Y(k+1)s — Yrse N (1

1 —e A9

— €

(19) YD(w)t _ yk(;@_)\(t_ké) + —)\(t—ké))

Y

for t € [ko, (k+1)0) and yo = 0.

Clearly, in this case, the solution of system (6) always exists and is unique under
the condition that o # 0. Let us now compute the process Z defined in (8). In this
case, since d = 1, this is a scalar process. It is easy to compute Z directly but we
will use formula (10) instead, as a demonstration. First, we note that A defined in

(11) will be A(y) = 9,(—Ay + oc) = A. Thus, (10) becomes

o

Zy = /0 exp(—A(t — s))%ds = E(l — e M),

We now have all the elements we need to write down the likelihood: from (15), we
get

1 —e A

Finally, we note that the likelihood of the increments AXp is a mean zero Gaussian
distribution with covariance matrix given by

Lyo (o] 0) = Laxs (I blum)) (dA—(S))N

5 o o .
(Ef)z]:7(|-]_Z+1|2h+|j_Z_1|2h_2|j_l|2h)7 Zajzla"wNa

where h is the Hurst parameter of the fractional Brownian motion. Thus, the likeli-
hood becomes

(20) 1275P| 72 exp <—%]9_,713(y17) (Zf)il Iy7 (?JD)*) (ﬁ)]\d

where we denote by z* the transpose of a vector z. The corresponding log-likelihood
is proportional to

Q) b (ol 0) x5 Tblom) (5F) " Ibuo) + Mo (20 )

Finally, we can replace 1, é above with its exact expression, which gives

¢ A AR AM)- (SP) 7 (AM). 4 Nlog [ 20
y (yp| ’U)CX_202(1—6*A5)2( y)p( h) ( y)p+ 08 0(1_645) )

where by AMys = yoer1)s — yrse™.
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5. THE LIMITING CASE

In the first part of the paper, we assumed that we observe the response to a
differential equation driven by a piecewise linear path (1) and we constructed the
exact likelihood of the observations. In this second part of the paper, we discretely
observe the response to a differential equation (2) driven by a p-rough path X. We
aim to construct an approximate likelihood for the observations, where we consider an
approximation to be acceptable if it leads to asymptotically consistent estimators. A
crucial assumption is that there exists a sequence of partitions D(n) (usually dyadic)
such that the corresponding piecewise linear interpolations m,(X) of the path X
converge in p-variation to the p-rough path X. This allows us to replace (2) by (1)

Let us denote by yp(,) the sequence of observations of the limiting equation (2) on
the grid D(n). We Wlll use the likelihood Ly constructed in (15) to construct an
approximate likelihood for the partially observed limiting equation — for simplicity,
we will now denote it by Ly (). Also, to simplify the exposition, we will focus on the
case where we have umqueness i.e. m = d and b is non-singular.

A first idea would be to define the approximate likelihood as Ly () (yp(n) ]9) Then,
we would hope to show that, for n large, this will be close to Ly (x) (y(n)p(n)|9) in a
way that it allows the estimators constructed using this likelihood to inherit a lot of
the properties of those constructed using exact likelihood Ly () ( (n)p(m)|d). Note
that the difference between yp(,) and y(n)pw) is that the first is the response to
a realisation of the rough path z while the latter is the response to the piecewise
linear approximation of z on the grid D(n), i.e. y(n)pwm) = Is(mn())p(n), making the
likelihood exact. Note that the two sequences converge in p-variation, for n — oo.
So, we expect that the estimators constructed using the datasets ypg,) and y(n)pam)
will be close, provided that the estimator is continuous in the p-variation topology.

However, when the model involves more than one parameter, it is often the case
that, in the limit, Ly, (yp(n)|¢9) as a function of 0 scales differently for different
coordinates of #. In particular, this occurs because the drift component dt scales
differently than the ‘diffusion’ component dX;. Thus, we need to carefully normalise
the likelihood appropriately, depending on which coordinate of 6§ we want to esti-
mate at any time. Actually, it is equivalent and more convenient to work with the
log-likelihood: normalising the log-likelihood involves adding functions to the log-
likelihood that are independent of the parameters we want to estimate and thus
do not alter the estimation, as both the maximum with respect to the parameter
and the posterior on the parameter remain unaffected. So, we want to construct an
expansion of the log-likelihood of the form

(22) ly (n) Zgy(n) (yp(m)|0) n=* + Rt (yp(n), 0)
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for M € Nand —oo < ap < a1 < -+ < aypy < 00, where ﬁgf()n) (yp(n)|9) converges
to a non-trivial limit (finite and non-zero) for every k = 0,..., M and the remain-
der Rar(Ypm),0) satisfies lim, oo n* Rps(ypny, ) = 0. This will exist, assuming
sufficient smoothness of the log-likelihood function of Axp(,). The construction is
based on a Taylor expansion around the two components of the inverse that scale
differently. More precisely, it is done as follows:

1. Using (15), we express the log-likelihood in terms of I llj(n)(yp(n)), which we

will denote for simplicity by I, ;(y'p(n)). That is,

N-1

Uy (ny (Ypm)10) = Laxp, Iy (YD) — Z 10g | Zs,,,—t, (Ig2(yp))) |.
i—0

2. Assuming sufficient regularity of lax,, , we expand ly () (yp(n)|6) in terms
of the monomials of I;i(yp(n)). Note that Z;, 4, (I(;i(yp(n)) given by (10)
will always be smooth.

3. We have assumed uniqueness, which is equivalent to b(y) being invertible.

Thus, I, Y (yp(n)) can be expressed as

tit1
(23> ]9_,71 (yD(n))ti7ti+1 = / b_l (Y(TL, yD(n))u)dY(nv yD(n))u
t;

tit1
- / b_l(Y(nvyD(n))u)a(Y(n7yD(n)>u)dU
ti

= I (Y(n,ypm)))

where the process Y (n,yp)) is the response to a piecewise linear path,
parametrised by its values on the grid D(n), given by yp(,). Using this equiv-
alence, we further expand the monomials of /,_ 1 (Yp(ny) in terms of monomials
of the two vectors formed by these integrals, i.e.

tit1
{/ b (Y (n, yp(n))u)dY (n, yD(n))u}
t;

titit1

N-1

=0

and
N—1

tit1
{7 0wy msmaf
ti =0
where N = 2T = %, as before.
4. We classify each monomial to class £ if the normalisation needed for it to
converge to something “meaningful” is n“*, i.e. the monomial multiplied by
n“ converges to a function that is not equivalent to 0. We denote by M the
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12 ANASTASIA PAPAVASILIOU AND KASIA TAYLOR

number of such classes and by fgf()n) (yp(n) \6) the sum of all class £ monomials
multiplied by n®.

Remark 5.1. Note that while (23) is very useful for studying limiting behaviour, it
is not useful for constructing the likelihood for fized n, as constructing Y (n, ypm))
corresponding to observations yp(, also requires the solution of (5).

Now, let 6; be an arbitrary coordinate of the parameter § and suppose that
ng()n) (yp(n)|9) are independent of 6; for £k = 0,...,m — 1 while fgz)z) (yp(n)|9) de-
pends on 6;, in a way to be made precise later, which will depend on the way the
constructed likelihood is used. Intuitively, we expect that the first m — 1 components
will be irrelevant to the estimation of the parameter and should be ignored, while
the remaining log-likelihood should be normalised by n®. Thus, we will say that
coordinate #; of the parameter is of order m and, given observations of the limiting
equation, we will use the dominating term fg;r(% ) (yp(n) |9) for its estimation. We will
assume that all coordinates of the parameter are of finite order — otherwise, they
cannot be estimated!

Below, we use this framework to build estimators for parameter 6 using the con-
structed likelihoods. We discuss separately the two most common approaches, cor-
responding to the Frequentist or Bayesian paradigm.

5.1. Frequentist Setting. In the frequentist setting, we use the likelihood con-
structed above in order to construct the Maximum Likelihood Estimator (MLE) of
the parameter # € ©. We inductively define the MLEs of different co-ordinates of 6,
as follows:

1. We start with the lower order ay. We say that co-ordinates of the parameter
0 are of order oy and we denote them by 6, if

(O (ypwy|0) = € (ypy|0o), V0 € O.

Then, we define their estimate as

éo(?JD(n)) = al"gmaxeofg)()n) (?JD(n)wO) :

2. Suppose that we have defined parameters of order up to m and their MLEs,
for some m > 0. Then, we say that the co-ordinates of  that satisfy

L) (Y |0) = €D (ypy |00 (Yne))s - - -+ O (YD), i)

for all # with coordinates of order less or equal to m equal to their MLE
estimates are of order m + 1, and we denote them by 6,,,,. We define their
MLE as

. . R R
Orm1(Ypn)) = argmaxemﬂéﬁ”ﬁ) ) (yD(n)|90(yD(n))a oy 0 (Yp@y) 9m+1> .
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APPROXIMATE LIKELIHOOD CONSTRUCTION FOR ROUGH DIFFERENTIAL EQUATIONSI3

5.2. Bayesian Setting. In the Bayesian setting, we use the likelihood constructed
above together with a prior distribution on the parameter space that we will denote
by u, in order to construct the posterior distribution of the parameter § € ©. We
inductively define the posterior distributions of different co-ordinates of 8, as follows:

1. First, we start with the lower order oy and work our way up. We say that
a co-ordinate 6; of the parameter is of order «y if the distance between the
marginal posterior on 6; and the marginal prior (for an appropriate choice
of distance on the measure space) is non-zero for the first time when the
posterior is computed using the scaling of the likelihood corresponding to
K;(n (yp(m|o). We will denote by (k) all the co-ordinates of the parameter
that are of order k£ and by r the maximum order.

2. The posterior can be written as a product of the posteriors of parameters of
different orders as follows:

P(Olyp(m)) = HIP’ k) yp), 0k — 1),...,0(0)),

where for each k, P (0(k)|yp(m), 0(k — 1),...,6(0)) is computed at the relevant
scale, i.e.

Y

exp (z;g (Ypm|0(K), O(k)) n—ak) w(0(k), (k)
Jo ex0 (65, (v 8(k), cB(k) ) n=ox ) w(@(k), cO(k))dd(k)

where O, is the projection of the parameter space to the coordinates of order
k and by cf(k) we denote all the parameters that are not of order k.

6. CONVERGENCE OF APPROXIMATE LIKELIHOOD

In this section, we study the behaviour of the approximate likelihoods constructed
in section 5. The main result of this section is the following:

Theorem 6.1. Let ng()n)(-W) be the scaled likelihoods constructed in section 5, so

that (22) holds. Let y be the response to a p-rough path x through (2) and y(n) be
the response to m,(x) through (1), where m,(x) is the piecewise linear interpolation
of x on grid D(n) = {k27"T, k=0,...,N} for N =2"T. Then, assuming that the
determinant of b is uniformly bounded from below

(24) tim sup [, (yom16) = 6, (v} 6)] =

n—oo g

for all k such that oy, < 0.
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14 ANASTASIA PAPAVASILIOU AND KASIA TAYLOR

First, we will show that the log-likelihood function, which is the logarithm of (15),
is continuous with respect to the inverse Ito6 map of the data

(25) Iy (o) = Iy (Y (1, yp@)));

where, as before, Y (n, yp(n)) is the response to a piecewise linear path parametrised
by its values on the grid, yp(m). So, I, (Y (n,ypm))) will be exactly that piecewise
linear path driving the process. More precisely, we will show that, under certain
assumptions, the following holds:

(26) |y (yo)|0) — byny (Gom)10) | < w (do(Tg, (YD) Lo (FDn))

for some modulus of continuity function w, independent of 6 and n. This can be
further split into two parts, one corresponding to the log-likelihood of the inverse and
the other corresponding to the Jacobian correction. We start by deriving a bound
for the part of the log-likelihood error corresponding to the Jacobian correction.

Lemma 6.2. For Zy,,,_, and I, defined as in (10) and (13) respectively and under
the additional assumption on b that

1
inf ||b =— >0
inf|b(y)]| = 3~ > 0.

for some M, > 0, it holds that

Zt €D(n 1Og |th+1—ti (]Oji(yp(n)%i) | - ZtieD(n) log |Zti+1—ti (IQ_,rlz(gD(n))ti> |‘ <
M-C- w(dpue_,rlz(yp("))v Ie_,i(gp(n))))
for some M,C" € R, and modulus of continuity function w.

Proof. We write

(27)Zt €D(n) log | Zy,,, -, (Ie n(yD ) ) | — Zt eD(n 10g e (I;i(g%(n))ti> | =

|ZtL t; (Ign(yD(n))ti>|
— 10 +1— >
Lnep 1 Zt =t (T n @)t )|

As before, using the continuity of integrated function within 7, _, with respect to
the time variable, we write

Zisii—ti (Ia_,rlL(yD(n))ti) = exp (A(ytm [(Z,i(yb(n))ti))

b(Fg,) - (tigr — i)

Gistit1

and

Ltsr—t; ([Gji(g%(n))ti) = exp (A@Z, [tgjé@%(n))ti)) o b(E) - (i — )

i 7t7,+1
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APPROXIMATE LIKELIHOOD CONSTRUCTION FOR ROUGH DIFFERENTIAL EQUATIONSL5
for some (;,n; € [t;, ti11]. So, (27) simplifies to

| exp(A(yti 71‘;}L(y'D(n))tl))<

—1
1,ti+1.b(F(yti’IG,n(yD(n))ti)gi)l
|exp<A(§Z,I€;}l(g%(n))ti))

lo
L) 108 B Ty 5y e

Nisti+1
lexp(A(yt; Ty » (UD(n))t;))

|exp (A Lo b Ty )ei) )

| b(F (ye, I, -
Cirtit1 + 1 | ( (yiiv g’n(yD(n))ti)Ci)‘
(0] = - .
it 1| ZtiGD(n) g ‘b(F(yZ-719;(:9%(,“))%)771‘)‘
irtit

ZtieD(n) log

Focusing on the second summand, we write

b(F (ye; Iy (UD(n))t;) ;)]
> k3 <
| 2 tepm 8 Gy el | =

ZtieD(n) log (1 +M "b<F(ytz> [0_,1}L<yD(n))ti)Ci) - |b<F(g£, [Qjé(g%(n))tz)nz)

M =32, o |[0CF (s Ty (Yp)) e )e) | = 10CF (G Lo () )t i)
Mb : Cb T Wi (dp<19_,1(y7_)(n)), ]0_77}1,(:&%(77,)>)>7

)

)=

<

where we used the inequality log(1 4 x) < x, assumption that inf, ||b(y)|| = M%, > 0,
the Lipschitz continuity of b and the universal limit theorem (see [4] for exact bound).
Similarly, we get that

o
Z log — Gutisr | MuC - wa(dp(Typ (yp) Ty (im)))-
t;€D(n) | exp (A(y?i, I@,n(y%(n))ti)> ’

Niytit1

| exp (A(y,, Iy (YD) 1))

under the additional assumption that inf,|exp(A)(y) | > 0, which is trivially

satisfied. Putting the two together, we get the result.

titit1
OJ

Since we have not specified the distribution of the driving process X, we will just
assume that the log-likelihood of the inverse satisfies a similar bound. Then, (26)
will hold under the additional assumption that

(28) ’gAXD(n) (Al‘p(n)) - gAXD(n) (Ajp(n))‘ Sw (dp<xa 57)) )

where z and I are p-rough paths with Azp(,) and AZp(,) denoting increments on
D(n) respectively.

To prove Theorem 6.1, it remains to show that for y and y(n) as described in
the theorem, the piecewise linear paths I, M (yp@ny) and Iy, 2(y(n)p(m)) converge in p-
variation in such a way that the different scalings also converge. Let us first look
into the different scalings and how these affect the requirements for the convergence
of the inverse piecewise linear paths.
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16 ANASTASIA PAPAVASILIOU AND KASIA TAYLOR

Lemma 6.3. Suppose that the log-likelihood has the form (22) and that it is uni-
formly continuous in the p-variation topology, with some modulus of continuity w
independent of 6 orn, i.e.

(29) 10y ) (Upm)10) — by ) (Tp)10) | < w (dp(Lyn (YD) Ly n (FD(m))))
Then, if for every k =0,..., M
nh_{Eo n*tw (dp(Iei,rlz(yD(n)% I@Ti(gD(n)») =0,

it follows that
(30) hm |£ (ZUD |‘9> - Ey(n (yD(n |9) | =0.

Proof. Let’s denote by Ri(ypm),0) the remainder of the log-likelihood expansion
truncated at ay for some k > 0, i.e.

Ri( Z EY(n) (yp)|0) 7™ + Ras(ypny, 0).
j=k+1
Since functions ngn) are convergent, we get that
nakRk(yD(n), 9) — 0, as n — oo.

We first prove (30) for £ = 0. We re-write (29) as

‘ (ggf)()n) (yD(n) ’9) - gg?gn) (QD(H)‘H)) - (RO(yD(”)7 6) - RO(QD(")’ 9>) n
< n®w (dp(Iy (YD) Iy n (FD(m))))

which implies that

A% (o) = %) (Fow]6)| <
nw (dp(—fe_,,i(yD(n))aIg_,,ll(ﬂp(n))))+n ‘Ro(yp(n),e) Ro(yD 9)‘

Given that the n“® times the remainder disappears in the limit, for every € > 0, we
can find ngy such that Vn > ng

‘5( )n) Yy |0) — ( ) (Fp(m0) ’ < n®w (dp(Iy (YD), Ly p (FD(m)))) + €

proving the statement for k& = 0. The proof of (30) for & > 0 is similar, building
inductively on k. 0

Finally, we show the following
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APPROXIMATE LIKELIHOOD CONSTRUCTION FOR ROUGH DIFFERENTIAL EQUATIONSL7

Lemma 6.4. Let I, " be the inverse Ito map defined by (1). Moreover, let Y (n, Iy, (2)pm))
and Y (n, I, (7,(2))pmy) be the responses to the piecewise linear map as in (2),
parametrised by its values on the grid D(n), gwen by lo,(x)pm) and I, (7,(2))pm)
respectively, where x is a fived rough path in GQ,(R?) and 0y € ©. Then,

(31) nh—g)lo dp ([51 (Y<n7 IGO(SC)D(”))) 7151 (Y(nv IGO(Wn(x))D(”)))) =0,
provided that d,(m,(z),z) = 0 as n — oo.

Proof. Under the assumption that b is invertible, ;' is given by (23), which is an inte-
gral of the rough path Y (n,-). By construction, these are piecewise linear paths. Let
us denote them by z(n) = I, (Y (n, Iy, (2)p(n))) and E(n) = Iy (Y (n, I, (70 (2)) D)) -
In particular, z(n) is that path that when driving the system will go through the
data points Iy, (x)p(), so its response converges point wise to Y. This implies that
x(n) will also converge point wise to x or that the distance between z(n) and m,(z)
disappears point wise as n — oo. Now, using the fact that if the distance between
two piecewise linear paths disappears as n — oo and if one of them converges in
p-variation, then the other will also converge in p-variation to the same limit, we
conclude that

dy(z(n), m,(x)) = 0, as n — oo.
We have assumed that

dy(mp(x),2) — 0.

Using the universal limit theorem and the continuity of integration in p-variation,
this implies that

dy(mp(x), 2(x)) — 0, as n — oo.
The result follows. ]

The three lemmas together prove the theorem.
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