DATA-BASED INFERENCE OF GENERATORS FOR MARKOV
JUMP PROCESSES USING CONVEX OPTIMIZATION *
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Abstract. A variational approach to the estimation of generators for Markov jump processes
from discretely sampled data is discussed and generalized. In this approach, one first calculates the
spectrum of the discrete maximum likelihood estimator for the transition matrix consistent with the
discrete data. Then the generator that best matches the spectrum is determined by solving a convex
quadratic minimization problem with linear constraints (quadratic program). Here, we discuss the
method in detail and position it in the context of maximum likelihood inference of generators from
discretely sampled data. Furthermore, we show how the approach can be generalized to estimation
from data sampled at non-constant time intervals. Finally, we discuss numerical aspects of the
algorithm for estimation of processes with high-dimensional state spaces. Numerical examples are
presented throughout the paper.
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1. Introduction. Markov jump processes with finite state-space are used in
many scientific disciplines: physics, chemistry, biology, finance, sociology, etc. The
properties of these models are specified by their generator, here denoted by @, also
known as rate matrix or intensity matrix ([1, 21]). An important practical issue for
modeling is the inference of the generator from time-series data. This issue is the
topic of the present paper.

When the time-series is sampled continuously, the natural framework to infer the
generator of the chain is to maximize the likelihood function associated with these
continuous time data. In this case, there is an analytic expression for the maximum
likelihood estimator (MLE) of @ which involves quantities easily computable from
the data (e.g. [5]). Continuously sampled time-series, however, are rarely available
in real applications. Most often, one is given a time series of the process sampled
at discrete points in time. Maximum likelihood estimation can be generalized to
discretely sampled data, but in this case, inference is not as straightforward as it is
in the continuously sampled case. There is no analytical expression for the MLE of @
in this case, and its calculation is a nontrivial computational task in general because
the likelihood function associated with the discrete time data may have several local
maxima. Even worse, the MLE may not exist (i.e. the likelihood function may be
non-coercive).

These difficulties were discussed in details in [6] and their origin is quite simple:
Since the discrete time data only carry incomplete information about the continuous-
time process, it is possible that several continuous-time Markov jump processes oscil-
lating at different rates between the states are consistent with the data. This leads
to multiplicity of the (local) MLE. It may also be that by considering generators @
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consistent with faster and faster oscillations between the states (i.e. by making the
amplitude of the entries of @ larger and larger), one keeps on increasing the likelihood
of @ given the data. In this case the MLE will not exist. These problems typically
tend to disappear when the sampling rate of the discrete time data is increased (i.e.
the time lag between the observations is shortened). However, this may not be a vi-
able option in practice, for example because there is some practical limit imposed on
the sampling rate of the data. Furthermore, the underlying continuous-time process
may in fact not be exactly Markov at very short time scales. The latter situation is
often encountered in practical applications, and in such cases one would like to infer
a generator consistent with the data sampled at time intervals which are long enough
to have filtered out the non-Markov properties.

For all of these reasons, it may be preferable to use another framework than max-
imum likelihood estimation to infer generators from discrete time data in situations
when the sampling lag is not small enough. An alternative procedure was proposed
in [8]. The basic idea behind this procedure is simple, especially when the time lag
between the observations is constant (an assumption that we will relax below). In
this case, the data can be viewed as a sample of a discrete-time Markov chain. The
MLE for the transition matrix can be easily computed from the discretely sampled
data. The spectrum of the MLE is calculated, and, consistent with this spectrum car-
rying the relevant information about the process, it is used to identify the generator
@ whose spectrum is the closest to the spectrum of the MLE. Here, closeness is mea-
sured in terms of a convex quadratic objective function which needs to be minimized
subject to a set a linear constraints that guarantee that the minimizer is a generator.

Our main objective here is to analyze in more detail the mathematical and com-
putational aspects of the procedure proposed in [8]. In doing so we will simplify the
procedure, and generalize it to inference from time series sampled at non-constant
lags. Overall, the approach has several advantages. First, it bypasses completely the
issue related to non-uniqueness or nonexistence of the MLE of @) because the con-
strained minimization problem, being convex, always has a unique generator @) as
solution. This is especially appealing when studying data that is not exactly consis-
tent with a Markov jump process, a problem which, as mentioned above, is rather
common in practical applications. Second, this solution can be computed efficiently,
even when the number of states in the chain is large, using the numerical tools of
quadratic programming established after years of improvements by the numerical op-
timization community. Third, the method is versatile and can be adapted to Markov
jump processes of special type (e.g. birth-death process) or to impose additional con-
straints in order that the generator matches exactly rather than approximately one
or more elements from the spectrum (e.g. the invariant distribution).

The paper is organized as follows. In section 2 we review some basic properties
of generators and discuss convergence of the estimates of the spectrum. We present a
simplified and improved version of the estimation procedure from [8] and position it
with respect to the maximum likelihood estimation procedure (as in [6]). The general-
ization to estimation from timeseries with non-constant sampling interval is the topic
of section 3. We present a procedure to obtain estimates for the generator spectrum
from such timeseries and we apply it to infer a generator from data with random sam-
pling intervals (drawn from a gamma distribution). Section 4 deals with numerical
aspects of large-scale quadratic programs, relevant for estimation of jump processes
in high-dimensional state spaces. For such processes, an adequate formulation of the
optimization problem and suitable choice of solution method are needed. In section 5
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we conclude and we briefly discuss the relation with estimation of diffusion processes
from discretely sampled data.

2. Generator inference using the eigenspectrum.

2.1. Basic properties of generators. We will consider the continuous-time
Markov jump process {X; : t > 0} on the finite state space S = {1,...,d}. Assuming
time-homogeneity, we will denote the transition matrices of this process by P(7) =

(pi,j(T))i,jes, i.e.
pij(r) =P(Xerr = jIXe =4),  t,720. (2.1)

We will assume that the process is ergodic, implying that there exists a unique vector

= (p1,...,pq)T with positive entries p; > 0 such that
p'P(r)y=p", D =1 (2:2)
ics

This vector is referred to as the stationary distribution of the Markov jump process.
If P(7) is right-differentiable at zero, i.e. if the following limit exists

P(r)—1

g 2.3
i PO g (23)
where I denotes the identity matrix, the matrix @ = (gi;)i jes is called the (infinites-
imal) generator of the process {X; : ¢ > 0}. The entries of the generator @ satisfy
the two conditions:

g; =0 forall i,j€S, i#] (2.42)

> gj=0 forall icS (2.4b)
JjeSs

Conversely, any matrix satisfying these two conditions is the generator of some con-
tinuous-time Markov jump process. Note that (2.3) implies that P(7) is related to @
via the matrix exponential:

P(1) = exp(QT). (2.5)
Also, in terms of @ (2.2) reads
pT'Q =0. (2.6)

2.2. Inference from discretely sampled data: maximum likelihood es-
timation and its difficulties. Let Xy ,...,X;, ., be a series of observations of
{X; : t > 0} at the discrete points in time 0 < t; < -+ < tny41. In this sec-
tion, we assume that the process is observed at a constant sampling interval, i.e.
th+1 — tp, = At is constant for all n = 1,...,N. In section 3 we will relax this
condition. When the sampling interval is constant, the data Xz, , ..., Xt, + na+ can be
viewed as the sample path of a discrete-time Markov jump process. Consistently, we
can calculate the discrete-time based maximum likelihood estimator (MLE) P of the
transition probability matrix P(7 = At) from these data, i.e. the maximizer of

()
Lo(P)= [T py” (2.7)

i,j€S
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where Kij ) denotes the number of transition from state i to state j observed in
the data X¢,, X, 4at, .., Xi,4nva¢. The likelihood function (2.7) can be maximized
explicitly (e.g. [5]) and the entries p;; of P are given by

KW )
R Y it > K
By = 3 KOV jes (28)
0 otherwise

R The MLE P is related to the discrete-time based maximum likelihood estimator
Q of the generator @, i.e. the maximizer of

Lo(@ = T (295 (2.9)

i,jES
where (e¥2t);; denote the entries of the matrix exp(QAt). Indeed, if the equation

exp(QAt) = P (2.10)

admits a solution @ which is a generator (i.e. such that (2.4) is satisfied), then this
solution is a MLE Q since we then have Lo (Q) = Lp(exp(QAt)). There are, however,
two difficulties, as discussed in detail in [6]. The first is that (2.10) may admit several
solutions which are generators. If this is the case, each of these solutions is a MLE Q,
i.e. the MLE of the generator is non-unique. In statistical terms, this means that the
parameterization of the distribution of the data X4, ,..., X4, 4 nva: by @ may not be
identifiable. The second, more serious difficulty is that (2.10) may have no solution
which is a generator. This difficulty is related to the so-called imbedding problem
which states that the law of a discrete-time Markov chain is not always the law of
a continuous-time Markov chain sampled at discrete times. If (2.10) has no solution
which is a generator, the MLE Q may or may not exist. Even when it does exist, it
is nontrivial to identify this MLE numerically because the likelihood function (2.9) is
nonconvex and its gradient with respect to @ is complicated. For recent algorithmic
advances in this direction, see [6, 16, 17].

2.3. Sampling error and spectral decomposition. To understand better the
origin of the difficulties discussed in the last section, let us assume that the generator
@ admits the spectral decomposition

Q=UD\U! (2.11)

where U denotes the matrix whose columns are eigenvectors of ), and D) is the di-
agonal matrix with the eigenvalues of @) on the diagonal, D) = diag(A1, A2, ..., Ad).
We order the eigenvalues \; by increasing amplitude of their absolute value. Then
by ergodicity we have Ay = 0 and Re\; < 0 for ¢ = 2,...d. Using the decomposi-
tion (2.11), the matrix P(At) = exp(QAt) can be computed explicitly and is given
by

P(At) =UDAU! (2.12)
where Dp = diag(A1, Aa, ..., Ag) with

A; = eNiAt i=1,...,d. (2.13)
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This implies that we can infer U, U~! and D) in (2.11) from data by constructing
the MLE P, calculating its spectral decomposition and using the relation (2.13). In
this section, we investigate how sampling errors on P affect the estimates of Dy and
of U and U~ 1.

First of all, (2.13) implies that for all eigenvalues A; such that Re \;At is very
large negative, the modulus of A; will be very small. Therefore, if one uses the MLE
P to get estimates of the A; , one expects that the estimates of the large A; will be
better than those of the small A;. This effect can be quantified as follows:

~ THEOREM 1. Assume that Q admits the spectral decomposition (2.11) and let
Dp = diag(A1, Ao, ..., Ag) be the eigenvalues of the MLE P given in (2.8). Assume
also that the multiplicity of each eigenvalue is one. Then as N — oo for fized At, we
have

VN (DA — DA) — diag(r1,...,74q) (2.14)
in probability. Here v = (r1,...,74) is a Gaussian vector with mean zero and covari-
ance

Wik Wk (PR — Nil\jOr)wiiugj .
E(r;r;) = , i,7=1,...,d 2.15
(rirj) = > o j (2.15)

k€S

where E denotes expectation over the law of the process {X (t) : t > 0}, u;; denote the
entries of U, and u;; those of U™!.

Theorem 1 follows from a central limit theorem for Markov chains [2]; the proof is
given in Appendix A. From the theorem it can be seen that the sampling error does not
propagate among the eigenvalues of P. More specifically, if the estimate A, is such that
VN |A | > 1, then this eigenvalue is accurately estimated, even if there are some other
estimates A that are inaccurate because v N |A | < 1. Based on this we can obtain
a precise cla551ﬁcat10n of which eigenvalues are reliable. We introduce a constant
0 < o < 1, whose magnitude can be mterpreted as a tolerance for the relative error
on A;. For large N we have A; — A; ~ \/ﬁﬁ, see Theorem 1. Thus, the expectation of

the squared error is (approxunately) ~ E(r?). The estimate A; is classified as reliable

if this expectation is smaller than o2 |A;[?, i.e. if & E(r?) < 02 [A;]2. We do not know
E(r?) but if we replace the elements of U, U ! P and p in (2.15) by their estimates

U,U~", P and /i we obtain an a posteriori error estimate E(72). Using this gives the
followmg reliability criterion:

K2

R N 1
The estimate A; is reliable if o|A;| > —— +/E(72) . 2.16
Al > = B 216)

The results above have important consequences for estimating the spectrum of
the underlying generator @) via the spectrum of the MLE P. If A; # 0 (which is
increasingly likely as N — oo since A; # 0), we can compute

Ai = — log A, 2.17

A ; log (2.17)

and this quantity gives an estimate of an eigenvalue A; of ). We may wonder whether
the condition in (2.16) will guarantee reliability of the A; calculated from (2.17).
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Unfortunately, A\; may be unreliable even if A; is reliable. This can happen if the
sampling interval is small, so that A; is close to 1. The reverse situation is also
possible: for A; close to 0, \; may be reliable while A; is not. This typically occurs if
the sampling interval is large.

Provided one picks the right branch of the logarithm when A; is complex, Theo-
rem 1 implies

< 1
VN = N\) — Ee_)‘imm in probability as N — oo (2.18)

This leads to a reliability criterion similar to (2.16):

1

The estimate )\; is reliable if o| ;| > E(72) (2.19)

\/_
where o is again a tolerance on the relative error. Comparing (2.16) with (2.19) it
can be seen that if At |\;| < 1, it is possible that the criterion in (2.16) is satisfied but
the one in (2.19) is not (i.e., A is reliable while ); is not). If At|\;| > 1, the reverse
situation can occur.

We note that Theorem 1 concerns the limit N — oo with At fixed. It must be
kept in mind that pg; and A; in (2.15) both depend on At. In Appendix B the small
At limit of the errors on the estimated eigenvalues is discussed.

Regarding the left and right eigenvectors of P associated with an eigenvalue of
multiplicity one, we have the following result.

THEOREM 2. Assume that P and P admit the spectral decompositions P =
UD\U"! and P = UﬁAU_l, where Dy = diag(A1, Ao, ..., Ag) and Dy = diag([&l,
Mg, ..., Ag), both ordered by decreasing |A;j|. Assume also that the eigenvalue A; has
multiplicity one. We denote its associated left and right eigenvectors by ; and ¢;.
Then as N — oo for fized At, we have

. TS ¢;
VN(¢i — ¢i) — KJ — ji ?; (2.20a)
J#i !
V! S ¢,
o AJ (2.20Db)
J#i

in probability. As before, S is a Gaussian matrix whose elements have mean zero and
covariance given by (A.2).

The theorem is proven in Appendix C. From (2.20a) it follows that in the limit
N — oo,

- 1
E||¢; — ¢i]| —E Z _ (w;‘-FS@-) oy in probability
— \/N(A» —A;) 2.21)

< \/_dA ZII%IIEWS@I,

where

dA; = min |A; — A4l (2.22)
3 (G#4)
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Using, as before, the tolerance o, the requirement E ||¢; — ¢4]| < o||¢;| is satisfied if
oV N dA; ||¢ill > 30, 1651 E 1] Sil, see (2.21). If we replace all ¢;,; and A; by
their estimates and assume the eigenvectors are normalized such that ||¢;|| = Hqﬁj || for

all i, j, the latter condition simplifies to ov/N dA; > >z E |w S¢i|. For i; — ¥ a
similar expression holds. Therefore we formulate the following rehablhty criteria:

¢ is reliable if o dA; > \/—_ > E[] 8¢l (2.23a)
J#i
i is reliable if o dA; > — > RE[$] 5S¢, (2.23D)

\/_ J#i

As can be seen, the reliability of the estimated eigenvectors giA)l and 1/31 depends crucially
on dA;, the separation of the i-th eigenvalue A; from all other eigenvalues.

If we denote by U the matrix of eigenvectors of P and assume that this matrix
has full rank, we have the following estimate for the solution of (2.10):

Q=UD,U! (2.24)

where Dy = diag(Ay,...,Aq) and the \; are given by (2.17). For the errors on P
we have the central limit theorem (A.1); by contrast, the errors introduced by the
unreliable part of the spectrum will propagate through the matrix Q given by (2.24)
in a way that is difficult to control. In many instances, @ will not even be a generator:
it will violate the constraints (2.4) and/or have complex matrix elements.

_Summing up: In situations where one or more of the eigenvalues or eigenvectors
of P are unreliable in the sense of (2.16) and (2.23), Q is unsuitable as an estimate
for the solution of (2.10) because it contains many unreliable elements. If we observe
a jump process at discrete points in time, we expect that the MLE P may very well
be non-embeddable because of sampling error, even though the true stochastic matrix
P(At) is embeddable. In many practical cases, the sampling interval At is too large to
infer the fast timescale features of the process {X; : ¢t > 0}, resulting in a P that has
an unreliable part in its spectrum. In these situations, we expect that the approach
based on maximum likelihood estimation will encounter the difficulties discussed in
section 2.2. However, the results above suggest that even if part of the spectrum of
P is unreliable, there are important features of the process which may be inferred
from the reliable part of the spectrum (we stress “may” because of the problem of the
choice of the branch of the logarithm, to be discussed below). How to use this reliable
part of the spectrum to infer @ is the core of the approach we propose, as explained
next.

2.4. Inference as a convex optimization problem. We now explain our
inference procedure assuming that the MLE P inferred from the data admits the
spectral decomposition

P=UD\U! (2.25)

If the decomposition (2.25) does not exist, i.e. if the geometric multiplicity of some
eigenvalues A; is lower than their algebraic multiplicity (in which case U does not
have full rank), the procedure described below can be generalized using the Jordan
decomposition of P.

From D, we compute D, according to (2 17) using the principal branch of the
logarithm. We classify the eigenvalues in Dy as (un)reliable according to (2.19).
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Since the eigenvalues A; are estimates of eMA? any real negative A, should have even
multiplicity if it is estimated accurately. Therefore we also classify as unreliable any
\; whose corresponding A; is real negative with odd multiplicity, by adjusting o so
that this A, falls in No2|A;|? < E(#2). All other eigenvalues are classified as reliable.
We then construct the diagonal matrix D,\ = dlag()\l, .. )\d) where the )\ are

>

=\ (reliable \;) (2.26a)
=X (unreliable \; with A; ¢ (—0c0,0]) (2.26b)

>

Ai = é logmax(|A;|,d)  (unreliable \; with A; € (—00,0])  (2.26¢)

where § > 0 is a threshold parameter such that |A;| > ¢ for all reliable A;. This pa-
rameter is introduced in case some of the A; are identically 0. The eigenvalues (2.26¢)
will turn out to have little impact on the reliable part of the spectrum of our inferred
Q, so the precise recipe in (2.26¢) is not important except for ensuring that the mag-
nitude of unreliable eigenvalues computed from (2.26c¢) is larger than the one of the
reliable eigenvalues computed from (2.17). We remark that is not necessary for the
eigenvalues to be simple. Although for the error analysis in the previous section we
assumed multiplicity one for each Ai, the procedure described here remains applicable
if there are repeated eigenvalues.

We wish to construct a generator @) such that, if there are n reliable eigenvalues
in Dy and n associated eigenvectors in U, Q@ has n eigenvalues and associated eigen-
vectors which closely match them. We also want the other eigenvalues of @) to have a
larger magnitude than these n smallest eigenvalues. To get such a (), we propose to
minimize, subject to the constraints (2.4), the following objective function

EQ)=U"'QU — D2 (2.27)

Here || -||? denotes a weighted Frobenius norm: given any square matrix A with entries

Qij,

A2 = Y ciejlay (2.28)
i,jes

where c is a vector with positive entries ¢; > 0 which is introduced to put more weight
on the reliable eigenvalues and less on the unreliable ones. This can be achieved by
making the ¢; dependent on the typical magnitude of the errors of i By setting
¢i = G|\i|™! (i > 1), relative errors of equal magnitude are we1ghted equally if all
¢ = 1. As the typical relative error of \; is proportional to (1| [Ai]) 1, see (2.18), a
straightforward choice is & = |A;||A;| and thus ¢; = |A;].

The objective function (2.27) is a simplification of the one originally proposed
in [8], and it has desirable features both from a theoretical and a computational
viewpoint. Because U has full rank by assumption, the quadratic E(Q) is strictly
convex. Therefore, since the admissible region for the entries ¢;; in R’ imposed
by (2.4) is a convex region, there is a unique minimizer Q*. If Q** = UD\U satisfies
the constraints (2.4), then Q* = Q** and E(Q*) = 0. If Q** does not satisfy the
constraints (2.4), then Q* # Q** and E(Q*) > 0; in this case the minimizer Q* can
be identified using well-established quadratic programming techniques, as discussed
in section 4.2.

As was shown in the previous section, U, U1 and D, all converge to their true
values: as N — oo and At fixed, U — U, U1 — U~! and Dy — D,. For reversible
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jump processes, all A; are real positive so that the logarithm in (2.17) determines
the \; uniquely. In that case, Dy — Dy and thus the minimizer Q** is a consistent
estimator of Q = UD\U!': Q** — Q as N — oo with At fixed. Moreover, for large
enough N, P must be embeddable (because the underlying process is a continuous-
time jump process) and thus Q** must satisfy (2.4), so that @* = Q**. For jump
processes with complex A;, the convergence of D, hinges on the selection of the correct
branch of the logarithm for complex A;. This issue is discussed in detail below.

If P is embeddable, the MLE Q exists and satlsﬁes exp(Q At) = P. Then Q must
admit the spectral decomposition Q= UD)\U with Dy = dlag(/\l, . /\d) such that
Dy = exp(DA At). If there are several D, such that Dy = exp(DA At) and UD\U!
satisfies (2.4), Q is non-unique. If Q is unique, it coincides with the minimizer Q*
if for the latter we picked the correct branch of the logarithm when determining the
\; via (2.17). In case all eigenvalues of P are real positive because the process is
reversible, non-uniqueness of the logarithm is not an issue and Q must coincide with
Q.

By adjusting the weights in ¢, we can ensure that the part of the spectrum of Q*
associated with its n eigenvalues of lower magnitude matches the reliable part of the
spectrum of Q**; and that the other d — n eigenvalues of Q* have larger magnitude
than the n first. The MLE P may be non-embeddable but the reliable part of its
spectrum must be close to the spectrum of P, which in turn is embeddable if X;
is a jump process. Thus, there must exist a generator with a spectrum that closely
matches the reliable part of the spectrum of P.

We note that the choice of the weights in ¢ does not affect the absolute, un-
constrained minimizer Q**. Provided all ¢; remain positive, Q** is invariant under
changes in ¢. Thus, if Q** satisfies (2.4), minimization of (2.27) always results in the
same Q* = Q**. However, if @Q** does not satisfy (2.4), Q* lies on the boundary of
the feasible set defined by (2.4) and its precise location depends on c.

The non-uniqueness of the logarithm can complicate the determination of complex
eigenvalues through (2.26a). Assume for simplicity that the estimate Aj is without
error, i.e. Aj = exp(At);). If we use the principal branch of the logarithm in (2.26a),

we obtain an estimate A; that can differ from the true eigenvalue A; by i2mm/At:

5\j =\ + z%—m with m € Z. (2.29)
At
In principle, the value of m is not available to us. This complication is closely related
to the fact that X, is only observed at a single fixed sampling interval At. As will be
discussed below, the problem disappears if X; is observed at several different sampling
intervals satisfying rather mild conditions.

Before discussing the situation with non-constant sampling intervals, we have two
remarks about the situation with a single At¢. First, if desired one can carry out a
search among different branches of the logarithms of the complex f\j. This search is
finite (see e.g. [14] and references therein) but can be very expensive if d is large. Our
second remark is of a heuristic nature: Increasing |m| for some complex pair (\;, 5\;‘)
implies increasing the rate of rotation associated with the decay of this eigenmode.
Thus, by increasing |m| one introduces ever faster oscillations in the corresponding
two-dimensional eigenspace, although the sampling interval is too long to actually
observe these fast oscillations. We consider this to be undesirable. By choosing the
principal branch of the logarithm, we effectively pick the slowest oscillation consistent
with Aj.
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As already mentioned, the non-uniqueness of the logarithm no longer poses a
problem if the jump process is observed at at least two sampling intervals At; and
Aty whose ratio is irrational (i.e. At;/Aty € R\Q). In that case, if we have A;; =
exp(At1);) and Aj o = exp(Aty),), the correct A; can be identified uniquely. If we
cannot calculate JA\J-_; and JA\J-_; explicitly because X; is observed at random sampling
intervals, the correct A; can still be recovered if the sampling intervals are drawn
from a non-atomic distribution. This will be explained in detail in section 3 where we
consider inference from data with random sampling intervals.

2.5. Numerical examples. We conclude this section with two examples to
illustrate the advantages of our procedure.

ExaMPLE 1. The first example demonstrates that our approach performs well
even when the spectrum of the MLE P has an unreliable part. We consider a Markov
jump process with d = 24 states on a periodic ring and a generator with elements

BVi=V;) if j=i+1(mod d)
gij = —eBVi=Vigr) _ oB(Vi=Vi1) if j=1 (2.30)
0 otherwise

where 8 > 0 is a parameter and
V =(0,4,8,12,16,13,10,7,4,7,10,13,16,12,8,4,0,4,8,12,16,12,8,4)7  (2.31)

This chain models the motion of a particle in the sawtooth triple-well potential V,
which has minima at states 1, 9 and 17 where V4 = Vi7 = 0 and Vy = 4, separated
by maxima at states 5, 13 and 21 where V5 = Vi3 = Vo1 = 16. The parameter 3
plays the role of an inverse temperature. Taking 8 = 1/8, the chain is metastable
over the states 1, 9 and 17 in the sense that it remains for long periods of times in
or near these states, and moves very quickly through the intermediate states during
its (infrequent) transitions from one metastable state to the other. This metastable
behavior is apparent from the eigenvalues of @, with the magnitudes of Ao and s
being much smaller than those of A4, ..., Ay, see table 1 and figure 1. The first three
leading eigenvalues and their associated eigenvectors explain the long time dynamics
of the chain, hence they are the important quantities to capture in this example.
To construct P, we first compute

P =exp(QAt)  with At =20 (2.32)

This value of the sampling lag At captures the slow transitions between the metastable
states 1,9 and 17, but it is too long to capture the phenomena arising on the shorter
time scales associated with )4, etc.(for instance, Ay = et = 2.7 x 107° whereas
Ay = 221 = 0758 and Ag = e*A% = 0.624). As a result, the sampling errors on A;
and \; will be large for all ¢ > 3, unless the time series is exceptionally long.

We generate a time series of N = 10° data points by simulating the Markov
chain with stochastic matrix (2.32). From the time series we construct the MLE
P (2.8), calculate its spectral decomposition (2.25) and the associated estimates for
the generator eigenvalues (2.26). As expected, the estimates Ao = —0.0139 and \3 =
—0.0236 are accurate, whereas all the other \i are not (see figure 1). Correspondingly,
any value of o between 0.005 and 4 will result in a classification of A2, A3 as reliable
and ); with ¢ > 4 as unreliable. Also, the matrix Q in (2.24) is not a generator.
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Fic. 1. Eigenvalue spectra for Example 1. The circles indicate the original eigenvalues A; of
Q; the stars the estimates j\i, inferred from a time series of length N = 108; and the squares the
eigenvalues of the generator Q* inferred by our procedure. The first two non-zero eigenvalues, A2
and A3 are well-captured despite the fact that the others are not.

TABLE 1
Ezxzample 1: The first few eigenvalues A; computed from Q, their estimates i and the corre-
sponding eigenvalues N} of the inferred generator Q.

index 1 2 3 4 5
i -0.0139 | -0.0236 | -0.5254 -0.6067
i -0.0139 | -0.0236 | -0.2627 | -0.2690 + i 0.0426
Y -0.0139 | -0.0236 | -0.2708 | -0.2716 + i 0.0160

We minimize (2.27) subject to (2.4) with

¢ =100, ¢ =100[A|72, ¢35 =100|As|72, and ¢ = |N|72 fori=4,...,24
(2.33)
to put most weight on the reliable eigenvalues. The minimization is carried out using
the Matlab internal QP solver quadprog, requiring about 30 seconds computation
time on a modern PC. The eigenvalues A} of the minimizer QQ* are displayed in
figure 1, and the value of the first few are listed in table 1. The first two nontrivial
eigenvalues A5 and A3 are in excellent agreement with the exact Ay and A3. The first
three eigenvectors of Q* are also in very good agrement with those of @ (results not
shown). Thus, Q* accurately captures the long timescale features of Q. The fast
(short timescale) features of @ are not accurately captured, due to the large sampling
interval and the finite sample size. Correspondingly, the eigenvalues A} with ¢ > 4 are
inaccurate (but note that most of them are quite close to 5\1) Because of sampling
error, the minimizer Q* is different from the original @) entry-wise; however, those
errors only significantly affect the fast features of Q* and not its slow features.
Similar results were obtained with other values of the weights in ¢, indicating that
the procedure is robust against the choice of these parameters.
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ExXAMPLE 2. Our approach is tailored to capture the dynamics arising on the
time scale of the lag At at which the data is observed, regardless of the details of the
dynamics arising on much shorter time scales. As a result, it does not matter much
whether the process {X; : ¢ > 0} is actually Markov on these short time scales. To
illustrate this point, we present the following example.

Consider the process (X;,Y;) € S ={1,2,..,d} x {1,2} whose generator consists
of two parts: Q = QX ® QY. The elements of Q¥ are given by

3s if j=144 1(mod d)
4 if j=1i—1(modd
G={% B J=izllmedd (230
J —7s if j=1
0 otherwise

and QY reads

Q=1 (_Tl " ) (2.35)

€ T2 )

The value of s depends on Yi: s(Y; = 1) = s1, s(Y; = 2) = s2. The (positive)
parameters €, r1, r2, s1 and sy will be determined later on. As is clear, the combined
process (X¢,Y;) is Markov; the process X; by itself is not. If s were fixed, X; could
be regarded as an asymmetric random walk on a discrete periodic domain with d
states. However, s is not constant but switches between the two values s; and ss with
switching rates e~ 1rq, e tro.

Although X; is non-Markov, in the limit ¢ — 0+, when Y; switches much faster
than Xy, the law of the discrete time process Xg, Xat, Xoat,... with At > € ap-
proaches that of the discretely observed Markov jump process with generator Q?
which is identical to Q¥ with s fixed at s* = sy72(r1 + r2) ! + 5971 (r1 + 12) 71, cf.
(2.34). Thus, at timescales much longer than the switching timescale of Y;, the ef-
fective jump rate of X, is determined by the average of s; and ss weighted by the
invariant distribution of Y;. We refer to [15, 22] for more details on the asymptotic
analysis of this type of two timescale stochastic processes.

We take parameters s; =1, s, = 3,7, = 1,79 =2, e = 1073, d = 10 and generate
a sample path of the process (X;,Y;) with total time length T. We record X; every
6t = 1072 time units; from this time series we construct the MLE P for X, only.
We use every data point so that the the number of data points is N = 1027T. As
explained before, the generator estimated from these observations should approach
Q% if At > €, where Q* equals QX with s = 5/3.

The experiment is repeated for several values of T. In table 2 we show, for
T = 102%,103,10%,10%, the eigenvalues 5\2, 5\4 inferred from the data, the eigenvalues
A3, A% of @Q* and A, N} of @* (the minimizer of (2.27) with ¢; = 1 for all ¢). For
all three sets of eigenvalues, Ay = 0 and A3, A5 are the complex conjugates of Az, Ay;
those are therefore not included. We also show the difference ||Q* — Q?||/]|Q?| (using
Frobenius norm).

3. Inference from data with non-constant sampling intervals. In this
section we show how the inference procedure described in section 2.4 can be gener-
alized so that it can handle estimation from timeseries with non-constant sampling
intervals. In case of a constant sampling interval At, estimates of the eigenvalues
and eigenvectors of () can be readily obtained through the spectral decomposition
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TABLE 2

13

Ezxample 2: The eigenvalues A2, Mg inferred from timeseries of total length T, and those of
the inferred generator Q* and the predicted generator Q® (see text). Also shown are the differences
1Q* — Q/IIQ*|| in Frobenius norm.

T N inferred from data | generator Q* | generator Q* %

102 | 10% | X2 -2.17+0.91i -2.23+40.91i -2.23+0.98i 0.099
A -7.81+41.45i1 -7.92+1.44i -8.06+1.59i

103 | 105 | A2 -2.25+1.01i -2.27+1.01i -2.23+0.98i 0.033
A4 -8.134+1.62i -8.16+1.63i -8.06+1.59i

104 106 | A2 -2.234-1.01i -2.234-1.01i -2.234-0.98i 0.011
A4 -8.07+1.64i -8.07+1.64i -8.06+1.59i

10° | 107 | A2 -2.234-0.97i -2.23+0.97i -2.23+0.98i 0.0039
A4 -8.05+1.571 -8.05+1.571 -8.06+1.59i

of the MLE P, which in turn is easily calculated from the frequency matrix K®),

cf. (2.8). The meaning of P is clear in this case: its elements are estimates of the
transition probabilities (2.1) with 7 = At. However, if the sampling interval is not
constant throughout the timeseries, it is less obvious what P given by (2.8) means.
Because there is no constant At, the relation (2.13) can no longer be used to infer
the eigenvalues of @) through the eigenvalues of P. Nevertheless, it is still possible to
infer the spectrum of @) from the timeseries, as will be shown in this section. Once the
spectrum of @ is estimated, the inference of @ proceeds in the same way as described
in section 2.4.

We note that in [17] an algorithm is presented for estimation from inhomoge-
neously sampled data using the MLE approach. The computational cost of this MLE
based algorithm scales linearly with the number of different observed sampling inter-
vals, limiting its use in practice to data where the sampling interval takes on only
a few different values. For the procedure described in this paper, there is no such
limitation.

3.1. Inferring the spectrum. Suppose we observe a jump process X; at dis-
crete points in time, resulting in a timeseries that consists of observations at times %,
n=1,....,N+1. We want to infer the spectrum of eigenvalues and eigenvectors of the
generator () from the timeseries. As mentioned, the sampling intervals 7, := ¢, 41—t
are not constant, but depend on n. We will focus on the case where the 7,, are random.

Let us denote the probability distribution of the sampling intervals by 7 and the
expectation with respect to the law of 7,, by E.. As before, we denote by P(7,) the
transition probability matrix with associated time step 7,,(> 0), cf. (2.1) and (2.5).
We define P¢ as the expectation of P(r,):

P¢:=E, P(r,) = / P(r)dn (1) (3.1)
0
We propose the estimator Pe for P¢, with its elements defined by
N . .
~e - Zn:l 1(th = l) 1(th+1 = j) . (32)

Pij N .
Zn:l 1('th = Z)
Both P¢ and P¢ are stochastic matrices by construction. We will prove strong con-
sistency of the estimator P¢ under the following condition:
All sampling intervals 7, are i.i.d. random variables with distribution 7.

7 may have atoms but not at zero. (3.3)
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THEOREM 3. Let X3,,..., X¢y,, be the discrete sampling of an ergodic jump pro-

cess with unique invariant distribution p. Under condition (3.3), Pe — P¢ almost
surely as N — oo.

The theorem is proven in appendix D. Note that there is no loss of generality
by requiring that 7= has no atom at zero. After all, 7, = 0 would imply that the
observation X; is simply repeated in the data (¢,4+1 = t,), making the observation
Xt,.,, redundant (it is the same as X;, ). Furthermore, the case where the process
X, is sampled at a constant sampling interval, 7,, = At for all n, corresponds to a
distribution 7 that is a single atom at At.

Assuming that @ admits the spectral decomposition @ = UD,U~! and thus
P(r) = UDA(T)U_l, P? can be decomposed as

=UDSU! (3.4)
where D§ = diag(A§, ..., A5), with
A¢ =R et (3.5)

Because we have assumed that the process generated by ) has a unique invariant
distribution p, P°¢ has the same unique invariant distribution and its eigenvalues
satisfy A =1 and |A§| < 1 for all ¢ > 1.

We estimate U, U~! and D§ in (3.4) by computing the spectral decomposition
of the estimator P¢:

P, =UDSU! (3.6)

with D§ = diag(A$,...,A5). Given (estimates of) A$, the generator eigenvalues \;
follow from (3.5). Hence, we construct estimates A; by solving

N

F(As; A9 = A¢ — Z At — ) (3.7)

This equation can easily be solved with Newton’s method, using the exact gradient

d 1 &
=y e (3.8)
o n=1

If f\f is real, the solution \; must satisfy ) exp(r, Re 5\1) sin(7, Im ;\Z) = 0. This
implies Im A =0 except for degenerate distributions of 7,,. If Af and \; are both
real and A¢ > 0, (3.7) has a unique solution (< 0) because f(0;A¢) = A¢ —1 < 0,
f(—o0; ]\g) A¢ > 0 and df /d\; < 0. There is no solution if A¢, \; € R and A¢ < 0.
If Af is complex, establishing uniqueness is more complicated. It comes down
to the question under what conditions on 7 the mapping \; — A¢ (A, Af € C)
is one-to-one. We will not explore this question in full detail here, but only make
the following observation. Suppose Ai and X, are both solut1ons to (3.7), so that
Zn(eA )= Zn(e)‘l M= )™ Clearly, this equality holds if (e*=*i)™ = 1 for all n,
which implies Re X\ = Re /\’Z- and 7, Im (\; = A;) = 27m,, for all n (mn € Z). The latter
requirement cannot be met if some of the sampling intervals have irrational ratios,
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unless Im ; = Im 5\; (see also the discussion at the end of section 2.4). We will not

consider the possibility that Y (e*)™ = 3 (e e*=A)™ and yet (eMiA)™ # 1
for some n.

Finding all \; with i = 2, ...,d amounts to solving d—1 uncoupled one-dimensional
numerical problems (A¢ = 1 and A; = 0 by construction). Once we have found the
5\1-, we have inferred the spectrum of @) from the timeseries and we can start to infer
Q itself using the convex optimization procedure described in section 2.4.

As a final remark, we expect (3.2) to be a consistent estimator of (3.1) also in
many cases where the sampling intervals are not i.i.d. (as was required in condition
(3.3)). Examples are situations where 7, is itself a stochastic process or where 7, is
a periodic function of n. We will not investigate this generalization here.

3.2. Numerical example with random sampling intervals.
ExaMPLE 3. We take the jump process whose generator ) has elements

2d +1
i == if 1#] 3.9
q ] 2d('L _ ])2 1 1 7é .7 ( )
where ¢ and j run from 1 to d = 10. The diagonal elements of @) follow from the
property (2.4b). The nonzero eigenvalues of @) range from Ay = —0.678 to A\jp =
—b5.88. We generate timeseries with N + 1 points by Monte Carlo simulation, drawing
the sampling intervals from a gamma distribution with density

1
“a.b) = a—1_—71/b 1
AT = fs e (3.10)
and parameters
4 b 1 (3.11)
a =4, =—". .
8| A2

The gamma distribution has mean ab = 0.5/| 2| = 0.737 with these parameters. The
variance is ab? = 0.136. Thus, the sampling intervals are on the order of the timescale
of the slowest decaying eigenmode, but have significant variance.

For comparison, we also generate timeseries with constant sampling interval At =
0.5/|A2|, with the same length (N+1 points). We estimate the spectrum of eigenvalues
of @ from both timeseries, either by using the procedure described in this section (for
non-constant sampling intervals), or by calculating the spectrum {Al} of the estimator
(2.8) and taking the usual \; = (At)~'log A; (for constant sampling intervals). After
reconstruction of the spectrum, we calculate Q* following the procedure from section
2.4.

The test is carried out using various lengths of the timeseries (N = 10* and
N = 10%). We repeat the experiment (generating data, reconstructing the spectrum,
calculating Q*) 100 times for each N. In tables 3 and 4 the mean and standard devia-
tion of the leading estimated eigenvalues are shown, together with the true eigenvalues
of @. In table 5 we show the mean and standard deviation of the average element-wise
error Z” lg;; — ¢ij|/d*. As can be seen in the tables, the mean errors and variance
of the eigenvalues inferred from non-homogeneously sampled data are very similar to
those of the eigenvalues obtained from data with constant sampling interval. The
mean errors on the inferred generators themselves (table 5) are even smaller with the
random sampling intervals than with the constant intervals.
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TABLE 3
Estimation of generator eigenvalues from timeseries with random and constant sampling inter-
vals. Shown are the leading true eigenvalues \; of Q and the mean and standard deviation of the
estimated eigenvalues \; from 100 different timeseries of the same length (N = 10%).

random sampling intervals | constant sampling intervals
i Ai mean(\;) std(As) mean(\;) std(A;)
2 | -0.678 -0.677 0.019 -0.678 0.017
3 | -1.539 -1.535 0.044 -1.542 0.042
4 | -2.369 -2.377 0.085 -2.369 0.069
TABLE 4
Same as table 8 but with N = 10°.
random sampling intervals | constant sampling intervals
i Ai mean(\;) std(As) mean(\;) std(A;)
2 | -0.678 -0.679 0.0055 -0.678 0.0049
3 | -1.539 -1.539 0.015 -1.540 0.012
4 | -2.369 -2.372 0.028 -2.371 0.023
TABLE 5

Generator inference from timeseries with random and constant sampling intervals. Shown are
the mean and standard deviation of the average element-wise error Y. - qij\/dQ from 100
different timeseries of the same length (N 4+ 1).

1,5 1935

random sampling intervals constant sampling intervals
N | mean(error(Q*)) | std(error(Q*)) | mean(error(Q*)) | std(error(Q*))
107 0.13 0.021 0.15 0.025
10° 0.046 0.0064 0.070 0.017
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4. Numerical aspects of high-dimensional problems. In section 2, we
showed that the estimation of @ can be cast as a minimization problem that falls
in the class of convex quadratic programs (QP) with linear equality and inequality
constraints. This means that the problem (2.27) has the form

Q" = argmin F(Q) (4.1)
where the objective function E can be written compactly as
E=THV +VT'F+E,. (4.2)

The vector V' contains the elements of (). E must be minimized under the linear
constraints (2.4).

The objective function E is strictly convex because U has full rank by assumption;
this implies that the Hessian matrix H is positive definite. Since the constraints (2.4)
define a convex domain, the constrained QP has a unique solution. It is straightfor-
ward to absorb the equality constraints (2.4b) into the objective function by eliminat-
ing the diagonal elements of @) from the QP, so that the problem can be reformulated
as a strictly convex QP of lower dimension with only inequality constraints (nonneg-
ative variables). Without restrictions on @ other than (2.4), the QP has d? variables
with d equality constraints; thus, it can be reduced to a QP with d? — d variables,
without equality constraints. If the jump process is restricted to be of certain type,
the problem reduces further: for example, if only jumps from ¢ to i + 1(mod d) are
allowed (birth-death process on a periodic domain), the QP has only 2d degrees of
freedom.

If the dimension of the QP becomes too large, numerical solution methods that
require explicit storage of the Hessian matrix H (for example, the internal Matlab
solver quadprog) become impractical. Instead, one has to use solution methods that
do not ask for H itself, but only for matrix-vector products HV. As is shown in the
next part of this section, these products can be calculated cheaply, without forming
H explicitly. In the last part, we discuss numerical solution methods for large-scale
QP, and present a large-scale numerical example (d = 250).

4.1. Efficient evaluation without explicit Hessian. If we hold on to the
matrix notation for @ (rather than convert it into the vector V'), we can write the
objective function (2.27) as

E(Q) = |U7'QUZ + | DAllZ — Trace(QF) (4.3)

where F' = UD?,,U~" + complex conjugate, and D%, = diag(c?\j, 3\, ...). We
define the matrices
& =0U"D.U" (4.4a)
U= (U HI'D (U1 (4.4b)
in which D, = diag(cy, ¢z, ...) and * denotes (element-wise) complex conjugation. ®

and ¥ are both Hermitian matrices. With these definitions, the quadratic term can
be written as

|T71QU||? = Trace(QT¥ Q ®). (4.5)

The gradient of the quadratic term with respect to the elements of @ (i.e., the equiv-
alent of the matrix-vector product HV mentioned earlier) is ¥ Q ® + ¥T Q ®7. Its
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evaluation is cheap, requiring only a few matrix multiplications. ¥ and ® need to be
constructed only once, at the beginning of the minimization procedure. It must be
stressed that U and ® are matrices of the same dimensions as Q.

As a final remark, we note that dealing with the equality constraints (2.4b) is
straightforward. We take the diagonal elements ¢;; to be dependent variables and the
non-diagonal elements of () as the independent variables of the minimization problem.
The gradient of F with respect to the independent variables is

dE 9E OE
dgij  0qi; O (4.6)
=WQI+VTQOT —FT),; —(vQd+ 97 QT — FT),;.

4.2. Large-scale QP solution methods and numerical examples. Solu-
tion methods for quadratic programs are covered extensively in the literature, see
for example [20] for an overview and references. The special case of QP problems
with bounds on the variables as only constraints is sometimes referred to as ”box
constrained” QP problems. Because of the relative simplicity of the box constraints,
these problems can be solved in high dimensions. Large-scale QP problems with box
constraints are studied in for example [18], [12], [7] and [10]. Below, we show two
examples using the solution method described in detail in [10], which is a variant of
the gradient method known as the projected alternating Barzilai-Borwein (PABB)
method (due to [4]). This method is easy to implement and does not require explicit
construction of the Hessian matrix. It is a non-monotonic method, meaning that the
decrease of the objective function need not be monotone. The following two exam-
ples show that the PABB method makes fast minimization of the objective function
possible even if the number of variables of the minimization problem is high.

EXAMPLE 4. We consider the jump process with generator (3.9) and state-space
dimension d = 250. This implies that the QP problem has 62250 independent vari-
ables, making the need for a large-scale solution algorithm obvious. As mentioned,
we use the PABB method (without line search) described in [10] for solving the con-
strained QP problem. To see the numerical convergence of the PABB method without
the results being influenced by sampling errors, we use in the objective function for
U and D, the spectral decomposition of the true generator (3.9). As initial guess,
we take ¢;; = 1 for all non-diagonal elements (i # j), which is clearly far from the
optimum. The weights ¢; in the objective function are all set to one: ¢; =1 Vi.

In the upper panel of figure 2 the value of the objective function E is shown
during 1000 iterations with the PABB algorithm without line search (requiring about
57 seconds computation time using Matlab on a modern PC). The lower panel shows

the error [|Q — Q""¢||/[|Q" | in the Frobenius norm, [|Al| = /37, ;aZ;. As can be
seen, the algorithm converges rapidly to the correct solution.
EXAMPLE 5. As our next example we consider a stochastic matrix P that is

non-embeddable because it has real negative eigenvalues of multiplicity one:

d;
—— if i £y
pij = i — jl (4.7)
d; if i=j
where d; = (1 + Zi# \ilel)il' As in the previous example, we set the state space

dimension to d = 250. The matrices U and D needed in the objective function are
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Fi1a. 2. Generator reconstruction for large-scale system (generator (8.9) with d = 250 states).
For numerical minimization the PABB method is used (see text), starting from initial guess q;; = 1
for all 4,5 with i # j. Shown are the objective function E (upper panel) and the error norm
1Q — Q|| /1|Qt || (lower panel) during 1000 iterations of the PABB minimization algorithm. All
objective function weights were set to one: ¢; = 1 Vi.
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Fia. 3. Generator reconstruction for large-scale system (stochastic matriz (4.7) with d = 250
states). For numerical minimization the PABB method is used (see text), starting from initial guess
qij =1 for alli,j with i # j. The upper panel shows the objective function E; the lower panel shows
the reference eigenvalues derived from P given by (4.7) and the eigenvalues of the generator Q after
1000 iterations of the PABB minimization algorithm.
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taken from the spectral decomposition of P. We set the weights to ¢; = |\;|~! for
1> 1 and ¢; = 10cy in order to emphasize the leading eigenvalues and eigenvectors.
In the upper panel of figure 3 the value of the objective function F is shown during
1000 iterations of the PABB algorithm (with initial guess, as before, ¢;; = 1 for all
1,7, with ¢ # j). It can be seen that the PABB algorithm gives a non-monotonic
decrease of the objective function. The lower panel of figure 3 shows the spectrum of
eigenvalues of the generator after 1000 iterations as well as the reference eigenvalues
\i. Except for the trailing eigenvalues (¢ 2 200), the shape of the spectrum is well
recovered; for the first few dozen eigenvalues, the match is particularly close.

5. Conclusion. The inference of generators for Markov jump processes from
discretely sampled timeseries is a well-known problem, relevant in various fields of
science. Maximum likelihood estimation, the preferred approach for many inference
problems in statistics, faces several difficulties with this type of generator estimation,
in particular if the sampling interval At of the data is not small, see sections 2.2
and 2.3. In this paper, a different approach to generator estimation is discussed that
provides an alternative in cases where likelihood inference is not a viable option (for
example, because of large At or high computational costs).

The approach was first introduced in [8]; in this paper we simplified the procedure
(section 2.4) and generalized it to handle inference from data with non-constant sam-
pling intervals (section 3). It consists of two steps: first the spectrum of the generator
is estimated from the data, then the generator is fitted to the spectrum through a
convex optimization procedure. The result is guaranteed to be a generator, since it
satisfies (2.4). In the fitting step we can emphasize the part of the spectrum that is
accurately estimated, thereby avoiding that the entire inferred generator is affected
in an uncontrolled way by sampling error.

The minimization problem that must be solved to infer the generator is a qua-
dratic program (QP): it has a strictly convex quadratic objective function and linear
equality and inequality constraints, see sections 2.4 and 4. Numerical solution meth-
ods to find its unique minimum are well-studied and readily available; in section 4
we discussed numerical aspects of estimation for jump processes in high-dimensional
state spaces.

The objective function measures the distance between the spectrum of the genera-
tor @ and the reference spectrum derived from the MLE P. This distance is minimized
by minimizing the objective function. We point out that adding linear equality con-
straints to a convex QP does not change its convex quadratic nature, therefore it
is possible to construct generators that match elements from the reference spectrum
exactly, rather than approximately. An example is the observed invariant distribu-
tion fi: adding the condition 27Q = 0 to the QP guarantees that the minimizer Q*
satisfies 17 Q* = 0 exactly.

Finally, we remark that the approach to generator estimation presented and dis-
cussed in this paper can also be used for the estimation of diffusion processes from
discrete observations. A first step in this direction was made in [9]. In case of diffu-
sions, the technical details are more complicated because of the presence of continuous
instead of discrete state spaces. Nevertheless, the estimation can still be cast as a con-
vex optimization problem. We expect that the generalization to inference from data
with non-constant sampling intervals will carry over to the diffusion estimation as well.
Further work on diffusion estimation using this approach will be presented elsewhere.
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Appendix A. Proof of Theorem 1.
Theorem 1 is a consequence of a central limit theorem for Markov chains [2] which
states that

VN (P - P(At)) — S in probability as N — oo (A.1)
where S is a Gaussian matrix whose entries s;; have mean zero and covariance
E(sijsi/j/) = 5ii’pij (At) (5]‘]'/ — pi’j’(At)) /Mia i,j7 il,j/ = 1, e ,d (A2)

A standard result in matrix perturbation theory (e.g., [23]) states that if A; is a simple
eigenvalue of P, and P is perturbed to P+ §P, then P + § P has a unique eigenvalue

YIoPgy,
oA = L0l
(UG

where v; and ¢; are the left and right eigenvectors of P associated with A;. Without
loss of generality we can assume that the eigenvectors are normalized so that 17 ¢; = 1.
Specializing to the perturbation P of P(At) as in (A.1), this gives

1
vN

Since the matrix elements of S have mean zero we find, as N — oo,

+0([6P|?) (A.3)

VNGA; = ] Sei + O(—=|S|1?). (A4)

EVNSA; — ET S¢; =0 (A.5)
and
E\/NéAl \/NéAj — E¢?S¢Z¢JTS¢J = Z ﬁikﬁjk/uliul/jE SkISK'l (A6)
Kb,k

Using (A.2) gives

EVNSA VNGA; — ) ik Wit (Prt —MAl-Aﬁkl)“li”U , (A7)
k
k,l

This shows that vV NOA; — r; in probability as N — oo, with Er; = 0 and Er;r; as
in (2.15). 0

Appendix B. Small At limit of eigenvalue estimates.

In this section we consider the At dependence of the sampling errors on the
eigenvalues. In the limit At — oo, the real part of the factor At~!exp(—\;At) blows
up the amplitude of the random error (2.18). For convergence as At — oo, N must
be exponentially large in —(Re)\;)At.

For the limit of small At the following lemma on the covariances of the random
errors (2.15), (A.2) will be useful.

LEMMA 1. In the limit At — 0+ we have

. TN o~
Azlfl—r>r(1J+ E( At ) =G (B.1a)

Jm, (50) i, o
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where Cy; and C|

ijiv g are defined as

Z Ui (qrr — Sk (N + Aj)) wiiw;

Cij = (BQ&)
k€S Hk
Clivi = it (8450 Qij — OigQiryr — 0irj0 Giz) (B.2b)

Mo

Proof of Lemma 1. Substitution of the expansions px; = dk; + quit + O(At?)
and Al =1+ /\ZAt + O(Atz) in (215) and (A2) leads to E(Tﬂ”j) = Oij At + O(At2)
and E(Sijsi/j/) = Cz{ji’j’ At + O(Atz) 0

For the errors on A; and A; we have N E(A; — A;)2 — E(r2) and NE(A; — \)? —
(A2 A2)"1E(r?) as N — oo, cf. (2.14), (2.15) and (2.18). A time series with sampling
interval At and total length T consists of N = |T/At| data points. If we substitute
N =T/At we obtain

2
; A A2 = A2E(TE
Jim TE(A; - A)* = At E(At) (B.3a)
2
~ Ao— )2 = A2R( T
Jim TEA = A)? = A; E(At) (B.3b)
By (B.1a), the limit At — 0+ gives
lim lim TE(A; —A)2=0 (B.4a)
At—0+ T—oo
lim  lim TE\ —\N)?=A2Cy (B.4b)

At—0+ T—oo

with Cj; defined as in Lemma 1. Thus, as already implied by (2.14) and (2.18), the
errors on A; and A; disappear in the limit 7 — oo with At fixed. However, (B.4)
strongly suggests that the error on \; does not vanish in the limit At — 04 with T
fixed (even though N — oo in this limit). By contrast, TE(A; — A;)? is of order At?
for small At (and large T'), suggesting that the error on A; disappears in the limit
At — 0+ with T fixed (which should not be surprising, because A; — 1 for all ¢ as
At — 04).

Note that the MLE Q (assuming it exists) has a similar limiting behavior as
At — 0+4. Because P — P(At) = At(Q — Q) + O(At?), we have

: ~ ~ SiiSir g’

Recalling (B.1b), we see that the error on @ does not vanish in the limit At — 0+
with T fixed.

Appendix C. Proof of Theorem 2..

Assume that A; is a simple eigenvalue of P with associated left and right eigen-
vectors 1; and ¢;, and P is perturbed to P + 0 P. From matrix perturbation theory
it is known that if 0P is sufficiently small, P + § P has a simple eigenvalue A; + 0A;
given by (A.3) and an associated right eigenvector ¢; + d¢; with

IR

. 2
A -4, 3P + O([[0P]%). (C.1)

56; =
J#i
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If P = P — P then 6P — S/v/N in probability as N — oo, see (A.1), and we find
(2.20a); (2.20Db) is found in a similar way. O

Appendix D. Proof of Theorem 3.
We will prove that

N
A | :
(i) J\}l_r)r(l)o N ng 1 1(X;, =i) — p;  as. (D.1a)
hm — E (X, =J) — pipy;  as. (D.1b)

Convergence p;; — pj; a.s. then follows from the almost sure version of Slutzky’s
theorem ([11]). We note that the observation times ¢,, are determined by the random
sampling intervals 7,:

n—1
m=1
First, we define
A =E e <1 (D.3)

where, as before, A = Re s < 0. It can be shown that A* < 1 by considering the
function A(A) = E;e*™ and noting that A(A = 0) = 1 as well as 4 > 0 for all A € R.
Furthermore, ‘;ﬁ (A =0) = E;7, > 0. The last inequality follows from the fact that
7 can not be atomic at zero, condition (3.3). Therefore, A()) is strictly smaller than
one if \ is strictly smaller than zero.

For notational convenience, we also define

N N
Sio= Y UXy, =i), S§=> 1(X, =i)1(Xs,,, =) (D.4a)
n=1 n=1

Uy i=1Xy, =i) —pi, UY:=1(Xy, =i)1(Xs,,, =) — pipij(Tn) (D.4D)
as well as
Pij(t) == pij(t) — pj (D.5)

Furthermore, we write Ex for the expectation with respect to the law of X; and E for
the expectation with respect to the law of both X; and 7,, i.e. E = E,;Ex. Finally,
let p denote the probability distribution for X, :

pi =E1(X,, =1i) (D.6)

Because X; is an ergodic process with unique invariant measure, there exists a
positive constant C; such that for all 2,5 € .S and all ¢ > 0,

|Pij(t)] < Cre. (D.7)

Using (D.7) and the fact that the 7, are i.i.d.,

’
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For any € > 0,

P (%S — | =) =P (&S )" =)

1 i 4
< WIE (S — Np;) (D.9)

using Chebyshev’s inequality. We prove that E (S — Nui)4 = O(N?).

[E (S — Npui)* | = [E( ZUi )]

LA Fm Y RO e Y ROV

n<n’ n<n/<n’’

+ns Y [BULULUL.Ubw| (D.10)

n<n/<n’' <n'"

where n1,n9,n3 are positive constants determined by permutations of n,n’,n”, n"’

N n'—1
The summation Z is shorthand notation for Z Z, etcetera.
n<n’ n’=1 n=1

e —1 < U <1 forall i,n, hence (U{)* <1 and |IEZ (UDNY <N

i ]EXU’;LI 711’ - {sz’p” n )pu n’ — sz’lhplz n’ —tl)}. Using
(D.8),
we find [E Y~ UL(UL)? < [E Y ULUL|I < Y E[ExULUL|
n<n’/ n<n’ n<n’
W e 201N
<G n; (A" + (A < =1
B Y vULL?<[E Y vk S vivi QCE]X

n<n/<n’’ n<n/<n’’ n<n’
e By arranging terms (and assuming n < n’ <n” <n'”) we can write
]EX U,;LLU U " n/// —

Z pir |:ﬁii (tnrr =t )Dii(tnrr — tnr)Pii(tnr — tn)Diri(tn — t1)

il

— i (Nii(tn/” — o )Pii (tnrr — tn)piri(tn — t1) + Dii(tnrr — tr)Dii(tnr — tn)piri(tn

—Pii (tnrr — tnr )Pis (tny — tr)piri(bn — t1) — Dii(Enrrr — trr)Dii (B — ) X
(piri(tn —t1) — pri(tn — tl))) + 12 Pii (b — to))(piri(tr — t1) — piri(tn — 1))

+(113)*Pii (b =t Y (Diri (b — 1) — piritnr — 1)) — (113)>Piri (b — 1)
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Using pi; (t) — piri(8) = piri(t) — piri(s) as well as (D.8), we find

E D> UUnUinUsn

n<n/<n’' <n'"

< Z ]ET |]EX U,;LIU,;LI/ U,,il// U,,il/// |

n<n/<n’" <n'"

n///_n// n//_n/ n/_n n///_n// n//_n n///_n/ n/_n
< Cy g Al Al Al + A7 Al + A7 A7
n<n’/<n'’ <n'"
1t 1 "

-|—A" —n' A" -n +A" —n’ An '—n' An+An —n’ An '—n' An
+A:}///—77,/A'::/ + A:Z,///—n/A':;L + A:Z,///—n//A::L// + A:Z,///—n//A:Z,/ + A’:':///
S Cé Z [A:,,,fn,,Az,fn + AZZ///I*"/IA:}}

n<n/<n’’ <n’"

<o X A (T ar)

n'' <n' n<n’
20 N2
T (1-A)?

with positive constants Cy, C}.
Thus, we have established that |E (S% — Nu(z))*| < C3N? with some constant C >
0. Therefore

P (| &Sk — pi| =€) < (D.11)

By the Borel-Cantelli lemma, (D.1a) follows. N
We prove (D.1b) in a similar way. In particular, we need to show that E(S} —
Npip$;)* = O(N?). We write

ij e 1 ij
E(Sy - Nﬂipij)4 = mE(Z U (D.12)

n

and decompose and bound [E(}", U#)?*| in a similar manner as in (D.10):
e —1 <UJ <1hence (U)* <land |[EY (UY)*| <N

n
o ExUJ U:f/ = Zpi’pij (T )pij (Tn’)|: iri(tn — t1)Dji (tns — tn1) — pi X

Divi(tn — )} therefore |E Z Uidu ) | <|E Z U”U”|

n<n’ n<n’
< Z E,[ExU U5 | < Z Er (15ji(tns = tns1)| + [Biri(tn — t1)])
n<n’ n<n’
2ChN
n'—n—1 n—1 1
<n§,01A +ATH) < oA
o [E > UIUSWUZZI<IE > UJUJ<NEY UUY
n<n’/<n’’ n<n/<n’ n<n’
20, N?
<

= A, — A2
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e Assuming n <n’ <n” <n”

Ex U UL U Usls = pipig (Tw )i (7u YD (7 )i (7)) X
,i/

Dji (trrr — o 41)Pji (b — trr 1) Djs (b — tng1)piri(tn — t1)
—1iBji (b = tor1)Pji (b — tng1)pirs (b — t1)

/L’ijl Lo — tn”Jrl)ﬁji (tn“ - tn+1)pi/i(tn - tl)
+,qugz n/’ — tn”Jrl)ﬁji(tn’ - tn+1)pi’i(tn - tl)
+szﬂ wr =ty 1)piri(tn — 1)
+sz]z n'’’ tn”-l—l)ﬁji(tn” - n +1)(pz z( n tl) _pi’i(tn’ - tl))
+1EDji (b — tor1) (Piri (b — t1) — piri(tn — t1))

ot = 1) (i (b — t1) — Piri (b — t1)) — W3 Piri (b — tl)}

AAAAAA

+:u’1,pjz
We note that t,, —t,41 > 0if n <n’, and find

1 1 7,
E UsUhuE U,
n<n/<n’' <n'"’
Z Gt rrid rrid
S ]ET |]EX UnJ Un/ Un// Un///
n<n/<n/’ <n’"’
"_nt_1 " —1 [ "1 [
o S L T i
n<n/<n’’ <n'"”
" " " " " ’ "
—I—AZ —n 71A;1 7n71_|_A17, —n 71/\:’ 7n71_|_A:} —n—1
"e__ 1 "1 ’ "e__ 1 ’
FAL T A AR AT AN AL 4 AT
/n/lllfn//fl n// n/ n///
+A% (AL +AY)+ A7
! nT2

with some positive constants Cy, C}.
We conclude that for any € > 0 there is a constant C5 > 0 such that

Cs
>c) < o (D.13)

Using the Borel-Cantelli lemma we find (D.1b). O

Q ~S8Y — wivs;
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