








(a) CHLORINE

Figure 9: Sample snippets from datasets. (a)

CHLORINEhows daily periodicity; (b)

(b) BGPfor the router at Washington DC  (¢) BGR(Washington DC), in log scale

BGPis bursty with no

periodicities, thus we take the logarithm (shown in part (c)). No obvious patterns, in neither (b) nor (c).

BGPrime series in the experiment consists of m=10 se-
quences (routers) of T=103,968 time ticks. The routers
are in 10 major centers (Atlanta, Washington DC, Seat-
tle ete.).

Our algorithms are implemented in Matlab 2008b, and
running on a machine with Windows XP, 3.2GHz dual core
CPU and 2G RAM.

C.3 Proposed PLIiF: Scaling Up

Algorithm  1: PLiF

Input : X: m sequences with duration T, and k
Output : fingerprints F
1 choose h by 80%-95% energy criterion ;
/I learning dynamics (see Sec.3.1 and Eq.13)
2 A, C « argmax L(6;X) ;
/I canonicalization, see Sec.3.2
3 compute ,V st. AV =V . ;
/I compensating, see Sec.3.2
4 Ch=C-V;
/I obtain polar form, see Sec.3.3
5 D < keep conjugate pairs of columns in Cp;
6 E < take element-wise magnitude of D;
7 Cm < eliminate duplicate columns in E;
/I finding harmonics grouping, see Sec.3.4
8 Cyp <« Cm — mean(Cn );
9 compute Uk, Sk,Vk « argmin||[Cm — Uk - Sk - V¢ ||fro

10 FeUk-Sk;

We refer to the algorithm given in Section 3 as PLiF-naive
(pseudo-code given in Alg. 1), which gives the intuitive idea
and motivation for each algorithmic step. In this section
we will focus on the scalability of the algorithm and pro-
pose a faster implementation. Since PLiF-naive involves a
fair amount of matrix inversion, it is cubic to the size of
matrix of interest. To speed up the algorithm, our idea is
to perform smarter and faster matrix inversion instead of
straight-forward inversion. We will first analyze the com-
plexity of PLiF-naive. We make an assumption here that
the length of data sequence is much greater than the dimen-
sion, T > m, which is the common cases as otherwise the
resulting LDS model will be under-determined.

Proof Sketch of Lemma 4.In each iteration of learning
LDS (Alg. 1, step 2), it does m xm and h X h matrix inversion
for T length of sequences. Rest all steps including eigen

value decomposition in canonicalization, taking polar form
and grouping harmonics with SVD, take at most O(m?).
Therefore, PLiF-naive has complexity of O(#iteration - T -
(m?+hr%). O

The time complexity of PLiF-naive is linear with respect
to the length of sequences, but cubic to the number of se-
quences. Without going too much into the details, we de-
scribe briefly where such cubic complexity arises in PLiF-
naive. The major cubic computation involves calculation of
the inverse of the following m x m matrix while learning
LDS in the first step:

(CP,CT +R) ! (14)

Here C is size m X h, Pn ish x h, and R ism xm. P, is a
complicated matrix, hence we omit details of Py, for brevity
(full details can be found in [16]). This is updated in each
time tick while learning the LDS model (Alg. 1, step 2).
Cubic computation elsewhere is only a negligible fraction in
the typical case of m < T.

How to scale up: We will focus on speeding up the com-
putation of the inversion. The idea underlying our method
is using the Woodbury matrix identity [9] to perform an
inverse on a smaller matrix (h X h) instead of direct large
matrix (m xm) inversion. In typical cases, h is much smaller
than m, therefore it will be significantly faster. We can then
substitute the matrix inversions in Alg. 1 step 2 with faster
ones. We will refer to this faster version as PLiF.

Lemma5.PLiF can be computed within time of O(#iteration-

T (m?-h+h% +m-h?).

Proof Sketch. We will analyze Alg. 1 step by step. The
Woodbury formula tells the following identity for invertible
X:

(X4+YZY T) '=X '=x 'Yz '4+YTX 'v) 'vyTx !
By applying the identity, we obtain the following equation
for computing Eq. 14:

R'-R 'c(P,'+C"R 'C) 'C"R ' (15)

Since C and R are fixed inside each iteration and only up-
dated once at the end of each iteration, we can therefore pre-
compute R !,R !C and C"R !C in the beginning of each
learning iteration. For each time tick of the data sequence,
the EM algorithm for learning LDS requires the inversion
of two h X h matrices and multiplication of m x h, h X h
and h x m matrices. Thus it takes O(T - (m*h + h*)) during
each iteration of learning the LDS assuming T > m, and it



follows that Alg. 1 step 2 takes O(#iteration-T(m>h+h?)).
In addition, Alg. 1 step 3 takes O(h®), step 4 takes O(mh?),
and step 10 takes O(mh?). O

396





