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Introduction

Often time-series data experiences multiple
changes in structure; efficient algorithms
are needed to detect these changes,

Many multiple changepoint detection
methods are either: fast, but heuristic (e.g.
Binary Segmentation [4]), or exact and
slow (e.g. Optimal Partitioning [1]),

Recent work has looked at developing
pruned dynamic programming methods
that are both fast and exact ([2] and [3]),

Our research builds on the current methods
and develops new algorithms for fast,
exact, multiple changepoint detection.

The Changepoint Model

We assume that we have been given a cost
function C(·) and some penalty term, β,
used to avoid overfitting,

Then to detect changepoints, we wish to
optimise over the following equation:

min
τ,k

 k∑
j=0

C(yτj+1:τj+1
) + β

 ,
the vector of changepoint locations is then
given by τ .
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Figure 1: An example of data with multiple changes in
mean.

Optimal Partitioning

Optimal Partitioning [1] solves this
minimisation using a dynamic programming
algorithm,

The algorithm works by optimising at each
time step based on the optimal solution at
all previous time steps.

It considers the previous time points as
candidates for the previous changepoint to
the current time and therefore the following
optimisation is solved at each time step, t:

F (t) = min
0≤τ<t

[F (τ ) + C(yτ+1,t) + β] .

By initialising with F (0) = 0, and choosing
a suitable value of β, F (t) for all values of
t can be calculated. F (n) then gives the
optimal cost and by storing the values of τ
which minimise the above equation, the
changepoints can be obtained.

As the above equation is run for t = 1 : n
and requires minimisation over
τ = 0 : t − 1 then Optimal Partitioning
ends up being O(n2) in time,

One way to make this more efficient (while
keeping the optimality) is to prune the set
of candidates.

Inequality Based Pruning (PELT)

Introduced by Killick et al. [2] where, as part of an
Optimal Partitioning algorithm, forms the basis of the
PELT (Pruned Exact Linear Time) method.

Pruning is done at the current time step if the current
cost is less than the cost at the candidate changepoint
plus additional segment cost.

So if, at the current time t:

F (τ ′) + C(y(τ ′+1):t) < F (t),

is true for some τ ′ ≤ t − 1 then τ ′ can be pruned for
all future time-steps.

Killick et al. [2] prove that PELT runs in O(n) under
certain conditions, such as the number of true
changepoints being linearly distributed throughout the
data.

This means that in these situations it runs at a
comparable level to popular fast heuristics (such as
Binary Segmentation, which is O(n log n)).

Function Based Pruning (OPR)

Rigaill [3] introduces a novel method for pruning the
candidate changepoint set as part of a similar dynamic
programming based algorithm. We’ve adapted their
techniques for an Optimal Partitioning based approach
which we call OPR (Optimal Partitioning with Rigaill
Cuts),

The method considers the cost given by placing the
most recent changepoint at time τ ′, as a function over
the parameter space. This function is then updated at
each new time step.

Then for some candidates τ ′ ∈ 1 : t − 1 (if we are at
time t), it can be shown that they’ll never be optimal
for any value that the parameters may take, at any
future time. These values can then be pruned.

At each new time step the candidate functions can be
updated based on the values at the previous time step.
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Figure 2: Candidate functions for two time-steps.

This method can be proved to perform no worse than
Optimal Partitioning, O(n2),

However, from results in [3], the method is expected
to be approximately O(n) in computational time and
this will be evident from our simulations.

Combined Approach (OPRP)

By using both the above pruning techniques in the
same algorithm, a combined approach can be
developed,

This aims to improve on both the current methods as
candidate values are pruned using both methods,

This approach will be denoted OPRP (Optimal
Partitioning with Rigaill and PELT cuts).

Simulation Results

The three methods are compared against each other
below, along with the original Optimal Partitioning
(OP) method and the heuristic method Binary
Segmentation (BS),

Figure 3 shows the computational time as the length
of the data-sets increase, for a fixed number of
changepoints.
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Figure 3: Computational time taken when the number of true
changepoints is 5.

As noted by Killick et al. [2], PELT pruning is most
effective when the number of true changepoints is
linear with the data length.

Figure 4 shows the computational time when the
number of changepoints also increases as n increases.
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Figure 4: Computational time taken when the number of true
changepoints is n

10.

Function based pruning gives significant
improvements in both the case of a fixed number of
changepoints and when the changepoints increase
linearly with the length of the data,

Inequality based pruning also gives improvements in
both cases, however is especially effective when the
changepoints are increasing linearly with the data
length,

Similar results can be obtained for the Segment
Neighbourhood Search dynamic programming
method.
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