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Abstract. The computation of generalized median patterns is typically
an NP-complete task. Therefore, research eﬀorts are focused on approximate approaches. One essential aspect in this context is the assessment
of the quality of the computed approximate solutions. In this paper we
present a lower bound in terms of a linear program for this purpose. It
is applicable to any pattern space. The only assumption we make is that
the distance function used for the deﬁnition of generalized median is a
metric. We will prove the optimality of the lower bound, i.e. it will be
shown that no better one exists when considering all possible instances
of generalized median problems. An experimental veriﬁcation in the domain of strings and graphs shows the tightness, and thus the usefulness,
of the proposed lower bound.

1

Introduction

The concept of average, or mean, is useful in various contexts. In sensor fusion,
multisensory measurements of some quantity are averaged to produce the best
estimate. Averaging the results of several classiﬁers is used in multiple classiﬁer
systems in order to achieve more reliable classiﬁcations. In clustering and machine learning, a typical task is to represent a set of (similar) objects by means
of a single prototype. Interesting applications of the average concept have been
demonstrated in dealing with shapes [6], binary feature maps [10], 3D rotation [3], geometric features (points, lines, or 3D frames) [15], brain models [4],
anatomical structures [17], and facial images [13].
In structural pattern recognition symbolic structures, such as strings, trees,
or graphs, are used for pattern representation. One powerful tool in dealing with
these data structures is provided by the generalized median. Given a set S of
input patterns, the generalized median is a pattern that has the smallest sum of
distances to all patterns in S (see Section 2 for a formal deﬁnition).
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The computation of generalized median of symbolic structures is typically
an NP-complete task. Therefore, research eﬀorts are focused on approximate
algorithms. One essential aspect in this context is the assessment of the quality
of the computed approximate solutions. Since the true optimum is unknown, the
quality assessment is not trivial in general. In this paper we present an optimal
lower bound in terms of a linear program for this purpose. It is applicable to
any pattern space. The only assumption we make is that the distance function
used for the deﬁnition of generalized median is a metric.
The outline of the paper is as follows. In Section 2 we ﬁrst introduce the
generalized median of patterns. Then, we present the LP-based lower bound
and discuss its optimality in Sections 3 and 4. The results of an experimental
veriﬁcation in the domains of strings and graphs are reported in Section 5 to
show the usefulness of the lower bound. And ﬁnally, some discussion conclude
the paper.

2

Generalized Median of Patterns

Assume that we are given a set S of patterns in an arbitrary representation
space U and a distance function d(p, q) to measure the dissimilarity between
any two patterns p, q ∈ U . An important technique for capturing the essential
information of the given set of patterns is to ﬁnd a pattern p ∈ U that minimizes
the sum of distances to all patterns from S, i.e.

p = arg min
d(p, q).
p∈U

q∈S

Pattern p is called a generalized median of S. If the search is constrained to the
given set S, the resultant pattern

p̂ = arg min
d(p, q)
p∈S

q∈S

is called a set median of S. Note that neither the generalized median nor the set
median is necessarily unique.
Independent of the underlying representation space we can always ﬁnd the
set median of N patterns by means of N (N − 1)/2 distance computations. The
computational burden can be reduced if the distance function is a metric [9]. For
non-metric distance functions an approximate set median search algorithm has
been reported recently [12]. Note that the generalized median is the more general
concept and therefore usually a better representation of the given patterns than
the set median.
If U is the universe of real numbers and the distance function d(p, q) is the
absolute (squared) diﬀerence of p and q, then the generalized median simply
corresponds to the scalar median (mean) known from statistics. Scalar median
represents a powerful technique for image smoothing. Its extension to vector
spaces [1,2] provides a valuable image processing tool for multispectral/color
images and optical ﬂow.
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In dealing with strings, the popular Levenshtein edit distance is usually used.
Under this distance function the set median string problem is solvable in polynomial time. However, the computation of generalized median strings turns out
to be NP-complete [5,16]. Several approximate approaches have been reported
in the literature; see [8] for a discussion. In [7] the concept of generalized median
graphs is deﬁned based on graph edit distance. Also here we are faced with an
NP-complete computation problem.
An approximate computation method gives us a solution p̃ such that


d(p̃, q) ≥
d(p, q) = SOD(p)
SOD(p̃) =
q∈S

q∈S

where SOD stands for sum of distances and p represents the (unknown) true
generalized median. The quality of p̃ can be measured by the diﬀerence SOD(p̃)−
SOD(p). Since p and SOD(p) are unknown in general, we resort to a lower
bound Γ ≤ SOD(p) and measure the quality of p̃ by SOD(p̃) − Γ . Note that the
relationship
0 ≤ Γ ≤ SOD(p) ≤ SOD(p̃)
holds. Obviously, Γ = 0 is a trivial, and also useless, lower bound. We thus
require Γ to be as close to SOD(p) as possible. In the next two sections we
present such a lower bound and prove its optimality (in a sense to be deﬁned
later). The tightness of the proposed lower bound will be experimentally veriﬁed
in Section 5 in the domain of strings and graphs.
It is worth pointing out that a lower bound is not necessarily needed to
compare the relative performance of diﬀerent approximate methods. But it is
very useful to indicate the closeness of approximate solutions to the true optimum. Such an absolute performance comparison is actually the ultimate goal of
performance evaluation.

3

LP-Based Lower Bound

We assume that the distance function d(p, q) be a metric. Let the set S of input
patterns be {q1 , q2 , . . . , qn }. The generalized median p is characterized by:
minimize SOD(p) = d(p, q1 ) + d(p, q2 ) + · · · + d(p, qn ) subject to

 d(p, qi ) + d(p, qj ) ≥ d(qi , qj )
d(p, qi ) + d(qi , qj ) ≥ d(p, qj )
∀i, j ∈ {1, 2, . . . , n}, i = j,

d(p, qj ) + d(qi , qj ) ≥ d(p, qi )
∀i ∈ {1, 2, . . . , n}, d(p, qi ) ≥ 0
Note that the constraints except the last set of inequalities are derived from
the triangular inequality of the metric d(p, q). By deﬁning n variables xi , i =
1, 2, . . . , n, we replace d(p, qi ) by xi and obtain the linear program LP:
minimize x1 + x2 + · · · + xn subject to
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 xi + xj ≥ d(qi , qj )
xi + d(qi , qj ) ≥ xj
∀i, j ∈ {1, 2, . . . , n}, i = j,

xj + d(qi , qj ) ≥ xi
∀i ∈ {1, 2, . . . , n}, xi ≥ 0
If we denote the solution of LP by Γ , then we have:
Theorem 1. The true generalized median p satisfies Γ ≤ SOD(p). That is, Γ
is a lower bound for SOD(p).
Proof: In the initial characterization the quantities d(p, qi ) are dependent of
each other. The linear program LP results from replacing d(p, qi ) by xi and is
deﬁned in contrast by n totally independent variables xi . Consequently, LP poses
less conditions than the initial characterization and its solution Γ thus must be
QED
smaller than or equal to SOD(p).
2

The linear program LP has 3n 2−n inequality constraints and we may apply
the popular simplex algorithm [14] to ﬁnd out the solution. Note that, despite its
exponential worst-case computational complexity, the simplex algorithm turns
out to be very eﬃcient in practice and is used to routinely solve large-scale linear
programming problems.

4

Optimality Issue

For a ﬁxed n value, any set S of n patterns speciﬁes N = n(n−1)
distances
2
d(p, q), p, q ∈ S, and can be considered as a point in the N -dimensional real
space N . Due to the triangular inequality required by a metric, all possible sets
N
. Abstractly, any lower bound is
of n patterns only occupy a subspace N
∗ of
N
therefore a function f : ∗ → . The lower bound Γ derived in the last section
is such a function.
Does a lower bound exist that is tighter than Γ ? This optimality question is
interesting from both a theoretical and a practical point of view. The answer and
the implied optimality of the LP-based lower bound Γ is given by the following
result.
Theorem 2. There exists no lower bound that is tighter than Γ .
Proof: Given a point b ∈ N
∗ , we denote the solution of the corresponding
linear program LP by (x1 , x2 , . . . , xn ). We construct a problem instance of n + 1
distances d(qi , qj ), 1 ≤ i, j ≤ n,
abstract patterns q1 , q2 , . . . , qn , qn+1 . The n(n−1)
2
are taken from the coordinates of b. The remaining distances are deﬁned by
d(qn+1 , qi ) = xi , 1 ≤ i ≤ n. The distance function d is clearly a metric. Now we
compute the generalized median p of {q1 , q2 , . . . , qn }. Since Γ = x1 +x2 +· · ·+xn
is a lower bound, we have SOD(p) ≥ Γ . On the other hand, the pattern qn+1
satisﬁes:
SOD(qn+1 ) = d(qn+1 , q1 ) + d(qn+1 , q2 ) + · · · + d(qn+1 , qn )
= x1 + x2 + · · · + xn
=Γ
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Fig. 1. The lower bound Γ cannot be reached by the generalized median p
Consequently, qn+1 is a generalized median of {q1 , q2 , . . . , qn }. This means that,
for each point in N
∗ , we can always construct a problem instance where the
lower bound Γ is actually reached by the generalized median. Accordingly, no
lower bound can exist that is more tight than the LP-based lower bound Γ . QED
At this point two remarks are in order. For most problems in practice it is
likely that the lower bound Γ cannot be reached by the generalized median.
The ﬁrst reason is a fundamental one and is illustrated in Figure 1, where we
consider points in the plane. The distance function is deﬁned to be the Euclidean
distance of two points. Let p be the true generalized median of q1 , q2 , and q3 .
Then, xi = |qi p|, i = 1, 2, 3, satisfy the constraints of the linear program LP.
Now we select a point qi∗ on the line segment qi p such that |qi∗ p| =  (an inﬁnitely
small number). Due to the small amount of , x∗i = |qi qi∗ | satisfy the constraints
of LP as well. But in this case we have x∗1 + x∗2 + x∗3 < x1 + x2 + x3 = SOD(p).
As a consequence, the solution of LP, i.e. the lower bound Γ , is constrained by:
Γ ≤ x∗1 + x∗2 + x∗3 < SOD(p)
and therefore not reached by the generalized median p. Fundamentally, this
example illustrates the decoupled nature of the quantities xi in LP in contrast
to d(p, qi ) in the original problem of generalized median computation. By doing
this, however, the solution xi of LP may not be physically realizable through a
single pattern p.
The special property of a concrete problem may also imply that the lower
bound Γ is not reached by the generalized median. We consider again points
in the plane, but now with integer coordinates only. The distance function
remains the Euclidean distance. An example is shown in Figure
√ 2 with four
points q1 , q2 , q4 , and q4 . The√ lower bound Γ turns out to be 2 34 corresponding to x1 = x2 = x3 = x4 = 234 . This lower bound is satisﬁed by p( 52 , 32 ), which
is unfortunately not in the particular space under consideration. Any point with
integer coordinates will result in a SOD value larger than Γ .
It is important to point out that Theorem 2 only implies that we cannot
specify a better lower bound than the solution of LP, when considering all possible instances of generalized median problems. An improved lower bound may
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q4 (0, 3)

q3 (5, 3)

q1 (0, 0)

q2 (5, 0)

Fig. 2. The point p( 52 , 32 ) reaching the lower bound is not in the problem space
still be computed for a particular problem instance. For √
the problem in Figure 2, for example,
the
constraint
x
+
x
≥
d(q
,
q
)
=
34 can be replaced
1
3
1
3
√
by x1 + x3 ≥ 34 + ∆ for some ∆ > 0. The reason is that no point with integer
constraint can
coordinates lies on the line segment q1 q3 and the corresponding
√
thus be made tighter. The constraint x2 + x4 ≥ d(q2 , q4 ) = 34 can be modiﬁed
in a similar manner. As a ﬁnal result, the modiﬁed constraints may lead to a
tighter lower bound.

5

Experimental Verification

A lower bound is only useful if it is close to SOD(p) where p represents the
(unknown) true generalized median pattern. In this section we report the results
of an experimental veriﬁcation in the domain of strings and graphs to show the
tightness, and thus the usefulness, of the proposed lower bound. We used the
MATLAB package to solve the linear program LP.
5.1

Median Strings

The median concept can be used in OCR to combine multiple classiﬁcation
results for achieving a more reliable ﬁnal classiﬁcation [11]. In doing so we may
obtain multiple classiﬁcation results either by applying diﬀerent classiﬁers to a
single scan of a source text or by applying a single classiﬁer to multiple scans of
the text.
To verify the usefulness of the LP-based lower bound in this context we
conducted a simulation by artiﬁcially distorting the following text which consists
of 448 symbols (including spaces):
There are reports that many executives make their decisions by ﬂipping
a coin or by throwing darts, etc. It is also rumored that some college
professors prepare their grades on such a basis. Sometimes it is important to make a completely ’unbiased’ decision; this ability is occasionally
useful in computer algorithms, for example in situations where a ﬁxed
decision made each time would cause the algorithm to run more slowly.
Donald E. Knuth
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Fig. 3. Veriﬁcation of lower bound for strings
Totally, ten distortion levels are used, producing k% (k = 1, 2 · · · , 10) letters
in the text to be changed. For each k, ﬁve distorted samples of the text are
generated. We use the Levensthein edit distance and set the insertion, deletion,
and substitution cost each to be one.
Figure 3 summarizes the results of this test series. As a comparison basis,
SOD of the original text is also given. The SOD of the (unknown) true generalized
median string p must be between this curve and the lower bound curve. Clearly,
the LP-based lower bound is a very good estimate of SOD(p). In addition the
results conﬁrm that the generalized median string is a more precise abstraction
of a given set of strings than the set median. It has a signiﬁcantly smaller SOD
value, which corresponds to the representation error.
5.2

Median Graphs

The concept of generalized median graphs was introduced in [7]. We study the
LP-based lower bound in this domain by means of random graphs generated
by distorting a given initial graph. The initial graph g0 contains k nodes and
2k edges. The node and edge labels are taken from {A, B, C, D, E} and {F },
respectively. Both the graph structure and the labeling of g0 are generated randomly. The distortion process ﬁrst randomly changes the labels of 50% of the
nodes in g0 . Then, up to two nodes are inserted or deleted in g0 . In case of an
insertion the new node is randomly connected to one of the nodes in g0 . If a
node in g0 is deleted, all its incident edges are deleted as well. This way a col-
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Fig. 4. Veriﬁcation of lower bound for graphs

lection of 20 distorted graphs are generated for g0 associated with a particular k
value. Based on this procedure, we conducted a series of experiments by using
n ∈ {4, 6, . . . , 20} out of the 20 graphs to test the lower bound. The distance
function of two graphs is deﬁned in terms of graph edit operations; see [7] for
details.
The results of this test series for k = 6 are summarized in Figure 4. As an
upper bound for SOD(g) of the (unknown) true generalized median graph g, we
give the SOD of the original graph g0 and an approximate solution found by
the method from [7]. Clearly, SOD(g) must be between the minimum of these
two curves and the lower bound curve. Also here the LP-based lower bound
demonstrates a high predication accuracy.

6

Conclusions

The computation of generalized median patterns is typically an NP-complete
task. Therefore, research eﬀorts are focused on approximate approaches. One
essential aspect in this context is the assessment of the quality of the computed
approximate solutions. In this paper we have presented an optimal lower bound
in terms of a linear program for this purpose. It is applicable to any metric
pattern space. An experimental veriﬁcation in the domain of strings and graphs
has shown the tightness, and thus the usefulness, of the proposed lower bound.
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