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Abstract

This technical report provides supplementary material for the paper “Information
Bottleneck for Non Co-Occurrence Data” [1]. The report includes run time analy-
sis for the algorithm proposed in the “Theory” section of the paper; detailed results
of the algorithm application to the ESR dataset reported in the “Applications” sec-
tion of the paper; visualization of the solution of MovieLens data clustering, also
reported in the “Applications” section of the paper; and an additional application
of the algorithm to a small dataset only mentioned in the paper.

1 Supplementary material for the Theory section

This section includes run time analysis and computational optimization proposal for the data analysis
algorithm described in the “Information Bottleneck for Non Co-Occurrence Data” paper [1]. For the
sake of convenience we provide the algorithm once again:

1. Start with a random (hard) partition q(c|x), q(d|y).
2. Iteratively until convergence (no changes at step (b) are done) traverse all rows x and

columns y of a matrix in a random order. For each row/column:

(a) Draw x (or y) from its cluster.
(b) Reassign it to a new cluster c∗ (or d∗), so that Lmin is minimized. The new cluster

may appear to be the old cluster, and then no change is counted.

1.1 Run-time analysis

We now analyze the run time of the algorithm. The loop (2) is executed until convergence, which
in the experiments usually takes 10-40 iterations. Inside the loop we make a single pass over all
n + m rows and columns of a matrix. For each row x (or column y) we test the value of Lmin for
every possible assignment of x (or y) to a cluster c (or d). Evaluation of Lmin requires evaluation
of the mutual informations I(X ; C), I(Y ; D), and I(C, D; Z). Evaluation of I(X ; C) and I(Y ; D)
is computationally simple (for the hard assignments I(X ; C) = H(C) and requires only O(|C|)
operations). Evaluation of I(C, D; Z) is more demanding, but one can evaluate I(C, D; Z) for
all possible assignments of a given x to all clusters c with only two computations of I(C, D; Z)
by using computational optimization described below. Single evaluation of I(C, D; Z) requires
O(|C||D||Z|) operations, where |Z| is the cardinality of Z (5 in most applications considered).
Thus in total we obtain a complexity of O((n + m)|C||D|) for a single pass through loop (2).



1.2 Computational Optimization

A strait-forward calculation of I(C, D; Z) is relatively demanding. We consider the following
derivation, which is similar to the optimization trick used in [2, 3]:

arg min
q(c|x),q(d|y)

I(X ; C) + I(Y ; D) − βI(C, D; Z)

= arg min
q(c|x),q(d|y)

I(X ; C) + I(Y ; D) − β(H(Z) − H(Z|C, D))

= arg min
q(c|x),q(d|y)

I(X ; C) + I(Y ; D) + βH(Z|C, D)

since H(Z) is constant. Now:

H(Z|C, D) =
∑

c

q̂(c)H(Z|c, D)

We denote by Hold the entropies after a sample x was taken out of its cluster, by qold(c) the corre-
sponding distribution over c, and by Hcx

the entropies after x was assigned to a trial cluster cx and
qcx

the corresponding distribution over c. Then one obtains:

Hold(Z|C, D) =
∑

c

q̂old(c)Hold(Z|c, D)

Hcx
(Z|C, D) =

∑

c

q̂cx
(c)Hcx

(Z|c, D)

= q̂cx
(cx)Hcx

(Z|cx, D) +
∑

c6=cx

q̂cx
(c)Hcx

(Z|c, D)

= q̂cx
(cx)Hcx

(Z|cx, D) +
∑

c6=cx

q̂cx
(c)Hold(Z|c, D) = (∗)

Since clusters except cx passed no changes. We now observe that for clusters other than cx:

q̂cx
(c) = (1 − p̂(x))q̂old(c)

Thus:
(∗) = q̂cx

(cx)Hcx
(Z|cx, D) + (1 − p̂(x))

∑

c6=cx

q̂old(cx)Hold(Z|c, D)

= q̂cx
(cx)Hcx

(Z|cx, D) + (1 − p̂(x))(Hold(Z|C, D) − q̂old(cx)Hold(Z|cx, D))

Which means that in order to evaluate all possible assignments of x to clusters c we need to compute
the entropy H(Z|C, D) only twice, and a similar analysis applies to reassignment of columns y to
column clusters d.

2 Supplementary material for the Applications section

2.1 One Dimensional Clustering - Comparison to I-Clust

In this section we provide detailed coherence results of the solutions obtained for ESR dataset as
reported in the Applications section of the “Information Bottleneck for Non Co-Occurrence Data”
paper. The detailed results include evaluation of the coherence according to the three Gene Ontology
annotations [5] and their average - see Table 1. (In the paper only the average is reported.)

2.2 Matrix Completion and Collaborative Filtering

This subsection provides an illustration of the MovieLens rating data1 and its clustering into |C| = 4
clusters of viewers and |D| = 3 clusters of movies obtained by the algorithm suggested in the paper
(see Figure 1). It may be observed that the original mixed data is clustered into patches of roughly
homogeneous ratings.

1http://www.grouplens.org
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(a) Original data.
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(b) Data resorted according to obtained clustering.

Figure 1: MovieLens data before (a) and after (b) clustering. Matrix rows correspond to movies,
columns to viewers and ratings are depicted with colors when present and white when absent (see
colormaps on the right). The figure illustrates the original data (a) and the same data after per-
mutation of rows and columns with accordance to clustering into |C| = 4 clusters of viewers and
|D| = 3 clusters of movies (b). It may be observed that the original data is clustered into patches
with roughly homogeneous ratings.



Table 1: Detailed comparison of clusters coherence for the ESR dataset according to the tree
GO annotations. The table provides detailed coherence results for the achieved solutions for Nc =
5, 10, 15 and 20 row clusters according to the three GO annotations. The results achieved by the
Iclust algorithm [4] are shown in brackets next to the results of our algorithm.

Annotation Nc = 5 Nc = 10 Nc = 15 Nc = 20

BP 65 (75) 54 (50) 52 (51) 53 (51)
MF 69 (77) 47 (43) 52 (54) 39 (41)
CC 73 (86) 57 (53) 45 (52) 35 (33)

Average 69 (79) 53 (49) 50 (52) 42 (42)

2.3 Small Datasets

To demonstrate the ability of our algorithm to cope with datasets with a small number of columns,
we use the well known Iris dataset [6] which consists of four numeric parameters for 150 Iris flowers
belonging to three classes of size 50 each. We quantize the values in each column into three equally
populated bins. The quantized matrix is clustered into three classes and only 7 misclassifications are
obtained. This example demonstrates a principled advantage of our algorithm over I-Clust [4] that
requires availability of a much larger amount of matrix columns to be applied.
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