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Algorithm 1: ECT Optimization
1 Pre-train autoencoder
2 Create root node of tree
3 for iter ∈ [0, . . . ,MaxIterations] do
4 foreach n ∈ Nodes do
5 if wn < pruningThreshold then
6 Remove node and replace parent node with

the sibling node (see Section II-G)
7 end
8 end
9 if iter%SplitInterval == 0 then

10 Grow tree by splitting the leaf node with sum
of highest squared distances (see Section II-F)

11 end
12 Select minibatch from dataset
13 Assign data points to leaf nodes and split nodes

(see Section II-B)
14 Determine loss according to Eq. 6
15 Optimize parameters with an gradient based

optimizer and Eq. 3
16 end

I. DESCRIPTION

This file contains supplementary material for the Paper
’Deep Embedded Cluster Tree’. This includes the pseudo code
for the optimization procedure and additional and in-depth
analysis of the experimental results.

II. OPTIMIZATION

Algorithm 1 shows the pseudo-code of the optimization
procedure. The references are in the context of the paper.

III. FURTHER EXPERIMENTS

In this section we provide further experiments and other
evaluation methods.

A. Additional dataset

We provide additional evaluation metrics and results for
the Fashion-MNIST dataset. This dataset contains images of
fashion products such as images of clothing, shoes, and bags.
Table I shows the statistics of all datasets used in the paper
and this supplementary.

B. Experimental Setup

We focus our experiments on the evaluation of our new clus-
tering layer. Therefore, we refrain from using more elaborated
autoencoder architectures. Instead, we use the same generic
fully-connected feedforward autoencoder layout for all exper-
iments. As mentioned above, we expect that all methods would
gain equally from more sophisticated and domain-specific
architectures. However, a standard autoencoder architecture is
sufficient to show the variability of DeepECT compared to its
baseline competitors

We use an autoencoder architecture that is proposed in [1]
and is also used in [2], [3] for the purpose of clustering the
embedded space. The feedforward encoder in this architecture
has the dimensions d-500-500-2000-10, and the decoder net-
work has a mirrored layout. We use ReLU activations and the
mean squared error reconstruction loss in Eq. 1.

We pre-train 10 autoencoders for each dataset and use these
same pre-trained networks for all experiments and comparison
methods. Using these pre-trained autoencoders ensures that
each method has the same starting conditions for the embedded
space and that variations in the clustering quality do not
simply stem form qualitatively different autoencoders. The
pre-training setup is quite similar to [2]. We pre-train the
autoencoders as denoising autoencoders with a 20% corruption
rate. First, we perform a layer-wise pre-training with dropout
after each layer (with a rate of 20%) and 20,000 steps per layer.
Then we fine-tune the whole network for 50,000 steps without
dropout. We use input-corruption only for the pre-training and
not for the actual optimization of DeepECT and its baseline
methods. For all experiments, we use Adam [4] (learning
rate=0.0001, β1=0.9, β2=0.999) as the optimization algorithm
and a mini-batch size of 256 samples. For the combined
optimization we train for additional 50,000 iterations to ensure
convergence.

For DeepECT, our initial experiments with synthetic data
showed that splitting the tree every 500 optimization steps
yields promising results and longer step sizes did not fur-
ther increase the performance. For this reason, we keep this
schedule without adjusting it further for the experiments with
real-world datasets. The same applies to the pruning threshold
of Section II-G. For MNIST, Fashion-MNIST and USPS, we
grow the trees until they have twenty leaf nodes. For the
Reuters dataset, we set the maximal number of leaf nodes
to twelve because it has fewer true clusters. This means that



we have twice and three times the true number of clusters, we
consider these values sufficient to capture essential structures
of the selected datasets for the purpose of this paper. We use
the same number of leaf nodes for the hierarchical baseline
methods.

For the image datasets, we also experimented with Deep-
ECT+Aug. For each image of a batch we create an augmented
version, by randomly rotating and shearing the image in the
range of [−15; 15] degrees and moving it randomly up to two
pixels in any direction. Figure 5 in the paper shows an example
of this augmentation for MNIST.

C. More Evaluation Methods

Besides using dendrogram purity, we introduce another
measure that we call leaf purity (LP). It is the weighted-
average purity of the leaf nodes w.r.t. to the majority class
of the objects assigned to a leaf node, given by the formula:

LP =
1∑

L∈LD
|L|

∑
L∈LD

|L| max
C∈{C1,...,CK}

pur(L,C),

where LD is the set of sets containing the data points assigned
to the leaf nodes.

Comparing dendrogram and leaf purity of two cluster trees
is only directly possible if both trees have the same number
of leaf nodes. However, sub-trees can always be collapsed
into leaf nodes to fulfill this requirement. Therefore, we col-
lapse the bottom-up linkage-trees of the baseline methods by
compressing sub-trees into leaf nodes until we have the same
number of merge steps left as split-nodes in the top-down trees
of DeepECT and Bisecting-K-means. This process ensures that
both methods are comparable w.r.t. the hierarchical evaluation
measures.

Further, we evaluate DeepECT against flat clustering meth-
ods using the well-known Normalized Mutual Information
(NMI) and Clustering-Accuracy (ACC) [2]. We include these
for completeness and to show that DeepECT is also competi-
tive in scenarios where one expects a flat cluster structure and
knows the true number of clusters. To determine a k cluster
partition from a cluster tree, we use the assignments to the k
nodes that were leaf nodes after the first k − 1 splits.

D. Flat Clustering Baselines

As a baseline for evaluating the performance of DeepECT
in a flat clustering setting, we use k-means on the embedded
data of the pre-trained autoencoder (AE+k-means) and IDEC
[3] a method that combines the clustering layer of DEC [2]
with the reconstruction loss of the autoencoder. If we ignore
the advantages of more domain-specific and sophisticated
autoencoder architectures, IDEC is currently one of the best
embedded clustering methods. In contrast to DeepECT, for
IDEC and k-means we have to set the true number of clusters
during optimization. Further, we set the hyperparameter of
IDEC for the reconstruction loss to 0.1 as described in [3].

TABLE I
STATISTICS OF DATASETS USED IN THE EXPERIMENTS.

Name Type # Points # Dimensions # Classes

MNIST Image 70,000 784 10

USPS Image 9,298 256 10

Fashion-MNIST Image 70,000 784 10

Reuters Text 685,071 2,000 4

E. General Results

The general results for DeepECT and the hierarchical
baselines, as discussed in the paper, transfer to the Fashion-
MNIST dataset. Figure II shows the results of all datasets
regarding dendrogram and leaf purity. The leaf purity values
for DeepECT indicate that the method is able to create
homogeneous sub-populations. If we compare the leaf purity
values of DeepECT and the hierarchical IDEC+Center-linkage
variants to the leaf purity values of the other baselines, we
can see that the combined optimization of the clustering
and autoencoder indeed improves the homogeneity of local
structures.

The results for DeepECT with and without augmentation
extension for the Fashion-MNIST dataset are more close
because the dataset authors chose to pre-process all images
such that each fashion item has a normalized representation.

Table III shows the experimental results for the flat clus-
tering comparison methods. As we can see, both IDEC and
DeepECT benefit from the combined optimization compared
to k-means, which cannot optimize the embedding. Of course,
this comparison is unfair for DeepECT, because the competing
methods are given the true number of clusters during opti-
mization, whereas for DeepECT, we only use this information
during evaluation. Nevertheless, we can see that the simple
DeepECT can keep up with these methods in terms of raw
NMI and ACC measures and that the augmentation extension
DeepECT-Aug. shows substantial improvements over the sim-
ple DeepECT results.

F. Detailed Evaluation

In this section, we focus on a more detailed look on resulting
cluster trees for the Reuters and Fashion-MNIST datasets. The
discussion for MNIST can be found in the paper. Figure 1
shows a larger version of the sub-trees discussed in the paper.
The findings for the USPS dataset are comparable to the one
of MNIST, as both represent handwritten digits.

The Reuters dataset contains four unbalanced top-
categories (1st level labels) with the following class distribu-
tion: Cooperate/Industrial with 44%, Government/Social with
24%, Markets with 24%, and Economics with 8%. This dataset
is explained in more detail in [5]. The categories for each news
articles were chosen by hand and are, therefore, to some extent
subjective. Further, each top-category has several additional
overlapping sub-categories (2nd level labels)—and sub-sub-
categories (3rd level labels)— with over 96% of the articles
belonging to two or more sub-categories. Table IV shows an



TABLE II
OUR EXPERIMENTS SHOW THAT DEEPECT IS THE TOP PERFORMING ALGORITHM IN TERMS OF DENDROGRAM AND LEAF PURITY. FOR RESULTS

MARKED WITH A * WE HAD TO USE A RANDOM SUBSET OF THE DATASET WITH 100,000 OBJECTS AND THE SAME CLASS DISTRIBUTION, BECAUSE OF
MEMORY LIMITATIONS. THE VALUES ARE AVERAGES AND THE STANDARD DEVIATION FOR THE TEN PRE-TRAINED AUTOENCODERS. BEST VALUE IN

BOLD; RUNNER UP IS UNDERLINED.

Method
MNIST USPS Fashion-MNIST Reuters

Dendro-P Leaf-P Dendro-P Leaf-P Dendro-P Leaf-P Dendro-P Leaf-P

DeepECT 0.82 ±0.03 0.93 ±0.02 0.72 ±0.03 0.85 ±0.04 0.47 ±0.03 0.67 ±0.03 0.71 ±0.05 0.84 ±0.05
DeepECT + Augm. 0.94 ±0.02 0.98 ±0.01 0.89 ±0.03 0.94 ±0.03 0.44 ±0.04 0.60 ±0.05 n.a. n.a.

IDEC+Single 0.39 ±0.09 0.60 ±0.08 0.61 ±0.09 0.72 ±0.06 0.34 ±0.04 0.54 ±0.03 0.52 ±0.04 0.67 ±0.04

IDEC+Complete 0.40 ±0.05 0.60 ±0.08 0.61 ±0.09 0.72 ±0.06 0.35 ±0.03 0.54 ±0.03 0.52 ±0.04 0.67 ±0.04

AE+Bisecting 0.53 ±0.02 0.78 ±0.02 0.39 ±0.02 0.69 ±0.02 0.38 ±0.02 0.64 ±0.03 0.63 ±0.03 0.76 ±0.03

AE+Single 0.11 ±0.00 0.11 ±0.00 0.12 ±0.00 0.17 ±0.00 0.10 ±0.00 0.10 ±0.00 *0.36 ±0.00 *0.44 ±0.00

AE+Complete 0.25 ±0.04 0.45 ±0.05 0.20 ±0.04 0.40 ±0.07 0.26 ±0.04 0.44 ±0.03 *0.41 ±0.02 *0.54 ±0.04

TABLE III
THIS TABLE SHOWS THAT DEEPECT IS EVEN COMPETITIVE WHEN COMPARED TO FLAT CLUSTERING METHODS THAT ARE GIVEN THE TRUE NUMBER OF

CLUSTERS DURING OPTIMIZATION AND HAVE THEREFORE AN UNFAIR AND UNREALISTIC ADVANTAGE OVER DEEPECT. THE VALUES ARE AVERAGES
AND THE STANDARD DEVIATION FOR THE TEN PRE-TRAINED AUTOENCODERS. BEST VALUE IN BOLD; RUNNER UP IS UNDERLINED.

Method
MNIST USPS Fashion-MNIST Reuters

NMI ACC NMI ACC NMI ACC NMI ACC

DeepECT 0.83 ±0.02 0.85 ±0.04 0.71 ±0.02 0.71 ±0.04 0.60 ±0.05 0.52 ±0.06 0.47 ±0.05 0.72 ±0.04
DeepECT + Augm. 0.93 ±0.02 0.95 ±0.04 0.86 ±0.02 0.82 ±0.06 0.59 ±0.04 0.50 ±0.05 n.a. n.a.

IDEC 0.86 ±0.01 0.85 ±0.03 0.76 ±0.02 0.74 ±0.03 0.58 ±0.02 0.53 ±0.03 0.50 ±0.03 0.67 ±0.03

AE+k-means 0.70 ±0.02 0.77 ±0.02 0.49 ±0.03 0.56 ±0.03 0.52 ±0.02 0.48 ±0.02 0.39 ±0.07 0.65 ±0.05

TABLE IV
THIS TABLE SHOWS A CLUSTER TREE FOR THE REUTERS DATASET. THE FIRST COLUMN SHOWS THE CLUSTER TREE ITSELF AND EACH ROW OF THE
TABLE REPRESENTS ONE LEAF NODE. THE NEXT FOUR COLUMNS SHOW THE PERCENTAGES OF DOCUMENTS FOR THE FOUR TOP-CATEGORIES (1ST

LEVEL LABELS) ASSIGNED TO EACH LEAF NODE. FOR CLARITY WE OMIT THE VALUES FOR OCCURRENCES BELOW 1%. THE LAST COLUMN SHOWS THE
MOST FREQUENT SUB-CATEGORIES (2ND LEVEL LABELS) FOR EACH LEAF NODE WITH MORE THAN 5% OCCURRENCE (MAX. FIVE).

2

3

4

5

8

7

10

6

9

11

1

Cluster Tree Cor
por

ate
/Ind

ust
rial

Mark
ets
Gov

ern
ment

/So
cial

Eco
nom

ics

Sub-Categories (overlapping ground truth)
- - 99.5% - Sports
- - 99.2% - War/Civil-War, Crime/Law-Enf., Domestic Politics, International Relations, Disasters/Accidents

1.1% - 97.6% 1.1% Domestic Politics, International Relations, Elections, Defence, War/Civil-War, Personalities/People
- - 99.2% - International Relations, Domestic Politics, War/Civil-War, European Community

72.1% 9.6% - 17.8% Performance, Government Finance, Funding/Capital
78.7% 7.5% 8.8% 5.0% Performance, Ownership Changes, Funding/Capital, Markets/Marketing, Strategy/Plans
54.7% 19.7% 1.6% 2.4% Performance, Equity Markets, Money Markets, Monetary/Economic, Economic Performance
25.0% 64.6% 10.4% - Commodity Markets, Performance, Weather, Capacity/Facilities, Equity Markets

- 83.4% - 15.8% Money Markets, Leading Indicator
1.7% 97.2% - - Equity Markets, Money Markets, Bond Markets

- 99.4% - - Commodity Markets
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Fig. 1. The plots show two extracted sub-trees interesting subpopulation of
the MNIST dataset found by DeepECT for the digits seven and two: ’7’ with
and without a middle-crossbar; ’2’ with a curly and a ’streamlined’ version,
looking more like the character ’Z’. The shown digits are randomly sampled.
A smaller version of this diagram can be seen in the paper.

DeepECT result for this dataset. We can see that the first two
splits are able to separate most of the Government/Social—
sub-tree starting at the node 3—and Markets—sub-tree starting
at the node 5—categories from the other two categories. The
Government/Social sub-tree differentiates then further into
topics of the sub-categories such as Sports, war and crime,
domestic and international politics. The Markets category also
further differentiates into different aspects of the respective
sub-categories. For instance, the leaf nodes in the last two rows
are concerned with different sub-sub-categories of the sub-
category Commodity Markets. The leaf nodes in the middle are
mostly related to Corporate/Industrial and Economics. They
are not as well separated as the other two sub-trees. Yet, even
there we can find interesting leaf nodes. For instance, the sev-
enth leaf node (row) from the top shares news articles labeled
with the subcategories Performance (of Corporate/Industrial)
and the Economic Performance (of Economics) and it seems
reasonable to expect related words for those two sub-sub-
categories.

The Fashion-MNIST contains ten different classes of
clothes, shoes and bags, namely: T-shirt/top, trouser, pullover,
dress, coat, sandal, shirt, sneaker, bag, and ankle boot. A
resulting cluster tree of our method is shown in Figure 2.
The leaf nodes are represented as randomly sampled objects
assigned to it. The labels of each node are our interpretation
based on the objects assigned to the respective node. We can
see that DeepECT found a quite natural looking hierarchy
within this dataset. First, the images are split into three
categories: clothes, shoes, and bags. We highlighted these sub-
trees with colored areas. Within each sub-tree, representing a
category, we can again find natural hierarchies. The category
of bags distinguishes between, bags without a visible strap
or handle, bags with small handles and bags with a shoulder
strap. The ground truth does not distinguish between these
types of bags and assigns them all to the same class. The
clothes category is first divided into trousers and clothes for
the upper body. These are then again partitioned into short and
long sleeves. Here the length of the sleeve must be seen as

relative to the total length of the respective garment, because
each item is normalized to appear of the same size within the
image, i.e. dresses and shirts appear to be of the same size.
The shoe category also shows some interesting characteristics,
first smaller and bigger shoes are distinguished. The smaller
shoes are then further divided into sandals and sneakers. The
bigger shoes have either a flat sole, a small heel or are high-
heeled. Building the hierarchy based on these features runs
against the ground truth classes of sneakers, sandals, and ankle
boots. Yet, it is—from an appearance perspective—a valid and
informative hierarchy for shoes.

In summary, we think that these three examples show clearly
the utility and effectiveness of the DeepECT cluster tree.
Finding these kind of structures and selecting the level of
detail to be analyzed make DeepECT a valuable method for
data scientists.
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Fig. 2. The diagram shows a cluster tree for the Fashion-MNIST dataset. Each leaf node shows randomly sampled objects assigned to it. The labels are
interpretations by the authors. The colored areas highlight the three dominant sub-trees representing three types of objects found in the dataset: bags, clothes,
and shoes.


