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Abstract—Deep clustering algorithms have gained popularity
as they are able to cluster complex large-scale data, like images.
Yet these powerful algorithms require many decisions w.r.t.
architecture, learning rate and other hyperparameters, making
it difficult to compare different methods. A comprehensive
empirical evaluation of novel clustering methods, however, plays
an important role in both scientific and practical applications, as
it reveals their individual strengths and weaknesses. Therefore,
we introduce ClustPy, a unified framework for benchmarking
deep clustering algorithms, and perform a comparison of several
fundamental deep clustering methods and some recently intro-
duced ones. We compare these methods on multiple well known
image data sets using different evaluation metrics, perform a
sensitivity analysis w.r.t. important hyperparameters and perform
ablation studies, e.g., for different autoencoder architectures and
image augmentation. To our knowledge this is the first in depth
benchmarking of deep clustering algorithms in a unified setting.

Index Terms—Deep Clustering, Data Mining, Unsupervised
Learning, Representation Learning, Benchmarking

I. INTRODUCTION

In recent years, a growing number of methods have been

published that combine clustering with deep learning. The

main advantage is that neural networks allow the processing

of very large and complex data sets. These deep clustering

(DC) methods can be distinguished both according to the

architecture used and according to the type of objective [1].

Many procedures use an ordinary feedforward autoencoder [2]

(e.g., DEC [3], IDEC [4], DCN [5], ACe/DeC [6], DipEncoder

[7], DKM [8], DeepECT [9], DipDECK [10], DECCS [11]),

while others use a convolutional autoencoder [12] (e.g., ENRC

[13], DCEC [14], DeepCluster [15], JULE [16], DEPICT [17],

DEKM [18]). The type of clustering objective ranges from

regular flat clustering techniques, such as DEC [3] or DCN

[5], over hierarchical approaches, such as DeepECT [9], to

non-redundant clustering, such as ENRC [13].

Due to these structural differences, DC procedures are

fundamentally difficult to compare. In addition, deep learning

methods generally use a multitude of hyperparameters, such as

the number of neurons, the type of optimizer, or the learning

rate. A benchmark based on a comparable basis does help to

rank the strengths and weaknesses of different methods. We

∗Authors contributed equally.

thus propose a framework that can be used to easily create a

fair benchmark of various DC algorithms. For this purpose, we

use the open source Python package ClustPy1, which is based

on PyTorch [19] and contains a variety of implementations for

DC applications. Based on diverse experiments, we discuss

several insights and future directions for DC research.

Our main contributions are:

• First comparison of several fundamental deep clustering

algorithms on multiple data sets in a unified framework.

• A study of the impact of important hyperparameters in

deep clustering.

• Ablation study on the impact of autoencoder architectures

and image augmentation on performance metrics.

II. BACKGROUND AND RELATED WORK

A. Methods

In our analysis, we consider five DC methods with different

objectives, that all use a very similar autoencoder (AE) archi-

tecture. Furthermore, the optimization of the clustering result

runs independent of the specific architecture, which means that

it can be exchanged without much effort. Since these algo-

rithms all require an initial clustering result, usually obtained

via KMeans [20], we additionally consider the combination of

a pretrained AE with KMeans, denoted as AE+KMeans. The

AE+KMeans baseline serves as a starting point to measure the

improvement of more sophisticated deep clustering methods.

A DC algorithm we consider is DEC [3]. It is often

considered the first representative of AE-based DC methods.

Here, the objective function compares the data distribution

within the embedding with an auxiliary target distribution.

The data distribution is quantified by a kernel on the basis of a

Student’s t-distribution and the deviation to the target distribu-

tion is measured using the Kullback-Leibler (KL) divergence.

This idea was taken up by IDEC [4]. While DEC uses the

reconstruction loss only for pretraining the AE, IDEC also

uses it during the optimization of the clustering result. DCN

[5] follows a different strategy by not updating the clustering

and the embedding simultaneously but consecutively. This

allows to optimize an objective function that utilizes hard

1https://github.com/collinleiber/ClustPy
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TABLE I
REPRODUCIBILITY: ORIGINAL VS REPLICATED SCORES ON MNIST. THE

CITATION BEHIND A VALUE INDICATES THE PAPER IT WAS TAKEN FROM. †
MEANS THAT A VALUE WAS NOT REPORTED IN ANY PUBLICATION.

RESULTS THAT ARE ONLY ±2% POINTS OFF ARE PRINTED IN BOLD.

Original Replication
Algorithm NMI ARI ACC NMI ARI ACC

AE + KMeans 74.7 [4] 67.X [5] 81.8 [3] 70.8 63.4 74.9
DEC [3] 83.7 [4] 75.X [5] 84.3 [3] 82.0 74.4 80.2
IDEC [4] 86.7 [4] 78.6 [7] 88.1 [4] 85.4 78.1 82.5
DCN [5] 81.X [5] 75.X [5] 83.X [5] 81.7 76.9 83.6
ACe/DeC [6] 89.X [6] † † 84.4 80.4 86.4
DipEncoder [7] 85.3 [7] 78.7 [7] † 83.5 76.7 81.7

labels instead of soft ones, which is much closer to the

optimization of the KMeans algorithm. The DipEncoder [7]

optimizes modalities in the embedding by utilizing the Dip-test

of unimodality [21] to obtain multimodal distributions for each

pair of clusters. The advantage is, that no specific distribution

has to be selected. In contrast to other procedures, ACe/DeC

[6] does not use all features of the embedding for clustering

but autonomously chooses those features most relevant for

clustering. The clustering itself is then performed similar to

DCN [5].

B. Architectures

We limit our benchmark to two architectures. First, we

look at ordinary feedforward AEs [2]. The particular char-

acteristic of this architecture is that an intentional bottleneck

is introduced. The encoder maps the d input features to an

embedding of size m, where m < d. Subsequently, the decoder

maps the m embedded features as precisely as possible to the

original d features. Different loss functions can be used for this

purpose. A common choice is the mean squared error (MSE).

In many cases, the architecture of the decoder is the same as

the inverted architecture of the encoder.

Some works, such as DEC [3], use a special training method

in which individual layers are trained one after the other

together with a denoising objective. This is also referred to

as stacked autoencoders (SAEs) [22]. This process leads to

a significant increase in the required training time. Due to

the small architectural differences to regular feedforward AEs,

stacked AEs are not considered in our benchmark.

The second architecture we look at in more detail is

convolutional AEs [23]. These are particularly suitable for

image data, as they are able to detect local relationships using

convolutional layers. We use a ResNet18 [24] encoder and

decoder for our benchmark.

C. Benchmarking Methodologies

Benchmarking compares different procedures in a uniform

setting. While this has already been done for many areas of

unsupervised learning, e.g. outlier detection [25], [26] or time-

series clustering [27], to the best of our knowledge, there is

nothing equivalent for DC. This is, however, very relevant, to

make informed choices on architecture and hyperparameters.

The only sophisticated evaluation of different DC architectures

Fig. 1. Runtime of deep clustering algorithms on the MNIST data set.

is presented in [28] and [29], where the performance of a novel

approach based on consensus representations and spectral

clustering is analyzed. Other comparisons of different DC

methods are papers like [1], which gather values from the

original publications. A problem with this procedure is that the

experimental environments are not identical, which makes it

difficult to compare the results. In contrast to this, we compare

several DC methods in a unified experimental environment.

III. BENCHMARKING

Since we want to get a broad overview of the performances

of the chosen methods, we consider a spectrum of different

data sets, evaluation metrics, architectures, and hyperparam-

eters. All experiments can be repeated using the ClustPy

package and are available at https://github.com/collinleiber/

BenchmarkingDeepClustering.

A. Data Sets

We use eight publicly available image data sets that vary in

complexity and size. The data sets are Optdigits [30], USPS

[31], MNIST [32], Fashion-MNIST [33], Kuzushiji-MNIST

[34], CIFAR-10 [35], ImageNet10 [36] and ImageNetDog

[37]. Optdigits, USPS, MNIST, Fashion-MNIST (FMNIST)

and Kuzushiji-MNIST (KMNIST) contain grayscale images

with 10 clusters each. The color-image data sets CIFAR-10 and

ImageNet10 illustrate ten different objects like cars, animals

and ships. For ImageNetDog we use a subset of 15 different

breeds of dogs. Furthermore, the sizes of the images contained

in ImageNet10 and ImageNetDog were adjusted to 224x224

pixels. The exact specifications of the data sets can be found

in the tables of the corresponding experiments.

B. Performance Metrics

We evaluate the clustering results based on several unsu-

pervised evaluation metrics. These are the normalized mutual

information (NMI) [38], unsupervised clustering accuracy

(ACC) [39] and adjusted rand index (ARI) [40]. These com-

pare the predicted labels with the ground truth in order to make

a statement about the quality of the clustering result. All have

a maximum value of 1, which is equal to a perfect match

between prediction and ground truth. We report all metrics in

% due to space restrictions.
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Fig. 2. Varying Latent Space Size: Accuracy (ACC) scores (mean and standard deviation) for varying embedding size of the AE with d-500-500-2000-m.

C. Setup

Unless otherwise mentioned, we use the following default

configuration. We pretrain the AEs for 100 epochs and execute

the clustering procedure for another 150 epochs. Here we use

a batch size of 256 and choose the MSE as the reconstruction

loss of the AE. The architecture of the AE follows [3] which is

equal to the layers d-500-500-2000-m, where d is the number

input features and m the number of features in the embedding,

which is set to 10. As optimizer we choose ADAM [41]

with a constant learning rate of 0.001 for the pretraining

and 0.0001 for training the DC algorithm. An exception is

ACe/DeC which uses a learning rate of 0.0005 for clustering

[6]. All methods use the same pretrained AEs so that the

starting conditions are as identical as possible. The initial

clustering labels are obtained by executing KMeans in the

embedding of the pretrained AE. Each experiment is repeated

10 times. Further, each clustering algorithm gets the correct

number of clusters as input parameter and the data sets will

be preprocessed by a channel-wise normalization (zero mean

and standard deviation of one for each color channel).

IV. EXPERIMENTS

We conduct multiple experiments to evaluate different as-

pects of the DC methods. Each experiment is self-contained,

including the specific setup and a discussion of the results.

A. Reproducibility

First, we check the correctness of the implementations from

ClustPy. Therefore, we compare the clustering results reported

in the original publications against the results calculated by us.

Setup: We use MNIST as it is the only data set used in all

publications. Note that while all publications used a d-500-

500-2000-m AE architecture, we did not make use of learning

rate schedulers or the SAE extensions, as explained in Sec.

II-B. All DC algorithms are trained for 150 epochs, which

might differ from the number of epochs used in the original

works. Further, if a metric is not used in a paper, we report

the value from the first paper that reports it.

Results: In Tab. I we see that despite our simplified setting

we are able to reproduce 9 out of 12 DC results with a margin

of error of 2%. Note, that AE+KMeans performs significantly

worse than stated in [3], [4] and [5], which might be due to

the mentioned differences in AE pretraining. The lower ACC

results for DEC and IDEC are likely a consequence of this.

B. Runtime Comparison

We compare the runtime of the different DC algorithms over

ten runs, excluding the shared pretraining time.

Setup: All experiments were conducted on a Server with two

Intel 6326 CPUs (2× 16 cores with 2.9 GHz), 512 GB RAM

and one NVIDIA A100 (80GB) GPU.

Results: The violin plots in Fig. 1 show that the AE+KMeans

execution is very fast at 1-2 seconds. DEC and IDEC as

well as DCN and ACe/DeC have a comparable runtime of

approximately 300 seconds and 700 seconds respectively, due

to their similar optimization schemes. The DipEncoder takes

over 5,000 seconds to process MNIST. This is due to the

Dip-test that is executed on the CPU and therefore many

copy processes take place between the CPU and GPU. As

the runtime of the DipEncoder is longer than the combined

runtime of all other methods, we excluded it from compute

heavy experiments, like detailed hyperparameter investigation.

C. Feed Forward Autoencoder - Layer Sizes

A key performance factor of DC methods is the chosen ar-

chitecture, with larger neural networks learning more complex

structures. We investigate how the performance changes when

the default architecture as proposed in [3] is modified.

Setup: We change the AE layers from d-500-500-2000-10
to d-512-256-128-10, reducing the number of parameters by

almost 87% from 500d+ 1,270,000 to 512d+ 165,120.

Results: Many of the results for both architectures in Tab.

II and Tab. III are very similar. This suggests that even the

smaller network is capable of analyzing rather simple data

sets like Optdigits or USPS. Only for ACe/DeC the results

slightly decreased. For MNIST, the results have even partially

improved. The poor performance of AE+KMeans in Tab. II,

might be due to an unfortunate pretraining. Longer pretraining

may therefore be beneficial for larger networks.

D. Varying Latent Space Size

An important parameter for all autoencoder-based methods

is the number of features within the embedding m. A value of

m = 10 is common for comparing DC methods. We examine

how strongly this choice influences the final clustering result.

Setup: For this experiment we use the standard setting as

described in Sec. III-C. However, different values for m are

utilized. We are investigating m ∈ [2, 5, 10, 25, 50, 100].
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TABLE II
RESULTS LARGE FEEDFORWARD AUTOENCODER: CLUSTERING RESULTS OF VARIOUS DEEP CLUSTERING APPROACHES ON DIFFERENT DATA SETS

(N = NUMBER OF SAMPLES, d = NUMBER OF FEATURES, k = NUMBER OF CLUSTERS) USING A FEEDFORWARD AUTOENCODER WITH

d-500-500-2000-10 NEURONS. EACH EXPERIMENT IS REPEATED TEN TIMES, AND THE AVERAGE RESULT ± STANDARD DEVIATION IS STATED IN %. THE

BEST AVERAGE RESULT PER DATA SET AND METRIC IS SHOWN IN BOLD AND THE RUNNER-UP IS UNDERLINED.

Dataset Metric AE+KMeans DEC IDEC DCN ACe/DeC DipEncoder

Optdigits [30] NMI 80.0± 2.3 87.9± 2.4 87.6± 2.6 83.3± 2.5 83.4± 2.9 87.5± 3.0
(N = 5620, d = 64, k = 10) ARI 75.9± 4.8 83.6± 5.1 83.6± 5.4 79.1± 5.3 78.3± 6.3 83.6± 5.7

ACC 85.6± 4.5 89.3± 4.7 89.4± 4.8 87.2± 4.7 87.5± 5.1 89.2± 5.1

USPS [31] NMI 67.2± 1.0 80.0± 1.1 81.1± 1.4 72.8± 1.2 71.7± 2.5 80.8± 1.6
(N = 9298, d = 256, k = 10) ARI 56.9± 1.7 72.1± 1.9 73.0± 2.2 63.4± 1.9 61.0± 3.9 73.0± 2.5

ACC 69.2± 2.0 77.4± 2.5 77.2± 2.7 72.3± 2.1 68.3± 4.4 77.4± 2.6

MNIST [32] NMI 70.8± 2.1 82.0± 2.4 85.4± 2.4 81.7± 1.3 84.4± 0.8 83.5± 2.7
(N = 70000, d = 784, k = 10) ARI 63.4± 3.6 74.4± 4.9 78.1± 4.5 76.9± 3.0 80.4± 1.0 76.7± 5.3

ACC 74.9± 3.2 80.2± 4.1 82.5± 3.5 83.6± 3.9 86.4± 1.8 81.7± 4.5

FMNIST [33] NMI 56.2± 1.8 59.1± 2.7 62.8± 2.1 58.9± 2.2 60.3± 1.5 58.2± 2.3
(N = 70000, d = 784, k = 10) ARI 41.0± 3.1 41.7± 3.7 45.5± 3.6 43.0± 3.3 43.3± 2.6 42.4± 3.4

ACC 52.5± 4.7 53.6± 4.1 56.0± 5.3 53.9± 5.2 54.7± 3.2 55.3± 3.9

KMNIST [34] NMI 47.7± 1.9 54.2± 1.9 54.3± 2.3 51.4± 1.7 53.8± 1.3 53.7± 2.6
(N = 70000, d = 784, k = 10) ARI 34.4± 2.6 40.1± 2.8 40.0± 3.0 37.4± 2.8 41.3± 1.4 39.7± 2.8

ACC 55.5± 2.1 59.0± 2.5 59.5± 2.0 57.6± 2.1 62.0± 2.7 57.1± 3.7

CIFAR10 [35] NMI 10.4± 0.7 10.7± 0.5 10.3± 0.7 11.4± 0.6 9.7± 1.1 10.3± 1.4
(N = 60000, d = 3072, k = 10) ARI 5.5± 0.4 6.1± 0.4 5.4± 0.2 6.1± 0.4 5.2± 0.7 5.5± 1.6

ACC 23.2± 0.7 23.5± 1.2 22.9± 0.8 23.6± 0.9 21.8± 1.3 23.0± 1.7

ImageNet10 [36] NMI 14.3± 0.7 14.2± 0.7 14.4± 0.5 15.7± 0.9 12.6± 3.1 14.8± 0.7
(N = 13000, d = 150528, k = 10) ARI 8.5± 0.7 8.0± 0.6 8.0± 0.5 7.9± 0.6 6.5± 2.0 8.4± 1.4

ACC 27.1± 0.8 26.3± 1.0 27.2± 0.8 24.6± 0.8 24.4± 3.5 26.7± 1.6

ImageNetDog [37] NMI 6.3± 0.4 5.9± 0.4 6.1± 0.4 5.5± 0.5 5.9± 0.4 6.1± 0.4
(N = 2574, d = 150528, k = 15) ARI 1.9± 0.2 1.7± 0.2 1.8± 0.2 1.5± 0.2 1.7± 0.1 1.9± 0.2

ACC 13.6± 0.5 13.3± 0.4 13.5± 0.5 13.0± 0.6 13.4± 0.5 13.7± 0.6

Results: In Fig. 2 we show the ACC results on USPS, MNIST,

and ImageNet10. Almost all methods perform best at m = 5
or m = 10. It seems that there is enough information in

this setting to achieve good clustering results, while keeping

unnecessary and potentially harmful information low. Overall,

the embedding size has a similar impact on all DC algorithms.

An exception is AE+KMeans on ImageNet10. Here the addi-

tional features lead to an improved result, but except for DEC,

which improves slightly from m = 50 to m = 100, the DC

methods did not benefit from the better initialization.

E. Impact of Cluster Initialization

The considered DC algorithms have all in common that they

use an initial clustering solution found by KMeans. In this

experiment we consider different partitioning-based clustering

algorithms for initialization, namely, Expectation Maximiza-

tion (EM) [42], Spectral Clustering [43] and SubKmeans [44],

and compare them against KMeans.

Setup: Here we only analyze DEC, IDEC and DCN, together

with the AE baselines. ACe/DeC is not included as it needs a

specialized cluster initialization. Further, due to computational

constraints we only consider the USPS and MNIST data sets.

Fig. 3. Impact of Cluster Initialization: Accuracy (ACC) scores for varying
initial clustering algorithms.

Results: In Fig. 3 we show the impact of the cluster ini-

tialization across 10 runs. For USPS the standard KMeans

initialization is performing best, together with SubKmeans.

Spectral clustering (AE+Spectral) got poor results, which

might be due to outliers and/or noise. Despite the poor initial

spectral clustering all DC algorithms were able to recover from

it, although the performance still suffered. For MNIST, EM

(AE+EM) performed best. This head start benefited the DC

algorithms and outperformed the KMeans initialization.
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TABLE III
RESULTS SMALL FEEDFORWARD AUTOENCODER: CLUSTERING RESULTS OF VARIOUS DEEP CLUSTERING APPROACHES ON DIFFERENT DATA SETS

USING A FEEDFORWARD AUTOENCODER WITH d-512-256-128-10 NEURONS. THE NOTATION CORRESPONDS TO THAT FROM TAB. II.

Dataset Metric AE+KMeans DEC IDEC DCN ACe/DeC DipEncoder

Optdigits [30] NMI 79.4± 2.3 86.9± 2.3 85.6± 2.0 82.4± 2.3 79.8± 3.3 86.2± 1.7
(N = 5620, d = 64, k = 10) ARI 73.7± 4.2 81.8± 4.4 80.4± 3.5 76.2± 4.3 72.3± 5.4 81.5± 3.2

ACC 84.0± 3.5 88.2± 3.8 87.5± 3.1 85.3± 3.4 82.3± 4.5 88.3± 3.2

USPS [31] NMI 68.1± 1.6 79.9± 1.7 79.9± 1.5 75.3± 1.5 70.5± 1.8 80.1± 1.8
(N = 9298, d = 256, k = 10) ARI 58.6± 2.1 71.5± 2.8 71.6± 2.5 66.1± 2.3 61.9± 5.2 72.5± 2.9

ACC 69.7± 2.8 76.1± 3.5 76.1± 3.5 73.4± 3.0 68.8± 5.8 76.9± 3.7

MNIST [32] NMI 74.3± 1.1 83.6± 1.8 86.1± 0.9 83.1± 1.0 81.4± 3.7 86.1± 1.2
(N = 70000, d = 784, k = 10) ARI 68.7± 1.8 78.8± 2.9 82.3± 1.6 80.1± 2.1 77.2± 6.1 82.5± 2.3

ACC 80.2± 1.6 85.4± 1.7 87.7± 1.1 88.9± 2.7 86.0± 5.4 87.4± 1.2

FMNIST [33] NMI 59.4± 1.8 61.4± 1.7 62.6± 1.6 60.6± 1.6 59.7± 2.1 59.8± 1.9
(N = 70000, d = 784, k = 10) ARI 42.3± 2.4 43.1± 2.9 44.5± 2.4 42.5± 2.0 42.4± 3.0 43.1± 2.7

ACC 53.2± 3.2 54.3± 2.9 54.7± 3.2 53.8± 2.9 54.3± 3.6 55.3± 2.3

KMNIST [34] NMI 49.7± 1.6 54.8± 1.7 54.5± 1.7 52.2± 1.1 52.0± 2.3 56.2± 2.0
(N = 70000, d = 784, k = 10) ARI 36.5± 1.9 40.5± 1.9 40.6± 2.1 38.5± 1.9 38.6± 2.3 42.8± 2.6

ACC 56.0± 2.6 58.0± 3.0 58.6± 3.1 58.3± 1.2 58.5± 4.3 59.8± 2.7

CIFAR10 [35] NMI 11.7± 0.6 11.3± 0.4 10.1± 0.8 12.2± 0.6 9.8± 0.7 11.8± 1.3
(N = 60000, d = 3072, k = 10) ARI 6.6± 0.4 6.4± 0.2 5.6± 0.5 6.6± 0.4 5.2± 0.5 6.3± 1.2

ACC 24.7± 0.9 23.9± 0.9 22.0± 1.0 23.5± 1.1 22.0± 1.3 24.5± 1.8

ImageNet10 [36] NMI 14.7± 1.1 15.7± 1.2 14.4± 1.7 11.7± 1.5 6.6± 2.3 15.7± 1.3
(N = 13000, d = 150528, k = 10) ARI 8.5± 0.9 9.0± 1.1 8.0± 1.4 5.5± 0.7 3.1± 1.1 10.2± 1.6

ACC 27.0± 1.3 26.9± 1.7 26.4± 1.8 21.3± 1.0 17.9± 2.1 28.2± 1.6

ImageNetDog [37] NMI 6.1± 0.5 5.6± 0.3 6.0± 0.5 4.7± 0.6 4.7± 0.8 6.1± 0.4
(N = 2574, d = 150528, k = 15) ARI 1.8± 0.2 1.6± 0.2 1.7± 0.2 1.2± 0.3 1.2± 0.3 1.9± 0.2

ACC 13.6± 0.5 13.1± 0.4 13.2± 0.5 12.4± 0.6 12.6± 0.7 13.6± 0.5

Fig. 4. Impact of Learning Rate: Accuracy (ACC) scores (mean and standard deviation) with varying learning rates of the AE with d-500-500-2000-10.

F. Impact of Learning Rate

The learning rate is a crucial hyperparameter in deep

learning and thus for DC. In real world clustering applications

we usually do not have access to ground truth labels to tune

the learning rate. Therefore, we investigate how sensitive the

considered DC algorithms are to the choice of learning rate.

Setup: For this experiment we only vary the learning rate

of the DC methods and keep the pretrained autoencoder the

same. We only consider learning rates that are smaller than

the learning rate of 0.001 used during pretraining to achieve

stable training. Due to computational constraints we use only

USPS, MNIST and ImageNet10. Note, that we do not use a

scheduler to reduce the learning rate over time.

Results: Fig. 4 shows the impact the learning rate has on

ACC. We see that for all three data sets the methods that are

using KMeans-like update mechanisms (ACe/DeC and DCN)

are more impacted by the choice of learning rate than the ones

that are based on the KL divergence loss (DEC and IDEC).

Especially, ACe/DeC performs worse for higher learning rates

for USPS. This is probably why in the ACe/DeC paper the

learning rate was reduced every 20% of training steps.

G. Generalization Performance

In DC research, and clustering research in general, splitting

a data set into a training and testing part is not common

practice. We believe that at least for DC, this is not well

supported as the learned parameters of a model can easily

be used to predict cluster labels on new, unseen data.
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Fig. 5. Generalization Performance: Accuracy (ACC) scores for cluster
predictions on train and test splits.

Setup: In this experiment we consider USPS and MNIST, as

they are both data sets of handwritten digits. USPS is smaller

and has a lower resolution than MNIST, which makes it a

useful check for overfitting. We first pretrain 10 AEs with

d-500-500-2000-10 on the PyTorch train splits of USPS and

MNIST, respectively, and perform the DC algorithms. After

training, we predict the cluster labels for the train data and

for the unseen test data and measure the accuracy.

Results: In Fig. 5 we see that the same AE architecture overfits

on USPS, while generalizing well on MNIST where train and

test distributions roughly match. On USPS ACe/DeC suffers

less from overfitting, but the variance is higher overall.

H. Impact of Augmentation

Augmentations are a common way to infuse domain knowl-

edge into DC methods. Augmentation usually benefits all

methods by learning cluster assignments that are invariant to

certain transformations. For example, when clustering hand-

written digits, we know that the cluster assignment should not

change when we slightly rotate the digit.

Setup: We focus on the grayscale data sets as their set of

augmentations is much smaller than for the color images. The

augmentations we consider are random rotations, translations

and shearing.2 We first pretrain the d-500-500-2000-10 on the

augmented data and then use the original and augmented data

during the DC procedures.

Results: Tab. IV shows the impact of augmentation on clus-

tering performance. We can see that just using the augmented

data during pretraining improves the baseline AE+KMeans

considerably. Except for a single instance all DC algorithms

further benefit from the additional domain knowledge. For

example, the maximum ACC achieved has increased from 86.4
to 94.5 on MNIST.

I. Impact of Architecture

We replace the feedforward AE backbone with a ResNet18

AE to measure the impact of an architecture that has an

inductive bias suited for images.

Setup: We exchange the feedforward AE of the DC methods

by a ResNet18 convolutional AE. All other settings remain

the same, including the embedding size m = 10 and number

of pretraining epochs.

2We use PyTorchs’ torchvision.transforms.RandomAffine(degrees=(-16,
+16), translate=(0.1, 0.1), shear=(-8, 8), fill=0) function.

Results: Tab. V shows that the results regarding KMNIST are

improved for IDEC, DCN and the DipEncoder. The DipEn-

coder also greatly improved its performance on Optdigits.

The results on the more complex data sets ImageNet10 and

ImageNetDog, on the other hand, have unexpectedly decreased

drastically. An explanation for the sub-optimal results might

be that the hyperparameter settings of the feeforward AE

(learning rate, training time, no weight decay, etc.) are not

suited for the ResNet18 AE. A detailed tuning of the backbone

is out of scope of this work, as our focus is the relative

performance of DC algorithms given a pretrained model.

V. DISCUSSION

Clustering Performance: To summarize our results we found

that across all settings and data sets the originally formulated

DEC and its extension IDEC perform quite well. The newly

introduced algorithms Ace/Dec and DipEncoder can occasion-

ally outperform them, but the results are quite comparable.

Choice of Autoencoder: The feedforward AE performs

strongly for the grayscale image data sets, but fails to learn

good features for the more complex color image data sets.

Other self-supervised learning approaches like masked image

modeling [45] or contrastive learning [46] might be better

suited to learn an initial representation for clustering images.

Hyperparameter Selection: Hyperparameter selection in un-

supervised learning is a big challenge, especially for DC

methods that have many possible settings. Our experiments on

the embedding size and learning rate provide further evidence

for this dependence.

Overfitting: The generalization performance experiments indi-

cate that overfitting can be a problem, especially on small data

sets like USPS. This result suggests that future benchmarks of

novel DC algorithms should use a train and test split similar

to supervised learning.

Importance of Initial Clustering: All experiments show that

the initial clustering is important for all considered DC meth-

ods. The quality of the initial clustering is dependent on the

chosen initial clustering algorithm and the learned embedding.

While this was expected, it provides further motivation for

researching initialization and pretraining strategies for DC.

VI. CONCLUSION AND FUTURE WORK

We performed the first in-depth benchmark of DC algo-

rithms in a common framework. We found several interesting

insights, such as the impact of choice of architecture, the

robust performance of established methods like DEC/IDEC

and the problem of overfitting on small data sets. Motivated by

these initial results, we want to extend the benchmark to more

algorithms, data sets, pretraining methods and architectures

in future work. Further, we are interested in exploring other

pretraining strategies besides autoencoding, like contrastive

learning and masked image modeling.
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