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Abstract—We consider the problem of deep semi-supervised
classification, where label information is obtained in the form of
pairwise constraints. Existing approaches to this problem begin
with a clustering network and utilize custom loss functions to
encourage the learned representations to conform to the obtained
constraints. We present a novel framework that seamlessly
integrates pairwise constrained clustering, semi-supervised clas-
sification, and supervised classification. This approach leverages
advances in unsupervised learning by jointly training a Siamese
network and autoencoder to learn a representation that is
amenable for both clustering and classification. The resulting
framework outperforms existing approaches on common image
recognition datasets.

I. INTRODUCTION

In recent years, deep learning has emerged as the solution
of choice for inference tasks ranging from image classification
to text prediction due to its ability to learn data-driven
representations that allow for highly-accurate predictions [1].
However, learning such representations relies heavily on the
availability of a large number of labeled examples. While many
(unsupervised) deep clustering algorithms have been developed
in recent years [2], in large part these fail to provide the same
performance benefits as their supervised counterparts.

Semi-supervised learning is a subdomain of machine learning
that combines labeled samples with unlabeled data during
training. These methods rely on the premise that the use
of unlabeled data in conjunction with the labeled data can
produce a considerable improvement in learning accuracy [3].
In this work, we are especially concerned with semi-supervised
learning via pairwise constraints, which dictate whether two
points belong to the same class (referred to as a must-link
constraint) or different classes (cannot-link). Such constraints
arise from supervised information obtained from a human
labeler, who may not know the label of a specific instance
but could easily distinguish whether two instances should
be classified together. Pairwise constraints have largely been
utilized in the context of constrained clustering [4], with recent
results including deep clustering networks [5]–[7]. However,
these methods fail to fully leverage unsupervised information
gained from advances in unsupervised algorithms, and as a
result typically require a large number of pairwise constraints
to achieve significant performance benefits.

One method of incorporating pairwise constraints into learn-
ing is to maintain a set of certain sets, whereby points in the

same certain set are must-linked and points in different certain
sets are cannot-linked. This approach has been shown to achieve
excellent empirical results on constrained clustering problems
in both the general case [8] and the case of subspace clustering
[9]. Our key observation is that these certain sets can be treated
as a methodology for converting pairwise comparisons to class
labels. Under such an observation, a natural question arises—
for a given number of pairwise comparisons, will the best
performance be achieved by pairwise constrained clustering
(PCC), semi-supervised classification (SSC), or supervised
classification (SC)?

In this work, we present a novel framework for deep
learning via pairwise constraints that fully utilizes all available
information, both supervised and unsupervised. Our framework
seamlessly integrates PCC, SSC, and SC, allowing the user to
transition from one learning modality to another as more com-
parisons are obtained. We show that the proposed framework
outperforms the recent approach to deep constrained clustering
described in [6]. Further, our approach to PCC is shown to
outperform SSC and SC in the presence of limited labels, while
the latter methods improve as more comparisons are obtained.

II. RELATED WORK

Most semi-supervised clustering algorithms can be catego-
rized into one of two settings: the a-priori setting and the inter-
active setting [10]. The a-priori setting is a passive scheme that
uses a fixed set of known information to perform constrained
clustering; the interactive setting is an active scheme that
assumes the user can iteratively provide feedback to a clustering
algorithm. In this paper, we focus on semi-supervised learning
with pairwise constraints, which is an interactive setting that
iteratively collects user feedback as pairwise constraints and
updates the previous learned model. A common strategy to
obtain pairwise constraints is maintaining a set of certain sets
[8], [9], [11], whereby points in the same certain set are
must-linked and points in different certain sets are cannot-
linked. Constrained clustering algorithms take these must-link
and cannot-link constraints, as well as the unlabeled data, as
inputs to perform constrained clustering. Under this setting,
many standard algorithms can have constrained variants [4]
such as constrained K-means [12], pairwise constrained K-
means [11], hidden Markov random fields K-means in [13] and
[14], and flexible constrained spectral clustering [15]. However,



existing constrained clustering methods have several drawbacks,
including the negative effect of constraints and scalability
issues [6]. The negative effect of constrains is studied in [16],
which indicates that although on average the additional side
information can improve the clustering performance, there exist
some individual constraint sets that do harm to the result, which
is worse than using no constraints.

With the successes of deep learning in the field of supervised
learning, deep clustering, which utilizes deep neural networks
to perform clustering, has become a popular research topic.
A survey of recently developed deep clustering algorithms
can be found in [2]. In [17], the authors propose the deep
embedded clustering (DEC) algorithm, which learns feature
representations and cluster assignments at the same time. The
deep clustering network (DCN), which combines an auto-
encoder with the K-means algorithm, was proposed in [5].
Motivated by the development of deep clustering methods, some
semi-supervised clustering networks with pairwise constraints
have been explored. A nonparametric clustering method using
a deep neural network is proposed in [18]; however, it cannot
make out-of-sample predictions. In [6], the authors propose
a deep constrained clustering framework based on DEC [17],
which overcomes the limitations of classical methods, and the
trained network is able to deal with out-of-sample data.

While PCC methods with pairwise constraints are studied
by many researchers, performing classification with the same
amount of information remains unexplored. Since samples in
each certain set can be considered as points having the same
class label, SSC and SC methods are available.

III. DEEP CLASSIFICATION WITH PAIRWISE CONSTRAINTS

A. Problem Formulation

Consider a set of N points X = {x1, . . . , xN} lying in
Rd with corresponding labels y1, . . . , yN ∈ [K], where K is
the total number of classes. Assume pairwise comparisons
are obtained in a manner following [9], yielding a set of
certain sets, where for any certain set Sk ⊂ X , xi, xj ∈ Sk

if and only if yi = yj . Denote the collection of all certain
sets by S = {S1, . . . , SL}, where L ≤ K. Certain sets can be
converted into class labels, which can be utilized by (semi-
)supervised methods. Given a set of certain sets S and predicted
labels ŷ1, . . . , ŷN ∈ [K], the goal is to maximize prediction
accuracy across the entire dataset, which is the classification
accuracy up to the best permutation of labels.

B. Proposed Framework

Fig. 1 shows a high-level structure of the proposed frame-
work. The Siamese network is used to extract unsupervised
features by leveraging similarity information provided by
any unsupervised method. This network takes two branches
of unlabeled data, as well as their similarities, to learn an
unsupervised embedding. By converting must-link and cannot-
link constraints into pairwise similarities, certain sets are
utilized by the Siamese network to further improve features’
quality. PCC obtains the unsupervised features from the
Siamese network and predicts labels by K-means; SSC not

only utilizes the Siamese network, but also has an additional
supervised classifier that takes the Siamese embedding as input
to make predictions; SC shares the same network structure with
SSC, but the whole network is trained as a supervised classifier,
which means the Siamese network in SC is considered as a
set of fully-connected hidden layers.

1) Certain Sets: Initially, we have S = ∅, and the certain
sets are formed by making pairwise comparisons. At each
query step, we obtain pairwise comparisons from a human and
decide whether assign x to an existing certain set or create a
new certain set, and the number of pairwise comparisons is
recorded as the querying cost indicator.

2) Pretrained Affinity: Our framework begins with an affinity
matrix A ∈ RN×N , where Aij ∈ [0, 1] denotes the similarity
between points xi and xj . This affinity matrix may be generated
by any unsupervised method (e.g., Euclidean distance, cosine
similarity, and manifold learning methods); here, we focus
on affinities generated by the elastic net subspace clustering
(EnSC) [19] and the sparse subspace clustering by orthogonal
matching pursuit (SSC-OMP1) [20], which have been shown to
achieve excellent clustering performance on a variety of image
recognition databases. Our goal is to use the affinity matrix
in conjunction with the data X to learn an embedding that is
amenable to either clustering via K-means or classification.

3) Siamese Network: Toward this end, the pretrained affinity
is used to learn an embedding Z that respects the affinities
stored in A. We train a Siamese network [21] using the
contrastive loss [22]

LC =
Ai,j

2
‖xi − xj‖22 +

1−Ai,j

2
max(0,m−‖xi − xj‖2)

2,

(1)
where m is a threshold hyperparameter.

We simultaneously train an autoencoder, whose encoder
shares weights with the Siamese network, using mean squared
error (MSE) as the loss function. The purpose of jointly learning
a Siamese network and an autoencoder is to generate robust
embeddings while maintaining samples’ similarity relationships.
This entire network is trained using a linear combination
of contrastive and MSE losses and may be performed in a
completely unsupervised manner. To incorporate supervised
information from the certain sets, we allow for three approaches,
corresponding to PCC, SSC, and SC, which are described in
the following sections.

4) Pairwise Constrained Clustering: To apply PCC strategy,
must-link and cannot-link constraints in certain sets are
converted into pairwise similarities, where we set Ai,j = 1.0 for
must-link constraints and Ai,j = 0.1 for cannot-link constraints.
These similarities are further applied to Eq. (1), which allows
us to update the Siamese network, learning a more accurate
embedding of the data before clustering. After obtaining the
embedding Z from the Siamese network, K-means is applied
to obtain the final clustering result.

1Note that this SSC differs from semi-supervised classification.
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Fig. 1. Framework overview. The Siamese network extract unsupervised features from unlabeled samples and their pretrained affinities. By converting pairwise
constraints from certain sets into similarities, the Siamese network is able to utilize known information and improve the quality of learned features. The blue
colored blocks show the PCC workflow, and the green colored blocks show the SSS/SC workflow.

5) Semi-Supervised Classification: The SSC strategy not
only applies the PCC strategy, but also has a set of additional
fully-connected layers as a traditional classifier, which is
learned via the cross entropy loss on the certain sets’ labels.
The final classification result is obtained from the classifier,
where the Siamese network can be treated as a feature extractor.

6) Supervised Classification: SC directly applies supervised
learning that all layers including the Siamese network are
learned via the cross entropy loss on the certain set labels.

IV. EMPIRICAL RESULTS

A. Datasets

We evaluate the performance of our proposed framework
on the USPS [23], Fashion MNIST [24], and COIL-100
[25] databases, each of which involves an image recognition
task where pairwise constraints could easily be obtained
from a human labeler. The raw datasets are processed by a
convolutional autoencoder to extract high-level features, whose
properties are shown in Table I.

For each dataset, the exact same certain sets are used to train
each algorithm, and the certain sets are formed by randomly
querying samples and making pairwise comparisons with a
point from each certain set, as described in Sec. III-B1.

TABLE I: Overview of datasets considered.
Dataset # of samples # of features # of classes
Fashion 10000 500 10
USPS 9298 48 10

COIL-100 7200 500 100

B. Results

In this paper, we use two sparse affinity learning methods:
EnSC [19] and SSC-OMP [20], both of which have been shown
to achieve excellent unsupervised performance on the datasets
considered here while also generating sparse affinity matrices.
In our case, sparsity reduces the training cost since only non-
zero elements in the affinity matrix are used to train the Siamese
network. Spectral clustering is used as an unsupervised baseline.

Figs. 2–3 show the prediction accuracy versus the number
of pairwise comparisons using our above architecture, PCC,
SSC, SC, as well as the Deep Constrained Clustering (DCC)
framework of [6]. Unfortunately, we failed to train a DCC
network that can generates comparable results on COIL-100
dataset, even after extensive parameter tuning.

The figures demonstrate several key facts. First, in the
presence of very few constraints, PCC outperforms both SSC
and SC, especially in the case of the COIL-100 database,
where there are K = 100 classes. This is due to the fact
that after very few comparisons, some classes may have few
or no points in their certain set, making training a (semi-
)supervised predictor difficult. Next, we see that our approach
to SSC outperforms SC by a significant margin on the COIL-
100 dataset in Fig. 2c, where SSC is able to utilize both the
unsupervised affinity information derived by EnSC and the
supervised labels obtained from the certain sets. This is also
seen on the Fashion dataset when fewer than 300 comparisons
have been obtained in Fig. 2a and Fig. 3a. Unsurprisingly, SC
performs outperforms SSC on the relatively easy USPS dataset,
even with very few comparisons, which is shown in Fig. 2b
and Fig. 3b.

Fig. 4 shows the performance comparison for PCC and SSC
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Fig. 2. Clustering accuracy versus number of pairwise comparisons for proposed framework (PCC, SSC, SC) with the EnSC affinity as well as DCC method
of [6]. (a) USPS, (b) Fashion MNIST, (c) COIL-100 database.
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Fig. 3. Clustering accuracy versus number of pairwise comparisons for proposed framework (PCC, SSC, SC) the SSC-OMP affinity as well as DCC method
of [6]. (a) USPS, (b) Fashion MNIST, (c) COIL-100 database.

with different pretrained affinities on the three datasets. Fig. 4a
and Fig. 4d show that with similar baseline accuracies, EnSC
and SSC-OMP affinities generate similar accuracy results. In
Fig. 4b and Fig. 4e, although the unsupervised baseline of
SSC-OMP is lower than EnSC, the PCC and SSC models with
SSC-OMP outperform the EnSC version. This result shows that
our proposed framework has the potential to improve on the
initial unsupervised results of spectral clustering. In Fig. 4c and
Fig. 4f, the results indicate that on COIL-100, methods with
EnSC affinity outperform methods with SSC-OMP affinity.

V. CONCLUSIONS

We propose a deep learning framework that seamlessly
integrates PCC, SSC, and SC. The experimental results show
that in the presence of very few constraints, PCC outperforms
both SSC and SC, especially in the case of the COIL-100
dataset. Next, we see that on all datasets, the proposed
framework—which includes PCC, SSC, and SC—outperforms
the existing DCC, even after extensive parameter tuning. In our
experiments, we found that our method maintained a significant
computational advantage over DCC and was more robust to
the selection of parameters—a fact made especially clear on
the COIL-100 dataset.

Finally, we note that the unsupervised baseline occasionally
outperforms even PCC, which matches the observation of [16]
that certain constraints can actually hurt clustering performance.
Hence, the use of an active method for querying samples, such
as the margin-based approach of [9], is an important topic for
future research.
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