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Abstract

Semi-supervised learning has largely alleviated the strong demand for large

amount of annotations in deep learning. However, most of the methods have

adopted a common assumption that there is always labeled data from the same

class of unlabeled data, which is impractical and restricted for real-world appli-

cations. In this research work, our focus is on semi-supervised learning when

the categories of unlabeled data and labeled data are disjoint from each other.

The main challenge is how to effectively leverage knowledge in labeled data to

unlabeled data when they are independent from each other, and not belong-

ing to the same categories. Previous state-of-the-art methods have proposed

to construct pairwise similarity pseudo labels as supervising signals. However,

two issues commonly inherent in these methods: 1) All of previous methods

are comprised of multiple training phases, which makes it difficult to train the

model in an end-to-end fashion. 2) Strong dependence on the quality of pairwise

similarity pseudo labels limits the performance as pseudo labels are vulnerable

to noise and bias. Therefore, we propose to exploit the use of self-supervision

as auxiliary task during model training such that labeled data and unlabeled

data will share the same set of surrogate labels and overall supervising signals

can have strong regularization. By doing so, all modules in the proposed algo-
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rithm can be trained simultaneously, which will boost the learning capability

as end-to-end learning can be achieved. Moreover, we propose to utilize local

structure information in feature space during pairwise pseudo label construction,

as local properties are more robust to noise. Extensive experiments have been

conducted on three frequently used visual datasets, i.e., CIFAR-10, CIFAR-100

and SVHN, in this paper. Experiment results have indicated the effectiveness of

our proposed algorithm as we have achieved new state-of-the-art performance

for novel visual categories learning for these three datasets.

Keywords: Image Classification, Novel Visual Categories,

Self-Supervision, Pairwise Similarity, Local Data Structure

1. Introduction

Deep learning has achieved great success on visual recognition in recent

years. However, such superior performance heavily relies on large amount of

annotated data, which can be expensive, time-consuming and impractical for

real-world applications [1]. Semi-supervised learning [2] is utilized to alleviate5

the strong dependence of data annotation by exploiting structure information

in unlabeled data. Many state-of-the-art semi-supervised learning methods are

capable of achieving good performance with much less labels than those of super-

vised baseline [3, 4, 5, 6, 7, 8, 9, 10, 11]. Under a common assumption adopted

by semi-supervised learning algorithm, there is always labeled data available10

from the same class of unlabeled data. However, this assumption cannot be

always satisfied especially in real-world situations. More practical scenarios are

that there are distinguishing categories for unlabeled data, which means unla-

beled data are from separate classes without overlapping with existing classes

of labeled data. This notable problem in most semi-supervised learning meth-15

ods is not well addressed with very few research works on solutions reported

in literature. In this research, we focus on semi-supervised learning when the

categories of unlabeled data and labeled data are disjoint from each other.

If labeled and unlabeled data belong to the same set of categories, label informa-
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tion can be efficiently extracted to supervise the model to learn discriminative20

features. On the contrary, label information from labeled data is not directly

related to unlabeled data if they belong to disjoint categories, which suggests

that label information is not sufficient as supervising signals. The next research

question is what else can play the role of supervision and simultaneously apply

to all data. Several research works [12, 13, 14] have been done recently for novel25

categories learning and their answer to the preceding question is the pairwise

similarity information. It requires weaker supervision for predicting whether

two images are similar/belonging to the same class or not, compared to that of

classifying images into multiple categories. Pairwise similarity pseudo labels are

employed to supervise model training and the quality of pseudo labels deter-30

mines the ultimate performance of the trained model. [12, 13] train a similarity

prediction network (SPN) with labeled data first and then the predictions of

trained SPN on unlabeled data will be used as pairwise pseudo labels. In [14],

pseudo labels are generated with rank statistics of feature vectors that get up-

dated during the training process. All of those previous methods are comprised35

of multiple training stages, making it difficult to implement in an end-to-end

fashion. Moreover, their performances are constrained by strong dependence on

the quality of pairwise similarity pseudo labels that can be noisy and biased. In

this paper, we propose an end-to-end novel visual categories learning algorithm

by introducing a new supervising signal: self-supervision.40

Self-supervised learning has demonstrated very prominent results in the field of

unsupervised feature learning [15]. Pretext tasks are defined in self-supervised

learning and the required supervising signals are free to get, e.g., angle of ro-

tational transformation that has been applied [16], color of the image [17] and

order of patches from the same image [18]. Such self-supervision signals apply45

to both labeled and unlabeled data, and are argued to be able to teach models

on studying high-level features. Instead of utilizing self-supervision as a pre-

training stage, which is commonly adopted by most semi-supervised learning

algorithms [16, 14, 19], self-supervision signals are incorporated with pairwise

similarity information to supervise the model simultaneously in our proposed50
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algorithm. Thus, supervising signals injected to the model will have strong regu-

larization so that performance degradation caused by noisy and biased pairwise

pseudo labels can be largely alleviated.

Moreover, we propose to further improve the quality of pairwise pseudo la-

bels by exploiting local data structure information in feature space. Methods55

proposed in [12] and [13] generate pseudo labels with static function/network,

whereas [14] constructs pseudo labels on-the-fly with rank statistics. The supe-

rior performance of the latter one in [14] inspires us to adopt similar philosophy,

i.e., producing pairwise pseudo labels by comparing feature vectors. However,

feature space trained without ground-truth label information is noisy. Vanilla60

similarity metrics, e.g., cosine similarity, may fail to capture correct relationship

between feature vectors. Therefore, we propose to use conditional probability

in symmetric Stochastic Neighbor Embedding (SNE) [20] as pairwise similarity

measure to enforce local properties, which are more robust for noisy feature

space.65

Our main contributions in this paper are summarized as follows:

• An end-to-end novel visual categories learning algorithm is proposed by

utilizing self-supervision signals simultaneously with pairwise similarity

information. To the best of our knowledge, it is the first research work

that does not require model pre-training such that end-to-end learning70

can be achieved for novel visual categories learning.

• We propose to utilize robust local structure properties in noisy feature

space for the construction of pairwise similarity pseudo labels. In our

ablation study, experiment results have verified that pairwise similarity

pseudo labels constructed by our algorithm can capture data relationship75

more accurately than that of commonly-used cosine similarity method.

• Extensive experiments conducted for three commonly-used visual datasets,

i.e., CIFAR-10, CIFAR-100 and SVHN, have demonstrated the effective-

ness of our proposed algorithm as it is observed that our algorithm has

outperformed other state-of-the-art methods on all these three datasets.80
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The remainder of this paper is organized as follows. Section 2 gives brief intro-

ductions of relative works and background knowledge. Detailed explanations of

our proposed algorithm are described in Section 3. Experiment configurations

and discussions for experiment results are presented in Section 4. Section 5

concludes this paper.85

2. Relative Works

As our work is closely relevant to semi-supervised learning, self-supervised

learning and clustering, we will briefly introduce these three topics in this sec-

tion.

Semi-supervised learning leverages data structure information in large amount

of unlabeled data to improve generalization capability of the model, which would

be highly possible to suffer from overfitting issues with limited number of la-

beled data. Most semi-supervised learning methods can be summarized by Eq.

1:

Loss = LXl
+ LXu

(1)

where LXl
and LXu

denote the loss on labeled data Xl and unlabeled data Xu

respectively. For labeled data, the loss term is normally calculated by cross-

entropy loss between network prediction and ground-truth label. For unlabeled

data, the loss term varies with different methods. Accordingly, semi-supervised90

learning methods can be classified into two categories: consistency based and

pseudo-label based. Consistency based semi-supervised learning is one popular

direction, which has shown very encouraging empirical results in many research

works [10, 7, 8, 21, 22, 23]. The central strategy is to impose consistency con-

straints on network predictions for unlabeled data under perturbations. Such95

perturbations can be added to data or network. On the other hand, pseudo-label

based semi-supervised learning [11, 24, 6] adopts a more straightforward strat-

egy, i.e., to create pseudo labels for unlabeled data and treat pseudo labels as

ground-truth labels in subsequent training. [24, 6] have further shown that con-
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sistency constraints and pseudo-label based methods are complementary with100

each other. In our proposed algorithm, we incorporate both consistency-based

and pseudo-label based strategies into model training.

Self-supervised learning is getting increasingly favorable for unsupervised

feature representation due to its simplicity and high efficiency. Pretext task105

is defined to give model surrogate supervision and methods vary based on the

pretext task defined. RotNet proposed in [16] learns features via predicting the

rotational transformation that has been applied to the image. Jigsaw puzzle

solver proposed in [18] targets to predict relative spatial position of each puzzle

tile extracted from the original image. [17] focuses on colorization, i.e., to pre-110

dict the color with intensity information of the original image. Self-supervised

learning is commonly used as a pre-training process and the trained model will

be further utilized as a feature extractor for downstream tasks. [14] has also

explored the use of self-supervised learning in novel categories learning by initial-

izing the model with trained RotNet [16]. However, self-supervision signals are115

utilized independently during pre-training and most blocks of the trained model

are frozen in subsequent training process to avoid overfitting in [14], which limits

the learning capability of the model. Conversely, our proposed algorithm is to

train the model end-to-end by using self-supervision signals with other super-

visions jointly, which provides strong regularization along the training process.120

As such, the whole network can be trained without concerns on overfitting issues.

Clustering as a classic unsupervised learning problem has been studied in

many research works [25, 26, 27, 28, 29, 30, 31, 32]. In recent years, deep learn-

ing based clustering studies [29, 30, 33, 32, 34, 35] have been conducted due to125

favorable feature extraction capability of neural networks. Most methods in this

category can simultaneously learn feature embeddings and cluster assignments.

In [29], the model is first pre-trained with deep autoencoder [36] and then op-

timized with pseudo targets computed with current soft cluster assignments.

[30] reduces the clustering problem into binary pairwise-classification problem130
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and similar to [29], pairwise pseudo labels are calculated with current network

predictions. However, the criteria used for clustering are ambiguous due to the

lack of prior knowledge. Novel categories learning is free from such dilemma as

some labeled data is given, which is able to provide categorical information.

135

Zero-shot learning [37, 38, 39, 40, 41, 42, 43] also deals with classification

problem of images from unseen categories during training. Unlike common clas-

sification problem, extra information is required in zero-shot learning other than

training data and testing data, i.e., side information. Class attributes informa-

tion is one popular option in most zero-shot learning algorithms [44, 38, 45, 46].140

The class attributes include high-level semantic information, e.g., color, shape

and texture, for each class in training data and testing data. Another form

of side information exploited by previous researchers is textual information

[47, 48, 49], which can be extracted from Wikipedia text via Word2Vec [50].

Novel categories learning problem discussed in this paper is different from zero-145

shot learning as above-mentioned additional information is not required in novel

categories learning.

3. Methodology

3.1. Problem Formulation

Given a set of image data X = {x1, x2, ..., xN}, the corresponding labels are150

only known for part of the classes, denoted by {Xl, Yl}, and Yl = {y1, y2, ..., yl}.

The number of all possible classes in Yl is denoted as cl. For remaining data in

X, the corresponding labels are unknown, denoted by {Xu, Yu}. The number

of all possible classes in Yu is denoted as cu, which is assumed to be known.

Yu
⋂
Yl = ∅, i.e., the label classes in Xu are disjoint from label classes in Xl.155

The objective is to correctly cluster Xu into the number of cu classes as much

as possible with given {Xl, Yl}.
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3.2. Proposed Algorithm

The illustration of our proposed algorithm is shown in Fig. 1. Predicting

the angle of rotational transformation that has been applied to original im-160

ages proposed in [16] is utilized in our algorithm as auxiliary self-supervision

task. Three different linear classifiers are used to map data points from sharing

feature space to three target spaces, i.e., pairwise similarity pseudo label space,

categorical label space and self-supervision label space respectively, which corre-

spond to three modules in our algorithm. In the following subsections, detailed165

explanations are presented for each module.

ConvNet

ConvNet

ConvNet

ConvNet

#3 Linear Layer

Sharing Network

#2 Linear Layer

#1 Linear Layer

Figure 1: The illustration of our proposed end-to-end novel visual categories learning algo-

rithm. For both labeled data Xl and unlabeled data Xu, we first rotated the images by {0◦,

90◦, 180◦, 270◦}. All rotated images are fed into the convolutional neural network to get the

corresponding feature vectors φ. The feature vectors for 0◦ rotated images, i.e., the original

images, are used to calculated two losses: binary cross-entropy loss LBCE for Xu and cross-

entropy loss LCE for both Xl and Xu. Feature vectors for all {0◦, 90◦, 180◦, 270◦} rotated

images are used to calculate the third loss: rotation loss LRot. fc1, fc2 and fc3 represent

three different linear classifiers (i.e., fully-connected layers), that are employed to map feature

vectors to the target space for different loss calculations respectively.
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3.2.1. Pairwise Similarity Learning

Without any pre-training or fine-tuning being performed, our algorithm

starts with a random initialized CNN network. Image data in X is fed into the

network and the corresponding feature vector φi before linear layers for each

xi ∈ Xu is collected to compute the pairwise similarity. As there is no label in-

formation for Xu, the learned feature space is vulnerable to noise. Therefore, we

propose to exploit robust local data structure information in the feature space

to mitigate such impact. We use conditional probability proposed in symmetric

SNE [20] to represent the similarity sij between φi and φj , computed with Eq.

2 and Eq. 3.

pi|j =
exp(−||φj − φi||2/T 2)∑
k 6=j exp(−||φj − φk||2/T 2)

(2)

sij =
1

2
(pi|j + pj|i) (3)

where pi|j represents the conditional probability of φi being selected as a neigh-

bor of φj , given by a Gaussian distribution centered at φj , as shown in Eq. 2.

If two feature vectors are not close enough to each other, the probability will be

infinitesimal. Temperature coefficient T controls the number of neighbors being

considered.

After the computation of similarity sij , binary cross-entropy loss is calculated

accordingly to enforce the network giving similar predictions for image data

with similar feature vectors, as shown in Eq. 4 and Eq. 5.

LBCE = − 1

m2

m∑
i=1

m∑
j=1

{Aij log(ŷ>i · ŷj) + (1−Aij) log(1− ŷ>i · ŷj)} (4)

Aij =

1 if sij > τ

sij otherwise

(5)

where ŷi = softmax(fc1(φi)) ∈ Rcu , the output from linear layer fc1 for feature

vector φi followed by a softmax function. In our proposed algorithm, we wish

to update the network once per batch. Therefore, LBCE is calculated for image170

data in a batch and m is the number of unlabeled data in a batch. Similarly,
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the calculation of sij is done for each batch, instead of the whole dataset. Aij

equals to 1 if two image data xi and xj are considered to be similar, i.e., sij is

larger than the threshold value τ . Here the inner product between ŷi and ŷj

measures the similarity between network predictions for image data xi and xj .175

3.2.2. Mixed Label Classification

Besides pairwise similarity learning for unlabeled data, discriminative feature

learning for classification is essential as label information is known for Xl. We

first calculate cross-entropy loss Ll between the network predictions and Yl for

all data in Xl. For cross-entropy loss Lu on unlabeled data, predictions fc1(φi)

produced by the network in the previous pairwise similarity learning can be

used to infer pseudo labels. Therefore, cross-entropy loss is computed between

the network predictions and true labels for Xl together with pseudo labels for

Xu. One more linear layer fc2 is added to the network to map feature vectors

to label space of dimension cl + cu. The computation of LCE is shown in Eq.

6.

LCE = Ll + Lu

= − 1

n
(

∑
i:xi∈Xl

log(ŷi)yi + λpl
∑

i:xi∈Xu

log(ŷi)pi)
(6)

where n is the batch size, i.e., the total number of labeled data and unlabeled

data in a batch, ŷi = softmax(fc2(φi)) ∈ Rcl+cu , the output from linear layer

fc2 for feature vector φi followed by a softmax function, yi is the ground-truth

label, λpl is the weight coefficient for pseudo labels and the pseudo label pi for

each unlabeled data is inferred with Eq. 7.

pi = cl + arg max{softmax(fc1(φi))} (7)

Pseudo label pi is inferred by the output from the first linear layer fc1 incre-

mented by cl, as pseudo labels are mixed together with ground-truth labels to

calculate the loss. Similar to [14], consistency loss is added on the output from

linear layer fc1 and fc2 to enforce the stability and robustness of our algorithm,
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as shown in Eq. 8.

LMSE =
1

n−m
∑

i:xi∈Xl

||softmax(fc2(φi))− softmax(fc2(φ̂i))||2

+
1

m

∑
i:xi∈Xu

||softmax(fc1(φi))− softmax(fc1(φ̂i))||2
(8)

where φ̂i denotes the feature vector of x̂i, a random-augmented counterpart of

xi.

3.2.3. Self-Supervised Learning

Pairwise similarity learning builds the pairwise relationship between unla-

beled data based on the learned feature space, which is primarily supervised by

the label information of Xl, shown in Eq. 6. However, the extracted features

solely depending on image data from labeled classes are highly likely to be bi-

ased and its generalization capability for unlabeled data will be degraded. To

alleviate such problem, we propose to given additional supervision signal other

than the label information, which is only available for limited number of data.

In [16], the network is trained to predict rotational geometric transformation

that has been applied to the image data, serving the role of self-supervision. We

incorporate the rotation-based self-supervision signal into our algorithm by re-

quiring the network to classify image categories and rotational transformations

that has been applied simultaneously.

Every image xi ∈ X is rotated by {0◦, 90◦, 180◦, 270◦}, and the rotated im-

ages X are fed into the same network to get feature vectors, as shown in Fig.

1. The third linear layer fc3 is added to map feature vectors of rotated im-

ages to surrogate label space of dimension 4. Rotation loss LRot is calculated

by computing the cross-entropy loss between network prediction ŷi and rota-

tional surrogate label r = {0, 1, 2, 3} for images after rotational transformation

of {0◦, 90◦, 180◦, 270◦} respectively, as shown in Eq. 9.

LRot = − 1

n

∑
i:xi∈X

log(ŷi)ri (9)

where ŷi = softmax(fc3(φi)) ∈ R4, the output from linear layer fc3 for feature

vector φi of all rotated images followed by a softmax function.
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The overall objective function is computed in Eq. 10.

Lall = (1− λRot)(LBCE + LCE + βLMSE) + λRotLRot (10)

where λRot controls the relative importance between auxiliary self-supervision180

and explicit label information, and β determines the weight of consistency loss.

The form of LMSE determines that the magnitude of the loss will be minuscule

due to the power operation on probability distribution, which is different from

the other three loss terms. Moreover, ideal model is expected to give same

predictions for input data xi and its random-augmented counterpart x̂i such185

that LMSE should be close to zero. Therefore, β is normally set to a larger

value to balance the overall loss. The pseudocode for the proposed algorithm is

summarized in Algorithm 1.

4. Experiments

4.1. Datasets190

• CIFAR-10 dataset [51] is one commonly-used benchmark dataset for vi-

sual classification. There are total 60,000 color images of size 32 × 32,

evenly distributed among ten different classes. For each class, 5000 im-

ages belong to training data and the rest 1000 images belong to testing

data.195

• CIFAR-100 dataset [51] is similar to CIFAR-10 in terms of dataset size,

but CIFAR-100 is much more challenging than CIFAR-10 as there are

more diverse images in CIFAR-100. There are total 60,000 colorful images

of size 32 × 32, evenly distributed among 100 different classes. For each

class, 500 images belong to training data and the rest 100 images belong200

to testing data.

• SVHN (Street View House Numbers) dataset [52] is a real-world digit

number recognition dataset, comprising 73,257 and 26,032 colorful im-

ages of size 32 × 32 for training and testing data respectively. Pure digit

12



Algorithm 1 End-to-end Novel Visual Categories Learning via Auxiliary Self-

Supervision

1: Input: Labeled training images from known classes and the corresponding

labels {Xl, Yl}, unlabeled training images Xu from novel classes, the number

of all possible labeled classes cl, the number of all possible novel classes cu,

temperature coefficient T , threshold value τ , weight coefficient λpl, λRot

and β, convolutional layers of random initialized neural network gθ(·), three

linear layers fc1(·), fc2(·), fc3(·)

2: for epoch← 1 to # of training epochs do

3: for sampled minibatch B do

4: φi∈B ← gθ(xi)

5: for i, j ∈ B ∩Xu do

6: pi|j ←
exp(−||φj−φi||2/T 2)∑

k 6=j exp(−||φj−φk||2/T 2)

7: sij ← 1
2 (pi|j + pj|i)

8: LBCE ←
∑
L(Aij , fc1(φi), fc1(φj)), where Aij is defined in 5

9: pi ← cl + arg max{softmax(fc1(φi))}

10: LCE ←
∑
i∈B∩Xl

L(yi, fc2(φi)) + λpl
∑
i∈B∩Xu

L(pi, fc2(φi))

11: x̂i∈B ← randomly augment xi

12: φ̂i ← gθ(x̂i)

13: LMSE ←
∑
i∈B∩Xl

L(fc2(φi), fc2(φ̂i)) +
∑
i∈B∩Xu

L(fc1(φi), fc1(φ̂i))

14: xri∈B ← rotate xi by 0◦, 90◦, 180◦, 270◦

15: φri ← gθ(x
r
i )

16: ri∈B ← {0, 1, 2, 3}

17: LRot ←
∑
i∈B L(ri, fc3(φri ))

18: loss← (1− λRot)(LBCE + LCE + βLMSE) + λRotLRot
19: update fc1(·), fc2(·), fc3(·) and gθ(·) . back-propagation

20: Output: Model parameters θ of gθ(·) and fc1(·), fc2(·), fc3(·)

13



datasets, e.g., MNIST, are not suitable for the rotation-based auxiliary205

task in the proposed algorithm as pairs like “6” and “9” will be confusing

and introduce noise to the model. However, the digits in SVHN dataset

are not “clean” as the data are cropped from the original house-number

images. Therefore, there are “distracting” digits surrounding the digit of

interest. Those extra “distracting” digits improve the distinction between210

confusing pairs under various rotational transformations.

4.2. Implementation

The network architecture used is ResNet-18 [53]. For CIFAR-10 and SVHN

dataset, half of the training data is used as labeled data and the other half is

used as unlabeled data, i.e., cl = cu = 5. For CIFAR-100, 80 classes of training

images are used as labeled data and the rest 20 classes of training images are

utilized as unlabeled images from novel categories, i.e., cl = 80 and cu = 20. For

the hyper-parameter setting, λRot is set to be 0.8 in all datasets to enforce the

regularization effects and we follow the settings reported in [14] for the weight

coefficient λpl of pseudo labels and the weight β of consistency loss. λpl and β

take the form of a ramp-up function w(t) along the training process, computed

with Eq. 11.

w(t) = exp(−5(1− t

T
)2)

λpl = Apl · w(t), β(t) = Amse · w(t)

(11)

where t is the current training epoch and T is the total number of epochs in one

period. T is set to be {50, 300, 80}, Amseis set to be {5, 25, 50} and Apl = 0.05

for {CIFAR-10, CIFAR-100, SVHN}. The total number of training epochs is215

set to be {200, 400, 200} and initial learning rate is set to be {0.05, 0.1, 0.05} for

{CIFAR-10, CIFAR-100, SVHN}. For all datasets, we use Stochastic Gradient

Descent (SGD) optimizer for back-propagation and the learning rate follows

a cosine annealing scheme [54]. The batch size is set to be {128, 256, 128},

temperature coefficient T in Eq. 4 is set to be {1, 0.5, 1}, and threshold value τ220

in Eq. 5 is set to be 0.01 for {CIFAR-10, CIFAR-100, SVHN}. A smaller value
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set for temperature coefficient T of CIFAR-100 is due to the fact that there are

less similar pairs of data per batch for CIFAR-100 dataset than those for the

other two datasets. For threshold value τ , it determines the relative importance

between the two terms of LBCE in Eq. 4. If the threshold value τ is high,225

it means that the second term (1 − Aij) log(1 − ŷ>i · ŷj) will dominate LBCE ,

which will encourage the model to give dissimilar predictions for most pairs. On

the contrary, a low threshold value τ will encourage the model to give similar

predictions for most pairs as the first term Aij log(ŷ>i ·ŷj) will dominate the loss.

For datasets used in the experiments, similar pairs are much less than dissimilar230

pairs as none of the datasets is for binary classification. Therefore, we set τ to

a pretty small value to alleviate such imbalance such that the network can give

more similar predictions. The implementation details are given in Table 1.

Table 1: Implementation details of the experiments

CIFAR-10 CIFAR-100 SVHN

Initial Learning Rate 0.05 0.1 0.05

Batch Size 128 256 128

Total Training Epochs 200 400 200

cl 5 80 5

cu 5 20 5

T 50 300 80

Amse 5 25 50

T 1 0.5 1

Network ResNet-18

Optimizer SGD

LR Annealing Scheme cosine

λRot 0.8

Apl 0.05

τ 0.01

15



4.3. Evaluation

As the objective is to cluster Xu, our algorithm is evaluated with clustering

accuracy ACC metric in Eq. 12:

ACC = max
perm∈P

1

N − l
∑

δŷi,perm(yi) (12)

where ŷi is the network prediction for unlabeled data xi ∈ Xu, i.e., ŷi =235

arg max{softmax(fc1(φi))} and yi is the ground-truth label. P denotes all

possible permutations for the indices of cu clusters. δ denotes Kronecker delta

function.

4.4. Experiment Results

4.4.1. Clustering accuracy240

The clustering capability of our proposed algorithm is compared with pre-

vious state-of-the-art methods in Table 2. Six methods listed in the bottom

part of Table 2 including our proposed algorithm have utilized self-supervised

learning, whereas those listed in the upper part haven’t. Methods in the bottom

part of Table 2 generally perform better than those in the upper part, which in-245

dicates that it is beneficial to use self-supervised learning for the clustering task

of concern. Among all methods that have utilized self-supervised learning, our

proposed algorithm achieves the best results on all three datasets. Our results

surpass the latest best results of AutoNovel [14] by 1.9%, 6.1% and 0.2% on all

three datasets.250

4.4.2. Mixed classification performance

Besides the clustering capability of the trained model on unlabeled training

images, classifying new and unseen images from either “old” classes or “novel”

classes is of great significance for practical applications. Therefore, we further

evaluate our proposed algorithm together with other state-of-the-art ones on255

classification performance on testing images in these three datasets. In this case,

the output from linear layer fc2 is evaluated, and the results are listed in Table

3 and Table 4. On CIFAR datasets in Table 3, our proposed algorithm achieves
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Table 2: Clustering Accuracy on unlabeled training data (%). w/ SSL denotes

self-supervised learning is used in the pre-training stage of the network. All

reported results are using the same network architecture and averaged over ten

runs.

Dataset CIFAR-10 CIFAR-100 SVHN

k -means [55] 65.5± 0.0 56.6± 1.6 42.6± 0.0

KCL[12] 66.5± 3.9 14.3± 1.3 21.4± 0.6

MCL[13] 64.2± 0.1 21.3± 3.4 38.6± 10.8

DTC[33] 87.5± 0.3 56.7± 1.2 60.9± 1.6

k -means [55] w/ SSL 72.5± 0.0 56.3± 1.7 46.7± 0.0

KCL[12] w/ SSL 72.3± 0.2 42.1± 1.8 65.6± 4.9

MCL[13] w/ SSL 70.9± 0.1 21.5± 2.3 53.1± 0.3

DTC[33] w/ SSL 88.7± 0.3 67.3± 1.2 75.7± 0.4

AutoNovel [14] 91.7± 0.7 75.2± 4.2 95.2± 0.2

Ours 93.6± 0.6 81.3± 1.9 95.4± 0.3

the best results for all categories. Our algorithm has outperformed others on

both “old” and “novel” classes. It indicates that our algorithm is not biased260

to either category, as the trained network generalizes equally well on both. For

SVHN dataset in Table 4, our algorithm achieves the best result on “old” classes,

but AutoNovel [14] beats our algorithm on “novel” classes. As classifying SVHN

dataset is a relatively easier task compared with CIFAR datasets, we deduce

the reason is that overfitting has degraded the performance. In AutoNovel [14],265

label information is only used to tune the last block of network while most

parameters are frozen after self-supervised learning, which limits the learning

capability but meanwhile largely avoids overfitting. Comparing with AutoNovel

[14], our algorithm is able to capture more information as the whole network

is updating during the training process, whereas overfitting problem may arise270

when dealing with relatively easy datasets. Despite its suboptimal performance

on “novel” classes, our algorithm still achieves the best result on the whole
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testing dataset including all “old” classes and “novel” classes.

Table 3: Mixed Classification Performance on CIFAR datasets (%). We evaluate the trained network on testing data for

each dataset. “Old” refers to testing images from classes that have been trained by training images with label information,

while “Novel” refers to testing images from classes that no label information is used during training. “All” refers to all

testing images in the dataset.

Dataset CIFAR-10 CIFAR-100

Category Old Novel All Old Novel All

KCL[12] w/ SSL 79.3± 0.6 60.1± 0.6 69.8± 0.1 23.4± 0.3 29.4± 0.3 24.6± 0.2

MCL[13] w/ SSL 81.4± 0.4 64.8± 0.4 73.1± 0.1 18.2± 0.3 18.0± 0.1 18.2± 0.2

DTC[33] w/ SSL 58.7± 0.6 78.6± 0.2 68.7± 0.3 47.6± 0.2 49.1± 0.2 47.9± 0.2

AutoNovel [14] 90.6± 0.2 88.8± 0.2 89.7± 0.1 71.2± 0.1 56.8± 0.3 68.3± 0.1

Ours 94.6± 0.4 90.4± 0.4 92.5± 0.2 76.0± 0.2 66.7± 1.8 74.1± 0.5

Table 4: Mixed Classification Performance on SVHN dataset (%)

Dataset SVHN

Category Old Novel All

KCL[12] w/ SSL 90.3± 0.3 65.0± 0.5 81.0± 0.1

MCL[13] w/ SSL 94.0± 0.2 48.6± 0.3 77.2± 0.1

DTC[33] w/ SSL 90.5± 0.3 72.8± 0.2 84.0± 0.1

AutoNovel [14] 96.3± 0.1 96.1± 0.0 96.2± 0.1

Ours 97.6± 0.2 94.8± 0.3 96.5± 0.1

4.4.3. Ablation Study

To evaluate each module of our proposed algorithm, ablation study is per-275

formed on CIFAR-100 dataset and the results are listed in Table 5.

Self-supervised learning: First of all, the bias between mixed classification

performance on “old” classes and “novel” classes are largely alleviated due to
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Table 5: Ablation Study (%)

Clustering Mixed Classification

Ablation ACC Old Novel All

Ours 80.99 75.90 67.00 74.09

Variant (1) Ours without LRot 70.98 76.81 57.85 72.92

Variant (2) Ours without LMSE 79.97 75.09 65.45 73.16

Variant (3) Ours without Ll 51.00 4.11 39.45 8.34

Variant (4) Ours without Lu 73.49 77.75 47.90 62.20

Variant (5) Ours without LBCE 33.51 72.01 31.40 63.52

Variant (6a) Ours with cosine similarity† 75.56 75.39 63.45 72.96

Variant (6b) Ours with rank statistics? 74.14 75.59 61.75 72.79

Variant (7) Ours with SSL as initialization∗ 74.95 71.29 58.75 68.75

† We replace proposed conditional probability with cosine similarity, i.e., sij =
φi·φj

||φi||×||φj || ,

as similarity measure for the calculation of LBCE .

? The proposed conditional probability is replaced with rank statistics in [14].

∗ We follow the pre-training and fine-tuning schemes in [14], i.e., self-supervised learning

is only utilized independently for the network initialization.

the use of self-supervision, as the discrepancy, i.e., the classification accuracy

gap between “old” classes and “novel” classes, 8.90% of ours and 12.54% of280

variant (7) are lower than 18.96% of variant (1). Secondly, it is observed that

self-supervised learning can always boost the performance on both clustering

and mixed classification for “novel” classes by comparing variant (7) and ours

with variant (1). Lastly, the results have verified our argument that leveraging

self-supervision simultaneously with pairwise similarity information can further285

boost model’s learning capability as our algorithm outperforms variant (7) by

a significant margin on all evaluation metrics. The difference between ours and

variant (7) is the way how self-supervision is utilized: self-supervision and pair-
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wise similarity information are jointly training the network in our algorithm

while self-supervision is only used for pre-training in variant (7).290

Pairwise similarity learning: Firstly, it is observed that pairwise similar-

ity learning is the most crucial module for novel categories learning as only

33.51% and 31.40% accuracies have been achieved by variant (5) for clustering

and mixed classification on “novel” classes respectively, which are the worst

results among all variants. Secondly, the use of conditional probability as pair-295

wise similarity measurement can capture such pairwise relationship much more

accurately in the feature space than commonly-used cosine similarity. It can

be observed by comparing ours with variant (6a) that the our algorithm has

outperformed variant (6a) by significant margins of 5.43% and 3.55% for clus-

tering and mixed classification on “novel” classes respectively. Moreover, the300

rank statistics proposed in [14] are also compared with ours, as shown in variant

(6b). The result indicates that the rank statistics are less robust to noises in the

feature space trained with the proposed learning framework, as the clustering

and mixed classification accuracy of variant (6b) are less than 75% and 62% on

“novel” classes respectively, which are even poorer than those of variant (6a).305

Mixed Classification: By comparing variant (3) and (4) with ours, we notice

that mixed classification plays an important role for both “old” and “novel”

classes learning. Without Lu, the pseudo labels inferred by output from fc1 are

not utilized. Both clustering accuracy and mixed classification performance on

“novel” classes have dropped and the trained network is largely biased to “old”310

classes during mixed classification. Without Ll, i.e., the ground-truth label in-

formation for “old” classes is removed, all evaluation metrics have dropped a

lot. The effectiveness of consistency loss LMSE has been demonstrated by com-

paring ours with variant (2).

In Fig. 2, 2D t-SNE visualizations for feature vectors φ of training images315

from novel classes are demonstrated for models with different training schemes.

Without LRot, i.e., only pairwise similarity information and ground-truth label

information are supervising the model, feature vectors belonging to different

classes are not well separated and some parts are connected with each other
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(a) Our proposed algorithm w/o LRot (b) Our proposed algorithm w/ cosine similarity

(c) Our proposed algorithm

Figure 2: 2D t-SNE visualizations of embeddings φ for CIFAR-100 unlabeled training data

under different training schemes. Each single point represents one unlabeled training image

and different colors correspond to ground-truth labels. Recommend to view in color version.

as shown in Fig. 2a. For the case when pairwise similarity is measured by320

cosine similarity, there are more feature vectors clustered to the wrong groups

compared with our proposed algorithm as shown in Fig. 2b, indicating using

conditional probability as pairwise similarity criterion is more accurate than

cosine similarity.

5. Conclusion325

In this paper, we have proposed a new end-to-end novel visual categories

learning algorithm by utilizing self-supervision as an auxiliary task. Two major
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issues inherent in prior relevant methods reported in literature are limitation

of learning capability due to the difficulty for end-to-end training and pairwise

similarity pseudo labels’ vulnerability to noise and bias. To address these two330

problems, we propose to use surrogate labels from self-supervision together with

pairwise similarity pseudo labels to train the model simultaneously, which pro-

vides extra supervision and regularization for end-to-end learning. Moreover,

we propose to construct pairwise similarity pseudo labels by exploiting robust

local data structure information in noisy feature space. As such, the quality of335

pairwise pseudo labels can be further improved. The ablation study has demon-

strated the contribution from each single module and has shown the efficacy

of proposed designs. Experiments have been conducted on three commonly-

used visual datasets i.e., CIFAR-10, CIFAR-100 and SVHN. The results have

indicated the effectiveness of our algorithm as the proposed algorithm has out-340

performed previous state-of-the-art algorithms significantly.

The motivation behind this work is to alleviate the bias arising from lack of

annotations for images from novel categories. According to [14], self-supervised

learning does not demonstrate its effectiveness on ImageNet and OmniGlot [56]

for novel categories learning. The reason behind is that the diversity and abun-345

dance of those large datasets have already reduced the bias between different

categories. Therefore, the focus of novel categories learning problem for such

kind of datasets may not be on eliminating the bias between various categories.

To further explore effective algorithms of novel visual categories learning for

abundant and diverse datasets is one future research direction. Moreover, the350

novel categories learning problem discussed in this paper assumes that the num-

ber of novel categories is known, which may not be satisfied for realistic applica-

tions. In a more challenging setting, the number of novel categories/number of

clusters for unlabeled data is unknown and needs to be approximated. How to

determine the number of clusters for novel categories learning is an important355

question worth further research on.
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