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ABSTRACT

SELF-SUPERVISED LEARNING FOR UNSUPERVISED IMAGE
CLASSIFICATION AND SUPERVISED LOCALIZATION TASKS

Baydar, Melih

Ph.D., Department of Computer Engineering

Supervisor: Assoc. Prof. Dr. Emre Akbaş

July 2024, 86 pages

Recent self-supervised learning methods, where instance discrimination is a funda-

mental pretraining task for convolutional neural networks (CNNs), excel in transfer

learning. While instance discrimination is effective for classification due to its image-

level learning, it lacks dense representation learning, making it sub-optimal for local-

ization tasks like object detection. In the first part of this thesis, we aim to mitigate this

shortcoming of instance discrimination task by extending it to learn dense representa-

tions alongside image-level representations. By adding a segmentation branch paral-

lel to image-level learning to predict class-agnostic masks, we enhance the location-

awareness of the representations. Our approach improves performance in localization

tasks, achieving up to 1.7% AP improvement on PASCAL VOC, 0.8% AP on COCO

object detection, 0.8% AP on COCO instance segmentation, and 3.6% mIoU on PAS-

CAL VOC semantic segmentation.

In recent years, Vision Transformers (ViTs) have significantly advanced deep learn-

ing models, boosting performance in traditional computer vision tasks and driving

substantial progress in self-supervised learning. In the second part of this thesis, we

also proposes UCLS, an unsupervised image classification framework leveraging the
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improved feature representation and superior nearest neighbor performance of self-

supervised ViTs. We incrementally enhance baseline methods for unsupervised im-

age classification and further propose the use of a cluster ensembling methodology

and a self-training step to optimize the utilization of multi-head classifiers. Extensive

experimentation demonstrates that UCLS achieves state-of-the-art performance on

ten image classification benchmarks in fully unsupervised settings, with 99.3% clus-

tering accuracy on CIFAR10, 89% on CIFAR100, and surpassing 70% on ImageNet

in an unsupervised context.

Keywords: Self-Supervised Learning, Contrastive Learning, Non-Contrastive Learn-

ing, Instance Discrimination Task, Semantic Segmentation, Object Detection, Unsu-

pervised Image Classification, Deep Clustering
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ÖZ

DENETİMSİZ GÖRÜNTÜ SINIFLANDIRMA VE DENETİMLİ YER
SAPTAMA GÖREVLERİ İÇİN ÖZ-DENETİMLİ ÖĞRENME

Baydar, Melih

Doktora, Bilgisayar Mühendisliği Bölümü

Tez Yöneticisi: Doç. Dr. Emre Akbaş

Temmuz 2024 , 86 sayfa

Son yıllarda, örnek ayrıştırma görevinin evrişimli sinir ağları (CNNler) için temel bir

ön eğitim görevi olduğu öz-denetimli öğrenme yöntemleri, öğrenme aktarmasında

büyük başarı elde etti. Örnek ayrıştırma görevi, görüntü düzeyinde öğrenme nede-

niyle sınıflandırma için etkili olsa da, yoğun öznitelik öğreniminden yoksundur ve bu

durum, nesne tespiti gibi yerelleştirme görevleri için tam uygun olmamasına yol açar.

Bu tezin ilk bölümünde, örnek ayrıştırma görevinin bu eksikliğini gidermek amacıyla,

onu görüntü düzeyindeki özniteliklerin yanında aynı zamanda yoğun öznitelikler öğ-

renmeye de teşvik etmeyi hedefliyoruz. Görüntü düzeyinde öğrenmeye paralel olarak

sınıf bağımsız maskeler tahmin eden bir bölütleme dalı ekleyerek, özniteliklerin lo-

kasyon farkındalığını artırıyoruz. Yaklaşımımız, PASCAL VOC’de %1.7 AP, COCO

nesne tespitinde %0.8 AP, COCO örnek bölütlemede %0.8 AP ve PASCAL VOC

anlamsal segmentasyonda %3.6 mIoU’ya kadar performans iyileşmeleri sağlıyor.

Son yıllarda, Vision Transformerlar (ViTs), geleneksel bilgisayarlı görü görevlerinde

derin öğrenme modellerini önemli ölçüde ilerleterek, öz denetimli öğrenmede de bü-

yük ilerlemelere yol açtı. Bu tezin ikinci bölümünde, iyileştirilmiş özellik temsili ve
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öz-denetimli ViT’lerin üstün en yakın komşu performansından yararlanan bir dene-

timsiz görüntü sınıflandırma yöntemi olan UCLS’yi öneriyoruz. Denetimsiz görüntü

sınıflandırma için temel yöntemleri kademeli olarak geliştiriyor ve çok başlı sınıf-

landırıcıların kullanımını optimize etmek amacıyla bir kümeleme toplama metodo-

lojisinden yararlanmayı ve bir kendi kendine eğitim adımı kullanmayı öneriyoruz.

Yoğun deneyler ile, UCLS’nin tamamen denetimsiz ayarlarda, CIFAR10’da %99.3,

CIFAR100’de %89 ve ImageNet’te %70’in üzerinde denetimsiz performansa ulaş-

tığını gösteriyor ve bu bağlamda en son teknolojiye uygun performans sağladığını

belirtiyoruz.

Anahtar Kelimeler: Öz-Denetimli Öğrenme, Karşılaştırmalı Öğrenme, Karşılaştır-

malı Olmayan Öğrenme, Örnek Ayrıştırma Görevi, Anlamsal Bölümleme, Nesne Ta-

nıma, Denetimsiz Görüntü Sınıflandırma, Derin Öbekleme
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CHAPTER 1

INTRODUCTION

This chapter is adopted from our JVCI journal paper [6] and extended by our recent

work.

Deep learning has advanced remarkably in recent years, driven by advancements in

algorithms, computational power and data availability, where models are trained to

learn representations from large datasets. These representations capture essential fea-

tures and patterns within the data, enabling models to perform tasks with high ac-

curacy. The prevailing paradigm to train deep models has been supervised learning

for years, which relies on vast amounts of human-labeled data to train such models.

However, a major limitation of supervised learning is its reliance on labeled data,

which is often labor-intensive and expensive to obtain. To overcome this limitation,

self-supervised learning (SSL) has emerged as a viable alternative. This approach en-

ables models to learn representations from unlabeled data by creating learning signals

through specially designed tasks, called pretext tasks, that achieves to create supervi-

sion from the data itself, thus reducing the dependency on human-labeled data.

In the field of computer vision, SSL has made significant strides in generating image

representations through the use of convolutional neural networks (CNNs) and vision

transformers (ViTs), effectively eliminating the dependence on human-provided la-

bels. The learned representations can be utilized in various downstream tasks, includ-

ing but not limited to image classification, object detection, image segmentation and

depth estimation.

1



1.1 Problem Definition and Proposed Methods

The predominant pretext task to learn image representations using CNNs, known as

the instance discrimination task, endeavors to map feature embeddings at the image

level from two distinct views of the same image—generated through different trans-

formations—to closely positioned points in the embedding space. This is achieved

through the utilization of a similarity-based loss function, either in a contrastive

[12, 13, 38, 59, 73, 84] or non-contrastive [5, 11, 14, 35, 72] manner. Figure 1.1

depicts the outline of these two learning schemes.

(a) Non-Contrastive Learning (b) Contrastive Learning

Figure 1.1: Outline of Non-Contrastive and Contrastive Learning. In (a) Non-

Contrastive Learning, the model learns useful representations of the data by maxi-

mizing agreement between different augmented views of the same data point, with-

out directly comparing with other data points. In (b) Contrastive Learning, the model

learns by comparing different data points, pulling similar (positive) pairs together and

pushing dissimilar (negative) pairs apart, thereby enhancing the discriminative power

of the representations. Image is adopted from [48].

Although this methodology has narrowed the gap in representation quality between

fully supervised and self-supervised learning for image classification, a disparity per-

sists for dense prediction (localization) tasks such as object detection and semantic

segmentation. This discrepancy arises predominantly from the image-level learning

2



of CNNs employing the instance discrimination task, wherein spatial information is

lost post the global average pooling operation. Several approaches have been pro-

posed for dense self-supervised learning of feature representations [41, 46, 75, 78,

83, 85]. However, while these approaches enhance performance in localization tasks,

they often compromise image-level representation quality, resulting in degraded per-

formance in downstream classification tasks.

In the first part of this thesis, we address the deficiency in location-aware representa-

tions in CNNs learned through the instance discrimination task. We propose to simul-

taneously learn dense feature representations alongside image-level representations to

improve the localization capability of trained models. Unlike dense self-supervised

learning methods, our approach preserves image-level representation quality. Specifi-

cally, we extend the instance discrimination learning framework with a class-agnostic

segmentation task by appending a segmentation branch to the deep backbone net-

work, working in parallel with image-level learning. The objective of this branch

is to predict a binary mask that segregates foreground (object) regions from back-

ground regions. In order to provide mask supervision to the segmentation branch, we

leverage ContraCAM [71], an extension of GradCAM [66], for binary mask genera-

tion within the self-supervised learning framework; however, any unsupervised seg-

mentation method can be employed to retain the self-supervised learning paradigm.

We argue that the segmentation branch provides the missing dense learning signal to

the backbone, enhancing the location-awareness of the learned representations. Our

method is applicable to both non-contrastive and contrastive learning methods.

For our baselines, we select SimSiam [14] and MoCo-V2 [13], building upon these

methods to validate our approach in both non-contrastive and contrastive learning

scenarios. We demonstrate the effectiveness of our approach by transferring the

learned representations to object detection and semantic segmentation downstream

tasks, achieving absolute improvements over baseline methods—up to 1.7% AP on

PASCAL VOC object detection, 0.8% AP on COCO object detection, 0.8% AP on

COCO instance segmentation, and 3.6% mIoU on PASCAL VOC semantic segmenta-

tion, respectively. Figure 1.2 visually represents these improvements.

In recent years, the emergence of Vision Transformers (ViTs) [26] has revolution-
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(a) COCO Detection (b) COCO Segmentation

(c) PASCAL VOC Detection (d) PASCAL VOC Segmentation

Figure 1.2: Transfer Learning Performance Comparison. Comparison of trans-

fer learning performance of self-supervised pretrained models to object detection and

segmentation downstream tasks on COCO and PASCAL VOC datasets. All models

are pretrained on ImageNet-100 dataset. “SegIns” denote our method, which im-

proves the baseline performance in all four tasks.

ized the landscape of computer vision as well as language modeling. By capitaliz-

ing on the self-attention mechanism, ViTs have demonstrated superior capabilities

in capturing long-range dependencies and contextual information in images, surpass-

ing traditional CNNs in several benchmarks. The advancements with ViTs have not

only boosted performance in traditional computer vision tasks but have also driven

significant progress in self-supervised learning methodologies.

Vision Transformers offer several advantages over Convolutional Neural Networks

in the context of self-supervised learning. First and foremost, ViTs excel in model-

ing global relationships within images due to their self-attention mechanism, which

contrasts with the local receptive fields of CNNs. This nature of ViTs eliminate the

4



aforementioned drawbacks of CNNs and paves the way for both image-level learning

and improved localization capabilities. DINO [11] —an approach leveraging self-

distillation with no labels— leads the way with significant improvements in repre-

sentation quality with the ViTs, providing superior nearest neighbor classifier (k-NN)

performance and object localization ability in the self-attention modules over CNNs.

Subsequent research on self-supervised (ViTs) [91, 86, 60] has significantly enhanced

the quality of feature representations, resulting in notable improvements in core com-

puter vision tasks such as object detection, image segmentation, and image classifi-

cation, all in an unsupervised manner. CutLER [76] leveraged ViT features to iter-

atively generate foreground object masks. These object masks were then utilized as

pseudo-labels to train an unsupervised class-agnostic object detection and instance

segmentation model, achieving state-of-the-art performance. U2Seg [56] advanced

CutLER’s approach to class-aware object detection and instance segmentation and

applied a similar pseudo-labeling pipeline to tackle the unsupervised panoptic seg-

mentation problem. TEMI [1] introduced a method by training a multi-head classifier

with a novel nearest neighbor-based loss function using pretrained ViTs, setting new

benchmarks in unsupervised image classification/clustering.

Our contributions in the first part of this thesis focus on enhancing self-supervised

learning with Convolutional Neural Networks (CNNs). However, with the emergence

of Vision Transformers in the field of self-supervised learning, we shift our focus to

leveraging these features for unsupervised downstream tasks, specifically unsuper-

vised image classification.

Unsupervised image classification involves grouping unlabeled images into clusters

without prior knowledge of their semantic labels. In the second part of this thesis,

we address this problem and introduce UCLS, an unsupervised image classification

framework that achieves state-of-the-art performance across ten image classification

benchmarks. Our primary motivations are the untapped potential of enhanced k-

nearest neighbor performance in the latest self-supervised Vision Transformers, and

the under-utilization of multi-head classifiers in unsupervised classification.

As a first phase, we select TEMI [1] as our baseline method and propose an improved

unsupervised multi-head classifier training to better utilize both the nearest neighbor
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of images and the capacity of pretrained models. First, we conduct a hyperparame-

ter search to achieve a slower and improved learning. Next, we propose a per-image

adaptive nearest neighbor selection using a distance threshold to encompass a broader

support set for each image. Additionally, we enhance the quality of teacher outputs

to provide a better learning signal to the student network and propose a modification

to the loss function based on empirical observations. In the second phase, we lever-

age the differences in predictions from various heads of the multi-head classifiers

and propose using a cluster ensembling method to consolidate all predictions into

combined class predictions for the images. In the third and final phase, we employ

a self-training approach to train a classifier on pseudo-labels generated by the clus-

ter ensembling phase, resulting in a classifier ready for inference. UCLS achieves a

fully unsupervised image classification accuracy of 88.98% on CIFAR100 and 71.5%

on ImageNet datasets. To the best of our knowledge, we are the first to pass 70%

accuracy on ImageNet dataset for the fully unsupervised image classification task.

1.2 Contributions and Novelties

Our contributions can be summarized as follows:

• We introduce SegIns, an enhancement to the instance discrimination pretext

task that improves the localization capability of learned representations while

preserving image-level representation quality in convolutional neural networks.

• We investigate the potential trade-off between image-level and dense represen-

tation learning, demonstrating that when combined effectively, both aspects can

boost each other’s performance.

• SegIns enhances transfer learning performance of models trained the instance

discrimination task on object detection (+1.7% AP), instance segmentation (+0.8%

AP), and semantic segmentation (+3.6% mIoU) downstream tasks while main-

taining performance on the image classification task under a linear evaluation

protocol.

• We introduce UCLS, an unsupervised image classification framework to achieve

state-of-the-art performance on several benchmarks, surpassing 70% accuracy
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on ImageNet, 99% accuracy on CIFAR-10 and 88% accuracy on CIFAR-100

datasets for the first time in fully unsupervised settings.

• We propose an improved unsupervised classification loss which that better lever-

ages the nearest neighbors capabilities of recent self supervised Vision Trans-

formers (ViTs) which can achieve performance comparable to supervised im-

age classification on several benchmarks.

• We investigate the contribution of each component in our unsupervised image

classification framework through extensive ablation analysis.

1.3 The Outline of the Thesis

This thesis is organized as follows: In Chapter 2, we review previous works related

to our methods, focusing on self-supervised learning with Convolutional Neural Net-

works (CNNs) and unsupervised image classification using self-supervised Vision

Transformers (ViTs). In Chapter 3, we describe our proposed method, SegIns, and

its improvements to the instance discrimination task with CNNs for better localiza-

tion learning. In Chapter 4, we demonstrate the effectiveness of our proposed method

through transfer learning experiments on object detection and semantic/instance seg-

mentation tasks, and provide ablation studies to better understand the impact of dif-

ferent components. In Chapter 5, we introduce our proposed method in unsupervised

image classification, including the necessary background information to understand

our work better, and give a detailed description of each of our contributions. In Chap-

ter 6, We present step-by-step improvements of our contributions through ablation

studies and compare our approach to other methods in unsupervised image classifi-

cation to demonstrate its effectiveness. Finally, in Chapter 7, we conclude this thesis

with an overview of our contributions.
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CHAPTER 2

RELATED WORK

This chapter is adopted from our JVCI journal paper [6] and extended for our recent

work.

2.1 Self Supervised Learning with CNNs

2.1.1 Pretext Tasks

The effectiveness of self supervised learning has started to excel with the advent of

artificially designed pretext tasks. Doersch et al. [25] split an image into patches and

task the model to guess the relative position of a patch to another patch while prevent-

ing trivial shortcuts by applying location jittering and color projection/dropping to the

patches. Noroozi et al. [57] designed a jigsaw puzzle task where the model guesses

the correct ordering of shuffled patches of an image. Zhang et al. [89] propose to pre-

dict colors of a given grayscale image in the CIE Lab color space in a classification

setting. Gidaris et al. [33] rotate images in one of 0, 90, 180 and 270 degrees and

propose a classification task where model predicts the class of the rotational degree

for the given image. Noroozi et al. [58] learn to count objects in non-overlapping

patches of an image versus the whole image to generate semantic representations.

DeepCluster [9] introduces a method that alternates between clustering image fea-

tures and using the cluster assignments as pseudo-labels for training the network.

DeepCluster-v2 [10] improves DeepCluster by introducing an explicit comparisons

to k-means centroids, leading to enhanced stability and performance.

Exemplar-CNN [27] leverages surrogate classes created through image transforma-
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tion on a single ("exemplar") image and considers each image as a class in the learn-

ing algorithm. This method is also very similar to the idea of instance discrimination

task where augmentations of the same image are utilized in the learning. Next, we

elaborate more on the discrimination task.

2.1.2 Instance Discrimination Task

Instance discrimination task [82] has emerged as a pivotal pretext task for self-supervised

representation learning. MoCo [38] achieved notable success through contrastive

learning, utilizing a memory bank to store negative samples and employing an ex-

ponential moving average (EMA) key encoder to maintain the memory bank em-

beddings up to date. SimCLR [12] eliminates the memory bank, relying on a large

batch size to facilitate learning from negative samples within the mini-batch. BYOL

[35] simplifies contrastive learning with a non-contrastive framework, introducing a

predictor network to one branch of the flow to break symmetry, while retaining the

EMA encoder on the other branch. SimSiam [14] further streamlines BYOL by re-

moving the EMA encoder, ensuring identical feature extractors, and incorporating

a stop-gradient operation on one branch to prevent representation collapse. DINO

[11] introduces centering and sharpening mechanisms, and VicReg [5] incorporates

variance, invariance, and covariance terms into the loss function to prevent collapse.

Despite their successes, these methods universally employ a global average pooling

operation at the end of feature extractors, resulting in the loss of spatial informa-

tion and degradation of the localization capabilities of learned representations. Our

objective is to extend the instance discrimination task, whether contrastive or non-

contrastive, to enhance the localization capability of representations while preserving

image-level representation quality.

2.2 Segmentation in Self-Supervised Learning

Segmentation maps have been widely integrated into self-supervised learning meth-

ods. CAST [67] incorporates saliency maps in the cropping procedure, constraining

random crops to object regions, and computes cosine similarity between saliency

10



maps and the attention map of the penultimate backbone layer to enhance the inter-

nal attention mechanism of the model. DetCon [41] utilizes unsupervised segmenta-

tion maps to identify regions belonging to the same objects, performing contrastive

learning on local regions in the dense feature maps. Mo et al. [54] introduces a self-

supervised class activation map generation method to extract foreground objects and

paste them onto different backgrounds, aiming to decouple foreground-background

representations. Ki et al. [46] employs rotation augmentation along with a top-k at-

tention pooling operation to generate attention maps, applying contrastive learning

on rotated attention maps. Our approach distinguishes itself by directly predicting a

class-agnostic segmentation mask in a supervised framework, where self-supervised

methods provide the supervision, utilizing this semantic segmentation branch as an

auxiliary task to enhance the localization capability of the instance discrimination

task.

2.3 Unsupervised Image Classification using Self-Supervised ViTs

2.3.1 Self-Supervised Vision Transformers

Vision Transformers propose a very strong baseline in many computer vision tasks

including image classification [26, 21], object detection [8, 50, 88] and segmentation

[15, 45] problems. This performance boost by ViTs also propagated to self-supervised

learning [11, 91, 86, 3] due to its improved feature representation quality provided by

the self-attention mechanism.

DINO [11] explored the capabilities of ViTs with non-contrastive learning through

centering and sharpening mechanism, and showed that even though training is per-

formed with image-level objectives, ViTs also successfully learn object boundaries

in the attention layers, which later motivated advancements in unsupervised local-

ization tasks such as object discovery [69, 77, 79], object detection [76] and image

segmentation [36, 68, 56].

BEiT [4] and iBot [91] applied BERT [24] pretraining on ViTs, referred to as Masked

Image Modeling (MIM), where BEiT predicts the visual tokens of the original image
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as the learning task, while iBOT applies self-distillation on [CLS] tokens and patch

tokens. MAE [37] use an encoder-decoder architecture to predict pixels by masking

a big portion of the images. In a concurrent work, SimMIM [86] similarly propose to

predict pixel values instead of patch embeddings using an ℓ1 loss while experimenting

with various masking strategies. MSN [3] propose to apply a random mask on one

augmentation of an image while leaving the other augmentation unmasked, and solve

a clustering problem on the two representations using cluster prototypes.

DINOv2 [60] propose to curate a large-scale dataset through a self-supervised re-

trieval system, gathering 142M images in LVD-142M dataset. They introduce sev-

eral design improvements over the iBOT method including a distillation step and ob-

tain robust self-supervised visual features, achieving state-of-the-art k-NN and linear

evaluation results on several image classification and video classification benchmark

datasets.

We leverage the robust and high-quality visual representations of the DINOv2 method

and propose improvements for unsupervised image classification by making better

use of nearest neighbors and multi-head classifiers.

2.3.2 Unsupervised Image Classification/Clustering

Unsupervised image classification, also referred to as deep image clustering, has gar-

nered significant attention as it aims to group images without relying on any human

annotations. DeepCluster [9] learn feature representations through alternating be-

tween classification and k-means clustering phases while using the cluster assign-

ments as pseudo-labels for the classification phase. SeLa [87] induce an equiparti-

tion problem of the data and show that the resulting label assignment problem is the

same as the optimal transport problem, and solves this problem with fast Sinkhorn-

Knopp Algorithm rather than using the k-means clustering phase. DeepClusterV2

[10] solved the correspondence problem of DeepCluster and SeLa methods between

different cluster assignments by using a codebook and using comparison between

features and these codebooks instead of predicting cluster assignments. ProPos [43]

propose to do contrastive learning on cluster prototypes while also aligning the rep-

resentations of the neighbors to learn well-separated clusters.
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SCAN [74] proposed a two stage deep clustering method where they first learn a

multi-head deep clustering model using nearest neighbor of images from extracted

features, and then apply self-training on the pseudo-labels obtained by the model

trained in the first stage. CoKe [63] changes the assumption of having equal-sized

clusters and only set a lower-bound on the minimum size of the clusters for a more

flexible distribution. SeCu [62] propose a stable cluster discrimination task through

mixing the soft labels of different views of an image to optimize the consistency

among different views, and applying an instance weighting mechanism that assign

higher weights to the harder samples. MIM-Refiner [2] observe that middle blocks

of the encoder models trained with masked image modeling have high representation

quality, and propose a nearest neighbor alignment task where an instance discrimina-

tion head is attached to the intermediate blocks of the encoders instead of only the last

block, and applies contrastive learning in the on nearest neighbors. TURTLE [31] use

the representation spaces of vision foundation models and propose an unsupervised

transfer task to discover the underlying human labeling behind a dataset.

Finally, TEMI [1] proposes an unsupervised multi-head classifier training based on

nearest neighbors of samples in a dataset. TEMI uses a student-teacher network, built

on top of pretrained self-supervised vision models, which learns to cluster images

into semantic groups. TEMI uses the classifier head with the lowest training loss

during inference. In this work, we introduce several components that improve the

performance of TEMI to a new state-of-the-art on fully unsupervised image classi-

fication/clustering problem. We further propose to use the under-utilized classifier

heads in an ensembling framework to improve the clustering quality of the best clas-

sifier head.

2.3.3 Nearest Neighbors in Self-Supervised Learning

Nearest neighbors are widely used in many self-supervised learning studies. NNCLR

[28] leverages nearest neighbors to extend beyond single-instance positives, creating

a support set for each image to generate positive pairs, thereby enhancing representa-

tions. SNCLR [32] introduces a soft measurement to mine nearest neighbors through

cross-attention scores, termed soft nearest neighbors, to support samples using adap-
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tive weights. SCAN [74] presents a self-supervised learning task that clusters images,

operating on the assumption that nearest neighbors are likely to share the same seman-

tic class. TEMI [1] employs self-supervised Vision Transformers (ViTs) as backbone

models to train unsupervised classifiers using nearest neighbors, applying a point-

wise mutual information loss between the embeddings of nearest neighbors, similar

to the SCAN method. Building on this, we propose an adaptive nearest neighbor min-

ing method to enhance the support set provided by the TEMI method, significantly

improving unsupervised image classification accuracy.
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CHAPTER 3

SEGINS: MODELS AND METHOD

This chapter is adopted from our JVCI journal paper [6].

We introduce Segmentation-Enhanced Instance Discrimination (SegIns) self-supervised

learning framework, an extension of the instance discrimination task, to better learn

the lacking localization information in the learned representations while preserving

the image-level representation quality. The outline of our method is depicted in Fig.

3.1.

As a pseudo-first stage, a model (i.e. the encoder backbone and the projector/predic-

tor in the instance discrimination branch of the figure) is trained using the instance

discrimination pretext task to obtain image-level representations. This stage is same

with previously proposed methods such as SimSiam [14], BYOL [35], MoCo-V2

[13] or SimCLR [12]; thus, this stage can be skipped for existing methods by re-

using the available self-supervised pretrained models. Learned representations are

then used to generate class-agnostic segmentation masks to later feed to our learning

pipeline as dense supervisory signals. To this end, we use ContraCAM [54] to gener-

ate pseudo-masks, while any unsupervised segmentation method can be used to retain

the self-supervised learning. In the main stage, we extend the instance discrimination

pretext task with a class-agnostic semantic segmentation branch to simultaneously

learn dense features along with the image-level representations, which injects local-

ization information to the learned representations.

For completeness, we first provide background information on instance discrimina-

tion task and pseudo-mask generation with ContraCAM, and then elaborate more on

our proposed method.
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Figure 3.1: Overview of our Proposed Pretext Task, SegIns. From an image, two

views are sampled with transformations t1 and t2 and fed to the encoder backbones

f1 and f2 to extract dense feature maps. Instance Discrimination Branch consists of

a standard image-level instance discrimination method such as MoCo [38] or Sim-

Siam [14], where image-level embeddings are generated using a projector network

(and then a predictor network for SimSiam). Segmentation Branch extends this stan-

dard approach by integrating a dense learning flow, which learns a class-agnostic

segmentation of the objects from pseudo-binary-segmentation-masks produced by an

unsupervised segmentation or saliency based method (e.g. ContraCAM [71]). We

show the pseudo-segmentation-mask generation flow as an online process for com-

pleteness; however, we use pre-computed segmentation masks during training). Over-

all, representations learned by SegIns improves localization downstream task perfor-

mance when transferred to object detection and segmentation while also preserving

the original image-level categorization performance.
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3.1 Background

3.1.1 Instance Discrimination Task

In the instance discrimination [82] pretext task; first, two views (called the positive

pair) of the same image are generated using two sets of random augmentations. Dur-

ing learning, image-level embeddings z+1 and z+2 that are extracted from the positive

pairs through two branches of deep feature extractors f1 and f2 are pulled together in

the embedding space. In addition, in the contrastive learning setting, embeddings of

views generated from different images z− (called the negative pairs) are pushed apart.

In this work, we use special cases of instance discrimination task, namely SimSiam

[14] and MoCo-V2 [13] as our baselines.

In SimSiam, the encoder consists of a deep convolutional neural network followed

by a 3-layer projector MLP, where parameters are shared between the two branches

f1 and f2; whereas, a 2-layer predictor MLP h breaks the symmetry on one side,

and the stop-gradient operation breaks it on the other in order to avoid representation

collapse. Similarity between image-level embeddings are computed with:

D(p+1 , z+2 ) = −
p+1
∥p+1 ∥2

· z+2
∥z+2 ∥2

, (3.1)

where p+1 = h(z+1 ) and the ∥.∥2 is ℓ2-norm. Following (3.1), instance discrimination

loss is computed with a symmetric loss function as:

Lid =
1

2
D(p+1 , z+2 ) +

1

2
D(p+2 , z+1 ). (3.2)

In MoCo-V2, the encoder consists of a deep convolutional neural network followed

by a 2-layer projector MLP while there is no predictor network. The encoders f1

and f2 are referred to as query and key encoders where key encoder is an exponential

moving average of the query encoder. Instance discrimination loss is computed with

a contrastive loss function, InfoNCE [59], as:
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Lid = − log
exp(z+1 · z+2 /τ)∑K
i=0 exp(z

+
1 · z−i /τ)

, (3.3)

where K is the number of negative samples, τ is a temperature hyper-parameter and

· denotes dot product.

Pretraining with instance discrimination pretext task leads to image representations

that performs well when transferred to image classification downstream task since

both the pretext task and the downstream task utilizes image-level representations;

however, it performs worse than dense (or pixel-level) self-supervised learning meth-

ods when transferred to object detection / semantic segmentation downstream tasks

as the localization information is lost in CNNs during the computation of the image-

level embeddings with the use of global average pooling layer.

3.1.2 ContraCAM: Self-Supervised Mask Generation

ContraCAM [54] is a class activation map (CAM) generation method that is tailored

to self-supervised learning and can highlight the salient regions of the image that are

likely to contain objects. To this end, ContraCAM replaces the usage of cross entropy

loss by GradCAM [66] with the instance discrimination loss, and discards negative

signals coming from the gradients to further enhance the generated saliency maps

which were found to hinder object localization.

While class activation maps have originally been proposed to explain the outputs of

supervised models, we employ the generated maps as class-agnostic pseudo-masks

to provide supervision to our segmentation branch. We apply thresholding on the

resulting ContraCAM outputs at 0.5 to obtain the binary pseudo-masks.

Although any unsupervised semantic segmentation method can be used for the mask

generation to retain the self-supervised learning paradigm, ContraCAM prevails with

two advantages: (i) it makes our method self-sufficient as it enables using the baseline

self-supervised method (e.g. SimSiam, MoCo-V2) to generate pseudo-masks, and (ii)

it accommodates a simpler pipeline by not depending on more complex unsupervised

mask generation methods.
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3.2 SegIns: Segmentation-Enhanced Instance Discrimination Task

We propose SegIns, an extension to the instance discrimination task, which simultane-

ously learns dense feature representations alongside the already occurrent image-level

representations.

As for the image-level learning, SegIns uses the pipeline of the adopted baseline

method, and further extends it with a class-agnostic segmentation branch for dense

representation learning. Specifically, given the feature mapsFb ∈ RH×W×C extracted

by the encoder backbone; we opt for a simple segmentation branch design which con-

sists of a projection layer with two consecutive 1x1 convolutional layers (followed by

batch normalization and ReLU) that outputs dense feature vectors Fd ∈ RH×W×2C ,

and a prediction layer with a 2x2 deconvolutional layer with a stride of 2 and a 1x1

convolutional layer that maps the output of the projection layer to a class-agnostic

segmentation mapMp ∈ R2H×2W×1. Finally, we use dice loss [71] to compute the

segmentation loss Lseg between the predicted mask Mp and the pseudo-mask Mg

with the equation:

Lseg = 1− 2

∑
i∈IMi

pMi
g + 1∑

i∈IMi
p +

∑
i∈IMi

g + 1
, (3.4)

where i ∈ I is the index of each pixel; andMi
p andMi

g are the values of pixels in

predicted masks and pseudo-masks in the batch, respectively. 1 is added in numerator

and denominator for numerical stability. We compute the final segmentation loss on

masks that are generated for both of the augmented views and take the average.

Overall, during training, we define the SegIns loss as:

LSegIns = Lid + λLseg, (3.5)

where the two losses are balanced by λ which is set to 1 for SimSiam, and 2 for

MoCo-V2 experiments.
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CHAPTER 4

SEGINS EXPERIMENTS

This chapter is adopted from our JVCI journal paper [6].

4.1 Datasets

We use ImageNet-100, a subset of the ImageNet [22] dataset, to train and evaluate

our models due to resource restrictions. ImageNet-100 consists of ∼125k images

which is sufficiently large to perform experiments of statistical significance, as stated

in [84].1 As for the localization transfer learning experiments, we use PASCAL VOC

[29] for object detection and semantic segmentation, and MS COCO [52] for object

detection, instance segmentation and semantic segmentation downstream tasks.

4.2 Implementation Details

To show that our approach is applicable to both non-contrastive and contrastive learn-

ing, we conduct experiments on both MoCo-V2 [13] and SimSiam [14] as the base-

line methods; denoting SegIns versions as SegInsM and SegInsS , respectively. We

compute the class-agnostic pseudo-masks using ContraCAM [54] after the baseline

instance-discriminator model is trained and before starting the training of SegIns. We

use these masks throughout the training. We utilize ResNet50 [40] as the backbone

network, and use outputs from the 4-th stage (res4) to feed to the segmentation branch.

We employed the default training hyper-parameters and augmentations defined by the

1 We were not able to use the full ImageNet dataset due to our limited GPU resources.
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baseline methods2, and apply the same geometric augmentations (i.e. random crop,

random flip) to the pre-computed pseudo-masks. In addition, we resize the augmented

pseudo-masks to a spatial shape of 28x28 and compute the segmentation loss at this

resolution. All the models are trained for 500 epochs.

Multi-crop setting. We also employ the multi-crop augmentation setting [10] through

the experiments. More specifically, we generate 6 views instead of 2 during the aug-

mentations where 2 views are of shape 224 x 224, called the global crops, and 4 views

are of shape 96 x 96, called the local crops. We use a random scale in the interval [0.4,

1.0] for the global crops, and [0.05, 0.4] for the local crops in the random resized crop

augmentation. All other augmentations are kept the same. In this setting, we com-

pute the instance discrimination loss by averaging the loss between global-global and

global-local crop duos, and segmentation loss only on the global crops.

4.3 Evaluation Protocols

4.3.1 ImageNet-100 classification

We use the common linear evaluation protocol on ImageNet-100 validation set to

evaluate the classification performance of the self-supervised pretrained models, where

representations are kept frozen and only a linear classifier is trained on top of the pre-

trained backbone model. Following [38], we train the linear classifier with a batch

size of 256 and a learning rate of 30 for 200 epochs.

4.3.2 PASCAL VOC object detection

We use the pretrained models to initialize the feature extractor of Faster R-CNN [64]

with a C4 backbone, and use the settings described in [38] as the training hyper-

parameters. We fine-tune all layers on trainval07+12 set for 24k iterations, eval-

uate on test2007 set and report the bounding box AP. We use detectron2 [81] as

2 Due to resource restrictions, we could not afford hyperparameter search. A proper search would likely
improve our results.
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the detection code base.

4.3.3 PASCAL VOC semantic segmentation

We employ a linear segmentation protocol where a linear layer is trained on top of

the backbone network which we initialize with the pretrained models. We use an

image size of 512 x 512. The linear layer operates on a feature map with dimensions

(2048, 32, 32) and outputs a map with dimensions (num_classes, 32, 32) which is then

upsampled to (num_classes, 512, 512) to match the original image dimensions. We

train on train_aug2012 set for 40k iterations with a batch-size of 16 using both

frozen and fine-tuned representations. We use the SGD optimizer with a learning rate

of 0.01. We evaluate the final model on val2012 set and report the segmentation

mIoU. We use the mmsegmentation toolbox [18] as the linear segmentation code

base.

4.3.4 COCO object detection and segmentation

We use the pretrained models to initialize the feature extractor of Mask R-CNN

[39] with a C4 backbone and fine-tune all layers on train2017 set and evaluate

on val2017 set. We again use the settings described in [38] as training hyper-

parameters, while training the models with the 2x schedule. We use detectron2 [81]

as the detection and segmentation code base.

4.4 Experimental Results

4.4.1 Linear evaluation

We first compare the linear evaluation results between the baseline methods and their

SegIns extensions on ImageNet-100 dataset. Table 4.1 shows that the classification

capabilities of the models don’t degrade overall, even slightly improve with the addi-

tion of the segmentation branch.
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Table 4.1: Linear Evaluation. Comparison of linear evaluation performances of

baseline methods and their respective SegIns extensions. Overall, SegIns maintains

and even slightly improves the classification accuracy with the addition of the seg-

mentation branch.

Method multi-crop Top-1 Top-5

SimSiam 81.1 95.7

SegInsS 80.6 95.4

SimSiam ✓ 85.4 97.1

SegInsS ✓ 85.6 96.7

MoCo-V2 79.8 94.4

SegInsM 80.1 94.8

MoCo-V2 ✓ 81.1 94.8

SegInsM ✓ 82.0 95.3

4.4.2 Affinity of ImageNet and ImageNet-100 pretraining

We first train models using SimSiam and MoCo-V2 methods on ImageNet-100 dataset

and apply transfer learning to localization downstream tasks to build up intuition

on baseline performance differences caused by the pretraining datasets. Table 4.2

compares linear evaluation Top-1 accuracy on corresponding training datasets, and

transfer learning performances on PASCAL VOC object detection and COCO object

detection and instance segmentation tasks. ImageNet-100 models are trained for 500

epochs which corresponds to ∼ 25% seen images compared to the 200 epoch Ima-

geNet training. Linear evaluation performance is higher for ImageNet-100 due to the

fewer number of classes in the dataset. ImageNet pretrained models perform better

than the ImageNet-100 counterparts when transferred to object detection and segmen-

tation downstream tasks. There is a high correlation of transfer learning performance

between ImageNet-100 and ImageNet pretraining; thus, we can consider that the ratio

of performance difference between two pretraining datasets depicted in Table 4.2 is

maintained throughout the rest of the experiments as well.
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Table 4.2: Pretraining Dataset Correspondence. Performance correspondences

of SimSiam and MoCo-V2 methods on ImageNet-100 and ImageNet pretrain-

ing datasets. Linear evaluation: Models are evaluated on their respective train-

ing datasets; VOC 07 + 12 detection: Faster R-CNN C4-backbone fine-tuned on

trainval07+12 set for 24k iterations and evaluated on test2007 set; COCO

detection and COCO instance segmentation: Mask R-CNN C4-backbone fine-tuned

on train2017 with 1x schedule and evaluated on val2017 set. ImageNet results

are adopted from the SimSiam [14] paper.

Linear Evaluation VOC 07 + 12 Detection COCO Detection COCO Instance Segmentation

Method Dataset epoch Top-1 AP50 AP AP75 AP50 AP AP75 APmask
50 APmask APmask

75

SimSiam ImageNet 200 67.5 82.0 56.4 62.8 57.5 37.9 40.9 56.0 34.4 36.7

SimSiam ImageNet-100 500 79.8 80.1 53.8 59.1 56.6 37.3 40.1 53.4 32.7 34.9

MoCo-V2 ImageNet 200 70.0 82.3 57.0 63.3 58.8 39.2 42.5 55.5 34.3 36.6

MoCo-V2 ImageNet-100 500 81.1 80.0 53.7 58.6 56.7 37.4 40.1 53.7 32.9 35.0

4.4.3 PASCAL VOC object detection

Table 4.3 compares the transfer learning results of baseline methods and the proposed

method. SegInsS provides 0.7% and 0.9% AP improvements over the baseline Sim-

Siam on two-crops and multi-crop augmentations respectively. Similarly, SegInsM

improves the MoCo-V2 performance by 1.7% and 0.6% AP for two-crops and multi-

crop versions. Furthermore, our SegInsS and SegInsM , despite using a smaller pre-

training dataset (ImageNet-100 – only 10% of full ImageNet), consistently outper-

form the transfer learning performance of ImageNet fully supervised pretrained mod-

els by up to 1.4% AP.

4.4.4 COCO object detection and segmentation

We transfer pretrained models to the more complex COCO dataset on object detec-

tion and instance segmentation tasks. Table 4.4 presents the 2x schedule fine-tuning

results with both SimSiam and MoCo-V2 baselines and their SegIns complements

using the Mask R-CNN C4-backbone. While SegInsS and SegInsM stays stable for

two-crop augmented versions, multi-crop performance improves by 0.8% and 0.6%
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Table 4.3: Object detection fine-tuned on PASCAL VOC. SegIns extensions of

both SimSiam and MoCo-V2, all pretrained on ImageNet-100 dataset, provides im-

provements in the localization fine-tuning performance by up to 1.2% AP. We show

improvements over 0.5 AP with bold fonts.

Method multi-crop AP50 AP AP75

IN Supervised - 81.8 54.0 59.2

SimSiam 79.9 53.4 59.1

SegInsS 79.6 54.1 59.7

SimSiam ✓ 80.3 54.2 59.4

SegInsS ✓ 80.9 55.1 60.5

MoCo-V2 80.0 53.7 58.6

SegInsM 80.9 55.4 61.1

MoCo-V2 ✓ 80.4 54.6 60.0

SegInsM ✓ 81.0 55.4 61.3

AP on object detection and 0.8% and 0.1% AP on instance segmentation. In addition,

SegInsS and SegInsM ImageNet-100 pretrained multi-crop versions also improve the

ImageNet-supervised pretrained model with only 10% images by up to 0.6% AP. Fig.

4.1 shows the qualitative comparisons between multi-crop MoCo-v2, our SegInsM

counterpart and human annotations on COCO val2017.

4.4.5 PASCAL VOC linear segmentation

We transfer the pretrained models to the PASCAL VOC semantic segmentation task

by either freezing the backbone weights and only training the linear segmentation

layer, or fine-tuning the whole model including the backbone. Table 4.5 reports that

SegIns consistently improves the semantic segmentation performance for both Sim-

Siam and MoCo-V2 baselines on frozen and fine-tuned settings. Particularly, SegInsS

improves the baseline mIoU by up to 3.6% on fine-tuned and 1.0% on frozen repre-

sentations; while SegInsM provides 2.7% and 1.4% improvements over the baseline
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Table 4.4: Object detection and instance segmentation fine-tuned on COCO.

While SegInsS and SegInsM stays stable for the two-crop augmentation performance,

multi-crop augmentation performances are increased by 0.8% and 0.4% AP on object

detection and 0.8% and 0.1% AP on instance segmentation. We show improvements

over 0.5 AP with bold fonts.

COCO Detection COCO Instance Segmentation

Method multi-crop AP box
50 AP box AP box

75 APmask
50 APmask APmask

75

random init. - 54.6 35.6 38.2 51.5 31.4 33.5

IN Supervised - 59.9 40.0 43.1 56.5 34.7 36.9

SimSiam 59.2 39.8 43.3 56.1 34.8 37.1

SegInsS 59.2 39.8 42.8 56.0 34.7 37.0

SimSiam ✓ 59.0 39.6 43.0 55.7 34.5 36.7

SegInsS ✓ 60.3 40.4 44.0 56.7 35.3 37.7

MoCo-V2 59.7 39.9 43.2 56.2 34.8 37.5

SegInsM 59.3 40.0 43.5 56.2 34.9 37.3

MoCo-V2 ✓ 59.5 40.0 43.3 56.3 35.0 37.3

SegInsM ✓ 60.1 40.6 43.9 56.7 35.2 37.7

for fine-tuned and frozen representations, respectively.

4.5 Analysis

4.5.1 Image-level vs dense representations

Here, we investigate the potential trade-off between the image-level representation

learning (through instance discrimination task) and dense representation learning (through

class-agnostic segmentation task). To this end, we experiment with varying values of

λ (in Eq. (3.5)) which adjusts the relative importance of the segmentation loss in

our setting. Table 4.6 shows that even though low or high values of λ degrades the

classification performance in favor of better dense representations, a more balanced
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Figure 4.1: Qualitative comparisons between transfer learning performance of

MoCo-V2 and SegInsM pretraining on COCO. SegInsM over MoCo-V2 baseline:

(i) can better find the extent of the objects, (ii) helps suppressing wrong detections,

(iii) improves segmentation mask quality. Best viewed when zoomed in.

image-level and dense learning boosts the transfer learning performance of both clas-

sification and localization downstream tasks. Concretely, SegIns performs best with

a λ value of 2 where linear classification performance slightly improves while de-

tection fine-tuning and linear segmentation on Pascal VOC dataset both improves

significantly.

4.5.2 Segmentation loss function

We analyze the effect of segmentation loss function on SegIns performance, and re-

place dice loss with binary cross-entropy (BCE) loss for SegInsS multi-crop setting.

Table 4.7 shows that dice loss performs slightly better than the binary cross-entropy

loss. We argue that this is caused by the random crop augmentations which tend

to generate imbalanced segmentation masks for which dice loss is known to handle

better than cross-entropy loss.
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Table 4.5: Linear semantic segmentation on PASCAL VOC.. While we perform

experiments on both frozen and fine-tuned representations on PASCAL VOC seman-

tic segmentation task; SegIns provides solid improvements over the SimSiam and

MoCo-V2 baselines, improving baselines up to 3.6% mIoU over SimSiam, and up to

2.7% mIoU over the MoCo-V2. We report the best of 3 runs for each experiment, and

show improvements over 0.5 AP with bold fonts.

Linear Seg. (mIoU)

Method multi-crop Frozen Fine-Tuned

SimSiam 28.6 57.4

SegInsS 29.2 59.1

SimSiam ✓ 32.9 55.7

SegInsS ✓ 33.9 59.3

MoCo-V2 34.0 59.8

SegInsM 34.9 60.6

MoCo-V2 ✓ 34.5 58.4

SegInsM ✓ 35.9 61.1

4.5.3 Effect of unsupervised segmentation outputs

In this experiment, we investigate the effect of quality of the segmentation outputs

that are used as the pseudo-labels for the segmentation branch. We utilized the Token-

Cut [79] unsupervised segmentation model to generate higher quality segmentation

maps. While ContraCAM segmentation outputs are mostly blobs around the center

of the objects, TokenCut provides more fine-grained segmentation outputs, as shown

in Figure 4.2.

We pretrained models for the SimSiam two-crops and multi-crops augmentation base-

lines using the TokenCut segmentation maps as pseudo-masks. Table 4.8 shows the

fine-tuning performance of pretrained models transferred to PASCAL VOC object

detection task. We observed that even though TokenCut generates fine-grained seg-

mentaiton masks, it didn’t provide improved localization capabilities over the Con-

29



Figure 4.2: Binary segmentation mask outputs by TokenCut [79] on samples from

IN-100 dataset.
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Table 4.6: Image-level vs dense representations. Comparison of the effect of dif-

ferent λ values, which controls the effect of image-level representation learning (in-

stance discrimination loss Lid) and dense representation learning (segmentation loss

Lseg) with SegInsM , two-crops setting on ImageNet-100 dataset. λ = 0 corresponds

to vanilla MoCo-V2. We show the best results with bold fonts.

IN-100 Linear Evaluation VOC 07 + 12 Detection VOC 12 Linear Seg. (mIoU)

λ Top-1 Top-5 AP50 AP AP75 Frozen Fine-Tuned

0 79.8 94.4 80.0 53.7 58.6 34.0 59.8

0.5 79.0 94.1 80.7 54.4 59.6 34.8 59.5

1.0 80.1 94.3 80.4 55.0 60.8 35.2 60.3

2.0 80.1 94.8 80.9 55.4 61.1 34.9 60.6

5.0 79.0 93.2 80.7 54.8 61.0 33.7 60.5

Table 4.7: Segmentation loss function. Comparison of the effect of dice loss and

binary cross-entropy loss as the class-agnostic segmentation loss functions to the fine-

tuning performance of SegInsS on PASCAL VOC object detection task.

Loss Function AP50 AP AP75

BCE 80.7 54.6 60.3

Dice 80.9 55.1 60.5

traCAM outputs, and even deteriorated the performance for the two-crop setting. We

hypothesize that this can be due to (i) the simplicity of our segmentation branch de-

sign to be able to learn fine-grained object masks.
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Table 4.8: Object detection transfer learning on PASCAL VOC dataset with

different pseudo-mask generation methods. SegIns extensions of SimSiam, pre-

trained on the ImageNet-100 dataset, show improvements in transfer learning for lo-

calization tasks when using ContraCAM pseudo-masks. However, the SegIns exten-

sion of SimSiam with TokenCut pseudo-masks does not outperform the ContraCAM

counterpart and even results in a drop in performance.

Method multi-crop Pseudo-Mask AP50 AP AP75

ImageNet Supervised - - 81.8 54.0 59.2

SimSiam - 79.9 53.4 59.1

SegInsS ContraCAM [54] 79.6 54.1 59.7

SegInsS TokenCut [79] 77.8 52.1 57.1

SimSiam ✓ - 80.3 54.2 59.4

SegInsS ✓ ContraCAM [54] 80.9 55.1 60.5

SegInsS ✓ TokenCut [79] 80.6 55.0 60.9
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CHAPTER 5

UNSUPERVISED IMAGE CLASSIFICATION WITH CLUSTER

ENSEMBLES

In this chapter, we propose UCLS, an Unsupervised image CLaSsification frame-

work consisting of an unsupervised multi-head image classification/clustering phase,

a cluster ensembling phase and a self-training phase. We incrementally build upon

TEMI [1] —a multi-head image classification method that leverages the nearest neigh-

bors of unlabeled images— and achieve state-of-the-art performance on several image

classification benchmarks in unsupervised image classification problem. Figure 5.1

illustrates an overview of our proposed method.

In the following, we begin by covering foundational information on the elements of

our approach, including a summary of the TEMI [1] and an overview of the Cluster

Ensambles [70] methods. Subsequently, we detail our incremental enhancements to

TEMI method aimed at achieving state-of-the-art performance in unsupervised image

classification.

5.1 Background

5.1.1 TEMI: Teacher Ensemble-Weighted Pointwise Mutual Information

TEMI [1] is an unsupervised image classification/clustering method based on the

nearest neighbors of images. The core idea is that nearest neighbors —computed

in the feature space of self-supervised pretrained models— are image pairs that share

the same semantic label with a high probability. Consequently, the mutual informa-

tion between these image pairs is also likely to be high. Building on this observation,
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Figure 5.1: Overview of the Training and Inference Pipeline for our Proposed

UCLS Framework. We propose UCLS, a fully unsupervised image classification/-

clustering method. Our framework consists of three stages. In Stage-1, an unsuper-

vised multi-head classifier is trained on top of frozen pretrained features by lever-

aging the nearest neighbors of images. Empirically, we observed that this model

alone achieves state-of-the-art unsupervised classification results on image classifi-

cation benchmark datasets. In Stage-2, clustering output of each classifier head is

passed to the cluster ensembling method to generate consensus clusters, which im-

proves the clustering quality of the multi-head classifier. In Stage-3, an image clas-

sification model is trained on the pseudo-labels from the previous stage. This image

classifier serves as an unsupervised classification model, assigns images to semantic

groups. By combining these stages, UCLS achieves significant improvements in un-

supervised image classification/clustering.

given an image x and its nearest neighbor set Sx, TEMI proposes training a param-

eterized probabilistic classifier, q(c|x), which distributes samples x among classes

c ∈ C by maximizing the pointwise mutual information score pmi(x, x′) between x

and its neighbor x′ ∈ Sx, defined by
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pmi(x, x′) = log
C∑
c=1

q(c|x)q(c|x′)

q(c)
(5.1)

with class occupancy q(c) = Ex∼p(x)[q(c|x)].

Starting with a pretrained feature extractor, g(·), which maps each image x to a fea-

ture vector g(x); a nearest neighbor set Sx is first computed for x using cosine sim-

ilarity between g(x) and feature vectors of other images in the dataset D. Next, a

self-distillation clustering framework is introduced, incorporating a multi-head stu-

dent network hs(·) and an exponential moving average (EMA) multi-head teacher

network ht(·), both consisting of three feed-forward layers. Given image pairs x and

x′, clustering heads compute qs(c|x) and qt(c|x′) using a temperature scaled softmax

function with the formula for student head

qs(c|x) =
exp(hs(g(x))c/τ)∑′
c exp(hs(g(x))′c/τ)

, (5.2)

where τ is the temperature parameter. While we omit the head index for simplic-

ity, each head computes the probability that a sample belongs to a cluster within its

respective clustering space. Using the cluster probabilities, pointwise mutual infor-

mation is approximated by

p̃mi(x, x′) := log
C∑
c=1

qs(c|x)qt(c|x′)

q̃t(c)
, (5.3)

and estimate the class probabilities q(c) by en EMA over batches using the outputs of

the teacher head

q̃t(c)←− mq̃t(c) + (1−m)
1

B

B∑
i=1

qt(c|x′), (5.4)

where B is the batch size, and m is the momentum parameter. On top of the pointwise

mutual information (pmi) estimation, class utilization is also balanced through an

exponent in the pmi to prevent over-confident predictions by the network using
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p̃mi(x, x′) := log

C∑
c=1

(qs(c|x)qt(c|x′))β

q̃t(c)
, (5.5)

where β = 0.6 in experiments. Using a symmetrized pointwise mutual information,

the loss function becomes

L(x, x′) = −1

2
(p̃mi(x, x′) + p̃mi(x′, x)). (5.6)

In addition to this symmetrized loss function, an instance weighting term based on

the predictions of the multi-head classifiers is proposed to assign a higher weight to

the true positive pairs while assigning a lower weight to possible false positives. This

weight term is aimed at decreasing the effect of the noise in the nearest neighbors,

thus increase the performance with

w(x, x′) =
1

H

H∑
i=1

wi(x, x
′), (5.7)

where i ∈ {1, ..., H} denotes the index of the head, and individual head weights

wi(x, x
′) is computed by

wi(x, x
′) =

C∑
c=1

qit(c|x)qit(c|x′). (5.8)

Following the weighting term and the symmetrized loss function, the final TEMI loss

function is defined by

LTEMI(x, x
′) := w(x, x′)L(x, x′). (5.9)

5.1.2 Cluster Ensembles

Strehl et al. [70] propose the problem of cluster ensemble, which involves combining

multiple partitionings of a set of objects without accessing the original features. This
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Figure 5.2: Overview of the Cluster Ensemble problem. Based on several cluster-

ing methods, a set of samples are grouped into different clusterings, which serve as

the input for cluster ensemble methods. Using consensus functions, these clustering

outputs are combined into a single consensus clustering output.

problem is more challenging than classifier ensembles because it also requires solving

the label correspondences between different clusterings. Figure 5.2 depics the outline

of the cluster ensemble problem.

In order to solve the cluster ensemble problem, Strehl et al. [70] propose three graph

partitioning based consensus functions where each base clustering output is trans-

formed into a hyper-graph representation to achieve a consensus clustering output.

Cluster-based Similarity Partitioning Algorithm (CSPA). In CSPA, it is observed

that the clustering output emphasizes a relationship between sample in the same clus-

ter, thus a pairwise similarity measure can be utilized to recluster the samples, yield-

ing a combined clustering.

HyperGraph Partitioning Algorithm (HGPA). In HPGA, the cluster ensemble

problem is considered as a partitioning problem of a hyper-graph and a constrained

minimum cut objective is used to solve this partitioning problem, where Hyper-edges

represent clusters.
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Meta-CLustering Algorithm (MCLA). MCLA groups and collapses related hyper-

edges, where each cluster is a hyper-edge, and assign each sample to the collapsed

hyper-edge (cluster) in which it participates most strongly.

While the details of solving hyper-graph partitioning problem are beyond the scope

of this thesis, we provided a summary of each method from Strehl et al. [70] to build

a heuristic on how the problem of combining multiple clusterings into a consensus

clustering can be solved. For more details, we refer readers to the Strehl et al. [70].

5.2 UCLS: Unsupervised Image Classification with Cluster Ensembles

We present UCLS, a state-of-the-art unsupervised image classification framework that

exploits the variety of clustering outputs across different heads in a multi-head image

classification/clustering model through a cluster ensembling approach. Our proposed

framework begins with an enhanced multi-head image classification model, built on

top of a self-supervised pretrained backbone model, which learns to classify unlabeled

images to a predefined number of classes by utilizing nearest neighbors information.

We begin our contributions by incrementally improving TEMI [1] method with sev-

eral updates and additional components which we will cover in detail later, specif-

ically: (i) a better set of hyperparameters to optimize the distribution of learning

throughout the training process, (ii) switching the pretrained backbone to DinoV2

[60] for improved feature quality and better nearest neighbor performance, (iii) ad-

dition of a batch normalization layer after the backbone to stabilize the training pro-

cess, (iv) teacher output normalization with Sinkhorn-Knopp algorithm, (v) adaptive

nearest neighbors selection by distance thresholding to better leverage the k-NN ca-

pabilities of ViTs, (vi) enhanced feature representations with the utilization of the

last attention block of ViTs, and (vii) an improvement to the TEMI loss function for

improved performance.

Expanding on this foundation, we propose leveraging the diversity of clustering out-

puts across the heads of the multi-head classifier. In the TEMI method, inference is

performed on the classification head with the lowest training loss. However, we have

observed that this approach can lead to suboptimal performance, as each head in the
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multi-head classifier forms different clusters during inference, and the head with the

lowest loss is not necessarily the best performing one. Essentially, the model trains

n classifier heads, and each head can be regarded as a distinct model. Ensembling

is a well-established approach to combine different outputs on a problem. However,

directly ensembling the results with a hard voting or soft voting is not viable due

to the lack of correspondence between the clustering outputs of different heads. In

other words, while a classification head may assign class index 1 to an image, another

head might assign class index of 5, with both predictions being correct within their

respective clustering space. Therefore, we introduce the concept of using a cluster

ensembling method, outlined as Cluster Ensembling step in Figure 5.1, which solves

this correspondence problem.

As a concluding step in our framework, we employ self-training to train a model

based on the predictions generated by cluster ensembles. To elaborate, we perform

inference on the training set using the multi-head classification model trained in the

first phase. We then apply cluster ensembling to the outputs from multiple heads in

the second phase and utilize the resulting cluster ensembles outputs as pseudo-labels

for training a classification model. The resulting model in this third phase acts as an

"unsupervised" classification model as we do not use any label annotations during the

pipeline.

Next, we provide detailed information on each of the updates and additional compo-

nents on the TEMI method.

5.2.1 Hyperparameter Optimization

Based on our empirical studies, we noticed that the performance of the unsupervised

classifier reaches a plateau early in training and remains largely unchanged through-

out most of the process. In response to this trend, we extend the number of warmup

epochs and reduce the base learning rate to facilitate slower training, resulting in en-

hanced final performance. Finally, we increase the batch size to decrease the training

time. We provide a detailed analysis on hyperparameter changes in Section 6.4.
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5.2.2 Switching to DinoV2 Features

DinoV2 [60] leverages advanced self-supervised learning techniques on a large cu-

rated dataset that enhance the representation learning process, resulting in more accu-

rate and contextually meaningful embeddings. This improvement translates directly

into better nearest neighbor performance, where DinoV2 can more effectively retrieve

semantically similar instances or data points compared to Dino [11] and MSN [3] fea-

tures. Thus, we utilize DinoV2 models for our main embedding representation.

5.2.3 Batch Normalization Layer Following the Backbone

Similar to the findings in TEMI [1] paper, we also noted that backbone models gener-

ate unnormalized features, leading to unstable training. While TEMI paper addressed

this by standardizing feature embeddings using precomputed mean and standard de-

viation values, we observed a drop of performance in the case of DinoV2 featuers.

Therefore, we introduce a batch normalization layer after the backbone model to en-

sure a more stable training process.

5.2.4 Sinkhorn-Knopp Centering on Teacher Outputs

We adopt the approach outlined in Ruan et al. [65] and follow [60] to incorpo-

rate Sinkhorn-Knopp normalization onto the outputs of the teacher model within the

multi-head classifier. This adjustment promotes a more uniform utilization of out-

puts, aligning with the classes in the multi-head classification framework. Similar to

DinoV2, we run the Sinkhorn-Knopp algorithm for 3 iterations.

5.2.5 Adaptive Nearest Neighbors Selection by Distance Thresholding

In order to better understand the impact of nearest neighbor quality to the clustering

head performance, we conducted experiments using ground truth nearest neighbors.

The ground truth for each image is defined as the set of images from the same se-

mantic class according to the human annotations. As depicted in Table 6.5, when
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the nearest neighbor quality is optimal, all performance metrics exhibit significant

improvements, approaching results comparable to linear probing. Furthermore, we

validate that DinoV2’s features exhibit high nearest neighbor quality through accu-

racy experiments, where we calculate the accuracy of nearest neighbors based on cor-

rect semantic class matches among nearest neighbor pairs. Figure 6.3 illustrates the

nearest neighbor matching accuracy of DinoV2 ViT-L model features across different

distance threshold values. Assessing DinoV2’s performance in k-NN classification,

we revisited the nearest neighbor selection process and introduced a distance thresh-

olding approach. We keep the hard nearest neighbor thresholding by neighbor count

to fix the minimum number of NNs per image, and further improve the NN set if pos-

sible by including the image samples with a higher cosine distance than the provided

distance threshold.

5.2.6 Feature Enhancement with Last Attention Blocks

Inspired by DinoV2’s linear evaluation protocol, which incorporates the last atten-

tion blocks with the final CLS token for improved linear probing results, we adopt

a similar strategy to enhance our backbone features. Specifically, before the nearest

neighbor mining step, we augment the feature dimension by integrating the last at-

tention block. This enhancement extends to the training phase of classification heads,

leveraging these enriched features. As a result, not only do we observe enhanced

nearest neighbor quality across various datasets, thereby indirectly bolstering cluster-

ing head performance during training, but we also experience heightened clustering

efficacy due to operating within a more enriched representation space.

5.2.7 Improving Loss Function with Cross Entropy Loss

In our empirical study involving ground truth nearest neighbors, we observed that the

performance of the TEMI loss on these nearest neighbors does not match the level

achieved by linear probing despite sharing the same frozen backbone features across

both experiments. Linear probing involves training a classifier on frozen feature rep-

resentations using human annotations. We partly attribute this discrepancy to the
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limitations of the TEMI loss rather than solely to the usage of nearest neighbors. To

address this issue, we propose to add a cross-entropy (CE) loss term to the TEMI loss.

We first assign a predicted label ĉ to the x′ by the argmax operation on the teacher

model’s output using

ĉ = argmax
c∈C

qt(c|x′). (5.10)

We later use this label as the pseudo-label for the sample x and compute the CE loss

between the student network’s output qs(c|x) and the one hot pseudo-label vector ⃗̂c,

defined by

LCE((qs(c|x), ⃗̂c) = −
C∑
i=1

⃗̂c log(ŷ). (5.11)

With the addition of the cross-entropy loss term, the intermediate loss in Equation

(5.1.1) becomes

L(x, x′) = −p̃mi(x, x′) + λLCE((qs(c|x), ⃗̂c) (5.12)

where λ is the weighting term for the cross-entropy loss. We empirically observed that

a symmetric loss doesn’t provide improvements to the final performance under these

settings, thus computed the loss only one-way. To ensure effectiveness, we gradually

increase the weight of the CE loss using a cosine schedule on λ throughout training,

as initial teacher probabilities are unreliable and improve as training progresses. We

use λ = 0.5 throughout our experiments.

Mitigating Errors with Multiple Neighbors Smoothing. To mitigate potential er-

rors in nearest neighbor selection and in class prediction by the classifier model,

which can distort the effectiveness of the TEMI and CE loss, we adopted a strat-

egy involving multiple nearest neighbors. We sample m neighbors per image x and

compute the mean of the teacher model’s outputs across these neighbors, defined by
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qmean
t (x, x′) =

1

m

m∑
i=1

qt(x, x
′
i) (5.13)

and use qmean
t (x, x′) instead of qt(x, x′) in the loss computation. This approach helps

smooth out inaccuracies that may arise from individual neighbor predictions, thereby

providing a more reliable and stable basis for training. By leveraging the collective

insights from multiple neighbors, our method enhances the robustness of the loss

application within our framework, contributing to slightly improved overall perfor-

mance and training stability.
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CHAPTER 6

UCLS EXPERIMENTS

6.1 Datasets

We train and evaluate our proposed framework on 6 different image classification

benchmark datasets, namely CIFAR10, CIFAR20, CIFAR100 [47], STL10 [17], Food101

[7] and ImageNet [23]. CIFAR10, CIFAR20 and CIFAR 100 datasets consist of 50k

training images and 10k validation images of size 32x32. CIFAR20 dataset has the

same training and validation set with the CIFAR100 dataset, while the 100 classes

in the CIFAR100 dataset are mapped to 20 superclasses in CIFAR20. STL10 dataset

consists of 5k training images and 8k validation images with size 96x96. Food101

dataset consists of 750 training images and 250 test images per class with 101 classes,

and ImageNet dataset have 1,281,167 training images and 50k validation images of

varying sizes. We also use subsets of ImageNet dataset for our experiments. Tiny-

ImageNet [16] consist of 100k training images and 10k validation images that are

resized to 64x64. Other variants —ImageNet-50, ImageNet-100 and ImageNet-200

[74]— have 64,274, 128,545 and 256,558 training images and 2,500, 5,000 and

10,000 validation images, respectively. Table 6.1 shows an overview of these datasets.

6.2 Implementation Details

Similar to TEMI [1], for a fair comparison, we assume to know the number of ground

truth classes/clusters in the datasets during training. We resize all images to the size

of 224x224 and use an AdamW optimizer [53] and a weight decay of 10−4. We

experiment with a longer training regime and select training the classifier heads for
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Table 6.1: An overview of image classification benchmark datasets. We perform

our experiments on image classification benchmarks for the second part of this thesis.

We used the train set for training our models and validation set to report unsupervised

classification performance metrics.

Dataset Train Images Val Images Number of Classes

CIFAR10 50,000 5,000 10

CIFAR20 50,000 5,000 20

CIFAR100 50,000 5,000 100

STL10 5,000 8,000 10

Food101 75,750 25,250 101

ImageNet-50 64,274 2,500 50

ImageNet-100 128,545 5,000 100

ImageNet-200 256,558 10,000 200

Tiny-ImageNet 100,000 10,000 200

ImageNet 1,281,167 5,000 1,000

400 epochs instead of 200. However, we found that longer training provides marginal

improvements without consistency. We use 800 epochs for STL10 dataset given the

fewer number of images in the training set. We use a batch size of 256 on variants

of CIFAR datasets and 1024 on other datasets as we found works better. Following

TEMI, we set the number of classifiers heads H = 50 and β = 0.55 for CIFAR20

and β = 0.6 for the rest of the datasets.

Similar to the findings in TEMI [1], we found that data augmentations don’t improve

the performance, thus we precompute the feature representations and reuse them for

a faster training and evaluation. We conduct our experiments on a single A100 GPU.

During the cluster ensembling experiments, we use the public implementation1 of

Cluster Ensembles [70] method.

For the self-training experiments, we follow DINOv2 [60] evaluation protocol to

search for the optimal hyperparameters, where we experiment with different learn-

1 https://github.com/GGiecold-zz/Cluster_Ensembles
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ing rates, how many output layers we use, and whether or not to concatenate the

average-pooled patch token features with the class token in one training. We train the

linear layers for 12500 iterations using an SGD optimizer and report the accuracy of

the best performing setting.

6.3 Evaluation Protocols

We evaluate our models on the validation set of the datasets and use the Hungarian

matching algorithm to map the predicted clusters to the ground truth labels. We re-

port our results using three main evaluation metrics: clustering accuracy, normalized

mutual information (NMI) and adjusted rand index (ARI).

Clustering Accuracy The Clustering Accuracy (Acc) is the percentage of correct

predictions, based on the hungarian matching labels, over the number of images in the

validation set. The resulting accuracy score ranges from 0 to 1, where 1 indicates per-

fect clustering where every data point is correctly grouped, and lower values indicate

lesser degrees of alignment with the true labels.

Normalized Mutual Information. The Normalized Mutual Information (NMI) quan-

tifies the amount of information shared between the predicted clusters and the true

labels, ranges between 0 and 1. The normalization ensures that the score is not bi-

ased by the number of clusters or the size of the dataset. NMI is calculated using the

mutual information of the clustering and the true labels, divided by the average of

the entropy of the clustering and the entropy of the true labels, ensuring a balanced

evaluation. An NMI score of 0 indicates that the clustering results and true labels are

completely independent, while a score of 1 indicates perfect correlation, meaning the

clustering results exactly match the true labels.

Adjusted Rand Index. The Adjusted Rand Index (ARI) is a measure of the sim-

ilarity between two data clusterings, adjusted for chance. It evaluates how well the

clustering algorithm has performed by comparing the predicted clusters to the true
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labels, taking into account the possibility of random clustering. The ARI ranges from

-0.5 to 1, where 1 indicates perfect agreement between the clustering and the true

labels, 0 indicates random clustering, and negative values indicate less agreement

than expected by chance. It corrects the Rand Index by accounting for the fact that

some agreement between clusters is expected by chance, making it a more reliable

and unbiased metric for evaluating clustering performance across different datasets

and clustering algorithms

6.4 Experimental Results

In this section, we present our results on incremental enhancement experiments for

the unsupervised multi-head classification, cluster ensembling experiments using the

clustering outputs of multi-head classifiers, and finally self-training experiments on

the cluster ensembling outputs for the complete UCLS framework.

6.4.1 Unsupervised Classification Enhancement Experiments

First, we present our incremental enhancements to unsupervised multi-head classifi-

cation. We begin with TEMI [1] as the foundation for our proposed UCLS frame-

work. Our baseline experiments are conducted using the ImageNet-100 dataset with

the DINO [11] ViT-Base backbone, building upon our reproduced results. Following

TEMI, we trained the classifier for 200 epochs, including 20 epochs of linear warm-

up, and used a learning rate of 10−4. We achieved a baseline clustering accuracy of

79.36%.

6.4.1.1 Hyperparameter optimization

During our initial experiments on the baseline method, we observed that training

performance quickly elevates and remains largely unchanged throughout the training.

Based on this observation, we hypothesized that the learning process could be more

evenly distributed throughout the entire training period by increasing the number of

warm-up epochs and lowering the learning rate. We also increased the batch size to
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Figure 6.1: Hyperparameter Optimization. Clustering accuracy change during the

incremental updates on the baseline training hyperparameters of the TEMI method

using DINO ViT-Base [11] backbone on ImageNet-100 dataset. We gain an absolute

of 2.1% clustering accuracy improvement through hyperparameter updates.

speed up the training.

To implement these changes, we increased the number of warm-up epochs from 20

to 100 and reduced the learning rate from 10−4 to 1.25 × 10−6. Additionally, we

increased the batch size from 512 to 1024, which not only decreased the training time

but also provided slight improvements in final performance. Figure 6.1 illustrates the

changes in clustering accuracy during the incremental hyperparameter updates. This

step provided an absolute 2.1% clustering accuracy improvement over the baseline

method.
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Table 6.2: SSL Method Comparison. k-NN and linear probing performance com-

parison of the SSL methods with strong baselines on ImageNet dataset. Results are

taken from DINOv2 [60] paper.

Method Arch INet-1k k-NN INet-1k linear

DINO ViT-S/8 78.6 79.2

MSN ViT-L/7 79.2 80.7

DINOv2 ViT-L/14 83.5 86.3

DINOv2+Reg ViT-L/14 83.8 86.7

6.4.1.2 Switching to DINOv2 Features

As a second step towards improving unsupervised classification, we enhanced the

feature representations by switching to the DINOv2 [60] models. DINOv2 offers

more robust feature representations, particularly in terms of nearest neighbor qual-

ity. Table 6.2 compares the k-nearest neighbor and linear probing performance of

four self-supervised learning methods, namely DINO [11], MSN [3] and DINOv2

[60] and DINOv2 with registers [20]. Since higher k-NN performance directly cor-

relates with better feature representations and improved nearest neighbor accuracy,

adopting the DINOv2 backbone provides multiple advantages. We leveraged the lat-

est advancements in ViTs and employed DINOv2 with registers [20], which offers

slightly improved k-NN performance and enhanced attention maps. This update to

the backbone model pushed the unsupervised classification/clustering accuracy to a

new state-of-the-art of 87.7% on Imagenet-100 dataset. In the rest of the experiments,

we refer to DINOv2 with registers as DINOv2 for bravity.

6.4.1.3 Batch Normalization

We empirically observed that the feature normalization using the precomputed mean

and standard deviation in the TEMI [1] paper provides sub-optimal performance with

the DINOv2 feature embeddings. Therefore, we proposed adding a batch normaliza-

tion layer [44] after the backbone network. Table 6.3 presents the improvements pro-
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vided by the batch normalization layer to the performance different backbone models.

We gain an absolute accuracy of 1.76% on DINO ViT-B/16, 2.20% on MSN ViT-L/16

and 0.92% on DINOv2 ViT-L/14 features, pushing the unsupervised classification/-

clustering accuracy to a 88.6% with the DINOv2 features. The addition of the batch

normalization layer further stabilizes the training for the rest of our experiments.

Table 6.3: Batch Normalization. Improvements provided by the batch normalization

layer on various backbone models on ImageNet-100 dataset. Baseline refers to the

TEMI settings with hyperparameter optimizations.

Methods NMI(%) ACC(%) ARI(%)

baseline w/ DINO ViT-B/16 88.66 81.46 72.87

+ BN 89.41 83.22 75.03

baseline w/ MSN ViT-L/16 89.22 82.18 73.93

+ BN 90.20 84.38 76.85

baseline w/ DINOv2 ViT-L/14 93.14 87.66 82.29

+ BN 93.22 88.58 82.79

6.4.1.4 Sinkhorn-Knopp Centering

We adopted the teacher network output normalization used by SwAV [10], Ruan et al.

[65] and DINOv2 [60], utilizing the Sinkhorn-Knopp (SK) centering. This normaliza-

tion significantly enhanced clustering performance across the classifier heads. Table

6.4 shows the changes in clustering metrics for both the head with the lowest loss and

the average performance across all clustering heads. The addition of the Sinkhorn-

Knopp centering further improved the unsupervised classification/clustering accuracy

performance to 90.9%.

Additionally, Sinkhorn-Knopp centering improved the distribution of samples to clus-

ters, particularly in the training set. Figure 6.2 presents a comparison of sample distri-

bution among clusters using the DINOv2 features with and without Sinkhorn-Knopp

centering. While performance on the validation set remains similar between the two
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Table 6.4: Sinkhorn-Knopp Centering. Unsupervised image classification improve-

ments on ImageNet-100 dataset provided by the Sinkhorn-Knopp centering on vari-

ous backbone models. The Best Head results pertain to the classifier head with the

lowest training loss, while the Overall results present the mean and standard devia-

tion across all 50 classification heads. The best results are boldfaced. Baseline results

refer to TEMI settings with hyperparameter optimization and batch normalization.

Best Head Overall

Methods NMI(%) ACC(%) ARI(%) NMI(%) ACC(%) ARI(%)

baseline w/ DINO ViT-B/16 89.41 83.22 75.03 88.43±0.44 78.74±1.61 71.31±1.30
+ SK 89.31 83.04 74.69 89.29±0.29 83.20±0.90 74.84±0.84

baseline w/ MSN ViT-L/16 90.20 84.38 76.85 88.83±0.39 79.69±1.55 72.68±1.27
+ SK 90.08 85.30 76.81 89.49±0.27 83.36±0.95 75.44±0.82

baseline w/ DINOv2 ViT-L/14 93.22 88.58 82.79 92.17±0.48 84.49±1.68 79.22±1.61
+ SK 94.10 90.90 85.56 93.02±0.48 87.81±1.32 82.47±1.43

outputs, the distribution of training set samples improves significantly. Following

TEMI [1], we compute the KL-divergence between the predictions and the uniform

distribution for both the validation and training sets. We find that KL divergence is no-

tably lower with SK centering on the training set, 1.1× 10−2 compared to 3× 10−3,

while remaining at similar levels on the validation set, 1.4 × 10−2 and 1.8 × 10−2

respectively. It should be noted that a KL divergence of 0 would indicate that the

predictions perfectly match a uniform distribution.

6.4.1.5 Adaptive Nearest Neighbors Selection with Distance Thresholding

Upper Bound Analysis with Ground Truth Nearest Neighbors. After achiev-

ing significant improvements through several enhancements to the baseline TEMI [1]

method, we explored the upper bound for multi-head classifier training on the near-

est neighbor set, as mentioned in Section 5.2.5. This analysis aims to highlight the

importance of the quality of the nearest neighbor set during unsupervised training.

To this end, we utilized the ground truth nearest neighbors set for each sample, de-

termined by the samples sharing the same ground truth semantic label. We trained a
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Figure 6.2: Cluster Utilization w/ and w/o SK Centering. We illustrate the sample

distribution among classes/clusters with and without the Sinkhorn-Knopp centering

on ImageNet-100 dataset. While the horizontal red line represents the ideal histogram

in the case of uniform distribution, the usage of the SK centering leads to a better

utilization of the clusters.

new model incorporating all the enhancements made thus far, including hyperparam-

eter optimizations, batch normalization, and Sinkhorn-Knopp centering on teacher

outputs. Table 6.5 demonstrates that using the ground truth NNs, clustering accu-

racy approaches the linear probing performance, suggesting that better utilization of

nearest neighbors should enhance clustering quality. It is important to note that even

though we use the ground truth NN set for this experiment, no semantic labels are

fed into the training process, whereas linear probing uses 100% of the labels with a

cross-entropy loss.
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Table 6.5: Upper Bound Analysis on Nearest Neighbors Quality. Clustering accu-

racy improves with the ground truth nearest neighbor usage during the training of the

multi-head classification model. Experiments are performed with DINOv2 ViT-L/14

model on ImageNet-100 dataset.

Method NMI(%) ACC(%) ARI(%)

Top-50 NNs 94.10 90.90 85.56

Ground Truth NNs 96.58 95.46 92.32

Linear Probing 96.67 96.32 92.98

DINOv2 Nearest Neighbor Accuracy Analysis. Encouraged by the aforemen-

tioned upper-bound performance analysis towards the utilization of nearest neigh-

bors; we further dig into the nearest neighbor quality analysis using DINOv2 features

on various image classification benchmark datasets. Mainly, we apply different dis-

tance thresholds to filter the nearest neighbors set for each image, and compute the

accuracy of the nearest neighbor sets based on correct semantic class matches among

nearest neighbor pairs. We observe that the quality of the nearest neighbor sets can

raise around the ground truth level for some datasets with correct distance thresholds,

as illustrated in Figure 6.3.

Adaptive Nearest Neighbors Selection with Distance Threshold. Based on the

upper bound performance and nearest neighbor accuracy analysis, we modified the

nearest neighbor selection process and achieved further improvements by introducing

an adaptive distance-based nearest neighbor selection method. This approach aims

to better leverage the superior nearest neighbor performance of the DINOv2 features.

While TEMI [1] selects the top-50 nearest neighbors for each image in the ImageNet-

100 dataset, we propose using this set as the minimal NN set and expanding it by

applying a distance threshold, including every neighbor that meets this criterion.

We conducted initial experiments using a distance threshold of 0.5, both with and

without Sinkhorn-Knopp (SK) centering. This strategy significantly increases the av-

erage number of nearest neighbors per image, from 50 to 651.4, on the ImageNet-100
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Figure 6.3: Nearest Neighbor Accuracy Analysis on Various Datasets with DI-

NOv2 ViT-L/14. Nearest neighbor accuracy remains very high across all datasets

when the distance threshold is set to a higher value. Although the NN accuracy de-

creases with lower distance threshold values, it remains sufficiently high to achieve

performance improvements when used in the nearest neighbor selection process. Best

viewed when zoomed in.

dataset. We observed that distance thresholding without the SK centering provides

a similar improvement to SK centering and further boosts performance when used

together. Table 6.6 shows that adaptive NN thresholding results in an absolute 1.8%

clustering accuracy improvement over the batch normalization enhancements and a

0.2% improvement over SK centering enhancements. Additionally, adaptive NN se-
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Table 6.6: Adaptive Nearest Neighbor Selection. Unsupervised image classifica-

tion improvements provided by the adaptive nearest neighbor selection strategy on

ImageNet-100 dataset using various settings. The Best Head results pertain to the

classifier head with the lowest training loss, while the Overall results present the

mean and standard deviation across all 50 classification heads. Baseline refers to

TEMI settings with hyperparameter optimization and batch normalization.

Best Head Overall

Methods NMI(%) ACC(%) ARI(%) NMI(%) ACC(%) ARI(%)

baseline w/ DINOv2 ViT-L/14 93.22 88.58 82.79 92.17±0.48 84.49±1.68 79.22±1.61
+ SK 94.10 90.90 85.56 93.02±0.48 87.81±1.32 82.47±1.43
+ Adaptive NN 94.24 90.34 85.75 93.27±0.45 86.20±1.72 81.91±1.56
+ SK + Adaptive NN 94.41 91.10 86.46 93.91±0.33 89.64±0.99 84.88±1.04

lection enhances performance across all classification heads, providing an absolute

1.8% mean clustering accuracy improvement. Overall, the nearest neighbor selec-

tion strategy further improved unsupervised classification/clustering accuracy perfor-

mance to 91.1%. We further analyze the effect of different distance thresholds in

Section 6.4.4.1.

6.4.1.6 Feature Enhancement with Attention Blocks

Motivated by the linear probing experiments of DINOv2 [60], we incorporated the

features from the last attention block into the feature set used in our experiments.

This adjustment doubled the feature embedding size from 1024 to 2048, resulting

in a slight improvement in the k-NN performance of the backbone features, which

likely indicates an enhanced feature representation space. Table 6.7 shows the im-

provements in final performance, where the baseline employs all the enhancements

made thus far. Overall, the enhanced feature representation space further improved

unsupervised classification/clustering accuracy to 92.1%, with an absolute 1.0% in-

crement.
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Table 6.7: Feature Space Enhancement. Unsupervised image classification im-

provements provided by the feature space enhancement through attention layers on

ImageNet-100 dataset. The Best Head results pertain to the classifier head with the

lowest training loss, while the Overall results present the mean and standard devia-

tion across all 50 classification heads. Feature enhancement improves the mean clus-

tering accuracy across clustering heads, surpassing the 90% mark. Baseline refers to

TEMI settings with hyperparameter optimization, batch normalization, adaptive near-

est neighbor selection and sinkhorn-knopp centering.

Best Head Overall

Methods NMI(%) ACC(%) ARI(%) NMI(%) ACC(%) ARI(%)

baseline w/ DINOv2 ViT-L/14 94.41 91.10 86.46 93.91±0.33 89.64±0.99 84.88±1.04
+ Feat 94.92 92.10 88.02 94.38±0.30 90.09±0.95 85.86±0.98

6.4.1.7 Improved Loss Function with Cross-Entropy Loss

Based on the ground truth nearest neighbor experiments in Table 6.5, we observed

that unsupervised classification performance, which uses the ground truth NN sets,

can not match with the linear probing results, which directly utilizes the semantic

labels during training. As a remedy, we propose to add a cross-entropy (CE) loss

term to the TEMI loss as explained in Section 5.2.7 to see whether the performance

discrepancy is caused by the usage of the CE loss. We train the multi-head classifier

using the latest model enhancements, and further use the CE loss term in the loss

objective. We also find it beneficial to train the classifier for a longer period, thus

we increase the training epochs from 200 to 400. Table 6.8 presents the incremental

improvements provided by the longer training and the new loss term. Specifically,

we achieve an unsupervised classification/clustering accuracy of 92.9%, with an ab-

solute 0.8% increment. The usage of CE loss term improved the performance even

though there are two sources of error which can inject noise in the learning signal;

(i) classification errors made by the model can provide wrong cluster index to the CE

loss, and (ii) errors caused by the nearest neighbor selection can select samples with

non-matching semantic labels which can similarly provide wrong cluster index to the

CE loss.
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Table 6.8: Cross-Entropy Loss Term with Longer Training. Unsupervised image

classification improvements provided by the cross-entropy loss term and longer train-

ing on ImageNet-100 dataset. The Best Head results pertain to the classifier head

with the lowest training loss, while the Overall results present the mean and standard

deviation across all 50 classification heads. Baseline refers to TEMI settings with hy-

perparameter optimization, batch normalization, adaptive nearest neighbor selection,

sinkhorn-knopp centering and features space enhancement.

Best Head Overall

Methods NMI(%) ACC(%) ARI(%) NMI(%) ACC(%) ARI(%)

baseline w/ DINOv2 ViT-L/14 94.92 92.10 88.02 94.38±0.30 90.09±0.95 85.86±0.98
+ 400 epochs 94.66 92.00 87.53 94.22±0.31 90.34±0.99 85.79±1.01
+ TEMI w/ CE 95.33 92.92 88.74 95.04±0.19 91.71±0.86 87.64±0.79

6.4.1.8 Comparison with the Baseline

First, we present the overall enhancements in Table 6.9 to provide a holistic view

of the performance improvements. We trained a model using the baseline TEMI [1]

settings with DINOv2 [60] features, achieving a clustering accuracy of 79.4%. We

excluded the hyperparameter optimization and longer training from this set of ex-

periments to better observe the training stability that our components provide. The

proposed enhancements increased the unsupervised classification/clustering accuracy

to 93.2%, representing an 13.7% absolute and 17.3% relative improvement. This re-

sult sets a new state-of-the-art for unsupervised classification/clustering performance

on the ImageNet-100 dataset.

Next, we demonstrate the effectiveness of our proposed enhancements by compar-

ing our trained multi-head classifiers with the baseline TEMI method on eight image

classification benchmark datasets in Table 6.10. Our approach achieves new state-

of-the-art results across all benchmark datasets for fully unsupervised image classi-

fication/clustering problems, attaining a clustering accuracy of 99.3% on CIFAR10,

87.5% on CIFAR100, and 70.2% on ImageNet datasets.
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Table 6.9: Ablation Results on the Enhancements. We optimize the unsupervised

multi-head image clustering performance with several enhancements. These enhance-

ments later provide a notable boost of performance with the usage of cluster ensam-

bling method in the next set of experiments. An adaptive distance threshold of 0.3 is

used to select nearest neighbors. Total performance gains provided by the cumulative

enhancements on ImageNet-100 dataset are presented in the bottom row.

Methods NMI(%) ACC(%) ARI(%)

Baseline (DINOv2) 88.75 79.44 71.50

+ Feat. 89.58 ↑ 0.83 79.82 ↑ 0.38 72.66 ↑ 1.16

+ BN 90.10 ↑ 0.52 81.86 ↑ 2.04 74.44 ↑ 1.78

+ Adaptive NN (0.3) 94.83 ↑ 4.73 91.00 ↑ 9.14 87.02 ↑ 12.58

+ SK 95.03 ↑ 0.20 92.60 ↑ 1.60 88.23 ↑ 1.21

+ TEMI w/ CE. 95.16 ↑ 0.13 93.18 ↑ 0.58 88.80 ↑ 0.57

∆ +6.41 13.74 +17.30

Training Details. Building upon the improvements gained through the proposed

enhancements in Table 6.9, we further tweak some hyperparameters for different

datasets, which empirically provided better results.

Teacher temperature. We use a teacher temperature of 0.07 for CIFAR datasets, and

0.1 for all other datasets.

Adaptive Nearest Neighbor Threshold. Through additional experiments, we found

that a nearest neighbor distance threshold of 0.3 works better across all datasets.

Therefore, we set the default distance threshold to 0.3. We provide a thorough analy-

sis on distance threshold in Section 6.4.4.1.

Backbone Model. While we generally use a DINOv2 ViT-L/14 + Registers model

on all benchmark datasets, we found that this model causes a performance drop on

the STL10 dataset. Hence, we switch to the DINOv2 ViT-B/14 model for the STL10

dataset.

Batch Size. We use a batch size of 256 for the CIFAR datasets, which provides im-
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Table 6.10: Overall Improvements Over the TEMI Baseline. We report the mean

and standard deviation of 5 independent runs with different seeds as our results and

adopted the results of the TEMI [1] method from the corresponding paper. Our en-

hancements provide significant improvements over the baseline, detailed in the last

column as the delta between the mean accuracy of TEMI and our method.

TEMI Baseline Our Results ∆

Datasets Backbone NMI(%) ACC(%) ARI(%) Backbone NMI(%) ACC(%) ARI(%) ACC(%)

STL10
DINO

(ViT-B/16)
96.5±0.13 98.5±0.04 96.8±0.04

DINOv2

(ViT-B/14)
98.90±0.06 99.57±0.04 99.05±0.08 +1.1

CIFAR10
DINO

(ViT-B/16)
88.6±0.05 94.5±0.03 88.5±0.08

DINOv2

(ViT-L/14)
97.93±0.07 99.27±0.04 98.38±0.08 +4.8

CIFAR20
DINO

(ViT-B/16)
65.4±0.45 63.2±0.38 48.9±0.21

DINOv2

(ViT-L/14)
74.09±0.83 67.71±1.03 55.83±1.09 +4.5

CIFAR100
DINO

(ViT-B/16)
76.9±0.45 67.1±1.30 53.3±1.02

DINOv2

(ViT-L/14)
90.60±0.05 87.49±0.24 80.08±0.21 +20.4

ImageNet-50
MSN

(ViT-L/16)
88.14±0.55 84.87±1.16 76.46±1.17

DINOv2

(ViT-L/14)
96.81±0.11 97.06±0.10 94.13±0.18 +12.1

ImageNet-100
MSN

(ViT-L/16)
88.53±0.56 82.86±0.73 74.08±1.20

DINOv2

(ViT-L/14)
95.44±0.09 93.42±0.26 89.34±0.33 +10.5

ImageNet-200
MSN

(ViT-L/16)
86.65±0.32 77.96±0.71 66.70±0.71

DINOv2

(ViT-L/14)
93.54±0.09 88.64±0.26 82.58±0.29 +10.6

ImageNet
MSN

(ViT-L/16)
82.5 61.56±0.28 48.4

DINOv2

(ViT-L/14)
87.73±0.03 70.23±0.16 59.45±0.14 +8.6

proved results under the same learning rate and warm-up epochs. For the rest of the

benchmark datasets, we use a default batch size of 1024.

6.4.2 Cluster Ensembles and Self-Training Experiments

As the second and third components of our UCLS framework, we present the use of

cluster ensembling [70] and self-training on the outputs of the multi-head classifier.

Previously, in the TEMI method [1], only the teacher head with the lowest loss was

utilized during inference on the test set, while the rest of the heads contributed solely

to the training process through the sample weighting approach in the loss function.

However, as empirically demonstrated in Section 6.4.1, other classifier heads also

exhibit strong clustering performance when used during inference.
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Table 6.11: Cluster Ensembling Results on Different Accuracy Levels. Cluster

ensembling consistently provide improvements across different accuracy spectrum.

While the improvement is substantial for models with lower accuracy, the gap be-

tween the baseline and the ensembling narrows for higher accuracy models. With the

addition of each component, ensembling performance improves since all the cluster-

ing heads perform better along with the best head. †corresponds to ensembling on the

validation set clustering outputs, while ‡corresponds to ensembling on the training

set clustering outputs first and then using self-training on the pseudo-labels obtained

from the training set for inference.

Methods NMI(%) ACC(%) ARI(%)

Baseline (DINOv2) 88.75 79.44 71.50

+ Ensemble † 92.95 ↑ 4.20 87.80 ↑ 8.36 82.47 ↑ 10.97

+ Ensemble + Self-Training ‡ 93.17 ↑ 4.42 88.34 ↑ 8.90 82.30 ↑ 10.80

+ Feat. 89.58 79.82 72.66

+ Ensemble † 94.24 ↑ 4.66 91.10 ↑ 11.28 85.72 ↑ 13.06

+ Ensemble + Self-Training ‡ 93.90 ↑ 4.32 90.54 ↑ 10.72 84.74 ↑ 12.08

+ BN 90.10 81.86 74.44

+ Ensemble † 94.65 ↑ 4.55 92.06 ↑ 10.20 87.28 ↑ 12.84

+ Ensemble + Self-Training ‡ 94.41 ↑ 4.31 90.84 ↑ 8.98 85.34 ↑ 10.90

+ Adaptive NN (0.3) 94.83 91.00 87.02

+ Ensemble † 95.18 ↑ 0.35 92.78 ↑ 1.78 88.36 ↑ 1.34

+ Ensemble + Self-Training ‡ 94.99 ↑ 0.16 92.40 ↑ 1.40 87.92 ↑ 0.90

+ SK 95.03 92.60 88.23

+ Ensemble † 95.07 ↑ 0.04 92.72 ↑ 0.12 88.34 ↑ 0.11

+ Ensemble + Self-Training ‡ 95.06 ↑ 0.03 92.54 ↓ 0.06 88.19 ↓ 0.04

+ TEMI w/ CE. 95.16 93.18 88.80

+ Ensemble † 95.18 ↑ 0.02 93.20 ↑ 0.02 88.84 ↑ 0.04

+ Ensemble + Self-Training ‡ 95.20 ↑ 0.04 93.16 ↓ 0.02 88.80 =

61



To observe the performance changes introduced by the cluster ensembling and self-

training steps at different accuracy levels, we apply ensembling on the outputs of

multi-head classifiers trained during the incremental enhancement experiments in

Section 6.4.1. We evaluate cluster ensembling results under two different scenarios.

First, we assume that the test images are available in advance, allowing us to combine

the clustering outputs from each classifier head on the test set. Second, we assume

that the test images are not available beforehand, making it impossible to ensem-

ble clustering outputs of the test set directly. In this scenario, we perform inference

on the training set samples and use the cluster indexes assigned to each sample as

pseudo-labels to apply self-training on this new set. The resulting model is then used

as the classification model to predict the classes in the validation set. We perform

ensembling on the outputs of all the classifier heads in both scenarios.

Cluster ensembling results under these two scenarios are presented in Table 6.11. We

observe that while the improvement is substantial for models with lower accuracy, the

gap between the baseline and the ensembling narrows for higher accuracy models.

We hypothesize that this observation is due to: (i) the error types between different

classifier heads becoming more similar as the enhancements improve all the heads

and bring them closer in performance, and (ii) the performance reaching a saturation

point as it improves with the enhancements.

6.4.3 Comparison with the State-of-the-art

We demonstrate the effectiveness of our proposed framework for fully unsupervised

image classification/clustering by comparing it to the state-of-the-art methods. Us-

ing the training details provided in Section 6.4.1.8, we report the mean and standard

deviation of the multi-head classifier outputs, as well as the metrics for the best per-

forming model, and ensembling results for the two aforementioned scenarios.

First, we show our results on widely studied CIFAR10, CIFAR20 and STL10 datasets

for the unsupervised image classification/clustering. As shown in Table 6.12, UCLS

achieves state-of-the-art results, with clustering accuracies of 99.3% on CIFAR10,

74.2% on CIFAR20, and 99.6% on STL10 datasets.
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Table 6.12: Comparison with the State-of-the-art on Small-Scale Datasets. We

report the mean and standard deviation of 5 independent runs with different seeds

as our stage-1 results. We also report the best results from stage-1. †corresponds

to ensembling on the validation set clustering outputs, while ‡corresponds to ensem-

bling on the training set clustering outputs first and then using self-training on the

pseudo-labels obtained from the training set for inference. * indicates methods that

utilize validation split during training. UCLS provide significant improvements over

the previous methods and achieve state-of-the-art results in unsupervised image clas-

sification/clustering problem on CIFAR10, CIFAR20 and STL10 datasets. We use

DINOv2 ViT-Large model [20] for the CIFAR10 and CIFAR20 datasets and DINOv2

ViT-Base [20] model for the STL10 dataset. Best results are boldfaced.

Datasets CIFAR10 CIFAR20 STL10

Methods NMI(%) ACC(%) ARI(%) NMI(%) ACC(%) ARI(%) NMI(%) ACC(%) ARI(%)

DCCM [80] 49.6 62.3 40.8 28.5 32.7 17.3 37.6 48.2 26.2

DeepCluster [9] - 37.4 - - 18.9 - - 33.4 -

PICA [42] 59.1 69.6 51.2 31 33.7 17.1 61.1 71.3 53.1

GCC [90] 76.4 85.6 72.8 47.2 47.2 30.5 68.4 78.8 63.1

NNM [19] 74.8 84.3 70.9 48.4 47.7 31.6 69.4 80.8 65

PCL [49] 80.2 87.4 76.6 52.8 52.6 36.3 71.8 41.0 67.0

SCAN [74] 79.7 88.3 77.2 48.6 50.7 33.3 69.8 80.9 64.6

SCAN + RUC [61] - 90.1 - - 54.5 - - 86.6 -

SPICE [55] 86.5 92.6 85.2 56.7 53.8 38.7 87.2 93.8 87.0

ProPos* [43] 88.6 94.3 88.4 60.6 61.4 45.1 75.8 86.7 73.7

TCL [51] 81.9 88.7 78.0 - - - 79.9 86.8 75.7

TSP [92] 88.0 94.0 87.5 61.4 55.6 43.3 95.8 97.9 95.6

CoKe [63] 76.6 85.7 73.2 49.1 49.7 33.5 - - -

SeCu [62] 86.1 93.0 85.7 55.1 55.2 39.7 73.3 83.6 69.3

TEMI DINO ViT-B/16 [1] 88.6±0.05 94.5±0.03 88.5±0.08 65.4±0.45 63.2±0.38 48.9±0.21 96.5±0.13 98.5±0.04 96.8±0.09
TEMI MSN ViT-L/16 [1] 82.9±0.16 90.0±0.14 80.7±0.22 59.8±0.04 57.8±0.42 42.5±0.08 93.6±1.10 96.7±0.89 93.0±1.74
HUME [30] - 88.4 77.6 - 55.5 37.7 - 90.8 81.2

TURTLE DINOv2 ViT-g/14 [31] - 99.3 - - - - - 72.3 -

UCLS stage-1 (Ours) 97.93±0.07 99.27±0.04 98.38±0.08 74.09±0.83 67.71±1.03 55.83±1.09 98.90±0.06 99.57±0.04 99.05±0.08
UCLS stage-1 / Best (Ours) 98.03 99.32 98.50 75.38 69.26 57.50 99.00 99.64 99.20

UCLS Ensemble (Ours)† 98.03 99.31 98.48 76.61 73.67 59.67 98.98 99.60 99.12

UCLS Ensemble + Self-Training (Ours) ‡ 98.23 99.20 97.72 76.49 74.23 60.09 99.06 99.58 98.88

Next, we present our results on CIFAR100 dataset, ImageNet dataset and its subsets,

namely ImageNet-50, ImageNet-100, ImageNet-200, Tiny-ImageNet and ImageNet-

1000. Tables 6.13 and 6.14 shows state-of-the-art results on all ImageNet versions

and CIFAR100, achieving a 70.3% on ImageNet and being the first work to surpass

70% mark on ImageNet dataset in fully unsupervised image classification problem.

While excluding the scenario-1, where results of validation set are ensembled, UCLS

gains absolute increases of % on CIFAR100, % on ImageNet-50, % on ImageNet-

100, % on ImageNet-200, % on Tiny-ImageNet, and % on ImageNet-1000.
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Table 6.13: Comparison with the State-of-the-art on ImageNet Subsets. We re-

port the mean and standard deviation of 5 independent runs with different seeds as

our stage-1 results. We also report the best results from stage-1. †corresponds to

ensembling on the validation set clustering outputs, while ‡corresponds to ensem-

bling on the training set clustering outputs first and then using self-training on the

pseudo-labels obtained from the training set for inference. UCLS provide significant

improvements over the previous methods on ImageNet subsets and achieve state-of-

the-art results in unsupervised image classification/clustering problem on ImageNet-

50, ImageNet-100 and ImageNet-200 datasets with 12.1%, 10.5% and 10.6% absolute

improvements, respectively. We use DINOv2 ViT-Large model [20] for our experi-

ments. Best results are boldfaced.

Datasets ImageNet-50 ImageNet-100 ImageNet-200

Methods NMI(%) ACC(%) ARI(%) NMI(%) ACC(%) ARI(%) NMI(%) ACC(%) ARI(%)

SCAN [74] 82.2 76.8 66.1 80.8 68.9 57.6 77.2 58.1 47.0

ProPos [43] 82.8 - 69.1 83.5 - 63.5 80.6 - 53.8

TEMI MSN ViT-L/16 [1] 88.14±0.55 84.87±1.16 76.46±1.17 88.53±0.56 82.86±0.73 74.08±1.20 86.65±0.32 77.96±0.71 66.70±0.71

UCLS stage-1 (Ours) 96.81±0.11 97.06±0.10 94.13±0.18 95.44±0.09 93.42±0.26 89.34±0.33 93.54±0.09 88.64±0.26 82.58±0.29
UCLS stage-1 / Best (Ours) 96.95 97.16 94.33 95.54 93.62 89.67 93.37 88.79 82.40

UCLS Ensemble (Ours)† 96.87 97.12 94.24 95.56 93.68 89.71 93.36 88.67 82.29

UCLS Ensemble + Self-Training (Ours) ‡ 96.44 96.72 93.48 95.55 93.66 89.67 93.43 89.00 82.58

Finally, achieve a new state-of-the-art for fully unsupervised settings on Food101

dataset with a % clustering accuracy improvement as shown in Table 6.15. Over-

all, UCLS achieves state-of-the-art on ten image classification benchmark datasets in

fully unsupervised settings.

6.4.4 Ablation Studies

We further investigate the effect of different components to the final performance of

the multi-head classifier models. Specifically, we conduct experiments on the effects

of adaptive nearest neighbor selection with different distance thresholds, the effect of

number of classifier heads, and the effect of our enhancements under different loss

function to the final performance. We train all the models including the components

proposed to improve multi-head classifiers, while using 200 epochs.
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Table 6.14: Comparison with the State-of-the-art on CIFAR100, Tiny-ImageNet

and ImageNet. We report the mean and standard deviation of 5 independent runs

with different seeds as our stage-1 results. We also report the best results from

stage-1. †corresponds to ensembling on the validation set clustering outputs, while

‡corresponds to ensembling on the training set clustering outputs first and then us-

ing self-training on the pseudo-labels obtained from the training set for inference.

UCLS sets new state-of-the-art results in unsupervised image classification/cluster-

ing problem on all datasets with 1.0%, 54.1% and 1.2% absolute improvements for

CIFAR100, Tiny-ImageNet and ImageNet, respectively. We use DINOv2 ViT-Large

model [20] for all experiments. Best results are boldfaced. § results are taken from

SeCu [62] paper.

Datasets CIFAR100 Tiny-ImageNet ImageNet

Methods NMI(%) ACC(%) ARI(%) NMI(%) ACC(%) ARI(%) NMI(%) ACC(%) ARI(%)

DCCM [80] - - - 22.4 10.8 3.8 - - -

SCAN [74] - - - - - - 72.0 39.9 27.5

ProPos [43] - - - 40.5 25.6 14.3 - - -

SPICE [55] - - - 44.9 30.5 16.1 - - -

TCL [51] 52.9 53.1 35.7 - - - - - -

TSP [92] 61.4±1.4 55.6±2.5 43.3±1.8 - - - - - -

CoKe§ [63] - - - - - - 76.2 47.6 35.6

SeCu [62] 65.2 51.3 37.1 - - - 79.4 53.5 41.9

TEMI DINO ViT-B/16 [1] 76.9±0.45 67.1±1.30 53.3±1.02 - - - 82.5 61.56±0.28 48.4

MIM-Refiner [2] - - - - - - 86.3 67.4 40.5

TURTLE DINOv2 ViT-g/14 [31] - 87.1 - - - - - 69.1 -

UCLS stage-1 (Ours) 90.60±0.05 87.49±0.24 80.08±0.21 89.93±0.10 84.34±0.21 74.55±0.32 87.73±0.03 70.23±0.16 59.45±0.14
UCLS stage-1 / Best (Ours) 90.62 87.76 80.32 90.03 84.62 75.00 87.77 70.34 59.67

UCLS Ensemble (Ours)† 90.97 88.40 80.75 90.11 84.93 75.18 87.84 70.92 60.05

UCLS Ensemble + Self-Training (Ours) ‡ 90.65 88.14 80.28 89.37 84.35 73.89 87.55 70.36 58.64

6.4.4.1 Adaptive Distance Threshold

We investigate the effects of an adaptive distance threshold by training multi-head

classifiers on the ImageNet-100 dataset using 10 different equally spaced thresholds,

ranging from 0.1 to 1.0, where a threshold of 1.0 corresponds to using only the top-50

nearest neighbors. Table 6.16 demonstrates that a very low threshold of 0.1 signif-

icantly outperforms using only the top-50 neighbors, highlighting the effectiveness

of the DINOv2 features. Overall mean and standard deviation values show that a

distance threshold of 0.3 maximizes the performance across all classifier heads com-

pared to other thresholds. Consequently, we set a distance threshold of 0.3 as the

default for our UCLS framework.
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Table 6.15: Comparison with the State-of-the-art on Food101 Dataset. We report

the mean and standard deviation of 5 independent runs with different seeds as our

stage-1 results. We also report the best results from stage-1. †corresponds to en-

sembling on the validation set clustering outputs, while ‡corresponds to ensembling

on the training set clustering outputs first and then using self-training on the pseudo-

labels obtained from the training set for inference. UCLS provide an absolute 2.7%

accuracy improvement over TURTLE [31] method on fully unsupervised settings. We

use DINOv2 ViT-Large model [20] for our experiments. Best results are boldfaced.

Dataset Food101

Methods NMI(%) ACC(%) ARI(%)

TURTLE DINOv2 ViT-g/14 [31] - 78.9 -

UCLS stage-1 (Ours) 80.54±0.33 85.67±0.10 71.03±0.21
UCLS stage-1 / Best (Ours) 85.82 80.89 71.26

UCLS Ensemble (Ours)† 85.76 81.01 71.39

UCLS Ensemble + Self-Training (Ours) ‡ 86.32 81.60 72.29

6.4.4.2 Number of Classifier Heads

Multi-head classifiers are utilized during the computation of training loss by assigning

a low weight to training sample that are likely noisy nearest neighbors. We also use

all the classifier heads during the cluster ensembling step to improve the performance

of the unsupervised classifiers. To evaluate the effects of number of classifier heads

on the multi-head classifier performance, we train several classifier models with num-

ber of heads ranging from 10 to 80. As shown in Table 6.17, interestingly, classifier

with 10 heads performs best on single-head performance, while it drops behind for

the ensembling results. Ensembling benefits from the increased number of heads as

there are more possibilities for different types of errors which is known to improve en-

sembling performance [34]. However, we also observed 10-head classifiers train∼5x

faster than the 50-head classifiers, providing a strong alternative in limited resources.

66



Table 6.16: Ablation Study on Adaptive Nearest Neighbor Selection Distance

Threshold. We analyze the effects of adaptive nearest neighbor selection through

distance threshold on the performance of multi-head classifiers. The Best Head re-

sults correspond to the classifier head with the lowest training loss, while the Overall

results present the mean and standard deviation across all 50 classification heads. We

also provide the average number of neighbors per image that are utilized during train-

ing, and the nearest neighbor accuracy at the distance threshold over the ImageNet-

100 dataset. We use DINOv2-L/14 features for all the experiments. While the clas-

sifier with the 0.1 distance threshold provide the single best-head performance, the

threshold of 0.3 better propagates the improvements to all the classifier heads.

Best Head Overall Nearest Neighbor Stats

Dist. Thr. NMI(%) ACC(%) ARI(%) NMI(%) ACC(%) ARI(%) Average NN Count NN ACC(%)

1.0 93.68 87.26 83.22 93.47±0.41 87.15±1.39 82.51±1.33 50.0 -

0.9 94.26 89.06 84.98 93.47±0.49 87.37±1.52 82.67±1.61 71.9 99.77

0.8 93.97 89.00 84.42 93.78±0.39 88.21±1.31 83.60±1.32 216.5 98.06

0.7 94.69 90.56 86.28 94.01±0.43 88.52±1.34 84.16±1.39 374.9 96.43

0.6 94.65 91.20 86.49 94.29±0.36 89.22±1.28 85.05±1.23 511.3 95.67

0.5 95.48 92.62 89.04 94.63±0.32 90.16±1.10 86.12±1.13 643.7 94.62

0.4 95.37 92.20 88.57 95.09±0.22 91.18±0.80 87.40±0.77 782.6 93.20

0.3 95.39 92.34 88.52 95.22±0.20 91.83±0.81 87.92±0.76 940.7 90.85

0.2 95.36 92.30 88.49 95.12±0.15 91.34±0.75 87.41±0.64 1158.7 84.47

0.1 95.06 92.58 88.11 94.74±0.14 90.69±0.75 86.48±0.66 1284.6 79.67

6.4.4.3 Multiple Neighbors Smoothing

Even though nearest neighbor training provides a robust grouping of images for train-

ing an unsupervised image classifier, errors in model predictions can degrade perfor-

mance. This is due to incorrect learning signals in the predicted class distributions

and the pseudo-labels provided to the cross-entropy loss term introduced in Section

5.2.7.

To mitigate these errors, we propose smoothing the outputs from nearest neighbors

by sampling multiple neighbors per image and averaging their predicted probability

distributions. To observe the effects of our smoothing approach, we sample four

neighbors per image during training and use the average probability distribution as the

teacher output in Equation (5.1.1). We conduct experiments on CIFAR20, CIFAR100,
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Table 6.17: Ablation Study on the Number of Classifier Heads. We analyze the

effect of number of classifier heads to the unsupervised image classification perfor-

mance. The Best Head results correspond to the classifier head with the lowest train-

ing loss, while the Overall results present the mean and standard deviation across all

classification heads. We also provide the cluster ensembling results on the valida-

tion set as it is a good approximation of the self-training results based on training set

pseudo-labels. We use the ImageNet-100 dataset and DINOv2-L/14 features for the

experiments.

Best Head Overall Val. Ensembles

Classifier Heads NMI(%) ACC(%) ARI(%) NMI(%) ACC(%) ARI(%) NMI(%) ACC(%) ARI(%)

10 95.37 92.54 88.64 95.07±0.14 91.57±0.57 87.56±0.54 95.23 92.42 88.38

20 95.27 92.74 88.54 95.07±0.18 91.59±0.67 87.54±0.65 95.26 92.54 88.35

30 95.22 91.88 88.09 95.16±0.19 91.69±0.75 87.74±0.74 95.50 93.40 89.38

40 95.41 92.14 88.50 95.20±0.21 91.67±0.80 87.80±0.75 95.41 92.74 88.69

50 95.39 92.34 88.52 95.22±0.20 91.83±0.81 87.92±0.76 95.40 93.32 89.19

60 95.48 92.20 88.62 95.17±0.22 91.63±0.82 87.75±0.80 95.63 93.70 89.82

70 95.42 92.08 88.49 95.21±0.20 91.76±0.80 87.87±0.78 95.50 93.42 89.38

80 95.28 92.04 88.12 95.21±0.18 91.77±0.79 87.88±0.71 95.61 93.60 89.72

ImageNet-100, and ImageNet datasets to evaluate the impact of multiple neighbor

smoothing.

Table 6.18 shows that multiple-neighbors smoothing provides improvements to the

final performance of each dataset, providing absolute accuracy gains of 2.25% on CI-

FAR20, 0.33% on CIFAR100 and 1.12% on ImageNet; pushing the ImageNet cluster-

ing accuracy to 71.46%; while decreasing the performance on ImageNet-100 dataset

with an absolute 0.14% accuracy loss.

Multiple neighbors smoothing also moderately increases the training time for all the

models due to the increased computation requirements.

6.4.4.4 Effect of Enhancements under Different Loss Functions

We conduct additional experiments using various loss functions to determine whether

our improvements are independent of the specific baseline method. To this end, we
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Table 6.18: Effects of Multiple Nearest Neighbors Smoothing. We report the per-

formance metric comparison of the best classifier heads of models trained with and

without multiple nearest neighbors smoothing. Corresponding models share the same

random number generation seed and are trained with all the proposed enhancement

components.

w/o Smoothing w/ Smoothing

Datasets NMI(%) ACC(%) ARI(%) NMI(%) ACC(%) ARI(%)

CIFAR20 74.72 68.38 56.61 75.46 70.63 58.44

CIFAR100 90.62 87.76 80.32 90.35 88.09 79.87

ImageNet-100 95.33 92.92 88.73 95.13 92.78 88.59

ImageNet 87.77 70.34 59.67 87.66 71.46 59.98

replace the TEMI loss function [1] with the SCAN loss function [74] and incorporate

our enhancements into the baseline settings. As shown in Table 6.19, our enhance-

ments consistently improve baseline performance on ImageNet-100 dataset regard-

less of the loss function applied, achieving comparable results across both config-

urations despite differences in baseline accuracy. We use a entropy regularization

hyperparameter λ = 4 for the SCAN loss.

Table 6.19: Effects of Enhancements Under Different Loss Functions. We report

the performance metric comparison of the best classifier heads of models trained with

different loss functions, namely TEMI and SCAN losses.

w/ TEMI Loss w/ SCAN Loss

Methods NMI(%) ACC(%) ARI(%) NMI(%) ACC(%) ARI(%)

Baseline (DINOv2) 88.75 79.44 71.50 90.77 84.64 77.89

+ Enhancements 95.16 93.18 88.80 95.06 93.00 88.62
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CHAPTER 7

CONCLUSION

This chapter is adopted from our JVCI journal paper [6] and extended for our recent

work.

In this thesis, we addressed two main aspects of self-supervised learning; training a

backbone model by proposing a self-supervised learning pretext task, and the usage

of self-supervised pretrained models on downstream tasks.

As for the initial problem we discussed, we proposed a straightforward yet impactful

extension to the instance discrimination pretext task, aiming to address the inherent

limitation in localization representations during the image-level learning of CNNs,

particularly when spatial information is lost due to the global average pooling oper-

ation. To this end, we attached a segmentation branch to the feature extractor before

the global pooling operation to work on dense features, and work in parallel with

the instance discrimination task to inject additional dense representations through a

supplementary segmentation loss. We provide the necessary supervision to the seg-

mentation branch using a self-supervised pseudo-mask generation method. We show

that our extension improved the localization capability of both contrastive and non-

contrastive learning baselines on PASCAL VOC object detection and semantic seg-

mentation, and COCO object detection and instance segmentation tasks, while also

preserving or slightly improving the classification performance using the linear eval-

uation protocol.

It is also important to acknowledge certain limitations and possible future work as-

sociated with our approach. In our experiments, we observed that training SegIns

took approximately 30% longer than the baseline methods. This increase in train-
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ing time may be attributed to the additional computational load introduced by the

class-agnostic segmentation task. Although our method delivers improved local-

ization capabilities, the longer training duration could pose practical constraints in

resource-intensive scenarios. As we look ahead, future investigations will focus on

exploring techniques to optimize and streamline the training process, making SegIns

more efficient without compromising its benefits. Furthermore, we aim to explore

more complex segmentation branch designs and replace the class-agnostic segmenta-

tion branch with a class-aware one in a self-supervised manner to further improve the

supplied localization information and also serve for a wider range of use-cases.

In the second part of this thesis, in order to address the utilization of self-supervised

pretrained models on downstream tasks, we introduced an enhanced unsupervised

image classification framework by proposing several improvements to multi-head

classifier approach. We achieve state-of-the-art results in unsupervised image clas-

sification problem on ten image classification benchmarks with big margins. To the

best of our knowledge, we are the first to break the 70% barrier on ImageNet dataset

in the fully unsupervised image classification task. We also propose using a cluster

ensembling method to better leverage the multiple heads in the classifiers and further

enhance our results through a self-training step. We analyze each of the components

in our framework in detail through incremental analysis and ablation studies.

There are certain limitations to our proposed unsupervised classification framework.

While our stage-1 improvements already achieve state-of-the-art results, the cluster

ensembling stage, which provides additional performance improvements, can make

the framework cumbersome and not directly applicable to other domains such as un-

supervised object detection and instance segmentation, which include both classifica-

tion and localization branches that require end-to-end training. We evaluate potential

improvements to simplify the framework and create an end-to-end unsupervised clas-

sification pipeline, aiming to reduce the extra effort required during ensembling and

self-training. One consideration is using a codebook during training to align cluster

assignments between multiple heads of the classifier. This could enable the use of

classifier ensembling methods, such as hard voting or soft voting, and eliminate the

need for a separate cluster ensembling method. Additionally, there is a gap between

the upper bound (based on ground truth nearest neighbor experiments) and the cur-
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rent results of the UCLS framework. Better utilization of the nearest neighbor set

with possible false positive filtering heuristics can improve the final performance.
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• Örenbaş, Halit, Anıl Oymagil, and Melih Baydar. "Efficient Scene Text Detec-

tion in Images with Network Pruning and Knowledge Distillation." 2021 29th

Signal Processing and Communications Applications Conference (SIU). IEEE,

2021.

• Baydar, Melih. Enhancing Feature Selection with Contextual Relatedness Fil-

tering Using Wikipedia. MS thesis. Bilkent Universitesi (Turkey), 2017.

86


	ABSTRACT
	ÖZ
	ACKNOWLEDGMENTS
	TABLE OF CONTENTS
	LIST OF TABLES
	LIST OF FIGURES
	LIST OF ABBREVIATIONS
	Introduction
	Problem Definition and Proposed Methods
	Contributions and Novelties
	The Outline of the Thesis

	Related Work
	Self Supervised Learning with CNNs
	Pretext Tasks
	Instance Discrimination Task

	Segmentation in Self-Supervised Learning
	Unsupervised Image Classification using Self-Supervised ViTs
	Self-Supervised Vision Transformers
	Unsupervised Image Classification/Clustering
	Nearest Neighbors in Self-Supervised Learning


	SegIns: Models and Method
	Background
	Instance Discrimination Task
	ContraCAM: Self-Supervised Mask Generation

	SegIns: Segmentation-Enhanced Instance Discrimination Task

	SegIns Experiments
	Datasets
	Implementation Details
	Multi-crop setting.

	Evaluation Protocols
	ImageNet-100 classification
	PASCAL VOC object detection
	PASCAL VOC semantic segmentation
	COCO object detection and segmentation

	Experimental Results
	Linear evaluation
	Affinity of ImageNet and ImageNet-100 pretraining
	PASCAL VOC object detection
	COCO object detection and segmentation
	PASCAL VOC linear segmentation

	Analysis
	Image-level vs dense representations
	Segmentation loss function
	Effect of unsupervised segmentation outputs


	Unsupervised Image Classification with Cluster Ensembles
	Background
	TEMI: Teacher Ensemble-Weighted Pointwise Mutual Information
	Cluster Ensembles
	Cluster-based Similarity Partitioning Algorithm (CSPA).
	HyperGraph Partitioning Algorithm (HGPA).
	Meta-CLustering Algorithm (MCLA).



	UCLS: Unsupervised Image Classification with Cluster Ensembles
	Hyperparameter Optimization
	Switching to DinoV2 Features
	Batch Normalization Layer Following the Backbone
	Sinkhorn-Knopp Centering on Teacher Outputs
	Adaptive Nearest Neighbors Selection by Distance Thresholding
	Feature Enhancement with Last Attention Blocks
	Improving Loss Function with Cross Entropy Loss
	Mitigating Errors with Multiple Neighbors Smoothing.



	UCLS Experiments
	Datasets
	Implementation Details
	Evaluation Protocols
	Clustering Accuracy
	Normalized Mutual Information.
	Adjusted Rand Index.



	Experimental Results
	Unsupervised Classification Enhancement Experiments
	Hyperparameter optimization
	Switching to DINOv2 Features
	Batch Normalization
	Sinkhorn-Knopp Centering
	Adaptive Nearest Neighbors Selection with Distance Thresholding
	Upper Bound Analysis with Ground Truth Nearest Neighbors.
	DINOv2 Nearest Neighbor Accuracy Analysis.
	Adaptive Nearest Neighbors Selection with Distance Threshold.

	Feature Enhancement with Attention Blocks
	Improved Loss Function with Cross-Entropy Loss
	Comparison with the Baseline
	Training Details.


	Cluster Ensembles and Self-Training Experiments
	Comparison with the State-of-the-art
	Ablation Studies
	Adaptive Distance Threshold
	Number of Classifier Heads
	Multiple Neighbors Smoothing
	Effect of Enhancements under Different Loss Functions



	Conclusion
	REFERENCES

