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תקציר

משמעותיים שיפורים הראו עמוקה למידה של בעולם אקטיבית למידה טכניקות

במצבים שלהם היעילות זאת, למרות מודלים. אימון עבור התיוג עלויות בהורדת

פתרון שמספק יחיד אלגוריתם קיים ולא אתגר נותרה משתנים תקציבים עם

המתוייגות הדגימות לכמות מתייחס ״תקציב״ כשהמושג שונים תקציב איזורי עבור

שמגשרת חדשנית אקטיבית למידה שיטת מציג זה מחקר הלומד. למודל הנתונות

הזה. הפער על

לפיו המדד את דינאמי באופן משנה כאן המוצגת השיטה הקיימות, לשיטות בניגוד

גישה הנוכחי. המודל של והיכולות הביצועים על ומתבססת דגימות בוחרת היא

עם וייצוגיות פשטות בשילוב הצורך על שמעיד תיאורטי מחקר על מתבססת זו

השיטה ואתגור מגוונים, מידע מאגרי על רבים ניסויים באמצעות ודאות. חוסר

להתגבר שלנו האלגוריתם של היכולת את מדגימים אנו שונות, למידה שיטות עם

ביותר. הטובים לביצועים ולהגיע הקרה ההתחלה בעיית על
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Abstract

Deep Active Learning (AL) techniques can be effective in reducing annotation

costs for training deep models. However, their effectiveness in low- and high-

budget scenarios seems to require different strategies, and achieving optimal

results across varying budget scenarios remains a challenge. In this study, we

introduce Dynamic Coverage Margin mix (DCoM), a novel active learning ap-

proach designed to bridge this gap.

Unlike existing strategies, DCoM dynamically adjusts its strategy, considering

the competence of the current model. Through theoretical analysis and em-

pirical evaluations on diverse datasets, including challenging computer vision

tasks, we demonstrate DCoM’s ability to overcome the cold start problem and

consistently improve results across different budgetary constraints. Thus DCoM

achieves state-of-the-art performance in both low- and high-budget regimes.
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1 Introduction

1.1 Background and Motivation

Deep Learning (DL) algorithms require a lot of data to achieve optimal results.

In certain scenarios, there is an abundance of unlabeled data but limited capac-

ity for labeling it. In fields such as medical imaging, an invaluable resource —

doctors themselves — serves as a costly oracle. Pool-based Active learning al-

gorithms aim to address this challenge by reducing the burden of labeling and

making it more effective. Unlike traditional supervised learning frameworks,

where the model passively learns from a given dataset, Active Learning (AL)

can affect the construction of the labeled set, possibly by leveraging knowledge

about the current learner. Accordingly, the initial goal of AL is to select q ex-

amples to be annotated, where q represents the number of examples that can

be sent to the oracle. It aims to leverage the current knowledge of the learner

to choose the examples that will most effectively enhance the learner’s perfor-

mance. AL has already demonstrated tangible contributions across various do-

mains such as computer vision tasks [48], NLP [26, 38] and medical imaging

[15]. These examples highlight the importance of advancing AL to achieve even

greater impact.

Over the past years, active learning has been an active area of research [12, 36,

1



CHAPTER 1. INTRODUCTION 2

39, 42]. The choice of an AL strategy depends on both the learner’s inductive

biases and the nature of the problem. Recent research suggests that the opti-

mal active learning strategy varies with the budget size, where budget refers

to the size of the training set. When the budget is large, methods based on

uncertainty and diversity sampling are most effective. Conversely, when the

budget is small, methods centered on typicality and diversity are more appro-

priate. However, there is no single active learning strategy that is suitable for all

budget regimes. Our study aims to address this challenge by dynamic selection

of the best examples based on the current state of the learner and the current

budget.

1.2 Active Learning Types

The realm of Active Learning (AL) is segmented into three problem settings:

membership query synthesis, stream-based selective sampling, and pool-based

active learning [36].

Figure 1.1: Diagram illustrating the three main active learning scenarios, [36]

.
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Membership Query Synthesis: One of the earliest active learning scenarios

to be explored is learning with membership queries [1]. In this scenario, the

learner can request labels for any unlabeled instance in the input space, includ-

ing queries it generates from scratch rather than those sampled from a natural

distribution. Efficient query synthesis is often feasible and effective for finite

problem domains [2].

While query synthesis can be practical for many problems, it becomes chal-

lenging when the oracle is a human annotator. For instance, Baum and Lang

[5] used membership query learning with human oracles to train a neural net-

work for classifying handwritten characters. They encountered an issue where

many generated query images contained no recognizable symbols, only artifi-

cial hybrid characters lacking natural semantic meaning. Similarly, member-

ship queries in natural language processing might generate nonsensical text or

speech. To address these limitations, stream-based and pool-based scenarios

(discussed in the next sections) have been proposed.

Despite these challenges, [27] describe an innovative and promising applica-

tion of the membership query scenario in a real-world setting. They devel-

oped a “robot scientist” capable of conducting autonomous biological exper-

iments to discover metabolic pathways in the yeast Saccharomyces cerevisiae.

Here, an instance consists of a mixture of chemical solutions forming a growth

medium and a specific yeast mutant, with the label indicating whether the mu-

tant thrived. All experiments are autonomously synthesized using an active

learning approach based on inductive logic programming and performed by a

laboratory robot. This method reduced the cost of experimental materials three-

fold compared to naively running the least expensive experiment and by a fac-

tor of 100 compared to randomly generated experiments. In domains where

labels are derived from experiments rather than human annotators, query syn-
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thesis holds promise for automated scientific discovery.

Stream-Based Selective Sampling: An alternative to synthesizing queries is

selective sampling [11]. This method assumes that obtaining an unlabeled in-

stance is either free or inexpensive, allowing instances to be sampled from the

actual distribution first, and then the learner decides whether to request their

labels. This approach is often referred to as stream-based or sequential active

learning, where each unlabeled instance is drawn one at a time from the data

source, and the learner must choose to query or discard it. If the input distribu-

tion is uniform, selective sampling may behave similarly to membership query

learning. However, if the distribution is nonuniform and unknown, queries will

still be sensible since they originate from a real underlying distribution. The de-

cision to query an instance can be framed in several ways, as described in [36].

Pool-Based Active Learning: Pool-based active learning involves a large pool

of unlabeled data U and a smaller set of initially labeled data L. In this set-

ting, AL algorithms operate within a given budget (b) and their goal is to se-

lect the most informative instances from U for labeling, aiming to improve the

learning model effectively. This process may be repeated iteratively, gradually

increasing budget b. This selection typically involves assessing each instance’s

potential informativeness using measures such as uncertainty sampling, query-

by-committee, or expected model change. These measures help rank the in-

stances in U by their potential to enhance the model’s performance if labeled.

The top-ranked instances are then selected for annotation, and their labels are

acquired from an oracle, such as human annotators or other reliable sources.

By iteratively adding newly labeled instances to L, pool-based active learning

aims to optimize learning efficiency and model accuracy, particularly beneficial

in scenarios with abundant unlabeled data and constrained labeling resources.

The main difference between stream-based and pool-based active learning is
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that the former processes data sequentially, making query decisions individu-

ally, whereas the latter evaluates and ranks the entire collection before selecting

the best query. While pool-based scenarios are more common in application pa-

pers, stream-based approaches may be more suitable in contexts with limited

memory or processing power, such as mobile and embedded devices. The ma-

jority of current AL research adheres to the pool-based AL setting, which we

specifically investigate in our study.

As briefly reviewed below, recent research often categorizes active sampling

methods according to the budget regime. In contrast, our study takes a differ-

ent approach by recognizing the need to adapt sample selection methods based

on the learner’s competence. We aim to develop a single algorithm that dy-

namically adjusts its sampling strategy in response to the learner’s evolving

abilities. This transition from budget to learner’s competence represents a sig-

nificant advancement in active learning research, as it allows us to move beyond

rigid budget allocations and towards a more adaptive approach that optimizes

performance based on the learner’s abilities.

In this thesis, we introduce a novel method called Dynamic Coverage & Margin

mix (DCoM), which dynamically adjusts its selection strategy to deliver optimal

results. DCoM utilizes the coverage of the labeled set as a metric of progress and

leverages the learning model to enhance the accuracy of this coverage measure.

Fig.1.2 compares the coverage of Prob Cover with DCoM coverage and illus-

trates how our algorithm significantly improves coverage accuracy.

We begin by providing a simplified theoretical framework (Chapter 3), where

we integrate a typicality test with an uncertainty test based on the budget and

its coverage. Inspired by the insights gained from this analysis, we introduce

DCoM (Chapter 4), which combines these characteristics. DCoM aims to offer
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(a) Prob Cover coverage (b) DCoM coverage

Figure 1.2: Coverage comparison of each algorithm using the SimCLR representation

on the STL-10 dataset, visualized via t-SNE projection with 250 examples. You can see

that DCoM achieves more precise coverage and encompasses a larger number of points

compared to Prob Cover.

a flexible solution for any budget by selecting the most appropriate examples

that are most suitable to the current budget. We validate DCoM through an

extensive empirical study using various vision datasets (Chapter 5). We pro-

vide an initial investigation into the impact of constrained K-means on DCoM

(Chapter 6). Our findings indicate that DCoM effectively achieves superior per-

formance across all budget ranges.



2 Related Work

2.1 Uncertainty-Based Active Learning

In some Active Learning (AL) methods, the selection of the most informative

data points relies on uncertainty measure. The underlying principle is that the

most informative examples are those about which the classifier is least certain.

Uncertainty sampling was first introduced by Lewis and Gale [30] for efficient

text classifier training. Subsequent methods employed various known mea-

sures, such as entropy [37], least confidence (max softmax output), and minimal

margin (lowest margin between the two highest softmax outputs) to implement

AL sampling based on uncertainty measures.

Over time, new AL algorithms were developed exclusively on the uncertainty

sampling principle. In the field of Bayesian active learning, the selection process

is guided by Bayesian principles, utilizing probability distributions to manage

uncertainty [16, 23, 45, 51].

A notable approach by Ranganathan et al. [34] introduces a loss function that

leverages both labeled and unlabeled data, aiming to minimize cross-entropy

for labeled data while reducing entropy for unlabeled data. Another method

by Gissin and Shalev-Shwartz [17] selects examples to label in a manner that

7
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makes the labeled set and the unlabeled pool indistinguishable. Additionally,

Cho et al. [8] propose the least disagree metric (LDM), defined as the smallest

probability of disagreement of the predicted label, as a new uncertainty metric.

2.2 Diversity-Based Active Learning

In these AL methods, the algorithm prioritizes diverse sampling over uncer-

tainty. Some algorithms use an embedding space to represent data points. Hu

et al. [24] employs clustering to select the densest point initially, and then itera-

tively chooses the next densest point that is farthest from the previously selected

point. Sener and Savarese [35] define the problem of active learning as core-set

selection, which involves selecting a subset of points such that a model trained

on this subset performs competitively on the remaining data points. Hacohen

et al. [19] define the concept of typicality and use clustering to select the most

typical and diverse samples. Yehuda et al. [47] adopt the coverage perspective

of Sener and Savarese [35], but instead of aiming to cover the entire space, they

use a given ball radius and clustering to select the most covering points.

2.3 Uncertainty and Diversity Combination

Several algorithms combine both uncertainty and diversity in their approaches.

For instance, Kirsch et al. [28] and Ash et al. [4] integrate these two aspects in

their methodologies. Yang et al. [46] selects the most uncertain samples while

incorporating a diversity constraint in the objective function. Wen et al. [44]

employs kernel methods to estimate the empirical risk of each sample using

k-means labeling and uses the Neural Tangent Kernel to approximate the clas-

sifier trained on self-supervised features. Chen et al. [6] frame the task as two
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problems: biased sampling between different classes and selecting atypical ex-

amples within the classes. They address the first by using k-means to sample

an equal number of points from each cluster and tackle the second by using

augmentations to compute a new confidence score. Chowdhury et al. [9] utilize

supervised contrastive learning, training the representation model during the

AL process, and employ k-means for selecting examples.

2.4 The Cold Start Problem

Over time, the cold start problem emerged, highlighting the challenges faced

by AL algorithms when operating with a small budget. This problem arises

because traditional active learning algorithms, which primarily rely on uncer-

tainty methods, are less efficient than random selection during the initial stages.

It seems that uncertainty and diversity do not fully capture this challenge. Chen

et al. [6] describe the cold start problem as a combination of two issues: unbal-

anced sampling across different classes (related to diversity) and unbalanced

sampling within each class, where uncertain examples are initially prioritized

over certain ones.

2.5 Division into Low and High Budget Strategies

Some studies categorize the world of AL problems into two regimes of budget

strategies - low and high, where ’budget’ refers to the amount of available la-

beled data. They argue that to solve the cold start problem, different strategies

should be used depending on the current budget regime. In low-budget scenar-

ios, typical examples often yield the best outcomes for the model [6, 19, 20, 47].

This implies that in such contexts, AL algorithms should aim to maximize both
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certainty and diversity. Conversely, in high-budget scenarios, the focus shifts

towards maximizing uncertainty while maintaining diversity. [20] proposes a

method to select the most suitable approach based on the current state. This

method involves comparing multiple active learning strategies during runtime,

rather than recommending a single universal approach.

2.6 Self-Supervised Methods for Representation Learn-

ing

Self-Supervised Learning (SSL) methods for representation learning aim to ex-

tract meaningful features from data without requiring manually labeled exam-

ples. These techniques leverage inherent data structures or relationships to gen-

erate supervised-like signals for training. There are several SSL methods used

for image representation learning. In this research, we primarily utilized Sim-

CLR [7]. Additionally, we employed MOCOv2 [21], BYOL [18], Barlow Twins

[49], and DINOv2 [33].

SimCLR (Simple Contrastive Learning): SimCLR is a powerful self-supervised

learning framework designed to learn effective data representations. It op-

erates by maximizing agreement between differently augmented views of the

same data instance while minimizing agreement between views of different in-

stances. This approach encourages the model to learn invariant features that

capture semantic information useful for downstream tasks. SimCLR has shown

promising results across various domains, demonstrating its ability to learn ro-

bust representations that generalize well.

SimCLR exemplifies how self-supervised methods can effectively learn repre-

sentations by leveraging contrastive learning principles. These methods col-
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lectively advance the field of representation learning by enabling models to

capture meaningful and transferable features from unlabeled data. We em-

ploy these methods to ensure that distances reflect semantic dissimilarities ac-

curately.



3 Theoretical Analysis

The framework of active learning adopted here can be formalized as follows:

Let X denote the input domain, Y the target domain, and L : X→ Y the target

learner. Before seeing any labels, L may be a random feasible hypothesis, or it

may be initialized by either transfer learning or self training.

Active learning may involve a single step, or an iterative process with repeated

active learning steps. In each step of active a learning, the learner actively seeks

labels by choosing a set of unlabeled points as a query set, to be labeled by an

oracle/teacher. Subsequently, this set of labeled points is added to the learner’s

supervised training set, and the learner is retrained or fine-tuned.

As discussed in the introduction, it has been shown that different active learn-

ing strategies are suitable for different budgets b. Henceforth, b refers to the

number of labeled examples known to the learner at the beginning of an active

learning step. With a low budget b, strategies that do not rely on the outcome

of the learner are most suitable. When b is high, it is beneficial to take into

consideration the confidence of the learner when choosing an effective query

set. What makes a budget high or low was left vague in previous analysis, as it

clearly depends on the specific application and dataset.

To achieve an effective active learning protocol suitable for all learners, irre-

spective of budget, we aim to devise a universal objective function, whose min-

12
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imization is used to select the query set. Next, we discuss its envisioned form

for selecting the query set at the beginning of each AL step.

We begin our discussion by proposing to replace the notion of budget with the

notion of competence: a network is competent if its generalization score is rel-

atively high, and vice versa. This proposal is more formally justified in Sec-

tion 3.3. We then rephrase the intuition stated above as follows: When the

learner’s competence is low, the objective function should prioritize typicality

and diversity of selected queries (see discussion in the introduction) irrespec-

tive of the learner’s predictions. When the learner’s competence is high, its

uncertainty in prediction should be given high priority.

More formally, let O(x) denote the desired objective function for query selec-

tion, where x ∈ X is unlabeled. Let Olow(x) and Ohigh(x) denote the objective

functions suitable for a learner with low competence and high competence re-

spectively. Let SL denote a score, which captures the competence of learner L.

The proposed objective function can now be written as follows ∀x ∈ X:

O(x) = (1− SL) · Olow(x) + SL · Ohigh(x) (3.1)

In Section 3.2 we discuss the design of Olow(x). In order to tackle the chal-

lenge of active learning when the competence of L is low, we utilize the point

coverage framework introduced in [47]. This approach relies on self-supervised

data representation, which is blind to the learner’s performance. We refine their

analysis and obtain an improved generalization bound for the 1-Nearest Neigh-

bor (1-NN) classification model that depends on the local geometry of the data.

Beforehand, in Section 3.1 we discuss the necessary preliminaries required to

introduce the coverage approach. In Section 3.3 we discuss our choice of SL,

and connect it to the notion of budget discussed in previous work.

We selectOhigh(x) to equal one minus the normalized lowest response between
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the two highest softmax outputs of L at x, or Margin, as this is a common mea-

sure of prediction uncertainty.

3.1 Preliminaries

Notations. Let P denote the underlying probability distribution of data X. As-

sume that a true labeling function f : X → Y exists. Let U ⊆ X denote the

unlabeled set of points, and L ⊆ X the labeled set, such that X = U ∪L. Here

|L| = b ≤ m is the annotation budget where |X| = m.

Let Bδ (x) = {x′ ∈ X : ∥x′ − x∥2 ≤ δ} denote a ball of radius δ centered at x. Let

C ≡ C(L, δ) =
⋃

x∈L Bδ(x) denote the region covered by δ-balls centered at the

labeled examples in L. We call C(L, δ) the covered region, where P (C) denotes its

probability. Let f N denote the 1-NN classifier, and L denote our current learner

– a 1-NN classifier based on L.

Definition. We say that a ball Bδ(x) is pure if ∀x′ ∈ Bδ(x) : f (x′) = f (x).

Definition. We define the purity of δ as

π (δ) = P ({x ∈ X : Bδ (x) is pure}) .

Notice that π(δ) is monotonically decreasing, as can be readily verified.

In [47] it is shown that the generalization error of the 1-NN classifier f N is

bounded as follows

E
[

f N(x) ̸= f (x)
]
≤ (1− P(C(L, δ))) + (1− π(δ)). (3.2)

Subsequently, an algorithm is proposed that minimizes the first term in (3.2) by

maximizing the coverage probability P(C(L, δ), while ignoring the second term

that is assumed to be fixed.
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Below, we begin by refining the bound, focusing more closely on its second

term (1−π(δ)). This is used in Chapter 4 to device an improved algorithm that

minimizes simultaneously both terms of the refined error bound.

3.2 Refined error bound

Define the indicator random variable Iδ(x) = 1{x∈X:Bδ(x) is pure}. By definition,

π (δ) = P ({x ∈ X : Bδ (x) is pure}) = E[Iδ(x)].

Since the distribution of X is not known apriori, we use the empirical distribu-

tion to approximate the expected value of this random variable. In accordance,

given a labeled set L = {xi}b
i=1:

π̂(δ) = Ê[1{x∈L:Bδ(x) is pure}] =
1
b

E[
b

∑
i=1

1{Bδ(xi) is pure}] =
1
b

b

∑
i=1

E[1{Bδ(xi) is pure}]

=
1
b

b

∑
i=1

P(Bδ(xi) is pure).

(3.3)

With this approximation

E
[

f N(x) ̸= f (x)
]
≤

[
1− P(C(L, δ))

]
+
[
1− 1

b

b

∑
i=1

P(Bδ(xi) is pure)
]
+ ε. (3.4)

where ε bounds the error of the empirical approximation in (3.3).

Note that the refined bound in (3.4) depends on the purity separately at each

labeled point in L. We further refine this bound by allowing the fixed raidus

δ to be chosen individually, where δi denotes the radius of point xi ∈ L. Let

∆ = [δi]
b
i=1 denote the list of individual radii corresponding to L = {xi}b

i=1.

The cover defined by ∆ is C(L, ∆) =
⋃
(xi,δi)∈L×∆ Bδi(xi).
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We consider the normalized Nearest Neighbor (nNN) classification algorithm, where

the nearest neighbor is chosen by solving f N(x)) = argminxi∈L
d(x,xi)

δi
. The

bound on the error in (3.4) becomes

E
[

f N(x) ̸= f (x)
]
≤

[
1− P(C(L, ∆))

]
+

[
1− 1

b

b

∑
i=1

P(Bδi(xi) is pure)
]
+ ε.

(3.5)

3.3 Competence score SL

In order to obtain a useful competence score1, which can be effectively used in

objective function (3.1), we require that it satisfies the following conditions:

(i) Lie in the range [0, 1].

(ii) Use all the data.

(iii) Monotonically increase with the competence of learner L.

In accordance, we propose to use the probability of coverage:

SL(L, ∆) =
1 + e−k(1−a)

1 + e−k(P(C(L,∆))−a)
(3.6)

This function follows a logistic growth curve, with parameters defined as fol-

lows: a ∈ (0, 1) is the midpoint and k ∈ (0, ∞) determines the curve’s steepness.

First, we note that this score satisfies the conditions stated above for the nNN

classifier: (i)-(ii), as it is a function in [0, 1] that depends on all the data X, while

(iii) follows from the error bound (3.5). Below, we prove that it is also monoton-

ically increasing with budget b.

1When the labeled set L is large, it may be possible to set aside a validation set to directly

estimate the competence of learner L, but this is not feasible when the labeled set L is small.
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More specifically, prior work showed empirically and theoretically that the train-

ing budget b = |L| provides a useful clue for the desirable trade-off between

Olow(x) and Ohigh(x) in (3.1), which is captured by score SL(L, ∆) defined in

(3.6). This score is monotonically increasing with P(C(L, ∆)) according to the

logistic function definition and the parameters constraints. We next show that

SL(L, ∆) is monotonically increasing with b. This implies that definition (3.6)

agrees with empirical evidence in prior work.

proposition: For two labeled sets L, L′, if L ⊆ L′ then SL(L, ∆) ≤ SL(L
′, ∆′).

Proof. First, we note that

L ⊆ L′ =⇒ C(L, ∆) =
⋃

xi∈L

Bδi(xi) ⊆

 ⋃
xi∈L

Bδi(xi)

∪
 ⋃

xi∈L′\L
Bδi(xi)

 = C(L′, ∆′)

Since probability is monotonic, it follows that P(C(L, ∆)) ≤ P(C(L′, ∆′)). From

(3.6), and by the definition of the logistic function using the provided parame-

ters limits, SL(L, ∆) is monotonically increasing in L, which implies that SL(L, ∆) ≤

SL(L
′, ∆′).



4 Our Method - DCoM

The error bound in (3.5) guides our method for active query selection, which

aims to minimize this bound by maximizing the coverage P(C(L, ∆)) and indi-

vidual purity π(δi) = P(Bδi(xi) is pure). Recall that L denotes the set of labeled

points, δi the influence radius of xi ∈ L, ∆ = [δi]
b
i=1, and

C(L, ∆) =
⋃

(xi,δi)∈L×∆

Bδi(xi), π(δi) = P
({

x ∈ Bδi (xi) : f (x) = f (xi)
})

Since it was shown in [47] that maximizing P(C(L, δ)) is already NP-hard, we

opt for developing a greedy algorithm for actively selecting the query set, to be

termed DCoM.

4.1 Active learning method

The algorithm involves several steps:

Initialization: Define a suitable embedding space for the data and initialize

essential parameters.

If L ̸= ∅, train model M on L, and compute δ-expansion on the elements of

L. Otherwise, ∆ = [δi = δ0]
b
i=1.

Repeat /* iterative active learning steps */

18
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(i) Active query selection: determine which examples to select for annota-

tion.

(ii) Model training: obtain labels and train a deep learning model M.

(iii) δ-expansion: use M to update δi for the recently selected examples.

Until the accumulated budget is exhausted.

We next provide a detailed description of each step.

Initialization: We begin by seeking a suitable embedding space using U ∪ L,

where distances are intended to be inversely correlated with semantic similarity.

Self-supervised or representation learning may be used to this end. We choose

an initial radius δ0 as described in [47].

(i) Active query selection: In this phase (see Alg 1 below for pseudo-code), the

algorithm selects q examples from U to send for labeling, where q denotes the

query set size. To this end, it first computes several parameters:
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Algorithm 1 DCoM, Active sampling
Input: unlabeled pool U, labeled pool L, query size q, list of ball sizes ∆, trained model M

if L ̸= ∅

Output: a set of points to query, and the coverage of L,

∀x ∈ U, M(x) ← normalized margin between the two highest softmax outputs of M if

L ̸= ∅, 1 otherwise

Compute P(C(L, ∆))

Compute SL(L, ∆)

δavg ← Average(∆)

G = (V = U∪L, E = {(x, x′) : x′ ∈ Bδavg(x)})

for (xi, δi) ∈ L× ∆ do

∀x ∈ Bδi (xi): ∀e = (v, x) ∈ E, remove e # DON’T COVER POINTS TWICE

∀e = (xi, v) ∈ E, remove e

end for

Q← ∅

for i = 1, ..., q do

∀x ∈ U, ODR(x)←Out-Degree Rank

∀x ∈ U, R(x)← SL(L, ∆) · (1−M(x)) + (1 - SL(L, ∆)) ·ODR(x)

xmax ← {argmaxx∈UR(x)}

Q← Q∪ {xmax}

∀x ∈ Bδavg(xmax): ∀e = (v, x) ∈ E, remove e

M(xmax)← 1

end for

return Q, P(C(L, ∆))

• M(x), ∀x ∈ U: the normalized margin between the two highest softmax

outputs using the last trained model if L ̸= ∅, 1 otherwise.

• ∆: ∆ = [δi = δ0]
b
i=1 if L = ∅, otherwise use ∆ from the last AL iteration.

• δavg: the average of ∆.
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• P(C(L, ∆)): the probability of coverage of the current L with its corre-

sponding ∆.

• SL(L, ∆): the competence score of objective function (3.6) if L ̸= ∅, 0 oth-

erwise.

• {Gδavg = (V, E)}: a directed adjacency graph where nodes represent sam-

ples and edges connect pairs of nodes if the distance between them in the

embedding space is smaller than δavg. In order not to cover points more

than once, ∀xi ∈ L, ∀x ∈ Bδi(xi) and ∀v ∈ V – prune incoming edges

e = (v, x) ∈ E. Additionally, we prune all outgoing edges e = (xi, v) ∈ E.

Next, q points are to be selected from U in a greedy manner as follows:

1. ∀x ∈ U, compute the Out-Degree-Rank ODR(x).

2. ∀x ∈ U, compute a ranking score R(x) = SL(L, ∆) · (1− M(x)) + (1−

SL(L, ∆)) ·ODR(x).

3. Select the vertex xmax with the highest score, xmax = argmaxx∈UR(x).

4. Remove all incoming edges to xmax and its neighbors, implying that ODR(xmax) =

0.

5. Set M(xmax) = 1.

(ii) Model training:

1. Obtain labels for query set Q, returned in step (i) of Active sampling.

2. Remove set Q from U and add it to L.

3. Train the given model M using L (and U if the learner is semi-supervised).

(iii) δ-expansion for new samples. In this step (see Alg 2 below for pseudo-

code), we compute a suitable δi for each new labeled example xi ∈ Q, and

add it to ∆. First, we use the updated model M to predict labels for all the
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points in the unlabeled set U. We also compute a purity threshold τ = m ·

P(C(L \Q, ∆)) + b, where m and b are hyperparameters and P(C(L \Q, ∆)) -

the probability of coverage using the old labeled set - has been computed in the

first Active sampling step. For each new labeled example v ∈ Q, we search for

the largest radius δopt such that its purity P
({

x ∈ Bδopt (v) : f (x) = f (v)
})

is

still larger than τ. Assuming that π(Bδ(x)) a monotonic with δ, we can leverage

binary search.

Algorithm 2 DCoM, δ-expansion
Input: unlabeled pool U, labeled pool L, query pool Q, maximal ball size δmax, list of ball

sizes ∆ for L \ Q, trained model M from the current iteration and P(C(L \ Q, ∆)) from

Active sampling

Output: updated list of ball sizes ∆

τ ← m · P(C(L \Q, ∆)) + b

Ŷ← The predicted label for each x ∈ U using the model M

for v ∈ Q do

δopt ← argmaxδ[P ({x ∈ Bδ (v) : f (x) = f (v)}) > τ]

∆← ∆ + [δopt]

end for

return ∆

The algorithm relies on P(C(L, ∆)) as an indicator of progress, which adjusts

the purity threshold and affect the transition from a density-based scoring method

to an margin-based one. Using a sparse representation of the adjacency graph

enables DCoM to handle large datasets efficiently without exhaustive space re-

quirements. The algorithm’s complexity, including adjacency graph construc-

tion and sample selection, is discussed in Section 4.2.
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4.2 Time and space complexity of DCoM

During neural network training, DCoM is invoked once to determine the opti-

mal subset for human annotation, which is then utilized for network training.

Prior to active sampling, a preliminary step involves selecting the initial δ for

the first adjacency graph. This procedure is detailed in [47].

Following this initial step and preceding the active sampling, the algorithm pro-

ceeds with customizing appropriate δ values for each labeled example from the

previous iteration.

After this step, the active sampling commences and encompasses several sub-

sequent stages. The comprehensive process is elaborated upon in Chapter 4.

For the complexity analysis below, let n represent the number of examples in

the combined unlabeled and labeled pool |L ∪U|, d the dimension of the data

embedding space, b - the given budget (|L|) and q - the size of the query set. As

previously stated, DCoM can be divided into three distinct steps:

4.2.1 Selection of initial δ

Time Complexity: The process begins by creating t adjacency graphs, each cor-

responding to a different δ value being evaluated. Here, t denotes the number of

δ’s being examined. The time complexity of each graph generation is O(n2 · d)

time. The computation of purity requires the prediction of pseudo-labels by

k-means at a cost of O(n2). The complexity of computing ball purity for each

example is O(n2), so totally each the ball purity computing takes O(n3). This

adds up to overall time complexity of O(tdn3). Although it may seem signifi-

cant, this step doesn’t occur during the active learning algorithm process. Addi-
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tionally, it’s possible to confine the data employed for purity computation to the

densest points, effectively lowering the complexity to O(tdn2). This approach

mandates the use of at least the number of points equivalent to the number of

classes for purity computation. This technique yields similar δ0 values (consis-

tent for CIFAR-10, CIFAR-100, and ImageNet-50, and with a variation of 0.05

for ImageNet-100/200 and STL-10 and 0.15 for SVHN).

Space complexity: Naively, the space complexity is O(n2), which might be im-

practical for large datasets like ImageNet. However, [47] demonstrates that uti-

lizing a sparse matrix in coordinate list (COO) format and using limited δ val-

ues, the space complexity becomes O(|E|), where E represents the set of edges

in the graph. Although O(|E|) remains O(n2) in the worst-case scenario, in

practice, the average vertex degree with a limited radius is less than n.

4.2.2 Customizing δ values

Time complexity: Each iteration of DCoM starts with customizing δ values for

each labeled example from the last active step. In the worst case, there are |L|

examples. Customizing δ involves building the adjacency graph using δmax,

running all examples on the model to obtain their predictions, and applying

binary search over δ values between 0 and δmax for each example from the last

active step. The binary search is performed on a continuous parameter (δ) with

a search resolution r. This implies that there are δmax
r available values for δ.

Overall, this process takes O(dn2 + n + |L| · log( δmax
r )) = O(dn2 + b · log( δmax

r )).

In practical terms, due to the vectorization of these processes, it requires ap-

proximately 27 minutes to construct an adjacency graph for ImageNet-200 and

update deltas for 1000 examples on a single CPU.

Space complexity: Similar to the space complexity analysis in 4.2.1, which is
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O(n2).

4.2.3 Active sampling

Time complexity: Active sampling involves balancing model min-margin and

example density based on the current adjacency graph. Initially, the margin of

each example is computed using the softmax output from the model’s last layer,

requiring O(n) time. Subsequently, the current adjacency is created using δavg,

which is the average over the L δ values list - ∆. As discussed in 4.2.1, this

step has a time complexity of O(dn2). Following this, the iterative process for

selecting a single sample includes the following steps:

• Calculating node degrees – O(|E|) time.

• Finding the node with maximal degree – O(n) time.

• Removing incoming edges from the graph for covered points – O(|E|)

time.

Samples are iteratively selected from the current sparse graph, with incoming

edges to newly covered samples being removed. Unlike adjacency graph cre-

ation, sample selection cannot be parallelized, as each step depends on the pre-

vious one. Overall, the time complexity for selecting a sample is O(|E|+ n), re-

sulting in a worst-case overall complexity of O(dn2). However, as more points

are selected, the removal of edges speeds up the selection of later samples. Prac-

tically, it consumes about 15 minutes to construct an adjacency graph and select

1000 samples from ImageNet-200 on a single CPU.

Space complexity: Similar to the previous space complexity analysis – O(n2).



5 Empirical Results

5.1 Methodology

This section investigates two deep AL frameworks: a fully supervised approach,

wherein a deep model is trained exclusively on the annotated dataset L as a

standard supervised task, and a semi-supervised framework trained on both the

annotated and unlabeled datasets, L and U. Our experimental setup is based on

the codebase of [31], ensuring a fair comparison among the various AL strate-

gies by using the same network architectures and sharing all relevant experi-

mental conditions.

More specifically, in the following experiments, we trained ResNet-18 [22] on

STL-10 [10], SVHN [32], CIFAR-100 [29] and subsets of ImageNet [14] includ-

ing ImageNet-50, ImageNet-100, and ImageNet-200 as they appear in [40]. The

hyper-parameters we used are detailed in Section 5.2. In the semi-supervised

framework, we used FlexMatch [50] and the code provided by [43]. For the

experiments, we followed the parameters specified by [50]. The exact parame-

ters are detailed in Section 5.2. While the ResNet-18 architecture may no longer

achieve state-of-the-art results on the datasets examined, it serves as a suitable

platform to evaluate the efficacy of AL strategies in a competitive and fair envi-

ronment, where they have demonstrated benefits.

26
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In our comparisons, we used several active learning strategies (or optimization

criteria) for selecting a query set: (1) Random sampling, (2) Min margin — low-

est margin between the two highest softmax outputs, (3) Max entropy — highest

entropy of softmax outputs [37], (4) Uncertainty — 1 minus maximum softmax

output, (5) DBAL [16], (6) CoreSet [35], (7) BALD [28], (8) BADGE [4], (9) Prob-

Cover [47], and (10) LDM-s [8]. When available, we used the code provided

in [31] for each strategy. When it was unavailable, we used the code from the

repositories of the corresponding papers. Since [8] doesn’t provide code, we

compared our results with the corresponding available results reported in their

paper, despite differences in the running setup (see 5.4.7).

DCoM and ProbCover require a suitable data embedding. For STL-10 , SVHN,

CIFAR-10 and CIFAR-100 we employed the SimCLR [7] embedding. For the

ImageNet subsets we used the DINOv2 [33] embedding. Below, we provide an

extensive ablation study, which includes alternative embedding spaces. More-

over, it includes comparison between multiple uncertainty-based methods, re-

vealing that the high-budget algorithm doesn’t exert significant influence when

initialized with the dynamic probability coverage method. Additionally, we

demonstrate the efficacy of blending different methods by decomposing the al-

gorithm into its two objective functions. In all experiments, identical settings

and hyper-parameters are used for our method, as detailed in Section 5.2. The

robustness of our method to these choices is discussed in Section 5.5.

5.2 Implementation details

The source code used in this study will be accessible at [47] GitHub repository.

Our code will be made public upon acceptance.
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DCoM necessitates the computation of the initial delta for each dataset repre-

sentation. The values utilized in our experiments can be found in Table 5.1. The

δ values of CIFAR-10 and CIFAR-100 are sourced from [47]. Information on the

computation of δ values for other datasets can be located in 5.4.1.

Table 5.1: Initial delta values used in experiments

Dataset SSL method Initial δ

STL-10 SimCLR 0.55

SVHN SimCLR 0.4

CIFAR-10 SimCLR 0.75

CIFAR-100 SimCLR 0.65

ImageNet-50 DINOv2 0.75

ImageNet-100 DINOv2 0.7

ImageNet-200 DINOv2 0.65

CIFAR-100 MOCOv2+ 0.5

CIFAR-100 BYOL 0.5

CIFAR-100 Barlow Twins 0.55

Additionally, throughout our experiments we used identical algorithm param-

eters, distinguishing between those for datasets with smaller class amounts (10)

and larger ones (50+). These parameters encompass the adaptive purity thresh-

old τ from Alg 2 and the logistic function parameters for the competence score

SL(L, ∆) in (3.6), (a, k). Specifically, we employed τ = 0.2 cover + 0.4, with

logistic parameters a = 0.9 and k = 30 for CIFAR-10, SVHN, and STL-10, and

a = 0.8 and k = 30 for CIFAR-100 and ImageNet subsets. The δ resolution

for the binary search in DCoM was set to 0.05. Our ablation study, detailed in

Section 5.5, demonstrates that these selections have negligible impact on per-
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formance.

5.2.1 Supervised training

When training on STL-10, SVHN, CIFAR-10 and CIFAR-100 datasets, we uti-

lized a ResNet-18 architecture trained for 200 epochs. Our optimization strategy

involved using an SGD optimizer with a Nesterov momentum of 0.9, weight

decay set to 0.0003, and cosine learning rate scheduling starting at a base rate

of 0.025. Training was performed with a batch size of 100 examples, and we

applied random cropping and horizontal flips for data augmentation. For an

illustration of these parameters in use, refer to [31].

When training ImageNet-50, we used the same hyper-parameters, only chang-

ing the base learning rate to 0.01, the batch size to 50 and the epoch amount to

50.

When training ImageNet-100/200, we used the same hyper-parameters as ImageNet-

50, only changing the epoch amount to 100.

The train and test partitions followed the original sets from the corresponding

paper, with 10% of the train set used for validation in all datasets except for

ImageNet-200, where 5% was used for validation.

5.2.2 Semi-supervised training

When training FlexMatch [50], we used the semi supervised framework by [43],

and the AL framework by [31]. All experiments involved 3 repetitions.

We relied on the standard hyper-parameters used by FlexMatch [50]. Specifi-

cally, we trained WideResNet-28 for 512 epochs using the SGD optimizer, with

0.03 learning rate, 64 batch size, 0.9 SGD momentum, 0.999 EMA momentum,
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0.001 weight decay and 2 widen factor.

5.2.3 Self-supervised feature extraction

STL-10, SVHN, CIFAR-10, CIFAR-100. To extract semantically meaningful fea-

tures, we trained SimCLR using the code provided by [40] for STL-10, SVHN,

CIFAR-10 and CIFAR-100. Specifically, we used ResNet-18 [22] with an MLP

projection layer to a 128-dim vector, trained for 512 epochs. All the training

hyper-parameters were identical to those used by SCAN (all details can be

found in [40]). After training, we used the 512 dimensional penultimate layer

as the representation space.

Representation learning: ImageNet-50/100/200. We extracted features from

the official (ViT-S/14) DINOv2 weights pre-trained on ImageNet [33]. We em-

ployed the L2-normalized penultimate layer for the embedding, which has a

dimensionality of 384.

Ablation embeddings – CIFAR-100. We extracted more features as BYOL [18],

MOCOv2+ [21], and Barlow Twins [49] using pre-trained weights from [13].
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5.3 Main Results

(a) STL-10 (b) SVHN (c) CIFAR-10

(d) CIFAR-100 (e) ImageNet-50 (f) ImageNet-100

(g) ImageNet-200

Figure 5.1: Mean accuracy difference between several AL algorithms and random

queries. Positive mean difference indicates that the corresponding AL method is bene-

ficial. The errors bars correspond to standard error, based on 5-10 repetitions (3 for the

ImageNet subsets). While some methods perform well only in specific budget regimes,

DCoM consistently achieves the best results across all budgets. Cumulative budget is

evenly spaced for easy range comparison.
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Fully supervised framework. We evaluate various AL methods by training a

ResNet-18 model from scratch for each different AL strategy, using the labels

of the queries selected by the respective method. In each AL iteration, a new

model is trained from scratch using the updated labeled set L. This process is

repeated for several AL iterations. Fig. 5.1 shows the difference between the

accuracy obtained by each AL method, and the accuracy obtained when train-

ing a similar network with a random query set of the same size (the baseline of

no active learning). We show mean and the standard error over 5− 10 repeti-

tions (3 for the ImageNet’s subsets), for each AL iteration. The final accuracy

of each method is shown in Tables 5.2-5.3 for the ImageNet-100 and CIFAR-100

datasets, as mean ± Standard Error (STE). Additional datasets are shown in

Section 5.4.

Table 5.2: Model final accuracy when varying the size of the labeled set L (row) and the

respective AL strategy (column), using the ImageNet-100 dataset

|L| Random Prob Cover BADGE BALD Coreset Uncertainty Entropy DBAL Margin DCoM

200 4.58±0.13 6.72±0.07 4.67±0.16 1.99±0.22 4.58±0.13 2.01±0.06 1.99±0.10 1.83±0.06 1.84±0.12 6.87±0.18

400 6.61±0.17 9.30±0.23 6.42±0.23 4.39±0.39 5.53±0.16 3.50±0.32 4.17±0.33 3.65±0.25 4.71±0.10 10.59±0.26

600 8.11±0.42 12.71±0.42 8.01±0.20 6.42±0.24 6.45±0.37 4.93±0.29 5.51±0.33 4.96±0.22 6.46±0.12 13.61±0.15

1,000 11.43±0.17 17.71±0.27 11.56±0.38 9.42±0.19 9.04±0.66 7.97±0.82 8.39±0.18 7.45±0.18 10.43±0.11 17.53±0.23

3,000 27.59±0.76 34.01±0.15 27.58±0.72 24.96±0.23 19.41±0.32 23.10±0.60 20.97±0.33 20.88±0.52 26.51±0.79 34.85±0.23

5,000 39.25±0.26 41.91±0.20 39.13±0.06 36.50±0.25 29.35±0.39 33.78±0.46 31.89±0.24 31.25±0.21 38.37±0.10 44.09±0.83

7,000 46.88±0.25 48.41±0.42 46.42±0.41 43.49±0.42 38.45±0.12 42.09±0.54 41.19±0.17 40.47±0.83 45.69±0.26 49.22±0.29

11,000 55.31±0.26 54.01±0.15 56.61±0.11 55.29±0.32 50.63±0.33 53.25±0.31 52.52±0.26 53.09±0.29 56.86±0.10 58.45±0.15

15,000 61.69±0.09 57.04±0.43 63.05±0.42 62.19±0.21 58.71±0.05 60.07±0.07 59.76±0.22 59.64±0.30 62.71±0.27 64.57±0.22

19,000 66.39±0.26 59.69±0.16 66.82±0.33 66.19±0.19 64.77±0.32 65.59±0.27 64.65±0.23 64.93±0.23 66.89±0.28 67.60±0.08

23,000 68.92±0.15 61.99±0.41 70.54±0.21 69.62±0.32 68.49±0.06 69.03±0.20 68.47±0.50 67.65±0.14 70.81±0.35 70.21±0.32

Semi-supervised framework. We evaluate the effectiveness of 5 representative

AL strategies with FlexMatch, a competitive semi-supervised learning method.

We also evaluate our method, and the results of random sampling (no AL) as

baseline. Fig. 5.2 shows the mean accuracy and STE based on 3 repetitions of

FlexMatch, employing labeled sets generated by the different AL strategies.

Note that in these experiments, since the query is selected from an unlabeled
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Table 5.3: Same as Table 5.2, using the CIFAR-100 dataset.

|L| Random Prob Cover BADGE BALD Coreset Uncertainty Entropy DBAL Margin LDM-s DCoM

200 6.39±0.19 10.79±0.08 6.31±0.09 3.30±0.11 6.39±0.19 2.59±0.05 2.74±0.17 2.61±0.18 5.09±0.37 - 10.59±0.19

400 8.74±0.07 13.53±0.22 8.27±0.14 6.63±0.23 8.62±0.17 4.59±0.23 4.68±0.23 4.41±0.30 7.58±0.17 - 14.11±0.11

600 10.73±0.13 15.86±0.16 10.29±0.27 8.33±0.31 10.39±0.25 6.52±0.38 6.32±0.27 5.94±0.28 10.20±0.16 - 16.66±0.11

1,000 13.49±0.18 19.49±0.20 13.66±0.26 11.42±0.26 12.94±0.21 9.98±0.38 9.31±0.22 8.47±0.35 13.28±0.19 - 20.21±0.07

3,000 24.02±0.27 29.31±0.42 24.24±0.28 22.10±0.11 23.00±0.28 21.93±0.26 20.15±0.33 20.29±0.23 23.71±0.31 - 30.36±0.08

5,000 31.52±0.39 34.64±0.15 32.18±0.33 29.58±0.38 31.41±0.26 30.60±0.40 29.15±0.46 29.60±0.28 31.66±0.23 - 36.95±0.10

7,000 37.69±0.16 38.36±0.13 38.09±0.10 34.36±0.20 38.24±0.16 35.87±0.19 35.11±0.11 35.67±0.35 38.16±0.17 31.85±0.00 41.52±0.25

11,000 45.66±0.22 44.69±0.20 47.00±0.16 44.37±0.28 46.53±0.18 45.23±0.20 45.01±0.17 44.31±0.24 46.37±0.36 40.88±0.01 46.86±0.28

15,000 50.57±0.09 49.58±0.46 52.42±0.17 51.02±0.09 52.19±0.29 51.82±0.16 51.43±0.21 51.30±0.35 52.37±0.19 46.59±0.01 52.33±0.22

19,000 54.95±0.09 52.90±0.14 56.32±0.07 55.55±0.27 56.72±0.31 56.55±0.21 55.76±0.31 55.75±0.14 56.73±0.24 49.41±0.01 56.53±0.07

23,000 57.74±0.14 56.29±0.21 59.60±0.16 59.96±0.35 59.59±0.22 59.79±0.23 59.91±0.08 59.72±0.21 59.88±0.21 52.48±0.00 59.60±0.33

set, the resulting labeled set L may be unbalanced between the classes, which

is especially harmful when the budget is small. This affects all the methods. As

a result, the accuracy with random sampling may differ from reported results.

Notably, DCoM demonstrates significant superiority over random sampling.

|L| = 400 |L| = 1, 000

Figure 5.2: Comparison of AL strategies in a semi-supervised learning framework.

Each bar represents the mean test accuracy over 3 repetitions of FlexMatch, trained

using a total of 400 (left) and 1,000 (right) labeled examples on the CIFAR-100 dataset

(an average of 4 and 10 labeled examples per class respectively). Three rounds of AL

are considered, selecting 100 examples in the first round, 300 in the second, and 600 in

the third.
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5.4 Additional empirical results

5.4.1 δ0 Initialization

To set the initial value δ0, we adopted the method outlined in [47], as detailed

in Chapter 4. Fig. 5.3 displays the purity function across various δ values, along

with the selected δ values for each dataset. As mentioned previously, the δ

values for CIFAR-10 and CIFAR-100 are derived from [47].

(a) STL-10 (b) SVHN (c) ImageNet-50

(d) ImageNet-100 (e) ImageNet-200

Figure 5.3: π(δ), estimated from the unlabeled data and using k-means algorithm for

labeling. The dashed line indicates the highest δ, after which purity drops below α =

0.95.
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5.4.2 ∆ distribution throughout the training process

The experiment in Fig. 5.4 illustrates the distribution of ∆ throughout the active

selection and training phases of DCoM. The significant standard deviation of ∆

compared to the minor standard error underscores the significance of employ-

ing a dynamic method that assigns a distinct radius to each ball.

(a) CIFAR-10 (b) CIFAR-100 (c) ImageNet-50

Figure 5.4: The ∆ distribution through DCoM algorithm. Each plot displays the mean

and standard error over 5-10 repetitions. The results indicate that as the emphasis

shifts towards maximizing the purity of sample balls, rather than solely focusing on

maximum coverage, the radii adapt accordingly. This, combined with the improved

performance observed with DCoM, highlights the necessity of the dynamic algorithm

in enhancing the effectiveness of active sampling.

5.4.3 Dynamic algorithm coverage

The analysis presented in Fig. 5.5 demonstrates a consistent behavior of prob-

ability coverage across different datasets during the DCoM process. This in-

dicates that using probability coverage as a measure of progress consistently

proves to be a wise decision.
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(a) CIFAR-10 and STL-10 (b) CIFAR-100 and ImageNet-50

Figure 5.5: Comparison between P(C(L, ∆)) values during DCoM sampling process,

across several datasets. Each plot displays the mean and standard error over 3 − 10

repetitions. These figures demonstrates a consistent behavior of probability coverage.

5.4.4 Decomposing the algorithm

The objective function in (3.1) includes the linear combination of two objective

functions, weighed by competence score SL(L, ∆) from (3.6). The general form

of this objective function is an important part of our method, and we there-

fore We evaluate the contribution of each component in objective function (3.1)

separately. Results are shown in Fig. 5.6, wherein DPC denotes the Dynamic

Probability Coverage, corresponding to Olow(x) in DCoM, and Margin denotes

DCoM’s choice for Ohigh(x). Clearly, the weighted objective function of DCoM

yields superior results over its components across all labeled set sizes |L|.

In Fig. 5.7 you can see the same ablation but using entropy as Ohigh(x) instead

of margin.
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(a) CIFAR-10 (b) CIFAR-100 (c) ImageNet-50

Figure 5.6: Performance evaluation (mean accuracy and STE) when optimizing each

component of objective function (3.1) separately and together. DPC denotes the Dy-

namic Probability Coverage, corresponding to Olow(x) in DCoM. Margin is DCoM’s

choice for Ohigh(x). Each plot displays the mean and standard error over 5− 10 repeti-

tions.

(a) CIFAR-10 (b) CIFAR-100 (c) ImageNet-50

Figure 5.7: Assessment of each algorithm’s objective function individually across multi-

ple datasets. DPC stands for Dynamic Probability Coverage, corresponding to Olow(x)

in DCoM. DCEM represents DCoM with entropy as Ohigh(x) instead of margin. Each

plot displays the mean and standard error over 5 − 10 repetitions. These graphs

demonstrate how the weighted objective function consistently produces superior re-

sults across all labeled set sizes |L|.
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5.4.5 Different embedding space

As discussed in Section 4.1, our approach relies on the existence of a suitable

embedding space, where distance is indicative of semantic dissimilarity. We

now repeat the basic fully-supervised experiments while varying the embed-

ding employed by DCoM, considering various popular self-supervised repre-

sentations. Results are reported in Fig. 5.8, showing that DCoM consistently

delivers the best performance regardless of the specific embedding used.

(a) MOCOv2+ (b) BYOL (c) Barlow Twins

Figure 5.8: Performance over CIFAR-100, using different embedding spaces for DCoM

and ProbCover, see details in the caption of Fig. 5.1. Clearly, DCoM consistently achieves

the best results.

5.4.6 Different uncertainty-based methods.

We now evaluate our choice for Ohigh(x) in objective function (3.1), investigat-

ing the alternative methods of min margin, entropy of the min max activation,

and uncertainty (see details in Section 5.1). Additionally, we use a score reminis-

cent of the AL method BADGE [16] and termed Gradient norm, which computes

the norm of the gradient between the learner’s last two layers. Once again, the

results of DCoM show robustness to this choice, with insignificant differences
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between the different uncertainty scores, see Fig. 5.10. Consequently, we priori-

tize computational efficiency and opt for the fastest-to-compute score, which is

min-margin.
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Table 5.4: Model accuracy for different sizes of labeled set L and several uncertainty-

based methods for F(x)

|L| Random Entropy Margin Uncertainty Gradient norm

200 6.39±0.19 10.71±0.30 10.59±0.19 10.44±0.26 10.33±0.21

400 8.74±0.07 14.35±0.24 14.11±0.11 14.72±0.20 14.59±0.19

600 10.73±0.13 17.07±0.19 16.66±0.11 16.75±0.34 16.83±0.17

1,000 13.49±0.18 19.98±0.22 20.21±0.07 20.40±0.21 20.03±0.17

3,000 24.02±0.27 29.89±0.11 30.36±0.08 30.30±0.11 30.62±0.52

5,000 31.52±0.39 36.08±0.13 36.95±0.10 36.06±0.18 36.12±0.46

7,000 37.69±0.16 41.18±0.25 41.52±0.25 41.80±0.08 41.23±0.65

11,000 45.66±0.22 47.23±0.09 46.86±0.28 46.99±0.27 46.84±0.28

15,000 50.57±0.09 52.67±0.15 52.33±0.22 52.43±0.14 52.21±0.22

19,000 54.95±0.09 56.64±0.27 56.53±0.07 56.47±0.06 56.35±0.28

23,000 57.74±0.14 59.50±0.18 59.60±0.33 59.68±0.24 59.45±0.06

Figure 5.10: Similar to Fig. 5.1 and Tables 5.2-5.3, using only DCoM while leveraging

4 different variants for its underlying uncertainty score. Each variation incorporates a

dynamic algorithm weighted with a different uncertainty-based method. Performance

is assessed by the accuracy difference between each variation and no active learning

(random sampling). Each plot corresponds to 3 − 5 repetitions using the CIFAR-100

dataset. These findings suggest that when the algorithm begins with optimization on

Olow(x), the performance differences between the variants are small.
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5.4.7 Comparison per dataset

Tables 5.6-5.6 present the empirical accuracy values of several datasets using

different active learning algorithms. In each active step, a new learner is trained

from scratch over all available labeled data, and the results are presented as

the [mean ± STE] over 5 − 10 repetitions (3 for ImageNet subsets). As men-

tioned earlier, the results for LDM-s algorithm were acquired from the study by

[8]. Their lack of code provision suggests discrepancies in the running setup.

Nonetheless, the disparity between their method and random selection in their

setup is smaller than that observed in ours, implying the superiority of our

method. The table includes the results for all datasets, with the name of each

dataset below it.
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Table 5.5: Model accuracy for different sizes of labeled set L and AL strategies

|L| Random Prob Cover BADGE BALD Coreset Uncertainty Entropy DBAL Margin LDM-s DCoM

200 6.39±0.19 10.79±0.08 6.31±0.09 3.30±0.11 6.39±0.19 2.59±0.05 2.74±0.17 2.61±0.18 5.09±0.37 - 10.59±0.19

400 8.74±0.07 13.53±0.22 8.27±0.14 6.63±0.23 8.62±0.17 4.59±0.23 4.68±0.23 4.41±0.30 7.58±0.17 - 14.11±0.11

600 10.73±0.13 15.86±0.16 10.29±0.27 8.33±0.31 10.39±0.25 6.52±0.38 6.32±0.27 5.94±0.28 10.20±0.16 - 16.66±0.11

1,000 13.49±0.18 19.49±0.20 13.66±0.26 11.42±0.26 12.94±0.21 9.98±0.38 9.31±0.22 8.47±0.35 13.28±0.19 - 20.21±0.07

3,000 24.02±0.27 29.31±0.42 24.24±0.28 22.10±0.11 23.00±0.28 21.93±0.26 20.15±0.33 20.29±0.23 23.71±0.31 - 30.36±0.08

5,000 31.52±0.39 34.64±0.15 32.18±0.33 29.58±0.38 31.41±0.26 30.60±0.40 29.15±0.46 29.60±0.28 31.66±0.23 - 36.95±0.10

7,000 37.69±0.16 38.36±0.13 38.09±0.10 34.36±0.20 38.24±0.16 35.87±0.19 35.11±0.11 35.67±0.35 38.16±0.17 31.85±0.00 41.52±0.25

11,000 45.66±0.22 44.69±0.20 47.00±0.16 44.37±0.28 46.53±0.18 45.23±0.20 45.01±0.17 44.31±0.24 46.37±0.36 40.88±0.01 46.86±0.28

15,000 50.57±0.09 49.58±0.46 52.42±0.17 51.02±0.09 52.19±0.29 51.82±0.16 51.43±0.21 51.30±0.35 52.37±0.19 46.59±0.01 52.33±0.22

19,000 54.95±0.09 52.90±0.14 56.32±0.07 55.55±0.27 56.72±0.31 56.55±0.21 55.76±0.31 55.75±0.14 56.73±0.24 49.41±0.01 56.53±0.07

23,000 57.74±0.14 56.29±0.21 59.60±0.16 59.96±0.35 59.59±0.22 59.79±0.23 59.91±0.08 59.72±0.21 59.88±0.21 52.48±0.00 59.60±0.33

CIFAR-100 dataset

|L| Random Prob Cover BADGE BALD Coreset Uncertainty Entropy DBAL Margin DCoM

200 8.25±0.65 12.33±0.34 8.82±0.18 4.46±0.31 8.31±0.52 4.26±0.26 4.11±0.09 4.26±0.24 6.50±0.94 12.27±0.04

400 12.18±0.29 16.64±0.29 12.73±0.42 9.49±0.84 9.40±0.59 7.74±0.41 7.01±0.37 6.45±0.33 11.48±0.72 18.03±0.21

600 14.85±0.53 20.38±0.47 15.69±0.38 11.21±0.41 10.68±0.35 10.38±0.27 11.28±0.54 10.34±0.46 14.74±0.35 21.77±0.62

1,000 19.71±0.53 25.76±0.34 20.91±0.43 14.85±0.35 13.47±0.32 16.30±0.60 16.52±0.12 15.10±0.65 19.47±0.45 26.88±0.00

3,000 39.06±0.21 39.98±0.23 38.51±0.15 32.40±0.40 28.80±0.45 32.52±0.63 32.97±0.34 31.60±0.60 37.00±0.65 43.40±0.29

5,000 48.33±0.27 45.08±0.16 49.47±0.26 45.04±0.47 40.10±0.31 42.05±0.29 41.65±0.22 42.41±0.52 47.24±0.50 50.76±0.08

7,000 55.12±0.09 47.34±0.44 55.25±0.34 53.48±0.38 49.48±0.19 51.30±0.68 49.74±0.21 49.67±0.46 54.78±0.29 55.17±0.34

11,000 63.46±0.15 52.79±0.17 64.68±0.15 63.65±0.32 60.13±0.11 60.10±0.50 60.89±0.34 60.58±0.25 63.90±0.22 63.51±0.31

15,000 69.42±0.20 55.04±0.06 70.27±0.25 70.08±0.21 67.38±0.17 67.49±0.19 66.34±0.16 66.65±0.23 69.36±0.24 70.19±0.45

19,000 72.54±0.21 62.66±0.19 73.70±0.29 73.63±0.21 71.87±0.14 72.78±0.41 71.55±0.27 71.85±0.17 73.52±0.23 74.29±0.50

23,000 75.99±0.16 70.06±0.27 76.65±0.11 77.17±0.06 75.30±0.24 76.37±0.29 75.73±0.25 75.64±0.27 77.12±0.30 76.68±0.20

ImageNet-50 dataset

|L| Random Prob Cover BADGE BALD Coreset Uncertainty Entropy DBAL Margin DCoM

200 4.58±0.13 6.72±0.07 4.67±0.16 1.99±0.22 4.58±0.13 2.01±0.06 1.99±0.10 1.83±0.06 1.84±0.12 6.87±0.18

400 6.61±0.17 9.30±0.23 6.42±0.23 4.39±0.39 5.53±0.16 3.50±0.32 4.17±0.33 3.65±0.25 4.71±0.10 10.59±0.26

600 8.11±0.42 12.71±0.42 8.01±0.20 6.42±0.24 6.45±0.37 4.93±0.29 5.51±0.33 4.96±0.22 6.46±0.12 13.61±0.15

1,000 11.43±0.17 17.71±0.27 11.56±0.38 9.42±0.19 9.04±0.66 7.97±0.82 8.39±0.18 7.45±0.18 10.43±0.11 17.53±0.23

3,000 27.59±0.76 34.01±0.15 27.58±0.72 24.96±0.23 19.41±0.32 23.10±0.60 20.97±0.33 20.88±0.52 26.51±0.79 34.85±0.23

5,000 39.25±0.26 41.91±0.20 39.13±0.06 36.50±0.25 29.35±0.39 33.78±0.46 31.89±0.24 31.25±0.21 38.37±0.10 44.09±0.83

7,000 46.88±0.25 48.41±0.42 46.42±0.41 43.49±0.42 38.45±0.12 42.09±0.54 41.19±0.17 40.47±0.83 45.69±0.26 49.22±0.29

11,000 55.31±0.26 54.01±0.15 56.61±0.11 55.29±0.32 50.63±0.33 53.25±0.31 52.52±0.26 53.09±0.29 56.86±0.10 58.45±0.15

15,000 61.69±0.09 57.04±0.43 63.05±0.42 62.19±0.21 58.71±0.05 60.07±0.07 59.76±0.22 59.64±0.30 62.71±0.27 64.57±0.22

19,000 66.39±0.26 59.69±0.16 66.82±0.33 66.19±0.19 64.77±0.32 65.59±0.27 64.65±0.23 64.93±0.23 66.89±0.28 67.60±0.08

23,000 68.92±0.15 61.99±0.41 70.54±0.21 69.62±0.32 68.49±0.06 69.03±0.20 68.47±0.50 67.65±0.14 70.81±0.35 70.21±0.32

ImageNet-100 dataset

|L| Random Prob Cover BALD Coreset Uncertainty Entropy DBAL Margin DCoM

400 3.10±0.07 5.28±0.08 1.18±0.21 3.10±0.07 1.19±0.07 1.17±0.13 1.29±0.06 2.22±0.50 5.20±0.02

800 4.61±0.10 7.56±0.15 2.90±0.29 3.68±0.12 2.06±0.24 2.20±0.19 2.15±0.20 3.85±0.34 8.39±0.07

1,200 5.88±0.25 10.10±0.08 4.32±0.33 4.84±0.14 3.42±0.19 3.71±0.26 3.42±0.16 5.54±0.23 11.56±0.07

2,000 9.51±0.33 15.25±0.26 6.73±0.26 6.78±0.15 5.72±0.41 6.15±0.04 5.72±0.15 9.17±0.34 16.27±0.08

6,000 25.67±0.16 32.89±0.12 19.85±0.26 17.98±0.10 20.12±0.11 19.89±0.35 18.72±0.08 26.03±0.08 32.76±0.13

10,000 37.49±0.26 42.00±0.16 31.36±0.46 28.31±0.10 32.13±0.16 31.57±0.28 31.00±0.59 37.33±0.08 41.97±0.44

15,000 46.22±0.30 48.89±0.09 41.16±0.49 38.53±0.18 42.53±0.29 41.88±0.31 41.42±0.13 46.37±0.17 49.47±0.27

20,000 52.20±0.19 51.70±0.32 48.79±0.58 46.59±0.15 49.50±0.25 48.07±0.36 47.89±0.13 53.01±0.19 54.25±0.26

40,000 64.57±0.17 57.60±0.05 64.02±0.37 61.78±0.30 63.94±0.27 63.14±0.37 63.21±0.13 65.19±0.24 65.69±0.17

ImageNet-200 dataset
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Table 5.6: Model accuracy for different sizes of labeled set L and AL strategies

|L| Random Prob Cover BADGE BALD Coreset Uncertainty Entropy DBAL Margin LDM-s DCoM

10 14.53±0.60 20.39±0.23 15.17±0.94 10.81±0.61 14.65±0.74 12.99±0.77 12.78±0.72 11.74±0.69 14.39±0.88 - 19.72±0.40

20 16.82±0.44 24.64±0.73 17.85±0.77 13.79±0.89 16.09±0.74 16.38±0.52 17.07±0.62 17.00±0.49 17.33±0.85 - 22.28±0.75

30 18.82±0.71 27.19±0.25 20.38±0.67 16.25±0.83 18.22±0.93 18.00±0.68 19.26±0.44 18.34±0.50 18.55±0.87 - 26.98±0.35

40 20.89±0.55 29.46±0.38 22.19±0.45 17.93±0.67 19.79±0.61 19.00±0.70 19.98±0.60 20.30±0.35 20.61±0.68 - 28.91±0.46

50 22.75±0.42 29.80±0.21 22.41±0.35 18.36±0.54 21.26±0.63 21.63±0.70 22.17±0.48 21.06±0.45 22.00±0.61 - 30.39±0.12

200 31.53±0.29 38.83±0.18 32.10±0.42 27.95±0.29 30.91±0.76 30.69±0.27 29.51±0.42 28.91±0.50 31.83±0.48 - 38.86±0.40

400 38.64±0.36 45.36±0.51 37.92±0.37 35.10±0.33 37.85±0.70 36.48±0.46 36.71±0.38 36.01±0.32 38.65±0.62 - 45.72±0.27

600 43.66±0.44 49.13±0.36 42.69±0.35 40.75±0.29 42.48±0.39 41.96±0.24 40.75±0.23 41.19±0.53 43.75±0.22 - 49.71±0.39

800 46.84±0.29 51.49±0.37 46.34±0.32 44.12±0.49 46.21±0.25 45.50±0.17 43.89±0.31 44.93±0.42 46.97±0.40 - 52.10±0.58

1,400 54.35±0.27 56.33±0.26 54.06±0.42 53.08±0.34 52.31±0.31 53.13±0.28 52.93±0.34 53.28±0.50 54.97±0.35 50.30±0.00 57.54±0.10

2,600 62.93±0.31 62.16±0.18 64.67±0.31 64.19±0.24 61.94±0.40 64.98±0.59 64.62±0.46 63.53±0.44 64.54±0.45 57.01±0.01 65.76±0.21

3,800 68.61±0.44 66.83±0.25 71.36±0.32 70.77±0.53 68.41±0.34 71.90±0.36 71.30±0.36 70.55±0.25 71.60±0.21 61.30±0.01 71.84±0.36

5,000 73.61±0.23 70.95±0.23 75.93±0.21 75.86±0.27 72.92±0.36 75.82±0.31 76.13±0.31 75.24±0.47 75.46±0.31 64.09±0.00 76.36±0.05

6,200 75.95±0.18 73.51±0.30 78.90±0.27 77.92±0.36 77.00±0.19 78.84±0.27 78.37±0.20 78.54±0.26 78.62±0.22 65.79±0.00 78.66±0.16

7,400 78.49±0.14 75.71±0.35 80.88±0.22 80.94±0.16 79.39±0.30 81.19±0.15 81.02±0.19 81.10±0.24 80.76±0.29 67.28±0.01 81.30±0.34

CIFAR-10 dataset

|L| Random Prob Cover BADGE BALD Coreset Uncertainty Entropy DBAL Margin DCoM

10 15.73±0.90 17.26±0.78 14.92±0.98 12.22±0.91 15.58±1.03 11.88±0.83 11.67±0.48 11.79±1.06 12.81±0.65 16.72±0.94

20 16.68±0.77 22.81±0.28 18.24±0.46 15.28±0.98 18.25±0.97 16.05±0.94 18.48±0.67 18.19±0.63 15.65±1.35 23.47±0.75

30 19.78±0.79 24.91±0.49 19.80±0.38 18.37±1.06 19.41±0.92 17.75±1.05 19.33±0.74 20.35±0.90 18.49±1.16 26.72±0.79

40 21.49±0.48 26.56±0.48 21.57±0.48 21.25±0.95 20.45±1.00 20.86±0.77 21.45±0.74 21.70±0.88 20.97±0.71 28.58±0.69

50 22.19±0.33 28.30±0.42 24.40±0.45 22.13±0.56 21.76±1.07 22.11±0.81 22.75±0.60 22.76±0.91 23.57±0.59 29.20±0.87

200 36.04±0.59 40.91±0.33 35.50±0.57 32.89±0.50 33.22±0.55 33.44±0.76 34.38±0.58 34.95±0.46 36.05±0.53 41.74±0.49

400 44.07±0.60 49.52±0.23 44.18±0.54 43.33±0.45 41.83±0.39 42.39±0.64 42.51±0.46 43.67±0.47 44.35±0.52 47.02±0.73

600 50.02±0.44 52.65±0.35 50.10±0.44 49.56±0.32 48.91±0.32 49.46±0.48 48.85±0.38 49.23±0.49 49.27±0.59 51.54±0.86

800 53.69±0.36 54.45±0.56 54.57±0.63 54.20±0.51 54.42±0.21 53.48±0.38 53.70±0.38 53.98±0.31 54.05±0.56 55.05±0.71

1,400 62.00±0.26 61.54±0.30 63.38±0.25 62.82±0.51 62.72±0.42 62.42±0.27 62.24±0.23 63.04±0.23 63.11±0.25 63.04±0.57

2,600 70.18±0.27 70.50±0.08 72.76±0.19 72.72±0.26 71.41±0.13 72.53±0.23 72.35±0.18 72.97±0.18 72.12±0.40 72.93±0.33

3,800 75.51±0.21 72.97±0.17 76.75±0.15 76.69±0.11 75.75±0.09 76.80±0.21 77.05±0.15 76.85±0.09 76.91±0.10 76.92±0.18

STL-10 dataset

|L| Random Prob Cover BADGE BALD Coreset Uncertainty Entropy DBAL Margin LDM-s DCoM

10 11.36±0.50 11.80±0.08 13.26±0.79 13.84±1.64 11.36±0.50 11.41±0.85 11.06±1.38 11.66±0.56 10.80±0.66 - 12.62±0.60

20 11.05±0.41 10.96±0.19 12.19±0.67 12.74±1.26 10.99±0.59 11.81±0.84 10.86±0.58 14.94±0.36 12.50±0.95 - 13.30±0.26

30 11.16±0.36 12.19±0.52 12.12±0.51 14.22±2.01 11.10±0.29 12.66±1.28 11.86±0.65 13.50±0.46 11.56±0.79 - 13.91±0.32

40 11.85±0.46 12.11±0.20 12.71±0.70 13.98±2.06 11.57±0.57 14.16±1.63 12.28±0.47 13.10±0.41 11.76±0.75 - 14.32±0.14

50 12.55±0.49 12.86±0.36 12.47±0.89 13.18±2.00 11.76±0.38 14.12±1.00 12.72±0.54 12.88±0.54 12.04±0.68 - 15.09±0.25

200 22.32±0.84 24.34±0.44 20.18±1.09 19.00±1.66 17.42±1.03 21.99±1.11 20.38±1.08 20.98±0.99 22.03±0.87 - 24.58±1.10

400 36.24±1.24 40.42±0.67 35.13±0.40 28.74±2.78 28.88±1.47 29.58±0.55 33.01±1.36 33.06±1.82 34.01±0.18 - 46.90±1.56

600 47.29±0.98 52.67±0.75 46.46±0.87 37.26±1.56 40.24±1.24 42.65±0.68 42.89±1.38 43.99±0.46 46.69±0.50 - 58.34±1.25

800 56.32±0.50 62.96±0.51 56.48±1.33 47.47±2.46 49.74±1.42 50.62±2.03 53.17±1.64 46.45±1.14 55.27±1.05 - 65.90±0.97

1,400 74.00±0.38 73.16±0.21 75.53±0.77 65.33±3.30 68.44±0.69 72.13±0.98 72.81±1.09 73.14±0.69 74.53±0.74 79.02±0.01 78.36±0.36

2,600 83.24±0.48 81.94±0.08 86.56±0.24 83.33±0.96 83.83±0.39 85.80±0.31 84.72±0.54 84.83±0.59 86.33±0.13 83.76±0.00 86.31±0.26

3,800 87.18±0.14 85.34±0.11 89.61±0.25 88.91±0.54 88.86±0.14 89.64±0.09 88.79±0.14 89.36±0.15 89.34±0.18 86.08±0.00 89.28±0.13

5,000 88.79±0.15 87.58±0.20 91.72±0.15 90.93±0.14 91.24±0.17 91.55±0.04 91.13±0.11 91.28±0.12 91.75±0.17 87.58±0.00 91.50±0.08

6,200 90.16±0.04 88.55±0.10 92.64±0.09 92.46±0.04 92.35±0.03 92.63±0.08 92.56±0.16 92.65±0.10 92.55±0.12 88.64±0.00 92.54±0.12

7,400 90.99±0.11 89.71±0.08 93.56±0.05 93.26±0.10 93.02±0.14 93.33±0.05 93.38±0.07 93.38±0.11 93.43±0.13 89.56±0.00 93.47±0.09

SVHN dataset



CHAPTER 5. EMPIRICAL RESULTS 44

5.5 Hyper-parameters exploring

As described before, DCoM has 3 hyper-parameters: a, k and τ. When running

the main experiments described in Section 5.3, we maintained consistency by

employing identical parameters for STL-10, SVHN, and CIFAR-10, as well as for

CIFAR-100 and the subsets of ImageNet. This approach helps to demonstrate

that the choice of the hyper-parameters is not critical and does not significantly

affect the results. Here, we conduct experiments with DCoM using STL-10 and

CIFAR-100 datasets and several values for a and k from the definition of the

competence score SL(L, ∆) in (3.6). We observe that while certain choices may

be slightly better than others, all choices yield results that are very close to each

other, and DCoM consistently outperforms or matches the performance of pre-

vious methods.

(a) STL-10 (b) CIFAR-100

Figure 5.11: Evaluation of DCoM across different settings of the logistic function hyper-

parameters a and k. Each plot displays the mean and standard error over 3− 5 repeti-

tions. The findings indicate that fine-tuning these parameters has negligible effects on

performance.



6 Constrained K-Means Variation

6.1 Background

K-means is a widely utilized clustering algorithm in machine learning, designed

to partition a dataset into K distinct, non-overlapping clusters. The algorithm

iteratively assigns each data point to one of the K clusters, aiming to minimize

the within-cluster variance, typically using the Euclidean distance as the metric.

The process starts with K initial centroids and alternates between updating the

cluster assignments and recalculating the centroids until convergence.

During the years, several variations of the basic K-means algorithm have been

developed to address specific limitations and enhance performance. one of

them is COP-Kmeans. COP-Kmeans incorporates must-link and cannot-link

constraints to guide the clustering process. Must-link constraints specify that

certain pairs of data points must be in the same cluster, while cannot-link con-

straints specify that certain pairs of data points must not be in the same clus-

ter. These constraints are particularly useful in scenarios where prior domain

knowledge about the relationships between data points is available, allowing

for more accurate and meaningful clustering results. COP-Kmeans modifies the

assignment step of the traditional Kmeans algorithm to ensure that these con-

straints are satisfied, thereby improving the clustering quality in constrained
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environments.

Wagstaff et al. [41] introduces the initial version of the COP-Kmeans algorithm.

This straightforward implementation involves defining the initial centers, C =

{c1, c2, . . . , ck}, iterating through each data point, and assigning it to the nearest

cluster that satisfies the given constraints.

Huang et al. [25] presents an enhancement to the classic algorithm. This varia-

tion uses methods like k-means++ [3] to define the initial centers, C = {c1, c2, . . . , ck},

and employs must-link constraints to compute the mass center of each con-

strained set. Each mass center is assigned to the nearest center from C. The al-

gorithm then calculates the distance from each datapoint to the centers in from

C, assigning points to clusters while respecting cannot-link constraints. Finally,

it assigns each point in the cannot-link sets to the cluster that minimizes the

total weight matching.

6.2 COPAL-Kmeans: Kmeans Variation For Active

Learning

We use the available labels from L as constraints in our implementation of the

new variation. Initially, we assign all the points not in L according to the mini-

mum distance principle of the classic algorithm.

Next, we create sets of datapoints from L that we already know belong to the

same class. We then aim to match each known set to the best cluster center

by calculating the distances between each mass center and the cluster centers.

These distances are stored in matrix D.

Note that the points in L are ideally subject to both must-link and cannot-link
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constraints from the original variation. Finally, we use the matrix D to fit each

set’s mass center from L to the corresponding cluster centroid from C in a way

that minimizes the total linear sum of distances between mass centers and their

assigned cluster centroids. (see Alg 3 below for pseudo-code).

6.3 Combining COPAL-Kmeans in DCoM

As you can read in Chapter 4, DCoM includes a step of δ-expansion for new

samples. We modify this step by limiting the δ-expansion with a purity thresh-

old τ′ that is based on the COPAL-Kmeans variation rather than the centroid la-

bel. Instead of computing a purity threshold τ = m · P(C(L \Q, ∆)) + b, where

m and b are hyperparameters, we use this new purity threshold τ′. This ap-

proach reduces the number of hyperparameters. (See Alg 4 below for pseudo-

code).
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Algorithm 3 Constrained K-Means Clustering using Domain Information
Input: unlabeled pool U, labeled pool L, a positive integer k

Output: A collection of k clusters C = {C1, C2, . . . , Ck}

Use the k-means++ algorithm to select c1, c2, . . . , ck as the initial cluster centers

Set Ci := ∅, for 1 ≤ i ≤ k

X← U∪L

S← disjoint sets from L where each set refers to examples with the same label

while cluster centers change do

for xi ∈ U do

Compute the distance mij between point xi and each cluster center cj;

Assign xi to its nearest cj;

end for

for si ∈ S do

Compute mass center sample of the set si;

Compute the distance dij between the current mass center and each cluster center cj;

end for

for si ∈ S do

Assign each point of the set si to the appropriate cluster via minimum weight matching

of the matrix d;

end for

for i = 1 to k do

Compute the cluster center ci of Ci;

end for

end while

return C = {C1, C2, . . . , Ck}
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Algorithm 4 δ-expansion with COPAL-Kmeans
Input: unlabeled pool U, labeled pool L, query pool Q, maximal ball size δmax, list of ball

sizes ∆ for L \ Q, trained model M from the current iteration and P(C(L \ Q, ∆)) from

Active sampling, τ′ purity threshold for COPAL-Kmeans

Output: updated list of ball sizes ∆

ŶCOPAL ← The predicted cluster for each x ∈ U the COPAL-Kmeans algorithm

for v ∈ Q do

δopt ← argmaxδ[P
({

x ∈ Bδ (v) : ŶCOPAL[x] = ŶCOPAL[v]
})

> τ′]

∆← ∆ + [δopt]

end for

return ∆

6.3.1 Empirical Results

We evaluate various active learning (AL) methods by training a ResNet-18 model

from scratch for each strategy, utilizing labels from selected queries. In each AL

iteration, a new model is trained from scratch using the updated labeled set L.

This process repeats across multiple AL iterations. Figure 6.1 illustrates the dif-

ference in accuracy achieved by each AL method compared to training with a

random query set of the same size (baseline with no active learning) across AL

iterations.

In this variation developed during our research, we did not employ the compe-

tence score SL to weight between the objective functions Olow(x) and Ohigh(x)

as defined in Equation 3.1. Instead, we directly used probability coverage as the

weighting factor.

Here, DCEM refers to DCoM using Entropy as Ohigh(x) instead of Margin.

DCEM KM ON refers to DCEM incorporating the described variation of COPAL-
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Kmeans.

(a) STL-10 (b) CIFAR-10

(c) CIFAR-100 (d) ImageNet-50

Figure 6.1: Mean accuracy difference between several AL algorithms and random

queries. Positive mean difference indicates that the corresponding AL method is bene-

ficial. The errors bars correspond to standard error, based on 5-10 repetitions (3 for the

ImageNet subsets). Here you can see that the COPAL-Kmeans variation didn’t improve

the performance.
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6.3.2 Discussions

Despite the variation not yielding improved results, this outcome may be at-

tributed to not fully utilizing the final DCoM algorithm. Further investiga-

tion into the potential positive impact of integrating the k-means algorithm into

DCoM would be of interest.



7 Summary And Conclusions

We investigate the challenge of active learning (AL) in a multi-budget setting.

Our approach involves establishing a more precise constraint on the upper limit

of the generalization error of a 1-nearest neighbor (1-NN) classifier. This con-

straint takes into account both probability coverage and coverage purity. Under

certain assumptions about the data distribution, which are likely to hold in self-

supervised embedding spaces, we demonstrate that optimizing both probabil-

ity coverage and coverage purity minimizes the new bound and leads to the

error reduction. We introduce an AL strategy dubbed DCoM, which approxi-

mates the optimal solution within constrained budget scenarios. Furthermore,

we dynamically adjust its sampling strategy during the training process using

a learner’s competence score. We validate our method empirically in both su-

pervised and semi-supervised frameworks across various datasets. The results

illustrate that DCoM significantly outperforms alternative methods across all

budgetary constraints.

Future directions. In our future endeavors, we plan to explore:

(i) Potential avenues for enhancing the selection of a and k by leveraging ex-

isting labels or inferring a score for them through the topology of the initial

self-supervised feature graph.
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(ii) Soft-coverage methodologies, where the notion of coverage is probabilistic

rather than binary, such as utilizing Gaussian measures.

(iii) Developing new variation of constrained K-Means that enhance cluster pu-

rity in a more efficient manner, minimizing the need for hyperparameters.
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