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Abstract

Pseudo-labeling (PL) has historically been considered synonymous with model-provided

weak supervision in the context of semi-supervised learning (SSL). In that context,

pseudo-labels are simply an inferior version of human supervision. Framing pseudo-

labeling this way provides an overly restrictive view of how categorical model outputs

can and have been used in prior work. In this dissertation I argue that pseudo-labels

can be effectively applied in ways other than as weak supervision. Recognizing the

shared use of pseudo-labels across algorithms not historically grouped together yields

new insights into how we can use them.

I present a formal definition of pseudo-labels and a taxonomy of pseudo-labeling

algorithms. Under this definition the supervisory role of the pseudo-label is not essential;

the important aspect of pseudo-labels is that they are the product of a model. That

model can be optimized to encourage desired properties of those pseudo-labels such

as their utility to the learning process or explainability. My definition allows the

conceptualization of new PL algorithms, three of which are presented here. Meta

co-training (MCT) is a novel co-training-style PL algorithm for SSL that trains two

collaborating models. Each model optimizes its pseudo-labels to reduce the loss of

the other model. Policy gradient pseudo-labeling (PGPL) draws connections between

prior PL works and reinforcement learning (RL) methods; these connections lead to an

RL-inspired method that learns to maximize the value of pseudo-labels during training.

Localized additive explanations (LAX) applies PL to the problem of explainable artificial

intelligence, training a model to jointly explain and predict.

My contributions support the central claim that PL is a versatile tool that can be

applied to machine learning algorithms both in SSL and outside of SSL.

xv



Chapter 1

Introduction

The remarkable success of deep neural networks (DNNs) across a wide range of perceptual

tasks has reshaped the landscape ofmachine learning (ML). In domains such as computer

vision (CV), where the manual design of algorithms is particularly difficult, ML has

enabled the development of systems that approximate solutions to problems previously

considered intractable. The creation of labeled training data is a time-consuming

and labor-intensive process. In CV in particular, the annotation of images requires

significant human effort. Scaling human effort is expensive in resources and time, and

typically large corpora of labeled data are required to train performant ML models. The

cost of annotation is a bottleneck that limits the applicability of ML to tasks where large

labeled datasets can be assembled, and excludes many scientifically and economically

important problems for which such resources are unavailable. Reducing the dependence

of ML systems on labeled data is therefore a problem of practical importance.

Semi-supervised learning (SSL) addresses the label scarcity problem directly by

learning from both labeled and unlabeled data. Unlabeled data, data that is collected

without human annotation or demonstration, are typically abundant and inexpensive

relative to labeled data. SSL algorithms exploit the structure present in unlabeled

data to inform the training of models with access to limited supervision. In many

practical scenarios the amount of supervision a training algorithm has access to is

fixed. The practical goal of SSL becomes to increase the performance of models trained

using this limited supervision through incorporating unlabeled data in the learning

process. This dissertation contributes to the growing body of work addressing the

label scarcity problem. The contributions of this dissertation include a thorough review

of pseudo-labeling (PL) for CV, two novel algorithms for PL, an application of those

1



algorithms to a practical problem for which they are suited, and a novel method for

training interpretable neural networks for image classification.

The use of PL for SSL has been established for several decades now [124]. The

canonical PL algorithm for SSL is self-training [124]. In self-training a model is first

trained from labeled data and then predicts pseudo-labels for an unlabeled set. This

unlabeled set along with the pseudo-labels are then added to the labeled set. The model

is then re-trained using the combined labeled and pseudo-labeled data. This approach

was first applied to learning DNN in Lee [2013]. Co-training [14] extends the idea

of self-training to multiple ‘views.’ In co-training each model provides pseudo-labels

to the other rather than re-training on their own pseudo-labels. Blum and Mitchell

show that under some assumptions about the views used for co-training this procedure

always results in more accurate models than supervised training alone. A weakness

of self-training is that errors in the teacher’s pseudo-labels are reinforced through

subsequent training of the student, a phenomenon often referred to as confirmation

bias [4]. Meta pseudo-labels (MPL) [105] addresses this weakness by allowing the teacher

network’s parameters to be updated based on the student’s performance on labeled

data. MPL and consistency-regularization approaches such as FixMatch [133] and

noisy-student training [157] have driven much of the recent progress in PL-based SSL

for image classification. This progress is usually measured as being able to achieve a

new best validation accuracy on common CV benchmark tasks using only some of the

available labels and treating the rest of the data as unlabeled.

PL is the process of utilizing categorical model outputs as the targets for learning

rather than ground-truth supervision; in this dissertation I will refer to algorithms

that utilize PL in this way as ’PL algorithms.’ Though PL is typically considered a

method for SSL, the use of model predictions in place of ground-truth is more broadly

applicable. For example, knowledge distillation [62] (KD) uses the predictions of a
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teacher model to learn a student model. In this setting the student is learned with the

help of pseudo-labels from the teacher. PL is also used in many self-supervised learning

algorithms such as DINO [24, 100, 129] and SimCLR [32, 33]. In KD the pseudo-label

is designed to serve as supervision for the student so that it can learn to identify a set of

classes learned by the teacher from ground truth. Interestingly, the SSL method above

learn to partition their input spaces into classes that do not correspond to a particular

ground truth labeling. What is important is not to which category the inputs belong,

but rather that the ability to categorize inputs consistently. In the case of SimCLR

consistency means to categorize augmented versions of the same image similarly. In

the case of DINO consistency means that a ‘student’ model should predict similarly

to a teacher model that is updated as an exponential moving average of the student’s

parameters. Both are a form of consistency regularization [81]. These methods outside

of SSL are a first glimpse at what is possible when using PL.

In Chapter 4 I present a review of PL for CV [119] that was published in the Journal

of Artificial Intelligence Research (JAIR). In this review my co-authors and I present

a formal definition of pseudo-labels that unifies several research thrusts in CV. This

formal definition provides a principled framework through which pseudo-labeling can

be systematically understood, and lets me re-contextualize as PL several techniques not

conventionally situated within the pseudo-labeling literature, including self-supervised

and unsupervised methods. I present a novel taxonomy of these thrusts and review prior

work in the area. Using the formal definition and the taxonomy I enumerate several

promising directions for future work in PL. In Chapters 5 and 6 I present algorithms

that are motivated by the research gaps identified in Chapter 4.

In Chapter 5 I present meta co-training (MCT), a novel multi-view SSL algorithm

that was published in the 28th European Conference on Artificial Intelligence (ECAI).

Further, in this paper I address a fundamental limitation of classical co-training under
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conditions of label scarcity. Standard co-training relies on the availability of independent

and sufficient views of the data. This assumption is rarely satisfied in practice. My work

demonstrates that such views can be constructed inexpensively from pre-trained models.

This observation makes the co-training framework broadly applicable to common

benchmark CV settings. To overcome the sub-optimal pseudo-labeling behavior that

arises when views differ substantially in their information content, MCT extends the

Meta Pseudo Labels framework to the two-view setting. MCT trains each constituent

model to generate better pseudo-labels for the other through a bi-level optimization

procedure. MCT achieves state-of-the-art performance on ImageNet-10% and establishes

new benchmarks on several fine-grained image classification datasets.

In Chapter 5 I also present an application of co-training algorithms to road surface

condition classification. This dissertation demonstrates the successful application of

multi-view SSL methods to this real-world problem. Road surface condition classification

is a task that naturally admits multiple views, contains unlabeled instances belonging

to classes not present during training, and represents a domain in which automated

ML systems offer practical value. In this domain, the human effort of labeling presents

a bottleneck, and MCT both reduces the required labeling effort and improves the

accuracy of the resulting models. The presence of these conditions and success of

co-training algorithms under those conditions demonstrate the undeniable value of

those algorithms. Experimental results show that these novel SSL methods reduce the

number of labels required to reach 95% accuracy by up to 60% and reduce few-shot error

rate by 38.6%, demonstrating that the gains achieved on benchmark tasks translate

meaningfully to real-world settings.

In Chapter 6 I present policy gradient pseudo-labeling (PGPL), a RL-based SSL

algorithm. Building on the insights of MCT, PGPL learns a pseudo-labeling policy that

maximizes an example-level reward for each pseudo-label. This dissertation further
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demonstrates that prior PL methods, including MCT and reinforcement learning guided

semi-supervised learning (RLGSSL), learn pseudo-labeling policies that maximize a batch-

level reward. This coarser objective fails to adequately capture the value of individual

pseudo-labels to the learning process. The most important innovation of PGPL is a

sensible formulation of the example-level reward and a tractable approximation for

computing it. PGPL achieves superior performance across a range of SSL benchmark

tasks, demonstrating the effectiveness of fine-grained pseudo-label reward optimization.

A concern that has arisen given the widespread usage of DNNs is the difficulty of

explaining their predictions. As DNN models are increasingly relied upon in safety-

critical scenarios, treating them only as black boxes’ becomes a liability. The field of

explainable artificial intelligence (XAI) seeks to provide explanations of ML predictions

that are understandable to humans. Prior work in XAI has produced a number of

‘post-hoc’ methods capable of explaining the predictions of DNN models such as GRAD-

CAM [125], LIME [112], SHAP [90], Integrated Gradients [137] (IG). There have also

been efforts to train DNN models that are interpretable by design, such as interpretable

convolutional neural networks [174] (ICNN) and ProtoPNet [29]. Post-hoc methods are

broadly applicable, but their explanations can be time-consuming to compute [90, 112]

or rely on gradient information that only tells part of the story [76]. Models that are

interpretable by design can be learned to expose the decision-making process more

directly, but usually at the cost of imposing architectural constraints.

In Chapter 7 I present localized additive explanations (LAX), a novel PL method

for training interpretable neural networks. LAX uses pseudo-labels to identify the

regions of an input that are essential to its classification. Specifically, LAX trains a

neural network to predict the areas of an image that, if occluded, would prevent the

learner from predicting the correct class. By construction these regions are essential

to the prediction and thus form a truthful explanation of the model’s decision. LAX
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is applicable to any image classification problem but requires training a model with a

structure that jointly produces predictions and visual explanations. By incorporating

explanation generation directly into the prediction step, LAX bypasses the need for an

external explanation procedure, achieves higher granularity of evidence localization, and

reduces time-to-explanation, at the cost of a small reduction in classification accuracy.

LAX is trained against objectives ensuring that the signals identified by the explanation

are correct (evidence for a class), complete (essential evidence for predicting that class),

and exclusive (not identifying anything other than evidence for that class). When this

joint objective is met, the same network produces both an accurate prediction and a

truthful explanation of that prediction.
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Chapter 2

Contributions

This dissertation includes several contributions to semi-supervised machine learning from

an algorithmic and scholarly perspective. Alongside novel algorithms, this dissertation

also includes applications of these algorithms to a practical scenario. Finally, this

dissertation presents a contribution to interpretable machine learning.

2.1 List of Contributions

1. A Formal Definition of Pseudo-Labels My formal definition of pseudo-labels

gives a principled way to identify algorithms that use pseudo-labels. This definition is

useful for identifying the similarities between algorithms that serve different purposes but

have similar mechanisms. Defining pseudo-labeling as a fuzzy partitioning of the input

space illuminates the connections between SSL, self-supervised learning, knowledge

distillation, and consistency regularization.

2. A Novel Taxonomy of Pseudo-Labeling Algorithms Having identified several

parallel thrusts of PL research falling under the formal definition, I further categorize

those methods into sub-categories based on how they are using PL. Pseudo-labels are

a versatile tool that are used in various ways throughout these thrusts. The greatest

diversity in prior work is present in the SSL literature. This diversity illuminates many

varied ways in which PL can be applied outside of SSL.

3. Demonstrating the Effectiveness of Foundation Models for View Con-

struction Standard benchmark tasks for CV do not admit multiple views to use

for co-training. There is a body of literature about view construction that is con-

7



cerned with the creation of suitable views. These methods of view construction include

manual feature subsetting [42], automatic feature subsetting [31], random feature

subsetting [17], random subspace selection [18], and adversarial examples [108]. I

demonstrate that representations learned in a self-supervised way serve as strong views

for co-training algorithms. Due to the popularity of self-supervised learning many such

models [55, 32, 23, 87, 109, 100, 59] are available to use for constructing views.

4. The Meta Co-Training Algorithm I introduce the MCT algorithm for SSL. I

demonstrate its effectiveness on a range of SSL benchmark tasks for computer vision. I

use self-supervised learned representations as views form those SSL benchmark tasks.

5. A Case Study that Demonstrates the Applicability and Effectiveness of

Co-Training Algorithms The previous works relied on the creation of multiple

views using a single view. I also show that there are problems that naturally provide

multiple views. Further I demonstrate that these co-training algorithms are effective

in real-world scenarios that provide multiple views. I show that they are sufficiently

robust to realistic data challenges, such as out-of-distribution unlabeled instances.

6. A Reward Function for Pseudo-Labeling Policies RLGSSL, the only prior

work that has explicitly formulated the pseudo-label assignment problem as reinforce-

ment learning, did not use the impact of assigning that pseudo-label on the learning

process as the reward. Instead RLGSSL defines the reward as the mean-squared-error

(MSE) between the model’s prediction and a MixUp [172] label. The reward function

used in PGPL directly measures the reduction in loss associated with the assignment of

a pseudo-label as the reward that the pseudo-labeling policy maximizes. Unlike the

reward for RLGSSL, this reward cannot be optimized using backpropagation. Further,

a policy maximizing this reward clearly assigns pseudo-labels such that a model learning
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from those labels achieves minimal loss. I present a SHAP-like approximation of this

reward that makes its computation tractable.

7. The Policy Gradient Pseudo-Labeling Algorithm I introduce the PGPL

algorithm for SSL. I draw connections between prior methods for pseudo-labeling

and reinforcement learning and identify avenues of improvement I demonstrate its

effectiveness of these improvements on a range of SSL benchmark tasks for computer

vision.

8. A Novel Explainable Artificial Intelligence Algorithm for Image Classifi-

cation I introduce Localized Additive Explanations (LAX). LAX provides verifiably

true explanations by training a model to generate occlusion masks that would change

its prediction if applied. In this way, LAX is able to provide explanations that are

truthful, minimal, and complete representations of the information the model relies on.

2.2 Tables

Table 2.1: Author’s core contributions presented in this dissertation.

Short Title Authors Status Reference
A Review of Pseudo-Labeling Rothenberger, Kage, Journal [119]
for Computer Vision Andreadis, Diochnos Pub.
Meta Co-Training Rothenberger, Diochnos Conference [117]

Pub.
Policy Gradient Rothenberger In -
Pseudo-Labeling Submission
Localized Additive Explanations Rothenberger, In -

Wilson Reyes, Diochnos Submission
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Table 2.2: Applications of the material presented in this dissertation.

Short Title Authors Status Reference
Improving Road Surface Classification Rothenberger, Le, Sutter, Conference [120]
with Co-Training Algorithms Sulia, Diochnos Abstract
Application of Co-Training Methods Rothenberger, Le, In -
to Road Condition Classification Sutter, Diochnos Submission

Table 2.3: Author’s works not included in this dissertation.

Short Title Authors Status Reference
Road Surface Condition Sutter, Sulia, Wirz, Journal [139]
Detection with Machine Learning Bassill, Thorncroft, Pub.

Rothenberger, Pryzbylo,
Cains, Radford, Evans

The Role of Lightning Rothenberger, Grimit, Conference [118]
in Hail Nowcasting Murphy, Wallace Abstract
Foundation Model for Detection Rothenberger, Crowell, Conference [116]
of Methane Sources Keely, Cusworth, Howell Poster
Classifying Road Surface Ferrerra, Rothenberger, Conference [47]
Conditions with Self-Training Wilson Reyes, Sutter, Fagg, Abstract

Diochnos
Predicting Forecast Error Evans, Rothenberger, In [46]
for the HRRR Sulia, Bassill, Preparation
LSTM Neural Networks Thorncroft, Gaudet

The papers relating to the core contributions of this dissertation are contained

in Table 2.1. Papers relating to my contributions along these lines are contained in

Table 2.2. Not all of the work performed during my studies fall neatly into either of

these categories. In Table 2.3 is included work that is not entirely related to my core

contributions. Below is included a list of core contributions.
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Chapter 3

Background

This chapter introduces the technical background necessary to understand the contri-

butions of this dissertation. The following sections introduce notation and definitions

required to understand four key areas: image classification, self-supervised learning,

multi-view learning, and reinforcement learning. These areas are foundational to the

content in Chapters 4-7.

3.1 Image Classification

3.1.1 Supervised Image Classification

Image classification is the canonical CV task. Given an input image xi belonging to

an image space X , the goal is to learn a function that assigns xi a label Yi belonging

to the label space Y from a fixed set of C classes, Y = {1, . . . , C}. In the supervised

setting, The labeled data L = {(xi,Yi)}ni=1 consists of n image-label pairs. A model

fθ : X → ∆C parameterized by a vector of weights θ maps each image to a probability

distribution over the C classes, where ∆C denotes the C-dimensional probability simplex.

Occasionally in this dissertation I will avail myself of a convention that is common

in many deep learning frameworks: If an argument of the loss is an integer then that

argument is to be interpreted as the one-hot-encoding of that integer. The one-hot

encoding for Yi is yi ∈ ∆C with the Yith coordinate of yi being 1.

The predicted class for an image xi is Ŷi ∈ arg max fθ(x). Training proceeds by

minimizing the empirical risk

L(fθ; L) = 1
|L|

∑
(xi,yi)∈L

`(fθ(xi),Yi), (3.1)
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where ` is a per-example loss function. For classification, ` is typically the cross-entropy

loss:

`(fθ(xi),Yi) = −
C∑
k=1

yik · log[fθ(xi)k]. (3.2)

The models minimizing (3.1) are typically approximated through gradient descent.

The performance of a classifier trained in this way is limited by both the quality and

quantity of the labeled data available. DNNs in particular require large labeled datasets

to train performant models. When labeled data are scarce, a model trained only on L

will typically exhibit poor generalization.

3.1.2 Semi-Supervised Image Classification

SSL addresses the label scarcity problem by augmenting labeled data L with unlabeled

data U. For algorithms that utilize multiple representations or views of the data,

such as co-training (CT) [14], meta co-training (MCT) [117], and PGPL, we will use

superscripts to differentiate between the views. For example, L(1) for the first view and

L(2) for the second. One can think of views simply as independent representations of the

same signal. In our case, these views will always be different learned representations of

the same image, though in principle the representations need neither be learned nor be

images. To make the correspondence between unlabeled instances clear, unlabeled data

U = {(u(1)
j , u

(2)
j )}n+m

j=n+1 consists of tuples of views. For convenience sampling batches

from U as will be denoted as U (1), U (2) ∼ U and from L as X(i), Y (i) ∼ L(i). In that

case U (1) and U (2) contain the representations from view 1 and view 2, respectively, for

a set of instances drawn i.i.d. from U. Similarly X(i) and Y (i) represent the instances

and their respective labels for a batch drawn i.i.d. from L.

SSL algorithms typically operate under several assumptions about the relationship

between the input distribution and the decision boundary. The manifold assumption [28]
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states that input points lie on some manifold of a lower dimension than the input

dimension and that this lower-dimensional manifold is sufficient to represent the input

points. The cluster assumption [28] states that data points within the same high-density

region of the data distribution (a cluster) share a label. The low-density separation

assumption [28] asserts that the decision boundary should not pass through high-density

regions of X . These assumptions motivate the use of unlabeled data: even without

labels, U reveals the structure of X , which can be used to regularize the learned decision

boundary.

Generally, the SSL objective combines the supervised loss on L with an unsupervised

regularization term on U:

LSSL(fθ; L, U) = L(fθ; L) + λLU(fθ; U), (3.3)

where LU is some unsupervised loss term and λ > 0 is a scalar that controls the relative

contribution of the two terms. The form of LU varies substantially across methods and

defines the character of the SSL algorithm.

3.1.3 Student-Teacher Frameworks

A recurring architectural pattern in PL-based SSL is the ‘student-teacher framework’.

In this setting, a ‘teacher’ model fθT
generates pseudo-labels for unlabeled data, and

a ‘student’ model fθS
is trained on those pseudo-labels. The teacher can take several

forms. In Mean Teacher [140], the teacher is an exponential moving average (EMA) of

the student’s weights, θT ;i+1 ← αθT ;i + (1 − α)θS;i+1, producing a more stable target

than the student provides for itself. The smoothing coefficient α ∈ (0, 1) controls how

quickly the teacher tracks the student. In practice, values close to one are used so the

teacher changes slowly and provides low-variance pseudo-label targets.

Meta Pseudo Labels (MPL) introduces several notions that are important to this

13



dissertation [105]. MPL refines the student-teacher framework for PL by jointly opti-

mizing the student and the teacher. In standard pseudo-labeling (i.e. [83]), the teacher

is first trained from scratch and then generates pseudo-labels for the student without

any feedback on how useful those pseudo-labels were. MPL removes this limitation by

training the teacher to generate pseudo-labels that maximize the student’s performance

on the labeled data. This bi-level optimization gives the teacher a feedback signal:

pseudo-labels are valued not by the teacher’s confidence but by how much they help the

student learn to correctly classify a separate labeled set. MPL achieves state-of-the-art

results on ImageNet in the semi-supervised regime and was influential in the design of

Meta Co-Training.

3.2 Self-Supervised Learning

Self-supervised learning1 is a paradigm for learning representations from unlabeled

data. The core idea is to define a pretext task whose ‘label’ is derived entirely from the

structure of the data itself, without any human annotation. By solving a well-chosen

pretext task, a model learns to extract features that capture semantically meaningful

properties of images. These features can then be used to train classifiers with limited

labeled data, making self-supervised pre-training a natural companion to SSL.

3.2.1 Pretext Tasks and Contrastive Learning

Early self-supervised methods for CV defined pretext tasks based on image transforma-

tions: predicting the relative position of image patches [43], solving jigsaw puzzles [97],

predicting rotation angle [51], and image colorization [175] are representative examples.

Although these methods demonstrated that useful features could be learned without
1To avoid ambiguity, this dissertation uses SSL to refer exclusively to semi-supervised learning and

refers self-supervised learning without abbreviation.
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labels, the representations they produced fell substantially short of supervised learning

on standard benchmarks.

Contrastive learning methods substantially narrowed this gap. These methods learn

representations by training a shared encoder gφ : X → Rd to be invariant to a set of

data augmentations T . Broadly these data augmentations can be any label-preserving

transformations. Common data augmentations include crops, rotations, and affine

transformations. Given an image x, two independently sampled augmented views

x̃ = t(x) and x̃′ = t′(x) with t, t′ ∼ T are constructed, and the encoder is trained so

that the representations z = gφ(x̃) and z′ = gφ(x̃′) are similar, while representations of

different images are dissimilar. Chen et al. [2020] formalize this through their method

SimCLR, which optimizes a loss they call NT-Xent; BYOL [55] eliminates the need for

negative pairs using a momentum encoder. These methods established that rich visual

representations could be learned at scale without supervision.

3.2.2 Self-Distillation: DINO

A particularly relevant family of methods for this dissertation learns representations

through self-distillation: the model is its own teacher. Self-distillation with no labels

(DINO) [24] applies the student-teacher framework, introduced in Section 3.1, directly to

representation learning. DINO maintains a student encoder gφS
and a teacher encoder

gφT
, where the teacher’s weights are an exponential moving average of the student’s.

For a given image x, multiple augmented views are constructed; the student processes

all views while the teacher processes a higher-resolution un-augmented image. The

student is trained to match the teacher’s output distribution. The teacher and student

both predict a set of logits to which the softmax function is applied. The softmax

function is given by:
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softmax(z)i = exp(zi)∑
i exp(zi)

. (3.4)

The student suffers cross-entropy loss between its predicted distribution and the

teacher’s. Because the teacher is an exponential moving average of student weights, it

provides more stable targets than the student itself over training iterations.

3.2.3 Language-Supervised Learning: CLIP and SigLIP

Complementary to the use of unlabeled images in SSL, one approach for learning

visual representations uses the much larger resource of image-text pairs available on

the internet. Rather than defining a pretext task over images alone, these methods

train a visual encoder gφV
and a text encoder gφT

jointly to align image and text

representations. Contrastive language-image pre-training (CLIP) [109] trains these

encoders on an internet-scale dataset using a contrastive objective: for a batch B of

size B image-text pairs {(xi, ci)}Bi=1, the encoders are trained to maximize the cosine

similarity (denoted as sim) of the B matching pairs (xi, ci) while minimizing the

similarity of all B2 −B non-matching pairs. This loss encourages the model to learn

representations of images and text that are similar when the image matches the text

description. In this way if one has a string of text and a CLIP model, then one also has

a mechanism by to identify images for which the text would be an appropriate caption.

The contrastive objective for CLIP is given as:

LCLIP = − 1
2B

B∑
i=1

[
log

exp(sim(gVφ (xi), gTφ (ci))/κ)∑
j exp(sim(gVφ (xi), gTφ (cj))/κ)

+ log
exp(sim(gTφ (ci), gVφ (xi))/κ)∑
j exp(sim(gTφ (ci), gVφ (xj))/κ)

]
,

(3.5)

where κ > 0 is a temperature parameter. The softmax normalization in (3.5) couples
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all pairs in the batch, requiring the model to simultaneously reason about the relative

similarity of every image-text pair. At scale, the resulting visual representations

generalize remarkably well; a CLIP-trained visual encoder achieves competitive zero-

shot classification accuracy on many benchmarks. Zero-shot classification refers to the

performance of a classification model that has not been trained on a dataset. CLIP

achieves zero-shot ‘generalization’ by comparing image embeddings to text embeddings

of class descriptions. Because CLIP has learned to represent text and images similarly,

then it can be used to identify images that are similar to text descriptions and in many

cases does not need additional training to perform classification.

Sigmoid loss for language-image pre-training (SigLIP) [169] revisits this objective,

replacing the softmax-normalized loss with a pairwise sigmoid loss that treats each

image-text pair independently:

LSigLIP = − 1
B

B∑
i=1

B∑
j=1

log σ(yij · sim(gφV
(xi), gφT

(cj))/κ) , (3.6)

where yij = +1 if i = j and yij = −1 otherwise, and σ is the sigmoid function,

σ(x) = 1
1+e−x . Because (3.6) requires no global normalization across the batch, it is

more computationally efficient than CLIP and scales better to large batch sizes.

3.3 Multi-View Learning

The goal of multi-view learning is to exploit multiple distinct representations, or views,

of the same underlying data. When different views capture complementary information

about an input, learning from their agreement can improve generalization beyond

any single view. This section introduces the multi-view learning framework and the

co-training algorithm, which is central to the contributions of this dissertation.
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3.3.1 Views

A view is a representation of the input in some feature space. Let z(1) ∈ Rd1 and

z(2) ∈ Rd2 be two such representations. Two views are sufficient for a classification task

if the label y can be predicted from either z(1) or z(2) alone. Two views are independent

if each view is conditionally independent of the other given the label. This can be

understood intuitively as a single view giving no more information about the other than

the label would have.

3.3.2 Co-Training

Co-training [14] is the classical multi-view SSL algorithm. Co-training trains two models

fθ1 : Rd1 → ∆C and fθ2 : Rd2 → ∆C , each trained on one view. Co-training iteratively

has each model generate pseudo-labels for the unlabeled examples on which it is most

confident and adds those pseudo-labeled examples to the training set of the other model.

Under the sufficiency and conditional independence assumptions the errors made by

one model on one view are independent of those made by the other model on the other

view. The two models thereby teach each other by exploiting their complementary

information to improve jointly.

At each iteration of co-training, model fθk
selects the p unlabeled examples from

U on which its confidence maxc fθk
(z(k)
i ) is highest, assigns them pseudo-labels ỹi ∈

arg maxc fθk
(z(k)
i ), and transfers those pseudo-labeled examples to the training set of

the other model fθk′ , k′ 6= k. This exchange is repeated until a stopping criterion is

met. Under the independent and sufficient view conditions, Blum and Mitchell proved

in Blum and Mitchell (1998) that co-training can drive the error of each individual

classifier arbitrarily low using a polynomial number of unlabeled examples.
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3.3.3 View Construction for Deep Learning

In practice, the sufficiency and conditional independence assumptions of co-training are

rarely satisfied. For CV tasks defined over raw image features, naturally independent

views typically are not available. This dissertation demonstrates that representations

learned by self-supervised models serve as strong views for co-training. As described in

Section 3.3.4, DINO, CLIP, and SigLIP each learn complementary inductive biases over

the same images: DINO through visual self-distillation, CLIP and SigLIP through align-

ment with natural language. Given two such encoders gφ1 and gφ2 , the representations

z
(1)
i = gφ1(xi) and z

(2)
i = gφ2(xi) define two views of the image xi that are sufficient

and approximately independent. The wide availability of pre-trained self-supervised

models of this kind makes view construction inexpensive and the co-training framework

broadly applicable.

3.3.4 Representations for SSL and View Construction

Models trained with self-supervised objectives empirically learn representations that

generalize well and exhibit strong classification performance on a wide range of bench-

mark tasks. While these self-supervised ‘foundation models’ are specific to the data

distribution they are trained on, the wide availability of images collected from the

internet has made training foundation models for vision, in general, more realistic.

Performance varies based on the exact unlabeled training set used, but the wide variety

of available trained models and their strong performance on benchmark tasks make

them attractive for many applications. Given a pre-trained encoder gφ — whether

trained with DINO, CLIP, SigLIP, or another method — a downstream classifier

hψ : Rd → ∆C can be trained on the learned representations {(gφ(xi), yi)}ni=1 using

only the labeled data L. Classifiers trained in this way require dramatically fewer
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labeled examples to achieve competitive performance than those trained on raw image

features [169, 110, 24, 100, 129].

3.4 Reinforcement Learning

Reinforcement learning (RL) is a framework for learning a decision-making policy

through interaction with an environment. An agent observes a state, takes an action,

receives a reward signal, and updates its policy to maximize the cumulative reward it

receives over time. Although RL was developed primarily in the context of sequential

decision-making problems, specific tools from RL are applicable to optimization problems

in which the objective is not differentiable with respect to the policy parameters. This

section introduces the RL framework and the policy gradient methods used in this

dissertation.

3.4.1 Markov Decision Processes

The standard formalism for RL is the Markov Decision Process (MDP), defined by the

tuple (S,A, P, r, γ). Here S is the state space, A is the action space, P : S ×A× S →

[0, 1] is the transition probability function, r : S ×A → R is the reward function, and

γ ∈ [0, 1) is a discount factor. An agent interacting with an MDP observes a state st ∈ S

at each time step t, selects an action at ∼ πφ(· | st) according to a stochastic policy

πφ : S → ∆|A|−1 parameterized by φ, transitions to a new state st+1 ∼ P (· | st, at), and

receives a scalar reward rt = r(st, at). The agent’s objective is to find parameters φ

that maximize the expected discounted reward,

J(φ) = Eτ∼πφ

[
T∑
t=0

γt rt

]
, (3.7)

where τ = (s0, a0, r0, s1, a1, r1, . . .) is a trajectory generated by rolling out the policy πφ
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in the environment.

3.4.2 Policy Gradient Methods

Policy gradient methods optimize J(φ) by computing gradients with respect to the

policy parameters φ and ascending those gradients. The policy gradient theorem [154]

addresses this by providing a tractable expression for ∇φJ(φ),

∇φJ(φ) = Eτ∼πφ

[
T∑
t=0
∇φ log πφ(at | st) ·Rt

]
, (3.8)

where Rt = ∑T
t′=t γ

t′−trt′ is the discounted sum of future rewards from time step t given

at. The expectation in (3.8) can be estimated by Monte Carlo sampling: trajectories τ

are sampled by rolling out the current policy and the gradient estimate is computed

from those samples. This estimator is commonly known as REINFORCE [154].

3.4.3 Policy Gradients for Pseudo-Labeling

The connection between RL and pseudo-labeling becomes clear when pseudo-label

assignment is framed as a one-step decision-making problem. In this framing, the state

s encodes information about an unlabeled example and the current model, the action

a corresponds to the pseudo-label assigned to that example, and the reward r(s, a)

measures the benefit of that assignment to the learning process. Because the reward

involves the outcome of a subsequent training step, it is challenging to differentiate with

respect to the policy parameters. REINFORCE provides a mechanism for estimating

this gradient without requiring differentiability of the reward. In Chapter 6 I will

explore the implications of and challenges to applying RL in this way.

21



Chapter 4

Review of Pseudo-Labeling for Computer Vision

4.1 Chapter Introduction

In this chapter we will give a summary of the work published in Rothenberger et al. [2025].

This chapter will focus on introducing, establishing a formal definition and taxonomy for,

and summarizing prior work in PL. PL is an approach that has seen widespread adoption

across semi-supervised an unsupervised learning algorithms. PL has traditionally been

considered a tool for SSL, but as we will see in the following sections it has also seen

use in areas like self-supervised learning and knowledge distillation. In Figure 4.1 we

provide a taxonomy of PL.

Class Introsp.
DL from NL
IDN
ILI
LabelPropPL
MMF
PENCIL
UPS

ProSub
SeFOSS
W-DOE

Open-Set

PL (2013)

MixMatch
ReMixMatch

Co-training
Cocommittee
Dem. Colearning
MHCT
Noisy Student
ROSSEL
TriTraining

BLOPL
Meta Co-training
MetaPL
RLGSSL

Joint OptimizationFixMatch
TCSSL

FlexMatch

BYOL
DeepCluster
EsViT
OVOD
SwAV

DINO
Knowledge Distillation
Replace One Branch

Metric

Curriculum

Random

Sample Scheduling Consistency Reg.

UDA
VAT

Consistency Reg. DistillationWeak Supervision Multi-Model

Improvements to PL (2013)

Unsupervised Techniques

Pseudo-Labeling

Semi-Supervised Techniques

Figure 4.1: Family tree of pseudo-labeling methods. Please see Table 4.1 for a table
with section links and references. The methods shown in the figure from left to right are
presented in the text in that order. Section 4.3 is devoted to semi-supervised learning
methods and Section 4.4 to unsupervised learning methods. Furthermore, the third
level split in the figure indicates in which subsection we discuss the various methods.
For example, consistency regularization methods in SSL are discussed in Section 4.3.3,
while consistency regularization methods in UL are discussed in Section 4.4.1.

We will give a formal definition of Pseudo-labels (also known as proxy labels) in
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Section 4.2, but generally, pseudo-labels can be thought of as model predictions used

in the place of ground-truth. Because the idea of using an estimator to provide an

approximation of an unknown ground truth is so natural, it is perhaps unsurprising

that it has been applied in so many different ways. It is important in our context

that we do not mistake the usefulness of pseudo-labels to be upper-bounded by that

of additional human supervision. In many of the most interesting applications of

pseudo-labels, such as MPL [105], MCT [117], and PGPL, the pseudo-labels have no

guarantee of being particularly close to the ground truth labels. While many methods

interpret pseudo-labels as weak supervision, such as those in Section 4.3.2, PL is far

more interesting and general than that. We show that PL techniques largely share one

or more of the following characteristics:

• self-sharpening, where a single model is used to create the pseudo-label from a

single view of a set of data points,

• multi-view learning, where single samples are represented in multiple ways to

promote learning generalizable patterns, and

• multi-model learning, where multiple models are used during the learning process

(e.g., in a student-teacher setting).

We outline directions for future work that lie at the intersection of these areas, and

directions illuminated in one area by considering established methods in the other.

Pseudo-labels within semi-supervised learning. Pseudo-labeling was first applied

to deep learning for computer vision in Lee [83].1 Most of the applications of PL to

SSL can be viewed as improvements on this paper. We can see in Figure 4.1 that
1There are self-training methods that predate the work of Lee [83]; e.g. Yarowsky [164], Nigam

et al. [95]. Here we follow the common usage of pseudo-labeling in deep learning literature.
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there are many works that build upon the ideas presented in Lee [83]. The methods

in this area largely leverage three important ideas that continue to motivate research

in PL for SSL: the low density separation assumption, the cluster assumption, and

the manifold assumption. The low density separation assumption states that samples

are embedded in high-density regions separated by low-density regions. The cluster

assumption states that points within high density regions share the same class label. The

manifold assumption states that high-dimensional data lies on a low(er)-dimensional

manifold embedded within that space.

Subsequently, the literature includes the notion of consistency regularization (CR)

and entropy minimization (EM) [27, 133, 12, 11, 176, 156, 94, 126, 65]. In CR, examples

that have been slightly perturbed (e.g., by an augmentation or adversarial additive

perturbation) should lie close together in any embedding space or output distribution

space produced by the model. In EM, examples should lie in high density regions

alongside those of the same class and far from dense regions containing examples from

other classes. Though CR and EM form strong arguments for PL with techniques

using the average of predicted probabilities for augmentations to assign pseudo-labels to

achieve sample scheduling or curriculum learning (CL) and most approaches choosing

to assign “hard” (one-hot) pseudo-labels to examples to encourage EM [12, 133, 11,

176, 170].

Pseudo-labels within unsupervised learning. Beyond semi-supervised learning,

pseudo-labels have been applied in sub-fields of unsupervised learning. Most notably

PL has been used in many successful algorithms for self-supervised learning [24, 87,

23, 32, 109, 169, 66, 8]. Knowledge distillation [62, 45, 173, 89, 153] also makes use

of pseudo labels to distill the knowledge of one model into another. It is important

to note that while some knowledge distillation algorithms or frameworks admit the
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use of supervised labels, and thus could be considered semi-supervised, the process of

distilling knowledge from one network to another does not generally require supervision.

For this reason and for the purpose of this chapter we will consider these within the

unsupervised category. These all fall under our definition of PL and the investigation

of these methods through the lens of PL illuminates new avenues for investigation.

Pseudo-labeling techniques that are tolerant to label noise. Pseudo-labels are

noisy by construction. This has led to the development of mechanisms that provide

better pseudo-labels or that can tolerate incorrect pseudo-labels. The study of classifiers

under label noise has been a fruitful avenue of discovery and is some of the most mature

research related to PL. For example, the work of Angluin and Laird [3] on random

classification noise has inspired new learning algorithms in SSL for more than two

decades now; e.g., Goldman and Zhou [52] and Zhou and Li [178]. Other than our own

there are also excellent surveys on the topic; e.g., Song et al. [134], Han et al. [58], Frénay

and Verleysen [49]. Techniques that deal with label noise are deeply embedded into

PL methods and one can find noise-tolerant mechanisms for PL approaches in all the

categories shown in Figure 4.1. While the investigation of label noise is important and

highly influential, it is nevertheless outside the scope of this chapter. We feel that the

study of those areas is already well-served by the work cited above.

Novelty While previous work has comprehensively covered semi-supervised learning

as a whole, those works devote limited space to PL. PL is also broader than SSL as we

discussed above. By focusing exclusively on PL, in this chapter we will achieve greater

depth than those prior work. We will provide a formal definition of PL that will allow

us to unify disparate methodological threads within PL. We will establish a systematic

taxonomy for PL methods. Most importantly, our contribution is distinguished through

investigating PL both inside and outside the area of SSL.
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Outline. The following sections of this chapter give an overview of PL approaches

organized by our taxonomy (see Figure 4.1). In Section 4.2 we provide preliminaries

so that we can clarify terms. Of particular importance are the notions of fuzzy sets,

fuzzy partitions, and stochastic labels, all of which allow us to define the central notion

of this review, that of pseudo-labels. Once this common language is established, we

proceed in Section 4.3 with a summary of the methods that belong to semi-supervised

learning. In Section 4.4 we provide a summary of unsupervised methods, including

methods of self-supervision. In Section 4.5 we discuss directions for future work that

are relevant to this dissertation. Finally, we conclude this chapter in Section 4.7. For a

more complete treatment of the methods, which we enumerate in this chapter, please

see Rothenberger et al. [2025].

4.2 Preliminaries

We will introduce an interpretation of pseudo-labeling as fuzzy partitions that provides

a formal framework for understanding the methods in the remainder of the text.

4.2.1 Fuzzy Partitions

Fuzzy sets have the property that elements of the universe of discourse Ω belong to sets

with some degree of membership that is quantified by some real number in the interval

[0, 1]. For this reason a function m : Ω→ [0, 1] is used so that m(ω) expresses the grade

(or, extent) to which an ω ∈ Ω belongs to a particular set. The function m = µA is

called the membership function of the fuzzy set A. Such a fuzzy set A is usually defined

as A = (Ω, µA) and is denoted as A = {µA(ω)/ω | ω ∈ Ω}.

Example 1 (Illustration of a Fuzzy Set). Let X be the universe of discourse with just

four elements; i.e., X = {a, b, c, d}.

26



Then, S1 = {0.4/a, 0.1/b, 0.0/c, 1.0/d} is a fuzzy set on X .

The intention is to treat the “belongingness” numbers as a measure for the degree

of membership in particular sets. For pseudo-labeling we will assume that there is a

predetermined number of fuzzy sets S1, . . . ,Sk, for some k ≥ 2 and these will correspond

to the k hard labels that are available in a classification problem (more below). Along

these lines, an important notion is that of a fuzzy partition, which we will use to define

pseudo-labeling precisely.

Definition 4.2.1 (Fuzzy Partition). Let k ≥ 2. Let I = {1, . . . , k}. Let Q =

(S1, . . . ,Sk) be a finite family where for each i ∈ I, Si is a fuzzy set and µSi
is its

corresponding membership function. Then, Q is a fuzzy partition if and only if it holds

that (∀x ∈ X ) [∑i∈I µSi
(x) = 1].

Example 2 (Illustration of a Fuzzy Partition). Let I = {1, 2, 3}. Let X = {a, b, c, d}

and consider the following fuzzy sets:


S1 = { 0.4/a, 0.1/b, 0.0/c, 1.0/d } ,

S2 = { 0.3/a, 0.6/b, 0.6/c, 0.0/d } , and

S3 = { 0.3/a, 0.3/b, 0.4/c, 0.0/d } .

The above family of fuzzy sets S1,S2,S3 together with the corresponding membership

functions µS1 , µS2 , µS3 whose values are shown in equation above, provides a fuzzy

partition since, for every x ∈ X , it holds that ∑i∈I µSi
(x) = 1.

More information on fuzzy sets is available at Zadeh [167] and Ruspini [122].

4.2.1.1 Deeper Discussion on Labels

Below we provide more information on labels and pseudo-labels. In addition, ∆C will

continue to be the probability simplex of dimension C.
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Definition 4.2.2 (Stochastic Labels). Let |Y| = C. Stochastic labels are vectors

y ∈ ∆C where the positions of the vector defines a probability distribution over the

classes Yi ∈ Y , e.g., y = (p1, . . . , pC).

Remark 1 (Stochastic Labels from Fuzzy Partitions). In Example 2, the fuzzy sets

S1, S2, and S3 correspond to three different labels. By taking vertical cuts of these

three fuzzy sets for each one of the four instances (a, b, c, d ∈ X ) one obtains a vector

of non-negative values that sum to one. This vector could specify a valid discrete

probability distribution, and such a distribution would be the stochastic label associated

with the respective instance. For example, the stochastic label of instance b would be

(0.1, 0.6, 0.3). I make this remark to illustrate the connection between our definition

of pseudo-labels and previous interpretations of pseudo-labels, which often use the

language of discrete probability distributions.

Definition 4.2.3 (Pseudo-Labels). Given a fuzzy partition Q over X , pseudo-labels

are vectors y ∈ ∆C where each position of the vector defines the degree of membership

in a unique fuzzy set in Q (corresponding to a label). For an instance x ∈ X we have

y = (µS1(x), . . . , µSC
(x)). We write y = Q(x).

Using the notation introduced earlier, for some instance x, the pseudo-label takes

the form fθ(x). The crucial point is that a pseudo-label is obtained as a result of a

predictive model fθ(x) applied on the instance x, indicating the probability that x has

belonging to different classes according to fθ. Ideally (if we are using pseudo-labels

as weak supervision), generated pseudo-labels are similar to ground-truth labels for

the various instances x ∈ X . Good pseudo-labels are similar to the ground truth to

the extent that the ground truth is not significantly different from the labeled dataset

L (e.g., because of noise). Because each element of the pseudo-label vector indicates

membership in a particular class, the pseudo-label can also be one-hot (e.g., see instance
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d in Example 2). The difference between the ground truth label and the pseudo-label

in that case is that the latter was generated by the fuzzy partition using the instance.

Definition 4.2.4 (Pseudo-Labeling). Utilizing pseudo-labels generated by at least one

fuzzy partition Q of the input space X inferred from only instances and ground truth

labels to provide supervision during the training of a machine learning algorithm is

called pseudo-labeling.

Pseudo-labeling is the process of generating/inferring pseudo-labels. In self-training

(e.g. [83]) the fuzzy class partition defined by fθ is used to assign pseudo-labels to

unseen instances. These instances are then used to optimize the network further.

Definition 4.2.5 (Pseudo-Labeled Examples). Pseudo-labeled examples are tuples

(x,Q(x)).

The examples that are formed by the tuples of instances and pseudo-labels are the

pseudo-examples that are used during retraining in self-training.

4.3 Semi-Supervised Regimes

The classic formulation of PL techniques as applied to deep neural networks is defined

in Lee [83], where PL is presented as a fine-tuning stage in addition to normal training.

At a high level, the model fθ is initially trained over samples from the labeled set L,

and after a fixed number of epochs θ is frozen and pseudo-examples derived from fθ

and U are added into the training steps, yielding an effective SSL technique.

More specifically, this formulation of PL derives labels for samples drawn from U

by “sharpening” the predictions of the partially-trained network, effectively reinforcing

the partially-trained model’s “best guess” for a particular sample. The loss function L

being optimized has a supervised component `S and a nearly-identical unsupervised
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component `U; in every case cross-entropy loss is used to penalize the model’s predictions

against, respectively, the true labels, or the pseudo-labels obtained by the sharpening

process:

L = L(fθ, L)
supervised

+ α(t)L(fθ, (U, argmax kfθ(U)k))
unsupervised

. (4.1)

Crucially, the unsupervised segment is moderated by α(t): an epoch-determined

annealment parameter. This starts at zero and then ramps linearly up to a ceiling value.

According to Lee [83], careful consideration is required in choosing the scheduling of α,

as setting it too high will disturb training of labeled data and too low will not have an

impact on the training process at all. This is the basic foundation upon which most

fine-tuning PL methods are built.

In the remainder of this section we will provide an overview of pseudo-labeling

methods in computer vision for semi-supervised learning. We will discuss methods based

on scheduling unlabeled instances (Subsection 4.3.1), methods based on performing

well under weak supervision (Subsection 4.3.2), methods of consistency regularization

(Subsection 4.3.3), and approaches that use multiple models. The last of which is closely

related to the joint optimization/selection of pseudo-labels (Subsection 4.3.4). For more

details please see Rothenberger et al. [2025].

4.3.1 Sample Scheduling

An inherent prerequisite to solving the problem of generating pseudo-labels for samples

is determining for which samples to generate pseudo-labels. The precise sample schedule

can greatly impact the performance of the final pseudo-labeling algorithm [5].

The simplest way to choose unlabeled samples to label is to sample them randomly

from the unlabeled set. Pseudo-labeling techniques are vulnerable to confirmation bias,

where initially-wrong predictions are reinforced by the PL process [5]. One solution is
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MixMatch [12], a hybrid PL technique combining several dominant methods within the

SSL space with the goal of preventing overconfident predictions. MixMatch consists of

several steps: a data augmentation step, a label guessing step (the PL component), and

a sample mixing step. MixMatch has inspired several successful derivative algorithms

such as ReMixMatch [11], FixMatch [133], and FlexMatch [170]. While most methods

use confidence as the metric by which to select PL, Time-Consistent Self-Supervision

for Semi-Supervised Learning (TCSSL) [176] uses a “time consistency” metric that is

the exponential moving average of the divergence of the discrete output distribution of

the model for each sample.

A natural solution to choosing a suitable set of examples to pseudo-label is curriculum

learning (CL) [10]. In this paradigm, the model is first allowed to learn on “easy”

instances of a class or concept and then trained on progressively “harder” instances.

One such CL approach is Cascante-Bonilla et al. [2020]. Functionally, it is a self-training

framework where, within each epoch, unlabeled data is sorted based on the confidence

of prediction. Curriculum learning is also the motivation for FlexMatch [170].

4.3.2 Weak Supervision

Subtly different from metric-based selection of unlabeled examples, we can also imagine

assigning a label based on a weak supervision. Weak supervision differs from the metrics

in the previous section as they only provide a label rather than a continuous score.

An early approach in this space was that of Zhu and Ghahramani [179], which used a

kNN to assign a label based on its geodesic distance to other samples in the embedding

space. This approach was extended to deep neural networks in Iscen et al. [65]. Shi et al.

[126] improves further with a loss that encourages all examples of one class assignment

to be embedded far from those of other classes and examples within an assignment

to be drawn together. Iterative Label Improvement (ILI) [56] employs a self-training
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method where the model, post-initial training, may adjust any sample’s label based on

confidence levels, emphasizing the inherent noise in pseudo-labels. Additionally, ILI

is extended through Iterative Cross Learning (ICL) [166], where models trained on

dataset partitions assign pseudo-labels to other segments.

One strategy for assessing the value of weak supervision is to estimate the label noise

of a classifier. Uncertainty-Aware Pseudo-Label Selection (UPS) [114] seeks to achieve

good weak supervision by training a calibrated network for confidence filtering on the

unlabeled set. Continuing in the theme of directly accounting for label noise, Tong Xiao

et al. [142] adds a probabilistic model that predicts the clean label for an instance. More

recent work, PENCIL [165] handles uncertainty by modeling the label for an image

as a distribution among all possible labels and jointly updates the label distribution

and network parameters during training. PENCIL extends DLDL [50] by moderating

the label noise learning. Another approach in this space is instance dependent noise

(IDN) by Wang et al. [149], which directly models label noise by relating noisy labels

to instances.

An additional strategy for weak supervision selection is Class Introspection [69],

which uses an explainability method over a classifier in order to embed the inputs into

a space separated by their learned explanations.

Open-Set Recognition Open-set recognition (OSR) and pseudo-labeling, while

distinct, share a connection in weakly-supervised tasks. OSR aims to identify known

classes while detecting and rejecting unknowns (out-of-distribution instances) [9], a

challenge that becomes more complex without strong labels. In the context of weakly-

supervised OSR, pseudo-labeling can be employed to create initial, albeit noisy, labels

for the known classes in unlabeled data. These pseudo-labels help define boundaries

for known classes, which is crucial for OSR to distinguish them from unknowns. Thus,
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pseudo-labeling provides a form of implicit supervision, enabling OSR models to learn

and differentiate classes even with limited or absent explicit labels.

Approaches in this space such as SeFOSS [146], ProSub [147], and W-ODE [150]

aim to learn from all data (in and out of distribution) in U. These methods utilize

scores to determine whether or not examples are outliers in the training distribution to

appropriately assess uncertainty to their pseudo-labels.

4.3.3 Consistency Regularization

There are two representative techniques that inject consistency regularization in a way

that specifically addresses the case where pairs of instances that differ only slightly

receive differing model predictions. These are Unsupervised Data Augmentation (UDA)

by Xie et al. [156] and Virtual Adversarial Training (VAT) by Miyato et al. [94]. It is

possible to apply these methods without any supervision at all, and in that case they

are still pseudo-labeling, but they would be unsupervised rather than semi-supervised.

UDA is even explicitly called unsupervised data augmentation, but because historically

these two works are specifically for semi-supervised applications we include them in

this section rather than the next.

In both of the above cases the pseudo-label of an augmented instance is inferred

by its close proximity to the original sample. This distance is either a p-norm in the

case of VAT or a semantic notion of distance as in UDA. The fuzzy partition is thus

constituted of fuzzy sets that are the union of spheres of a chosen radius around points

of the same class, or that are sets of augmented versions of an instance. In the case

of VAT the labels that are assigned are one-hot, but this is a subset of the admissible

fuzzy partitions. Adversarial training is a special case of consistency regularization in

which the consistency is enforced locally for each instance. Adversarial training is an

effective method of consistency regularization, but it incurs the additional cost of a
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gradient update to the input sample.

4.3.4 Multi-Model Approaches

In multi-model approaches more than one network is used for training one singular

model, combining the strengths of the individual component networks. Meta Pseudo

Label (MPL) by Pham et al. [105], discussed in Section 4.3.4 of joint-optimization

selection, is an example where a teacher model generates labels and a student model

processes labeled data and jointly optimizes both.

Several multi-model approaches re-train iteratively similar to PL [83], but make

use of multiple models. Noisy Student Training [157] is an effective technique in this

category where iteratively larger models are iteratively self-trained. The student-teacher

model is not the only multi-model architecture that relies on pseudo-labels for SSL.

A representative technique in this area is co-training [14] in which two models are

trained on disjoint feature sets that are both sufficient for classification. In co-training,

pseudo-labels are iteratively incorporated into the training set just as with self-training,

except labels added to one model’s training set are generated by the other model. In

Qiao et al. [2018] the authors present a study where two similar deep neural networks

are used. One key problem in co-training is that of constructing the views when they

are not available [135, 148]. It is relatively uncommon to have a dataset in which

there are two independent and sufficient views for classification. Furthermore, it is

possible that the views we have are independent, but not sufficient. Multiple works

attempt to address the issue of insufficiency. Wang and Zhou [151] shows that this is

still an acceptable setting in which to perform co-training provided that the views are

“diverse.” There are several works addressing the problem of the lack of independent

views [177, 57]. These approaches are ensembles where each classifier issues a vote on

the class of unlabeled samples, and the majority vote is assigned as the pseudo-label. In
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the same vein, Tri-Training employs three classifiers in order to democratically select

pseudo-labels for U after being trained on L [178]. While this is a simple solution, it

comes with a 3× increase in compute cost. An improvement is Robust Semi-Supervised

Ensemble Learning [160], which formulates the PL process as an ensemble of low-cost

supervisors whose predictions are aggregated together with a weighted SVM-based

solver. Multi-Head Co-Training (MHCT) [30] uses a shared network block to create an

initial representation that is then evaluated with multiple classification heads. When

an unlabeled sample is selected, the most confident pseudo-label is assigned based on a

consensus between a majority of the heads.

Joint-Optimization Selection Unlike iterative-retraining methods of pseudo-labeling,

there is a group of methods that treat pseudo-label assignment as an optimization

problem. Meta Pseudo Labels (MPL) [105] optimizes a teacher to provide good labels to

unlabeled points that train a student. Meta-Semi [152] optimizes which pseudo-labels

to use for training. Similarly, Bi-Level Optimization for Pseudo-Labeling Based Semi-

Supervised Learning (BLOPL) [60] considers pseudo-labels as latent variables of which

the learner’s weights are a function. Rather than optimizing the presence or absence of

pseudo-labels, BLOPL optimizes soft pseudo-labels for every unlabeled instance. These

soft pseudo-labels are treated as latent variables and the model that predicts them is

optimized to predict well on the labeled set. Reinforcement Learning Guided Semi-

Supervised Learning [61] poses this optimization of pseudo labels as a reinforcement

learning problem and learns a policy to provide good soft pseudo-labels to the learner.

RLGSSL is not a method that requires two models, but we include it in this section

as it is the only anomaly in that sense. Meta Co-Training (MCT) [117] combines the

ideas of Meta Pseudo Labels [105] and Co-Training [14]. Meta Co-Training introduces

a novel bi-level optimization over multiple views to determine optimal assignment of
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pseudo labels for co-training.

4.4 Unsupervised and Self-Supervised Regimes

It is perhaps surprising to consider pseudo-labeling as a definition for unsupervised

learning settings, where traditional, fixed class labels are not available. While pseudo-

labeling is usually presented in the context of semi-supervised training regimes, there are

very close analogues to PL in the domain of unsupervised learning. Within this section,

we will discuss discriminative self-supervised learning. These methods operate as CR

methods (Section 4.4.1), and response-based knowledge distillation (Section 4.4.2). Both

of these forms of knowledge distillation methods are forms of pseudo-labeling. This

section is an abbreviated version of the content in Rothenberger et al. [2025]. Please

see Rothenberger et al. [2025] for more details.

4.4.1 Consistency Regularization

Unsupervised consistency regularization approaches show significant similarities with

pseudo-labeling approaches as they tend to assign labels to points even if these labels

have no relation to any ground truth. For example, EsViT [87], DINO [24], BYOL [55],

and SwAV [23] all use some form of label assignment as a representation learning pretext

task, i.e., a task that prepares a model for transfer learning to a downstream task [67].

These approaches all result in assigning instances to a particular cluster or class that

has no defined meaning, but is rather inferred from the data in order to accomplish the

minimization of the self-supervised loss. The goal of the clustering or classification is

clear: to place images that share an augmentation relationship into the same cluster or

class, and optionally a different class from all other images. The partition of the latent

space however is inferred, and it is also fuzzy as membership probabilities may not be

one-hot. Thus, these techniques clearly satisfy our definition.
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4.4.2 Knowledge Distillation

Knowledge distillation [62] describes the process of transferring the knowledge of a larger

network into a smaller one. The significant attention brought to this technique has

yielded a variety of techniques [54]. In this section we are concerned with response-based

knowledge distillation; i.e., techniques for knowledge distillation that transfer knowledge

through pseudo-labels assigned by the larger model. For a more comprehensive treatment

of knowledge distillation see Gou et al. [2021].

The formulation in Hinton et al. [62] is a response-based framework in which a

pre-trained larger model transfers its knowledge to a smaller model through the use of

pseudo-labels. While in their algorithm the smaller model also learns from the original

training labels and is thus semi-supervised, the process of distilling the knowledge from

the larger model is unsupervised.

As mentioned in Caron et al. [24], the DINO framework for self-supervised learning

is interpreted as a framework for knowledge distillation between a student model and

a mean teacher (a teacher model that is an average of the student model’s weights).

This is self-distillation with no supervised labels. The distillation process occurs entirely

using PL. DINO can be seen as a special case of the replace one branch approach [45]

to knowledge distillation with a slight modification of including a mean teacher. In fact,

this is exactly how the smaller published DINO models are created.

In all cases a fuzzy partition parameterized by a neural network is inferred from data

and available at the beginning of the distillation process. This is the teacher model,

or the model that is being distilled. In the case of Hinton’s original formulation this

fuzzy partition clearly corresponds to division of the input space into classes informed

by real labels. It is also possible to incorporate real labels in the distillation process

in that formulation, however pseudo-labels are still used in the training process. In
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the case of DINO and RoB the labels do not necessarily correspond to any ground

truth quantity. DINO distillation and RoB also define fuzzy partitions of the input

space into categories and the goal of learning in the knowledge distillation regime is the

same: minimize the average cross entropy over a set of unlabeled instances and their

associated pseudo-labels between the student and the teacher.

4.5 Open Directions Later Explored

In Rothenberger et al. [2025] we identified a range of similarities across categories of

PL algorithms. Having identified the ways in which these different algorithms that

use pseudo-labels are similar, we discussed unexplored directions. Below I include the

open directions that are relevant for this dissertation and that we will build upon in

later chapters. For a more complete treatment of exciting open directions in PL please

see Rothenberger et al. [2025].

Self-Supervised Regularization of Semi-Supervised Learning In semi-supervised

learning and knowledge distillation there is a risk of representation collapse of the learner.

One recent method, self-supervised semi-supervised learning [11], incorporates a self-

supervised loss term to prevent that representation collapse. Despite the simplicity

they are able to improve on supervised baselines. Their approach and others such

as Rothenberger and Diochnos [2023] show that the benefits for learning with few labels

from pseudo-labeling-based self-supervised learning and pseudo-labeling-based semi-

supervised learning are complementary. Combining the benefits of knowledge distillation

and semi-supervised learning with the strong performance of representations learned

with self-supervised loss terms is an exciting avenue of research for pseudo-labeling.
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Meta Learning to Determine Pseudo-Label Assignment In Section 4.3.4

we identified several methods for semi-supervised learning that formulate pseudo-

label assignment as a meta-learning problem or bi-level optimization. Several recent

pseudo-labeling methods for semi-supervised learning [105, 117, 60, 61] leverage bi-

level frameworks for pseudo-label assignment. RLGSSL [61] we find to be particular

interesting because it interprets this bi-level optimization as reinforcement learning. This

interpretation opens many new potential directions for exploration based on existing

work in reinforcement learning. Developing new ways of formulating and optimizing

these bi-level frameworks is an exciting direction for self-supervised learning. To our

knowledge bi-level optimization has not been applied in this way to either knowledge

distillation or self-supervised learning. Due to the promising results of pseudo-labeling

methods based on bi-level optimizations for semi-supervised learning we believe similar

algorithms can find success in the areas of knowledge distillation and self-supervised

learning.

4.6 Summary

In Section 4.1 we gave an overview of theoretical motivations for pseudo-labeling. We

provided a taxonomy of methods for pseudo-labeling in these areas and discussed their

relation to the important motivating ideas of sample scheduling, label propagation, weak

supervision, consistency regularization, multi-model learning, and knowledge distillation.

This taxonomy was shown in Figure 4.1. In Section 4.2 we introduced a definition

for pseudo-labels. We showed how this definition allows for a unified interpretation

of methods from semi-supervised learning and self-supervised learning. In Section 4.3

we presented many different methods for semi-supervised learning that make use of

pseudo-labels. In Section 4.4 we showed how pseudo-labels are used in unsupervised and

self-supervised ways. In Section 4.5 we discussed open directions that were illuminated
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by our definition of pseudo-labels. Finally, in Table 4.1 we provide a glossary of the

different techniques that are shown in the taxonomy of Figure 4.1. Table 4.1 provides

the paper that proposed each technique and the section in which they appear in this

review.

We find that there are many exciting new opportunities for research. The prospect

of applying dataset subsetting methods on data collected from the wild is particularly

exciting, and so is the application of reinforcement learning algorithms/bi-level opti-

mization frameworks and uncertainty quantification. We are excited to see how new

applications of pseudo-labels continue to shape the computer vision landscape.

4.7 Conclusion

The key observations made in this chapter are that pseudo-labels are not exclusively

used in the context of SSL, and that pseudo-labels are not just a inferior version of

supervision. I showed examples from prior work such as that of Li and et al. [2022]

and Duval et al. [2023], which use PL in a non-SSL setting. In these cases the pseudo-

labels were not used as weak supervision, but rather they were optimized to have certain

properties. Even within SSL we can see examples such as UDA [156] and VAT [94].

In UDA and VAT the pseudo-labels are used for consistency regularization within an

SSL framework rather than as a proxy for human supervision. This is in contrast to

methods such as PL [83] and co-training [14] where pseudo-labels are used as a proxy

for supervision to iteratively re-train models. It is because pseudo-labels are model

outputs that we are able to optimize them to have properties like consistency across

augmentations or between a student and teacher.

Within SSL there are methods such as MCT [117], BLOPL [60] and RLGSSL [61]

that make use of PL outside of just consistency regularization or as weak supervision.

These methods explicitly optimize pseudo-label assignments to achieve other objectives.
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In the case of MCT and BLOPL this objective is achieving more accurate classification

when learning from pseudo-labels, and in the case of RLGSSL the objective is a proxy

for generalization.

It is these directions that we will explore in the remaining chapters. We will see ways

in which we can take advantage of the fact that pseudo-labels are model predictions to

encouraged them to have certain properties. In the next chapter I will explore how my

contribution MCT uses pseudo-labels to train a pair of models that collaborate to teach

each other. In the following chapter I will build on this idea by improving the teacher

feedback signal. Then, in the next chapter I will show how PL can be applied to XAI,

which is neither SSL nor one of the non-SSL PL domains described in this chapter.

In all three chapters I will explore the ways to apply PL without requiring that the

pseudo-labels serve as weak supervision that approximates some notion of ground-truth

well.
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Table 4.1: Figure 4.1 Label Map

Label Reference Section
BLOPL Heidari and Guo [60] 4.3.4
BYOL Grill and et al. [55] 4.4.1
Class Introspection Kage and Andreadis [69] 4.3.2
Co-training Blum and Mitchell [14] 4.3.4
Cocommittee Hady and Schwenker [57] 4.3.4
DINO Caron et al. [24] 4.4.2
DL from NL Tong Xiao et al. [142] 4.3.2
DeepCluster Caron et al. [22] 4.4.1
Dem. Colearning Zhou and Goldman [177] 4.3.4
EsViT Li and et al. [87] 4.4.1
FixMatch Sohn et al. [133] 4.3.1
FlexMatch Zhang et al. [170] 4.3.1
IDN Wang et al. [149] 4.3.2
ILI Haase-Schütz et al. [56] 4.3.2
Knowledge Distillation Hinton et al. [62] 4.4.2
LabelPropPL Iscen et al. [65] 4.3.2
MHCT Chen et al. [30] 4.3.4
MMF Shi et al. [126] 4.3.2
Meta Co-training Rothenberger and Diochnos [117] 4.3.4
MetaPL Pham et al. [105] 4.3.4
MixMatch Berthelot et al. [12] 4.3.1
Noisy Student Xie et al. [157] 4.3.4
OVOD Minderer et al. [93] 4.4.1
PENCIL Yi et al. [165] 4.3.2
PL (2013) Lee [83] 4.3
ProSub Wallin et al. [147] 4.3.2
RLGSSL Heidari et al. [61] 4.3.4
ROSSEL Yan et al. [160] 4.3.4
ReMixMatch Berthelot et al. [11] 4.3.1
Replace One Branch Duval et al. [45] 4.4.2
SeFOSS Wallin et al. [146] 4.3.2
SwAV Caron et al. [23] 4.4.1
TCSSL Zhou et al. [176] 4.3.1
TriTraining Zhou and Li [178] 4.3.4
UDA Xie et al. [156] 4.3.3
UPS Rizve et al. [114] 4.3.2
VAT Miyato et al. [94] 4.3.3
W-DOE Wang et al. [150] 4.3.2
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Chapter 5

Meta Co-Training

5.1 Chapter Introduction

Not unrelated to and not to be confused with the idea of semi-supervised learning, is self-

supervised learning In self-supervised learning a model is trained with an objective that is

evident from the data itself; it does not require human-generated labels. Self-supervised

learning was popularized by the BERT model [40] for generating word embeddings for

natural language processing (NLP) tasks. BERT generates its embeddings by solving the

pretext task of masked word prediction. Pretext tasks present unsupervised objectives

that are not directly related to any particular supervised objective but rather are solved

in the hope of learning a suitable representation to more easily solve a downstream

task. These pretext learners are often referred to as foundation models. Several pretext

tasks have been proposed for CV to train associated foundation models that solve

them [59, 32, 169, 87, 23, 24]. The learned representations for images are often much

smaller than the images themselves. As a consequence, this yields the additional benefit

of reduced computational cost when using the learned representations.

SSL algorithms [83, 14, 108, 157, 105, 133, 156, 12] involve generating pseudo-labels

to serve as weak supervision on unlabeled data and then learning from those pseudo-

labels. This weak supervision can either be used to perform consistency regularization,

or entropy minimization, or both. Consistency regularization enforces that different

augmented versions of the same instance are assigned the same label. Entropy mini-

mization enforces that all instances are assigned a label with high confidence. Typically

consistency regularization is achieved by minimizing a consistency loss between pairs of

examples that ought to have the same label [156, 12, 133, 11], and entropy minimization
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is achieved by iterative re-training [83, 14, 108] or sharpening labels [105, 12, 133, 11].

One particular class of SSL algorithms are co-training [14] algorithms in which two

different “views” of the data must be obtained or constructed, and then two different

models must be trained and re-trained iteratively. These two views yield models that

capture different patterns in their input and thus, informally speaking, are more likely

to fail independently. This independence of failure is leveraged so that each model can

provide useful labels to the other. Standard benchmark problems in machine learning

do not present two views of the problem to be leveraged for co-training. If one hopes

to apply co-training, one needs to construct two views from the single view that they

have access to. I show that constructing views that satisfy the conditions necessary for

co-training is relatively simple. Training different models on the two constructed views

can boost performance. Unfortunately, the classical co-training algorithm (CT) fails to

utilize pseudo-labels effectively on benchmark tasks.

I propose a novel SSL method that more effectively leverages pseudo-labels than

previous methods. I call the algorithm Meta Co-Training (MCT), because it leverages

two views to produce good pseudo-labels as part of a bi-level optimization. In MCT

each model is trained to provide better pseudo-labels to the other model, given only its

view of the data and the performance of the other model on a labeled set. Similarly to

CT, MCT utilizes multiple views to train models that are diverse. These models have

an advantage when teaching (and learning from) each-other because they will learn

different patterns from their differing input data. I show that this approach provides

an improvement over both CT and the current state-of-the-art (SoTA) method [88] on

the ImageNet-10% dataset, as well as it establishes new SoTA few-shot performance on

several other fine-grained image classification tasks.

Chapter Contributions
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1. I propose Meta Co-Training, an SSL algorithm that appears to be more robust

than co-training and does not require iterative re-training from initialization.

2. I conduct experiments on a range of benchmark image classification tasks to

evaluate the performance of MCT.

3. I demonstrate that not only is MCT effective on benchmark tasks but also that it

provides significant utility on real-world datasets.

4. I make the implementation publicly available:

https://github.com/JayRothenberger/Meta-Co-Training

Outline of the Chapter In Section 5.2 I discuss the construction of views using pre-

trained self-supervised learning models. In Section 5.3 I describe the proposed method,

Meta Co-training. In Section 5.4 I present experimental findings on ImageNet [39]

and discuss how MCT compares to relevant baseline approaches. I perform additional

experiments on Flowers102 [96], Food101 [16], FGVCAircraft [92], iNaturalist [63]

datasets. In Section 5.4.6 I present an application of co-training algorithms to a real-

world dataset. In Section 5.5 I conclude with a summary and directions for future

work. The interested reader can find additional information (e.g., details on the training

recipe) in Rothenberger and Diochnos [2023].

5.2 View Construction

A view, in the context of co-training methods, is a subset of the input features. A view

typically has two properties: (i) it is sufficient for predicting the desired quantity, and

(ii) it is conditionally independent of other views given the label. Previous methods

of view construction for co-training include manual feature subsetting [42], automatic

feature subsetting [31], random feature subsetting [17], random subspace selection [18],

45

https://github.com/JayRothenberger/Meta-Co-Training


U

L

U(1)

U(2)

L(2)

L(1)

pre-trained
embedding

Figure 5.1: Using pre-trained models for constructing views. Unlabeled and labeled
sets are embedded using two different pre-trained models. This transforms a single-view
dataset into two compressed representations which are used as views for co-training
and meta co-training.

and adversarial examples [108]. I used self-supervised learning to construct views for

the CT and MCT experiments. However, if one has access to a dataset where the

instances have two different views, then one can still obtain useful representations with

this approach using the same self-supervised model or none at all.

While my is more widely applicable, it is particularly well-suited to computer vision.

There are a plethora of competitive learned representations for images [55, 32, 23, 87,

109, 100, 59]. Choosing foundation model representations as views makes my approach

lightweight enough to be feasible with limited hardware resources.

5.3 Proposed Method: Meta Co-Training

I propose a novel semi-supervised learning algorithm called Meta Co-Training (MCT),

which is described below. MCT operates within a bi-level student-teacher optimization

framework that is inspired by Meta Pseudo Labels (MPL) [105], which I extend to two

views to perform co-training [14]. A student is optimized to replicate the labels that its

teacher gives to a set of unlabeled points while a teacher is optimized to provide labels

to the same unlabeled points such that its student learns to predict well on labeled
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data. MCT is said to be a co-training algorithm because it operates on two views of

the data. However, unlike the original co-training method [14], MCT does not train

multiple models for each view sequentially; CT incrementally expands the labeled set

with pseudo-labels and re-trains the models for each view, whereas MCT simply learns

to generate better labels without expanding the labeled set. In MCT, each view has

exactly one model that acts as both a teacher for the other view and a student for its

own view. That is to say that the model learning on view 1 will take an unlabeled

instance from view 1 as input and provide the pseudo-label prediction to the student

for the same unlabeled instance in view 2. The student, the model learning on view 2,

will use the pseudo-label to learn to predict similarly.

The lower of the two levels of the optimization is the student optimization (Equation

5.2). The student parameters θS are optimized as a function of the teacher parameters

θT :

Lstudent(fθS
; (U, fθT

(xj))) = 1
m

n+m∑
j=n+1

`(fθS
(xj),Y ∼ fθT

(xj)) , and (5.1)

θ′
S = θPL

S (θT ) ∈ argmin θS
Lstudent(fθS

; (U, fθT
(U))) . (5.2)

The teacher optimization (Equation 5.3) forms the upper level of the optimization:

θ′
T ∈ argmin θT

L
(
fθ′

S
; L
)

. (5.3)

All together, the objective of MCT from the perspective of the current view model as

the teacher is:

min
θT

Lstudent(fθS
; (U, fθT

(U))) + L
(
fθ′

S
; L
)

. (5.4)

It is cumbersome to speak of teachers and students when each model is both. The
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objective for MCT is given in Equation 5.5 as jointly optimizing the following objectives

with fθ1 the model learning on view 1 and fθ2 the model learning on view 2:

min
θ1,θ2
Lstudent (fθ1 ; (U, fθ2(U))) + L

(
fθ′

2
; L
)

+ Lstudent (fθ2 ; (U, fθ1(U))) + L
(
fθ′

1
; L
)

.

(5.5)

Co-training algorithms are traditionally evaluated using the joint prediction of the

constituent models; i.e., the re-normalized element-wise product of the individual

predictions.

An overview of MCT is provided in Figure 5.2. At each step t ∈ {1, . . . , T} of MCT

the models that correspond to the so-far learnt parameters θ1;t and θ2;t participate in a

student-teacher framework in which each model plays the role of the student for their

view and the teacher for the other model simultaneously. The representations obtained

from the view construction process of Section 5.2 form different views that are used by

MCT.

By training two models on two views to collaborate MCT can take advantage of the

aspects of MPL and CT that make each algorithm successful. CT is more effective when

the two constituent models fail (predict incorrectly) independently. During MCT the

teacher model will receive positive feedback precisely when it makes a prediction that

the other model would not have made but that results in an improvement. MCT trains

models in a way that encourages each teacher to express independence while it teaches

each student to incorporate the improvement. Naturally, once the two models predict

similarly then the gradient of the student parameters with respect to the teacher’s

labels is zero and they both cease to improve. This, however, is also when MPL ceases

to improve and it is unlikely to have models that are as diverse as those trained from

independent views.
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Figure 5.2: At each step t ∈ {1, . . . , T} of MCT the models that correspond to the so-far
learnt parameters θ1;t and θ2;t play the role of the student and the teacher simultaneously
using batches for their respective views. Pseudo-labeling occurs on complementary
views so that the teacher can provide the student with labels on an unlabeled batch.
Labeled batches may, or may not, use complementary views as the purpose that they
serve is to calculate the risk of the student model on the labeled batch and this result
signals the teacher model to update its weights accordingly.

Algorithm Description Algorithm 1 presents pseudocode for the algorithm. The

function SampleBatch, is sampling a batch from the dataset. The function getOtherView

returns the complementary view of the first argument; the second argument clarifies

which view should be returned (“2” in Line 5). Instances for co-training methods can

be viewed as elements of a bipartite graph. Each edge and its two endpoints form an

instance. In Line 4 instances are sampled from one side of the bipartite graph and the

function getOtherView returns the connected elements from the second view.

At each step t of the algorithm each model is first updated based on the pseudo-
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Algorithm 1 Meta Co-Training
1: Input: L(1), L(2), U (1), U (2), f (1), f (2), θ1, θ2, T, `, η
2: for step t ∈ {1 . . . T} do
3: {Unlabeled views must be complementary}
4: U

(1)
t ← SampleBatch(U (1))

5: U
(2)
t ← getOtherV iew(U (1)

t , 2)
6: {Predict soft pseudo-labels}
7: ŷ(1) ← f

(1)
θ1 (U (1)

t )
8: ŷ(2) ← f

(2)
θ2 (U (2)

t )
9: {MCT student update applied to both models}

10: θ′
1 ← θ1 − η · ∇θ1Lstudent(fθ1 ; (U (1)

t , ŷ(2)))
11: θ′

2 ← θ2 − η · ∇θ2Lstudent(fθ2 ; (U (2)
t , ŷ(1)))

12: {Sample batches from L for the teacher updates}
13: X

(1)
t , Y

(1)
t ← SampleBatch(L(1))

14: X
(2)
t , Y

(2)
t ← SampleBatch(L(2))

15: {MCT teacher update applied to both models}
16: ŷ′(1) ← f

(1)
θ′

1
(X(1)

t )
17: ŷ′(2) ← f

(2)
θ′

2
(X(2)

t )
18: h(1) ← ∇θ′

2
L(fθ′

2
; L)T · ∇θ2Lstudent(fθ2 ; (U (2)

t , ŷ(1)))
19: h(2) ← ∇θ′

1
L(fθ′

1
; L)T · ∇θ1Lstudent(fθ1 ; (U (1)

t , ŷ(2)))
20: {Weights to be used in the next step}
21: θ1 ← θ′

1 − η · h(1) · ∇θ1Lstudent(fθ1 ; (U (2)
t , ŷ(2)))

22: θ2 ← θ′
2 − η · h(2) · ∇θ2Lstudent(fθ2 ; (U (2)

t , ŷ(2)))
23: end for

labels the other has provided on a batch of unlabeled data (Lines 13-14). Then each

model is updated to provide labels that encourage the other to predict more correctly

on the labeled set based on the performance of the other (Lines 24-25). Lines 13-14

correspond to the student updates, while Lines 24-25 correspond to the teacher updates.

These updates make tractable the optimization of Equation 5.5 since the student

and teacher optimizations are approximated using alternating iterations of stochastic

gradient descent. This is following the ideas of MPL and further discussion is available

in [105, 48, 117].

Each student model evaluates the performance of their new weights on separate
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labeled batches. This performance provides feedback to the teacher model. Geometri-

cally, this can be understood as updating the parameters in the direction of increasing

the teacher’s confidence in the pseudo-labels, assuming those pseudo-labels helped

the student model perform better on the labeled set. Along these lines, the teacher

parameters are updated in the opposite direction if it hurt the student’s performance

on the labeled set.

In general, MCT does not require any preexisting method of view construction to

be applied. If a dataset naturally provides two views, then there is no need to construct

additional views. One can use any pre-trained representation or none at all and then

apply MCT as described above. As an additional remark, for MCT and CT the labeled

datasets for each view do not need to have the same bipartite correspondence as the

unlabeled datasets. This is because the labeled data used to evaluate the change in the

performance of the student do not need to have corresponding instances in the teacher’s

view. In all of the experiments in this work preexisting foundation models were used to

construct views for the co-training methods, and thus in all cases there exist two views

for each labeled example.

In Algorithm 1 it is illustrative to consider all versions of the parameters within

a step and all of their gradients to exist simultaneously in memory. This is undesir-

able in practice given the large size of common neural networks and their gradients.

Instead, we compute ∇θ2Lstudent(fθ2 ; (U (2)
t , ŷ(2))) and ∇θ1Lstudent(fθ1 ; (U (1)

t , ŷ(1))) (used

in Lines 21-22) first, then we compute (and apply) ∇θ1Lstudent(fθ1 ; (U (1)
t , ŷ(2))) and

∇θ2Lstudent(fθ2 ; (U (2)
t , ŷ(1))) (used first in Lines 10-11 and reused in Lines 18-19), then

we compute ∇θ′
1
L(fθ′

1
; L)T and ∇θ′

2
L(fθ′

2
; L)T that we subsequently use to compute h(1)

and h(2). We finish the iteration with Lines 24-25 using the saved gradient from the

first step. With this approach we only have to compute the forward pass and gradient

for the student update once, and we only keep one version of the model weights in
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memory at a time.

Computing necessary gradients to compute h(1) and h(2) can be entirely avoided by

approximating them as:

h(1) ≈ L(fθ1 ; L)− L(fθ′
1
; L), and

h(2) ≈ L(fθ2 ; L)− L(fθ′
2
; L).

If the approximation is used, then MCT is no more space-intensive than co-training,

though it requires twice as many backward passes and three times as many forward

passes. This approximation is suggested by the authors of [105]. I do not use it in my

experiments.

Relation to Ensemble Methods As this approach utilizes multiple models that

collaborate during prediction, I acknowledge that it bears similarity to the family

of ensemble methods. Typically, co-trained models are evaluated against other SSL

approaches. In my evaluation I compare my semi-supervised method to supervised

deep ensembles to illustrate the impact of MCT versus ensemble methods. I will show

that when MCT works well, the performance benefit cannot be attributed to simply

utilizing multiple models.

5.4 Experiments

First, I will present an exploratory analysis of views constructed using foundation

models. Then, using those views I will compare MCT to baselines across a range of

benchmark datasets.
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5.4.1 View Construction Experiments

To produce the views used to train the classifiers during CT and MCT the embedding

spaces of five representation learning architectures: the Masked Autoencoder (MAE)

[59], DINOv2 [100], SwAV [23], EsViT [87], and CLIP [109] were used. The models that

produce the views were selected because they have been learned in an unsupervised way,

have been made available by the authors of their respective papers for use in PyTorch,

and have been shown to produce representations that are appropriate for computer

vision classification tasks. As discussed in Section 5.2 under the paragraph “View

Construction,” CT relies on two assumptions about the sufficiency and independence of

the its views. Experiments were conducted to verify these assumptions. Below is given

a summary of the results of those experiments.

On the Sufficiency of the Views Sufficiency is fairly easy to verify. If a reasonable

sufficiency threshold is chosen for the task (e.g., close or above 75% top-1 accuracy for

ImageNet), then simple models can be trained on the views of the dataset that have been

constructed. These simple models can serve as examples of functions that demonstrate

the satisfaction of the sufficiency property. A single linear layer with softmax output

was tested to provide a lower bound on the sufficiency of the views on the standard

subsets of the ImageNet labels for semi-supervised classification (Table 5.3). A simple

3-layer multi-layer perceptron (MLP) with 1024 neurons per layer was also evaluated

(Table 5.1). These MLPs were the same models as those used for CT and MCT. From

these experiments, whose results are shown in Table 5.1 we can see that if we were

to pick a threshold for top-1 accuracy around 75%, then CLIP and DINOv2 provide

sufficient views for both subsets the ImageNet 1% and 10% subsets.
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Table 5.1: MLP performance on individual views. Top-1 accuracy on different subsets
of the ImageNet data are shown.

Model 1% 10%

MAE 23.4 48.5
DINOv2 78.4 82.7
SwAV 12.5 32.6
EsViT 71.3 75.8
CLIP 75.2 80.9

Table 5.2: Pairwise translation performance of linear probe on the ImageNet dataset.
A linear classifier is trained on the output of an MLP that is trained to predict one
view (columns) from another view (rows) by minimizing MSE. The top-1 accuracy (%)
of the linear classifier is reported. Both the MLP and the linear classifier have access to
the entire embedded ImageNet training set.

MAE DINOv2 SwAV EsViT CLIP

MAE - 0.139 0.142 0.137 0.129
DINOv2 0.110 - 0.132 0.135 0.130
SwAV 0.116 0.147 - 0.137 0.126
EsViT 0.112 0.140 0.116 - 0.135
CLIP 0.110 0.146 0.136 0.156 -

On the Independence of the Views To test the independence of the views

generated by the representation learning models, an identical MLP architecture was

trained to predict each view from each other view; Table 5.2 presents our findings,

which are explain below. Given as input the view to predict from (rows of Table 5.2)

the MLPs were trained to reduce the mean squared error (MSE) between their output

and the view to be predicted (columns of Table 5.2). I linear classifier was then trained

on the outputs generated by the MLP given every training set embedding from each

view. Had the model faithfully reconstructed the output view given only the input view

then we would expect the linear classifier to perform similarly to the last column of

Table 5.3. Intuitively this is because if a model is able to reconstruct one view from

another exactly then the linear classifier should have the same performance on the
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Table 5.3: Linear probe evaluation for views. Top-1 accuracy on different subsets of the
ImageNet data are shown.

Model 1% 10% 100%

MAE 1.9 3.2 73.5
DINOv2 78.1 82.9 86.3
SwAV 12.1 41.1 77.9
EsViT 69.1 74.4 81.3
CLIP 74.1 80.9 85.4

reconstructed view as the original view. The linear classifiers never did much better

than a random guess on the ImageNet class achieving at most 0.156% accuracy. Thus,

while it cannot immediately be concluded that the views are independent, it is clearly

not trivial to predict one view given any other. The views are certainly not entirely

independent, otherwise we would expect to see half of the values in Table 5.2 below

the trivial accuracy of 0.1%. However, all of the accuracies are very close to the trivial

accuracy. I believe that this is compelling evidence for a high degree of independence

between different representations.

Having constructed at least two strong views of the data, and suspecting that these

views are independent there is compelling evidence that MCT and CT will work well

on this data.

5.4.2 Co-Training Baseline Experiments

At each iteration of CT the models made predictions for all instances in U . Pseudo-

labels were assigned to the 10% of the most confident predictions in U for both models.

When confident predictions conflicted on examples, those instances were returned to

the unlabeled set, otherwise their complementary views were entered into the labeled

set of the other model with the assigned pseudo-label.

For CT, joint predictions yielded better accuracy than the predictions of each
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individual model. In the ImageNet experiments, as CT iterations proceeded, top-1

accuracy always decreased. Later it is shown that this was not always the case (see

Figure 5.5). The decrease was less pronounced when the views perform at a similar

level; see Figure 5.3. In contrast MCT does not exhibit performance degradation after

warmup. Figures 5.3 and 5.4 show results on ImageNet 10%. While the CT performance

decreases after the supervised warmup, MCT performance increases.

Despite the poor performance of the pseudo-labeling during CT, using the two

best performing views CT performed as well as the previous SoTA method for SSL

classification on the ImageNet-10%; see Co-Training in Table 5.4. Unfortunately, CT

was unable to leverage pseudo-labels to improve the accuracy on this task. Given the

difficulty of translating between the views, and the fact that the accuracy yielded by

the joint prediction is greater than its constituent views, the poor performance of the

pseudo-labeling step in CT could be due to imbalanced information content between

views rather than view-dependence.

Figure 5.3: Top-1 accuracy of CT iterations on the CLIP and DINOv2 views for a
training run on the ImageNet 10% dataset.
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Figure 5.4: Progression of a training run for MCT using the CLIP and DINOv2 views
as a function of the training step. Models are trained on 10% of the ImageNet labels.

5.4.3 Meta Co-Training Experiments

To evaluate the performance of the MCT 5-fold cross-validation experiments were

performed on the ImageNet [39], Food101 [16], iNaturalist 2021 [63], Flowers102 [96],

and FGVCAircraft [92] datasets. One fold was reserved for validation, which is used for

model selection, and another was reserved for testing. The remaining three folds are

used for the training and unlabeled sets. Accuracy reported in this section is testing

accuracy. Cross-validation is used to create a sample of model performances for MCT

as well as the CT and Deep Ensemble (DE) [82] baselines. To test the hypothesis that

MCT produces more accurate models than the baselines I conduct multiple hypothesis

tests for each dataset and label budget. These are one-tailed Welch’s t-tests as the

variances of the tested populations are not always equal. The null hypothesis is that

the mean accuracy of models produced by the baseline being compared to is greater

than or equal to the mean accuracy of those produced by MCT. In each case I am
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Table 5.4: Performance of different self-supervised and semi-supervised algorithms
on ImageNet dataset. An asterisk (*) indicates models that were trained on top of
pre-trained frozen backbone models. For all cross-validation experiments the mean
testing accuracy as well as the 95% confidence interval are given. The implementation
for REACT is not publicly available, so the reported performance is assumed to be
the mean. Results that allow rejection of the null hypothesis for both baselines are
shown in bold. In Chapter 6 I will present PGPL and compare it to MCT as well as
the others presented here. PGPL will improve further on the results presented in this
chapter.

Reference Model Method ImageNet-1% ImageNet-10%

[87] EsViT (Swin-B, W=14) Linear 69.1 74.4
[59] MAE (ViT-L) MLP 23.4 48.5
[109] CLIP (ViT-L) Fine-tuned 80.5 84.7
[100] DINOv2 (ViT-L) Linear 78.1 82.9
[33] SimCLRv2 (ResNet152-w2) Fine-tuned 74.2 79.4
[23] SwAV (RN50-w4) Fine-tuned 53.9 70.2
[108] Deep Co-Training (ResNet-18) Co-Training - 53.5
[156] UDA (ResNet50) UDA - 68.78
[133] FixMatch (ResNet-50) FixMatch - 71.46
[105] MPL (EfficientNet-B6-Wide) MPL - 73.9
[21] Semi-ViT (ViT-L) Self-trained 77.3 83.3
[88] REACT (ViT-L) REACT 81.6 85.1
[14] Co-Training (MLP)* Co-Training 82.48 ± 0.13 86.03 ± 0.08

[82] Deep Ensemble * Deep Ensemble 78.38 ± 0.33 85.75 ± 1.20

Meta Co-Training (MLP)* - ours Meta Co-Training 82.66 ± 0.19 86.82 ± 0.10

performing multiple comparisons, so I apply the Bonferonni correction to the typical

α = 0.05 significance threshold. In the cases in which two comparisons are made this

results in the threshold α = 0.025, in the cases in which three comparisons are being

made the threshold becomes α = 0.016.

To draw fair comparisons, the model architecture and view set were fixed from the

experiments on CT. As in MPL [105] a supervised loss was optimized jointly with a loss

on pseudo-labels. I found that beginning with a warmup period in which the models for

each view were trained in a strictly supervised way expedited training. This warmup

period occurred for the same number of updates as the first training phase of CT, so each

method started with the same number of supervised updates before pseudo-labeling.
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Details on the hyperparameters are given in Rothenberger and Diochnos [2023].

Table 5.5 shows the results for MCT on all of the possible combinations of views

used. With one exception, the better the performance of the views, the better MCT

performed compared to CT. In nearly all cases in which both views were strong, MCT

performed better than CT. These were also the cases with the highest performance

overall. Comparing CT accuracy on ImageNet 10% (resp. 1%) shown in Table 5.5a

compared to MLP accuracy shown in Table 5.1, CT top-1 accuracy is on average

18.7% (resp. 16.8%) higher than MLP accuracy. The best CT top-1 accuracy was 2.4%

(resp. 1.7%) higher compared to the best top-1 MLP accuracy.

Finally, I took the four views that had the greatest performance and constructed

two views out of them by concatenating them together. One view was constructed as

CLIP | EsViT and the second DINOv2 | SwAV. These were the views used to achieve

the results presented in Table 5.4.

MCT and CT are compared on ImageNet 10% (resp., 1%) in Table 5.4. In both

datasets the null hypothesis can be rejected for all three baselines (CT, DE, and

REACT). The margin of improvement for MCT is small on ImageNet-1%, and although

significant is likely not very meaningful. The margin of improvement for MCT on

ImageNet-10% is closer to 1%, which represents real progress on this challenging task.

5.4.4 Comparison to Ensemble Methods

Ensemble methods are common in practice to boost the performance of supervised

models. To show that MCT provided benefit outside of just adding an additional

model, MCT was compared to a DE of five models for each individual view. In order

to ensure that a competitive comparison was provided a preliminary investigation into

the performance of ensembles in various configurations was conducted. In Table 5.6

is shown the performance of ensembles trained on the individual views. Table 5.6
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Table 5.5: CT, MCT, and ensemble top-1 accuracy of view combinations on 10% (1%)
of ImageNet labels. As CT, MCT and the MLP ensemble do not depend on the order
of the views, only all unique combinations are shown. In the case of the MLP ensemble
these views are concatenated in order to form a larger unified view.

(a) Co-Training

DINOv2 SwAV EsViT CLIP

MAE 81.8 (75.5) 30.5 (11.4) 77.1 (66.2) 78.8 (66.8)
DINOv2 78.5 (74.5) 83.3 (78.9) 85.1 (80.1)
SwAV 70.6 ( 64.9) 75.5 (67.4)
EsViT 82.3 ( 76.9)

(b) Meta Co-Training

DINOv2 SwAV EsViT CLIP

MAE 81.2 (73.8) 37.6 (8.1) 73.6 ( 63.8) 78.6 (63.5)
DINOv2 77.3 ( 70.7) 83.4 (79.2) 85.2 (80.7)
SwAV 74.4 (67.3) 77.1 (67.4)
EsViT 82.4 (77.5)

(c) MLP Ensemble

DINOv2 SwAV EsViT CLIP

MAE 83.0 (78.9) 38.1 (17.9) 75.0 ( 72.1) 79.4 (76.1)
DINOv2 83.7 ( 79.1) 81.2 (78.5) 84.2 (80.0)
SwAV 74.4 (72.5) 81.2 (76.8)
EsViT 78.7 (73.5)

shows the best individual view ensemble across these experiments is produced by the

DINOv2 view. A comparison of ensembles trained on the concatenation of each view

pair is shown in Table 5.5c. In this second set of experiments it can be observed that

view concatenation yielded ensembles that were able to achieve higher accuracy than

any individual view. Motivated by the two previous results, in Table 5.7 is shown a

comparison of the concatenated-view CT and MCT results with a DE trained on the

concatenation of the best four individual views. The results shown in this table use
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the same experimental setup and hypothesis testing described above. The experiments

presented in this table allow us to reject the null hypothesis that DE produces models

whose mean accuracy is greater than or equal to that of MCT on the ImageNet-1% and

ImageNet-10% datasets.

Table 5.6: MLP ensemble performance on individual views. Top-1 accuracy on different
subsets of the ImageNet data are shown.

Model ImageNet-1% ImageNet-10%

MAE 1.7 3.8
DINOv2 79.2 82.8
SwAV 19.7 40.3
EsViT 72.1 75.0
CLIP 76.4 80.8

Table 5.7: Co-training and MCT evaluated on the ImageNet dataset using the CLIP |
EsViT and DINOv2 | SwAV views. The Deep Ensemble is evaluated on the concatenation
of all four views. All three methods are evaluated using 5-fold cross-validation. For all
cross-validation experiments the mean testing accuracy as well as the 95% confidence
interval are given. Results that allow rejection of the null hypothesis for both baselines
are shown in bold.

Method 1% 10%

Deep Ensemble 82.28 ± 0.33 85.75 ± 1.20

CT 82.48 ± 0.13 86.03 ± 0.08

MCT 82.66 ± 0.19 86.82 ± 0.10

5.4.5 Experiments on Additional Computer Vision Benchmarks

To broaden the evaluation beyond ImageNet MCT was compared against CT and existing

SoTA approaches that leverage unlabeled data directly during training (e.g., not just

part of a pretext task) on additional benchmark tasks. In these experiments again the

hypothesis that MCT produces models with a higher mean accuracy over the folds

of cross-validation than the baselines was tested. Again it was assumed for REACT
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and Semi-ViT that the reported accuracy was the population mean. Cross-validation

results for CT and MCT are presented in Tables 5.8 and 5.9. Figure 5.5 provides an

example where CT performed as expected and accuracy increased across CT iterations.

In all but two cases both null hypotheses can be rejected. These experiments provide

further evidence that the primary cause of the failure of CT is that one or more of the

views is sufficient to learn a model that achieves high accuracy. The closer to equivalent

in performance individual views were, the less performance suffered. When the two

views perform similarly and well, the performance improved. The main takeaway from

these additional experiments, MCT was in general more robust to view imbalance than

CT and in almost all cases was significantly better. The performance degradation of

co-training beyond the initial warmup period was unexpected. In Rothenberger and

Diochnos [2023] full details on CT results including charts similar to Figure 5.5 are

provided. Those figures instead exhibit the described degradation.

Table 5.8: Additional comparisons to REACT. The authors include experiments for
zero-shot performance and 10% of available labels. Results shown are for 10% of labels.
For Flowers102 this is 1-shot performance. For all cross-validation experiments the
mean testing accuracy as well as the 95% confidence interval are given. Results that
allow rejection of the null hypothesis for both baselines are shown in bold.

Dataset
Method Flowers102 Food101 FGVCAircraft

REACT (ViT-L) 97.0 85.6 57.1
Co-Training (MLP) 97.2 ± 2.3 91.94 ± 0.29 44.20 ± 1.84

Meta Co-Training (MLP) 99.11 ± 0.34 92.69 ± 0.15 46.71 ± 1.44

5.4.6 Application of Co-Training Methods to Road Condition Classification

Determining whether or not weather conditions are impacting the road surface is an

important part of assessing road safety. With the increasing availability of real-time
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Table 5.9: Additional comparisons to Semi-ViT using 10% (1%) of the available labels
for training. For the iNaturalist only the 1010 most frequent classes were used. For all
cross-validation experiments the mean testing accuracy as well as the 95% confidence
interval are given. Results that allow rejection of the null hypothesis for both baselines
are shown in bold.

Dataset
Method iNaturalist Food101

Semi-ViT (ViT-B) 67.7 (32.3) 84.5 (60.9)
Co-Training (MLP) 73.21 ± 0.38 (32.49 ± 0.78) 91.94 ± 0.29 (87.38 ± 0.40 )
Meta Co-Training (MLP) 73.52 ± 0.34 (39.57 ± 0.53) 92.69 ± 0.15 (91.60 ± 0.67)

data for this domain, it is rapidly becoming infeasible for humans to monitor all sources

at all times. Having the ability to classify conditions on the surface of roads can help

local authorities issue warnings or directives regarding roads that should be avoided,

preferred, or if civilians should be advised not to drive at all. Using a mechanism

that relies on images that are captured in an automated way at periodic intervals is

particularly promising given the success of machine learning methods in computer vision

(CV). Because of the potential impact of such a solution, prior work has investigated

several methods of classifying road surface condition [158, 71, 171, 136, 161, 86, 85, 84,

99, 107, 72, 101, 102, 155, 163, 159, 68, 26, 25, 130, 73]. Most existing approaches rely

on training Convolutional Neural Networks (CNNs) or Vision Transformers (ViTs) in

a supervised way and require a large amount of labeled data to achieve satisfactory

performance. Relying on large amounts of labeled data is problematic because it

introduces a large barrier of time and cost to deploying these solutions across many

camera locations. Typically models trained with data from one location or camera

generalize poorly to new locations or cameras. Real deployment scenarios must allow

for the addition of new camera locations and routine replacement of cameras. In this

study I investigate the ability of semi-supervised learning to reduce the barriers to

deployment by reducing the amount of human effort required for data collection and
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Figure 5.5: The top-1 accuracy of the CT predictions for each iteration of CT. 10% of
available Food101 labels were used for training. The method exhibited performance
improvement over multiple iterations of pseudo-labeling and retraining.

annotation that would otherwise be needed to label images from numerous locations.

Road Surface Classification Practitioners collect and hand-label data to train and

evaluate machine learning models that learn to classify the road surface. These models

can be used to inform transportation workers, and potentially the public, in real-time of

dangerous conditions on the road’s surface. Model generalization is usually poor between

cameras due to a diversity of viewing angles, lighting conditions, and other aspects of a

camera’s view of the road. As a result, this data must be collected and manually labeled

by experts for each location at which the road surface condition will be predicted.

Reducing the number of labels per site required to train an effective model is valuable

because it reduces the effort required to add new camera locations. Fortunately, it is

inexpensive to collect unlabeled instances from each camera. Furthermore, cameras are

often more or less co-located making this an ideal domain in which to apply multi-view
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(a) Dry (b) Snow (c) Wet

(d) Dry (e) Snow (f) Wet

Figure 5.6: Three New York State Department of Transportation (NYSDOT) images
labeled by road surface condition with both of their corresponding views. The images
on the first row are from the camera site whose location in Figure 5.7 is marked with a
heart. Each of the classes in the labeled data are represented for each site. The images
along the second row are from the closest camera location to that site. All labeled
images in the dataset are classified as having a (a, d) dry, (b, e) snowy, or (c, f) wet
road condition.

semi-supervised learning.

A large database of images provided by the New York State Department of Trans-

portation (NYSDOT, https://www.dot.ny.gov/index) from the state of New York

in the United States of America is used. Images from these traffic cameras are pub-

licly available for live viewing at https://511ny.org/. Images are captured from the

camera sites throughout the day in five minute intervals. For this study the database

of images used contains over 100 million images. I automate the task of road surface

condition classification with a semi-supervised classifier. The learning problem involves

a simple three-class classification over the images. A model seeks to classify these

images by the corresponding road surface condition present. As seen in Figure 5.6, the

images are classified as having a Dry, Snow, or Wet road surface condition. Through

semi-supervised learning unlabeled data are utilized in three ways: (i) unlabeled obser-
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vations whose label can be inferred with high probability due to co-location in space and

time to labeled observations are leveraged as multiple views, (ii) unlabeled data points

whose label can be inferred with learned models are used for pseudo-labeling, and (iii)

a similar distribution of instances is leveraged through self-supervised learning to build

a useful representation of the data points for learning. Each of the three methods help

to build inductive biases that allow for learning performant models with few labels.

To take advantage of the data setting I leverage methods of co-training that are

designed to take advantage of two representations of the input signal. The two rep-

resentations used are co-located traffic cameras that view nearby parts of the road

surface. I investigate two co-training algorithms for image classification: Co-Training

(CT) [14] and Meta Co-Training (MCT) [117]. The former is the original method

of co-training proposed by Blum and Mitchell, and the later is the state-of-the-art

co-training method for image classification. Benchmark tasks in machine learning

rarely present the independent views for learning that co-training algorithms require.

Typically co-training algorithms utilize two representations of a single input [108, 117].

My investigation reveals these algorithms, which have been successful on benchmark

tasks, perform well on real-world scenarios in which two views are available.

5.4.6.1 Data

The data is comprised of pairs of images taken from NYSDOT cameras that are less

than a mile apart in Yonkers, New York. A map of the sites in this area is given in

Figure 5.7. Images are captured less than 2.5 minutes apart at 5 minute intervals.

From https://511ny.org/ 192,006 instances have been collected and 4,303 have been

labeled by expert human supervision [138]. For the co-located site, I assume that

the labels for the instances collected at approximately the same time are the same.

Although this may not always be true, I assume that it was true enough for co-training
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methods to provide improvement. The remaining 187,703 instances for each view were

unlabeled. I split the 4,303 examples into five folds of which one fold was reserved for

testing.

Figure 5.7: The camera site whose images have been labeled by human experts is shown
with a heart near the center of the figure. The yellow stars along the perimeter of the
figure depict the five closest sites to the camera with expert labeled images. Note that
there are two camera sites very close to each other on the right-hand side of the figure.
In this particular configuration of camera sites the starred site that is closest to the
heart site, is the one that is shown at the top part of the figure. The distance between
these two sites is slightly less than 0.6 miles. The ground truth labels for this site are
assumed to be similar to those at the heart site since it is unlikely that road conditions
due to weather are hyper-local events. Image from Google Maps [53].

The remaining four folds were divided into 20 shards of approximately equal size and

class distribution. Of each shard 75% of the shard is allocated for validation, and 25%

is allocated for training. This split is atypical for normal supervised learning problems,

but at very low label counts it was harder to assess which version of the model is the

best performing over the course of training. This validation-heavy split is useful because
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#Dry #Wet #Snow

2378 1431 494

Table 5.10: Class frequencies within the labeled data. Minority classes are over-sampled
by the labelers, so this class distribution is not the same as the class distribution for
the unlabeled data.

it makes it possible to discriminate between versions of the model during training. From

these shards 20 label subsets: {subsetk = shard1∪ · · · ∪ shardk : k ∈ {1, . . . , 20}} were

constructed. The size of these label subsets were the label budgets for the experiments

that were used to evaluate the performance of each method as a function of the label

budget. The validation folds were used for model selection. The test set was only

used to compare the different methods after all experiments were performed. When a

shard was not part of the label budget for an experiment its instances were treated as

unlabeled and included in the unlabeled set for training.

(a) Glare (b) Missing (c) Error (d) Fog

Figure 5.8: Four examples of conditions that are present in the unlabeled data that
correspond to input types that are not represented in the labeled training data. Some
conditions only present in the unlabeled data can obscure the road surface making it
impossible to determine its condition.

Class frequencies for the entire labeled set can be found in Table 5.10. The frequency

of each class differs between the labeled and unlabeled data as the wet and snow classes

were over-sampled by the labelers. These conditions occur with far lower frequency than

the dry class in reality, and they also co-vary more strongly with lighting conditions and

time of year. Furthermore, there may be out-of-distribution instances in the unlabeled
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data for which the ground truth class cannot be determined at all. In fact, a brief

manual inspection of a subset of the data that there revealed at least four types of

unlabeled instances that occur in the unlabeled data that do not occur in the labeled

data. In Figure 5.8 these four types of instances are shown. This is perhaps the most

useful and realistic setting for semi-supervised learning. It is inevitable that some

out-of-distribution instances will be present if we cannot afford to inspect and filter all

unlabeled examples. If each of these cases were considered as its own class then the

type of semi-supervised learning being performed would be open-world semi-supervised

learning. There is a body of work that attempts to explicitly address the challenges of

identifying these unknown classes in the unlabeled data, but such an investigation is

left to future work. The semi-supervised methods evaluated in this section have not

been benchmarked using unlabeled data collected “in the wild” with unknown classes.

In Section 3.1 instances in U were described as being drawn from the same distribution

as those in S. The open-world setting relaxes this assumption. One important aspect

of this section’s evaluation is determining whether or not they remain effective in this

more realistic setting.

Data Conditions for Co-Training Blum and Mitchell proved that for co-training to

always perform well it is required that the views used are independent and sufficient [14].

In this case independence is the property that one view of an instance is conditionally

independent of the other given the label. Sufficiency is the property that the label can

be predicted from either view. In prior work, the independence and sufficiency have

been verified when the views are constructed [117], but not when the data collected

organically contains two views [14]. In reality it is unlikely that either of these conditions

are entirely satisfied. Sufficiency is typically not difficult to verify. If a model or human

can be trained to identify the class of an instance from a view then the view must
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be sufficient. Independence on the other hand can be tricky to quantify and identify.

The authors of MCT designed an experiment in Rothenberger and Diochnos [2023]

where they were unable to demonstrate dependence, but were not able to demonstrate

independence. Intuitively, we should not expect the views to be entirely independent

given the label as it seems like lighting conditions like low-light are clearly correlated

with labels like snow and rain. These conditions are sufficient, but not necessary

for co-training algorithms to be successful. These conditions are unlikely ever to be

entirely satisfied, but prior work has demonstrated co-training can still add value. I will

demonstrate that value can be added in the case of road surface classification as well.

5.4.6.2 Experiments

Towards evaluating the performance on co-training algorithms for the task of road

surface classification 5-fold cross-validation was performed each algorithm and model

type on all 20 label subsets defined in Section 5.4.6.1. Each algorithm and a supervised

baseline were evaluated using three types of neural network models: ResNet50, a

classification head on top of a pre-trained ViT, and an ensemble of classification heads

on top of a pre-trained ViT. ResNet50 was chosen as it is likely the most popular

model for image classification. The pre-trained backbone, DINOv2, was trained in

a self-supervised way without any labeled data. This model is a leading method in

self-supervised representation learning, which is commonly used for SSL. Using a learned

representation is a common method of boosting supervised performance in the few-shot

learning setting. For the pre-trained transformer the DINOv2 [24] model was chosen

because Rothenberger and Diochnos [2023] found it to be most effective. Finally, an

ensemble of models learning from a pre-trained representation was selected because

co-training methods assume a calibrated uncertainty estimate, which deep ensemble

methods can offer. For each label susbet and each model type I test the null hypotheses

70



# labels Supervised + Self-Supervised + Co-Training + Meta
Pre-Training Co-Training

45 64.2 91.1 93.3 94.6
90 65.0 93.7 93.9 95.8
135 79.0 94.1 94.4 95.8
180 91.4 94.9 94.8 95.8

Table 5.11: Comparison of the best sample mean accuracies for supervised (SL),
supervised + self supervised, CT, and MCT on the first four label subsets. Sample
mean accuracy increases by applying techniques from self-supervised learning, CT, and
MCT.

that the supervised learning and CT baselines produce models that are on average at

least as accurate as the models trained with MCT. Figure 5.9 shows a summary of the

average gains observed at low label budgets from applying methods from self-supervised

learning and semi-supervised learning. Numeric values used in the graphical comparison

are given in Table 5.11. Table 5.12 shows the experimental results from comparing

all three models and three algorithms for all twenty label subsets and all five folds of

cross-validation. Importantly, the results in this table allow for rejection of the both

null hypotheses for all three models at the lowest three label budgets for MCT. This

gives a strong indication that MCT provides real utility at these low label budgets.

MCT also appears to enable learning of significantly more accurate models at some

higher label budgets, but the difference between the means is very small and likely not

very important.

Co-Training Baseline Experiments In general, the sample mean accuracy of

models trained with CT increases with the label budget. For low label budgets CT

outperformed the supervised baseline for the same model type (see Table 5.12). At

lower label budgets there was complementary benefit of the self-supervised and semi-

supervised learning. Additionally, the ensemble models were more effective than the
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Figure 5.9: The accuracy gained by using methods in combination for the lowest label
budgets. At the lowest label budgets the complementary benefits of the self-supervised
learning and multi-view semi-supervised learning (CT and MCT) are most pronounced.
Table 5.11 has the numeric values.
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individual ones indicating that there was also some complementary benefit to having

an ensemble of models for each view. I chose to test an ensemble because they are often

used to provide more calibrated uncertainty estimates. During the pseudo-labeling step

of co-training the instances are chosen based on model confidence. If this confidence is

well-calibrated then the pseudo-labels are more likely to be similar to the ground truth.

Figure 5.10a shows graphical comparison of the performance of each of the model pairs

used for co-training across all label subsets.

Meta Co-Training Experiments To test the hypothesis that MCT produces more

accurate models than the baselines on the road surface classification tasks I conduct two

hypothesis tests for each model, label subset, and label budget. At each label budget

and for each model type the results of MCT training are compared to the corresponding

models trained via supervised learning and CT. Two one-tailed Welch’s t-tests are

conducted. The null hypotheses are that the mean accuracy of models produced by

the baselines being compared to are greater than or equal to the mean accuracy of

those produced by MCT. In each case I am performing two comparisons, so I apply the

Bonferonni correction to the typical α = 0.05 significance threshold. This correction

results in the significance threshold α = 0.025.

or the three lowest label budgets mean accuracies of MCT models were significantly

higher than CT for all model types (see Table 5.12). At the two lowest label budgets

the MCT models also seemed to benefit from using an ensemble of models for each view.

MCT does not rely on confidence-based pseudo-label selection, so the performance

benefit from ensembling was likely due to the ensemble of models simply being more

effective learners than the individual models. Figure 5.10b shows a graphical comparison

of the performance of each of the model pairs used for meta co-training across all label

subsets.
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The experiments in Table 5.12 showed that the performance of all methods increases

with the number of labels. This is expected as with access to sufficient labels SSL

would not need to be applied to boost supervised performance. The experiments also

showed that MCT remained a high-performer even at higher label budgets. Table 5.12

and Figure 5.10c show that as the label budget increases (for training and validation)

the methods begin to perform more similarly. Above 495 training labels (with 1485

validation labels) the difference between the different training methods becomes fairly

inconsequential. When access to labels is more restricted, MCT provides the most value.

Figure 5.10c shows a graphical comparison of the performance of all models used across

all label subsets.

The experiments also showed that stronger individual models for each view produce

stronger results for the co-training algorithms. The results indicate that co-training

algorithms provide complementary benefits to self-supervised learning. The results also

suggest that co-training algorithms are not a replacement for existing self-supervised

learning algorithms, but rather can be used in combination with existing algorithms

when multiple views are present or can be constructed. Multiple views of nearby road

surfaces exist or the application of road surface classification. These views, which have

the same road surface condition, can be used to reduce the labeling burden through the

application of co-training algorithms.

5.4.6.3 Related Work for Road Surface Classification

Many researchers have applied deep learning to the problem of road surface classification

in prior work. Artificial neural networks have been used to predict safety information

about the road surface from images taken from phone cameras [101], roadside cameras

[130, 1, 98], a combination of the two [102], and even dash cameras [155]. Some

approaches combine other data modalities with camera images such as Road Weather
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Supervised Learning Co-Training Meta Co-Training
ResNet50 DINOv2 DINOv2 ResNet50 DINOv2 DINOv2 ResNet50 DINOv2 DINOv2

# labels Ens. Ens. Ens.

45 64.2 ± 5.8 90.9 ± 1.3 91.1 ± 1.1 67.9 ± 2.2 92.2 ± 1.2 93.3 ± 1.0 85.8 ± 2.5 93.9 ± 0.8 94.6 ± 1.1

90 65.0 ± 4.3 90.4 ± 1.7 93.7 ± 1.8 74.7 ± 2.0 92.5 ± 1.7 93.9 ± 1.4 88.8 ± 2.3 95.2 ± 0.4 95.8 ± 0.5

135 79.0 ± 4.0 94.1 ± 0.8 93.2 ± 1.2 87.0 ± 1.9 94.4 ± 1.1 94.1 ± 1.2 90.1 ± 1.1 95.8 ± 0.4 95.8 ± 0.4

180 91.4 ± 2.3 94.9 ± 0.6 94.3 ± 1.7 91.2 ± 1.6 94.7 ± 0.5 94.8 ± 0.7 90.5 ± 1.6 95.7 ± 0.4 95.8 ± 0.2

225 90.7 ± 1.5 95.6 ± 1.2 94.3 ± 0.8 91.9 ± 1.4 94.9 ± 1.0 94.8 ± 1.0 93.6 ± 0.9 96.4 ± 0.3 95.3 ± 0.6

270 91.8 ± 1.4 95.2 ± 0.7 94.6 ± 0.9 95.2 ± 1.3 95.0 ± 0.5 96.6 ± 0.6 92.1 ± 0.4 94.9 ± 0.5 97.1 ± 0.2

315 93.4 ± 1.9 95.0 ± 0.7 94.9 ± 1.2 94.9 ± 0.5 96.3 ± 0.9 95.6 ± 0.4 94.9 ± 0.4 95.9 ± 0.3 95.8 ± 0.5

360 94.1 ± 1.2 95.2 ± 1.2 92.8 ± 1.5 96.6 ± 0.2 96.2 ± 0.8 96.0 ± 1.0 96.8 ± 0.3 96.0 ± 0.3 97.1 ± 0.3

405 94.7 ± 2.1 94.7 ± 1.4 96.7 ± 1.4 97.1 ± 0.5 96.7 ± 0.6 96.5 ± 1.0 94.8 ± 1.1 96.2 ± 0.7 96.8 ± 0.2

450 97.8 ± 1.4 94.8 ± 0.4 96.4 ± 0.6 97.4 ± 1.5 96.6 ± 0.8 97.4 ± 0.8 96.5 ± 0.5 96.5 ± 0.2 97.5 ± 0.2

495 97.4 ± 0.9 95.9 ± 0.7 95.7 ± 0.8 97.8 ± 0.0 95.9 ± 0.4 95.8 ± 0.6 95.6 ± 0.3 97.4 ± 0.3 98.0 ± 0.2

540 97.9 ± 1.7 95.4 ± 0.5 96.1 ± 0.7 97.7 ± 0.0 97.0 ± 0.3 97.0 ± 0.5 95.6 ± 0.3 97.6 ± 0.4 97.8 ± 0.2

585 95.6 ± 0.5 96.3 ± 1.0 95.5 ± 0.7 96.1 ± 0.5 97.3 ± 0.4 96.0 ± 0.8 96.1 ± 0.6 97.8 ± 0.4 97.4 ± 0.3

630 96.2 ± 1.6 95.9 ± 0.9 96.6 ± 0.7 97.3 ± 0.0 95.5 ± 0.6 96.4 ± 0.6 96.6 ± 0.3 97.4 ± 0.1 97.3 ± 0.2

675 98.0 ± 0.6 96.1 ± 1.1 96.4 ± 0.9 97.1 ± 0.0 97.2 ± 0.7 96.0 ± 0.7 96.7 ± 0.3 97.2 ± 0.3 97.5 ± 0.2

716 97.2 ± 0.7 96.2 ± 1.0 96.7 ± 0.8 97.0 ± 0.0 96.9 ± 0.4 97.2 ± 0.8 97.2 ± 0.2 97.6 ± 0.5 98.4 ± 0.1

761 96.2 ± 1.8 96.6 ± 0.9 96.3 ± 0.8 96.4 ± 0.0 97.5 ± 0.7 97.4 ± 0.5 97.8 ± 0.4 97.3 ± 0.3 98.4 ± 0.1

804 97.4 ± 0.4 97.2 ± 0.8 96.8 ± 0.7 96.5 ± 0.0 97.3 ± 0.7 97.3 ± 0.6 98.3 ± 0.3 97.4 ± 0.1 98.4 ± 0.1

850 97.0 ± 0.9 96.2 ± 0.8 97.0 ± 0.6 97.7 ± 0.0 97.7 ± 0.4 97.5 ± 0.3 98.4 ± 0.6 98.1 ± 0.2 97.9 ± 0.2

861 96.5 ± 0.5 96.7 ± 0.5 97.1 ± 0.4 97.1 ± 0.3 97.9 ± 0.4 97.2 ± 0.3 97.6 ± 0.3 97.6 ± 0.2 98.1 ± 0.3

Table 5.12: Comparison of all three models and three algorithms. For all cross-validation
experiments the mean testing accuracy as well as the 95% confidence interval are given.
Results that allow rejection of the null hypothesis for both baselines are shown in bold.

Information System (RWIS) sensor data [68, 26] and weather data [25, 73]. In some

prior works researchers leverage transfer learning [101, 102, 98] for better performance.

5.5 Conclusion

I proposed MCT, a novel semi-supervised learning algorithm. I showed that MCT

significantly out-performs co-training on the ImageNet-1% and ImageNet-10% datasets.

I showed that MCT achieved significantly better accuracy than a deep ensemble baseline

demonstrating that MCT provides utility beyond what can be attributed to ensembling.

I showed that MCT achieved significantly higher accuracy on several fine-grained image

classification task than competitive baselines.

I presented evidence that self-supervised learned representations are good candidates

as views for co-training. I showed that the views constructed this way likely contain
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(a) Sample mean accuracies of the different
models trained using CT as a function of the
label budget. All model pairs used across all
label subsets for CT are shown.

(b) Sample mean accuracies of the different
models trained using MCT as a function of
the label budget. All model pairs used across
all label subsets for MCT are shown.

(c) Sample mean accuracies of the different
models trained using CT, MCT, and super-
vised learning as a function of the label budget.

Figure 5.10: Comparison of co-training methods’ accuracies as a function of their
training set sizes. Shaded regions indicate 95% confidence intervals.

independent information and that models trained on these views, or concatenation

of these views, can complement each other to produce stronger classifiers. This is

encouraging because it shows that co-training algorithms provide improvement on

top of self-supervised learning that can be realized for any domain on which multiple

self-supervised learning models have been trained.

Even if no self-supervised trained models are available, it may be possible to collect

additional views without any more human labeling effort. In Section 5.4.6 was shown a

case study in which two views for co-training were identified by leveraging knowledge
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of the data domain. For the purpose of this case study I made the assumption that

labels assigned by a human labeler to one view would likely correspond to the same

ground-truth label for the other view. This assumption is important if one cares about

correctly classifying the condition at both views. If only predicting well on the images

from a single camera was important, then even cameras that showed different conditions

on the road surface but that were sufficient to predict the road surface condition of

interest would be useful views.

In Section 5.4 there were cases in which CT achieved higher accuracy than DE with

less models and degenerate pseudo-labeling. CT may have out-performed DE because

constituent models of CT, which are trained on different views, may be naturally more

diverse than those of DE. Investigating the diversity of the ensemble models for DE

and the view models for CT was out of scope for this chapter, but is an interesting

question for future work. This diversity is unlikely to be constant for CT and MCT

over the course of training as the models are learning from each-other and gradually

learning to predict more similarly. Investigating the dependence or independence of

the individual models for CT and MCT over the course of training is an interesting

direction for understanding the training dynamics of these methods.
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Chapter 6

Policy Gradient Pseudo-Labeling

Access to high-quality labeled data is often limited or expensive while unlabeled data are

plentiful and cheap. Semi-supervised learning algorithms, which improve generalization

from few labeled data, have become increasingly popular. Prior work has demonstrated

that pseudo-labeling based methods are among the strongest algorithms for semi-

supervised learning. Of particular interest are emerging approaches that leverage

reinforcement learning to assign useful pseudo-labels. Existing approaches, however,

use only batch-level rewards that fail to capture the relative utility of individual pseudo-

labels within a batch. I present a novel algorithm for semi-supervised learning that

leverages reinforcement learning to assign productive pseudo-labels. My algorithm

computes an example-level reward associated with assigning a pseudo-label to an

unlabeled instance based on the pseudo-labeled example’s contribution to the learning

process. This example-level reward attribution allows my models to learn which pseudo-

labels it should assign to unlabeled data to improve accuracy on limited labeled data. I

experimentally validate my approach on a wide range of semi-supervised benchmark

datasets.

6.1 Chapter Introduction

Semi-supervised learning (SSL) has emerged as an important area of machine learning

research. The field of semi-supervised learning makes use of unlabeled instances to boost

the performance of models that learn from limited supervision, effectively reducing

the necessary human effort for labeling. The rise of SSL is motivated by the relative

difficulty of gaining access to large amounts of high-quality labeled data. In contrast

to the difficulty of acquiring labeled data, unlabeled data are relatively inexpensive
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to gather and store. The value of SSL is particularly pronounced in the context of

computer vision (CV) when manual human effort is typically required to assign labels.

Many algorithms for SSL have been developed for utilizing available unlabeled data

to improve generalization of models trained using limited supervision. There are several

different approaches to semi-supervised learning such as pseudo-labeling-based methods

[83, 14], self-supervised learning methods [109, 100], and consistency regularization

methods [156, 12]. Of particular interest to us in this work are pseudo-labeling based

methods. Recent advances in pseudo-labeling algorithms for semi-supervised learning

have focused on optimizing pseudo-label assignments through bi-level optimization or

reinforcement learning (RL) [105, 117, 60, 61]. These algorithms seek to improve the

predictions they make on labeled data by optimizing the labels they assign on unlabeled

data.

Although many algorithms for SSL have been developed, achieving strong gener-

alization in the presence of limited labeled data remains a challenging problem. One

exciting direction for pseudo-labeling algorithm development has been to utilize RL to

improve pseudo-label assignments. In this paper I demonstrate that several existing

approaches either are explicitly described as, or can be interpreted as, RL. In all such

cases, RL has been employed to improve the assignment of pseudo-labels to unlabeled

data. I will show that even though algorithms for RL-based pseudo-labeling have been

proposed in prior work, their respective reward functions do not capture the utility of an

individual pseudo-labeled example to the learning process. Existing RL algorithms for

pseudo-labeling do not model the individual value of each pseudo-labeled example as the

marginal contribution of that example to the reduction in loss. To address this gap, I

propose policy gradient pseudo-labeling (PGPL). PGPL is a novel policy-gradient-based

pseudo-labeling method for semi-supervised learning that incorporates example-level

rewards. These example-level rewards reflect the marginal reduction in loss associated
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with assigning a pseudo-label to an unlabeled instance. I conduct experiments on

the ImageNet-1% and ImageNet-10% datasets to evaluate the performance of my ap-

proach. The experiments show that my approach has complementary value to existing

self-supervised learning work. I achieve new state-of-the-art top-1 accuracy on both

benchmark tasks.

Chapter Contributions

• I introduce PGPL, a new algorithm for semi-supervised learning based on rein-

forcement learning.

• I experimentally evaluate my approach on a wide range of semi-supervised bench-

mark datasets.

• I release an implementation of my algorithm to aid future algorithm development

and research.

6.2 Pseudo-Label Assignment as RL

First, I will show that the meta pseudo labels (MPL) [105] method corresponds to a

specific formulation of RL for pseudo-labeling. It will follow that meta co-training

(MCT) [117] also corresponds to a similar RL formulation. Subsequently, I will ad-

dress the RL formulation of reinforcement learning-guided semi-supervised learning

(RLGSSL) [61]. Through my discussion I will identify ways in which these RL for SSL

formulations can be improved. These potential improvements will motivate my method,

which I discuss in the following section.

6.2.1 MPL and MCT as RL

Consider MPL as an example. In MPL a teacher and a student are jointly optimized to

produce a student that achieves low loss on some held-out dataset. This is achieved by

the teacher providing pseudo-labels to the student, observing the change in performance
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of that student, and then learning to make better pseudo-labels using this feedback.

At the lower level (Equation 6.2) of the optimization the student parameters θS are

optimized as a function of the teacher parameters θT . Given a pseudo-labeled batch of

unlabeled instances, the student is optimized to predict the pseudo-labels well given

the unlabeled instances:

Lstudent(fθS
; U) = 1

m

n+m∑
j=n+1

`(fθS
(xj),Y ∼ fθT

(xj)) , and (6.1)

θ′
S ∈ arg minθS

Lstudent (fθS
; (U, )) . (6.2)

At the upper level (Equation 6.3) the teacher parameters are optimized to improve the

student:

θ′
T ∈ arg minθT

L
(
fθ′

S
; L
)

. (6.3)

Rather than computing the expensive argmin in Equation 6.2, Pham et al. [2021]

resort to a single update of stochastic gradient descent. The resulting teacher loss at

each iteration is

Lteacher(fθT
; U) = h · 1

m

n+m∑
j=n+1

CE(fθT
(xj),Y ∼ fθT

(xj)) (6.4)

with h a scalar:

h =
〈
∇θ′

S
L(fθ′

S
; L)T ,∇θS

Lstudent(fθS
; U)

〉
. (6.5)

Here the angle brackets < ·, · > denote the inner product. The bi-level optimization

of this objective proceeds as iterations of gradient descent on the student and teacher

objectives. The student model is the product of the optimization and the teacher is

discarded. The h term is expensive to compute for large student networks, so the authors

resort to the first-order Taylor approximation of h, which is the negative difference in
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loss achieved by the student step ĥ = L(fθS
; L)− L(fθ′

S
; L).

Now let us consider an episodic reinforcement learning setting in which an agent

parameterized by θ following a policy πθ must maximize expected reward E[∑T
i=1 ri].

Consider episodes with length only T = 1; e.g., the agent takes only one action (such

as predicting a pseudo-label) in each episode and receives a single reward. Assume that

the agent starts in a random starting state s1 ∈ S and can take one of a discrete set

of actions a ∈ A. By applying the policy gradient theorem to maximize the reward, I

follow the gradient

∇θE[
T∑
i=1

ri] = r1 · E[∇θlog πθ(a|s1)]. (6.6)

Let the result of taking action a be to predict a hard pseudo-label of some class

for an unlabeled instance u. Let the environment step result in a gradient update

on another model (the student). The environment provides reward r1, which is the

negative difference in loss of the student ĥ. It follows that in such an RL setting

maximizing the reward of such a labeling policy (teacher) would be equivalent to

minimizing Equation 6.4;

−∇θE[
T∑
i=1

ri] = −r1 · E[∇θlog πθ(a|s1)],

= r1 · E[∇θCE(πθ(s1), a)], and

= ĥ · E[∇θCE(fθ(u), ŷu)].

Thus, I have shown that the MPL teacher is equivalent to optimizing a policy in the

above reinforcement learning setting. I find that MPL can be understood as using RL

to optimize pseudo-labels assigned by the teacher to maximize the reduction in student

loss. Because MCT uses the same teacher loss as MPL for both of its constituent models

it follows directly that MCT corresponds to a similar RL formulation.
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In the RL formulation for MPL the reward is ĥ, a scalar function of a set of

pseudo-labeled examples. ĥ represents the reduction in loss associated with a batch of

pseudo-labeled examples. The MPL reward function captures the marginal reduction

of loss associated with a batch but not with an individual example.

6.2.2 RLGSSL

RLGSSL is formulated directly as an RL for SSL algorithm. RLGSSL adopts a

deterministic policy approach rather than the stochastic one of MPL and MCT. For

a state s = (X, Y ∼ L(1), U ∼ U(1)) and action a = fθ(U) the reward for RLGSSL is

defined as follows:

Xm = µX + (1− µU), (6.7)

Y m = µY + (1− µfθ(U)), and (6.8)

R(s, a) = − 1
C · |Xm|

k∑
i=1
‖fθ(Xm)− Y m‖2

2, (6.9)

where C is the number of classes and µ ∼ Beta(α, β) with α and β being hyperparame-

ters.

The RLGSSL reward is a scalar function of a set of labeled examples and a set

of pseudo-labeled examples. The RLGSSL reward is designed to be a proxy for the

generalization of the model providing the pseudo-labels. The heuristic used to measure

how well the model generalizes is the model’s mean squared error on MixUp [172]

examples created from labeled and pseudo-labeled. Because this reward function is

computed as an average over the batch it does not capture the marginal contribution

of each pseudo-label action. Because it is a heuristic for generalization ability of the

model, it also does not exactly capture the value of each pseudo-label to the learning

process.
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6.2.3 Drawbacks of Existing RL for SSL Algorithms

As shown above, existing RL for SSL methods utilize only a scalar, batch-level reward.

This batch-level reward does not effectively capture the individual reward that should

be associated with each pseudo-label. This batch-level reward is equivalent to assigning

every element in the batch the same reward. Importantly, not all pseudo-labels will

contribute equally in every batch. To see this, one only need consider a case when one

pseudo-label in the batch incurs minimal loss because it is identical to the prediction

the learner would have made. This pseudo-label can only have zero reward while any

other pseudo-label in the batch that is not identical to the learner’s prediction must

have non-zero reward. The ratio between the rewards of these two pseudo-labels could

not have greater magnitude (it is infinite), yet existing algorithms assign both examples

the same reward! Furthermore, I cannot resort to a batch size of 1. In this case the

scalar reward for each batch would apply to only one action, but this does not capture

the dependence of the learner’s performance on multiple elements in the batch. In order

to provide an effective signal for learning a batch must be large enough to represent

the properties of the distribution from which it is drawn. The utility of a particular

pseudo-label to learning is dependent on the pseudo-labels assigned to other instances.

Batch size and composition matter when determining the reward associated with a

pseudo-label.

In summary, the batch-level reward is insufficient to capture the reward signal for

individual pseudo-labels. In the latter case, when the batch-level and example-level

rewards are the same, I still are not satisfied because the reward is not practically

meaningful. Furthermore, RLGSSL does not assign reward based on the reduction

in loss associated with assigning a pseudo-label to an unlabeled instance. In light of

these drawbacks there is significant room for improvement in RL for SSL algorithms.
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Figure 6.1: An overview of my proposed PGPL method. Both models function as
student and teacher. As a student, each model learns from the joint pseudo-label
of the two models Ŷ . As a teacher, each model learns using Lrl to produce better
pseudo-labels.

In the next section I discuss my proposed method of RL for SSL that addresses these

drawbacks.

6.3 Method

In this section I present my method PGPL. Similar to prior RL for SSL work [105,

117, 61], my algorithm operates within a student-teacher framework. I formulate my

algorithm as a stochastic policy gradient optimization. Unlike prior work, I compute

example-level rewards that capture the marginal reduction in loss of the student network

attributable to the action of the teacher network. A graphical overview is presented in

Figure 6.1. The remainder of this section details the elements of my approach.

6.3.1 Student-teacher Framework

Many recent algorithms in SSL employ student-teacher frameworks [105, 117, 61].

Previous work has highlighted the benefits of student-teacher frameworks in terms of
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the stability of their optimization and strong generalization [141, 176, 157]. Recent work

in semi-supervised learning [117] has highlighted the effectiveness of student-teacher

frameworks in which both models act as both student and teacher. Algorithms that

utilize student-teacher relationships in this way are referred to as co-training algorithms.

Co-training-style algorithms work by taking advantage of differences between models

trained on independent input spaces (commonly referred to as views). Motivated by the

recent success of MCT, I use a student and a teacher each trained on different views

rather than a mean teacher. Unlike prior co-training algorithms, I use the average of

the student and teacher models predictions as the target for the student. The choice

to use to co-prediction as the target for the student is motivated by the insight that

the co-prediction was demonstrated to be more accurate than either model’s prediction

in [117] for MCT and co-training (CT) [14].

My student-teacher framework yields the following student loss terms:

L(1)
student = L

(
fθ1 ; (U(1),

fθ1(U(1)) + fθ2(U(2))
2 )

)
, and (6.10)

L(2)
student = L

(
fθ2 ; (U(2),

fθ1(U(1)) + fθ2(U(2))
2 )

)
. (6.11)

The student for each view learns from its teacher replicating its predictions on the

unlabeled instances.

6.3.2 Example-level Reward Calculation

The observations in Section 6.2 highlighted the need for a function that assigns a reward

to each example in a batch representing the marginal contribution of that example. I

define the reward R(uj, ŷj) for a pseudo-label ŷj and unlabeled instance uj to be the

marginal contribution to reduction in loss of a student model over all pseudo-labeled
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batches containing (uj, ŷj). This yields

R(uj, ŷj) = 1(
|U|−1
k

) ∑
U⊆U\{u}

|U |=k

[
v(U ∪ {uj}, Ŷ ∪ {ŷj})− v(U, Ŷ )

]
, (6.12)

where

v(U, Ŷ ) = L(fθ; L)− L(fθ−η·∇θLstudent(fθ;U); L) (6.13)

is the change in loss L(fθ, L) over a gradient step on an unlabeled batch U and pseudo

labels Ŷ . Computing the reward exactly would require
(

|U |
k

)
gradient updates and is

clearly impractical. In this form R(uj, ŷj) closely resembles the Shapley value of the

pseudo-labeled example towards the reduction of the loss of the student for all batches

of size k. Inspired by the effectiveness of kernel SHAP [90] I approximate R(uj, ŷj) using

a least-squares regression. I present my algorithm for approximating the example-level

rewards in Algorithm 2.

In Algorithm 2 my strategy is to estimate the marginal contributions r(i) using

linear least squares. First, N random subsets of U of size m are drawn. A matrix of

N rows and |U (i)| columns is constructed such that membership of the jth example in

the nth subset of the unlabeled batch U (i) is represented by Mn,j = 1. A gradient step

is performed for each subset along with their pseudo-labels as shown in line 11. The

resulting change in loss on the labeled set is recorded for each such subset in the vector

δ. Finally, the approximation for r(i) is simply the minimizer of ||Mr(i) − δ||.

6.3.3 Reinforcement Learning Formulation

Because both approaches involve the application of RL, one might naturally assume that

my application of RL and that of RLGSSL are similar. Contrary to that intuition, the

way in which I leverage RL is actually quite different. In PGPL RL is used to maximize
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Algorithm 2 Reward Estimation (RE)
1: Input: f (i), θi, U (i), A(i), L(i), N, m < |U (i)|
2: Initialize δ ← 0m
3: Initialize membership mask M ← 0N×|U(i)|

4: for step n ∈ {1 . . . N} do
5: Generate a random subset S ⊆ {1, 2, . . . , |U (i)|} such that |S| = m
6: for each j ∈ S do
7: Set Mn,j ← 1 {Update membership mask}
8: end for
9: U, Y ← {U (i)

j |Mn,j = 1}, {A(i)
j |Mn,j = 1}

10: {Update weights based on select pseudo-labels}
11: θ′

i ← θi − η · ∇θi
L(f (i)

θi
; (U, Y ))

12: {Compute the change in loss from the weight update}
13: δi ← L(f (i)

θi
; L(i))− L(f (i)

θ′
i

; L(i))
14: end for
15: {Estimate example-level rewards}
16: r(i) ← (MTM)+MT δ
17: return r(i)

the value of pseudo-labels, but in RLGSSL RL is used to align model predictions with

mixup targets.

I formulate the SSL problem as a simple episodic RL problem. An agent policy πθ

is trained to maximize an expected reward over trajectories of length 1:

E[
1∑
i=1

R(si, a ∼ πθ(s0))] = E[R(s0, a ∼ πθ(s0))], and

= E[R(uj, ŷj)].

The agent observes only one state, takes one action, and receives one reward. The policy

is the teacher model fθ in my framework. The state corresponds to a single unlabeled

instance u. The action is a pseudo-label assigned to u sampled from ŷj ∼ πθ(u) = fθ(u).

To compute the reward, the environment estimates the marginal contribution of each

pseudo-labeled example to the reduction in the student’s loss on the labeled data.

88



Applying the policy gradient theorem I get the following RL loss term:

Lrl =
〈
r, log(πθ(Ŷ |U))

〉
, (6.14)

Where U is a batch of unlabeled instances, Ŷ are the pseudo-labels sampled from

πθ(U), and r is the vector containing the rewards for each pseudo-labeled example.

Because models act as both student and teacher within my student-teacher framework,

the above RL loss is applied to both models. Writing the loss for each view’s model

I get: L(1)
rl =

〈
r(1), log(πθ1(Ŷ |U (1)))

〉
and L(2)

rl =
〈
r(2), log(πθ2(Ŷ |U (2)))

〉
. Each model

effectively learns which predictions improve the other model. This objective has

additional utility in the context of a co-training algorithm. Co-training algorithms

derive their benefit from the independence between the two participant models [14].

Predictions that improve the student must necessarily not be predictions that the

student would have made. By learning in this way the teacher is trained to predict

more accurately, but also differently from the student. Through RL I are able to extend

the usefulness of the co-training framework.

The full algorithm for my method is presented in Algorithm 3. The procedure begins

by computing the average of the two soft labels predicted by each model. These are the

pseudo labels that are used to compute the student losses and for reward estimation.

The next step is the computation of the student loss, which facilitates the transfer

of knowledge between models. This computation occurs on lines 8-9. On lines 14-15

the rewards associated with the pseudo-labels are computed in the manner described

above. Subsequently the RL loss is computed on lines 16-17. Finally, on lines 22-23 the

weights of the network are updated to minimize a combined objective. In addition to

the student loss Lstudent and the RL loss Lrl I include a supervised loss term Lsup. to

expedite convergence.
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Algorithm 3 Policy Gradient Pseudo-Labeling (PGPL)
1: Input: L(1), L(2), U, f (1), f (2), θ1, θ2, T , `, η, N , m, λ1, λ2
2: for step t ∈ {1 . . . T} do
3: U (1), U (2) ∼ U
4: Ŷ (1) ← f

(1)
θ1 (U (1))

5: Ŷ (2) ← f
(2)
θ2 (U (2))

6: Ŷ ← Ŷ (1)+Ŷ (2)

2
7: {Compute the student losses}
8: L(1)

student ← L(fθ1 ; (U(1),
fθ1 (U(1))+fθ2 (U(2))

2 )
9: L(2)

student ← L(fθ2 ; (U(2),
fθ1 (U(1))+fθ2 (U(2))

2 ))
10: X(1), Y (1) ∼ L(1)

11: X(2), Y (2) ∼ L(2)

12: {Compute the RL losses}
13: A(1) ∼ Ŷ , A(2) ∼ Ŷ
14: r(1) ← RE(f (2), θ2, U (2), A(2), (X(2), Y (2)), N, m)
15: r(2) ← RE(f (1), θ1, U (1), A(1), (X(1), Y (1)), N, m)
16: L(1)

rl ←
〈
r(1), log(π(1)

θ1 (A(1)|U (1)))
〉

17: L(2)
rl ←

〈
r(2), log(π(2)

θ2 (A(2)|U (2)))
〉

18: {Compute the supervised losses}
19: L(1)

sup. ← L(f (1)
θ1 ; (X(1), Y (1)))

20: L(2)
sup. ← L(f (2)

θ2 ; (X(2), Y (2)))
21: {Update weights using SGD}
22: θ1 ← θ1 − η · ∇θ1(L(1)

sup. + λ1L(1)
student + λ2L(1)

rl )
23: θ2 ← θ2 − η · ∇θ2(L(2)

sup. + λ1L(2)
student + λ2L(2)

rl )
24: end for

6.4 Experiments

In order to validate the effectiveness of PGPL I conduct 5-fold cross-validation experi-

ments on a range of popular and challenging benchmark datasets for image classification:

CIFAR-10 [79], CIFAR-100 [79], STL-10 [34], Food101 [16], iNaturalist 2021 [63], and

the ImageNet dataset. These datasets cover a large range of image resolutions and

dataset sizes. I reserved one fold for validation, which is used for model selection, and

another for testing. The remaining three folds are used for the training and unlabeled

sets. Accuracy reported in this section is testing accuracy. Cross-validation is used
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Table 6.1: Experimental comparisons on the Food101, and STL-10 datasets. For all
cross-validation experiments the mean testing accuracy as well as the 95% confidence
interval are given. Results that allow rejection of the null hypothesis for both baselines
are shown in bold.

Dataset
Method Food101 STL-10

# labels / class 1 3 5 10 1 3 5 10

CT [14] 77.2 90.5 93.1 94.7 75.4 96.8 98.9 99.6
MixMatch [12] 70.3 87.3 92.2 94.5 83.4 96.9 98.6 99.4
FixMatch [133] 85.3 92.1 94.0 95.0 87.1 99.1 99.4 99.5
FlexMatch [170] 71.2 88.4 92.2 94.4 86.2 97.4 99.1 99.4
MCT [117] 83.31 ± 2.96 93.43 ± 0.52 94.31 ± 0.21 94.43 ± 0.32 72.64 ± 23.40 99.47 ± 0.49 99.04 ± 1.59 99.77 ± 0.15

RLGSSL [61] 62.10 ± 2.91 81.18 ± 0.80 84.23 ± 0.77 87.44 ± 0.20 46.56 ± 4.96 75.07 ± 1.62 82.49 ± 2.44 90.23 ± 1.47

PGPL 84.63 ± 2.74 93.86 ± 0.49 94.18 ± 0.23 94.37 ± 0.34 86.86 ± 9.41 99.43 ± 0.68 99.45 ± 0.79 99.73 ± 0.14

Table 6.2: Experimental comparisons on the iNaturalist 2021 dataset. For iNaturalist
2021 only the 1010 most frequent classes were used. For all cross-validation experiments
the mean testing accuracy as well as the 95% confidence interval are given. Results
that allow rejection of the null hypothesis for both baselines are shown in bold.

iNaturalist
Examples per class 1 3 5 10

CT 24.2 47.2 59.2 70.5
CT (single) 22.8 43.6 52.4 63.1
MixMatch 24.6 36.6 42.6 50.3
FixMatch 24.0 40.8 48.9 58.6
FlexMatch 23.5 34.1 38.3 43.0
MCT 19.81 ± 0.92 40.61 ± 1.10 53.99 ± 0.96 68.80 ± 0.43

RLGSSL 20.70 ± 1.65 38.74 ± 1.18 47.40 ± 0.22 60.27 ± 0.62

PGPL 27.64 ± 0.36 52.96 ± 0.88 64.29 ± 0.32 74.67 ± 0.19

to create a sample of model performances for PGPL as well as MCT and RLGSSL

baselines. To test the hypothesis that PGPL produces more accurate models than the

MCT and RLGSSL baselines I conduct two hypothesis tests for each dataset and label

budget. These are one-tailed Welch’s t-tests as the variances of the tested populations

are often unequal. The null hypothesis is that the mean accuracy of models produced

by the baseline being compared to is greater than or equal to the mean accuracy of

those produced by PGPL. In each case two comparisons were performed, so I apply the
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Table 6.3: Experimental comparisons on the CIFAR-10 and CIFAR-100 datasets. For
all cross-validation experiments the mean testing accuracy as well as the 95% confidence
interval are given. Results that allow rejection of the null hypothesis for both baselines
are shown in bold.

Dataset
Method CIFAR-10 CIFAR-100

# labels / class 1 3 5 10 1 3 5 10

CT [14] 71.5 94.5 96.9 97.7 64.7 82.2 85.0 87.6
MixMatch [12] 69.8 89.9 93.0 94.5 46.6 64.8 71.4 75.3
FixMatch [133] 84.0 93.4 94.3 94.1 51.6 68.6 74.0 77.7
FlexMatch [170] 82.0 91.9 93.9 94.6 48.6 66.1 71.5 74.5
MCT [117] 78.67 ± 17.65 98.35 ± 1.88 98.97 ± 0.21 99.02 ± 0.12 63.31 ± 6.31 85.94 ± 1.81 88.06 ± 0.62 89.38 ± 0.25

RLGSSL [61] 62.34 ± 4.81 83.15 ± 1.21 89.41 ± 1.53 94.35 ± 0.83 51.99 ± 2.84 74.17 ± 1.35 79.19 ± 0.69 84.66 ± 0.50

PGPL 88.24 ± 9.07 98.47 ± 1.84 99.13 ± 0.05 99.10 ± 0.09 78.73 ± 2.82 87.56 ± 0.83 88.85 ± 0.29 89.57 ± 0.36

Bonferonni correction to the typical 0.05 significance threshold to obtain the threshold

α = 0.025.

I conducted experiments on each of the first five datasets using 1, 3, 5, and 10

examples per class. As is typical when evaluating semi-supervised learning methods, I

sampled an equal number of examples from the training folds for each class to form

the labeled set and treated the rest of the data as unlabeled. For STL-10 an unlabeled

set is available, so in addition to the training examples that are not selected to be

labeled I used the provided unlabeled set as unlabeled data. To highlight the scalability

of my method I compared against existing state-of-the-art semi-supervised learning

algorithms using the ImageNet-1% and ImageNet-10% splits. In all of my experiments

I use the same model, a frozen ViT-L backbone with a trainable MLP head following

the example of Rothenberger and Diochnos. The backbone used is either SigLIP 2

or DINOv3 (whichever produced higher validation accuracy as a view for co-training)

or both in the case of co-training algorithms. To further ensure a fair comparison all

models are trained with the same batch size, for the same number of gradient steps,

and limited to at most 48 hours of wall clock time on an RTX 4090 GPU.

For each dataset and labeled budget I include the performance of popular methods

for semi-supervised learning from prior work. I will conduct not statistical comparison
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Table 6.4: Performance of different methods compared on the ImageNet-1% and
ImageNet-10% benchmarks. Self-supervised models used for semi-supervised learning
appear on the upper half of the table. Models on the lower half of the table use labeled
and unlabeled data during classification training. For all cross-validation experiments
the mean testing accuracy as well as the 95% confidence interval are given. Results
that allow rejection of the null hypothesis for both baselines are shown in bold.

Method Model ImageNet-1% ImageNet-10%

EsViT [87] Swin-B, W=14 69.1 74.4
MAE [59] ViT-L 23.4 48.5
CLIP [109] ViT-L 80.5 84.7

DINOv2 [100] ViT-L 78.1 82.9
SimCLRv2 [33] ResNet152-w2d 74.2 79.4

SwAV [23] ResNet50-w4 53.9 70.2
SigLIP 2 [143] ViT-L 82.5 85.3
DINOv3 [129] ViT-L 80.7 84.9
UDA [156] ResNet50 - 68.78

FixMatch [133] ResNet50 - 71.46
MPL [105] EfficientNet-B6-Wide - 73.9

Semi-ViT + Self-training [21] ViT-L 77.3 83.3
REACT [88] ViT-L 81.6 85.1
DHO [70] ViT-L 84.6 85.9

Co-Training [14] ViT-L×2 84.1 85.5
Meta Co-Training [117] ViT-L×2 86.13 ± 0.15 89.05 ± 0.11

RLGSSL [61] ViT-L 81.94 ± 0.21 86.33 ± 0.05

PGPL - ours ViT-L×2 86.61 ± 0.13 88.95 ± 0.09

to these methods. I only include them to give an informal illustration of how methods

not inspired by RL perform in the same setting.

From the experiments shown in Table 6.2 both null hypotheses can be rejected for

all four labeled budgets. The iNaturalist is a particularly difficult dataset, and it has

the largest number of classes of all of the datasets tested. It is in this setting that PGPL

has the greatest advantage over prior methods. In Table 6.1 and Table 6.3 I observed

that some existing popular benchmark datasets had already become saturated with

five examples per task. While the sample mean accuracy for PGPL for the one-shot

experiments on CIFAR-10 and STL-10 are much higher than the baselines the null
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hypothesis cannot be rejected for the MCT comparison in both cases. Beyond the

one-shot case for these two datasets it should be noted that the accuracies of the models

are very saturated and the assumption that they are normally distributed is unrealistic.

This can be seen when some of the confidence intervals include 100% accuracy. Again

it is in the more challenging case of CIFAR-100 with only 1, 3, and 5 labels that

PGPL produces significantly more accurate models. These experiments highlight the

effectiveness of PGPL in the most difficult settings for SSL.

Comparisons on ImageNet Similarly to the experiments performed above, 5-fold

cross-validation is used to create a sample of model performances for PGPL as well

as the MCT and RLGSSL baselines on ImageNet. To test the hypothesis that PGPL

produces more accurate models than the MCT and RLGSSL baselines on ImageNet I

conduct two hypothesis tests for each label budget. These are one-tailed Welch’s t-tests

as the variances of the tested populations are unequal. The null hypothesis is that the

mean accuracy of models produced by the baseline being compared to is greater than or

equal to the mean accuracy of those produced by PGPL. In each case two comparisons

were performed, so I apply the Bonferonni correction to the typical 0.05 significance

threshold to obtain the threshold α = 0.025.

In Table 6.4 are given a several results from several prior works to illustrate state-of-

the-art accuracy for this task. The last three rows of the table show the results from the

cross-validation experiments conducted to compare PGPL to MCT and RLGSSL. From

the results shown in Table 6.4 it can be observed that the null hypothesis can be rejected

for the ImageNet-1% benchmark. On the ImageNet-10% benchmark PGPL produces

significantly higher mean accuracy than RLGSSL, but not MCT. PGPL provides the

largest benefit over prior methods in the more difficult setting for semi-supervised

learning. In this experiment, with expanded access to labeled data its advantage
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becomes less pronounced.

6.5 Conclusion

I proposed a novel method for learning pseudo-label assignment using reinforcement

learning. PGPL overcomes key drawbacks of existing RL for SSL algorithms. PGPL

estimates example-level rewards rather than batch-level rewards allowing it to differenti-

ate between the quality of pseudo-labeled examples within a batch. Furthermore, PGPL

estimates the reward of a pseudo-labeled example as its marginal contribution to the

reduction in loss of a student model. PGPL highlights the value of pseudo-labels not as

their proximity to the ground truth, or the extent to which they represent a heuristic of

generalization, but rather as a tool for optimizing a model. What differentiates PGPL

from prior SSL work is the explicit use of pseudo-labels outside of their traditional

context as weak supervision. Encouragingly, PGPL provides the most advantage over

prior work when it had access to the least supervision. The results of my experiments

demonstrate that RL for SSL is an exciting avenue of research that has the potential to

further reduce the need for large labeled datasets.

6.6 Future Work

In this paper I utilize a bare-bones method of RL, but many algorithms have been

developed for RL. One exciting avenue for future investigation is incorporating insights

from algorithms such as proximal policy optimization (PPO) [123] to enhance sample-

efficiency or speed of convergence. PPO is just one example of the many algorithms

for RL, and as the field continues to develop there are sure to be even more. I see

integrating SSL and RL as a promising direction for future work.
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Chapter 7

Explaining Image Classification with Localized Additive Explana-

tions

7.1 Chapter Introduction

Machine learning has been a huge success story with machine learning algorithms’

predictions widely used either directly or to inform human experts for downstream

tasks; e.g., predicting recidivism [44], deciding on college admissions [35], and others. In

this context it becomes essential to provide ‘explanations’ for machine learning models’

predictions. Hence, an important pillar for ‘trustworthy machine learning’ is that of

‘explainability;’ a field that falls under the broader umbrella of eXplainable Artificial

Intelligence (XAI) [6, 36, 20]. Providing explanations provides benefits including, but

not limited to, promoting trust, allowing for accountability of algorithms, and causality

that highlights input-output relationships. In this context, unsurprisingly, a lot of effort

is devoted to create methods whereby predictions of machine learning models can be

explained.

When the learned models are not interpretable by design, providing explanations can

be a challenge. For example, linear combinations of features have been used widely, from

perceptrons to logistic and linear regression. It is easy to understand such weighted sums

and the influence of individual attributes to the prediction. However, when many such

modules are combined to form artificial neural networks (ANNs), the input attributes

contribute in delicate, difficult to express, ways to the final output. Hence, there is a

trade-off between performant models and explainability [111]. LAX seeks to improve

on prior work providing explanations to classification tasks made by ANNs.
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Chapter Contributions Typical ANNs for image classification leverage convolu-

tional or attention mechanisms to extract features by interleaving these mechanisms

with downsampling steps and eventually producing a probability vector. I propose a

fundamentally different way of solving the image classification task by forcing the model

to produce an output of the same spatial dimension of the image. This output is used

to create a pseudo-label whose probabilities are proportional to the area indicated for

each class. Furthermore, if the indicated region for a class were to be removed then the

pseudo-label will reflect this change by reducing its predicted probability for that class.

In this way the proposed method creates explanations that represent a property of the

pseudo-label.

A Localized Additive eXplanations (LAX) ANN has three outputs used to assess its

performance:

• the probability vector output of a traditional ANN for classification,

• the output when the evidence the model identifies the predicted class of the image

has been masked, and

• the output when all the model-identified class-relevant pixels are masked.

The first output is subject to supervision using the class labels. The other two

outputs are designed to assess the ability of the model to segment the evidence it

used to make its classification. Fundamentally ground-truth labels for the masks are

unavailable, so the other two model outputs are used to achieve a good mask in a

self-supervised manner. To identify class-relevant pixels the model effectively generates

an ‘occlusion mask’ during its prediction step that serves as an explanation of the

prediction. This explanation can be verified for correctness using only model outputs,

and requires no external evaluation of the model. By incorporating the explanation in

the prediction step, LAX is hundreds of times faster than comparable XAI methods.
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Figure 7.1: Examples from the Cats and Dogs dataset. The LAX explanation is shown
in the middle column. The last column shows the explanation overlaid on top of the
input image. The probability assigned by the model to each one of the two classes is
shown on the right.

LAX provides explanations that are ‘localized,’ i.e., identifying the position in the

image used for predicting a class, and ‘additive,’ e.g., in the examples shown in Figure 7.1

the area of the prediction mask belonging to a certain color is directly proportional to

the probability of that class.

7.2 Related Work

Modern ANNs are used with increasing frequency in various applications due to their

predictive accuracy. However, because the prediction rules of ANNs are very complicated

and hard to express, proxy methods are needed for their explainability. Such methods

can be general, model-agnostic, XAI methods that apply to any model space and thus

to ANNs as well, or XAI methods that are tailored to specific architectures of ANNs.

LAX falls under this latter spectrum.

Model-Agnostic XAI Methods Local Interpretable Model-Agnostic Explana-

tions (LIME) generates a local explanation by training an interpretable model (e.g.,

LASSO regression or decision tree) using input-output pairs generated by the model in

the neighborhood of an instance to be explained [112]. Note that the ‘local’ in LIME
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refers to locality in the input space to the model, not locality within an image example.

When classifying images, each image is divided into a set of disjoint contiguous regions,

called ‘super-pixels’. The LIME explanation is then the most influential super-pixels in

the input, and optionally the order of their importance.

One line of work investigates metrics for calculating the influence of inputs (or

features) to the predicted outputs [37, 13]. Lundberg and Lee [90] use the game-theoretic

notion of the Shapley value, to provide Shapley Additive Explanations (SHAP). Exact

calculation of the Shapley value is costly, including several natural cases [38]. In

fact, issues arise beyond computational complexity [80]. Shapley values for image

classification are approximated by evaluating the effect of removing a square region in

the image on the classification probabilities. Methods such as LIME and SHAP can

be vulnerable to adversarial inputs [132], while Slack et al. [131] introduce a Bayesian

version that attaches uncertainty levels to the provided explanations. Additional model

agnostic methods include Anchors [113], MAPLE [106], and prototypes [29].

Rate Distortion XAI Methods Rate Distortion Explanations, first proposed in

[91], attempt to find the minimal area in an input image responsible for the model’s

prediction. This is achieved by finding the maximum mask by area that can be applied

to an input without altering the predicted class. Several RDE methods have been

proposed in prior work such as CartoonX [77], WaveletX [78], and ShearletX [78]. These

methods rely on optimizing a mask for each prediction for which an explanation is

desired. As a consequence, these methods are interesting but too costly to be practical

in scenarios where an explanation is required for every prediction.

ANN-Specific XAI Methods Zeiler and Fergus [168] present the first and possibly

simplest method of visualizing the saliency of an input feature using their novel ‘de-

convnet’ approach, where the idea is to identify the contribution of each feature in a
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CNN, by following backwards the computation that was performed and allowed the

prediction in the first place. The paper also presents another very simple method of

evaluation wherein a gray patch is tiled across the image to occlude parts of the image

and the change in the prediction is measured. I will refer to this method as ‘Occlusion

Sensitivity.’ Simonyan et al. [128] leverage the gradient of the probability of predicting

a class with respect to each input feature, leading to saliency maps. Roughly, saliency

maps provide a gradient heatmap over the input pixels that justifies which features to

which classification is most sensitive locally; see also [76, 145]. Other examples include

Layer-wise Relevance Propagation [LRP, 7], Class Activation Mapping (CAM) and the

closely related methods of GRAD-CAM and Guided GRAD-CAM [125], interpretable

CNNs [174], neural additive models (NAMs) [2], B-cos Networks [15], and D-RISE for

object detection [104], to name a few. Another direction of exploiting gradients is with

the method of integrated gradients [137].

Shrikumar et al. [127] in DeepLIFT, explain the prediction of a particular input

with respect to a reference input, by looking at the difference between these two inputs.

Kim et al. [75] explain the internal state of an ANN in terms of human-friendly concepts,

Dhurandhar et al. [41] propose contrastive explanations, while Brendel and Bethge [19]

propose the use of bags of local features.

7.3 Method

The architecture shown in Figure 7.2 utilizes an image-to-image translation model, that

is used to make three predictions. The image-to-image model in the figure is labeled

‘U-net’ referring to the style of image-to-image model presented by Ronneberger et al.

[115], but in theory any sufficiently powerful image-to-image translation model could

be used. A neural network that uses ‘skip’ connections inspired by the ‘U-net’ but that

uses blocks similar to those in ‘Focal Modulation Networks’ [162] for higher resolutions
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and ‘Multi-Headed Self-Attention’ [144] modules at lower resolution was used as the

model for LAX. The input to the image-to-image model is in all cases an image tensor

of size W ×H × ch. The output in all cases is a mask tensor of size W ×H × (k + 1).

When the model achieves its objective well, slices of size one along the last axis of the

output tensor correspond to masks that identify pixels that result in the model being

able to predict a certain class. These slices of the output volume will be referred to as

‘occlusion masks.’ The last output occlusion mask identifies pixels that contribute to

no class and are never dropped out. The probability vectors p0, p1, and p2, shown in

Figure 7.2, are explained below.

Figure 7.2: Model Architecture. Shown are three prediction steps of the model on a
given image. In the first step the model is presented with the image, in the second step
it is presented with the image with the area the model indicated for the predicted class
masked out, and in the final step the model is presented with the image with the area
the model indicated as evidence for all classes removed.

7.3.1 Training

One training step of the model requires three inferences of the image-to-image network.

Each of these inferences produces an output that incurs a loss. The LAX training step

is described in three parts below.
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Part I Initially the model takes as input the image for classification and predicts

the parts of the image, were they to be removed, would result in a decrease of the

probability of a certain class for all classes. This follows because the same model

parameters are used in each step, and in subsequent steps the model will be encouraged

by the loss function to predict a region such that if it were removed the model would

perform worse. The softmax function is applied across the channel dimension of each

pixel in the prediction volume M sums to 1, so for pixels that are unlikely to change

the prediction the model assigns weight to the final occlusion mask that corresponds to

no class. The average value of each class occlusion mask for each image divided by the

sum of the average values for all class occlusion masks for a that image is the predicted

probability for a class for that image. This probability vector p0 is the first output of

the model and the pseudo-label to which the explanation corresponds.

Part II The second inference of the model takes as input the image for classification

with the area the model indicated for the predicted class masked out. The masking

replaces pixels indicated as responsible for prediction with the pixel-wise mean image µ

of the dataset. More precisely, given µ, the occlusion mask Mpred ∈ RW×H corresponding

to the predicted class, and x ∈ RW×H×ch the input image, the operation is:

x′ = (Mpred � µ) + ((1−Mpred)� x) , (7.1)

where the Hadamard product � is broadcast where applicable. This image x′ is input to

the same image-to-image model as in the first step and produces k + 1 output occlusion

masks. These occlusion masks are averaged, and the averages of the class occlusion

masks are again re-normalized to produce a probability vector output. This probability

vector p1 is the second output of the model.
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Part III The third inference of the model takes as input the image for classification

combined with the mean of the dataset such that all the pixels in the mask corresponding

to any class from the first step are dropped out. Formally, given mask M ∈ RW×H×k+1

and Msum = ∑k
i=0 Mi we have

x′′ = (Msum � µ) + ((1−Msum)� x) . (7.2)

This image x′′ is input to the same image-to-image model as in the first step and

produces k + 1 output occlusion masks. These occlusion masks are averaged, and the

averages of the class occlusion masks are again re-normalized to produce a probability

vector output. This probability vector p2 is the third output of the model.

Each of the outputs from the steps above incurs a loss. The first output p0 incurs

cross-entropy loss L(fθ, L) based on its prediction compared to the true label of the

instance. The second output p1 incurs a loss L1(fθ, L) based on the similarity of p1

and p0. I define this loss as

L1(fθ, L) = 1
n

n∑
i=1
− ln (1− 〈p′

0, p′
1〉) . (7.3)

Where p′
0 and p′

1 are normalized versions of p1 and p0 that have Euclidean norm of

1. This loss function encourages the LAX model to predict differently in the second

pass than it predicted in the first pass. This loss is designed to penalize the model for

indicating an area for the predicted class that, when masked out, does not cause its

prediction to differ from the pseudo-label. It is this loss that makes LAX PL as it uses

the complement of its first pass pseudo-label as a target during training.

The last output p2 incurs a loss

L2(fθ, L) = − ln (p2/p∗
2) , (7.4)
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where p2 is the mean of the p2,i’s, and p∗
2 is the max of the p2,i’s. This loss penalizes the

model for predicting confidently on the instance that has all of the regions predicted to

be relevant for predicting any class masked out. The desired behavior this encourages

is that the model should not be able to make a decisive prediction after all of the

information it predicted would be relevant has been removed from the input.

All the above yield the following definition.

Definition 7.3.1 (LAX Loss). For a given model f that is equipped with the LAX

architecture and an input labeled image (x, y), upon prediction, the model suffers loss:

LLAX (f, x, y) = L(fθ, L) + αL1(fθ, L) + βL2(fθ, L) , (7.5)

where α and β are hyperparameters, and x′ and x′′ are obtained from (7.1) and (7.2)

respectively.

Intuition Intuitively, the first term encourages the model to mask the evidence

essential to predicting a class, with the occlusion mask corresponding to the class by

penalizing the model for adding probability mass to the incorrect classes’ occlusion

masks. In sequence, the second term, L1, encourages the model to mask nothing but

the evidence essential for the predicted class, as this loss is the lowest when p1 is

orthogonal to p0. Finally, L2 encourages the model to mask all of the evidence essential

for any class, as the model suffers no loss for using the final occlusion mask belonging

to no class, except when it would otherwise be able to predict any class using those

pixels. Perhaps more intuitively, this loss encourages the model to predict uniformly

and with maximal uncertainty after masking (e.g. the max and mean of the probability

vectors are equal to 1
k
). So, all together, the model’s objective can be understood as

masking the evidence it is using within the input, all of the evidence essential for any
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class, and nothing but the evidence. Note that qualify evidence is qualified with with

essential as the masks need only remove essential signals for the objective function to

be optimized. It would be quite fortunate if the model effectively segmented the entire

object belonging to a class, and indeed this is one possible optimal solution, but it is

not necessary to achieve minimum loss.

Naming The occlusion masks generated by the model identify spatial regions that

contain signals essential to classification by design, because when they are removed the

same model can no longer predict the correct class, these explanations are thus called

“localized.” Note that this does not imply that the pixels are logically related to the

ground truth, simply that the model is “truthful” in identifying which pixels it is using

to predict the predicted class. Furthermore, explanations are “additive” because the

class probabilities are directly computed from the occlusion masks by adding up the

predicted class probabilities for each pixel and dividing by the sum of class probabilities.

Hence, the number of pixels covered by a mask for a class is directly proportional to

the probability of that class. In the examples shown, the area of the prediction mask

belonging to a certain color is directly proportional to the probability of that class.

7.3.2 Inference

Definition 7.3.2 (Accuracy). Given a sample S = {(xi, yi)}Ni=1 and a LAX model

f predicting {(p(i)
0 , p

(i)
1 , p

(i)
2 )}Ni=1 on S, f has accuracies in the three components

j ∈ {0, 1, 2}:

A
(f)
j = 1− 1

m

m∑
i=1

1

{
argmax 1≤q≤k

(
p

(i)
j

)
q
6= argmax 1≤r≤k(yi)r

}
,

where 1 {E} = 1 if event E holds; otherwise, 1 {E} = 0.
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During training a model f is optimized to achieve its objectives well outside of

simply prediction accuracy. If this is the case and f generalizes well to unseen data,

then we might reasonably be sure that on a given instance it is indeed explaining

its prediction satisfactorily. The degree to which f achieves these objectives can be

measured by observing the accuracies A
(f)
0 , A

(f)
1 , and A

(f)
2 , corresponding to the outputs

p0, p1, and p2. Ideally, we should have A
(f)
0 = 100%, A

(f)
1 = 0%, and A

(f)
2 = 1/k. If we

are happy to accept that its predictions, as well as its explanations, are likely reasonable

based on test set performance, then we can discard all of the masking steps and simply

use the first inference of the image-to-image model. In practice this is desirable as the

computational cost of inference with explanation is low. However, we are not at the

mercy of aggregate performance statistics when evaluating the quality of a particular

explanation. If we retain all three of the prediction steps during inference, we can

measure how the predicted label changes between p0, p1, and p2. If the argmax of p0

and p1 differ and p2 has a lower maximum value than p0, then we know that the model

has achieved its secondary objectives well on that instance. We revisit this discussion

in Section 7.4 but we are now ready to define the model of best occlusion.

Definition 7.3.3 (Occlusion Quality). For a LAX model f , with output accuracies

A
(f)
0 , A

(f)
1 , and A

(f)
2 , occlusion quality is defined to be QLAX(f) = A

(f)
0 −

∣∣∣A(f)
2 − 1/k

∣∣∣.
Definition 7.3.4 (Model of Best Occlusion). Let FLAX be a set of different LAX models.

The model of best occlusion f ∗ ∈ FLAX is defined as f ∗ ∈ argmax f∈FLAX
QLAX(f).

7.3.3 Trainable Components

The only trainable portion of this architecture is the single image-to-image model

labeled ‘U-net’ in Figure 7.2. Each U-net in the diagram is identical, i.e., they all share

the same weights. During training this is advantageous as the model weights can be
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stored only once. During the backward pass, the gradient of the weights of the U-net

in LAX are propagated through five times. The first time is a consequence of the loss

suffered due to L. Then the loss suffered from L1 and L2 are propagated through the

entire path through the execution graph from output to the input image; thus, twice

each through the weights of the U-net. The propagation of the gradient is not stopped

after the nearest application of the U-net to the output, as this seemed to be a more

successful approach than the alternative in preliminary investigations. Further analysis

is necessary to determine the effect of that potential stop.

7.4 Experimental Evaluation

7.4.1 Setup for Experiments

The LAX models are evaluated on a three-way split: 70% of the data is used for training,

10% is reserved for validation, and 20% is reserved for testing. Validation data was used

to tune both the model’s hyperparameters as well as the hyperparameters associated with

data augmentation and training. As with many deep learning experiments the choice of

value for the batch size, the choice of an optimizer, and the choice of data augmentation

strategy are non-trivial. Testing data is evaluated only once hyperparameter selection

has completed for each dataset. Only testing and validation set images are displayed in

the figures.

Baselines LAX models were compared to two different models and five total compa-

rable XAI methods for explaining image classification predictions. An Interpretable

CNN [174] was trained to provide an ante hoc point of comparison. A standard DenseNet

model [64] was also trained to apply post-hoc explanation methods to. LIME, SHAP,

Gradient (Saliency Map), and Occlusion Sensitivity methods were applied as ‘post

hoc’ explanation baselines. The ‘interpretable’ layers of the Interpretable CNN were
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added on top of DenseNet121 for the sake of a fair comparison between the ante hoc

Interpretable CNN baseline and the post hoc baselines.

7.4.2 Datasets

For evaluating LAX we use the Oxford Pets or “cats and dogs” dataset [103]. While

this is not a challenging classification task we believe that it is useful for evaluating

explainability methods. Because the source of the ground truth within the image is

clear, and humans can easily discriminate between cats and dogs it should also be

easy for humans to interpret the quality of explanations. Table 7.1 provides details

on the class composition and number of elements in the cats and dogs dataset. Data

augmentations were performed “on the fly” and for this reason the mean image was

estimated µ using the images that are used in each batch. A small amount of Gaussian

noise is also added to each position in µ.

On the Nature of Explanations Cats and dogs have a clear notion of contiguous

‘objectness.’ Signals that are discriminative for classification are localized in discrete

blob-like structures. While it can be tempting to dismiss an explanation because it

does not conform to the human understanding of the cat or dog object within the scene,

in such cases this is a feature and not a bug. As LAX will reveal, neural networks can

pick out extraneous features that may be highly correlated with the class instead of the

ground-truth signal. While this may rightfully diminish trust in the model, identifying

when the model is focusing on the wrong parts of an image when making its prediction

is important. It is critical that LAX can be used to identify when these explanations

are truthful, i.e. whether masking out this information alters the model’s prediction.

The models achieving the highest accuracy and the highest occlusion quality (QLAX)

were both found with α = β = 2−10. Table 7.2 shows accuracy results on the Cats
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Table 7.1: Class frequencies for Cats and Dogs.

class train validation testing
instances (%) instances (%) instances (%)

cats 8195 (50.3%) 1183 (50.8%) 2280 (49.0%)
dogs 8088 (49.7%) 1144 (49.2%) 2372 (51.0%)

Table 7.2: Evaluation results. The testing accuracy of the LAX model is compared
to its accuracy after the pixels identified as relevant have been masked. Recall that
the best accuracy LAX model is the one that has the highest accuracy using p0 for
prediction, while the best occluded LAX model is the one that maximizes QLAX (see
Definition 7.3.4) and still uses p0 for prediction. Hence, the accuracy after masking
the relevant evidence is equivalent to the accuracy if p2 were used for prediction by
either model. For p2 accuracy, closer to 1

k
is better where applicable. DenseNet and

Interpretable DenseNet models do not have a notion of p2 accuracy, so only their test
set accuracy is displayed.

model testing p2 testing
description accuracy accuracy

LAX (best accuracy) 88.18% 60.73%
LAX (best occluded) 84.89% 56.58%

DenseNet 89.77% n/a
Interpretable DenseNet 90.60% n/a

and Dogs dataset (best accuracy and best occluded), the DenseNet baseline, and the

Interpretable CNN baseline. Figure 7.3a presents an effective occlusion map, where

we can see that by masking out the evidence, the probability of selecting a particular

class changes enough to impact the classification. This is not true in Figure 7.3b

where the occlusion map appears to be a satisfactory explanation, but it does not

meaningfully effect the predicted probability. These examples highlight the usefulness

of the additional forward passes (i.e., verifying argmax(p0) = argmax(p2)) to determine

the fitness of an explanation, as one could be persuaded to accept the second explanation,

but it turns out not to correspond to an effective occlusion map.
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(a) A successful occlusion from the Cats and Dogs task. The model is
predicting the correct label and the occlusion changes the predicted class.
The numbers below ‘LAX’ on the figure represents the percent change in the
predicted class (dogs) following the occlusion.

(b) An unsuccessful occlusion from the Cats and Dogs task. The model is
predicting the correct label, but the occlusion doesn’t significantly impact
the predicted class probability. The numbers below ‘LAX’ on the figure
represents the percent change in the predicted class (cats) following the
occlusion.

Figure 7.3: Successful and unsuccessful occlusions from the Cats and Dogs task. Images
are ordered top to bottom by their descending prediction probabilities. The first column
contains the input image. The second column contains the output of the LAX model
and the ‘Receptive Field’ of the Interpretable DenseNet. The last four columns are XAI
methods (Occlusion Sensitivity, Saliency Maps, LIME, SHAP in that order) applied
to DenseNet. Time in seconds to produce the explanation for the given instance is
included for each method.

7.5 Discussion

Advantages Methods based on saliency maps suffer from: (I) highly overlapping

information with low spatial frequency in the case of GRAD-CAM and Interpretable
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Table 7.3: Compute time comparison for all methods at 128 by 128 resolution on a
batch of size 32 examples. Times recorded on a machine with one Nvidia Ampere A100
GPU.

method forward passes runtime
per example (minutes)

Saliency Maps 1 0.028
LAX (ours) 3 0.002

LIME 2048 1.94
SHAP 2048 2.04

Occlusion Sensitivity 4096 3.36
Interpretable CNN 4096 4.70

CNNs, or (II) very high spatial frequency information that highlights individual pixels

in what frequently appears in a random/noisy way [74], or (III) thousands of inferences

are needed in order to generate an explanation. Case I is undesirable because it is

hard to see which features in the image are being used as discriminative evidence for a

specific class, and it is hard to compare the explanations for different classes. Along

similar lines, Rudin [121] argues that ‘saliency does not explain anything except where

the network is looking’ providing a picture of a dog and saliency maps that look almost

identical when predicting a dog or a musical instrument. While this can be a very valid

point in prior work, in LAX such pathological cases cannot arise as a unique saliency

map where pixels are color-coded accordingly for the various classes is provided. Case II

is also undesirable because of the potentially fragmented explanations that do not take

into account neighboring pixels. While LAX, in principle, allows such situations to arise,

nevertheless, no such case was observed in these experiments. Case III corresponds to

many available model-agnostic methods (SHAP, LIME, Interpretable CNNs, Occlusion

Sensitivity) that require thousands of inferences to generate their explanation. These

methods are computationally expensive to approximate, and none has an existing

implementation for image classification that achieves high granularity and low latency.
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LAX is an order of magnitude faster than any of the baselines, and several orders of

magnitude faster than some. Table 7.3 presents a runtime comparison of the explanation

methods.1 LAX is agnostic to the independence, location, or contiguity of essential

signals (unlike SHAP, LIME, and Occlusion Sensitivity), and LAX only relies on at

most three different forward passes and provides the full and final explanation.

Limitations LAX is architecture-dependent. Similar to Interpretable CNNs, the

output of the ANN used for classification must have a special structure. The underlying

image-to-image model can vary. Not unexpectedly LAX suffers a mild performance

detriment in terms of accuracy over the baselines when the occlusion quality is high. It

is unclear if LAX is applicable outside of image classification tasks. Finally, methods

like GRAD-CAM and saliency maps provide an exact computation of an approximate

explanation; e.g., they can exactly compute some property that approximately explains

a prediction. LAX provides exact computation of a probable explanation.

7.6 Conclusion

I proposed a novel approach, localized additive eXplanations (LAX), for explaining

image classification predictions. The approach relies on the application of three different

losses that encourage the formation of occlusion masks that cover important features

responsible for classification. Experiments indicated that the proposed architecture

performs well regardless of whether the explanations are expected to be contiguous

segments of images or not. Moreover, the trained architecture provides explanation

much faster compared to baselines, which could be critical for real-time applications,

while at the same time providing qualitative results that are probably better than both
1the official SHAP and LIME implementations in python that are available at https://shap.

readthedocs.io/en/latest/ and https://lime-ml.readthedocs.io/en/latest/ were used respec-
tively.
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methods.

Related to LAX is the idea of weakly supervised object localization (WSOL) in which

the goal is to localize an object within an image without having a ground truth label for

its location. If one could identify the location of the dog in an image labeled ‘dog’ then

that location might be a compelling explanation for the classification. Unfortunately, as

we saw, models are not always using ground-truth-relevant signals to make classifications.

It is precisely this difference between the goal of LAX and the goal of WSOL that allows

LAX to make truthful explanations. The goal of LAX is not to produce a bounding

box or segment that captures a particular object within an image. On some level that

would require LAX to be making a correct prediction in order to provide a truthful

explanation. LAX is designed to identify the regions of an image that are essential to

the creation of its pseudo-label. The explanation provided by LAX is a property of the

pseudo-label it assigns to an instance, not a property of the instance itself.
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Chapter 8

Conclusion

In this dissertation I have presented a sequence of novel PL algorithms together with a

review of the broader PL landscape. I use these contributions support my argument that

pseudo-labels can be more than just weak supervision. Conventionally, pseudo-labels

are treated as worse versions of human annotations. Even within SSL, they have been

used in many more varied and interesting ways. The definition and taxonomy given in

Chapter 4 laid the groundwork for conceptualizing the use of PL in three new algorithms.

From multi-view meta-learning to RL and even XAI I have shown how pseudo-labels

can be a powerful tool for enabling new optimization pathways for machine learning

models.

Under my definition, the supervisory role of pseudo-labels is incidental rather than

essential. What is important is that a model made the prediction, and thus can be

optimized such that the prediction has different properties. These properties can be as

related to weak supervision as simply being more effective supervision for a student,

or they can be as unrelated as the pseudo-labels used in DINO that simply enforce

consistency. I hope that this fresh perspective can be used to apply PL to areas outside

of SSL and to enable machine learning to continue to solve new and interesting problems.

The novel algorithms in this dissertation embody this broader view of PL. In

Chapter 5 I presented MCT, in which PL was used to pass knowledge from a teacher

to a student. Because the pseudo-labels were model outputs, we could then optimize

the teacher to assign pseudo-labels in a way that would allow the student to continue

learning. In Chapter 6 I improved upon this idea by approximating RL rewards at the

example-level to improve the quality of the teacher’s feedback signal. I was able to

connect current and prior works to this RL setting to identify ways in which to more
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effectively use pseudo-labels. In Chapter 7 I pushed my definition of PL even further by

applying it to an area outside of SSL. LAX uses pseudo-labels to optimize a classifier to

produce a truthful explanation. Together these algorithms demonstrate that PL is best

understood as a general technique for inducing structure using a model’s categorical

predictions. When viewed this way, PL is a versatile tool that can be applied creatively

inside and outside of SSL. I hope that the formal definition, the taxonomy, and the

novel algorithms presented in this dissertation give the reader both the conceptual

vocabulary and the concrete examples needed to recognize PL and when it can be

useful.

8.1 Future Work

The directions I find most promising follow naturally from the broader view of PL

articulated above.

Reinforcement Learning for Pseudo-Labeling PGPL makes use of a very re-

stricted setting for RL. I spent a good deal of Chapter 6 showing that the RL setting

identified by prior work reduced to something quite simple. RL is not really needed to

express the final objective, even if it is an informative way to understand why some PL

methods work. Incorporating multi-step trajectories alongside more sophisticated RL

algorithms is a natural next step for this work. I see this as the most exciting open

direction for PL in SSL.

Beyond Class-Balanced Benchmarks All of the benchmark tasks that were used

for evaluation had class-balanced labeled and unlabeled datasets as well as unlabeled dis-

tributions that matched the labeled distributions. In standard benchmark classification

dataset scenarios the class distribution of the unlabeled data cannot be known. Further-
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more, as was seen in Section 5.4.6 the unlabeled data may contain out-of-distribution

instances that correspond to no class represented in the labeled data. Because by nature

the unlabeled data are too numerous for humans to inspect, then it cannot be observed

by those humans what conditions might be present in those unlabeled data. It may

be possible, however, to perform a heuristic balancing or filtering to detect examples

that are likely to be out-of-distribution or to downsample unlabeled majority classes.

Increasingly researchers have access to very large datasets that have been collected in a

completely uncurated way. I see this as a promising direction for applying SSL methods

that benchmark well to real and messy data.

Beyond Classification All of the tasks solved in this dissertation were image

classification tasks. Image classification is certainly an important task in CV, but it is

far from the only one that requires categorical output. PL is usually applied to this area,

but object detection and segmentation are areas in which labels are even more scarce

and take even more time to create. If PL methods for SSL could improve performance

of these models under label scarcity that would be a very practical improvement. Novel

class discovery and anomaly detection are also areas for which our fuzzy-partition

definition seems naturally suited. Cases in which new instances are encountered that do

not belong to any known class seem like a natural next area to apply PL. The problems

faced by algorithms for novel class discovery and anomaly detection seem highly related

to the problems that SSL algorithms encounter when working with real unlabeled data

as we saw in Section 5.4.6.

It is my intention that this dissertation should serve as an example of what things

are possible when applying PL. I hope that the most interesting applications of PL

have not yet been discovered and that there are many interesting directions for future

work that I have not yet considered.
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