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Course Summary

• Probability
• Bayes’ Theorem
• Probability Density Estimation

• Linear Regression
• Model Selection

• Sources of Error: Bias and Variance
• Regularisation
• Cross-validation

• Data Pre-processing
• Normalisation
• Imputing
• Feature selection / engineering
• Dimensionality Reduction

• Clustering
• Neural Networks

• The Perceptron & Gradient Descent
• MulI-layer perceptron & 

BackpropagaIon
• Deep Learning and ConvoluIonal Neural 

Networks
• LogisBc Regression
• Support Vector Machines
• Decision Trees 

• Ensemble methods & Random Forests
• Beyond Supervised Learning





Beyond Supervised 
Learning: Outline

• What’s beyond Supervised 
Learning?
• Why do we care?

• Semi-supervised Learning
• Weakly-supervised Learning
• Self-supervised Learning

• Reinforcement Learning



Learning Outcomes

• Understand the principles and benefits of:
• Semi-supervised Learning
• Reinforcement Learning

• Be able to propose some simple approaches for semi-supervised 
learning.



Intelligence as cake!

“If intelligence is a cake, the bulk of 
the cake is unsupervised learning, 
the icing on the cake is supervised 
learning, and the cherry on the 
cake is reinforcement learning (RL).”

--- Yann LeCun



Why do we care?

• Many of the ML models we have looked at are trained through 
Supervised Learning.
• This is sJll commonly used e.g. for DCNN image classificaJon models.
• However, manually labelling data (especially audio/video) is very 

laborious, Jme-consuming and can be error-prone!
• Case Study: ImageNet
• Undergrads collecBng images at $10/hr would take 90 years to complete!
• Even using Mechanical Turk it took 2 ½ years to complete (3.2M images)!
• Now over 14M images in 21,841 subcategories!



Recap on Types of Learning

Supervised Learning Unsupervised Learning

Semi-supervised Learning



Continuum of learning modes

• Transductive: reasoning from training data to test data e.g. similarity
• Inductive: infer general rules from training data to apply to test data

Supervised Learning Unsupervised LearningSemi-supervised Learning

Induc&on Transduction



Supervised Learning

• Example Task 1: Classify images containing cats or dogs.
• What do we want to achieve?
• What data do we require?
• What data issue might limit the performance?

• Example Task 2: Regress salary offer for a job candidate.
• What do we want to achieve?
• What data do we require?
• What data issue might limit the performance?

𝑓: 𝑋 ⟶ 𝑌



Supervised Learning

• What do we want to achieve?
• Accurate predic,ons on unseen test examples

• What data do we require?
• Input data and labels for all instances

• What data issue might limit the performance?
• Lack of labelled examples

• More data would improve performance but we don’t always have labels 
for every instance…

𝑓: 𝑋 ⟶ 𝑌



Unsupervised Learning

• Unsupervised (sometimes called self-supervised) algorithms learn data 
representations from unlabelled examples.

• These representations provide an alternative description of the data.

• This is one of the big goals in machine learning!
• There is a big conference dedicated to this --- International Conference on Learning 

Representations (ICLR).

• Aims to discover the structure of the data. Applications include:
• Clustering
• Dimensionality reduction
• Anomaly/outlier detection



Semi-supervised Learning

• Although labels may be hard to acquire, generally there are plenty of 
unlabelled examples e.g. images of cats & dogs scraped off websites.
• What can we always do without labels?
• What kind of learning is always possible?

• One approach à Combine clustering with classification algorithms.



PCA with Classification

• Example Task 1: Classify images containing cats or dogs.
• Apply PCA on a large set of images.
• Train a linear classifier on the principle components using a small set of 

labelled data.
• The unlabelled data contributes to the PCA, which helps to understand what 

variations exist in the dataset.
• This should lead to better performance of the classifier.



Clustering with ClassificaHon

• Use a clustering algorithm e.g. k-means to identify clusters in the 
unlabelled data.
• Manually label (or find) representative samples for each cluster 

(those closest to the centroids).
• Train a classifier on these k most representative examples.

• Alternatively, apply the same labels to other members of each cluster.



Clustering with Regression

• Example Task 2: Regress salary offer for a job candidate.
• Apply k-means clustering on all candidates’ CVs.
• Assign salaries to cluster centres based on the labelled data.
• Predict salary for test-point based on inverse-distance to cluster centres.
• The unlabelled data helps to understand clusters of similar CVs.



Self Training

• Take a supervised learning classifier that implements prediction 
probabilities and train it on labelled data. 
• While iteration < max_iterations or 
len(unlabelled_samples) == 0:
• Predict labels for the unlabelled samples.
• Select a subset of the predicted labels according to 
e.g. a prediction probability threshold or the k 
highest prediction probabilities.
• Add the chosen subset of these (pseudo-)labels to 
the labelled training dataset and retrain.



Label Propagation

• Construct a similarity graph over all inputs.
• Apply the same labels to all other members of each cluster.

Illustra5on from scikit-learn documenta5on: h<ps://scikit-learn.org/stable/modules/semi_supervised.html

https://scikit-learn.org/stable/modules/semi_supervised.html


Semi-supervised Learning Assumptions

• Con1nuity: Points close together in feature space are likely to be the 
same class.

• Cluster: Points in the same cluster are likely to share the same label.

• Manifold: The data lie on a low-dimensional manifold in the feature 
space.



Semi-supervised Learning Applications

• Internet Content Classification: vast amount of data, making it 
practically impossible to obtain labels for it all.

• Audio/Video Analysis: similarly vast amount of data, very intensive 
task to label. 

• Protein Sequence Classification: Related to one of the hardest 
problems in science!



Self-supervised Learning

• Interpolate data e.g.:
• When given a partial sentence, fill in the missing words
• Reconstruct missing parts of an image

• Learn about the underlying properties of the data through the many 
unlabelled examples



Self-supervised Learning Example

• Use augmentaJon to bootstrap 
unsupervised pre-training.
• Minimise the loss funcJon 

between augmentaJons so that 
the representaJons are similar 
regardless of transformaJons.
• Find a more robust 

representaJon of the data using 
the unlabelled examples.
• Similar approach: autoencoders.

Unlabeled 
data

Unsupervised pretraining

Task-agnostic 
Big CNN

Supervised
fine-tuning

Self-training / 
Distillation of 

task predictions

Unlabeled 
data

Task-specific 
CNN

Small fraction of
data that has
class labels

Projection 
head

Figure 3: The proposed semi-supervised learning framework leverages unlabeled data in two ways:
(1) task-agnostic use in unsupervised pretraining, and (2) task-specific use in self-training / distillation.

ways. The first time the unlabeled data is used, it is in a task-agnostic way, for learning general
(visual) representations via unsupervised pretraining. The general representations are then adapted
for a specific task via supervised fine-tuning. The second time the unlabeled data is used, it is in a
task-specific way, for further improving predictive performance and obtaining a compact model. To
this end, we train student networks on the unlabeled data with imputed labels from the fine-tuned
teacher network. Our method can be summarized in three main steps: pretrain, fine-tune, and then
distill. The procedure is illustrated in Figure 3. We introduce each specific component in detail below.

Self-supervised pretraining with SimCLRv2. To learn general visual representations effectively
with unlabeled images, we adopt and improve SimCLR [1], a recently proposed approach based
on contrastive learning. SimCLR learns representations by maximizing agreement [26] between
differently augmented views of the same data example via a contrastive loss in the latent space. More
specifically, given a randomly sampled mini-batch of images, each image xi is augmented twice
using random crop, color distortion and Gaussian blur, creating two views of the same example
x2k�1 and x2k. The two images are encoded via an encoder network f(·) (a ResNet [25]) to generate
representations h2k�1 and h2k. The representations are then transformed again with a non-linear
transformation network g(·) (a MLP projection head), yielding z2k�1 and z2k that are used for the
contrastive loss. With a mini-batch of augmented examples, the contrastive loss between a pair of
positive example i, j (augmented from the same image) is given as follows:

`NT-Xent
i,j = � log

exp(sim(zi, zj)/⌧)P2N
k=1 [k 6=i] exp(sim(zi, zk)/⌧)

, (1)

Where sim(·, ·) is cosine similarity between two vectors, and ⌧ is a temperature scalar.

In this work, we propose SimCLRv2, which improves upon SimCLR [1] in three major ways. Below
we summarize the changes as well as their improvements of accuracy on Imagenet ILSVRC-2012 [21].

1. To fully leverage the power of general pretraining, we explore larger ResNet models. Unlike
SimCLR [1] and other previous work [27, 20], whose largest model is ResNet-50 (4⇥), we train
models that are deeper but less wide. The largest model we train is a 152-layer ResNet [25] with
3⇥ wider channels and selective kernels (SK) [28], a channel-wise attention mechanism that
improves the parameter efficiency of the network. By scaling up the model from ResNet-50 to
ResNet-152 (3⇥+SK), we obtain a 29% relative improvement in top-1 accuracy when fine-tuned
on 1% of labeled examples.

2. We also increase the capacity of the non-linear network g(·) (a.k.a. projection head), by making it
deeper.2 Furthermore, instead of throwing away g(·) entirely after pretraining as in SimCLR [1],
we fine-tune from a middle layer (detailed later). This small change yields a significant improve-
ment for both linear evaluation and fine-tuning with only a few labeled examples. Compared to
2In our experiments, we set the width of projection head’s middle layers to that of its input, so it is also

adjusted by the width multiplier. However, a wider projection head improves performance even when the base
network remains narrow.

3

Big Self-Supervised Models are Strong Semi-Supervised Learners. 
Chen et al. NeurIPS 2020



Self-supervised Learning Example

Big Self-Supervised Models are Strong Semi-Supervised Learners. Chen et al. NeurIPS 2020



Weakly Supervised Learning

• Can refer to supervised learning 
with noisy or imprecise labels.
• “I have some useful information 

but not exactly what I need.”
• Could relate to training with 

confidence levels rather than 
hard class labels.
• Could be a way of extracting 

more specific labels or other 
information from input data…

Self-supervised Equivariant A<en5on Mechanism for Weakly Supervised Seman5c Segmenta5on. Wang et al. CVPR 2020

Self-supervised Equivariant Attention Mechanism
for Weakly Supervised Semantic Segmentation

Yude Wang1,2, Jie Zhang1,2, Meina Kan1,2, Shiguang Shan1,2,3, Xilin Chen1,2

1Key Lab of Intelligent Information Processing of Chinese Academy of Sciences (CAS),
Institute of Computing Technology, CAS, Beijing, 100190, China

2University of Chinese Academy of Sciences, Beijing, 100049, China
3CAS Center for Excellence in Brain Science and Intelligence Technology, Shanghai, 200031, China

yude.wang@vipl.ict.ac.cn, {zhangjie, kanmeina, sgshan, xlchen}@ict.ac.cn

Abstract

Image-level weakly supervised semantic segmentation is
a challenging problem that has been deeply studied in re-
cent years. Most of advanced solutions exploit class activa-
tion map (CAM). However, CAMs can hardly serve as the
object mask due to the gap between full and weak supervi-
sions. In this paper, we propose a self-supervised equivari-
ant attention mechanism (SEAM) to discover additional su-
pervision and narrow the gap. Our method is based on the
observation that equivariance is an implicit constraint in
fully supervised semantic segmentation, whose pixel-level
labels take the same spatial transformation as the input im-
ages during data augmentation. However, this constraint
is lost on the CAMs trained by image-level supervision.
Therefore, we propose consistency regularization on pre-
dicted CAMs from various transformed images to provide
self-supervision for network learning. Moreover, we pro-
pose a pixel correlation module (PCM), which exploits con-
text appearance information and refines the prediction of
current pixel by its similar neighbors, leading to further im-
provement on CAMs consistency. Extensive experiments on
PASCAL VOC 2012 dataset demonstrate our method out-
performs state-of-the-art methods using the same level of
supervision. The code is released online1.

1. Introduction
Semantic segmentation is a fundamental computer vi-

sion task, which aims to predict pixel-wise classification
results on images. Thanks to the booming of deep learn-
ing researches in recent years, the performance of semantic
segmentation model has achieved great progress [6, 23, 38],
promoting many practical applications, e.g., autopilot and

1https://github.com/YudeWang/SEAM

(a) (b)

Figure 1. Comparisons of CAMs generated by input images with
different scales. (a) Conventional CAMs. (b) CAMs predicted by
our SEAM, which are more consistent over rescaling.

medical image analysis. However, compared to other tasks
such as classification and detection, semantic segmentation
needs to collect pixel-level class labels which are time-
consuming and expensive. Recently many efforts are de-
voted to weakly supervised semantic segmentation (WSSS)
which utilizes weak supervisions, e.g., image-level classifi-
cation labels, scribbles, and bounding boxes, attempting to
achieve equivalent segmentation performance of fully su-
pervised approaches. This paper focuses on semantic seg-
mentation by image-level classification labels.

To the best of our knowledge, most of advanced WSSS
methods are based on the class activation map (CAM) [39],
which is an effective way to localize objects by image clas-
sification labels. However, the CAMs usually only cover
the most discriminative part of the object and incorrectly
activate in background regions, which can be summarized
as under-activation and over-activation respectively. More-
over, the generated CAMs are not consistent when images
are augmented by affine transformations. As shown in
Fig. 1, applying different rescaling transformations on the
same input images causes significant inconsistency on the
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Weakly Supervised Learning

• AlternaJve refers to data where only a subset have labels and human 
annotaJon is required.
• Algorithm finds the subset of unlabelled data which minimises 

manual labelling cost while enhancing model performance.
• Two criteria to select the subset of data for manual labelling:
• InformaOveness
• RepresentaOveness



Reinforcement Learning

• Goal: Learn to maximise a reward (or minimise negative rewards).
• An agent explores the environment / feature space by taking actions 

(randomly at first) which alter the state and receives a reward.
• Uses gradients to adjust its policy network, 𝜋(𝑠), (which maps states 

to actions) to increase value (expected reward).

Agent

Environment

Action
𝐴!

State
𝑆!

Reward
𝑅! 𝑅!"#

𝑆!"#

𝑅! =%
$%!

&

𝛾 $𝑟$(𝑠$ , 𝑎$)

𝛾:	discount	factor;	0 < 𝛾 < 1



Types of Reinforcement Learning

• Markov Decision Process
• A finite set of states and actions
• Probabilities and rewards associated with each transition between states
• Discount factor to weight importance between immediate and future rewards
• Memoryless: the future is independent of the past given the present

• Q-Learning: Action-Value Methods
• Q function := E[R|s,a]
• Policy := select action to maximise Q function

• Policy Learning: mapping states to actions 𝑎 = 𝜋 𝑠
• DNNs (DQNs) successfully applied to learn the policy e.g. for Atari games

𝑅! =%
$%!

&

𝛾 $𝑟$(𝑠$ , 𝑎$)



Characteristics

• Closed-loop problems
• Searches through trial & error (or using a model of the environment)
• Useful for when there is no known label or when we wish to exceed 

human performance à go beyond supervised learning! e.g. games
• Issues with delayed reward
• Which acOon(s) in a (long) sequence caused the reward (or punishment)?
• Credit assignment problem
• May need acOon shaping to help the model get rewards



Applications

• Robotics
• Navigation
• Controlling a production line to optimise yield/cost/quality

• Game Play
• Chess
• Go (AlphaGo, AlphaZero, MuZero)
• StarCraft II (AlphaStar)

Animated figure from DeepMind’s Blog
https://www.deepmind.com/blog/alphastar-mastering-the-real-time-strategy-game-starcraft-ii

https://www.deepmind.com/blog/alphastar-mastering-the-real-time-strategy-game-starcraft-ii


Summary

• Semi-supervised Learning is most commonly solved by learning an 
improved data representation e.g.:
• Weakly-supervised Learning.
• Self-supervised Learning

• This is important given how laborious it can be to label data manually.
• Reinforcement Learning uses a reward signal rather than labels and 

adjusts a policy (which maps states to actions) to maximise the 
expected value of the reward. 



End of Fundamentals of Machine 
Learning!

• I hope you enjoyed the course :)

• Thank you for your attention

• Please complete the Module Evaluation 
Questionnaire (links on next slide)

• Good luck with your assignments!



Module Evaluation Survey

• Your tutors want to hear about your 
experiences of your modules this 
semester: your feedback will help 
iden>fy what's been working well and 
where changes might be useful for the 
future.
• This short survey is anonymous and 

should only take around 3 minutes.
• Your responses are really valued and 

we appreciate your >me comple>ng 
this.
• School Of Engineering & Informa>cs 

Module Evalua>on Survey 

https://universityofsussex.eu.qualtrics.com/jfe/form/SV_2gc6IBeesA0qvdk
https://universityofsussex.eu.qualtrics.com/jfe/form/SV_2gc6IBeesA0qvdk

