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Self-Supervised Learning

Supervised learning requires a large number of labeled
examples

Semi-supervised learning can use some labeled
examples with a larger set of unlabeled examples

Usupervised learning tries to find structures in data
without labels

Self-supervised learning (SSL) receives unlabeled data
which is annotated by the model

It employs a surrogate objective to learn useful
representations from unlabeled data
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Contrastive Learning

¢ Constrastive learning (CL) is a sub-family of SSL that
enhances the performance on classification tasks by
contrasting examples

¢ |earn an embedding space where similar sample pairs
(same class) are close while dissimilar sample pairs
(different classes) are far away

e The mechanism used is to move closer points of the
same distribution (class) and pull apart points belonging
to different distributions in an embedding space
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Contrastive Learning

® The general idea is that, although we may not know
information of a class, we can still distinguish between
classes (e.g., elephants and tigers)

e Procedure: Select a data sampe, called anchor, select
another data point belonging to the same distribution,
called positive and select another data point belonging to
a different distribution, called negative

e Minimize the distance between the anchor and the

positive example and maximize the distance between the
anchor and the negative in an embedding space
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Contrastive Learning

¢ |tis common to use one image as anchor and employ
data augmentation, such as jittering, rotation, flipping,
croping, noise, and other random affine transformations
as positives

() Rotate (90°, 180°, 270° ) (2) Cutout (h) Gaussian noise (i) Gaussian blur (j) Sobel filtering

¢ The distance function used in an embedding space can
be Eucliden, Mahalanobis, Cosine, ...

e Most of the research work differs in terms of the loss
function and number of used examples
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Loss functions

¢ Max margin constrastive loss:

£contrast‘ive(xiaXja9) =1y = y/] | fa(X;) — fG(Xj) HS +
y; # yj] - max(0, e || fo(x;) — fo(x) [13)

where x; and x; are the samples with labels y; and y;, 6
are the parameters of the embedding network, and e
defines the lowerbound distance between samples of
different classes

e Triplet Loss: Use positive and negative samples to
compute the loss

Liriptet(Xa, X4, X=,0) = 3, max(0, || fy(xa) — fy(x+) |15 —
I fa(xa) — fo(x-) II3 +€)
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Loss functions

¢ N-pair Loss: Is an extension of the triplet loss to multiple
negative samples

»CN—pair(Xa, X+7 {Xi_},l'i_11 ’ 9) =
—log (1+ 2N efJ(xa)fe(xr)—fJ(xa)fe(x*))

= —log ed ) 1)
efg(xa)»fg(x+)+2;\§1 efeT(xa).fG(xi—)

which translates into a softmax loss function
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Loss functions

¢ InfoNCE (Noise-Contrastive Estimation): Identifies a
positive sample among a set of unrelated noise samples

e Given a context vector (c), the positive sample should be
drawn from the conditional distribution (p(x|c)) while the
N — 1 negative samples drawn from (p(s))

e The probability of detecting x™ correctly is:

PXFIe) ITict,... N P(XI)

P(x*|X,c) =
(xTX,c) ZjN:1J[rp()(j|C)Hi:1 ,,,,, Nt POX)]
Sl _fco

N
Z;N/ pr Y j=i 1%:€)
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Loss functions

¢ InfoNCE optimizes the negative log probability of
classifying the positive sample correctly:

f(x,c) ]

Linfonce = —Ex - log [w
xeX K

p(x|c)
p(x)
e |n practice, most CL methods use:

f(x,c) o

ef (Of(xH)/

E(”::"Exx+i&}[‘*OgeﬂXnmx+wf4-§jﬁ;1eﬂxn«&Vr
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Contrastive Learning

¢ Self-supervised constractive learning has no labels and
generates positive examples using data augmentation
techniques

¢ A clear problem is that if we have two different instances
of the same class, it will generate positive examples for
one instance (the anchor) and will consider the other
instance as a negative example (e.g., two different dog
breeds)

e Supervised contrastive learning has information of the
instances of the same class
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Supervised Contrastive Learning

12/36



SimCLR

Components:

e Several data augmentation techniques to transform any
given example (image) into two correlated views of the
same example

® An encoder that uses ResNet50 to obtain a vector
representation (f(x))

¢ A small neural network (g(+)) that maps the vector
representations into a common latent space where the
contranstive loss is applied

e | oss function:
exp(sim(z;, zj)/r)
SN Ly exp(sim(zi, zic) /7)

E"J = — |Og

¢ They found that constrastive learning benefits from larger
batch sizes and longer training times
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SimCLR
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Algorithm SimCLR

Algorithm 1 SimCLR’s main learning algorithm.

input: batch size N, constant 7, structure of f, g, 7.
for sampled minibatch {x}_, do
forallk € {1,...,N} do
draw two augmentation functions t ~ T, ¢/ ~T
# the first augmentation
Eop—1 = t(xg)
hok—1 = f(Z2k—1) # representation
Zok—1 = g(hok—1) # projection
# the second augmentation
:i)gk = t’(:ck)

hop = f(&2k) # representation
2ok = g(hak) # projection
end for
forallic {1,...,2N}andj € {1,...,2N} do
855 =2, 25/ (|lz:llll z1l) # pairwise similarity
end for
exp(si,j/T)

define (i, j) as £(i,7)=—log sov

a1 Likoed) exp(si,k/T)
L= 5% S, [6(2k—1,2k) + £(2k, 2k—1)]
update networks f and g to minimize £
end for
return encoder network f(-), and throw away g(-)
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NNCLR

Use positive examples (nearest neighbors) from other
instances in the dataset as positives rather than
augmenting the same image

The NNCLR loss function:

LNCLA _ |, ;XP(NN(Z,', Q)-z"/7)
> k=1 exp(NN(2;, Q) - Z7 /7)

where NN(z, Q) is the nearest neighbor operator defined
as:
NN(z. Q) = argmin || z — q |2
qeqQ
It minimizes the average loss over all the elements in the
mini-batch: LVNCLR = 1577 pNNCLA
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NNCLR
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ORE

e Open-World Object Detection, identifies new objects
without supervision in an incremental way

¢ |t uses contrastive clustering in the latent space

e For each known class i € K, it stores a prototype vector
pi, let £, € RY be a feature vector for an object of class c,
the contrastive loss is:

C
Leont(fe) = Z/ fe, Pi)
i=0

where

\_ [ D(fe,p) i=c
I(e. pi) = { max{0, A — D(f;, p;)} otherwise

e Where D is any distance function and A defines how
close a similar and dissimilar item can be
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ORE

The prototypes are created by the mean of the feature
vectors of each class

When new prototypes are added, the prototypes are
updated with a momentum parameter

They use Faster R-CNN (just the region proposal
network) to generate bounding boxes with a
corresponding objectness score

Then select the top-k region proposals, based on their
objectness scores, as unknown objects
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ORE

¢ Transforms the classifiction head into an energy function:

)
E(f,9) = —TIogZexp(T)

i=1

¢ And models the energy distribution of the known and
unknown energy values as Weibull distributions v, (f)
and v ynkn(f)

® The predictions are labelled as unknowns if
wkn(f) < wunkn(f)

¢ They store a balanced set of examplars for each class for
finetuning the model
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ORE

Label objects
2 ? o ? ? a e o © ] Openset lasses
8 ? ? ? own objects (New]
3 e 5 2 © S e 2 0 . : ke bjects (New)
13 . t Detection ?  Unknown objects.
i@ ? ? o ? CM ' vosel © ? O © xnown objects (019)
3
< v t

Rol Head '

Contrastive Clustering Prediction

ﬂ,

Las

L

Teg

Auto-labelling Unknowns

Potential unknown object

Feature space |

,

l:_'l

Open-world Object Detector

oy
+&
Unknowns  +

Feature Map

0}

)
474 Microwave

[ Detections 7. Ground-truth boes () Prototypes - — — Attraction Repulsion

22/36



MoCo

e Some researchers have stored, what is caled, a memory
bank which consists on the embedding of the data for
unsupervised learning with contrastive loss

e Momentum Contrast (MoCo) maintains a dictionary as a
qgueue of data samples, where the samples in the
dictionary are progressively replaced, the current
mini-batch is added and the oldest mini-batch is removed

¢ Denoting the parameters of f, (key) and 6 and those of
fy (Query) and 6, 0k is updated as; 0y <— mby + (1 — m)bq

® Only the parameters of 64 are updated by
backpropagation
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MoCo

¢ They use the InfoNCE contrastive loss function:

ey eXP(q ke /T)
! K yexp(q- ki/7)

the sum is over one positive and K negatives

e Can be used for different pretext tasks: images, patches,
set of patches

* The networks f; and f, can be identical, partially shared
or different
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PCL

In instance contrastive learning, they learn an embedding
with a contractive loss function (e.g., INfoNCE) that
includes one positive and N negative samples

¢ Prototypical Contrastive Learning (PCL) uses prototypes
and bridges contrastive learning with clustering

* Perform k—means on the features v; = fy(x;) given the
momentum encoder to obtain k clusters

® Prototype c; is the centroid of the i—th cluster

e Uses a similar loss as InfoNCE, considering r negative
prototypes, and clustering the samples M times with
different number of clusters: K = {kn}M_,
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PCL

n m
e(VI v/ /T) e(VI Cs /d)s)
Lprotonce = Y, — <Iog 27‘,,.,/7 Z log R
p =

e E-step: finds the distribution of prototypes via clustering
e M-step: optimizes the network via contrastive learning
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CURL

e Contrastive Unsupervised Representation for
Reinforcement Learning (CURL) uses contrastive
learning to maximize agreement between augmented
versions of the same observation (temporally sequential
frames)

¢ Main idea: Extract high-level features from raw images,
use constractive learning and perform off-policy control
on top of the extracted features

¢ Instance discrimination is performed over frame stacks
(instead of a single image)

e Employ random augmentation (cropping) across the
batch retaining spatio-temporal information (anchor and
positive)
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CURL

The constrastive representation is trained jointly with the
RL algorithm

The similarity measure is: sim(q, k) = q” Wk, where W is
a learned parameter matrix

InfoNCE loss learns encoders fy and fx mapping raw
anchors (query) x4 and targets (keys) xx into latents

q = fy(xg) and k = fi(xx) on which to apply the similarity
dot product, where it is common to have fy = f

They used momentum contrastive (MoCo) for encoding
the keys: 0x = mb, + (1 — m)bq
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CLIP

¢ |earns from scratch on a database of 400 million
(image,text) pairs

¢ Jointly train an image CNN and a text transformer to
predict the caption of an image

e For each batch of N (image,text) pairs, CLIP is trained to
predict all N x N pairs learning image and text encoders
to maximize cosine similarity of real pairs and minimize
cosine similarity of incorrect pairings
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CLIP
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Constrastive Learning

¢ |t has been used for audio, text and speech
e There are some works on multimodal domains

¢ In unsupervised learning it is still an open research
question how to distinguish between positive and
negative samples
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