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Course Context

Machine learning studies the
design of models and training
algorithms in order to learn
how to solve tasks from data.
Whereas historically machine
learning has concentrated
primarily on static predefined
training datasets and
respective test scenarios,
recent advances also take
into account the fact that the
world is constantly evolving.
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unknown future.
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design of models and training
algorithms in order to learn
how to solve tasks from data.
Whereas historically machine
learning has concentrated
primarily on static predefined
training datasets and
respective test scenarios,
recent advances also take
into account the fact that the
world is constantly evolving.

Course Content

The course traverses the
fundamentals of lifelong
machine learning, spanning
methodology of how to
effectively learn in the
present, remember the
past, and anticipate an
unknown future.
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Learning Outcome

understand the breath of
factors relevant to lifelong
machine learning and their
biological inspiration

design methods to transfer
machine knowledge and
mitigate interference in
continual training

go beyond rigid train-validate-
test methodology towards
assessment of lifecycles

deal with unknown future
inputs and adapt machines to
diverse contexts
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Course requirements

« Basic understanding of the ideas behind machine learning

« We will revisit some select basics, if they are directly necessary to
understand the difference/importance to/for lifelong learning

* In-depth knowledge of algorithms will be beneficial, but is not a
requirement. It is recommended you catch up on “standard”
algorithms if you realize you do not know them

 Lecture attendance will not be checked - but experience shows
that attendance is strongly correlated with positive exam outcomes
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Course format
 Twice a week: Mon 16:00 - 18:00 & Wed 10:00 - 12:00

« Suggestion: start 15 past (CT), no break, end 15 to the full hour
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Course format
 Twice a week: Mon 16:00 - 18:00 & Wed 10:00 - 12:00

« Suggestion: start 15 past (CT), no break, end 15 to the full hour
* We will have tutorials every second week: 6 tutorials in total
* The first tutorial is on April 23rd (Wed 10-12)

 Discounting the 1st week, we thus have 3 lectures & then 1 tutorial
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Course format
 Twice a week: Mon 16:00 - 18:00 & Wed 10:00 - 12:00

« Suggestion: start 15 past (CT), no break, end 15 to the full hour

* We will have tutorials every second week: 6 tutorials in total

* The first tutorial is on April 23rd (Wed 10-12)

 Discounting the 1st week, we thus have 3 lectures & then 1 tutorial

* We likely need to split the group & find a 2nd tutorial slot
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Tutorials

« Hands-on practical exercises for the lecture topics

 Tutorials require basic knowledge of Python

Tutorials held by

OWL-ML member
Subarnaduti Paul
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Tutorials

« Hands-on practical exercises for the lecture topics
 Tutorials require basic knowledge of Python

 Tutorials are designed to use Google Colab Notebooks.
Colab’s GPU compute is sufficient to solve the tutorials

« Content varies from “fill in the gap” & “code a function”

7 ' ' . ” “ g ” Tutorials held by
to “experiment with settings” & “discuss results OWLML member

Subarnaduti Paul
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Tutorials

« Hands-on practical exercises for the lecture topics
 Tutorials require basic knowledge of Python

 Tutorials are designed to use Google Colab Notebooks.
Colab’s GPU compute is sufficient to solve the tutorials

« Content varies from “fill in the gap” & “code a function”

7 ' ' . ” “ g ” Tutorials held by
to “experiment with settings” & “discuss results OWLML member

Subarnaduti Paul
« Each student must present a solution (attempt) for one

exercise sub-task at least once in one of the tutorials
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Course Materials

e Slides + recommended materials are sufficient:
https://owl-ml.uni-bremen.de/teaching/LLML25/

tutorials: https://github.com/OWL-ML/LLML25-
tutorial _notebooks (see also note on StudIP)



https://owl-ml.uni-bremen.de/teaching/LLML25/
https://github.com/OWL-ML/LLML25-tutorial_notebooks
https://github.com/OWL-ML/LLML25-tutorial_notebooks
https://github.com/OWL-ML/LLML25-tutorial_notebooks
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Course Materials

e Slides + recommended materials are sufficient:
https://owl-ml.uni-bremen.de/teaching/LLML25/

tutorials: https://github.com/OWL-ML/LLML25-
tutorial _notebooks (see also note on StudIP)

* |t is a rapidly evolving field & consolidation of
works is still largely ongoing

« Potentially helpful, but limited & short book:
“Lifelong Machine Learning” by Chen & Liu

LR

% MORGAN &CLAYPOOL PUBLISHERS

Lifelong
Machine

-

Learning "

Second Edition

Zhiyuan Chen
Bing Liu

SYNTHESIS LECTURES ON ARTIFICIAL
INTELLIGENCE AND MACHINE LEARNING



https://owl-ml.uni-bremen.de/teaching/LLML25/
https://github.com/OWL-ML/LLML25-tutorial_notebooks
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Course Culture

* This course balances “well-known” foundations with many state-
of-the-art frontiers. Expect to not always receive an answer

* Interrupt and ask questions!
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Course Culture

* This course balances “well-known” foundations with many state-
of-the-art frontiers. Expect to not always receive an answer

* Interrupt and ask questions!

* | will be asking you questions several times in every lecture:
please participate actively to make it more fun

« Don’t worry about “wrong” answers or “nonsensical thoughts”.
One goal of the course is to understand how challenging ML
really is & that we sometimes pretend to have answers
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Let’s start with questions right away!

What is machine learning?
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The conventional, static ML workflow

“A computer program is said to learn from experience E with
respect to some class of tasks T and performance measure P,
if its performance at tasks in T, as measured by P,

Improves with experience E”.

Machine Learning,
T. M. Mitchell, McGraw-Hill,1997



) &= o I

Training and test splits

“The result of running the machine learning algorithm can be
expressed as a function. The precise form of the function is
determined during the training phase, also known as the learning
phase, on the basis of the training data.

Pattern Recognition and Machine Learning,
C. M. Bishop, Springer 2006,
example on image classification: introduction page 2
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Training and test splits

“The result of running the machine learning algorithm can be
expressed as a function. The precise form of the function is
determined during the training phase, also known as the learning
phase, on the basis of the training data.

Once the model is trained it can then determine the identity of new
Images, which are said to comprise a test set. The ability to
categorize correctly new examples that differ from those used for
training us known as generalization’.

Pattern Recognition and Machine Learning,
C. M. Bishop, Springer 2006,
example on image classification: introduction page 2
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Error functions & learning

Figure 1.3 The error function (1.2) corre-
sponds to (one half of) the sum of
the squares of the displacements o
(shown by the vertical green bars)
of each data point from the function

y(z, w). / y(:z:n,w)

Pattern Recognition and Machine Learning, C. M.
Bishop, Springer 2006, example on polynomial curve } >
fitting: intro page 7 Ln
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Underfitting and overfitting

Pattern Recognition and Machine Learning, C. M.
Bishop, Springer 2006, example on polynomial curve
(Over')f|tt|ng IntFO page 8 Figure 1.4 Plots of polynomials having various orders M, shown as red curves, fitted to the data set shown in

Figure 1.2.
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Underfitting and overfitting

“Intuitively, what is happening is that the | N/ \\

more flexible polynomials with larger ° - °

values of M are becoming increasingly ; -5 :
tuned to the random noise on the target

values”. 1

Pattern Recognition and Machine Learning, C. M.
Bishop, Springer 2006, example on polynomial curve
(Over')f|tt|ng IntFO page 8 Figure 1.4 Plots of polynomials having various orders M, shown as red curves, fitted to the data set shown in

Figure 1.2.

0 T 1 0 T 1
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Underfitting and overfitting 1

—©— Training
—— Test

“Intuitively, what is happening is that the

more flexible polynomials with larger Z
values of M are becoming increasingly & 051
tuned to the random noise on the target
values”.

0 .

0 3 M 6 9

Pgttern Rec'ognition and Machine Learning, C M. Figure 1.5 Graphs of the root-mean-square
Blshop,.Stprln.ger 2006, example on polynomial curve error, defined by (1.3), evaluated
(over-)fitting: intro page 8 on the training set and on an inde-

pendent test set for various values
of M.
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Have these machine learning fundamentals
changed in the “deep learning era”?
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Underfitting and overfitting

It is still the picture of the
“deep learning era”?

= - Training error
-~ (Generalization error

\ /
\L I Generalization gap

~—
—

Deep Learning, Goodfellow, Bengio, I B A

1

Courville, MIT Press 2016, Machine 0 Optimal Capacity
Learning Basics chapter, page 112. Capacity

Underfitting zone | Overfitting zone

Or have things changed with
large data amounts & large
compute availability?

Error
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Deep Double Descent:

« With increased model size,
performance first gets worse,
then gets better

Nakkiran et al, “Deep Double Descent: Where
Bigger Models and More Data Hurt”, ICLR 2020

LR

Overcoming Overfitting?

Classical Regime:
Bias-Variance Tradeoff

Modern Regime:
Larger Model is Better

A A — -
[ \V4
. D —
05 X TesF
o) ! Train
t 1
wJ 04 -
k= :
© 0.3 !
— 1
- N Interpolation
0.2 \ ! Threshold
- 1
0
— 0.1 ‘\-.:
N
0071 10 20 30 40 50 60

ResNetl8 width parameter
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Deep Double Descent. Overcoming Overfitting?

« With increased model size,
performance first gets worse,
then gets better

« Similar “deep double descent”
phenomenon when increasing
training steps

Nakkiran et al, “Deep Double Descent: Where
Bigger Models and More Data Hurt”, ICLR 2020

Test Error

----------------------------------------------------

Model-wise
1k Double Descent

Epoch-wise !
Double Descent ;

Epochs
o
o

1 15 30 45 60
ResNetl8 Width Parameter

0.8

0.6
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What do you think are the goals of ML?
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Goals of the static ML workflow

“Of course, when we use a machine learning algorithm, we do not
fix the parameters ahead of time, then sample both datasets. We
sample the training set, then use it to choose the parameters to
reduce training set error, then sample the test set.

Deep Learning, Goodfellow, Bengio, Courville, MIT Press 2016,
Machine Learning Basics chapter, page 108.
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Goals of the static ML workflow

“Of course, when we use a machine learning algorithm, we do not
fix the parameters ahead of time, then sample both datasets. We
sample the training set, then use it to choose the parameters to
reduce training set error, then sample the test set.

The factors determining how well a machine learning algorithm will
perform are its ability to:

1. Make the training error small.

2. Make the gap between training and test error small’.

Deep Learning, Goodfellow, Bengio, Courville, MIT Press 2016,
Machine Learning Basics chapter, page 108.



) s T

ML = finding a large dataset & right model?

e

20 L2 L LR A | T LA A R | T LA L L A | L) LA BB A | T LB B LR |
. ' . '

[—
(W]

ot

Optimal capacity (polynomial degre
=

10 10 102 10° 10° 10°

Number of training examples

Deep Learning, Goodfellow, Bengio, Courville, MIT Press 2016,
Machine Learning Basics chapter, page 114.
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How are datasets acquired & composed?
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Controlled: systematic, but small

Image Object pose Illumination direction
number || Frontal | 22.5° | 22.5° || Frontal | ~45° ~ 45 °
right left from top | from side
1 X X
2 X X
3 X X
4 X X
5 X X
6 X X
7 X X
8 X X
9 X X

Table 3: The labeling of images within each scale in the KTH-TIPS database.

LR

Hayman et al, “On the significance of real-world conditions for material classification”, ECCV

2004 & Fritz, Hayman et al, “The KTH-TIPS database”, technical report 2004
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Larger: more diverse, partially uncontrolled

Candle Oy \TBI Cannon  Spider Web

Object Scale :

Stocking

Lizard

Mushroom Strawberry
[T

Number of Instances

Compass Racket Minivan  Steel Drum

Image Clutter '

Canoe

Pill BottleHorse-cart Monl\e\

Detormability

Russakovsky & Deng et al, “ImageNet Large Scale Visual Recognition Challenge, [JCV 2015,
(challenges since 2010)
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Larger: try to ensure reasonable data splits

LR

through complex collection + filtering processes

Train

Val, Test

Pos: ILSVRC Neg:
2012 train additional
images for the + images,
detection object mostly from
classes Flickr
288,661 total 109,364 total
ILSVRC 2012 Images with target

val, test for
the detection
object classes

object occupying
2 50% of image

area

\

I

77% (15,522 val and 30,901 test)

+

23% (4,599 val and 9,251 test)

Images fully annotated

Additional images
from Flickr using
generic queries
(added in 2014)

60,658 total

Additional images
from Flickr using
generic queries (e.g.,
“kitchenette,”
“Australian zoo")

Y

Russakovsky & Deng et al, “ImageNet Large Scale Visual Recognition Challenge, IJCV 2015,
(challenges since 2010)
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Larger: filtering often done through
crowdsourcing: checking annotator "agreement”

<« Is this a cliff scene? | Instruction Is thiS a Cliﬁ scene?

Definition: a high, steep or overhanging face of rock. Definition: a high, steep or overhanging face of rock.

Task

For each of the 810 images, answer yes or no to the above question. Only answer Yes to real
photos. Always answer No to cartoon, drawing, CG rendering, or real photos with a large text
overlay on the photo. Here are some examples:

No Single Object No Text Overlay No Drawing No Screenshot No Graphics No Bad Photo

=N
Wwalibab |‘?

Drawing or
Painting

Zhou et al, “Places: An Image Database for Deep Scene Understanding”, J.Vision 17, 2016
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“As much as we can get”: crawling (+ filtering?)

Common Crawl Comimon Craw} " Filering. (mage-Text Pars Filering. S Store Data
maintains a free, open =l @
repository of web crawl — ||

= S
clata that can be used by T
anyone Figure 2: Overview of the acquisition pipeline: Files are downloaded, tracked, and undergo
Common Crawl s a 501(c)(3) non-profit founded in 2007. distributed inference to determine inclusion. Those above the specified CLIP threshold are saved.

Schuhmann et al, “LAION-5B: An open large-scale dataset for training next generation image-
text models”, NeurlPS 2022



@ Bremen @WIL@LM&&

Should our primary goal be the solution to such
benchmarks? (What are we “solving”?)
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"Solving” benchmarks

A very big emphasis has been on
getting better numbers on benchmarks

ImageNet is a prime example, where
models & compute got bigger and more
accurate over time

Top-1 accuracy [%]

75 1

70 A

55

LR

T SE-ResNeXl-50(3.2x4d) Xcepllon lr:;:‘:):ﬁ:tvga Jaupa:met jarer S
SE-ResNet- |o1 &esNel 152 Xt-101(64x4d)

SE-ResNet$0 _ Inception-v3

DenseNet-201@) QenseNe( 161

®  Oreshet
DualPathNet-68

DenseNet-121
® NASNet-A-Mobile

BN-lncg)hon

® MobileNet-v2

ResNet-18
o ©
MobileNet-v1
ShuffleNet

.GoogLeNel
V,

SqueezeNet-v1.1
® SqueezeNet-v1.0

' AlexNet

@ ResNet-34 VGG-13_BN

NASNet-A-Large

SE-ResNeXt-101(32x4d)
Inception-ResNet-v2

ResNeXt-101(32x: esNet-152
sNet-101 FB-ResNet-152

50 'Caffe-ResNel~101 VGG-19_ BN
DenseNet-169 VGG-16_BN

VGG-11_BN '
VGG-19
VGG-16

VGG-13

VGG-11

1M 5M 10M 50M 75M  100M 150M

10 15 20 25
Operations [G-FLOPs]

Bianco et al, “Benchmark Analysis of Representative Deep Neural Network Architectures”,

|IEEE Access, 2018
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A continued trend: up to 2020

( )

# Citation

= ,(
500

100M

# Parameters (in log scale)

Li & Gao, “A deep generative model trifecta: three advances that work towards harnessing large-scale power,
Microsoft Research Blog, 2020:
https://www.microsoft.com/en-us/research/blog/a-deep-generative-model-trifecta-three-advances-that-work-
towards-harnessing-large-scale-power/
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A continued trend:
“explosion” after 2020

1200 GPT-4
(~1T)
= 1000
g Megatron Turing
g 5 800 (530B)
“w c
S o 600
T E
(=} © 400 GPT GPT-2 Turing NLG
= © (0.11B) (1.58) (17B)
Q .
Transformer BERT Megatron LM |
#® 200 o055 l (0.34 B) J (8.3B)
0+ + * i - - -
Jan-17 Jan-18 Jan-19 Jan-20 Jan-21 Jan-22 Jan-23

Time

Jan-24

https://medium.com/@gladabhi/optimize-cost-to-host-
lIm-with-sagemaker-async-endpoints-1a6755e458c5
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THE DRIVE TO BIGGER Al MODELS

The scale of artificial-intelligence neural networks is growing exponentially, as measured
by the models’ parameters (roughly, the number of connections between their neurons)*.

® Language Image generation @ Vision @ Other

1 trillion D e
100 billion SRS DR, (8

10 DIlION goeeoerreeeresrcenntencnnieccantanieersoisasecnsnnanssessansacsssusscscsesssserseessssasesassssagguossans

1 DILLION w2+ seereeemeemeeeemeasesen e et et et ettt es et se et n e ene e B

100 million ; ............................................................................... ol

10 m|ll|0n§ ................................................................................ e ---E... ) - EETPRRIS

: Py ]
T MIllION e @ i B eassnnszense] - A .

(log scale)

TO0,000 g ++++++wesexseasosersensussassassosasansesssssnssssssenssassssassnssnsases ;‘.....u.'.o ........... TN

Number of parameters

£ [0 FESS S (e [ O e I s R
1950 1960 1970 1980 1990 2000 2010 2020

*'Sparse’ models, which have more than one trillion parameters
but use only a fraction of them in each computation, are not shown.

Source: Adapted from Our World in Data, and from J. Sevilla et al. Preprint at
https://arxiv.org/abs/2202.05924 (2022).
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Data and model centrism

It’'s often “either” models or data

For example, ImageNet has remained
largely static* over time

(* excluding some concerns over fair
representation and filtering)

1.5 -
; Dataset Size
Py
o
g A - e
L]
3=
300 )
N Model Size o
" Inception ResNet-v2
o
& 150 ResNet-101
S ResNet-50
VGG
* AlexNet .
‘ # Paramaters
12000
' GPU Power
o /
a
© 6000
i
] O

2012 2013 2014 2015 2016

Sun et al, “Revisiting Unreasonable Effectiveness of Data in Deep Learning Era”, ICCV 2017
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Data and model centrism

Or conversely, a model is picked (here
a transformer) and datasets are
extended

Example from ImageNet to the (non-
public) JFT 300M & JFT-3B

There are now many companies and
large-scale models that profit primarily
from more and larger data sets

------

301

20

ImageNet finetune error rate [%]

10 4

LR

30M o 300M - @ 1B -4 3B
.:
‘t 3
\\' ¢!
« @ ®e
N
\
\
\
\\Q
O
&\ @9
\
N
N
N\
~
~
~
\\\
- \§\

E=0.09+0.26(C+0.01 )_” » S -

10" 10! 10? 10° 10*
Compute (TPUv3 core days)

Zhai et al, “Scaling Vision Transformers”, CVPR 2022
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How are (the parameters of) machine learning
models optimized (learned)?
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Optimization: risk & loss

What we would like to generally do is the
following scenario:

Find a hypothesis or decision procedure:
O: X - A

and define the risk or expected loss as:
R(0%,0) = E,pjo+) [L(@*, 5(D))] Machine Learning

A Probabllistic Perspective

Kevin P. Murphy

Where D is data from the true
distribution, represented by parameter 6* Pages 197-209
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What makes this approach challenging?
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Optimization: risk & loss
R(H*, 5) — [Ep(Dle*) [L(g*a 5(D))]

(Some of) the challenges:

« Cannot actually compute above risk (usually don’t know the
distribution)

« Besides: if we think of e.g. binary classification, i.e. a 0-1
measure, it can be hard to optimize as it is not smooth

We will learn about some additional challenges later throughout the
course, or rather, the consequences of the assumptions we make
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Optimization: risk & loss

R(6*,0) = [Ep(lj|9>x<) [L(H*a 5(D))]
Instead: R(p*,0) = [E(x,y),\,p* [L(y, 506))]

-> look at the true but unknown response & predictions 6(x) given
an input x.
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Optimization: risk & loss

R(6*,0) = [Ep(lj|9>x<) [L(H*a 5(D))]
Instead: R(p*,0) = [E(x,y),\,p* [L(y, 5(X))]

-> look at the true but unknown response & predictions 6(x) given
an input x.

As we still do not know the true distribution, we use empirical

N
estimates: Remp(D, 0)=1/N 2 L(y;, o(x;))
i=1
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Optimization: risk & loss

N
Rop(D.8) = 1/N Y L(y;, 5(x,))

i=1
We then usually chose a loss function, e.g. the mean squared error
(supervised):
L(y, 6(x)) = (y — 6(x))”

or similarly an unsupervised reconstruction:

L(y,8(x) = ||x = 8(x)| |3
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Can you explain an algorithm to make use of the
loss to tune model parameters?
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Optimization: (stochastic) gradient descent

There are various optimization algorithms, the most popular ones
are perhaps: (Stochastic) gradient descent - SGD and expectation

maximization (EM)
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Optimization: (stochastic) gradient descent

There are various optimization algorithms, the most popular ones
are perhaps: (Stochastic) gradient descent - SGD and expectation
maximization (EM)

Let us consider (S)GD here, as the “workhorse” underlying a lot of

deep learning:

* In the simple form, a first order optimization algorithm to find a
minimum of a differentiable function

* Achieved by iteratively taking (small) steps in the gradient
direction of a function f in the direction of fastest decrease:

Xup1 = %y — AVF(x,)  where  f(x)) > () > ... > f(x,)
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Optimization: (stochastic) gradient descent
We can easily transfer this concept to the idea of parameters and

N
losses: L(0) = 1/N Z Ly(x;))
i=1
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Optimization: (stochastic) gradient descent

We can easily transfer this concept to the idea of parameters and

N
losses: L(0) = 1/N Z Ly(x;))
i=1

Then iterative updates become (where in neural nets we

N
backpropagate gradients): 0 < 0 — AVL(O) =0 — /I/NZ VL(0)

We will (need to) revisit the benefits and limits of this optimization
perspective later in the course, but for now assume it as a standard
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Do you see any challenges arising from such an
optimization based framing?
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Intuitive summary: the static ML workflow

Datais fed as input and
the algorithm configured
Preparing datais a with the required
crucial step and involves parameters. A percent of
building workflows to the data can be utilized to
clean, match and blend train the model.
the data. ‘

Define Collect Prepare Select Train Test Integrate
objective Data Data Algorithm Model Model Model

Collect data from Depending on the The remaining data is utilized to test

hospitals, health problem to be solved and the model for accuracy. Depending

insurance companies, the type of data, an on the results, improvements can be

social service agencies, appropriate algorithm performed in the “Train model”

police and fire dept. will be chosen. and/or “Select Algorithm” phases,
iteratively.

Figure from https://www.congrelate.com/get-workflow-machine-learning-images/

Publish the prepared
experiment as a web
service, so applications
can use the model

Identify the problem to
be solved and create a
clear objective.
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What if we want to continue learning?

Task X

Task A Task B Task C Task B

How do we identify new tasks, add more categories, learn multiple
tasks, change the model structure, order data, distinguish known
from unknown concepts, ensure learning efficiency, maintain

knowledge over time ... ?

Kudithipudi et al, “Biological underpinnings for lifelong learning machines”, Nature Machine
Intelligence (4), 2022
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Question Time

Can we turn the static workflow into a “circle”?

jONS Pr
3t Pay
S Oe
S

Machine Learning
Workflow

/oy 1 P00

Wn\xor Predicﬁo"s

>

/%oéy J
e ot
°/dsa \ap()“a
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Why is a lifelong ML workflow hard?

ons Pr,
eﬁe‘s e'ot?/-@
Q’bg C/2
Ng 7
Yes! And there are many § g But, it will also turn out
reasons why we should g Machine Learning E that this is MUCH harder
. . . S Workflow gg
move in that direction! 5 g than perhaps expected
% \)\@y
(¢) 'foldeo \apo\:\\ 9\)0\'

Mundt et al, “CLEVA-Compass: A Continual Learning Evaluation Assessment Compass to
Promote Research Transparency and Comparability”, ICLR 2022
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Why is a lifelong ML workflow hard?
Light: “Static” - Dark: “Continual” questions

Data: Amount? Selection?
Diversity? Ordering? Shift?
R "=,  Redundancy? Noise?
&,S‘ ()
§ 3
g ®
5 Machine Learning =
) Workflow 32
S 2
“ &Q’W
% o

Mundt et al, “CLEVA-Compass: A Continual Learning Evaluation Assessment Compass to
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Settles (2009): “The key hypothesis
in active learning (sometimes . choose data instances maximize performance
called “query learning” or Active
“optimal experimental design” in Lea.rning
the statistics literature) is that if the to include continuously on all sequential tasks
learning algorithm is allowed to
choose the data from which it learns
- 10 be “curious”, if you will - it will
perform better with less training.”
&
N S
& &
¥ &
NS &
NS &
& &
&
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Hacohen & Weinshall (2019):
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difficulty of the training examples, Leammg
in order to sample each mini-batch

non-uniformly and thus boost the

rate of learning and the accuracy. L O . s Y

aggregating locally-computed
updates. We term this decentralized
approach Federated Learning.”
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Wang et al. (2020): “is a rype of
machine learning problem
(specified by experience E, task T
and performance measure P),
where E contains only a limited
number of examples with
supervised information for the
target T. Methods make the learning
of target T feasible by combining
the available information in E with
some prior knowledge.”

Pan & Yang (2010): “A domain D
consists of two components: a
Sfeature space X and a marginal
probability distribution P(X),
where X = {z,...,z,} € X.
Given a source domain Ds and
learning task Ts, a target domain
Dr and learning task Tr, transfer
learning aims to help improve
learning of the target predictive
function fr() in Dr using the
knowledge in Dg and Ts, where
Ds # Dr,or Ts # Tr. "

Pan & Yang (2010): “Given a
source domain Ds and a
corresponding learning task Ts, a
target domain D and a
corresponding learning task Tr,
transductive transfer learning aims
to improve the learning of the target
prediction function fr() in Dr
using the knowledge in Ds and Ts,
where Ds # Dr and Ts = Tr.”
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in order to sample each mini-batch
non-uniformly and thus boost the
rate of learning and the accuracy.
It is based on the intuition that it
helps the learning process when the
learner is presented with simple
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target domain D and a
corresponding learning task Tr,
transductive transfer learning aims
to improve the learning of the target
prediction function fr() in Dr
using the knowledge in Ds and Ts,
where Ds # Dr and Ts = Tr.”
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Wang et al. (2020): “is a rype of
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