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Ack.

Inspiracje do sajdow tego wyktadu
— Zhu J.: Semi-supervised tutorial - slajdy dostepne online
— M.Balcan oraz A.Blum - wyktady o co-training



Motywacja podejs¢ grafowych
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Graph based approaches

Zatozenie podobienstwa przyktadow ze wzgledu na rozne
cechy — prawdopodobienstwo, ze moga miec te same etykiety
klas

Dla wystarczajgco duzo przyktadéw etykietowanych —
podejscia NN sgsiedztwa

Kiedy dodatkowo duzo nieetykietowanych — pomyst na
stopniowe “przejscie” tzw. Stepping stones examples

Przyktad rozpoznawania liter [Zhu]

E.g.. handwrit ten digits [Zhu07)
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Graph-based approaches

e Skonstruowac graf, gdzie krawedzie t3czg najbardziej
podobne (wg. cech) przyktady

Nieetykietowane przyktady tgczg przyktady potencjalnie z tej
samej klasy
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Graph-based approaches
Unlabeled data can help “glue” the objects of the

same class together.

neighbor 3: color edge neighbor 4: color edge neighbor 5: face edge

Za: Person ldentification in Webcam Images: An Application of Semi-Supervised
Learning. [Balcan,Blum,Choi, Lafferty, Pantano, Rwebangira, Xiaojin Zhu], ICML 2005



Graf — sgsiedztwo przyktadow

Wezty X, + X,
Podobienstwo — obliczane na podstawie cech
— Graf k-nn, krawedzie najczesciej niewazone

— Graft peteniejszy, redukcja wg. odlegtosci, wazone krawedzie wg.
Kernela gausowskiego

Hipoteza: krawedzie o duzej wadze, przyklady o tych samych
etykietach



Pomysty na konstrukcje grafu

Empirically, the following works well:
1. Compute distance between i,

2. For each i, connect to its KNN. k very small but
still connects the graph

3. Optionally put weights on (only) those edges
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SSL via “Label Propagation”




Graph based labeling

Graf z krawedziami pomiedzy najblizszymi przyktadami
Rézne podejscia do etykietowania weztow
* Minimal cut
e Soft-cut
D S @)= SO
e Special graph partitioning
* Regularyzacja i optymalizacja

Penalizacja modeli f, w ktorych
nie zgadzajg sie etykiety
najblizszych sgsiadow




Przyktad podejscia

@ Assume the predictions on the entire data £ U to be defined by function f

@ Graph regularization assumes that the function f is smooth
=> Similar examples i and j should have similar predictions f; and f;

@ Graph regularization optimizes the following objective:
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@ First part is minimizing the loss on labeled data, second part ensures
smoothness of labels of labeled and unlabeled data
= Minimization makes f; and f; to be very similar if w;; is large

@ )\ is a trade-off parameter

@ Several variants and ways to solve the above problem (refer to the SSL
survey paper's section on graph based methods)

Wiecej w cytowanych wykladach



Label propagation

Called Label Propagation, as the same solution is achieved by
iteratively propagating labels along edges until convergence
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Note: here
A
color = classes
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[images from “Label Propagation Through Linear Neighborhoods™, Wang, Zhang, ICML 2006]



Uczenie sie w tzw. mainfold

* Mainfold - tzw. rozmaitos¢ n-wymiarowa

* Przejscie z danych wysoce-wielowymiarowych w
matowymiarowa i skorzystanie z podobienstwa punktow

Manifold Assumption

1. The data lie on (or close to) a low-dimensional manifold.
2. Its intrinsic distance is relevant for classification.
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[images from “The Geometric Basis of Semi-Supervised Leaming™, Sindhwani, Belkin, Niyogi

in “Semi-Supervised Learning” Chapelle, Scholkopf, Zien|

Algorithmic idea: use Nearest-Neighbor Graph



Uwagi nt. Oprogramwania

spojrz tez na

https://awesomeopensource.com/projects/semi-supervised-learning

‘ eea}‘,n Install User Guide APl Examples More ~

scikit-learn 0.22.2
Other versions

Please cite us if you use the
software.

1.14. Semi-Supervised
1.14.1. Label Propagation

1.14. Semi-Supervised

Semi-supervised learning is a situation in which in your training data some of the samples are not labeled. The semi-supervised
estimators in sklearn.semi_supervised are able to make use of this additional unlabeled data to better capture the shape of the
underlying data distribution and generalize better to new samples. These algorithms can perform well when we have a very small
amount of labeled points and a large amount of unlabeled points.

Unlabeled entries in y

It is important to assign an identifier to unlabeled points along with the labeled data when training the model with the fit
method. The identifier that this implementation uses is the integer value —1.

1.14 1. Label Propagation

Label propagation denotes a few variations of semi-supervised graph inference algorithms.

A few features available in this model:
¢ Can be used for classification and regression tasks
* Kernel methods to project data into alternate dimensional spaces

scikit-learn provides two label propagation models: LabelPropagation and LabelSpreading. Both work by constructing a
similarity graph over all items in the input dataset.



Wiecej — artykuty przegladowe

* J.Engelen, H.Hoos: A survey on semi-supervised learning.
Machine learning 2020.

e Zha et al.: Graph-based semi-supervised learning with
multiple labels (2009)

* Liuetal.: Robust and Scalable Graph-Based Semisupervised
Learning (2012)



