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o ""*“""":J (Supervised Learning )
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« TWMBFZ] (Unsupervised Learning )
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- B F>] (Weakly supervised Learning )
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o ZTPHBIFEER (fREZHE. AHUES. FEHHS )
incomplete inexact inaccurate
supervision supervision supervision

watermelon 2 Watermelon watermelon watermelon

watermelon pineapple

It is worth mentioning that in real practice they often occur at the same time.
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“weak supervision” is very common

* incomplete * inexact

Image classification Important target detection
It is easy to get a huge number of Usually we only have
images from the Internet, but only image-level labels rather
a small subset of images can be than object-level labels.

annotated due to the human cost.

* inaccurate
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Crowdsourcing data analysis

when the image annotator is
careless or weary, or some
images are daiifivalt to
categorize.
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The point is
removed from
Suspicious point? — the training set
The point
|s relabelled
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SHAZSE

- EEESIIEL(Low-density Separation): HilllZ:(Self-training)

Step 1 Step 2

Step 3

Labeled Training Data

Generate

Train “Pseudo-Labels”

Classifier with Classifier

Predictions

Combined Labeled Training
and “Pseudo-Labeled” Data

Re-Train Classifier on
Labeled + "Pseudo-
Labeled” Data

Step 4

Labeled Test Data

Make Test
Predictions

Evaluate
Classifier
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SHAZSE

Self-training

* Given: labelled data set = {(x",$")}R_,, unlabeled data set = {x*}Y_,

* Repeat:
Train model f* from labelled datase () ()

You can use any classification model here (can not use regress

* Apply f* to the unlabeled data set

* Obtain {(x*, y*“)}i_, Bhisisasuesill
Remove a set of data from unlabeled data set, and add them into the

labeled data set

How to choose the data set remains open

1. 9 .8 13

16



SHAZSE

Hard label v.s. Soft label

Considering using neural network
6" (network parameter) from labelled data

\ 1]
Class | ‘ New target for x* is [O

P
W ’ 3
X -}ﬂ.[g; Hard label: It looks like class 1, then it is class |
5

N
? 70% Class l’ New t><f0r x5 is [0 3]

V
% 30% Class 2
Soft label: Doesn’t work ...
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SHAZSE

Self-training: Entropy-based Regularization

Entropy of y* : Evaluate how concentrate the distribution y" is

5
Distribution of y* E(y") = - z YmIn(¥m)
m=1

y“J Good! E(y“)=0
v o [ i 3343 L=) LG5 +2) EGY)
yu Good! l E(yY) = x7 Xt
labelled data  unlabeled data
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SHAZSE

- e ST EE(Cluster and then Label)

Smoothness Assumption

* Assumption: “similar” x has the same y

* More precisely:
* x 1s not uniform.
« If x! and x? are close in a high density region, $! and $? are the same.

connected by a high density path
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SHAZSE

el 5T Eik(Cluster and then Label)

" x1 and x? are connected by a high density
+| path
2 X S . x1 and x? have the same label

. x2 and x2 are not connected by a high density
path
. x2 and x2 have different labels

--------

2

PR

“indirectly™ similar with stepping stones
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Sz EinFEi%(Cluster and then Label)

Cluster and then Label

2

@ Class 1

@® Class?2

Using all the data to learn a classifier as usual
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SHAZSE

X

15 iE(Graph—-Based Approach)

Graph Construction

- Define the similarity s(x?, x/) between x! and x/
s(xt, %) = exp (—vllx — x/|[%)

* Add edge:
K Nearest Neighbor e-Neighborhood
O O S
Q QO k=3 = : “‘,O
o ) c®
O O O O St e O

« Edge weight is proportional to s(xi, x4 )

22



SHAZSE

- EFBEMRHIE(Graph-Based Approach)

Graph-based Approach

Define the smoothness of the labels on the graph

1 . .
5§ = EZ w.-,_,(y‘ — y*')z = yTLy <:j Depending on model parameters
b

1 . (02
§= EZ wij(y' - ¥7) <j Smaller means smoother
"< For all data (no matter labelled or not) y: (R+U)-dim vector
, , T
y= [...}r[ ...J,lJ ...]
L: (R+U) x (R+U) matrix | Graph Laplacian

L=D-W

y ¢ 0.2 3 0 5] 0 0 0
_f2 01 0 H_[03 00

L "=[3 101 P%fo 05 o0
0.0 10 0 0 01

L= Z Liy",97) +AS<:| As a regularization term
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— 1B 1R7(Speech Recognition)

— SZ7N43 #(Text categorization)

— 1B M Mr(Parsing)

— SRR IE (Video surveillance)

— EB RSN (Protein structure prediction)
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