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I Motivation

Active Selection:

Learning by Association : A versatile semi-supervised training method
for neural networks CVPR2017

Batch Mode Active Learning:

Submodularity in Data Subset Selection and Active Learning ICML2015



I Active Selection

Uncertainty :

A general assumption : Good embeddings will have a high similarity if

they belong to the same class

The uncertainty is measured on the similarity between labeled and

unlabeled examples.

Definition 1: The similarity between embeddings A and
B is defined as:

Aﬂ;j .= AE g Bj, (1)



I Active Selection

Uncertainty:
Definition 2: The probabilities from A to B by softmax-
ing M over columns is

P;}b = P(B,;|A;) = (softmax.os(M))ij,
= exp(My;)/ > exp(Myy). )
r

Thus, the association probability of starting at A; and end-
ing up at A; is
aba ab pba
P ij (P P )'zlj a
= > PR P, )
k



I Active Selection

Uncertainty:

The loss penalizes incorrect associations and encourages to correct the

distribution.

guﬂcertainty — L(T, Paba)a (4)
with the uniform target distribution
(1/|class A, class(A;) = class(A;),
7 [ V/llass(4) (49) = dlass(4),
0 otherwsise,

\



I Active Selection

Influence ( Representativeness) :

féﬂfﬁﬂ&ﬂce — L(K Piﬂf): (6)

where the influence probability of examples in B is P;nf

P’ and the uniform target distribution is defined as V;
1/|B].

Dynamic combination:

gsupervision — 5€uncertaiﬂty + (1 _ 5)£iﬂflu6ﬂce- (7)



I Active Selection Example
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Active Selection Example




I Batch Mode Active Learning

Which Examples to Query?

Choose from a batch of unlabeled examples U, which has the top Bt

highest score.

that m,(S) = SNNY = K %—yll for all y € ) after balancing
enforced and |S| = K.

Note: Use the most probable prediction y* according to the association

probability



I Batch Mode Active Learning

How to Query?

Use submodular functions to measure the utility of each subset

<

[ﬂ

IRIRREL B—1MEGREL , lBERMASSTITREIEN , ENEN TR
S5 ERNESRIR/N,

= A
=S

iR N2 ERE, — M FEEsE—ERE S 2" - R, BE 2YE1msEmn0, AR RESE s —.

51 X, YCOQRAXCYE 1z Q\YREITEFXU{z}) - f(X)> fFYU{z}) — f(Y).
5SS, TCQFIEF(S)+ f(T) = f(SUD)+ f(SNT).



I Batch Mode Active Learning

Define the submodular function

f(8) =) logp(x'ly";0(S)) + Y logp(y';6(S)),

teEN 1eN
Generative likelihood

SESNNY'

Prior likelithood

P(y56(9)) =m,(S)/IS| Hb, my($)= 31y =y}

IEN




I Batch Mode Active Learning

f(S) = 5? 5? max _w(-i,s)—FZmy(N) log m,,(S)

yeY icN'y SESNNY yEY

- "

oy

term 1:f(S) term 2

— |N|log|S|+ C
e e ~~

constant

term 3 F(S)

)

The first term is our submodular function:

f(§) = Sj 5? max w(i, S). (10)

yey ieNv SESNNY'

X f(S). (12)



I Algorithm

Algnrithm 1 BﬂtCh MDdE‘ Active Learning (ASCENT) some hyperpa rameters
1: Input: U, T, K, {5 }%;1, starting set of labels £
2: repeat « & which trades off the

3:  Training the classifier using the labeled set £, and

. L ; uncertainty and influence
derive the supervision score p’;

& U € argmax, i coul=s, 2. Pl of examples
weU . .
5. Obtain the most probable labels as the hypothesized ¢ {PBt} the size of candidate
t.
labels {Ju fuey: and ground seti/*; set U,, which trades off
6:  Instantiate f; : 24 — R, on the hypothesized label o
{fu}weyt and ground set U*; between the criteria of
7. Find L' € arg maxis|=x;scur\c f(S): supervision score and
8: L=LUL

9 untilt > T submodular objective f




I Algorithm for Classification and Clustering

Algorithm 2 ASCENT for Semi-supervised Classification

Algorithm 3 ASCENT for Semi-supervised Clustering

1: Input: The selected optimal subset at each time v; The
hyperparameters 3; The mode M ; The pool of unlabeled
examples DY The initial training set D~

2: repeat

3 V4 ASCENT(DY, v, D*, B)

& DL« Dluy

5. DY« DU\V

6: M+ M(D*)

7. until achieve the budget

8: return /.

1:

0

9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

Input: A set of data points D; the total number of
classes ¢; The selected optimal subset at each time v;
The hyperparameters /3.
Initializations: C = (; X = {X4, ..., ¢ }
repeat
m=SSC(D,C);
V=ASCENT(m, X, v, 5)
for each x; in V do
for each X; € X in decreasing order of probabil-
ify P(Xg = Ej) do
Query x; against any data points x;, € X;;
Update C based on returned answer;
if (x;,X, M) then
Y; = X; U {x; },break;
end if
end for
if no must-link is achieved then
[+ X =x32 =X U X,
end if
end for
until achieve the budget
return SSC(D,C)




I Experiments

« MNIST

- CIFAR-1073
- IMDB

- RCV1

Datasets: 3 S \ 3 é’ LIL 0 ? . g 7

OEKH€Qﬁm%H

Fig. 1. Samples from MNIST dataset and its variations



ASCENT vs. Baselines (ConvNet)

I Classification Experiments

Datasets
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I Classification Experiments
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Fig. 3. Comparison results of different active learning algorithms by

Fig. 2. Comparison results of different active learning algorithms by taking best k—NN as the base classification model on the datasets

taking ConvNets as the base classification model on the datasets



I Classification Experiments
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Fig. 4. Comparison results of different active learning algorithms by
taking label propagation (a-b) and learning by association (c-d) as the
base classification models on the datasets



Clustering Experiments

21(c; k)

NMI = \
H(c) + H(k)’

085 4 REND REND
L L B T e Bin-Mam
=i JLIEE [3E 4 =i [JLIEE
HFU A
] e FAGG e FAES
Lol i LIRASE i | IRASE

027 A

i 50T e ASCENT

= o1 = 026
= =

(.25 1
070

024

065 5

.23 1

b 1 2 * 4 & & 1 B & b 1 2 3 4 & & T & &

Active Learning Round

(a) MNIST

Active Learning Round

(b) RCV1

Fig. 5. The NMI of different methods on the datasets



I Clustering Experiments

Number of queries

Datasets  Methods 30 a5 50 75 90 105 120 135 150
RAND 0765010 0775015 0775010 0765010 0755010 0755013 0755011 0755010 05L011
Min-Max 0814008 080+0.10 079+0.09 0794007 0804009 0824006 0.84+0.00 0.84+0.00 0.84+0.00
QUIRE 0774010 0784008 0784006 080+0.06 0794001 0814010 0824001 0834011 0.83+0.02
MNIST  NPU 0814007 0824005 0834006 0.83+0.03 0841003 084+001 0851000 0.85+0.00 0.85+0.00
FASS 0814009 0834017 086+£001 0.86+£0.03 0871001 0871002 0871003 0.89+001 0.89+0.02
URASC 0814008 0834015 0854001 0.8640.05 0861001 0871003 087+0.02 0.88+0.05 0.88-0.03
ASCENT 0.82L010 0855001 0.8750.01 0.88L0.03 0881002 0.89L0.02 0891001 0901001 0.91L0.01
200 300 00 500 500 700 300 900 1000
RAND 0132002 013L001 0135002 0132001 014L002 01dL00T 0I14L002 014X002 014L001
Min-Max 0154004 0154002 0.15+0.01 0154000 0154002 0154001 0154000 0154001 0.15+0.00
QUIRE 0144003 0144002 0144001 0144000 0144001 0144000 0132002 0144001 0.14+0.01
RCV1 NPU 0164002 01740.02 0164000 0164001 0164001 0164000 0174001 0174000 0.17+0.00
FASS 0164001 0164001 0164001 01740.02 0164002 016+0.02 017+0.02 0174001 0.17+0.01
URASC 0164001 0164002 0164001 0.1640.00 0154001 0154002 0164000 0.16+0.00 0.16+0.00
ASCENT 0165003 0165002 0165001 0175002 0175002 0175001 0185001 0185001 0.18L0.01

F' — measure =

2 x Prediction x Recall

Prediction + Recall



I Experiments

Parameters Study
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Fig. 11. The effect of o



I Experiments

Parameters Study
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