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Active Learning
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Figure 1: The pool-based active learning cycle.



Uncertainty Sampling

If sample x; get the maximum vote on class p and second
maximum vote on class ¢, namely

p = arg max {v;}
J=ly.5c€

g= argmax {v;}
j=1,...,Co j#p

The difference between the maximum vote and the sec-
ond maximum vote is

unc; = vip — Vig (2)

unc; is able to measure uncertainty of sample x;.
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Query Strategies

Representative (Density) Sampling

For any x; € U, define its k nearest neighbors from U as

Xi,j = 1,..,k,x; €U. The average distance from x; and its

k nearest neighbors can be computed:

L ' 2 .
den; = z;h, - x; | (3)

We use den; to measure the density of sample x;.




Query Strategies

Diversity sampling
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For any x; € U, compute the distance between X; and its ] .
nearest labeled neighbor: (3) Entire Data Distribution
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(d) Diversity Sampling

(c) Uncertainty Sampling

Fig. 3: Comparison of different sampling strategies, where 24 samples
are selected in each of (b), (¢) and (d).




Learning to Sample: an Active Learning Framework

Jingyu Shao, Qing Wang and Fangbing Liu
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Learning to Sample: an Active Learning Framework
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Fig. 2: The overall framework of Learning To Sample (LTS)




Learning to Sample: an Active Learning Framework

Boosting model

More specifically, the individual results of the first -1 func-
tions are combined to predict the label of an instance at the
(£-1)-th iteration such that:

g =Y fO)z). (1)

Then, the t-th function f'*’ is trained on the actively selected
training subset 7'%) by minimizing the following objective
function:

Z 11(.!-[:"—1:' A% f“'(_l‘.)-y,) X Szl(.fljl'l')

‘:;-l'x-yn :"‘I”I.lr'

(2)




Learning to Sample: an Active Learning Framework

Sampling model

k

i | () s f where k = |X;/’|, v = (v1,...,u)" € {0,1}*, and each
maximize E vi9 I‘J‘,] +a x 1 (v) v; 1s associated with an instance z; & .\',':»“. When v; = 1,
i=] it indicates that z; is selected as a sample, and conversely,

. N v; = 0 indicates that z; is not selected. The term ¢'*'(x;
subject to ||v||; = |A"] g &)

indicates the uncertainty score of an instance z; which is
predicated by a regressor ¢'*’, and the regularization term I'(v)




Learning to Sample: an Active Learning Framework

Uncertainty Sampling:

Algorithm 1: Learning To Sample (LTS)
Z wi (g (x;), 2,") + Qa(g?) Input: X with  groups, i.e. Zle XZ.(O) = X; label budget (;

(x:.2{) A Balancing parameter «; Number of iterations n;
Output: A boosting model F
t Initialize T = §
2 Select a set of seed samples A”) from k groups to maximize I'(v) , where [A)| = %
sfort=1...,ndo
3 ¢ | Update T® = 701 4 A1)
i) = [ellan = Z Iv51l= 5| Train an additive function {1 by minimizing the objective in Eq. 2 using T (t)
i=1 6 | Generate a training set A"
7| Train a regression function ¢ by minimizing the objective in Eq. 5 using A*

8 | Update X,i(t) ={1¢€ Xl.(t'l))x ¢ AU-DY where i=1,...,k

Diversity Sampling:

!

|

o | Select a st of samples A1) from Y, X'") by maximizing the objective in Eq. 4, with |A()] =

n




Learning to Sample: an Active Learning Framework

Experiments
{a) Mnist (b) Adult
0.9
0.8
§ 0.7
:.3: 0.6 TABLE I: Characteristics of datasets
o
< os I Classification Tasks | Datasets # Attributes  # Instances (|X|) # Classes Types of Labels Class Imbalance Ratio I
0.4 Image classification | Mnist 28 x 28 60,000 10 10 digits (i.c. 0-9) N/A
0.3 PP A A P Salary level prediction | Adult 14 48,342 2 {above 50k, not above 50k} 1:3
- @ S B BER " ™ v P .= N~ |
SRy oAb S Cora 12 837,865 2 {match, non-match} 1:49
Label budget % Label budget 36 iy resluion | DPLP-Scholr 4 168,112,008 2 {match, non-match} 1:71233
(€} Mnist (d} Adult : DBLP-ACM 4 6,001,104 2 {match, non-match} I : 2,698
= o.e4 NCVoter 18 10M 2 {match, non-match} 1:420
0.82
D= 0.80
()
iy 0.78
=
;d 0.76
0.74
0.72
0'3-» N o~ AMm B S oo o.m.&' :\, vy N uM S S0 .0
o oS O ~ NS W S O > ~ VM Y
Label budget %% Label budget %




Experiments
TABLE II: Comparison of f-measure results for entity resolution tasks under different label budgets
i Label B.udg.ct < CART xXG XG4RS XG + US XG+LTS XG + DS XG = LTS(E)
(e of | X ) a =0 a = 0.5 ] a =1 l a=2 ] a =5 @ —» OC o =1
0.01 0 O ) 0 0.637 0857 0.861 0.867 0.878 0.862
0.05 0.741 0.763 0.750 0.827 0.851 0.864 0.870 0.883 0.885 0.867
Coisi 0.1 0.788 0.796 0.787 0.823 0.863 0.862 0873 0.887 0.886 0.870
05 0.848 0.835 0.835 0.873 0.893 0.900 0.895 0.895 0.893 0.890
I 0.368 0878 0.880 0.870 0.896 0.902 0.9043 0.898 0.894 0.896
5 0.878 0.897 0.892 0.907 0912 0.915 0913 0.902 0.898 0.904
0.01 o0 0 0 ] 0.403 0.324 0.403 0.752 0.875 0.571
0.05 o0 0 0 o 0.903 0.954 0.989 0.993 0.991 0.934
NCVoter 0.1 0 0 0 0 0989 0.9943 0993 0.993 0.993 0993
05 O o 0 0 0.993 0.993 0993 0.993 0.991 0.993
I 0.334 0.379 0398 0 0.993 0.993 0993 0.992 0.993 0.993
5 0.993 0.993 0.994 0.993 0.993 0.997 0.993 0.994 0.993 0.994
0.1 o0 0 0 o 0 0 0 0 0.397 )
05 0 0 0 0 0.382 0.702 0.720 0.651 0.632 0.679
DELP- 1 0.348 0.347 279 0 0.813 0878 0778 0.730 0.721 0.793
ACM 2 0.599 0.767 0.630 0.403 0.851 0.884 0.867 0.789 0.783 0.854
5 0.870 0.850 0.803 0.874 0935 0931 0.889 0.837 0.833 0.891
10 0.903 0911 0.890 0.926 0.983 0981 0.937 0.893 0.899 0.933
0.1 0 0 0 0 0.586 0.723 0.733 0.741 0.731 0.727
s 0.378 0.54 0.498 0.555 0.764 0.773 0.793 0.790 0.780 0.781
DBLP- I 0.562 0.669 0.659 0.738 0.793 0804 0808 0.793 0.792 0.794
Scholar 2 0.772 0.806 0.771 0.807 0.810 0815 0813 0.799 0.801 0.811
5 0.773 0.822 0.803 0.836 0.838 0.836 0.831 0.821 0.818 0.828
10 0.8308 0.835 0.830 0.865 0.859 0.851 0.844 0.837 0.829 0.853

Learning to Sample: an Active Learning Framework




hi-RF: Incremental Learning Random Forest for large-scale multi-class Data
Classification

Tingting Xie, Yuxing Peng, Changjian Wang
National Lab for Parallel and Distributed Processing, School of Computer, National University of Defense Technology
2016



hi-RF: Incremental Learning Random Forest for large-scale multi-class Data Classification

Heterogeneous incremental nearest class mean random forest

Algorithm 1 Heterogeneous incremental Nearest Class Mean Random Forest (hi-RF)
Input:
Previous model, m;

Number of decision trees in m, s:
The set of out-of-bag error for each tree. O;
Old training data, D,:
New training data. D,,;
Output:
New model, M:
1: for each time new data arriving do
2 threshold «+ QOB _estimation(Q)
3:  for each tree T; in m do
4 if 7; does not reach the threshold then
5 T; + Retraining(D°, D")

6: else
7: T; + Updating(D°, D™)
8: end if

9:  end for

10: O + O0B_boosting(O)

11: M « Bagging(1\.T5.....T,)
12: end for

13: return M




hi-RF: Incremental Learning Random Forest for large-scale multi-class Data Classification

OOB estimation

Algorithm 2 OOB estimation

Input: .
The whole RF, T'; \ log—u)”
Bootstrap samples for each tree, D; (i € 1.2, ..., 8): L[U].OQ. ....(')‘,Z[I.O) . H::l P(Ux,) = n:zl "TI',- o€ 2°
Old training data, D,_;: ST
New training data. D,

Output:

The threshold. 4;
1: for each tree T; in T do
o ) el R 0=0+«ax*tanh(o)
3: D'=D — D; // D':left-out sample set Y
4 for (x.y) in D' do
5 y < Ti(x)
6: if 7 = y then
7: I{g=y}=1 // I{y = y}:loss function
8: else
9: 5 {f] - y} =0
10: end if
11: end for

En‘x.m-:nll{!):.‘/} e P < 2 S LSk -

12: 0; = : o] // calculate the out-of-bag error for T;

13: end for

14: O ~ N(p,o?)

15: (p,02) «+ MaxLikelihood Estimation(O, p. o2)
16: & =

17: return 4




hi-RF: Incremental Learning Random Forest for large-scale multi-class Data Classification

Rolling release NCM decision trees (RRN)

Algorithm 3 Rolling release NCAM decision tree{ RRN)
Input:
The previous random forest., 777;

The out-of-bag error for each tree., o;:
The threshold. 4:
All training data. D;

Output:
The new random forest, T7; " 1
1: for each tree T; in T° do - ] .
2: if 0; > & then o, IDrI;| - Z:«:D;\, Ti
3: Discarding(T;)
4: D; «— Bootstrap(iD)
5- // The growing a new INNCNM decision tree

6: T; +— Growing(Dj) :
if all the (=, y) in D; has the same label £ or reach the max Depth then

=]

8- return classes probabilities P ' SEF0 r ) Sl Y

= Slea I (;””l(D"-f) L" ._Jl.’.i{h'!f.rlgh'} El
10: // K is a random subset of the classes observed in D,

11: K «+ ClassesSubset(D;)

12: class centroids @, «+— CalClassCentroids(D,,)

13: Kiese- Koigne +— ChooseBestFeature(D. 0,,) according to Information gain . . 3 k12
14 Dicgs, Dright < SplitDataSet(D, Kiese, KrightsOn) y = argmin||xr — 0"”
15: build subtree: 7.5 = Growing(Dicst). Tright = Growing( D ighs) k—’: 1.

16: T < Kieft : Tieft + Kright - Tright

17: end if

I8: return T

19: end if

20: end for
21: T {T‘..T_’---_..Tg}




hi-RF: Incremental Learning Random Forest for large-scale multi-class Data Classification

ReGenerate leaves probabilities (RLP)

Algorithm 4 ReGenerate leaves probabilities (RLP)
Input:
The previous random forest, 7T79:
The out-of-bag error for each tree, o;:
The threshold. 4:
All training data, ID;
Output:
The new random forest, 77 ;
1: for each tree 7; in T° do
2 if 0; <= 6 then
3: Dismiss(T;. leavesprobabilities)
-1
5

D; «+— Bootstrap(D)
K « ClassesSet(D;)

6: // The updating of a decision tree

T Define 7T; « Updating(T;. D;) :

8: n_node «+— NumberQO fLeavesNode(T5)
9: {D}.D;—’-..ND}‘-""‘“} +— Fall(T;. D;)
10 for D < {52,952, ..., 0L do

11: for £k in K do :
12: D‘!(I.‘) — DuIu.-sr:!()f(,'hus'.s']\'(D’! i)
2 i D7 (k)

13: P (k) = —I;)—"-

14: end for )

15: Pl = { PI), Pi(2), - PEOED }

16: end for .

17- P, = {1_-)._1’ F":. aanll ],—)‘_n-node‘ } 1

13: update FP; to T}

19: EndDefine

20: end if

2 T <« {TI.TZ.....Tg}

1
22: end for




hi-RF: Incremental Learning Random Forest for large-scale multi-class Data Classification

Experiments

O off-line O hi-RF
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Figure 2: Comparison between baseline and hi-RF, while the original class number is range
from 10 to 90, and the added data range from 90 to 10, and the final data class
number is 100 a) Accuracy b) Training time c) Testing time
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hi-RF: Incremental Learning Random Forest for large-scale multi-class Data Classification

Experiments

(=) | (&) ” =

Figure 3: Comparison among baseline. hi-RF with OOB boosting and OOB unboosting,
while the original class number is range from 10 to 20. and the step size is 1 a)
Accuracy b) Training time c¢) Testing time

S P - T [SE

(a) TS C)

Figure 4: Comparison among baseline. hi-RF with OOB boosting and OOB unboosting,
while the original class number is range from 10 to 50. and the step size is 5 a)
Accuracy b) Training time c¢) Testing time
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