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Active learning combined with clustering boundary sampling

HU Feng, LI Luzheng, DAI Jin, LIU Qun

(School of Computer Science and Technology, Chongqing University of Posts and Telecommunications, Chongqing 400065, China)

Abstract: Active learning is a machine learning method that requires the selection of the most valuable samples for la-
beling. Currently, active learning encounters certain challenges in its practical application. It relies on prior assumptions
of the classifier, which can lead to unexpected declines in classifier performance and requires a specific number of
samples as an initial condition. Clustering, which can reduce the complexity of a problem, serves as an effective tool in
active learning. Based on density clustering boundary sampling, this study focuses on active learning methods. First, a
method of sampling boundary points in density peak clustering is introduced. This method calculates the sample density
for a clustering boundary region that is prone to classification errors. Subsequently, with a specified definition of dens-
ity entropy, an active learning method based on cluster boundary sampling is proposed. This method employs density
entropy for the heuristic search of cluster boundary regions. The experimental results show that the proposed algorithm,
compared with the five active learning algorithms referenced in the literature, can achieve equal or even higher classific-
ation performance with fewer markers. This proves that it is an effective active learning algorithm. When the number of
labeled samples is less than 20% of the total number of unlabeled samples, the algorithm achieves better results in the
accuracy and F-score metrics.

Keywords: active learning; machine learning; cluster boundary; density peak clustering; geometric sampling; entropy;

version space; active clustering
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Fig. 2 Results of boundary sampling algorithm on the flame dataset

3.2 BSDE S5/L#5Ei# EzhEIE XA
32.1 st HE ke L

XHEXTEH T 5 R AT £ Bh2E 2 Ak, 435
wmr.

1 LALPY: LAL J&—Fh ] SR 555 it/ Mb i O7
e, HURR STE T HE U 25— DA A RS R F
TR RE 27 2R AS TS AR AR 1Y WU A R D, (H R
T o, ek, A AR
T HOE A I 2R Inl I 2%

2)Entropy””; Entropy & — i B T A8 58 1 R
FE B 22 05 1, (8 FA 208 B 2 R A 1 A B
P, W= (3) .

3)TACS": TACS &3 T H ik 5 14 3 2%
SR IR EBEIE AW — o e, IR A =
PR S XA [FRR A B B R AT B AR B, AR B
rh A bR A B, TR AT B R (R A A X SR S )
SR B A K AR B S

4)QUIRE"Y: QUIRE %t F 3 31 % 3J ) min-
max HEZL, SEH AY 15 8 PR i O bR e B id #e

AT e 2 e AR R 3 R R ] B 1 T
AN i e A

5)GAL"™: GAL 25 T HR A F S RAEm £
F) 2 B R N = 4 7 N C  EIY o B i TSR
RELF K, 8 2 HE 7 0 18 R IR 28 A AR TR
PRICEEA

TE 12 D8 4 B aEAT T X eikee, T LAL
HEe T o028, Lk 7 5 A 850 48,
HAh Z i . HAMGEEIELE 1.
322 RIIRE

BRI EW T 1) F 28 ERIAA
P, SR A A Ak 37 R) e A B, X 45 a4
5t 32 A7 B ML TG AT SR R (R B RS T RE AR B
B0 5 2) B AR A T ARELL; 3) A AR UEXT i g
FasE e, R HBEPL E 10 37538 LRAE, Git 45 hn
M PBE AR IEZE . A, X AT 2R
PRigREAR G Sl gt 72, R fE I ZRdE i, 4%
F T BERLE R | DA BRI IR R IC S 5 4) 1l
FHZ 8 m A AR Ry 34y 205 5) I 4R 1Y) Acc-



. 488 - B O R & ¥ i % 19%
curacy . F-score & Al it A Al LA T 73 25 F1 KRHIESE
FIPERE o M IPFAL S 32 3l 2 ) o FE G ME R [25], i Table 1 Experiment datasets
TR T2 T K8 (ALC) X — P REFE . Xt FOREID  BURIEARR  REAKL SRIEEC RO
T Accuracy fil F1-Weighed i £&, 4% Al D15 %) 1 specttheart 270 13 2
ALC-ACC #1 ALC-F1-Weighed; 6) X} T LAL, %4 2 flame 240 2
PEALT 2 A RRA, (AR SO R R R 3 bupa 345 2
I 1) LAL-iterative-2D; 7) %} T TACS, {fi ] T 2£# 4 sonar 208 60 2
LAY Java VTS . i A A TSR, T ARIIEREA > heart 270 13 2
P 8 R 8 O T HE T4 SR 4 B osv i R ’ - ot
arff #% 25 8) % T° QUIRE, i 1] T 1 #% #& iy g spiral 1 3
fith, A% RASCR I 3 Y RBF %o fEIAK TR 9 movement _libras 360 90 15
M QUIRE 7E MU AC R A4 His AT 4218, T 10 yeast 1484 8 10
TR 2R RR I, e 2 AR 9 AN A /NI 1 B i 4 11 winequality-red 1599 11 6
X T QUIRE; 9) X% F BSDE, X &S $p=1, 12 thyroid 7200 21 3

g=02,1=03527,=2.5,8¢<[0,1]GHHFHL 0.1); 10)
RS T, X FaA RN ESF2], BAE
i B T DUAE AN B 4R AT, (EOR PRIE R 1
TP e i R K AR M R, R TEAR IE R AR
YE R A B2 2B 1k (TACS . BSDE) % A%
s 11) AR i T A AR A 10 LA AS S 5 1 20%,
YR A 0 2 i) B (batch size) i 1, B4 2 i) —
AFEA

10 20 30 40 50
AR
(b) spectftheart (F1-Weighted)

10 20 30 40 50
g
(a) specttheart (Acc)

=
2 0.65
5 0.60 o
0.5, g
- E 0.50 ¥
. T s
0 10 20 30 40 50 60 0 10 20 30 40 50 60
A A A
(e) bupa (Acc) (f) bupa (F1-Weighted)
3 0.875
= 0.825
3 0.775
= 0.725 1
1 E 0675 1 1 1 1 1
0 10 20 30 40 50 0 10 20 30 40 50
AR i
(1) heart (Acc) (§) heart (F1-Weighted)
1.00
B 095
g 090 £0.85 8
< 0.80 g 0.75 <
0.70 L L L ) ;: 0.65 L L L )
0 10 20 30 40 0 10 20 30 40
iy g

(m) seeds (Acc) (n) seeds (F1-Weighted)

323 KL RAGH

6 Tl F= B2 2 Ty ik W X L e a5 R anE 3.
2R3N B R A5 ) BSDE
AT Z2 B0 B 4R B HRUAS 405 (4N spectheart
sonar, yeast), 7£ 12 N % L ALC-ACC 5
ALC-F1-Weighted {E [ F- 3 HE 44 HUS 25—, 78 6

Eh RN US T R FRRI

50
%ﬁ 0.
= 0.
= 0.
= 0.
S
A iy
(c) flame (Acc)
el
0.80 £0.
075 0.
0770 20
0:65 -4 2 0.
0.60 i 0.
0.55 20
0 10 20 30 40
A Ay
(g) sonar (Acc) (h) sonar (F1-Weighted)
g 1.025
T
o .
= 0875
25 1 1 1 1 1 (0.825 1 1 1 1 1
0 5 10 15 20 25 30 0 5 10 15 20 25 30
AR Arify i
(k) wine (Acc) (1) wine (F1-Weighted)
07 3 07
0.6 5 0.5
0.5 o
04 E 0.3
03 L 1 1 H T 0] 1 1 1 1 J
0 10 20 30 40 50 0 10 20 30 40 50
iy iy
(o) pathbased (Acc) (p) pathbased (F1-Weighted)



W, 55 255 RN RN 32 « 489 »

0.44 < 0.40

0.40 2036 3 090
2036 30.32 5 050
[
032 = 0.8 2 040
028 L L L L ] ~0.24 L L 0.304 L L L L ] : 0.30 L L L L |
0 10 20 30 40 50 0 10 20 30 40 50 0 50 100 150 200 250 0 50 100 150 200 250
AR A Arify A A
(q) spiral (Acc) (r) spiral (F1-Weighted) (s) yeast (Acc) (t) yeast (F1-Weighted)
1.0 = 1.0
B 055 ' £ 09
£ 045 o 0.8 0.8
5 2 0.7
g 0.35 <06 =z 0.6
20 L L L L i E 0 25 L L L L i 04 L L ] =) 0.5 L L i
0 50 100 150 200 250 0 50 100 150 200 25 0 400 800 1200 0 400 800 1200
AR A A Arif
(u) winequality-red (Acc) (v) winequality-red (F1-Weighted) (w) thyroid (Acc) (x) thyroid (F1-Weighted)
- LAL Entropy -— TACS - GAL - QUIRE - BID

B3 12 MEiE5E L Accuracy 0 Fl-score B35 1Y ih £

Fig. 3 Accuracy and F1-score variation curves on 12 datasets

R2 EHFIEEELREIRELL G THI F1-Weighted
Table 2 F1-Weighted of active learning algorithms at different labeling ratios
e
HAREID Bl sk
1% 3% 5% 7% 10% 13% 15% 20%

LAL 0.536+0.102 0.597+0.068 0.637+0.059 0.681+0.067 0.704+0.065 0.739+0.049 0.725+0.066 0.716+0.060

Entropy  0.525+0.077 0.604+0.073 0.614+0.081 0.636+0.106 0.660+0.072 0.690+0.071 0.686+0.060 0.711+0.077

TACS  0.554+0.100 0.599+0.083 0.603+0.098 0.593+0.101 0.564+0.103 0.582+0.108 0.554+0.079 0.600+0.109

: GAL 0.552+0.128 0.555+0.107 0.570+0.113 0.570+0.096 0.569+0.091 0.603+0.098 0.616+0.089 0.657+0.089
QUIRE  0.570+0.102 0.632+0.105 0.660+0.106 0.632+0.088 0.632+0.088 0.641+0.075 0.704+0.071 0.704+0.088

BSDE  0.622+0.069 0.601+0.106 0.631+0.097 0.664+0.093 0.718+0.102 0.720+0.105 0.727+0.084 0.744+0.055

LAL 0.724+0.148 0.818+0.091 0.844+0.072 0.870+0.076 0.885+0.061 0.873+0.069 0.861+0.070 0.878+0.070

Entropy  0.724+0.148 0.809+0.101 0.841+0.096 0.850+0.098 0.854+0.075 0.866+0.072 0.866+0.080 0.867+0.067

TACS  0.724+0.148 0.813+0.106 0.831+0.083 0.855+0.092 0.860+0.076 0.860+0.080 0.848+0.083 0.852+0.081

? GAL 0.724+0.148 0.847+0.085 0.851+0.070 0.848+0.067 0.852+0.068 0.873+0.060 0.877+0.055 0.892+0.049
QUIRE  0.724+0.148 0.782+0.093 0.812+0.114 0.858+0.078 0.878+0.076 0.870+0.073 0.854+0.087 0.828+0.058

BSDE  0.724+0.148 0.827+0.083 0.849+0.063 0.856+0.082 0.890+0.072 0.870+0.072 0.868+0.073 0.882+0.076

LAL 0.521£0.110 0.554+0.121 0.556+0.108 0.536+0.099 0.581+0.097 0.595+0.078 0.583+0.088 0.585+0.054

Entropy  0.517+0.071 0.510+0.054 0.521+0.063 0.529+0.090 0.574+0.071 0.601+0.084 0.617+0.073 0.615+0.103

TACS  0.470+0.085 0.575+0.093 0.572+0.073 0.570+0.063 0.597+0.061 0.600+0.072 0.624+0.075 0.635+0.061

} GAL 0.496+0.100 0.553£0.115 0.546+0.109 0.511+0.087 0.552+0.094 0.617+0.114 0.621+0.099 0.607+0.092
QUIRE  0.5104+0.101 0.561+0.085 0.527+0.084 0.542+0.075 0.558+0.077 0.577+0.075 0.554+0.097 0.579+0.087

BSDE  0.545+0.090 0.561+0.052 0.545+0.063 0.592+0.069 0.603+0.068 0.632+0.060 0.617+0.084 0.646+0.086

LAL 0.552+0.081 0.656+0.139 0.598+0.113 0.622+0.094 0.628+0.120 0.708+0.148 0.719+0.128 0.702+0.085

Entropy  0.552+0.081 0.634+0.182 0.607+0.125 0.662+0.153 0.747+0.109 0.743+0.096 0.739+0.090 0.722+0.131

TACS  0.552+0.081 0.677+0.138 0.676+0.127 0.673+0.124 0.680+0.122 0.728+0.087 0.740+0.081 0.749+0.059

* GAL 0.552+0.081 0.605+0.143 0.643+0.144 0.614+0.144 0.666+0.173 0.683+0.134 0.692+0.116 0.730+0.141
QUIRE  0.552+0.081 0.618+0.136 0.667+0.165 0.682+0.132 0.684+0.114 0.669+0.118 0.640+0.124 0.691+0.152

BSDE  0.552+0.081 0.654+0.129 0.687+0.129 0.696+0.115 0.732+0.104 0.742+0.101 0.730+0.111 0.777+0.108
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BARGEID BdntE 4 Fx
1% 3% 5% 7% 10% 13% 15% 20%
LAL  0.733+0.088 0.721+0.135 0.746+0.147 0.766+0.113 0.747+0.074 0.774+0.085 0.806+0.052 0.821+0.042
Entropy  0.753+0.061 0.722:+0.076 0.727+0.080 0.765+0.072 0.791+0.056 0.801:£0.048 0.820+0.039 0.828+0.036
TACS  0.736+0.068 0.718+0.077 0.773+0.051 0.751+0.062 0.767+0.095 0.772:0.080 0.773+0.054 0.806+0.076
: GAL  0.743£0.074 0.741+0.078 0.803+0.079 0.822+0.055 0.837:0.058 0.830+0.078 0.822:0.065 0.822+0.074
QUIRE  0.743+0.054 0.755+0.076 0.772+0.066 0.799+0.067 0.770+0.068 0.781:0.087 0.818+0.056 0.825::0.097
BSDE  0.758+0.084 0.762:£0.150 0.798+0.060 0.824+0.056 0.831+0.041 0.825+0.058 0.848+0.059 0.840+0.047
Entropy ~ 0.885+0.062 0.914:+0.107 0.930+0.073 0.925+0.055 0.961+0.053 0.977+0.041 0.977+0.042 0.988+0.025
TACS  0.885+0.062 0.829+0.104 0.877+0.090 0.878:0.084 0.895+0.076 0.920+0.064 0.926+0.068 0.954:0.063
6 GAL  0.885+0.062 0.868:+0.082 0.875+0.065 0.879+0.076 0.895+0.112 0.8780.089 0.889+0.089 0.960+0.056
QUIRE  0.885+0.062 0.908+0.108 0.913+0.091 0.902:+0.087 0.926+0.039 0.914+0.031 0.925+0.040 0.960::0.039
BSDE  0.885+0.062 0.930+£0.068 0.919+0.058 0.936:0.065 0.9710.041 0.983+0.028 0.988+0.024 0.994+0.018
Entropy  0.7704£0.176 0.804:0.112 0.872+0.056 0.899+0.058 0.924:0.033 0.928+0.041 0.928+0.041 0.933+0.034
TACS  0.770+0.176 0.737+0.174 0.710+0.181 0.701:£0.130 0.783+0.132 0.864+0.090 0.885+0.058 0.918:0.065
7 GAL  0.770+0.176 0.862+0.059 0.822+0.112 0.855+0.086 0.908+0.062 0.917+0.047 0.913+0.051 0.923+0.053
QUIRE  0.770+0.176 0.771+0.174 0.807+0.171 0.853+0.133 0.866+0.064 0.880+0.073 0.894+0.059 0.888::0.052
BSDE  0.77040.176 0.855+0.084 0.883+0.056 0.913£0.060 0.922:+0.054 0.918+0.040 0.933£0.040 0.928+0.051
Entropy  0.309+0.081 0.274:0.065 0.254+0.056 0.290£0.082 0.325+0.106 0.265+0.090 0.247+0.096 0.295+0.113
TACS  0.278+0.111 0.356+0.121 0.314+0.086 0.310+0.097 0.296+0.119 0.320:£0.100 0.343+0.091 0.339+0.100
8 GAL  0.290+£0.105 0.358+0.067 0.352+0.094 0.333+0.081 0.324+0.077 0.321+0.083 0.312+0.083 0.3010.089
QUIRE  0.284+0.085 0.305+0.078 0.290+0.064 0.309+0.076 0.301+0.074 0.299+0.068 0.307+0.084 0.312:+0.084
BSDE  0.291+0.099 0.243+0.088 0.293+0.111 0.292:+0.109 0.318+0.084 0.339+0.078 0.354:0.085 0.371::0.082
Entropy  0.360+0.099 0.396+0.084 0.373+0.088 0.402:+0.093 0.423+0.125 0.426+0.087 0.430+0.071 0.456+0.060
TACS  0.351+0.097 0.380+£0.088 0.393+0.065 0.421+0.093 0.433+0.103 0.469:0.101 0.478+0.094 0.460:0.090
9 GAL  0.370£0.110 0.376+0.076 0.393+0.098 0.397+0.089 0.434+0.085 0.413+0.112 0.424+0.096 0.431+0.094
QUIRE  0.341+0.101 0.389+0.084 0.407+0.074 0.399+0.075 0.408+0.093 0.413+0.088 0.427+0.095 0.439::0.087
BSDE  0.358+0.102 0.372:0.087 0.398+0.097 0.426+0.106 0.452+0.083 0.469:+0.073 0.485+0.062 0.496+0.096
Entropy  0.441+0.062 0.476+0.054 0.484+0.035 0.492:+0.029 0.518+0.041 0.522:0.044 0.532+0.051 0.551+0.056
TACS  0.419+0.064 0.427+0.072 0.470+0.043 0.497:0.030 0.520+0.033 0.515+0.022 0.498+0.036 0.527+0.033
10 GAL  0.350+0.055 0.486+0.054 0.479+0.045 0.483+0.053 0.533+0.041 0.544+0.037 0.538+0.047 0.543+0.054
BSDE  0.4310.099 0.490::0.047 0.499+0.060 0.528:+0.059 0.539+0.067 0.544:£0.056 0.556+0.037 0.545:0.045
Entropy  0.402+0.062 0.445+0.057 0.464+0.046 0.482:+0.047 0.495+0.056 0.497+0.046 0.493+0.041 0.506+0.034
TACS  0.393£0.073 0.4710.053 0.506+0.031 0.515+0.029 0.528+0.045 0.520:£0.044 0.533%0.033 0.518+0.020
! GAL  0.359+0.080 0.465+0.052 0.481+0.038 0.495+0.037 0.496+0.033 0.499+0.031 0.519+0.044 0.516+0.037
BSDE  0.433+0.052 0.482+0.046 0.501+0.039 0.505+0.032 0.513+0.036 0.513+0.033 0.513+0.042 0.515+0.033
Entropy  0.866+0.084 0.780+0.109 0.760+0.090 0.851::0.060 0.937+0.022 0.955+0.009 0.956:0.006 0.951::0.007
TACS  0.873+0.012 0.908+0.006 0.911+0.004 0.913+0.004 0.914+0.004 0.917:0.005 0.918+0.006 0.919::0.007
2 GAL  0.823+0.060 0.916+0.007 0.916+0.004 0.918+0.002 0.918+0.003 0.919:£0.002 0.918+0.003 0.921+0.004
BSDE  0.866+0.033 0.871::0.016 0.9340.009 0.943::0.009 0.940+0.007 0.931:£0.006 0.930+0.006 0.927+0.005
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Table 3 ALC-F1-Weighted of active learning algorithms
HEEID LAL Entropy TACS GAL QUIRE BSDE
1 29.011+1.467 27.939+2.499 24.82142.889 25.305+3.939  28.119+2.78 29.392+2.705
2 33.315+2.225 33.105+2.516 32.871+2.782 33.363£2.023  32.667+2.432 33.548+2.287
3 31.656+3.011 31.388+3.102 32.482+2.907 31.443+4.638  30.864+3.605 33.321+2.898
4 21.71243.128 22.95+3.025 22.953+2.365 21.92943.758  21.743+3.388 23.539+3.156
5 33.053+2.973 33.719+1.533 32.873+2.041 34.644£1.921  33.789+2.601 35.037+1.976
6 — 26.653+0.949 25.164+1.69 25222+1.782  25.773+1.239 26.843+0.795
7 — 30.413+1.338 27.478+2.78 29.955+1.198  29.016+2.449 30.708+1.639
8 — 14.408+2.606 16.489+3.745 16.041+3.258 15.06+3.265 15.943+3.565
9 — 20.722+3.783 21.637+4.086 20.587+4.045  20.447+3.231 21.881+3.752
10 — 116.602+7.14 112.643+7.37 116.409+9.55 — 120.335+9.949
11 — 102.347+8.972 109.021+5.667  104.985+6.097 — 108.586+6.006
12 — 1017.49+28.683  1037.681+5.134 1035.146.399 — 1050.47+5.864
EEE 29.749 123.145 124.676 124.582 26.386 127.467
FHHES 3.8 3.5 3.417 3.25 4.333 1.25
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