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Abstract

This work addresses active learning for multi-class classification. Active learning algorithms optimize classifier training by subse-
quently selecting those instances for labeling by an expert, which improve the classifier’s performance the most. In this work, we identify
different influence factors that positively affect active learning. These factors are (1) an instance’s impact, (2) its posterior, and (3) the
reliability of this posterior. We contribute a new decision-theoretic approach, called multi-class probabilistic active learning (McPAL).
Building on a probabilistic active learning framework, our approach is non-myopic, fast, and optimizes a performance measure (like
accuracy) directly. Considering all influence factors, McPAL determines the expected gain in performance to compare the usefulness of
instances. For this purpose, it calculates the density weighted expectation over the true posterior and over all possible labeling combina-
tions in a closed-form solution. Thus, in contrast to other multi-class algorithms, it considers the posterior’s reliability which improved
the performance. In our experimental evaluation, we show the reasonability of the selected influence factors and the superiority of McPAL
in comparison to various other multi-class active learning algorithms on six datasets.



SUPPLEMENTAL MATERIAL

Table 1.

Table 2. Mean error and standard deviation of the all algorithms on our six datasets using the pKNN classifier. We report the results after 20, 40, and 60
acquired labels.

Mean error and standard deviation of the all algorithms on our six datasets using the Parzen window classifier. We report the results after 20, 40, and

60 acquired labels. The best method is printed in bold numbers.

20 samples ecoli glass iris vehicle wine yeast

McPAL 22.70 (+=4.45) 3017 (£4.22) 3.94 (£1.97) 149.14 (£ 11.94) 2.66 (X 1.43) 275.24 (£ 26.35)
BvsSB 2475 (£4.84) 3595 (£5.57) 1263 (£7.06) 148.68 (£18.25) 2.80 (£ 1.67) 289.90 (£23.13)
MaxECost 2542 (£6.63) 3333 (£ 5.09) 823 (£6.24) 15598 (£17.71) 295 (£1.88) 29420 (& 32.95)
Conf 24.64 (£7.07) 3393 (£5.02) 1248 (£732) 15652 (£17.19) 290 (£1.79) 29292 (% 34.42)
Entr 2694 (£8.01) 33.04 (£550) 1461 (£3.17) 15344 (£18.82) 341 (£1.76) 298.60 (&£ 32.63)
Vol 40.14 (£9.59) 3820 (£398) 1655 (£2.67) NA 2.89 (£ 2.68) NA

Rand 3252 (£7.89) 36.69 (£ 5.00) 991 (£4.47) 14538 (£13.27) 435 (£3.04) 300.12 (&£ 23.56)
40 samples ecoli glass iris vehicle wine yeast

McPAL 19.15 (£4.06) 29.14 (£4.22) 285 (£1.58) 12588 (£8.99) 1.78 (£ 1.06) 258.36 (&£ 24.40)
BvsSB 21.02 (£4.42) 3228 (£436) 11.78 (£7.78) 12290 (& 14.43) 1.92 (£ 1.26) 273.52 (£22.95)
MaxECost 20.80 (£=4.10) 29.70 (£ 4.46) 770 (£ 6.44) 131.82 (£ 14.44) 190 (£ 1.16) 274.54 (£ 30.65)
Conf 19.60 (£4.30) 29.79 (£487) 11.69 (£7.79) 133.56 (& 14.90) 1.94 (£1.19) 276.36 (£ 32.40)
Entr 2355 (£4.80) 30.64 (£461) 13.88 (£349) 139.02 (£1857) 177 (£ 1.14) 28438 (&£ 28.05)
Vol 4146 (£7.22) 38.06 (£3.78) 16.74 (£2.58) NA 1.92 (£ 1.89) NA

Rand 29.80 (£6.57) 34.57 (£5.18) 8.28 (£4.03) 129.88 (£13.31) 2.65 (£1.61) 281.84 (& 25.48)
60 samples ecoli glass iris vehicle wine yeast

MCcPAL 1841 (£3.69) 27.08 (& 3.95) 581 (£2.54) 11526 (£ 7.60) 1.63 (£ 1.06) 244.12 (£ 20.71)
BvsSB 19.69 (£4.44) 2971 (£422) 1271 (£7.64) 11342 (£ 9.95) 1.76 (£1.13) 259.68 (&£ 22.66)
MaxECost 20.29 (£4.55) 2799 (£4.25) 8.12 (£5.62) 120.06 (£ 12.42) 1.66 (£ 1.03) 257.60 (&£ 26.75)
Conf 1991 (£429) 2846 (£459) 1240 (£7.59) 12234 (£ 13.39) 1.62 (£ 1.12) 259.98 (&£ 25.76)
Entr 22.54 (£4.55) 31.65 (£491) 1194 (£4.07) 126.06 (& 14.60) 1.53 (£ 1.00) 27244 (X 24.93)
Vol 3420 (£5.78) 3722 (£4.72) 1506 (& 3.49) NA 1.54 (£ 1.22) NA

Rand 28.32 (£ 5.65) 33.55 (£5.17) 6.92 (+2.76) 12328 (£13.26) 230 (£ 1.43) 27642 (& 26.98)

Algorithm ecoli glass iris vehicle wine yeast

McPAL 21.08 (£4.23) 3092 (£ 5.41) 424 (£2.22) 12456 (£ 9.74) 2.88 (£ 1.51) 267.42 (£ 15.9])
BvsSB 2431 (£4.99) 3561 (£542) 1220 (£7.62) 152.06 (£ 19.46) 295 (£ 1.73) 289.02 (£ 22.45)
MaxECost 2491 (£7.43)  33.02 (£5.15) 835 (£6.02) 15546 (£ 17.68) 3.01 (£1.79) 301.96 (£ 31.20)
Conf 22.82 (£ 6.16) 3425 (£ 6.06) 1248 (=7.38) 155772 (£ 18.01) 293 (£ 1.89) 298.76 (% 34.90)
Entr 2545 (£8.02)  32.61 (£ 5.66) 9.56 (£ 542) 15582 (£17.95) 3.49 (£1.73) 300.38 (£ 29.50)
Vol 3494 (£896) 3790 (£4.01) 1543 (£3.39) NA 2.99 (£2.88) NA

Rand 30.75 (£ 6.71)  36.38 (£ 6.15) 9.96 (=4.76) 147.52 (£ 15.32) 4.80 (£ 3.32) 291.02 (£ 25.18)
60 samples ecoli glass iris vehicle wine yeast

McPAL 18.96 (£ 3.74) 2813 (£5.21) 258 (£1.31) 110.04 (£9.17) 191 (£ 1.11)  251.42 (£ 14.95)
BvsSB 20.12 (£ 3.44)  29.71 (£ 5.00) 6.55 (£7.30) 127776 (£ 18.35) 2.28 (£ 1.27) 262.22 (£21.81)
MaxECost 19.28 (£ 4.21) 2890 (£ 5.13) 3.16 (£ 2.60) 13042 (£ 12.93) 212 (£ 1.27) 266.22 (X 24.65)
Conf 18.72 (£ 4.07)  29.66 (£ 5.02) 6.63 (£7.28) 13092 (£13.23) 221 (£1.22) 268.22 (£ 25.92)
Entr 19.46 (£ 3.87) 30.64 (£ 4.48) 327 (£257) 13622 (£1816) 214 (£1.17) 277.86 (£ 27.92)
Vol 2470 (£ 5.38) 34.82 (+=4.76) 597 (£ 2.77) NA 1.71 (£ 1.45) NA

Rand 2473 (£5.23)  31.77 (£ 5.14) 519 (£2.84) 12892 (£ 14.71) 285 (£ 1.62) 267.84 (£ 22.42)
60 samples ecoli glass iris vehicle wine yeast

McPAL 17.77 (£ 3.23)  26.19 (£ 3.96) 2.65 (£ 1.40)  103.92 (£ 9.02) 1.83 (£ 1.21) 24574 (£ 13.86)
BvsSB 18.74 (£ 3.22)  26.76 (£ 4.65) 2.59 (£ 1.40)  113.04 (+ 8.86) 227 (£ 1.23) 24836 (£ 17.93)
MaxECost 18.73 (£4.09) 2586 (£ 4.63) 247 (£ 1.49) 118.06 (£ 9.83) 231 (£ 1.25) 256.08 (£ 18.84)
Conf 18.40 (£ 3.94) 26.68 (£ 4.14) 258 (£1.39) 11888 (£ 10.35) 228 (£1.27) 25576 (£ 19.12)
Entr 17.69 (£ 3.90)  27.33 (£ 4.40) 246 (+ 1.44) 121.08 (£ 12.82) 228 (£ 1.30) 261.48 (£ 21.50)
Vol 20.02 (£ 4.41) 3237 (£4.72) 3.07 (£ 1.77) NA 1.61 (£ 1.28) NA

Rand 21.93 (£4.26) 28.12 (£ 4.61) 352 (£2.12) 11990 (£ 13.52) 270 (£ 1.47)  254.50 (£ 22.11)
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Figure 1. Learning curves of different variants of the McPAL algorithm on all six datasets. The upper plots show results from the PWC classifier, the lower

ones with the pKNN.
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Figure 2. Learning curves of McPAL and its competitors on all six datasets using the PWC and the pKNN classifier.



