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Abstract: Partial Label Regression (PLR) complements the current situation that Partial Label Learning (PLL) only
focuses on classification tasks. To address the problem that the existing PLR algorithms ignore characteristic differences
between instance features, a Partial Label Regression algorithm integrating Feature Attention and Residual Connection (PLR-
FARC) was proposed. Firstly, labels of real datasets were expanded into a set of real-value candidate labels by label
enhancement technique. Secondly, the attention mechanism was employed to generate contribution of individual features to
labels automatically. Thirdly, the residual connection was introduced to reduce information loss and maintain feature
integrity during feature transmission. Finally, prediction loss was calculated based on IDent (IDentification method) and
PIDent (Progressive IDentification method ) , respectively. Experimental results on Abalone, Airfoil, Concrete, Cpu-act,
Housing and Power-plant datasets show that compared to [Dent and PIDent, PLR-FARC has the Mean Absolute Error
(MAE) reduced by 2. 15%, 38.38%, 8.86%, 4.19%, 15.71% and 15. 55%, averagely and respectively, and the Mean
Squared Error (MSE) reduced by 9.35%, 71.32%, 23.10%, 20.17%, 27.22% and 9. 46%, averagely and respectively.
It can be seen that the proposed algorithm is feasible and effective.
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Tab. 1 Benchmark datasets used in experiments

- ﬂ\, PR R

T W T T
Abalone 8 2507 835 835
Airfoil 5 903 300 300
Concrete 8 618 206 206
Cpu-act 21 4916 1638 1638
Housing 13 304 101 101
Power-plant 4 5742 1913 1913
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Tab. 2 Performance comparison of various algorithms in MAE

KadE |G|  AVGL-MSE AVGL-MAE AVGL-Huber AVGV-MSE AVGV-MAE AVGV-Hube IDent PIDent PLR-FARC
FARCID FARCPID
2 2.15 1.48 1.48 2.15 2.15 1.69 1.45 1.49 1.45 1.42
4 2.75 1.56 1. 64 2.75 2.75 2.77 1.48 1.52 1.47 1.45
Abalone
8 3.10 1.95 2.07 3.10 3.10 3.46 1.51 1.51 1.52 1.50
16 3.16 2.88 2.87 3.16 3.16 3.62 1.55 1.54 1.54 1.48
2 3.8 3.19 3.21 3.80 3.41 3.66 2.21 2.15 1.44 1.50
Airfol 4 4.16 3.26 3.30 4.16 3.97 3.99 2.26 2.51 1.57 1.53
8 4.80 3.65 3.74 4.80 4. 66 5.02 2.99 3.29 1.52 1.84
16 5.40 4.33 4.44 5.40 5.18 5.40 4.07 4.33 2.48 2.87
2 8.17 5.14 5.10 8.17 7.79 7.79 4.78 4.77 4.47 4.59
4 8.70 5.36 5.57 8. 69 8.77 8.77 5.13 5.42 5.30 5.28
Concrete
8 10. 87 7.71 7.82 10. 83 10. 53 10. 53 5.96 6.51 5.53 5.57
16 11.97 9.26 9.26 11.97 12.45 12.45 7.79 7.93 5.85 7.51
2 11.92 2.06 2.15 11.70 8.72 8.58 1.89 1.81 1.78 1.81
Cpu-act 4 19.27 3.65 3.92 18. 65 19.34 18. 28 1.91 1.87 1.84 1.83
8 23.81 15.29 14.98 23.81 27.95 28.20 1.93 1.92 1.82 1.95
16 29. 08 23.73 23.17 29.07 30. 57 30. 65 2.07 2.06 1.91 1.97
2 4.15 2.99 3.33 4.15 4.97 5.06 2.62 3.22 2.16 2.64
Housing 4 4.81 3.15 3.42 4.81 5.19 5.26 3.05 3.07 2.78 2.81
8 5.84 4.29 4.56 5.84 6.52 6.47 3.32 4.93 2.80 3.20
16 6.61 5. 06 5.02 6.61 7.06 7.48 5.06 4.52 4.88 3.58
2 6.45 3.88 3.86 6.45 5.37 5.71 3.70 3.70 3.10 3.04
4 8.57 4.28 4.48 8.57 8.50 8.35 3.68 3.68 3.18 3.08
Power-plant
8 10. 35 5.41 5.89 10. 35 10. 92 11.01 3.69 3.69 3.39 3.13
16 11.96 8.77 8.44 11.96 12. 64 13.10 3.72 3.73 5.70 3.24
®3 BEIERMSEMEREXT L
Tab. 3 Performance comparison of various algorithms in MSE
PLR-FARC

pieineS |G| AVGL-MSE AVGL-MAE AVGL-Huber AVGV-MSE AVGV-MAE AVGV-Huber IDent PIDent

FARCID FARCPID

2 9.70 4. 66 4.68 9.72 7.36 7.52 4.62  4.55  4.06 4.04
. 4 14.42 5.04 5.22 14.08 14.08 14. 04 4.66  4.58  4.24 4.08
Abalone 8 20. 63 7.76 7.94 22.68 22.68 21.28 470 471 4.47 4.22
16 25.11 13.77 14.03 26.71 26.71 26. 61 490 490  4.65 4.73
2 23.72 16. 66 16. 17 23.73 23.27 22,99  15.58 14.99  3.63 4.51
o 4 30.79 18. 47 18. 56 30. 83 30. 67 30,22 16.23  16.10  4.05 6.48
Airfoil 8 37.19 24. 67 24. 40 37.16 39.24 38.19 17.81  17.86  5.96  10.27
16 42.90 31.43 30. 81 43.00 45.38 4419 23.41 2411 7.46  19.94
2 108.08 46. 66 48.62 108. 23 107. 46 106.00  42.14  40.48 38.91  32.73
4 151.05 75. 49 80. 38 151. 05 172. 01 167.53  45.61  44.87  45.94  34.09
Conerete 8 195.40 116. 18 118. 65 195. 32 216.01 213.59  72.09 63.79 57.79  75.78
16 239.26 186. 94 183. 64 239. 64 268. 56 259.05  114.35 112.02 67.38  96.18
2 246.38 9.84 9.62 245. 68 172. 38 169. 26 6.64 691  5.66 6.53
4 461.69 33.15 34.58 461.05 525.78 520. 64 7.00  7.38  5.74 6.69
Cpu-act 8 730.38 335. 04 333.92 730. 93 858. 55 852.76 7.48  7.90  5.97 6.95
16 972.73  738.42 735. 89 996.21  1107.80  1106.00 9.4 9.11  6.58 7.07
2 33.82 18. 69 17.37 33.82 32.79 34.03  16.18  15.55 14.79  13.32
. 4 48.82 26.78 26. 82 48.80 51.87 53.67  21.59  20.53 22.49  13.74
Housing 60. 87 38. 18 39. 19 60. 90 64. 02 62.23  29.82 26.87 22.54  21.42
16 75.30 52.24 53.06 75.29 84.18 77.00  39.88  41.09 23.44  37.42
2 64.99 23. 67 23.43 64.99 42.56 42.68  21.09 21.07 19.81  18.47
104. 61 29,24 29,47 104. 61 98. 36 98.41  201.29 21.28 19.50  19.15

Power-plant 7
8 153.07 153. 07 48.99 153. 07 167. 96 166.21  21.21  21.36  20.16  19.24
16 20432  204.32 105. 45 204.31 225.97 21.17 20131 21.34  20.29  19.98
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SR T T 2. 15% . 38. 38% 8. 86% 4. 19% . 15. 71% L)
K15.55% . 43T # 15 #5% g MSE B}, 7£ Abalone , Housing 1
Power-plant |- , FARCPID P BE B AR 5 F Adrfoil A1 Cpu-act |,
FARCID £ #8 5 H: ; 7€ Concrete I, FARCID 5 FARCPID i
Y 5 75805 2 Abalone . Airfoil . Concrete . Cpu-act , Housing Fll
Power-plant | , PLR-FARC 4 e M FEHET T 9.35%.
71.32% .23. 10% .20. 17% .27. 22% V4 }% 9. 46%

PLR-FARC 4 5 R B IR T 55005 50 4 R T 55 1) ¢
TIE 1 22 S R) R, 3 5 7k 2 %8 4 A 0D TR BB B o PR
TR R o B AR R AR 2 SR A YT K, PLR-FARC £ RE T
Rif | 32 PR A TE e AR 28 B TP MR PR AR 254 22, (i A 48 1] JE AT
55 MEREIE K .
3.4 HERSSIG

Ry it — 25 B IE 56 1 S B AR AE (14 4 25 5 AN 4 FRRRAE AL
It R SR B R A B TR TR AR A R Bk Y R
A ICHET MSE P 5 bR Al Abalone BU4E 4 UE 47 11 Al S2 567 .
R AME 3RS R . Hop, PLR-FA (Partial Label
Regression algorithm based on Feature Attention )X £l % i & 77
85 Ht | PLR-RC (Partial Label Regression Algorithm based on
Residual Connection) ¥ £ 7 5% 22 il , PLR-FARC W [A] B+ 42,
FEE B AGE 228 . T PLR-FA (PLR-RC Fll PLR-
FARC AU T4 7 (14 O b 28 181 958 2 D7 i, AR SCE 93 2 Fil
AN B8 R 5074, B IDent 1 PIDent .

F4  Abalone BB & L iH B SEIE A MSE 148831 EL
Tab. 4 Performance comparison of ablation experiments on
Abalone dataset in MSE
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AR TR A, I e e b 2 AR RT3 R A R BB 3
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4 8l[-* PLR-FA —o- PLR-FA
|| PLR-RC -+ PLR-RC
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4.1
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Fig. 3 Ablation experimental results based on IDent and PIDent

3.5 GitRigKE
oAy T3 T b R 7R PLR-FARC /£ 6 U8R 45 925 &

AE , A% SCHE T MSE W4 48 A5, R I 35 1R K F S 5% 1)
Nemenyi £ 50 HEAT GEHHEBAG S o #7 2 F 00 V- 2 HE T
2 K F Il B 22 (Critical Difference, CD) , W {5 B 95 8 2 1] H
ARFERES, AW REE SR COMEMITTEIEN:

K(K+ 1)
“ 6N
Ho . BEMAKFa=005K=9;N=6;q,=3.102;V, =

Vep = q (17)

EET 2 ook AR G | MSE 4.9047,
B Btk 2 4 8 16 [ 443 BIJE 7 T PLR-FARCTE|G| = 26| = 4|6 | = 8 HI
J % PLR-FA +gl’[‘3)m i Zi ;‘ ﬁ j ‘6‘2 j jj |G| = 16 HF 5 H Al 8 Fh A1k i MERE L3, 45 5 ik PR R A 1)
+ ent . . . .
Ve & B R = A = _ _
J ¢ tDen 428 434 463 482 A RIKFEAT . PLR-FARC i L. 5 AVGEPMSE VAVGY
x PLR-RC 437 438 5.06 568 MSE . AVGV-MAE Il AVGV-Huber Ml lb H 2 E 25, 5
J ! PLR.FARC +IDent  4.06 4.24 4.47 4.65 IDent, PIDent . AVGL-MAE F1 AVGL-Huber # It JC & #
’ +PIDent 4.04 4.08 4.22 4.73 PeL=
Wk 4 7, PLR-FARC /5 408 e U 45 58 On ki) Ak e 45 £i |, PLR-FARC EL.A B ALPERE
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1 2 3 4 5 6 7 8 9 2 3 4 5 6 7T 8 9
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Fig. 4 Nemenyi test results
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