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Solutions for learning from imbalanced data
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Solutions for learning from imbalanced data
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Solutions for learning from imbalanced data

Synthetic samples

Problem: Current solutions are only for Classification
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Many tasks have Continuous targets: Regression



Many tasks have Continuous targets: Regression

e Vision application: Inferring age from visual appearance
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Many tasks have Continuous targets: Regression

e Vision application: Inferring age from visual appearance
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e Medical application: Physiological signals that are continuous
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Many tasks have Continuous targets: Regression

e Vision application: Inferring age from visual appearance
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Why is regression different for imbalanced data?
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Difference #1: Equal number of examples does not mean
equal balanceness
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Difference #2: Continuity implies interpolation and
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Difference #2: Continuity implies interpolation and
extrapolation
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How should we leverage the differences to improve
iImbalanced regression?
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Solution #1: Label Distribution Smoothing (LDS)
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Solution #1: Label Distribution Smoothing (LDS)

Empirical label density

p(y)

, u[“w MM il ...

Do not capture real imbalance

0.4:\)

Test error

Continuous label space (age) Yy



Solution #1: Label Distribution Smoothing (LDS)
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Solution #1: Label Distribution Smoothing (LDS)

Empirical label density

Effective label density
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Solution #1: Label Distribution Smoothing (LDS)

Empirical label density Effective label density
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Solution #1: Label Distribution Smoothing (LDS)

Using LDS, techniques for addressing class imbalance can be directly adapted

Continuous iabei space (age) J




Solution #2: Feature Distribution Smoothing (FDS)




Solution #2: Feature Distribution Smoothing (FDS)
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Solution #2: Feature Distribution Smoothing (FDS)
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Solution #2: Feature Distribution Smoothing (FDS)
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Solution #2: Feature Distribution Smoothing (FDS)
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Solution #2: Feature Distribution Smoothing (FDS)
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Solution #2: Feature Distribution Smoothing (FDS)
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Solution #2: Feature Distribution Smoothing (FDS)
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Solution #2: Feature Distribution Smoothing (FDS)

FDS can be directly integrated with any model as a calibration layer




Solution #2: Feature Distribution Smoothing (FDS)
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Benchmark imbalanced regression datasets

Computer vision Natural language processing Healthcare
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Benchmark imbalanced regression datasets
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Benchmark imbalanced regression datasets
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Evaluation results

e Baselines: adapt from imbalanced classification
o  Synthetic samples: (1) SmoteR (2) SMOGN

o  Error-aware loss: (3) Focal-R (% 2?21 o(|Be;|)7e;)
o  Two-stage training: (4) regressor re-training (RRT)

o  Cost-sensitive re-weighting: (5) naive inverse (INV) (6) square-root inverse (SQINV)




Evaluation results

e Baselines: adapt from imbalanced classification
o  Synthetic samples: (1) SmoteR (2) SMOGN

o  Error-aware loss: (3) Focal-R (% 2?21 o(|Be;|)7e;)
o  Two-stage training: (4) regressor re-training (RRT)

o  Cost-sensitive re-weighting: (5) naive inverse (INV) (6) square-root inverse (SQINV)

e LDS
All compatible with our solutions e FDS

e LDS+FDS
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Evaluation results

e |IMDB-WIKI-DIR

Metrics | MAE | | GM |
Shot | Al Many Med. Few | Al Many Med. Few
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Evaluation results

Metrics | MAE | | GM |
Shot | Al Many Med. Few | Al Many Med. Few
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IMDB-WIKI-DIR

Evaluation results

Metrics | MAE | | GM |

Shot | Al Many Med. Few | Al Many Med. Few
VANILLA | 8.06 7.23 15.12 26.33 | 457 4.17 10.59 20.46
SMOTER (Torgo et al., 2013) | 8.14 7.42 14.15 25.28| 4.64 4.30 9.05 19.46
SMOGN (Branco et al., 2017)| 8.03 7.30 14.02 25.93| 4.63 4.30 8.74 20.12
SMOGN + LDS 8.02 739 13.71 23.22| 463 439 8.71 15.80
SMOGN + FDS 8.03 735 14.06 2344|465 433 8.87 16.00
SMOGN + LDS + FDS 7.97 7.38 13.22 2295|459 439 7.84 14.94
FocAL-R 797 7.2 15.14 2696| 449 4.10 10.37 21.20
FocAL-R + LDS 790 7.0 1472 25.84| 447 4.09 10.11 19.14
FocAL-R + FDS 796 7.14 1471 26.06| 451 4.12 10.16 19.56
FocAL-R + LDS + FDS 7.88 7.10 14.08 25.75| 447 4.11 9.32 18.67
RRT 7.81 7.07 14.06 25.13| 435 4.03 891 16.96
RRT + LDS 7.79 7.08 13.76 24.64| 434 4.02 8.72 16.92
RRT + FDS 7.65 7.02 12.68 23.85| 431 4.03 7.58 16.28
RRT + LDS + FDS 7.65 7.06 1241 23.51| 431 4.07 717 1544
SQINV 7.87 7.24 12.44 2276|447 422 725 15.10
SQINV + LDS 7.83 7.31 12.43 2251|442 419 7.00 13.94
SQINV + FDS 7.83 7.23 12.60 22.37| 442 420 6.93 13.48
SQINV + LDS + FDS 778 7.20 12.61 22.19| 437 412 7.39 12.61
OURS (BEST) VS. VANILLA |+0.41 +0.21 +2.71 +4.14|+0.26 +0.15 +3.66 +7.85




Evaluation results

e |IMDB-WIKI-DIR

Metrics | MAE | | GM |
Shot | Al Many Med. Few | Al Many Med. Few
VANILLA | 806 7.23 15.12 26.33| 457 4.17 10.59 20.46
SMOTER (Torgo et al., 2013) | 8.14 7.42 14.15 2528 464 430 9.05 19.46
SMOGN (Branco et al., 2017)| 8.03 7.30 14.02 25.93| 4.63 4.30 8.74 20.12
SMOGN + LDS 8.02 7.39 1371 23.22| 463 439 871 15.80
SMOGN + FDS 8.03 735 14.06 23.44| 4.65 433 887 16.00
SMOGN + LDS + FDS 7.97 7.38 13.22 22.95| 459 439 7.84 14.94
LDS / FDS boosts FocAL-R 797 7.2 15.14 26.96| 449 4.10 10.37 21.20
FOCAL-R + LDS 790 7.0 14.72 25.84| 447 4.09 10.11 19.14
results Cons|stent|y! FOCAL-R + FDS 796 7.4 14.71 26.06| 451 4.12 10.16 19.56
FOCAL-R + LDS + FDS 7.88 7.0 14.08 25.75| 447 4.11 9.32 18.67
RRT 781 7.07 14.06 25.13| 435 4.03 891 16.96
RRT + LDS 779 7.08 13.76 24.64| 434 4.02 872 1692
RRT + FDS 7.65 7.02 12.68 23.85| 431 4.03 7.58 16.28
RRT + LDS + FDS 7.65 7.06 1241 2351|431 407 7.17 15.44
SQINV 787 724 1244 2276| 447 422 725 15.10
SQINV + LDS 7.83 7.31 1243 2251|442 419 7.00 13.94
SQINV + FDS 7.83 7.23 12.60 22.37| 442 420 693 13.48
SQINV + LDS + FDS 778 7.20 12.61 2219|437 412 739 12.61

OURS (BEST) VS. VANILLA |+0.41 +0.21 +2.71 +4.14|+0.26 +0.15 +3.66 +7.85




IMDB-WIKI-DIR

Evaluation results

Metrics | MAE | GM |

Shot | Al Many Med. Few | Al Many Med. Few
VANILLA | 8.06 7.23 15.12 26.33 | 457 4.17 10.59 20.46
SMOTER (Torgo et al., 2013) | 8.14 7.42 14.15 25.28| 4.64 4.30 9.05 19.46
SMOGN (Branco et al., 2017)| 8.03 7.30 14.02 25.93| 4.63 4.30 8.74 20.12
SMOGN + LDS 8.02 739 13.71 23.22| 463 439 8.71 1580
SMOGN + FDS 8.03 735 14.06 23.44| 4.65 433 8.87 16.00
SMOGN + LDS + FDS 7.97 7.38 13.22 2295|459 439 7.84 14.94
FocAL-R 7.97 7.2 15.14 26.96| 449 4.10 10.37 21.20
FocAL-R + LDS 790 7.0 1472 25.84| 447 4.09 10.11 19.14
FocAL-R + FDS 796 7.14 1471 26.06| 451 4.12 10.16 19.56
FocAL-R + LDS + FDS 7.88 7.10 14.08 25.75| 447 4.11 9.32 18.67
RRT 7.81 7.07 14.06 25.13| 435 4.03 891 16.96
RRT + LDS 7.79 7.08 13.76 24.64| 434 4.02 8.72 16.92
RRT + FDS 7.65 7.02 12.68 23.85| 431 4.03 7.58 16.28
RRT + LDS + FDS 7.65 7.06 12.41 23.51| 431 4.07 7.7 1544
SQINv 7.87 7.24 12.44 2276|447 422 7.25 15.10
SQINV + LDS 7.83 7.31 12.43 2251|442 419 7.00 13.94
SQINvV + FDS 7.83 7.23 12.60 22.37| 442 420 693 13.48
SQINV + LDS + FDS 778 7.20 12.61 22.19| 437 4.12 7.39 12.61
OURS (BEST) VS. VANILLA |+0.41 +0.21 +2.71 +4.14|+0.26 +0.15 +3.66 +7.85

Large improvements
over Vanilla



Evaluation results

e Other datasets
Table 4. Benchmarking results on NYUD2-DIR.
Metrics | RMSE | | o1t
Table 2. Benchmarking results on AgeDB-DIR. Table 3. Benchmarking results on STS-B-DIR. Shot | Al Many Med. Few | All Many Med. Few
v ] A ] il Metrics ‘ MSE | [ Pearson correlation (%) 1 VANILLA [1.477 0.591 0952 2.123[0.677 0.777 0.693 0.570
Shot | A Many Med. Few | All Many Med. Few Shot | Al Many Med. Few | All Many Med. Few VANILLA + LDS 1.387 0.671 0913 1.954]0.672 0.701 0.706 0.630
3 0974 085. 1520 09841742 720 27 752 VANILLA + FDS 1.442 0.615 0.940 2.059 [0.681 0.760 0.695 0.596
VANILLA | 777 662 955 1367|505 423 701 1075 AN |o: : : 984[742 720 627 7. VANILLA + LDS + FDS | 1338 0.670 0.851 1.880(0.705 0.730 0.764 0.655
SMOTER (Torgoetal., 2013) | 8.16 7.39 8.65 1228|521 4.65 569 849 SMOTER (Torgo etal,, 2013) | 1.046 0.924 1.542 1.154|72.6 69.3 653 70.6 OURS (BEST) VS. VANILLA |+.139 -.024 +.101 +.243|+.028 -.017 +.071 +.085
SMOGN (Branco etal., 2017)| 826 7.64 9.01 12.09| 536 490 6.19 844 SMOGN (Branco et al., 2017)[0.990 0.896 1.327 1.175[73.2 70.4 655 69.2 ¢ ) VS | +13 + +243|+ B #089
SMOGN + LDS 796 744 8.64 1177|503 468 569 7.98 SMOGN + LDS 0.962 0.880 1.242 1.155|74.0 71.5 652 69.8
SMOGN + FDS 806 7.52 875 11.89]502 4.66 563 802 SMOGN + FDS 0.987 0.945 1.101 1.153]73.0 69.6 68.5 69.9 .
SMOGN + LDS + FDS 790 732 851 1119|498 4.64 541 735 SMOGN + LDS + FDS 0.950 0.851 1.327 1.095|74.6 72.1 659 717 Table 5. Benchmarking results on SHHS-DIR.
FOCAL-R 7.64 668 922 13.00]490 426 639 9.52 FOCAL-R 0.951 0.843 1425 0.957|74.6 723 61.8 764 Mesties | MAE | | GM |
FOCAL-R + LDS 756 6.67 882 1240|482 427 587 883 FOCAL-R + LDS 0.930 0.807 1.449 0.993|75.7 739 624 754 h Al Many Med F Al Many Med. F
FOCAL-R + FDS 765 689 870 1192|483 432 589 8.04 FOCAL-R + FDS 0.920 0.855 1.169 1.008|75.1 72.6 66.4 74.7 ot | any Med. Few | o e B
FOCAL-R + LDS + FDS 747 669 830 1255[471 425 536 859 FOCAL-R + LDS + FDS 0.940 0.849 1.358 0.916|74.9 722 663 773 VANILLA [15.36 12.47 13.98 16.94]10.63 8.04 9.59 12.20
RRT 774 698 879 11.99) 500 450 588 8.63 RRT 0.964 0.842 1.503 0.978(74.5 724 623 754 FOCAL-R 14.67 11.70 13.69 17.06| 9.98 7.93 885 11.95
RR?;I‘;S z;g 23‘5’ z;z “gé jzg 3;; ;;; 2(2); RRT + LDS 0916 0.817 1.344 0.945(757 73.5 64.1 76.6 FOCAL-R + LDS 1449 1201 1243 1657 9.98 789 859 11.40
§§T+LDS - e i ::Asz i 4 it s RRT + FDS 0.929 0.857 1.209 1.025(74.9 72.1 67.2 740 FoCAL-R + FDS 14.18 11.06 13.56 1599|945 6.95 881 11.13
+ + g - . 32| 4 : i - RRT + LDS + FDS 0.903 0.806 1.323 0.936|76.0 73.8 652 76.7 FOCAL-R + LDS + FDS  [14.02 11.08 12.24 1549|932 7.18 8.10 10.39
:g;:z.'.]_,])s ;2; 76;; §§2 :éﬁg 3'22 Zf; 2;(3) ;Z INv 1.005 0.894 1482 1.046|72.8 703 625 732 RRT 1478 1243 1401 1648|10.12 805 9.71 11.96
) ¥ : o8 | aea day = y INV + LDS 0914 0.819 1.319 0.955|75.6 734 638 762 RRT + LDS 14.56 12.08 13.44 1645|989 7.85 9.18 11.82
SQINV + FDS 769 7.10 886 998|483 441 597 629
SQINV + LDS + FDS 755 701 824 1079|472 436 545 6.79 INv-+EDS 0927 0:851) 1.225 LOIZ[750: 2:0 1666 {32 RRT +FDS 14.36 11.97 13.33 16.08] 974 7.54 920 1131
INV + LDS + FDS 0.907 0.802 1.363 0.942|76.0 74.0 652 76.6 RRT +LDS + FDS 1433 11.96 1247 15.92| 9.63 7.35 874 1117
OURS (BEST) VS. VANILLA |+0.3(l -0.05 +1.31 +3.(>9]+0.34 -0.02 +1.65 +4.46
OURS (BEST) VS. VANILLA |+.071 +.049 +.419 +.068\+l.8 +2.0 +5.8 +2.1 INV 1439 11.84 13.12 16.02| 934 7.73 849 11.20
INV + LDS 14.14 11.66 1277 1605|926 7.64 8.18 11.32
INV + FDS 13.91 1112 1229 15.53| 894 691 7.79 10.65
INV + LDS + FDS 13.76 11.12 12.18 15.07| 870 694 7.60 10.18
OURS (BEST) VS. VANILLA | +1.60 +1.41 +1.80 +1.87|+1.93 +1.13 +1.99 +2.02




Evaluation results

e Other datasets

Table 4. Benchmarking results on NYUD2-DIR.

Metrics RMSE | )
Table 2. Benchmarkine results on AeeDB-DIR Table 3. Benchmarking results on STS-B-DIR. Shot All Many Med. Few | All Many Med. Few
Metrics MAL oM Metrics MSE | Pearson correlation (%) 1 VANILLA 1.477 0.591 0.952 2.123]0.677 0.777 0.693 0.570
Shot AllL Many Med. Few All. Many Med. Few Shot All Many Med. Few All Many Med. Few VANILLA + LDS 1.387 0.671 0.913 1.954 2 0.701 0.706 0.630
= = - - - e — . VANILLA + FDS 1.442 0.615 0.940 2.059 0.760 0.695 0.596
m 227 662 0953 136701503 423 701 1073 VANILLA 0.974 0851 1520 09841742 720 62 52 LDe . Lne 1228 0420 post g oon 20 07cd 0 i

Superior performance across all DIR datasets!
(complete results in paper)

NINT O+ OFZ T.OU s 2.9 02 - FOC L-F 14.07 TI.70 135.0 17.U0 9.9¢ 73 .8 I'T.Y.
RRT + LDS 772 700 875 1162|498 454 571 827 RRT + LDS 0.916 0.817 1.344 0.945 735 641 76.6 FOCAL-R + LDS 1449 12.01 12.43 16.57| 9.98 7.89 859 11.40
RRT + FDS 770 695 8.76 11.86| 4.82 432 583 8.08 RRT + FDS 0.929 0.857 1.209 1.025 72.1 672 740 FOCAL-R + FDS 14.18 11.06 13.56 1599 9.45 695 881 11.13
RRT + LDS + FDS 7.66 695 860 1132|480 442 553 699 RRT + LDS + FDS 0.903 0.806 1323 0.936|76.0 738 652 76.7 FOCAL-R + LDS + FDS  |14.02 11.08 1224 1549|932 7.18 8.10 10.39
SQINv 781 7.6 880 1120|499 457 573 7.77 INV 1.005 0.894 1.482 1.046|72.8 703 625 732 , 78 12.43 5 48 2 805 97 .
SQINV + LDS 767 698 886 1089485 439 380 745 INV + LDS 0914 0819 1.319 0955|756 734 638 762 :I:i:m,s Hx(\, l:jm :J*.‘:[; 1‘:,4;: ‘:,Yx]‘; e ;11 H\J(
SQINV + FDS 7.69 7.10 8.86 9.98 | 483 441 597 6.29 N . _ ~ o S S Y - B - ° e ‘ o=
SQINV + LDS + FDS 755 701 824 1079|472 436 545 6.79 [NV EDS 0.927 0851 1.225 10121750 724 666 74.2 RRT +FDS 14.36 1197 13.33 1608|974 7.54 920 1131
INV + LDS + FDS 0.907 0.802 1363 0.942|76.0 740 652 76.6 RRT + LDS + FDS 1433 1196 12.47 1592| 9.63 7.35 874 1117

OURS (BEST) VS. VANILLA
OURS (BEST) VS. VANILLA INV 1439 11.84 13.12 16.02| 9.34 7.73 849 11.20
INV + LDS 14.14 11.66 12.77 1605|926 7.64 8.18 11.32
INV + FDS 1391 1112 1229 15.53| 894 691 7.79 10.65
INV + LDS + FDS 13.76 1112 12.18 15.07| 870 694 7.60 10.18

OURS (BEST) VS. VANILLA
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le3

Extrapolate Interpolate

< —_—

I Label distribution
Many-shot region

Medium-shot region

Few-shot region
Zero-shot region

20 40

< —_—
II Extrapolate
6‘0 8'0

Target value (Age)

100



# of samples

Analysis: Extrapolation & Interpolation

le3
I Label distribution
37 Many-shot region
Medium-shot region
2 1 Few-shot region
Extrapolate Interpolate ZIRlib e 1eg 0D
1 S S —_— <~ —_—
II Extrapolate
0 n n " B,
Metrics | MAE | | GM |
Shot | All w/data Interp. Extrap.| All w/ data Interp. Extrap.
VANILLA |11.72 9.32 16.13 18.19 | 744 533 1441 16.74
VANILLA + LDS 10.54 831 14.14 1738 |6.50 4.67 12.13 15.36
VANILLA + FDS 11.40 897 15.83 18.01|7.18 5.12 14.02 16.48
VANILLA + LDS + FDS 10.27 811 13.71 17.02 | 6.33 4.55 11.71 15.13
OURS (BEST) VS. VANILLA|+1.45 +1.21 +2.42 +1.17 |+1.11 +0.78 +2.70 +1.61
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Analysis: Extrapolation & Interpolation

le3
I Label distribution
37 Many-shot region
Medium-shot region
2 1 Few-shot region
Extrapolate Interpolate ZIRlib e 1eg 0D
1A < . < —_—
II Extrapolate
0 = Hmw 1 | [T
Metrics | MAE | GM |
Shot | All w/ datajInterp. Extrap.] All w/ datajInterp. Extrap.
VANILLA |11.72 932 |16.13 18.19 | 7.44 5.33 |14.41 16.74
VANILLA + LDS 10.54 831 |14.14 1738 | 6.50 4.67 |12.13 15.36
VANILLA + FDS 11.40 897 |15.83 18.01 |7.18 5.12 |14.02 16.48
VANILLA + LDS + FDS 10.27 8.11 J13.71 17.02 16.33 4.55 |11.71 15.13
OURS (BEST) VS. VANILLA|+1.45 +1.21 [+2.42 +1.17 |+1.11 +0.78 |+2.70 +1.61




Summary

e New task: Deep Imbalanced Regression (DIR)
e New techniques: Label distribution smoothing (LDS) & Feature distribution smoothing (FDS)

e New benchmarks: IMDB-WIKI-DIR / AgeDB-DIR / STS-B-DIR / NYUD2-DIR / SHHS-DIR

Check out our paper and code at...

e Paper: https://arxiv.org/abs/2102.09554

e Code + data: https://qgithub.com/YyzHarry/imbalanced-regression



https://arxiv.org/abs/2102.09554
https://github.com/YyzHarry/imbalanced-regression

