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I. Motivation II. Confusion Tensor

III. Cost-Sensitive Learning with Constraint Optimization

> Objective - Maximize per-class accuracy, ensuring
equal attention to each class

» Constraint - Reduce transition learning bias, penalizing
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ITERATIVELY optimize the classifier

under-learned transitions

Algorithm 1 Optimizing Per class Accuracy with Transitional Constraints
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Initialize: Classifier f, Multiplier A € R}’
: for epoch [+ 0,...,
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Input: Training set D, Class prior & € [RL and transition prior T € R}’
from D, Learning rate for multiplier y € R, Cost sensitive loss function /, Lagrangian ob-

|
Cij ’ka ] B ﬁ Yx,r)ep 1(yy = i,9r = j,u = k) // calculate confusion matrix |
Calculate Tacc based on T and C[f!] :
,0} // gradients are calculated based on Tacc |

and the multipliers
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Calculate the gain tensor G based on &, T, and A
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action prior transition learning state

equivalent to minimizing a re-weighted loss
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| Step 2. Minimizing the Lagrangian £(1) |

_J

IV. Results
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1. Per-class & global results 2. Group-wise results Epoch
Model Breakfast 50salads Assembly101 Model Breakfast 50salads A 101
Per class G F1 Per class G F1 Per class G F1 Accuracy F1@25 Accuracy F1@25 Accuracy Fl1@25
F1@{10,25,50} Acc. - F1@{10,25,50} Acc. - F1@{10,25,50} Acc. - Head Tail | Head Tail | Head Tail | Head Tail | Head Tail | Head Tail
MSTCN[13] | 48.1 448 369 | 49.1 | 579 | 788 764 67.6 | 756 | 759 75 66 48 8.3 27.2 MSTCN 65.1 377 | 533 387 | 8.7 700 | 8.7 721 | 339 4.7 26.3 39
+CB [9] +0.9 +0.7 +0.3 | +0.6 0.0 06 -02 -08|-03 04 | +18 +1.7 +12 | +1.5| -05 +CB [9] 64.1 393 | 54.1 394 | 884 693 | 853 720 | 348 6.8 28.1 6.0
+LA [32] +1.0 +1.1 +0.1 | +1.4 0.0 02 -07 00 | -03 07 | 421 414 412 | 412 | -1.1 +LA [32] 644 406 | 56.0 38.7 | 875 69.6 | 860 71.0 | 343 6.4 27.1 5.8
+ Focal [30] +02 -03 -12 | -05 04 | 40.6 +0.5 +1.0 | 404 | +02 | +1.9 +1.6 +0.5 | +14 | 02 + Focal [30] 66.1 36.1 | 53.6 38.0 | 883 703 | 848 733 | 353 6.6 26.3 6.4
+ T-norm [21] -1 -1.0 -1.0 | -0.8 -0.9 06 -05 02 |+402 | -06 | 401 +02 +0.1 | -02 | +02 + 7-norm [21] 653 362 | 527 374 | 87.6 703 | 8.1 71.6 | 340 43 259 42
+ours(S-NCM) | +48.1 +8.1 +5.7 | +3.7 | +6.1 | +2.8 +3.1 +3.2 | +1.7 | +3.1 | +41 433 +2.0 | 42.6 | +2.3 +ours(S-NCM) | 653 44.0 | 64.5 44.6 | 878 725 | 87.7 75.7 | 34.1 87 | 3.7 7.6




