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Logit Weight Repulsion Regularizer
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E 7 Repulsion B The logit weight repulsion regularizer introduces a gradient direction that neither the classification loss nor weight decay
regularizer can enforce.
Acc : 70.4% e pcc: 82.1% Weail
" Bile l Training Details
P Classifier Weight(w;) Repulsion Threshold Scheduled Training
Wait Wait W tait B’ -> .
(a) Cross Entropy (b) Balanced Loss (c) Logit Weight Repulsion _ _‘_2 Feature Vector(x;) Riwr ): log M Lba’ +A (I)RLWR
__________ = Decision Boundary(DB) ’ - E}exp(luewf Wwj) Where
» Problem & Key Idea Weail - . . .
< In scenarios where classes have imbalanced distributions, logit weight vectors sharing similar class features tend to “ 2 Gradl'er\t Direction Where 1(’) =1 _f/T)z
influence each other, leading to subpar performance in the tail class. Transition by update 1 ifw;w;>8
< Balanced loss seeks to correct the skewed norm of logit weight vectors, alleviating bias in favor of the head class. (c) Ours . lijo= 0 otherwise
However, it introduces more pronounced pulling gradients compared to standard cross-entropy, which can negatively (Balanced Loss + Repulsion) o
impact the performance of the head class.
< To address this, we aim to create repulsion between logit weight vectors, ensuring a clear separation between them. This
strategy enhances the performance of both the head and tail classes simultaneously.
Experiments
Problematic Behavior of Balanced Loss
Compatibility with Various Balanced Losses Ablation Studies
Methods All Few Medium Many | [Methods | Few Medium _Many [ All ]
P Classifier Weight(w;) CE-DRW [5] 47.6 730 44.9 576 Balanced Softmax [31] | 25.0 46.7 639 | 463
> Feature Vector(x;) h ) B ) " +Riwr 28.8 51.6 64.0 | 49.3
i +Riwr 50.4+2.8) | 30.0(+2.0) 47.7(+2.8) 60.4(+2.8) .
— Decision Boundary(DB) . 5 = +Rrwr w/ proj 30.0 49.9 65.3 | 49.5
Ly ocsion Boun® BS [31] 48.7 24.0 46.2 60.5 +2.(t)Rwr w! proj 322 500  66.6 | 50.7
Gradient Direction +Riwr 51.5(+2.8) | 30.7(+6.7) 49.2(+3.0) 62.6(+2.1)
~> Transition by update Focal [20] 38.0 11.2 31.0 56.3 ] Few Medium Many | All
+Riwr 41.0(+3.0) | 13.7(+2.5) 34.1(+3.1) 58.6(+2.3) —1.01 300 50.3 65.3 | 50.1
Logit Adjustment (LA) [26] 48.0 29.1 444 58.5 0 209 51.3 65.5 | 50.0
+Rwr 50.1(+2.1) | 31.5(+2.4) 46.9(+2.5) 60.4(+1.9) 02 | 303 51.4 65.5 | 50.2
0.4 32.2 50.0 66.6 | 50.7
0.6 31.3 49.7 65.5 | 499
1.0 25.0 46.7 63.9 | 46.3
* Region between logit vectors of Comparison with the State-of-the-arts
head class shrinks by balanced
loss | Methods | Architecture | All | Few Medium Many || Methods All IF=100
* Hard example pulls logit vectors Focal [20] ResNet-50 380 | 11.2 3.0 563 IF=100 IF=50 IF=10 | Few Medium Many All
of confusing sample which BBN? [46] ResNeXt 412 | 408 433 40 |[ Softmax 386 440 564 | 87 376 653 3856
(@) Softmax Loss (b) Balance_d Loss shrinks region between logit Softmax ResNet-50 41.6 | 5.8 338 64.0 || CBLT[10] 39.6 454 58.0 - - - 39.6
(Softmax + Adjustment) vectors UNO-ICS [34] ResNeXt | 457 | 93 387 663 || IB-Loss[28] 398 464 504 | 204 449 503 398
0LTR§‘ [22] ResNeXt 46.7 | 19.5 455 58.2 Focal [20] 419 482 59.8 10.9 41.3 68.7 419
exp{w,- X+ 6!) ) All gradient terms are I_,FI\JH—E:ez [41] ResNeXt 47.0 | 22.0 43.5 60.6 BBNT[4§] 42.6 47.0 59.1 - - - 42.6
Lpa = —Cilog I + Awal|will2 perpendicular to the logit weight ESQL? [32] ResNeXt 473 | 157 44 62.5 || UNO-IC' [34] 43.1 586 | - - - 431
Yjexp(w;-xi+ 6 ) direction or feature direction cRT* [17] ResNet-50 | 47.3 [ 26.1 440 588 || SEQL' [32] 434 . . . - 434
CE-DRW [5] ResNet-50 47.6 | 28.0 44.9 57.6 LFME' [41] 4338 - - 28.0 - 59.5 438
:> Vo Lot —Coxi [ 1— exp (wi - xi + &) LWS*[17] ResNet-50 | 47.7 | 293 452 57.1 || BS[31] 46.3 512 615 | 250 467 63.9 463
w;tbal =LiXi Z -exp(w- ‘xl_+5i ) LA [26] ResNet-50 48.0 | 29.1 44 4 58.5 LA [26] 46.5 - 24.4 471 63.6 46.5
7 1 2 BS [31] ResNet-50 | 48.7 | 240  46.2 60.5 || LDAM-DRW[5] 46.6 2 596 | 228 48.5 644 466
+CV,.8—C ZV S exp(wj X+ 5: j) LY LDAM-DRW* [5] ResNet-50 49.8 | 30.7 46.9 604 |[ Ours(Rpwg + BS [31]) 50.7 5 63.6 | 32.2 50.0 66.6  50.7
Wi Wi !JEJ exp {Wj X+ 31 ;) wd Wi Ours(Rpyr + BS [31]) | ResNet-50 51.5 | 30.7 49.2 62.6
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