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Motivation Long-tailed knowledge distillation (LTKD) Experiments
Knowledge distillation (KD) Teacher p’ (1) Rebalanced Cross-Group Loss - Main results on ImageNet-LT
. - KL{pglIpg : : .
* Model compression: large teacher (T) = compact student (S5) M ) b oo . . . = Consistent improvements on the large-scale, imbalanced datasets
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= Conventional KD assumes balanced datasets. I Pg =R L I Pg as well as general benchmarks such as CIFAR-100-LT and TinylmageNet-LT
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Can a teacher trained on imbalanced data still offer trustworthy supervision?
10 10 20
Group T All T All T All
Training dataset Student 2) Reweighted Within-Group Loss
. Teacher g B Teacher 57775 67.61 50.61 6385 43.00 5991 ] 59.62 69.06 52.69 6557 4482 61.46
Long-tailed dataset T KL( ) 2 T @hn) KL(BHIB5) %7 Student | 5448 6473 4745 61.18 3998 5725|5542 6546 4949 6255 41.68 58.94
= Common in real-world data - L 1 ! 1 ! ! KD[I16] | 56.14 6627 4935 63.03 4172 59.15 | 5658 66.51 5042 6370 4245 5991
= Head cl bi dt h I DKD [52] 56.83 66.84 4995 6350 42.65 5982 ] 5854 68.09 5239 6504 45.04 61.46
€ad class blased teacher , | _ | | | AN ReviewKD [6] | 5727 66.96 50.80 63.72 4348 60.15 | 58.59 68.10 53.06 6531 4535 61.84
" Poor performance on tail classes wt| o I Wl Head 7¢Il Medium ac [l Tail 7 DIST[17] | 56.79 66.66 5028 63.56 42.78 59.94 | 5729 66.94 5089 64.09 43.70 60.71
(~ insufficient exposure) Student CAT-KD [12] | 55.92 66.14 4958 63.20 4220 59.67 | 57.08 6696 51.00 64.07 43.55 60.54
i R LTKD = « - KL (p Hp + 8- KL H ) LTKD | 5833 67.23 5255 6429 4588 60.80 | 60.17 6848 54.40 6552 48.55 62.22
= Failure of standard KD ; II I U8 | e A +1.06  +0.27 +1.75 +0.57 +2.40 +0.65 | +1.58 +0.38 +1.34 +0.21 +3.20 +0.38
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2 S B o [l veaumac [ s Rebalanced cross-group loss Reweighted within-group loss Ablation stu dy
Preliminaries Rebalanced Cross-group loss * Cross-group loss: Non-rebalanced (pg) vs. rebalanced (ﬁg)
n Rebalancing before distillation Group-wise Predictioln: Balanced vs Long-tailed
. . e e . 35.04/ Balanced i Long-tailed Teacher ResNet32 x4 VGG13 WRN-40-2
Notation and definition w/ scaling factors for each group | e | [ melerces pasa 2075 20707 || Head Models = Student ‘ ResNet8x4  ShuffieNetVl ~ VGG8 ~ MobileNetV2 ~ WRN-40-1  ShuffieNetV1
B B B S | M e e e Tail —
» For classification with C classes, D, = O'(Zi) _ exp(z;) Sap = pa;/g,SM _ pa;/g,ST _ pazg 00 ir Loss  Cross Within | 7 All T All T All T All T All T All
redictive or ility vector, P = [py, Do) ..., c RC C  exn(z: s N Biased v X | 3830 5577 30.01 48.82 3555 5330 2342 4029 3464 5397 3023 4931
predictive probability P = [P1, D2 -, PC] j=1€xp(Z)) Py ] Py Pr 3 27 £ Ours x | 4051 5655 30.68 4881 37.26 5370 2397 4030 3523 5435 3244 49.91
_ T S Pbatch = [P}[» P P:r] Pavg = Mean(p}[, P P:r) £ 25 | A +221 +0.78 +0.67 -0.01 +1.71 +0.40 +0.55 +0.01 +0.59 +0.38 +221 +0.60
KD = KL(p" Il p°) g “
“tai istributi T = After normalization (for valid probabilit 571 Indb N N ‘ w"l\ ) 0l |&~ mu b i
" Under long-tailed distributions, ¢ > G € {}, M, T’} _ z pT log <_ls) ( P V) o ‘0""" '“ .M‘ , " ‘ Wi J ’ i = Complementary cross- and within-group components
g leg pl i S T S T S T ] | :'. =t i -t:f: E
ﬁT — H Py ’ MBm ’ TP1 e W o o] Model Teacher ResNet32 x4 VGG13 WRN-40-2
S exp(z) g Y6 S6P¢ 26 SgPG 2 SgPg 50| o S . odets Student ResNet8x4  ShuffleNetVl ~ VGGS ~ MobileNetV2 ~ WRN—40-1  ShuffleNetV1
. i€g i : | - . . i i . . . -
= Cross-group probability, p; = [P}(;PM; pT] e R3 P = ¢ 0 2> >0 B;fch Indelfo 12> 120 17> Loss Cross  Within | T All T All T All T All T All T All
j=1€xp(Z)) Reweighted within-group loss Baseline X X |3681 5741 36.13 5503 3729 56.13 29.05 47.69 3563 56.71 3830 56.61
v X | 4051 5655 30.68 4881 37.26 5370 2397 4030 3523 5435 3244 4991
v | 4234 5978 39.10 56.84 3854 56.83 3199 4920 39.67 58.11 4045 57.65
o o N _ _ _ _ eXp(Zl-) z T . KL =T " SSY — T KL =T " ~S 4+ T KL =T ” ~S 4+ TKL =T " ~S Ours X
= Within-group probability, p; = [prPQz» ""pgi]ieg e RI9I g, = S exp(2) gpg (Pg Pg) Px (P}( P}[) P (PM PM) Pr (PT Pr v/ /| 4970 62.54 4594 59.62 4577 58.86 3833 52.03 4574 59.91 48.42 60.94
J€E ]
citi : = Weaker supervision for tail classes = suboptimal convergence = Equal importance " Hyperparameters & Number of groups n(g)
ReVISItIng KL dlvergence P P & q P o - Continuous reweighting
KD — DKD  — LTKD to a” groups —+— Exp.1:B=1, a€{1,2,4,6,8,10} —e— Exp.2:a=6, BE{1,2,4,6,8,10}
pT p Head Classes Medium Classes Tail Classes by replacing p Overall Accuracy 50 Tail Accuracy \
’ ’ g Fgi 0| | | | G 62,5 - n(G) 3 4 5 10 20 25 50 100
KD = Z Z p;r log nS Z Z Di lOg T S g° e 0 3 P . . Gﬁ\,\. 1
. S { ~S - KD = KL | 3 1is0 4] be R\ n o 49 R32x4—R8x4 | 51.08 51.08 5110 5114 5099 5034 50.06 50.41
9 LEG Pg Pg; (pg Pg ) -;;j 0.75-t o_e-t 2 A with uniform constant § Z: 61145 18] VGG13—VGGS8 | 47.66 47.85 48.06 4826 48.69 4858 48.19 47.82
T ~T T = xS =] L ¢ Y M W S ¢ ennn 1 AR Y 2] 1804 WRN402—-SV1 | 48.60 4898 49.03 49.27 49.54 4990 49.64 47.95
= Z T'lo P_g +Z Z ]o % +zg Pg KL(pg I'p 5 2 g 2 1 - d\: 61.0-/—__'/\/‘ 47-2\\\/ R50-MV2 | 4245 43.01 4299 4340 4343 4342 4251 41.18
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