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Supplementary Material

A. Detailed decomposition of KL divergence

In along-tailed dataset, the KD loss based on KL divergence
is formulated as:

KD = KL(p" [|p®)
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Since pg and pg do not depend on the class index ¢ and
>icq Pi = pg. the first term in Eq. (17) simplifies to:
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Finally, the KD loss in Eq. (16) can be decomposed into
cross-group and within-group KL terms:

KD = KL (p”||p®)
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Algorithm 1 Process of knowledge distillation in long-
tailed dataset.
Input: Long-tailed dataset D,

Head, Medium, Tail groups H, M, T,
Temperature scaling 7,
Softmax function o (-),
Teacher, Student networks fr, fs,
Hyperparameters for cross-group loss «,
and within-group loss 3.

Output: Trained student network fg.
1: for each image-label pair {x,y} € D do

2 fr(x) = 2", fs (x) = 2°
3: U(ZT/T) —>pT,U(ZS/7') —p°
4: Lcg = CrossEntropy(z°, y)
5:
/I Sec. 3.2: Cross-Group Distillation
6: [Sienpl, Xiem Pl Xier Pl ] = PG
7: rebalance from Eq. (10) and Eq. (11) — pg
8 [Cienpl Diem bl Yier 7] =
9: LCroqs = KL( Hpg)
10:

/I Sec. 3.3: Within-Group Distillation
11 for each class group G € {H, M, T} do

12: o (27 ]/T)—>pg, (z°[G]/7) — P§
13: Lg = KL(pg ||pg)

14: end for

15: Lwithin = Ly + L + L7

16:

/I Total Long-Tailed Knowledge Distillation
17: ['Tota] = ['CE + aﬁCross + BEWithin
18: Update fs by minimizing Lo
19: end for

B. Algorithm

Algorithm | summarizes the LTKD training process. The
total loss Lo comprises three components.

First, Lcg is the standard cross-entropy loss between the
student’s logits and the ground-truth label. Second, Lcross,
detailed in Sec. 3.2, is the rebalanced cross-group distilla-
tion loss. It forces the student to mimic a rebalanced teacher
group distribution (f)g), which is corrected using Eq. (10)
and Eq. (11). Third, Lwinin, detailed in Sec. 3.3, is the
sum of KL losses computed independently within each class
group (head H, medium M, and tail 7).

These losses are weighted by hyperparameters « and 3
and summed. The student network fg is then updated by
minimizing this Loy



C. Experimental setting

C.1. Balanced dataset

The balanced CIFAR-100 [22] consists of 100 categories
with 50,000 training and 10,000 test images, each of size
32 x 32 pixels. TinyImageNet [23] is a subset of ImageNet
comprising 200 categories, with each class containing 500
training and 50 test images, resized to 64 x 64 pixels. Im-
ageNet [31] consists of 1.28 million training images and
50,000 test images across 1,000 categories, each resized to
224 x 224 pixels. As mentioned in Sec. 4.1, we constructed
CIFAR-100-LT, TinyImageNet-LT, and ImageNet-LT by in-
troducing class imbalance to these balanced datasets.

C.2. Implementation details

We conduct experiments using widely used convolu-
tional neural network architectures, including ResNet [14],
VGG [33], WRN [46], ShuffleNet [48], and Mo-
bileNet [32]. We consider both homogeneous settings,
where the teacher and student share the same backbone ar-
chitecture, and heterogeneous settings, where they use dif-
ferent backbones.

We follow standard practices using an SGD optimizer
with a momentum of 0.9. The training schedule and hy-
perparameters vary by dataset. For CIFAR-100-LT and
TinyImageNet-LT, we train for 240 epochs with a batch size
of 64 and a weight decay of 5e-4. The initial learning rate
is set to 0.05 (or 0.01 for ShuffleNetV1 and MobileNetV2
students), and it is reduced by 0.1 at [150, 180, 210] epochs.
For ImageNet-LT, we train for 100 epochs with a batch size
of 256, a weight decay of le-4, and an initial learning rate
of 0.1, which is reduced by 0.1 at [30, 60, 90] epochs.

D. Additional results
D.1. Long-tailed protocols

We integrate a representative long-tailed learning technique,
Logit Adjustment (LA) [27], into the training pipeline.
Tab. 7 shows that LTKD consistently achieves additional
performance gains on top of LA-enhanced baselines. This
indicates that LTKD is not tied to vanilla protocols, but
instead serves as a general and complementary distillation
framework that can be effectively combined with state-of-
the-art LT recognition approaches.

Table 7. Overall accuracy on CIFAR-100-LT.

T-S Pairs ‘ R32x4—R8x4

VGG13-VGG8 WRN402—SV1‘ R50-MV2

¥ 10 100 | 10 100 10 100 10 100
LA | 6236 4836 | 59.04 4546 | 5545 3923 | 4627 3117
KD 62.85 44.50 | 6141 4356 | 62.37 4256 | 53.55 36.17

LA+KD | 6329 4494 | 61.84 4442 | 6269 4276 | 5434 36.01

LTKD 66.76  51.08 | 63.04 47.66 | 6542 48.60 | 57.79 4245
LA +LTKD | 67.01 51.69 | 63.67 4892 | 65.75 49.63 | 58.45 43.20

(a) KD (b) LTKD

Figure 6. tSNE visualization of student feature representations.
(a) Student trained with standard KD. (b) Student trained with
proposed LTKD. Points are colored by class group: head (red),
medium (green), and tail (blue). Compared to KD, LTKD yields
more compact and well-separated clusters for tail classes.

D.2. Visualization

To further investigate the quality of the learned represen-
tations, we visualize the feature embeddings of the stu-
dent model (ShuffleNetV1) trained from the teacher model
(ResNet32x4) using both KD and proposed LTKD. Fig. 6
shows the 2D projection of features from the CIFAR-100-
LT validation set, where each point is colored according
to its class group: head (red), medium (green), or tail
(blue). In the KD case (Fig. 6a), the embeddings of tail-
class samples appear scattered and poorly separated, in-
dicating suboptimal feature learning for underrepresented
classes. In contrast, LTKD (Fig. 6b) produces tighter and
more distinct clusters, especially for the tail group. This
result supports our claim that rebalanced cross-group and
reweighted within-group knowledge transfer enables the
student to learn richer and more discriminative representa-
tions, particularly for tail-class groups.

D.3. CIFAR-100-LT

Tab. 8 and Tab. 9 present extensive experimental results for
CIFAR-100-LT, covering various homogeneous and hetero-
geneous teacher-student architecture pairs. Consistent with
the findings in Sec. 4.3, LTKD demonstrates substantially
superior performance over other methods in both overall
and tail-class accuracy.

D.4. TinyImageNet-LT

Tab. 10 and Tab. 11 summarize the results on
TinylmageNet-LT, which presents a more challenging
benchmark than CIFAR-100-LT due to its greater class
diversity. Even on this more complex dataset, the results
strongly reinforce the conclusions from Sec. 4.3, consis-
tently outperforming all competing methods in both overall
and tail-class accuracy.



Table 8. Accuracy (%) on both the tail group classes (7) and the overall classes (All) in the CIFAR-100-LT test sets when using teacher
and student models with homogeneous architectures. The best result is highlighted in bold, and the second-best result is indicated with

underline. A denotes the performance gap between the best and the second-best results.

T-S Pairs ‘ ResNet32x4 — ResNet8x4 ‘ VGG13 — VGG
20 100 10 20 100
Group T Al T All T Al T Al T Al
Teacher 5072 64.95 39.19 5882 1528 4535|4567 60.77 3643 5510 1401 43.11
Student 4732 6059 3699 5544 1338 4248 | 43.67 5743 3389 5229 13.13 4070
KD [16] 4876 6285 36.81 5741 1143 4450 | 47.84 6141 3729 5613 1402 43.56
FitNet [30] | 48.02 60.86 3672 5560 13.01 42382 | 4447 5830 3590 5408 1442 4248
DKD[52] | 49.86 64.55 37.87 5878 1325 46.11 | 48.00 61.84 37.65 56.68 1442 4422
ReviewKD [6] | 52.08 64.71 40.12 59.17 1509 4591 | 47.75 6143 37.69 56.51 14.76 44.19
DIST[17] | 5028 63.74 38.69 5828 13.86 4521 | 4557 60.53 3436 5468 1246 4212
CATKD [12] | 4983 6474 37.67 5873 12.83 4533 | 48.53 6201 37.95 5678 1422 4433
LTKD 58.66 6676 49.70 6254 2721 51.08 | 53.95 63.04 4577 58.86 23.30 47.66
A +6.58 42,02 +9.58 +3.37 +1212 +4.97 | +542 +1.03 +7.82 +2.08 +8.54 +3.33
T-S Pairs | WRN-40-2 — WRN-40-1 | ResNet110 — ResNet32
v 10 20 100 10 20 100
Group T Al T Al T All T Al T Al T Al
Teacher 4977 6305 39.88 5827 14.88 4478 | 4728 61.18 36.63 5549 1332 4245
Student 4461 59.02 3444 5424 1292 4229 | 4404 59.13 3452 5382 1332 41.68
KD [16] 4710 6217 3563 5671 1009 43.66 | 44.63 6098 33.10 5539 933 41.89
FitNet [30] | 44.81 59.18 3441 5392 13.60 4242 | 4405 5802 3250 5200 1272 4028
DKD[52] | 47.01 62.53 36.87 57.52 1174 4417 | 4621 6142 3472 5570 1141 4254
ReviewKD [6] | 4871 6270 3844 5778 14.69 4471 | 46.67 60.87 3641 5556 1348 42.70
DIST[17] | 48.18 6232 3700 5698 13.19 44.09 | 4647 61.15 3577 5593 1268 4254
CAT-KD [12] | 4826 6261 3745 5773 12.82 44.18 | 4563 6092 3426 5490 1223 4207
LTKD 5423 6421 4574 5991 20.57 4773 | 5424 6290 4555 5853 2272 46.54
A +5.52 +1.51 +7.30 +2.13 +588  +3.02 | +7.57 +1.48 +9.14 +2.60 +9.24 +3.84

Table 9. Accuracy (%) on both the tail group classes (7) and the overall classes (All) in the CIFAR-100-LT test sets when using teacher
and student models with heterogeneous architectures. The best result is highlighted in bold, and the second-best result is indicated with

underline. A denotes the performance gap between the best and the second-best results.

T-S Pairs ‘ ResNet32 x4 — ShuffleNetV1 VGG13 — MobileNetV2
5 10 20 100 10 20 100
Group T All T All T All T All T All T All
Teacher 50.72 6495 39.19 58.82 1528 4535 | 45,67 60.77 3643 55.10 14.01 43.11
Student 40.04 54.06 2991 4822 10.74 36.21 | 3047 4458 2232 3925 7.04 27.56
KD [16] 47.08 60.88 36.13 55.03 13.07 42.04 | 39.78 53.64 29.05 47.69 899 34.56
FitNet [30] 4482 58770 33.77 52778 1336 40.66 | 29.38 4382 21.38 3854 7.26 2831
DKD [52] 50.23 63.32 39.00 57.81 1498 4476 | 41.81 55.84 31.48 50.27 10.94 38.22
ReviewKD [6] | 50.02 63.31 3838 57.64 15.18 44.69 | 40.03 53.17 29.70 48.06 11.75 36.31
DIST [17] 46.05 61.11 3425 5471 1199 4233 | 37.14 5191 26.85 4634 892 3438
CAT-KD [12] | 50.49 63.86 39.27 5842 1637 45.28 | 39.40 5356 29.57 47.89 10.08 34.76
LTKD 54.87 64.60 4594 59.62 2393 4859 | 4649 57.18 3833 52.03 18.24 41.04
A +4.38 +0.74 +6.67 +1.20 +7.56 +3.31 | +4.68 +1.34 +6.85 +1.76 +6.49 +2.82
T-S Pairs ‘ ‘WRN-40-2 — ShuffleNetV1 ResNet50 — MobileNetV2
¥ 10 20 100 10 20 100
Group T All T All T All T All T All T All
Teacher 49.77 63.05 39.88 58.27 14.88 44.78 | 49.74 6351 37.74 5670 14.42 4226
Student 40.04 54.06 2991 4822 10.74 36.21 | 3047 4458 2232 3925 7.04 27.56
KD [16] 49.10 6237 3830 56.61 12.59 4256 | 39.59 5355 30.22 48.87 10.00 36.17
FitNet [30] 45.02 5872 3456 53.40 1330 41.27 | 29.40 4286 2121 3822 744 28.01
DKD [52] 50.86 63.65 3994 58.28 15.04 4524 | 43.29 57.20 3323 5220 1245 39.21
ReviewKD [6] | 51.24 6390 4044 58.63 15.81 45.40 | 33.68 47.75 24.80 42.08 9.75 31.86
DIST [17] 4840 6247 3748 5692 1223 4195 | 3786 5236 27.11 4650 9.81 3496
CAT-KD [12] | 51.02 63.68 40.23 5826 14.68 44.84 | 43.18 57.23 33.17 5190 11.61 3845
LTKD 5740 6542 4842 60.94 2399 48.60 | 4843 57.79 40.82 53.70 21.04 4245
A +6.16 +1.52 +7.98 +2.31 +8.18 +3.20 | +5.14 +0.56 +7.59 +1.50 +8.59 +3.24




Table 10. Accuracy (%) on both the tail group classes (7) and the overall classes (All) in the TinylmageNet-LT test sets when using
teacher and student models with homogeneous architectures. The best result is highlighted in bold, and the second-best result is indicated

with underline. A denotes the performance gap between the best and the second-best results.

T-S Pairs ‘ ResNet32x4 — ResNet8 x4 VGGI13 — VGG8
5 10 20 100 10 20 100
Group T All T All T All T All T All T All
Teacher 3847 52.64 2874 4749 953 3537 | 32.53 4523 2185 3975 629 2971
Student 29.72  44.60 2146 4025 473 30.62 | 31.12 4376 22.19 39.00 6.88 29.96
KD [16] 27.34 4538 18.11 41.35 338 3142 | 3192 47.16 2060 4149 399 3095
FitNet [30] 29.65 44.64 2086 4024 551 30.66 | 32.04 4443 2343 3947 687 30.09
DKD [52] 3470 4893 26.58 44.84 9.09 34.61 | 33.20 48.01 2265 4244 588 31.82
ReviewKD [6] | 32.85 49.13 2343 44.62 539 3351 | 3439 47.66 24.84 4236 7.61 32.18
DIST [17] 34.81 50.14 2571 45.52 730 3398 | 3348 4722 23,19 4146 598 31.01
CAT-KD [12] - 32.56 47.57 2257 4217 596 31.72
LTKD 40.66 51.33 31.33 47.05 1048 36.21 | 38.90 4943 2930 4422 9.73 33.78
A +5.85 +1.19 +4.75 +1.53 +1.39 +1.60 | +4.51 +1.42 +4.46 +1.78 +2.12 +1.60
T-S Pairs \ WRN-40-2 — WRN-40-1 ResNet110 — ResNet32
ol 10 20 100 10 20 100
Group T All T All T All T All T All T All
Teacher 3421 49.09 2350 44.15 6.05 33.66 | 32.78 47.01 2336 42.08 631 32.11
Student 28.97 4434 2027 40.16 479 3031 | 28.54 44.02 2045 40.10 4.61 3047
KD [16] 2735 4572 17.12 40.67 2.82 3159 | 28.87 4547 1977 40.60 3.87 30.86
FitNet [30] 28.85 4425 20.02 3992 374 2998 | 28.51 43,52 2031 39.12 497 29.86
DKD [52] 31.92 4732 21.52 4283 508 33.04 | 31.26 46.79 22.06 42.03 532 32.09
ReviewKD [6] | 33.53 48.56 24.00 43.71 5.84 33.15 | 31.80 47.21 22.33 4247 536 3223
DIST [17] 32.35 4826 22.08 4353 526 33.61 | 32.03 47.07 2197 42.19 544 32.26
CAT-KD [12] | 9.13 2932 338 2606 0.09 1997 | 2.12 1883 0.16 1579 0.10 14.14
LTKD 36.55 48.86 27.70 4449 891 34.80 | 37.19 47.85 29.08 43.68 9.68 33.80
A +3.02 +0.30 +3.70 +0.78 +3.07 +1.19 | +5.16 +0.64 +6.75 +1.21 +4.24 +1.54

Table 11. Accuracy (%) on both the tail group classes (7)) and the overall classes (All) in the TinylmageNet-LT test sets when using
teacher and student models with heterogeneous architectures. The best result is highlighted in bold, and the second-best result is indicated
with underline. A denotes the performance gap between the best and the second-best results.

T-S Pairs ‘ ResNet32x4 — ShuffleNetV1 VGG13 — MobileNetV2
¥ 10 20 100 10 20 100
Group T All T All T All T All T All T All
Teacher 3847 52.64 2874 4749 953 3537 | 32.53 4523 2185 3975 629 29.71
Student 2443 37.10 1680 31.85 471 2277 | 2698 39.73 1738 33.14 397 2299
KD [16] 34.67 49.05 24.12 4281 562 30.74 | 3124 4560 19.53 39.50 327 28.44
FitNet [30] 2523 36779 1639 32.04 484 23.17 | 25.81 3798 1651 3190 4.07 2271
DKD [52] 36.83 50.22 26.64 4438 834 3323 | 33.07 46.79 22.06 40.87 570 29.97
ReviewKD [6] | 36.30 49.27 27.09 44.72 849 33.12 | 32.37 4499 22.77 3936 7.02 29.20
DIST [17] 36.49 50.07 2574 4359 723  31.19 | 3292 46.09 21.77 40.05 552 29.08
CAT-KD [12] - 27.89 4045 1850 3489 427 24.63
LTKD 42.12 51.64 33.06 4641 12.85 35.09 | 39.04 48.71 2828 4322 9.52 3230
A +5.29 +1.42 4597 +1.69 +4.36 +1.86 | +5.97 +1.92 +5.51 +2.35 +2.50 +2.33
T-S Pairs \ WRN-40-2 — ShuffleNetV1 ResNet50 — MobileNetV2
ol 10 20 100 10 20 100
Group T All T All T All T All T All T All
Teacher 3421 49.09 2350 44.15 6.05 33.66 | 3943 52.86 2937 4636 10.71 3549
Student 2443 37.10 16.80 31.85 471 2277 | 2698 39.73 1738 33.14 397 2299
KD [16] 3228 47.64 2172 4254 464 32.09 | 34.09 4870 2333 4223 549 3023
FitNet [30] 2448 36.57 1659 31.59 503 23.02 | 25.66 38.16 1653 32.07 4.00 2229
DKD [52] 3445 48.68 2340 4378 655 3325 | 37.07 5037 27.11 4430 856 33.01
ReviewKD [6] | 35.89 4894 26.54 4393 8.67 33.61 | 30.26 42.84 2097 3699 550 26.67
DIST [17] 3371 48.74 23.19 4361 583 3274 | 36.31 50.03 2573 43.32 738 31.13
CAT-KD [12] | 28.69 43.16 18.88 37.70 1.85 27.14 | 30.15 4399 20.35 38.04 0.76 26.58
LTKD 39.66 50.19 30.05 45.58 11.13 3539 | 42.59 5195 3195 45.66 11.97 34.60
A +3.77 +1.25 +3.51 +1.65 +246 +1.78 | +5.52 +1.58 +4.84 +1.36 +3.41 +1.59




E. PyTorch implementation

E.1. Long-tailed knowledge distillation

To ensure reproducibility, the proposed LTKD framework is implemented on top of the open-source mdistiller codebase'.

import torch
import torch.nn.functional as F
from ._base import Distiller

class LTKD (Distiller):
wnn
[Hyperparameters]
— CIFAR-100-LT & TinyImageNet-LT : TEMPERATURE = 4.
— ImageNet-LT : TEMPERATURE = 1

mmn

, WARMUP =
, WARMUP =

]
S

S O
[

def _ _init_ (self, student, teacher, cfg):
super (LTKD, self).__init__ (student, teacher)
self.alpha = cfg.LTKD.ALPHA
self.beta = cfg.LTKD.BETA
self.temperature = cfg.LTKD.TEMPERATURE
self.warmup = cfg.LTKD.WARMUP
self.dataset = cfg.DATASET.TYPE

def forward_train(self, image, target, **kwargs):

logits_student, _ = self.student (image)
with torch.no_grad() :
logits_teacher, _ = self.teacher (image)

# Cross—Entropy Loss
loss_ce = F.cross_entropy (logits_student, target)

# LTKD Loss (see Fig. 8)
loss_ltkd = min(kwargs["epoch"] / self.warmup, 1.0) = 1ltkd_loss(
self.dataset,
logits_student,
logits_teacher,
self.alpha,
self.beta,
self.temperature,

losses_dict = {
"loss_ce": loss_ce,
"loss_kd": loss_1ltkd,

return logits_student, losses_dict

Figure 7. PyTorch implementation of the proposed LTKD class based on the mdistiller codebase.

lhttps://qithub.Com/meqviifresearch/ﬁdistiller


https://github.com/megvii-research/mdistiller

def 1tkd_loss(dataset, logits_student, logits_teacher, alpha, beta, temperature):

Implementation of LTKD loss.

mmn

pred_teacher = F.softmax(logits_teacher / temperature, dim=1)
pred_student = F.softmax (logits_student / temperature, dim=1)

# Class indices for Head, Medium, and Tail groups

if dataset == 'CIFAR-100-LT':
head_idx = torch.arange (0, 33, device=logits_student.device)
med_idx = torch.arange (33, 67, device=logits_student.device)
tail_idx = torch.arange (67, 100, device=logits_student.device)

# Other datasets (TinyImageNet-LT, ImageNet-LT) are handled similarly.

# Within-Group Loss
def group_softmax(logits, idx, temperature):
return F.softmax (logits[:, idx] / temperature, dim=1)

def group_loss (logits_student, logits_teacher, idx, temperature):
pred_teacher_group = group_softmax(logits_teacher, idx, temperature)
pred_student_group = group_softmax(logits_student, idx, temperature)
loss = (F.kl_div(torch.log(pred_student_group), pred_teacher_group, size_average=False)
* (temperaturex«*2)
/ logits_student.shape[0]
return loss

head_loss = group_loss(logits_student, logits_teacher, head_idx, temperature)
med_loss = group_loss (logits_student, logits_teacher, med_idx, temperature)
tail_loss = group_loss(logits_student, logits_teacher, tail_idx, temperature)

# Cross-Group Loss
def group_sum(pred, idx):
return pred[:, idx].sum(dim=1)

b_teacher = torch.stack ([group_sum(pred_teacher, head_idx),
group_sum (pred_teacher, med_idx),
group_sum (pred_teacher, tail_idx)],
dim=1)

w_alpha, w_beta, w_gamma = b_teacher.sum(0) .mean() / b_teacher.sum(0)

weighted_b_teacher = torch.stack ([group_sum(pred_teacher, head_idx)*w_alpha,
group_sum (pred_teacher, med_idx) »w_beta,
group_sum (pred_teacher, tail_idx) *w_gamma],
dim=1)

weighted_b_teacher = weighted_b_teacher / weighted_b_teacher.sum(l) [:, None]

b_student = torch.stack ([group_sum(pred_student, head_idx),
group_sum (pred_student, med_idx),
group_sum (pred_student, tail_idx)],
dim=1)

cross_group_loss = (F.kl_div(torch.log(b_student), weighted_b_teacher, size_average=False)
* (temperaturexx2)
/ logits_student.shape[0]

# LTKD Loss
return alphaxcross_group_loss + betax (head_loss + med_loss + tail_loss)

Figure 8. PyTorch implementation of the proposed LTKD loss.



E.2. Long-tailed dataset construction

For all long-tailed datasets (CIFAR-100-LT, TinyImageNet-LT, and ImageNet-LT), the imbalance is constructed by applying
the exponential sub-sampling strategy to the standard training sets. While we provide the implementation of CIFAR-100-LT
in Fig. 9, the same sub-sampling strategy is consistently applied to TinyImageNet-LT and ImageNet-LT.

During training, we apply dataset-specific standard augmentations: RandomCrop (32, padding=4) and
RandomHorizontalFlip () for CIFAR-100-LT; RandomRotation (20) and RandomHorizontalFlip (0.5)
for TinyImageNet-LT; RandomResizedCrop (224) and RandomHorizontalF1lip () for ImageNet-LT.

import numpy as np
from torch.utils.data import Dataset
from torchvision.datasets import CIFAR100

class CIFAR100_LT (Dataset) :

Implementation of Long-Tailed CIFAR-100 dataset.

The imbalance 1is constructed by exponentially decaying

the number of training samples per class based on the “imb_factor’.

mmn

def _ init_ (self, root, download=True, train=True, transform=None, imb_factor=0.01):
self.transform = transform
self.train = train
self.imb_factor = imb_factor
self.num_classes = 100

base_dataset = CIFAR100 (root=root, train=train, download=download)
self.data = base_dataset.data
self.targets = np.array(base_dataset.targets)

if train:
self.gen_imbalanced_data ()

def get_img_num_per_cls(self, num_classes, imb_factor):
img_max = len(self.data) / num _classes
img_num_per_cls = []
for cls_idx in range (num_classes) :
num = img_max * (imb_factor x* (cls_idx / (num_classes - 1.0)))
img_num_per_cls.append (int (num))
return img_num_per_cls

def gen_imbalanced_data(self):
img_num_per_cls = self.get_img_num_per_cls(self.num_classes, self.imb_factor)
new_data, new_targets = [], []
targets_np = np.array(self.targets, dtype=np.int64)
classes = np.arange (self.num_classes)

for cls_idx, img_num in zip(classes, img_num_per_cls):
idx = np.where (targets_np == cls_idx) [0]
np.random.shuffle (idx)
selec_idx = idx[:img_num]

new_data.append(self.data[selec_idx])
new_targets.extend([cls_idx] * img_num)

self.data = np.vstack (new_data)
self.targets = np.array (new_targets)

# Standard __len

and getitem functions are omitted for conciseness.

Figure 9. PyTorch implementation of the long-tailed dataset construction.



	Introduction
	Related work
	Knowledge distillation on balanced datasets
	Knowledge distillation on LT datasets

	Method
	Revisiting KL divergence
	Rebalanced cross-group loss
	Reweighted within-group loss
	Long-tailed knowledge distillation

	Experiment
	Dataset
	Implementation details
	Main results
	Ablation study

	Conclusion
	Detailed decomposition of KL divergence
	Algorithm
	Experimental setting
	Balanced dataset
	Implementation details

	Additional results
	Long-tailed protocols
	Visualization
	CIFAR-100-LT
	TinyImageNet-LT

	PyTorch implementation
	Long-tailed knowledge distillation
	Long-tailed dataset construction




