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Abstract

Conventional knowledge distillation, designed for model
compression, fails on long-tailed distributions because the
teacher model tends to be biased toward head classes
and provides limited supervision for tail classes. We pro-
pose Long-Tailed Knowledge Distillation (LTKD), a novel
framework that reformulates the conventional objective
into two components: a cross-group loss, capturing mis-
matches in prediction distributions across class groups
(head, medium, and tail), and a within-group loss, cap-
turing discrepancies within each group’s distribution. This
decomposition reveals the specific sources of the teacher’s
bias. To mitigate the inherited bias, LTKD introduces (1)
a rebalanced cross-group loss that calibrates the teacher’s
group-level predictions and (2) a reweighted within-group
loss that ensures equal contribution from all groups. Exten-
sive experiments on CIFAR-100-LT, TinylmageNet-LT, and
ImageNet-LT demonstrate that LTKD significantly outper-
forms existing methods in both overall and tail-class accu-
racy, thereby showing its ability to distill balanced knowl-
edge from a biased teacher for real-world applications.

1. Introduction

Knowledge Distillation (KD) is a well-established model
compression technique designed to transfer knowledge
from a large and powerful teacher model to a compact
student model [16]. Its effectiveness has led to success-
ful applications across diverse domains, including com-
puter vision [25, 37, 40, 44], NLP [13, 19, 34, 43], and
LLM [1, 11, 39, 41]. This approach aims to retain the
high accuracy of computationally expensive and large-scale
models within a lightweight architecture, enabling deploy-
ment in resource-constrained environments [2, 5, 54].
Conventional KD methods have evolved along two pri-
mary branches: logit-based [16, 17, 28, 49, 52] and feature-
based [6, 12, 18, 29, 30, 35, 45, 51] approaches. Among
them, logit-based methods are particularly prevalent, typi-
cally formulated by minimizing the Kullback—Leibler (KL)
divergence between the teacher’s and student’s softened
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Figure 1. Overview of standard KD on long-tailed distributions.
The training data is highly imbalanced (pie chart and bar graph),
with most samples belonging to head classes (orange) and few to
tail classes (blue). This creates a biased teacher whose predictions
(pT), visually represented by varying bar heights, are skewed to-
ward head classes. Standard KD forces the student to mimic this
bias (p®), resulting in poor generalization on tail classes.

predictions [16]. This framework operates under a crit-
ical assumption: the training data is balanced [22, 23],
allowing the teacher to offer reliable guidance across all
classes. However, what happens when this assumption
breaks down? More importantly, can a teacher trained on
imbalanced data still offer trustworthy supervision?

As shown in Fig. |, real-world datasets often follow a
long-tailed distribution [3, 36, 42, 50]. When trained on
such data, the teacher model becomes biased toward head
classes, performing well on frequent classes but poorly on
rare ones due to insufficient exposure. Consequently, ap-
plying standard KD is not only ineffective but can be detri-
mental. The student inherits the teacher’s bias, overfitting
to head-class predictions while receiving little meaningful
guidance on tail-class examples. This ultimately results
in poor generalization. This highlights a critical need for
new KD frameworks designed to distill balanced knowledge
even from a biased teacher.

To address this, we propose Long-Tailed Knowledge Dis-
tillation (LTKD), a novel knowledge distillation approach
tailored for class-imbalanced scenarios, as illustrated in
Fig. 2. Our approach reformulates the conventional KL-



based KD objective into two components: a cross-group
loss and a within-group loss. This decomposition enables
a theoretical analysis of how knowledge is transferred un-
der class imbalance. By defining appropriate class groups
(e.g. head, medium, and tail), we can elucidate the distinct
contributions of these components: the cross-group term re-
flects mismatches in aggregate probability across groups,
while the within-group term captures discrepancies within
each group. Our analysis reveals that both terms are dis-
torted by the teacher’s bias in distinct ways. The cross-
group term leads to an overestimation of head-class prob-
abilities and an underestimation of tail-class ones. Mean-
while, because the within-group term is weighted by each
group’s aggregate probability, it tends to disproportionately
favor the head group while neglecting the tail group.

Building on this insight, we introduce two core com-
ponents to counteract the teacher’s bias: (1) a rebalanced
cross-group loss that calibrates the skewed group-level pre-
dictions, and (2) a reweighted within-group loss that en-
sures equal learning focus across all groups. Conceptually,
these adjustments offset the distortions caused by class im-
balance, enabling the student to learn a more balanced rep-
resentation.

We comprehensively validate the effectiveness of LTKD
across a wide range of model architectures on standard
long-tailed benchmarks. Experimental results demonstrate
substantial improvements in both overall and, crucially, tail-
class accuracy, consistently achieving state-of-the-art per-
formance. Remarkably, in nearly all cases, our method sur-
passes the teacher’s own performance. These results un-
derscore the ability of LTKD to distill balanced knowledge
from a biased teacher, marking a significant step toward de-
ploying robust and high-performance models in real-world
and imbalanced scenarios.

In summary, our contributions are threefold:

* We reformulate the KL-based objective into cross-
group and within-group components, enabling analysis of
teacher bias under long-tailed distributions.

* We propose rebalancing and reweighting strategies that
equalize the influence of all class groups during distilla-
tion, mitigating biased supervision.

* We achieve state-of-the-art performance on long-tailed
benchmarks, improving both overall and tail-class accu-
racy—even surpassing the teacher in most cases.

2. Related work

2.1. Knowledge distillation on balanced datasets

Knowledge Distillation (KD) transfers rich information
—often referred to as dark knowledge [21]— from a large
teacher model to a compact student, aiming to preserve per-
formance while reducing computational cost [9]. KD meth-
ods are broadly categorized into feature-based [6, 12, 18,

29, 30, 35, 45, 51] and logit-based [16, 17, 28, 49, 52] ap-
proaches. Feature-based distillation focuses on transferring
internal knowledge by aligning hidden representations [30].
It has been extended to leverage spatial attention maps [45],
sample-wise relational information [29], and contrastive ob-
jectives [35]. ReviewKD [6] introduced a residual-style fu-
sion of earlier feature layers to guide deeper ones, while
CAT-KD [12] transfers class activation maps (CAMs) to
help the student focus on class-discriminative regions. Al-
though effective, these methods typically require complex
feature transformations and often incur higher computa-
tional overhead. In contrast, logit-based methods, first in-
troduced by Hinton [16], are more cost-effective as they
aim to match the softened logits using KL divergence.
DKD [52] decouples the KL divergence loss into target and
non-target components to better reflect their distinct contri-
butions, while DIST [17] further relaxes the KL objective
through correlation-based loss, preserving inter-class and
intra-class prediction relations. Despite their effectiveness,
a key limitation of existing methods is the assumption of a
balanced class distribution [10, 12, 18, 51], which is rarely
met in real-world datasets. A teacher trained on imbalanced
data tends to be biased toward head classes, and this bias
is directly inherited by the student. As a result, the student
may overfit to frequent classes while receiving inadequate
supervision for tail classes, leading to degraded generaliza-
tion and reduced robustness.

2.2. Knowledge distillation on LT datasets

A specific line of research has explored KD under long-
tailed distributions [4, 15, 20, 24, 38, 47, 53], where the im-
balance in training data leads to biased teacher predictions.
One prominent approach is to modify the distillation ob-
jective to account for class imbalance. BKD [47] proposes
a dual-loss framework that combines an instance-balanced
classification loss with a class-balanced distillation loss to
enhance performance on underrepresented classes. Another
direction involves multi-teacher distillation. LFME [38] in-
troduces a self-paced framework that aggregates knowledge
from multiple expert models, each trained on less imbal-
anced subsets of the data. By adaptively selecting both ex-
perts and samples, LFME enhances generalization in long-
tailed scenarios. However, these methods generally assume
that the student mirrors the teacher in architecture, placing
emphasis primarily on classification accuracy while largely
overlooking the compression aspect.

In contrast, our work is, to the best of our knowledge, the
first to address knowledge distillation under long-tailed dis-
tributions from the perspective of model compression. We
begin by analyzing the role of KL divergence in long-tailed
scenarios and demonstrate that the performance degradation
of existing logit-based KD methods stems from the direct
transfer of teacher bias to the student.
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Figure 2. Overview of the proposed Long-Tailed Knowledge Distillation (LTKD). Our method first decomposes the standard KL-based KD
loss into a cross-group component (capturing mismatches in aggregated group-level predictions) and a within-group component (capturing
internal discrepancies). To correct the teacher’s class bias, LTKD then applies a rebalanced cross-group loss and reweighted within-group

loss, ensuring a balanced knowledge transfer to the student.

3. Method

In this section, we begin by revisiting the KL divergence to
diagnose the sources of teacher bias under long-tailed dis-
tributions. Based on this analysis, we propose Long-Tailed
Knowledge Distillation (LTKD), a framework that mitigates
bias by rebalancing cross-group predictions and equalizing
within-group contributions during distillation.

3.1. Revisiting KL divergence

In a classification task where a sample x is categorized into
one of C classes, the predictive probability vector is repre-
sented as p = [p1,p2,...,Pc] € R®, which is obtained
by applying the softmax function o(-) to the logit vector
z = [21,20,...,2c] € RY as follows:

pi=o(z)= =g, (1

where p; and z; denote the probability and logit value cor-
responding to the i-th class, respectively.

Given our focus on long-tailed distributions, we par-
tition the C' classes into three mutually disjoint groups,
G € {H,M,T}. These correspond to a head group (H)
with many samples, a medium group (M), and a tail group
(T) with few samples. Accordingly, the KD loss function,
defined using KL divergence, can be formulated as follows:

KD = KL(p"[|p®)

soaw(d) ®

1€G

where the teacher and student models are denoted by 7" and
S, respectively.

To proceed with the formulation, we introduce two new
notations. The first is the cross-group probability distribu-
tion, pg = [pn,pam,p7] € R3, where each element rep-
resents the aggregated probability over the head, medium,
and tail class groups, respectively, and is defined as:

. Zieg exp(2;)
bG = v 3)

> j—1exp(z;)
The second is the within-group probability distribution,
Pg = [PG,sPGs,---,Pa,)icg € R, which defines the
probability distribution within each class group and is cal-

culated as:

_owE)
Yjegexp(z;)

Using the relationship between p;, pg, and pg,, we can
rewrite p; (for ¢ € G) as a product of cross-group and
within-group probabilities: p; = pg - pg,. Based on this,
Eq. (2) can be reformulated as:

KD:%:ZpTlog <p9> +ZZpTlog (p%).

i€G i€g
)

Since both pZ and pg are independent of the class index ¢,
and ), g p] = pg. the first term in Eq. (5) can be simpli-
fied as follows:

sran(f)-som()

i€G

Pg; = “)

=KL (p||pg)



where p§ = [pi,, Pl p7) and p3 = [p%, R, pF] de-
note the cross-group probability distributions of the teacher
and student, respectively. Analogously, the second term in
Eq. (5) can also be simplified as follows:

T 1 ﬁél _ T ~T 1 ﬁgb
DD pllog| =5 | =D pg > wG,log | =
g bg, G bg, (7)

1€G 1€G
=> p§ KL (pg|Ip7) .
g

where f)g and f)g denote the within-group probability dis-
tributions of the teacher and student for group G, respec-
tively.

Finally, Eq. (2) can be expressed as:

KD = KL (p§||p§) + > _ & - KL (BG1BS)
g

=KL (pZ[p§) + p% - KL (p%]|3)
+ i - KL (BAIPR4) + p7 - KL (BT IPF) -

®)

This formulation reveals that the overall KD loss consists of
two key components: (1) cross-group loss, which aligns the
aggregate probability distributions across the class groups
(head, medium, and tail); (2) weighted sum of within-group
losses, which aligns the probability distributions within
each group. Notably, the weight assigned to each within-
group loss corresponds to the teacher’s cross-group proba-
bility pg. This decomposition enables analysis of the dis-
tinct contributions from cross- and within-group learning,
revealing the inherent limitations of existing KD in long-
tailed settings.

3.2. Rebalanced cross-group loss

In long-tailed classification scenarios, a teacher model
trained on an imbalanced dataset naturally exhibits a predic-
tion bias toward the data-rich head classes. To examine this
phenomenon, we analyze the cross-group output probabili-
ties of a pre-trained teacher model p}; = [p,,p,p%] on
both the balanced and long-tailed versions of CIFAR-100.

Specifically, we measure the aggregate probability for
each class group—head, medium, and tail— within a sin-
gle batch. On a representative batch from the balanced
dataset, the teacher model produces nearly uniform group-
wise predictions, with values of [22.54,20.76,20.70]. In
contrast, on the long-tailed dataset, the corresponding val-
ues become [27.88,19.28,16.83], indicating a clear bias to-
ward the head group. This trend remains consistent across
batches within a single epoch (see Fig. 3), indicating that
the teacher model systematically assigns higher confidence
to head classes.

This imbalance poses a critical challenge in knowledge
distillation. The KL-based loss incentivizes the student to
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Figure 3. Group-wise prediction trends of the teacher model on
the CIFAR-100 dataset across training batches. On the balanced
version (solid lines), the teacher produces nearly uniform group-
wise outputs. In contrast, on the long-tailed version (dotted lines),
the teacher assigns higher probabilities to head classes and lower
probabilities to tail classes.

mimic the teacher’s biased outputs, thereby forcing it to in-
herit the same head-class bias. Consequently, the student’s
predictions become skewed toward dominant classes, which
is detrimental to its tail-class performance.

To mitigate this issue, we introduce a group-wise re-
balancing mechanism that adjusts the teacher’s cross-group
probability distribution before distillation. The goal is to
align the group-wise probabilities to a uniform distribu-
tion—e.g. [21, 21, 21]— instead of the skewed values ob-
served under long-tailed settings. This is achieved by cal-
culating scaling factors for each group such that their rebal-
anced predictions become equal across a batch.

Let the sum of cross-group probabilities in a batch B be
Poach = [P5, PRy, PZ]. We define the target average as:

Phe = Mean(py;, piy, p7), )

and set the desired balanced vector as [pg,, Pag> Pivel- The
scaling factors for each group are then given by:

B B B
S — Pavg Sy = Pavg s — Pavg (10)
H = Bs°M = "5 T — B -
Py Pa b7

However, simply applying these scaling factors for each
sample, f)g = [S’Hp%, S MpTM, sTpg—] , does not guarantee
a valid probability distribution, as the results will not sum
to one (3 g Sgpg # 1). Therefore, to ensure proper nor-
malization, we apply the following correction:

SHDy  SMDa  STPT
T T T
Zg 5GDg Zg 5GPg Zg SGPg

; (1)
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G =
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Figure 4. Distillation loss curves for KD, DKD, and LTKD for Head (left), Medium (middle), and Tail (right) class groups. LTKD achieves
a consistently lower loss across all three groups compared to the baselines, overcoming the suboptimal convergence caused by teacher bias.

where f)g is the rebalanced cross-group probability vec-
tor. This operation rebalances the group-level contributions
while ensuring the output remains a valid probability distri-
bution. Through this, the student is guided by a rebalanced
teacher distribution that no longer disproportionately em-
phasizes the head group.

3.3. Reweighted within-group loss

We now focus on the within-group loss component, which
is a weighted sum of KL divergences within each group:

> pg KL (pGBS) = pi - KL (p%1IP3)
g (12)
+piy - KL (PAIDR) + p7 - KL (BT )

where f)g and f)g are the within-group distributions of the
teacher and student, respectively, and pg denotes the ag-
gregated probability that the teacher assigns to group G €
{(H, M, T}

In long-tailed classification, due to the imbalanced na-
ture of the training data, the teacher model tends to allocate
higher probability to head classes (p, > pL, > pT). As
a result, the within-group KL loss becomes heavily biased
toward the head group, while the contribution from the tail
group is substantially diminished. This bias causes the stu-
dent to receive weaker supervision signals for underrepre-
sented classes, resulting in suboptimal convergence across
the full label space (see Fig. 4).

To address this issue, we propose a reweighting strat-
egy that enforces equal importance across all three groups,
regardless of the teacher’s confidence. Specifically, we re-
place the teacher-derived weights p:gp with a uniform con-
stant /3, yielding the modified within-group loss:

B> KL (pS1P3)
g

= B (KL (p3,]p%;) + KL (PA4lIPR) + KL (f)Tr||f>§()1)3~)

This simple modification ensures that each group con-
tributes equally to the within-group distillation loss, pre-
venting the overrepresented head group from dominating
the gradient flow during distillation.

3.4. Long-tailed knowledge distillation

By combining these two complementary strategies, we pro-
pose the Long-Tailed Knowledge Distillation (LTKD):

LTKD = o - KL (pg|Ipg) + 8- > KL (BS[B7) -
g
(14)

. f)é and pg denote the rebalanced cross-group distribu-
tions from the teacher and the original distribution from
the student, respectively,

. f)g and f)g represent the within-group normalized distri-
butions within each group G € {H, M, T},

e « and B are hyperparameters that balance the contribu-
tions of the cross- and within-group distillation terms.

See the supplementary material for the pseudo-code.

4. Experiment

4.1. Dataset

We construct CIFAR-100-LT, TinylmageNet-LT, and
ImageNet-LT by introducing class imbalance into the bal-
anced CIFAR-100 [22], TinyImageNet [23], and Ima-
geNet [31] datasets, following previous works [7, 8, 26].
For each class ¢, the number of training samples, denoted
by |D.|, is reduced using an exponential decay function:

De| = |D.| -7~/ (15)

where C' is the total number of classes and ~y is the im-
balance factor, defined as the ratio between the number
of training samples in the largest and smallest classes [7].
For both CIFAR-100-LT and TinyImageNet-LT, we con-
struct three versions of the training set with imbalance fac-
tors of [10,20,100]. For ImageNet-LT, imbalance factors



Table 1. Accuracy (%) on tail (7) and overall (All) classes for CIFAR-100-LT with homogeneous (Top) and heterogeneous (Bottom)
architectures. Bold and underline denote the best and second-best results, respectively. A is the gap between them.

T-S Pairs | ResNet32x4 — ResNet8x4 \ VGG13 — VGG8
v 10 20 100 10 20 100
Group T Al T Al T Al | T Al T Al T Al
Teacher 5072 6495 39.19 5882 1528 4535 | 4567 60.77 3643 5510 1401 43.11
Student 4732 6059 3699 5544 1338 4248 | 43.67 5743 33.89 5229 1313 40.70
DKD [52] | 49.86 6455 3787 5878 1325 4601|4800 61.84 3765 5668 1442 44.22
ReviewKD [6] | 52.08 6471 40.12 59.17 15.09 4591 | 47.75 6143 37.69 5651 14.76 44.19
DIST[17] | 5028 63.74 38.69 5828 13.86 4521 | 4557 60.53 3436 5468 1246 42.12
CAT-KD[I2] | 49.83 6474 37.67 5873 1283 4533 | 4853 6201 3795 5678 1422 4433
LTKD 58.66 66.76 49.70 6254 2721 51.08 | 53.95 63.04 4577 5886 23.30 47.66
A +6.58  +2.02 +9.58 +3.37 +12.12 +4.97 | 4542 +1.03 +7.82 +2.08 +8.54 +3.33
T-S Pairs | WRN-40-2 — ShuffleNetV 1 \ ResNet50 — MobileNetV2
v 10 20 100 10 20 100
Group T Al T Al T Al | T Al T Al T Al
Teacher 4977 63.05 39.88 5827 1488 4478 | 4974 6351 3774 5670 1442 4226
Student 40.04 5406 2991 4822 1074 36.21 | 3047 4458 2232 3925 7.04 2756
DKD [52] | 50.86 63.65 39.94 5828 1504 4524|4329 5720 3323 5220 1245 39.21
ReviewKD [6] | 51.24 63.90 4044 5863 1581 4540 | 33.68 4775 2480 4208 975 31.86
DIST[I7] | 4840 6247 3748 5692 1223 4195|3786 5236 27.11 4650 9.81 3496
CAT-KD[12] | 51.02 63.68 4023 5826 14.68 44.84 | 4318 57.23 33.17 5190 11.61 3845
LTKD 5740 6542 4842 6094 2399 48.60 | 4843 5779 4082 5370 21.04 4245
A +6.16  +1.52  +7.98 4231 4818 4320 | +5.14 +0.56 +7.59 +1.50 +8.59 +3.24

of [5,10,20] are used. The classes are divided into three
groups based on the number of training samples: Head (the
top 33% of classes), Medium (the next 34%), and Tail (the
bottom 33%). The test set remains balanced to ensure fair
evaluation.

4.2. Implementation details

We conduct experiments using widely used CNN archi-
tectures, including ResNet [14], VGG [33], WideResNet
(WRN) [46], ShuffleNet [48], and MobileNet [32]. Each
experiment is conducted three times, and the average per-
formance is reported. Additional details and results are pro-
vided in the supplementary material.

4.3. Main results

CIFAR-100-LT. In all settings, LTKD consistently shows
remarkable improvements in both overall accuracy (All)
and tail-class accuracy (7), as shown in Tab. 1. For
instance, with a ResNet32x4—ResNet8x4 pair (y =
100), LTKD boosts the tail-class accuracy from 15.09%
to 27.21%, and overall accuracy from 46.11% to 51.08%.
Similarly, for the ResNet50-MobileNetV2 (y = 100) pair,
LTKD delivers a substantial gain of +8.59% in tail accuracy
and +3.24% in overall accuracy. These gains are consis-
tent across all imbalance levels and architecture combina-
tions, underscoring the importance of our rebalanced and
reweighted supervision.

TinyImageNet-LT. Even on the more challenging
TinyImageNet-LT, LTKD proves its effectiveness with
consistent performance improvements, as shown in Tab. 2.
For example, with the ResNet32x4-ResNet8x4 pair
(y = 100), LTKD improves tail accuracy from 9.09% to
10.48% and overall accuracy from 34.61% to 36.21%.
Similarly, for VGG13-MobileNetV2 pair (y = 100),
LTKD boosts tail-class accuracy from 7.02% to 9.52% and
overall accuracy from 29.97% to 32.30%. These results
highlight the robustness of LTKD on a more complex
benchmark.

ImageNet-LT. On the large-scale ImageNet-LT, LTKD
demonstrates its scalability by consistently outperforming
all baselines. For instance, with a ResNet34—ResNetl18
pair, LTKD improves tail accuracy by +1.06%, +1.75%, and
+2.40% for v = 5,10, 20, respectively. This strong per-
formance extends to the ResNet50-MobileNetV1 setting,
with gains of up to +3.20% on tail classes, highlighting
the method’s ability to perform effective knowledge transfer
even on large-scale, severely imbalanced datasets.

4.4. Ablation study

Rebalance effect. To isolate the effect of our rebalanced
cross-group loss, we compare it against a non-rebalanced
baseline, disabling the within-group loss for both settings
(Tab. 4). Our rebalanced loss consistently improves tail
accuracy, improving it from 38.30% to 40.51% for the
ResNet32 x4-ResNet8 x4 pair. Similar positive trends are



Table 2. Accuracy (%) on tail (7°) and overall (All) classes for TinylmageNet-LT with homogeneous (Top) and heterogeneous (Bottom)

architectures. Bold and underline denote the best and second-best results, respectively. A is the gap between them.

T-S Pairs ‘ ResNet32x4 — ResNet8 x4 VGGI13 — VGG8
5 100 10 20 100
Group T All T All T All T All T All T All
Teacher 3847 5264 2874 4749 953 3537 | 3253 4523 21.85 3975 629 29.71
Student 29.72 4460 21.46 4025 473 30.62 | 31.12 43.76 22.19 39.00 6.88 29.96
KD [16] 2734 4538 18.11 4135 338 3142 | 31.92 47.16 20.60 4149 399 30.95
DKD [52] 3470 4893 26.58 4484 9.09 34.61 | 33.20 48.01 22.65 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 4552 730 3398 | 3348 47.22 23.19 4146 598 31.01
LTKD 40.66 51.33 31.33 47.05 10.48 36.21 | 3890 49.43 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 ‘ ResNet32x4 — ShuffleNetV1 VGG13 — MobileNetV2
o 100 10 20 100
Group T All T All T All T All T All T All
Teacher 38.47 52.64 2874 4749 953 3537 | 3253 4523 21.85 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 | 31.24 4560 19.53 39.50 327 28.44
DKD [52] 36.83 5022 26.64 4438 834 3323 | 33.07 46.79 22.06 40.87 570 29.97
ReviewKD [6] | 36.30 49.27 27.09 4472 849 33.12 | 3237 4499 2277 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
LTKD 42.12 51.64 33.06 4641 12.85 35.09 | 39.04 48.71 28.28 4322 9.52 32.30
A +5.29 +142 +597 +1.69 +4.36 +1.86 | +5.97 +1.92 +5.51 +2.35 +2.50 +2.33

Table 3. Accuracy (%) on tail (7) and overall (All) classes for ImageNet-LT. Bold and underline denote the best and second-best results,

respectively. A is the gap between them.

T-S Pairs | ResNet34 — ResNet18 | ResNet50 — MobileNetV 1
v 5 10 20 5 10 20
Group T All T All T All T All T All T All

Teacher 5775 67.61 50.61 63.85 43.00 5991 | 59.62 69.06 52.69 6557 44.82 61.46
Student 5448 6473 4745 61.18 3998 5725 | 5542 6546 4949 6255 41.68 5894
KD [16] 56.14 6627 4935 63.03 41.72 59.15 | 56.58 66.51 5042 63.70 4245 5991
DKD [52] 56.83 66.84 4995 6350 42.65 59.82 | 58.54 68.09 5239 65.04 4504 6146
ReviewKD [6] | 57.27 66.96 50.80 63.72 43.48 60.15 | 58.59 68.10 53.06 6531 4535 61.84
DIST [17] 56.79 66.66 50.28 63.56 42.78 59.94 | 57.29 6694 50.89 64.09 43.70 60.71
CAT-KD[12] | 55.92 66.14 49.58 6320 4220 59.67 | 57.08 6696 51.00 64.07 4355 60.54
LTKD 5833 67.23 5255 6429 4588 60.80 | 60.17 68.48 54.40 65.52 48.55 62.22
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

observed in other architecture pairs, confirming the effec-

overall performance.

For the ResNet32x4—ResNet8x4

tiveness of the rebalance process, particularly for underrep-
resented classes. Interestingly, we observed a minor trade-
off in the ResNet32x4-ShuffleNetV1 pair, where tail ac-
curacy improved (30.01% to 30.68%) but overall accuracy
slightly dropped (-0.01%), likely due to suppressing head-
class signals during the rebalance process. However, this
is resolved by incorporating the within-group loss (Tab. 5),
demonstrating the complementary strength of our LTKD.

Impact of each component. We conduct an ablation
study to disentangle the contributions of our cross-group
and within-group components (Tab. 5). Our findings show
that each component independently boosts both tail and

pair, the cross-group loss alone yields a +3.70% improve-
ment in tail accuracy, while the within-group loss alone pro-
vides an even larger gain of +5.53%. This highlights that
uniformly weighting within-group losses is particularly ef-
fective in mitigating teacher bias. The best performance is
consistently achieved when both strategies are combined.
In the VGG13—MobileNetV2 setting, our LTKD improves
tail accuracy by +9.28% and overall accuracy by +4.34%
over the baseline. These results confirm that the two compo-
nents are complementary, and jointly addressing cross- and
within-group biases is key to effective long-tailed knowl-
edge distillation.



Table 4. Performance comparison of cross-group loss on CIFAR-100-LT (v = 20). “Biased” refers to the unbalanced cross-group loss,
while “Ours” applies our balanced loss. The within-group loss is disabled for both methods. 7 and All denote tail and overall accuracy,
respectively. A shows the improvement of “Ours” over the “Biased” baseline.

Models Teacher ResNet32 x4 VGGI13 WRN-40-2
odels Student ResNet8x4  ShuffleNetV1 VGG8 MobileNetV2 ~ WRN-40-1  ShuffleNetV1
Loss Cross ~ Within ‘ T All T All T All T All T All T All
Biased 4 X 38.30 55.77 30.01 48.82 3555 5330 2342 4029 34.64 5397 3023 4931
Ours v X 40.51 56.55 30.68 48.81 37.26 53.70 2397 4030 3523 5435 3244 4991
A +2.21 +0.78 +0.67 -0.01 +1.71 +0.40 +0.55 +0.01 +0.59 +0.38 +2.21 +0.60

Table 5. Ablation study of cross-group and within-group losses on CIFAR-100-LT (y = 20)
Within v)”” combines both rebalanced cross-group and reweighted within-group loss.

. “Baseline” is vanilla KD. “Ours (Cross v/,

Model Teacher ResNet32 x4 VGG13 WRN—40-2
odels Student ResNet8x4  ShuffleNetV1 VGGS MobileNetV2 ~ WRN—40-1  ShuffleNetV1
Loss  Cross Within | 7 Al 7 Al 7 Al 7 Al 7 Al T Al
Baseline X X | 3681 5741 3613 5503 3729 56.13 29.05 47.69 3563 5671 3830 56.61
v X | 4051 5655 3068 48.81 3726 5370 2397 4030 3523 5435 3244 4991
Ours X V| 4234 5978 39.10 5684 3854 5683 3199 4920 39.67 58.11 4045 57.65
v v | 4970 6254 4594 59.62 4577 58.86 3833 5203 4574 5991 4842 60.94

—— Exp.1: =1, a€{1,2,4,6,8,10} —— Exp.2:a=6, BE{1,2,4,6,8,10}

Overall Accuracy Tail Accuracy

50

62.59 49.72

65‘54\‘_‘ 491
62.0
61.45 48
61.5 i48 04
/—_‘—/\/‘ 471
2 4 6 8 10

61.0

60.5 46

Weight Weight

Figure 5. Hyperparameter sensitivity of LTKD on CIFAR-100-LT
(v = 20), showing overall accuracy (Left) and tail-class accuracy
(Right). The blue line shows the effect of varying the cross-group
weight « (while S = 1). The red line shows the effect of varying
the within-group weight 5 (while o = 6).

Hyperparameters. We analyze the sensitivity to hy-
perparameters « (cross-group) and [ (within-group) on
CIFAR-100-LT (y = 20) using a ResNet32x4 and
ResNet8x4 pair (Fig. 5). Varying a (with 8 = 1) shows
overall accuracy peaking at o = 6 (61.45%). When fix-
ing & = 6 and varying 3, performance peaks at 5 = 6
(62.54%). Tail accuracy follows a similar trend, reaching its
peak of 49.72% (o = 6,8 = 8). Importantly, LTKD con-
sistently outperforms the strong ReviewKD baseline (Over-
all: 59.17%, Tail: 40.12%) across a wide range of « and
values, demonstrating both its robustness and its significant
benefit for underrepresented classes.

Number of groups. To evaluate sensitivity to group defi-
nitions, we vary the number of groups n(G) from 3 to 100
(Tab. 6). Even at the simple n(G) = 3 (H#, M, T), LTKD
already achieves significant improvements over previous

Table 6. Overall accuracy on CIFAR-100-LT (y = 100) with
varying number of groups, including the continuous reweighting.

n(G) | 3 4 5 10 20 25 50

R32x4—-R8x4 | 51.08 51.08 51.14 5099 50.34 50.06
VGG13—-VGGS8 | 47.66 47.85 4826 48.69 48.58 48.19
WRN402—-SVI1 | 48.60 48.98 4927 4954 4990 49.64

R50-MV2 4245 4301 43.40 4343 4342 4251

100

50.41
47.82
47.95
41.18

methods, and increasing n(G) enables more fine-grained
bias correction, yielding consistent performance gains.

The n(G) = 100 setting corresponds to a continuous
reweighting scheme, where LTKD continues to outperform
existing methods (see Tab. 1), demonstrating that the frame-
work naturally extends beyond discrete grouping. Never-
theless, the discrete grouping design enables the explicit
formulation of the within-group loss, leading to additional
performance gains.

5. Conclusion

We present Long-Tailed Knowledge Distillation (LTKD),
a novel framework addressing the ineffective transfer of
biased knowledge from teachers trained on long-tailed
datasets. LTKD introduces a rebalanced cross-group loss
and a reweighted within-group loss, designed based on our
decomposition of the conventional KL divergence, which
revealed its inherent bias. This enables the effective distilla-
tion of balanced knowledge from a biased teacher. Through
extensive experiments, we demonstrate that LTKD consis-
tently enhances both overall and tail-class performance in
long-tailed scenarios. We plan to extend this framework to
other domains where long-tail issues are pervasive, such as
object detection and semantic segmentation.
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