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Abstract

This study proposes Weighted Knowledge Distillation (WKD) to overcome the limitation of conventional
Knowledge Distillation (KD), which treats all training samples equally regardless of their informational value. Using
the median and IQR of the teacher's prediction confidence distribution, a Gaussian weighting function assigns higher
weights to mid-confidence samples, where dark knowledge is most abundant, and lower weights to extreme-confidence
ones. Label perturbation is added to mitigate the teacher's high-confidence bias and let the weighting operate
effectively. Across four CNN- and Transformer-based teachers, WKD achieves an Acc@5 of 92.31% under 10%
perturbation, improving over standard KD. Ablation studies show that confidence-based weighting and label
perturbation are individually limited but complementary when combined.
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Table 1. Comparison of previous knowledge distillation methods and the proposed method
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Paper Knowledge / Target dataset Teacher Student Performange
key concept (Representative)
8 Tabular datasets
Bucilug et al. [1] P?’?Al:jﬁédga (e.g., ADULT, Esglseeggglne Single neural net| 1000x compression
COVTYPE)
Hinton et al. [2] Soft targets MNIST, speech, JFT Ensgmlse o Single DNN |60.8 (1.91 vs. Student)

Romero et al. [3] Feature maps | CIFAR-10/100, SVHN| Maxout CNN FitNets 9161 1431 vs,
Teacher)

Park et al. [4] Structural relations | CIFAR-100, CUB-200| ResNet-50, efc. | VGG, etc. 74'668&4(;% vS.

Zhao et al. [5] Decoupled soft CIFAR-100, ImageNet| ResNet32x4, etc. | ResNet8x4, etc. 62 3821 vs.
targets Student)

Huang et al. [6]

Pearson correlation

CIFAR-100, ImageNet

ResNet-34, etc.

ResNet-18, etc.

7207 (0861 vs. KD)

Ours

Label perturbation
+ WKD

Food-101
(10% noise)

EfficientNet-B0,
etc.

SqueezeNet1_1

Overall improvements
in Acc, F1-Score,
etc. (vs. 0% KD)
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Table 3. Performance comparison of weighted knowledge distillation and knowledge distillation by label perturbation rate
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Teacher Noise | Method Acc@1 Acc@5 F1-Score Precision Recall
0% WKD 7291% (-021) | R1%%6 (013) | 7275% (041) | 7334% (-05) 7291% (-021)
? KD 73.12% R.32% 73.16% 713.84% 13.12%
. o WKD | 7289% (+0.05) | R.31% (+0.11) | 72.87% (+003) | 7361% (-0.05) | 72.89% (+0.06)
ConvNeXt-Tiny | 10% ==\ ™1 7ogms P2% 7284% 73.66% 72.81%
0% WKD | 71.82% (+0.02) | 91.70% (+0.11) | 71.87% (+021) | 72.81% (+0.220) | 71.82% (+0.2)
° KD | 71.800% 915%% 7166% 725%% 71.80%
0% WKD 7053% (H006) | 90.63% (+0.09) | 7043% (-0.09) | 71.12% (-008) | 70.53% (-0.09)
° KD | 70.59% 054% 70.52% 71.20% 70.5%%
. ~ o WKD | 70.60% (+0.16) | 90.47% (+0.06) | 70.53% (+0.19) | 71.46% (+0.23) | 70.60% (+0.16)
EfficientNet-B0 | 10% == 5™ T 704496 N41% 7034% 71.25% 7044%
20% WKD | 69.62% (+0.11) | 90.17% (+0.09) | 69.47% (-0.06) | 70.38% (-0.11) | 69.62% (+0.11)
? KD 6951% 90.08% 69.53% 70.51% 69.51%
0% WKD | 7287% (+0.09) | R.20% (+0.11) | 72.84% (+02) | 73.76% (+0.28) | 72.87% (+0.09)
° KD | 7278% R0P% 7264% 7348% 7278%
VIT-B/16 10% WKD | 7266% (+0.14) | R.12% (+0.12) | 72.65% (+0.17) | 7350% (-004) | 72.66% (+0.14)
° KD | 725%% R.00% 7248% 73.54% 725%
0% WKD | 71.44% (+0.03) | 91.34% (+002) | 71.49% (+0.05) | 72.46% (-0.07) | 71.44% (+0.03)
° KD 71.41% 91.3%% 7144% 72.53% 4%
0% WKD 71.18% (H023) | 91.16% (0.01) | 71.06% (-0.24) | 71.88% (+0.12) | 71.18% (+0.23
° KD 71.41% N.17% 71.30% 72.20% 1.41%
3 o WKD 71.12% (+049) | 91.06% (+0.03) | 71.11% (+0.58) | 72.08% (+061) | 71.12% (+0.49)
ResNext=30 | 10% =T 7060 91.03% 7053% 7147% 7063%
20% WKD | 69.90% (+0.15) | 90.06% (+0.12) | 69.78% (+0.13) | 7081% (-0.17) | 69.90% (+0.15)
° KD | 6975% 80.M% 6065% 70.98% 60.75%
T 4 ME|T 7|8t JEEX|eE 2ol WEte| AU A
Table 4. Ablation study on the effects of confidence—based weighting and label perturbation
Setting Acc@1 Acc@5 F1-Score Precision Recall
w/o Label Perturbation 70.53% 90.63% 70.43% 71.12% 70.53%
w/o Weighting 70.44% 90.41% 70.34% 71.23% 70.44%
w/o Label Perturbation, Weighting 70.59% 90.54% 70.52% 71.20% 70.59%
Ours 70.60% 90.47% 70.53% 71.46% 70.60%
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