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NIPS 2019 
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Survey of Literature Label Smoothing Results
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Preliminaries

Factored out Usually constant across classes
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Penultimate Layer Representations

3 semantically different classes

2 similar classes + 1 class
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Penultimate Layer Representations

CIFAR10

CIFAR100

Training set Validation set
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Penultimate Layer Representations

Training set Validation set

ImageNet

2 similar classes + 1 class
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Penultimate Layer Representations
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Implicit Model Calibration
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Implicit Model Calibration
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Implicit Model Calibration

The setting of machine translation experiment is interesting for two 
reasons:

1. Label Smoothing → BLEU↑ but Perplexity↑

2. CV:   only care about accuracy
NLP: the network’s soft outputs are inputs to a second

algorithm(beam-search) which is affected by calibration
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Implicit Model Calibration
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Implicit Model Calibration
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Knowledge Distillation

T/S Settings Test error

Teacher non-convolutional + hard targets + dropout 0.67%

Student / 0.74%

Teacher non-convolutional + hard targets + label smoothing 0.59%

Student / 0.91%

Experiments on MNIST
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Knowledge Distillation

Focus on four results:

1. the teacher’s accuracy as a function of the label smoothing factor

2. the student’s baseline accuracy as a function of the label smoothing factor without
distillation

3. the student’s accuracy after distillation with temperature scaling to control the
smoothness of the teacher’s provided targets (teacher trained with hard targets)

4. the student’s accuracy after distillation with fixed temperature (T = 1.0 and teacher
trained with label smoothing to control the smoothness of the teacher’s provided targets) 
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Knowledge Distillation

the mass allocated by the teacher to 
incorrect examples over training set



18

Knowledge Distillation

where
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ICLR 2021
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The Most Important Picture in this Article
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Picture in the First Article 
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The “Erase Information” Effect by Label Smoothing
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The “Erase Information” Effect by Label Smoothing

Some interesting facts(the authors do not give specific experimental data):

1) It can measure the degree of erased information quantitatively and further help 
discover more interesting phenomena, e.g., they observe that data augmentation
method like CutMix (Yun et al., 2019) together with longer training erases the relative 
information on logits dramatically and can further be reinforced by label smoothing.

2) We found that the proposed metric is highly aligned with model accuracy, thus such 
metric can be used as a complement for accuracy to evaluate the quality of teacher’s 
supervision for knowledge distillation.
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Empirical Studies

Networks
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Empirical Studies
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What is a Better Teacher in Knowledge Distillation?
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What is a Better Teacher in Knowledge Distillation?
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What is a Better Teacher in Knowledge Distillation?

0.7
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What Circumstances will make LS less Effective?

1. Long-Tailed Distribution
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What Circumstances will make LS less Effective?

2. More Classes



智周万物
道济天下

33

Another paper I want to talk about
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