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Introduction

⚫ Knowledge Distillation

⚫ Training small networks under the supervision of a larger networks

⚫ Type

⚫ Logit-based distillation

⚫ Feature-based distillation with intermediate layers

⚫ − only use the same level information to guide the student
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[Previous knowledge distillation frameworks. They only transfer knowledge within the same levels]
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Introduction

⚫ Knowledge Review

⚫ Review mechanism

⚫ Multi-level information of the teacher to guide one-level learning of the student

⚫ Residual learning

⚫ Attention based fusion (ABF)

⚫ Hierarchical context loss (HCL)
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[Knowledge review mechanism. Multiple layers of the teacher is used to supervise one layer in the student]
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Method

⚫ Review mechanism

⚫ Notation

⚫ Given input image 𝐗 and student network 𝒮, the output logit of the student is 𝐘𝐬 = 𝒮 𝐗 .

⚫ When 𝒮 → 𝒮1, 𝒮2, … , 𝒮n, 𝒮c , 𝐘𝐬 = 𝒮c ∘ 𝒮n ∘ ⋯∘ 𝒮1 𝐗 [cf., 𝑔 ∘ 𝑓 𝑥 = 𝑔 𝑓(𝑥 ]

⚫ Intermediate features are 𝑭𝑠
1, , … , 𝑭𝑠

i … , 𝑭𝑠
𝐧 where 𝑭𝑠

i = 𝒮i ∘ ⋯∘ 𝒮1 𝐗
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[Single-layer knowledge distillation 

with the review mechanism]

[Multiple-layers knowledge distillation 

with the review mechanism]
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Method

⚫ Review mechanism

⚫ Single-layer Knowledge distillation

⚫ ℒSKD = 𝒟 ℳ𝑠
i 𝑭𝑠

i ,ℳ𝑡
i 𝑭𝑡

i
➔ ℒSKD_R = σj=1

i 𝒟 ℳ𝑠
i,j
𝑭𝑠
i ,ℳ𝑡

j,i
𝑭𝑡
j

⚫ ℳ is transformation, which is simply composed of convolution and nearest interpolation layers for matching the size.

⚫ 𝒟 is distance function.
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[Single-layer knowledge distillation 

with the review mechanism]

[Multiple-layers knowledge distillation 

with the review mechanism]
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Method

⚫ Review mechanism

⚫ Multiple-layers Knowledge distillation

⚫ ℒMKD = σi∈𝐈𝒟 ℳ𝑠
i 𝑭𝑠

i ,ℳ𝑡
i 𝑭𝑡

i
➔ ℒMKD_R = σi∈𝐈 σj=1

i 𝒟 ℳ𝑠
i,j
𝑭𝑠
i ,ℳ𝑡

j,i
𝑭𝑡
j

⚫ − cumbersome learning process [e.g., network with n stages → calculations of
1

2
n n + 1 ]
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[Single-layer knowledge distillation 

with the review mechanism]

[Multiple-layers knowledge distillation 

with the review mechanism]

Shallower features of the teacher are used only.

ℒ = ℒ𝐂𝐄 + 𝝀ℒ𝐌𝐊𝐃_𝐑
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Method

⚫ Residual Learning

⚫ Fusion module 𝒰

⚫ ℒMKD_R = σi∈𝐈 σj=1
i 𝒟 ℳ𝑠

i,j
𝑭𝑠
i ,ℳ𝑡

j,i
𝑭𝑡
j

➔ ℒMKD_R = σj=1
n σi=j

n 𝒟 𝑭𝑠
i , 𝑭𝑡

j

⚫ σi=j
n 𝒟 𝑭𝑠

i , 𝑭𝑡
j
≈ 𝒟 𝒰 𝑭𝑠

j
, … , 𝑭𝑠

n , 𝑭𝑡
j
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[Optimized architecture with fusion modules]

𝒰 𝑭𝑠
j
, … , 𝑭𝑠

n
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Method

⚫ Residual Learning

⚫ Recursive operation

⚫ 𝒰 𝑭𝑠
j
, 𝑭𝑠

j+1
, … , 𝑭𝑠

n
➔ combination of 𝑭𝑠

j
and 𝒰 𝑭𝑠

j+1
, … , 𝑭𝑠

n

⚫ ∴ ℒMKD_R = 𝒟 𝑭𝑠
n, 𝑭𝑡

n + σj=n−1
1 𝒟 𝒰 𝑭𝑠

j
, 𝑭𝑠

j+1,n
, 𝑭𝑡

j

⚫ 𝑭𝑠
j+1,n

denotes a fusion of features from 𝑭𝑠
j+1

to 𝑭𝑠
n
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𝒰 𝑭𝑠
n−2, 𝑭𝑠

n−1,n

[Final architecture]

cf. Residual learning

𝐹4
𝒮 + 𝐹3

𝒮 → 𝐹3
𝒯 ⟹𝐹4

𝒮 → 𝐹3
𝒮 − 𝐹3

𝒯
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Method

⚫ ABF and HCL

⚫ ABF (attention based fusion)

⚫ HCL (hierarchical context loss)
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Lower level features

Higher level features

Resize

Concatenation

Features are multiplied with 

𝐻 ×𝑊 attention maps

[Architecture of ABF] [Architecture of  HCL]



Seonghak KIM

Experiments

⚫ Classification

⚫ Results on CIFAR 100 (same architectures)
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[Results on CIFAR-100 with the teacher and student having same architectures.]
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Experiments

⚫ Classification

⚫ Results on CIFAR 100 (different architectures)
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[Results on CIFAR-100 with the teacher and student having different architectures.]
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Experiments

⚫ Classification

⚫ Results on ImageNet

⚫ (a) – different architectures (student: MobileNet, teacher: ResNet50)

⚫ (b) – same architectures (student: ResNet18, teacher: ResNet34)
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[Results on ImageNet]
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Experiments

⚫ Object Detection

⚫ Results on COCO2017
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[Results on object detection]
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Experiments

⚫ Analysis

⚫ Ablation study

⚫ Student: Wide Residual Network (WRN16-2)

⚫ Teacher: WRN40-2

⚫ CIFAR100 dataset
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[RM: Review mechanism. 

RLF: Residual learning framework.

ABF: Attention based fusion module.

HCL: Hierarchical context loss function.]
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Conclusion

⚫ Contributions

⚫ The review mechanism, which uses multiple layers in the teacher was proposed 

to supervise one layer in the student.

⚫ Significant improvement on all classification, detection, and segmentation
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Thank you.
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