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2. 7| 2 Knowledge Distillation

Vanilla Knowledge distillation

% Distilling the Knowledge in a Neural Network
« 2014 Neural Information Processing Systems(NeurlPS)0|AM ZHE =2

- 20204 128 2 7|F 49072 Q&

Distilling the Knowledge in a Neural Network

Geoffrey Hinton™ ' Oriol Vinyals' Jeff Dean
Google Inc. Google Inc. Google Inc.
Mountain View Mountain View Mountain View
geoffhinton@google.com vinyals@google.com jeff@google.com
Abstract

A very simple way to improve the performance of almost any machine learning
algorithm is to train many different models on the same data and then to average
their predictions [3]. Unfortunately, making predictions using a whole ensemble
of models is cumbersome and may be too computationally expensive to allow de-
ployment to a large number of users, especially if the individual models are large
neural nets. Caruana and his collaborators [11 have shown that it is possible to
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7|2 Knowledge distillation &

Elg{d 2ol B 22| KerasO| Al & X|&

Ke ra S Search Keras documentation...

» Code examples / Computer Vision / Knowledge Distillation
About Keras

Getting started Knowledge Distillation

PVl sl Author: Kenneth Borup

Keras APl reference Date created: 2020/09/01

Last modified: 2020/09/01
Code examples Description: Implementation of classical Knowledge Distillation.
Why choose Keras? w ViewinColab - () GitHub source

Community & governance

https://keras.io/examples/vision/knowledge_distillation/

O\ Data Mining
Y Quality Analytics

AV



2. 7|2 Knowledge Distillation
CtZot Knowledge Distillation ¥ 1 2|&
TeacherZ &0 = Student 2 20| O{EA HES A7
Knowledge\Distillation
Offline - Distillation
Online - Distillation
Self — Distillation
o.:\ gogjlittl/\noly‘r cs



3. Knowledge #8 A4

oflfet X|4= g@& A 27t

Knowledge Distillation

Relation-Based Knowledge

Hidden Layers

» Response-Based Knowledge

Feature-Based Knowledge

Data Mining N :
o.:\ Qullity Analytics |\3



3. Knowledge &+ A4

Feature — Based knowledge

% Knowledge Transfer via Distillation of Activation Boundaries Formed by Hidden Neurons
2019 Association for the Advancement of Artificial Intelligence(AAANO| ZHE =F
-+ 20204 12 2€ 7|E 532 218

Hidden Layers

Feature-Based Knowledge

Knowledge Transfer via Distillation of
Activation Boundaries Formed by Hidden Neurons

Byeongho Heo,' Minsik Lee,” Sangdoo Yun,® Jin Young Choi'
{bhheo, jychoi}@snu.ac.kr, mleepaper@hanyang.ac.kr, sangdoo.yun@navercorp.com
!'Department of ECE, ASRI, Seoul National University, Korea
Division of EE, Hanyang University, Korea
3Clova Al Research, NAVER Corp, Korea

Abstract

An activation boundary for a neuron refers to a separating
hyperplane that determines whether the neuron is activated or
deactivated. It has been long considered in neural networks
that the activations of neurons, rather than their exact output
values, play the most important role in forming classification-
friendly partitions of the hidden feature space. However, as
far as we know, this aspect of neural networks has not been
considered in the literature of knowledge transfer. In this pa-

Ecker, and Bethge 2016). The hidden layers of a neural net-
work contains a lot of information and is suitable for knowl-
edge transfer. However, due to the high dimensionality and
non-linearity of the hidden layer neurons, it is not easy to
achieve a perfect transfer.

The activation boundary is a separating hyperplane that
determines whether neurons are active or deactivated. In
neural networks, the activation of neurons has been con-
sidered to be important for a long time. Recently, regard-
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Feature — Based knowledge
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Feature — Based knowledge

< Activation boundaryE 7tNH2= O|&

=0 e o -
== Decision boundary ‘ ZE2 QHISl ML
@ ®
®
¢ 0
® o
o o ® W e
@
@ ® ®

Data Mining QL3
o.:\ Qullity Analytics Z\Z



3. Knowledge 23 ¢4t

Feature — Based knowledge
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Feature — Based knowledge
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Relation — Based knowledge

% Relational Knowledge Distillation
« 2019 Computer Vision and Pattern Recognition (CVPR)0| 2 HE =F

- 20204 128 24 7|= 1103 2l &

Relational Knowledge Distillation

Relation-Based Knowledge
Wonpyo Park® Dongju Kim Yan Lu Minsu Cho
POSTECH, Kakao Corp. POSTECH Microsoft Research POSTECH

http://cvlab.postech.ac.kr/research/RKD/
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Knowledge distillation aims at transferring knowledge

acquired in one model (a teacher) to another model (a stu- DRN f'rl' fs@ f?"v fqg fr ', fsg
dent) that is tvpically smaller. Previous approaches can be

. L EEEEE EmEEE
expressed as a form of training the student to mimic output Output “;.. 5 [ 5 t3 53
activations of individual data examples represented by the .
, | t

teacher. We introduce a novel approach, dubbed relational .f .f ..;22
knowledge distillation (RKD), that transfers mutual rela- 13.“ Ny / '_ﬁ

) j : o -\ : s o5
tions of data examples instead. For concrete realizations e, 05, o2
of RKD, we propose distance-wise and angle-wise distilla- “es _; 4
tion losses that penalize structural differences in relations. Point to Point Structure to Structure

Experiments conducted on different tasks show that the pro-

posed method improves educated student models with a sig- Conventional KD Relational KD
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Relation — Based knowledge
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Relation — Based knowledge
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Online — distillation

% Large scale distributed neural network training through online distillation

- 20183 International Conference on Learning Represntations(ICLR)O|M HHE =&

- 20204 128 24 7|= 1103 2l

To-Be Trained

¥ Online distillation

To-Be
Trained

LLARGE SCALE DISTRIBUTED NEURAL NETWORK
TRAINING THROUGH ONLINE DISTILLATION

Rohan Anil Gabriel Pereyra * Alexandre Passos

Google Google DeepMind Google Brain

rohananil@google.com pereyralgoogle.com apassosfgoogle.com

Robert Ormandi George E. Dahl Geoffrey E. Hinton

Google Google Brain Google Brain

ormandifgoogle.com gdahl@google.com geoffhintonlgoogle.com
ABSTRACT

Techniques such as ensembling and distillation promise model quality improve-
ments when paired with almost any base model. However, due to increased test-
time cost (for ensembles) and increased complexity of the training pipeline (for
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Online — distillation
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Online — distillation
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Online — distillation

. . ° H'_H R . _ . . .
Distillation oH . Online - distillation «  ¢(label, prediction) : TaskOf| Ci 3t loss term
™ »  (aggregated_label, prediction): Distillation loss term
for n steps do o F(6;,x): iAW 2HO| CHSt soft target
for 6; in model — set do 7 : Learning rate
Yeruth, X = get_train_example() L
(
end for
end for
~/
| - CEEEER S
while not converged do
for 8; in model — set do
Yeruth, X = get_train_example() Distillation loss term
end for
: LIHX| HERZS| o5kl Ea
end while .
Data Mini E
.‘:\ Q?thﬁy I/Qrﬂugly’rics 13\]



4. Distillation &&™ A3

Self — distillation

< Be Your Own Teacher: Improve the Performance of Convolutional Neural Networks via Self Distillation
2019 International Conference on Computer Vision (ICCV)O|M HEHE =&

« 20204 128 2 7|= 402 21E

L. . Be Your Own Teacher: Improve the Performance of Convolutional Neural
Self distillation Networks via Self Distillation

Linfeng Zhang' Jiebo Song® Anni Gao® Jingwei Chen' Chenglong Bao?* Kaisheng Ma'*
Hnstitute for Interdisciplinary Information Sciences, Tsinghua University
2Yau Mathematical Sciences Center, Tsinghua University
Institute for Interdisciplinary Information Core Technology
4HiSilicon
{z':)ar.g—l £19, kaisheng, cl t:-ao} Amail.tsinghua.edu.cn

{s{mgjb, gaoan}@iiisct.ccm, jean.chenjingweifhisilicon.com
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Abstract 1. Introduction

. , With the help of convolutional neural networks, appli-
Convolutional newral networks have been widely de- . p P . PP
, : - . cations such as image classification |22, 34] ,object detec-
ploved in various application scenarios. In order 1o ex- i . .
tion [28], and semantic segmentation [7, 40] are develop-

tend the applications ' boundaries to some accuracy-crucial . .
. , o ing at an unprecedented speed nowadays. Yet, in some ap-
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Self — distillation
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