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»Bagging &

»Bagging (Bootstrap Aggregating) & —/ANid 13 R B A A 69 )] 4k X IE &
Ik R RS IAEERNZ [ M, RANEREI % E L#AT
AR FAURAE, FEM LB SFE I GEM AR, RE
iR 20y RS AT AR A 4 AR

AL (Random Forest) - f£Baggingéy kzh £ & 5] N T MAL4F
AE, H—FTRIJANEBED 2 R T, AMAEKRT, A%
FE AR R — AR R A
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BATLRRM

Random Forest Simplified

lnstance

LK% Kih L350

Tree-1 Tree-2 Tree-n
Class-A Clalss-B Class-B
{ Majority-Voting} |
Final-Class
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sppo=.
»Boosting &£

b He B — A9 R ARG DI SRR ) 6 AR A AR AT X AT AR
OB RATH 1) S RIBATFREA LR, KRB 5] A

AOAE, Mg he R E AR 2 A 69 £ .
»AdaBoost (Adaptive Boosting) k&

Weak Classifier 2

® ’/ ® ‘-!\_: *;/\.
/@ o o

®/" o &) ¢ ®

. | o o ® ¢ o /e o

Weak Classifier 1
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AdaBoost

Input :

* A training set S = ((X1,¥1); s (Xm; Ym))-

Initialization :

* Maximum number of iterations T;

* initialize the weight distribution Vi € {1,...,m},D® (i) = L.
fort=1.:..,Fdo

* Learn a classifier f; : R? — {—1, 41} using distribution D(*)
* Sete; = Z D® ()

i fo (%) #ys
* Choose a; = %ln 1?—“‘

* Update the weight distribution over examples

D(t) (i)e—'ﬂ-zyi fe(xi)
Z()

where Z() = 3 | D(®)(3)e9+¥:f¢(X:) is a normalization factor such that D(+1)
remains a distribution.

Vi € {1,...,m}, D) =

’
Output : The voted classifier Vx, F'(x) = sign (Z as fi (x))

t=1

GGE BB G5 EESS] 8
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=)
» B 9| % (self-training/bootstrapping)
MR AT E BRI R — AR, TR R AR R TR TAT A A8 AT
%, REBEEBRZUERRLRAMNGAFREmANGEE, RETH
W HRH ey A
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k102 BIGHIIGTR
B N: PRIEEEURE £ = {(x(™, ym)N_ .
FARESIRE U = (x(MM_ .
SEARIREL T SIS AL A B P,
1 fort=1---Tdo
2 | WUEIIZRE £ IGREE f;
3| fEAEE f X TEARESUREE U RTINS R RS Y P
MEERP = {(xP, fFxP)}_;;
s | EFIGE.

L« LUZP, U<U-2P.
5 end

i thi: B f
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=) 14%

» Bk 5] 9] Zx(co-training)
» BN ARt 7k, BT REALA(view)dd 4 K Bk ZARe 3t
p I E D B RAFFAL A R, W BRAFNA LT L —H, N
B 8 I %
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B 10.3  hETIZRAEY) 2R FE

thEh)|25 i A: FROEEORER £ =[x,y
""""""""""""""""""""""""""""""""""""" TeAREHUESE U = (x(™M_ .
IRAIREL T fBeidith AN K 3 ORI IR A EUR 2P;
1 fort=1---Tdo
2 RIBVIZRE £ BIRLA VL IIZRIIZRIEEY £,
3 HRARIIZRE £ BIRLA V YIZRIIZREEEL f;
4 MTEARFEAESE U _EREYLER — SRR REER U, #1F |U') = K;
5 for f € fi, f,do

6 (s FHAREY £ Pl it u’ AR RORE AR DAR A

7 forp=1---Pdo

8 HARPRE 010, FEHUEE — MR y;

9 MU IR AR y , 3 BB S E RS IR x;
10 IS5 -

£ < Lu{(x,y)}, U « U —{(x,y)

11 end

12 end

13 end

""""""""""""""""""""""""""""""" fiih: B A, f




EIIIZR ( Co-Training )

»Multi-View Learning

Co-Training
Allow Cl1 to label
Iteration: t Some instances Iteration: t+1
ote Cl: A ote®
. | Classifier °
=3 @ trained L o
—_— :
@ on view 1 Py
® Add self-labeled ®
w instances to the pool R
® o of training data * o
® @
® I3
® o —/ C2A o o
Classifier
°o® —| trained °®
- e on view 2 - o
________________ Allow C2 to label

Some instances
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ZESFS

» % /£ 45 3] (multi-task learning)
PRV BT ] S AN XME S, ERXRBAES AR T IR P EF R, FA
% AMES-Z 18] 948 KM R B AL A A A AME S B A A Fe iz AL AR
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Z{ESFS) ( Multitask Learning )

A B C A B C
e VI S A A A
t PPERSCEENG

h AV =2 I -2 77

A e T

(a) FEILZAE (b) BT
B A @
C

) I N

(c) BRI (d) - FAH

(AP Z W &5 RESF Y 16



Z(E55F>) ( Multitask Learning )

32 3] 2 I X M/MES M R BN £,(:0),1 < m < M, SIE52ESIHB
& EIFRRECN TS 51 5 R BRI 2 AN,
M Np
£@=Y > nmz:m(fm(x(m’");e), y(m’">), (10.25)
m=1n=1

HA L,,() AE m MEFHIRKEE, ,, BHE m MEFHINE, O FREI TH
ERSHAERREANESE. NEF] UREARESHNEERERKE,
WA DIRIEES SR ERRE. BEER T, rEESREERANE, A
"m=1,1<m<M.

1) A G

P AR, MAERE—NMES, NEIMES AR F— LI SR, T+ H
R &

»2) FALFHA R

VLT 1255 S 433 09 54k, 4 R BNk 4E % B 334745 A (fine-tuning)

AP L5 EF 3] 17



Bi£104 ZEFFIFEE)IZIFE

Z{FEFS WiA: MBS HEEE D, 1 < m < M,
--------------------------------------------- HMESHIMBERNK 1 <m < M;
BAERI T, ¥R

1 BENLOIEAIL S5 6,

2 fort=1---Tdo
// HEFR M MESHIEGE
3 form=1---Mdo
FHESE m IR D, HEEHLRIS N ¢ = % NMNERES

m
Bm = {:]m,l’ ,Jm,c};

5 end

6 BHATA/IMELEREAR B = B,UB,U - U B,
7 BEHLHER B;

8 foreach 7 € B do

0 HR/MEBRAT ERURK LO); /7 RtEIERNES LIk
10 BB 6, « 6, —a-VaL(0);

11 end
12 end

............................................. it B £, 1 <m <M

N N I S e = Sy BN 7 N S iy RV A



SAT5RES vs. BUERSS

» AL 55 3] 38 LA 55 ST R BATzALRE S, RE A T
V) NAEF K, SEEZAAMERE, 485 T & X6 HKIEHER

»2) RFHERTERMMAES, —ARE LB ETEAN TS
»3) FAFEIF 69 T

y4) HFAES “SEBFNT AR ERES TR I NRBREE, B
A& 49 %e
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»:£ #4552 3] (transfer learning)
pFEAE R AE S0 D] SR IR P 09 T 2 AL s iR 2 A B B AR S

% 10.1 JEBFEIIFIRENL AT ST B HEER

P R | BER
PSS Xs = Xr, Ys = Y ‘ ps(x,y) = pr(x,y)
TS Xs # Xr 8 Ys # Y7 B ps(x,y) # pr(x,y)

AP W % 5REF I 20



http://weebly110810.weebly.com/39640391312
Transfer Learning 9399.htmi

------------------------------------------------------------------------------------------------ http://www.sucaitianxia.com/png/cartoon/2008
11/4261 .html

Dog/Cat
Classifier

AP 22 W% 5% 53] 21



http://www.bigr.nl/website/structure/main.php?page=rese
e archlines&subpage=project&id=64

http://www.spear.com.hk/Translation-company-

Directory.html

Task Considered

Data not directly related

Speech English
Recognition o Youlllil: Chinose
r Iijt‘ié- ......
Image |
Recognition Medical
Images
Text B
Analysis § Specific

domain

AV Z WL G EES T 22
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)3 44 :T 4% 5 3] (inductive transfer learning)
>XS — XT, YS == YT

» LD K EAFERKIE, T BRI G R T8 2| B AR IR
» 7£image net_E 7 9] %5 9 42 7 AlexNet, VGG %

» BDH K ZRAFERIE, BRABESTEHBRALLEF JE5
»Word2vec, GloVe, ELMO, openAl GPT, BERT %

AT HFAE AT 7 X
KRN



Layer Transfer - Image

Source: 500 classes
from ImageNet

Target: another 500
classes from
ImageNet
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Jason Yosinski, Jeff Clune, Yoshua Bengio, Hod Lipson, “How transferable are features in deep neural

‘networks?”, NIPS, 2014
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Layer Transfer - Image

5: Transfer + fin'e-tuning infl'nproves ger"ueralizatioﬁ

0.64} 1
3: Fine-tuning recovers co-adapted interactions

2: Performance drops
due to fragile
co-adaptation

0.62¢

fine-tune the

4: Performance

Top-1 accuracy (higher is better)

0.60} 1
whole network drops due to
representation
ificit
. specificity |
Only train the
0.56[ |
rest layers
0-517% 1 2 3 3 : 6 7
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et Task #1: Masked Language Model

; ) [} * 80% of the time: Replace the word with the
G GG [MASK] token, e.g, my dog is hairy —
) Z‘? o ZQ? ) my dog is [MASK]
: *” tayernorn( - + FEER) ”‘ * 10% of the time: Replace the word with a
@ l 0t oA random word, €.g.,my dog is hairy — my
. é ( Self-Attention ) dOg is apple
T 2= oo ;
rosmon: <§ é§ * 10% of the time: Keep the word un-
(T o changed, e.g., my dog is hairy — my dog
Thinking Machines is hairy. The purpose of this is to bias the
: representation towards the actual observed
In this work, we denote the number of layers wgrd ' 0
(i.e.. Transformer blocks) as L, the hidden size as
H, and the number of self-attention heads as A.’
We primarily report results on two model sizes: o
g e g Task #2: Next Sentence Prediction
eters=1 10M) and BERTsrce (L=24, H=1024, M 6 FBA& L A4 FA

A=16, Total Parameters=340M).

AV Z WL G EES T 26



B E RT Devlin et al. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. NAACL 2019

Corpus: the black dog jumped over the puddle, followed by a boy
Mask prediction & sentence prediction: [CLS] the black dog [MASK] over the [MASK] [SEP]

followed [MASK] a boy [CLS] —> label =1
[CLS] the black dog [MASK] over the [MASK] [SEP] We have [MASK] amazing progress [MASK]
NLP [CLS] —> label=0
tl' tz, “y tN — BERT(el, €2, ..., €N, 0)
) @ -
B SR
Transformer
Transformer
E E, Ex
"""""""""""""""""""""""""""""""""""" GRERBEREETS a1



BERT-finetuning 3 B

BERT BERT
[l & |~ [&][Eenl[& ] [&] Eal & = E,
2 e L] il I — S i =
) (=) ) IR Bl

;l_,_l I_‘_I ‘ I

Sentence 1 Sentence 2

Single Sentence
(a) Sentence Pair Classification Tasks: (b) Single Sentence Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC, SST-2, ColA
RTE, SWAG
Start/End Span 0 B-PER 0
) =) () DER e
BERT BERT
(el & | [ ][ e[ & ] [&] en] & |2 E,
B 1 T L1 L3 o g | iy LT pu ey
=F) - (=1 - (&) | s (Tou [ Tokz} LTolkNJ
I_l_l [
I
Question Paragraph Single Sentence

_____________________________________________________ (c) Question Answering Tasks: (d) Single Sentence Tzagivg Tes's:
SQuAD v1.1 ) B CoNLL-2003 NER



Timeline of word embedding

June 2018
1997 _ Generative Pre-training
Latent Semantic Transformer (GPT)
Analysis (LSA) Open Al
2014 Oct 2018
Global Vector (GloVe) Bidirectional Encoder
Stanford University Representations from
Oct 2017 Transformers (BERT)
or Embeddings Google Al
Word2vec from Language
Google Model (ELMO)
h Context-dependent
Context-independent o
ULMFIT
Feb 2019
GPT-2

AV Z WL G EES T 29



ATEFRESES] vs. B(EEFFS

»F B X Hde T

V) ZHELEFIRRNFIEZANATEAES, BREHLFIBT LA
7 A B

»2) JFWIERFIALEEGNIIRTER, REELSFT —BRAFLRE
= BT A AR 4509 PR AR

AP Z ML 5K ESF T 30



>

» 3 31T 4% 5 3] (transductive transfer learning)
>XS * XT, YS — YT
>PS(x'y) 2 PT(x'y)

» AR IR AT 45 3] (domain adversarial learning)

(AP Z W &5 RESF Y 31



TaSk deSCH pt|on Bousmalis K, Trigeorgis G, Silberman N, et al., 2016. Domain separation networks. NIPS.

»Source data: (x°,y5) Same task.
»Target data: (x?) mismatch

MNIST

SOURCE with label

TARGET 1 without label

MNIST-M

(AP Z W &5 RESF Y 32



Domain-adversarial training

$n$ﬂ$&mmw

features f

‘

33
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Domain-adversarial training

feature extractor

J soanyeoj

Domain classifier

‘ I ‘ @ domain label d

-



Domain-adversarial training

Maximize label classification accuracy + Maximize label
minimize domain classification accuracy  classification accuracy

feature extractor Label predictor

il[>mli>FE>[ E>[ |$nE>Eclasslabely.
. Domain classifier
’?o%
e E> ﬂ |:> Q) domain label d
Maximize domain
classification accuracy

J soanyeoj

AV Z WG GEES T 35



Domain-adversarial training

oL
89f aey

oo hoRof? 1228

~ 0Ly

Y
== label predictor 0,

M domain classifier 6,
., 2 A

Y
feature extractor 0

2 CQO;. 4 \

%, s, s
Yo, W E> E> @ domain label d

OLq —Closs LD

004

Yaroslav Ganin, Victor Lempitsky, Unsupervised Domain Adaptation by Backpropagation, ICML, 2015

Hana Ajakan, Pascal Germain, Hugo Larochelle, Francgois Laviolette, Mario Marchand, Domain-Adversarial

""" Tra'rn‘in‘g'of'N'euraTNetWO'rKs;';lML'R;'ZOTG"'j""""""j'"j';"""""""""""""'""""""""'"""""""'"""""""'
KAP 2 W 455K 5 5 36



Domain-adversarial training

MNIST SYN NUMBERS SVHN SYN SIGNS

SEl

SOURCE

d > X
TARGET ‘l ‘18 ?SI

MNIST-M SVHN MNIST

SOURCE MNIST SYN NUMBERS SVHN SYN SIGNS
METHOD

TARGET MNIST-M SVHN MNIST GTSRB
SOURCE ONLY .5749 .8665 .5919 .7400
SA (FERNANDO ET AL., 2013) | .6078 (7.9%) 8672 (1.3%) 6157 (5.9%) 7635 (9.1%)
PROPOSED APPROACH .8149 (57.9%) .9048 (66.1%) .7107 (29.3%) .8866 (56.7%)
TRAIN ON TARGET 9891 .9244 .9951 9987

Yaroslav Ganin, Victor Lempitsky, Unsupervised Domain Adaptation by Backpropagation, ICML, 2015

Hana Ajakan, Pascal Germain, Hugo Larochelle, Francgois Laviolette, Mario Marchand, Domain-Adversarial
“Training of Neural Networks, JMLR, 2016 =~ = = e

AP W % 5REF I 37



TS ( Transfer Learning )

Traditional Machine Learning Transfer Learning

Different tasks Source tasks Target task

A A A A HE
AA AA |

£ & @ 9 ®
Learning Learning Learning B I 7d & Learning
system system system Knowledge system
b2 W 455 R B T 38



JTF>]

» L5 3] (meta learning)
YN EH AL S 5 5] gmiR, T A A ik AL L6955

- 7 w : (n) 4(n) . . i)
¢ },&%ﬁt% & %:é ] T {wﬁ’d‘r{,{z e [ Atﬂﬁl j(ﬁlj )

7—157-27"' 77?\[
EFEE TG ) B

Oty1 = 0 —aVL(6;) :> 641 = 6 + 8:(VL(6)); ¢)
»EE A T & 09 U5 3] Model-Agnostic Meta Learning(MAML)

KAW 2 W 4555 0K B 5

Fk
&
)
N



T85> vs. MAML

»FZRX AT
» IR ) RE T FRYIIESY RIFALAH, TMAMLE £ F & —A
R R R e e | [ A = o Sl ol I 4

N
»MAML L(p) = ) 1"(Bn)
»Model pre-training N
L(®) = ) I"($)
n=1

AP W % 5REF I 40



TS vs. MAML

I (Loss 12 (Loss
of task 1) of task 2)

Model

Daramatar
Created with EverCam
http://www.camdemy.com |

AV Z WL G EES T 41



MAML M O™: model learned from task n

"""""""""""""""""""""""""" Loss Function: g™ depends on ¢
L(¢) = Z (é") 1"(6™): loss of task n on the
— testing set of task n )

Only focus on
initialization parameter

Created with EverCam.
http://www.camdemy.com

Finn C, Abbeel P, Levine S, 2017. Model-agnostic meta-learning



N

L(¢) = Z (o)

n=1
¢ < ¢ —nVyL(P)

Considering one-step
training:

O=¢—eVyl(h)

Created with EverCam
B vy <omderng Lo

Only focus on
initialization parameter

Finn C, Abbeel P, Levine S, 2017. Model-agnostic meta-learning



B 10.5 BRAEERITAE SR

i (55210 p(T);
BARIERIRE T, 3R a,B;
1 FENLRIMR S 6,

2 fort=1---Tdo

3 HRAE p(7) RE—MESERE (T Iy
4 form=1---Mdo
5 HE Veﬁym (fe)§
6 HRESERNSE.6), « 6 —aVeLl, (fo);
7 end
s | EFBH:0 < 60— Vo T, Lo (o)
9 end
i A £y
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TS vs. MAML

MAML — Real Implementation

Sample a
gm training task m
o -
Model Pre-training
0
¢ ¢1 ém
Sample a _é"
training task n O
Evo‘r‘Cma,m
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— meta-learning
9 ---- learning/adaptation

VL,
NS
VL, > 03
X l”l \\“ N
1* 65

Figure 1. Diagram of our model-agnostic meta-learning algo-
rithm (MAML), which optimizes for a representation ¢ that can
quickly adapt to new tasks.
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Z5F>]

»2% 5 5 5] (lifelong learning/continuous learning)
YARIE 7 AT S5 52 3] 69 22 B Fo ke iR R A5 Bh 5 5] R 69 F A S,
It R A %0 H 8 517,
P12 ST IR, Brabd 5] — AN RS a s IS

Task 1 Task 2

Shared
Knowledge
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B 1.0 5 = B single task performance
4 EWC
o]
=
s 091
o
| =
=)
S -
©
o
0.8
SGD+dr

2 3 4 5 6 7 8 9 10
Number of tasks
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RS vs. |ANTASE STISES S

PG S 3] )BT ] E R R F e T
b1) aREAF T RE TR B FFAE S, MRSk iR 6 R
R, AFF I AAFARF LT ] fednit KT

P L5y 5] Fm AL G )
V) A FEIJRERAAES LRNES], MA—A—ANE, SHESH
%3] RAEPTH LS LR S 3

AP 2 W 45 R BESF 3 49
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it A% 5 3]
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