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Part One
Recap: Semi-supervised learning




. — l \ SURISIELINE

« Learning from labeled data and unlabeled data to obtain a
model with more generalization
« Transductive SSL / Inductive SSL
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« Clustering Assumption
« Manifold Assumption

Max margin model
Co-training/Multi-view

EM-Style

Graph Based/ Label propagation
Information Entropy
Discriminative model (LDA Style)
Linear neighbor propagation
Negative matrix factorization
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(X;,Y;) problems

« Xy give no additional discriminative information (Y)
« What about label-noise?
« What about training data with incomplete information of Y

... L‘

Unlabeled samples
Labeled - positve
Labeled - ._egatwe

Not covered
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\ HIRBRTNE
SN el

Xy problems

« No distribution information on X, or X , how to identify
that Xy are reliable ?
« Data structure V.S. class discrimination
- How to integrate X, with classifiers/target function
« Classification loss
« Smooth penalty
« *Reqgularization strength
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Part Two
Unlabeled Data Help?
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1. Multiple Classifiers Analysis

2. SSL and SL Trade-off

3. Clearing Max Margin

4. Adaptive Weighting
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1. Multiple Classifiers Analysis @ P

S3VM-us (Yu-Feng Li, AAAI_2011, arXiv_2010, PRICAI_2016)

« ldea: Select confident unlabeled data to use
Algorithm 3 S3VM-us

Input: ysv s, yssv i, D and parameter €

1: Let S be a set of the unlabeled data x such that ysyar(x) #
Yssav (X)

2: Perform hierarchical clustering, e.g., single linkage method
(Jain and Dubes 1988).

3: For each unlabeled instance x; € S, calculate p; and n;, that
is, the length of the paths from x; to its nearest positive and
negative labeled instances, respectively. Denote t; = (n:—p;).

4: Let B be the set of unlabeled instances x; in S satisfying |t;| >
€|l + ul.

5: If inEB YsS3v M (X;‘,)tz‘ > Zx?;EB YSV M (Xi)ti, predict the
unlabeled instances in 5 by S3VM and otherwise by SVM.

6: Predict the unlabeled data x ¢ 1B by SVM.
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1. Multiple Classifiers Analysis @ P

LEAD (Yu-Feng Li, 1JCAI, 2016)

« ldea: when a certain graph owns a high quality, its predictive
results on the unlabeled data may have a large margin

separation

SNN Graph with Euclidean Distance | SNN Graph with Manhattan Distance
Accuracy Hinge Loss Accuracy Hinge Loss
91.6+3.1 0.529+0.110 92.6+2.7 0.370+0.106
60.9+6.2 0.341+0.109 62.4+6.9 0.276+0.109
57.7+4.9 0.632+0.139 56.44+4.5 0.671+0.145
52.34+3.3 0.964+0.006 50.3£+0.0 0.994+0.009

« Description:
« LEAD need T SSL classifiers and one SL classifier
« Target to find a best label assignment that consistent with
T Classifiers and labeled data
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1. Multiple Classifiers Analysis @ P

LEAD (Yu-Feng Li, 1JCAI, 2016)

« Description:
« LEAD need T SSL classifiers and one SL classifier
« Target to find a best label assignment Z that consistent
with T Classifiers and labeled data

st. zi=uwy,,t=1,...,1;
zie |11, j=10+1,....1 +u;

« Where ¢ is edge set
« In fact, LEAD just apply S3VM on the predictions!




Data Mining Lab

LEAD (Yu-Feng Li, 1JCAI, 2016)

« |n fact, LEAD just apply SBVM on the predictions!
l+u

min —||w||2 + C Zf yif(w;)) + Co Z (g, f(uj))
W,y — Jj=Il+1
st Uiy € {41, —1}, j=1,...,u
I.-|—’U. ~ I ‘
|23=z+1 Yi D iz1 yz,| <3 )

U [

1. Multiple Classifiers Analysis @ P

[ ,

« Where u; = [z1V, ...,z"] i
classifiers for mstance X;

is the prediction value of T

« However, LEAD use its own algorithm to solve (2), where
it need additional SL information




1. Multiple Classifiers Analysis
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LEAD (Yu-Feng Li, 1JCAI, 2016)

« Method:
v" Perform GSSL on a set of graphs {G,}{
v Generate new training data via {u;, y;} and {u;}, where u; =

[Zi(l), . Zl-(T)]
v Init 9 = sign (37, z2®), ¢, = 1075,
v Repeat until C, = threshold

v Fix 9, update w by solving SVM problem

( _ 221__ Vi

1 ifr < (% — B)u
: o bes o Lo
v Fixw, update y by y =4 _4 if 7 > (zzlflyl_l_ﬁ)u

Lsign(w’ulﬂ- + b) otherwise
i yﬁj(w’ulﬂ- + b) <1, theny7; = yff]M
r is the rank of prediction on unlabeled in descending order
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UMVP (Yu-Feng Li, AAAI, 2016)

« ldea: Integrating multiple SSL via maximizing performance
gain w.r.t. performance criteria in the worst-case scenario.
« Description:
« Using multiple SSL predictions, find a best
b

1. Multiple Classifiers Analysis @ P

max mig, ) o (perf(y,y") — perf(30,¥"))-
« Where y, is SL
« pref is F1/AUC/Top-k Precision

« ais the SSL weight, sum up to 1

« Experiments are performed on those criteria O O" ...
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S4VM (Yu-Feng Li, ICML_2011, PAMI_2015)

 ldea: exploit the candidate low-density separators to reduce
the risk of identifying a poor separator with unlabeled data.
« Assumption:
« |f there is a separator that reaches the ground truth, then
S4VM never degeneration

1. Multiple Classifiers Analysis @ P

Large Margin
Separators
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1. Multiple Classifiers Analysis @ P

S4VM (Yu-Feng Li, ICML_2011, PAMI_2015)

« Method:
« Find T separators that satisfying S3VM condition and
minimizing the penaltv on diversity of separators

h(f, )_”f”'”w nyi, xi)wgzmy %5)).

=1

min Z:;l h(fe,ye) + MQ{Fe}i—y),

{ft :?EEB}Ezl

Q({J}t};zl) — Zlgt;«sfg’r I(yff > 1—¢)

« Finally, classifier set to be
v" Combine by equal weights
v Choose the one that minimizing target function
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2. Trade off between SSL. and SL @ I

RsLapRLS (Haitao Gan, Expert Systems with Applications,2016)

» ldea: confidence & consistence tradeoff between SSL and SL
« Definition for unlabeled data:

» Confidence > cf(x;) = 9| — |7

- Consistence - cs(x;) = sign(9.y)

rexp{—cf(xj)} Lf cs(xj) =1 and cf(xj) * 0
* Risk > s; = 1 exp{|cf(xj)|} iLf cs(xj) = —1and cf(xj) * 0
kexp{—CS(xj)} if Cf(xj) =0

- Target: 1
o(f) =) (fx) —y)* +val fllg + wif'Lf
i=1

FAY 0 - g3

j=1+1
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SA-SSCCM (Yunyun Wang, IEEE trans,2013)

+ ldea: tradeoff between SSL and SL by man
- Target:

2. Trade off between SSL. and SL @ I

min || |15, + A1 D || f(xi) — yil |2
/min 11 £113 E'f( ) = yill

C n
+2 D D o) () — el

k=1 j=n;+1

1 - )

+7-1) 22 1FGD =Gl
Jj=n;+1

« Where v is a unknown variable, indicating different loss
for assigning x; to class k

L/I1f(cj) = rell?

v (Xj) =

3 Y1) - el
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USSL (Zenglin Xu, ICDM, 2008)

« Motivation: classification on universum data without any
priori information
* Idea:
« Not force to label all unlabeled data
« Some of unlabeled data are useful
« If x; suffer too much classification loss

Why not to Un'CIaSSify it Our proposed approach

. 3. To clear the margin (@ s
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. 3. To clear the margin (@ s

USSL (Zenglin Xu, ICDM, 2008)
« Method: S3VM + ¢ insensitive loss

Hinge loss function e=insensitive loss function with e=0.2
2 1.8
18} iy 16f
161 1.4}
14F
121
1.2f
1 =
1 -
08F
08F
06F
06
0.4} 04r
0.2F . 02r
o : : 0
-1 -0.5 0 1 1.5 2 -2 -1.5 -1 =-0.5

0.5
lftx)|
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USSL (Zenglin Xu, ICDM, 2008)

« Method: S3VM + ¢ insensitive loss

min —HWH —|—CLZ£2‘|‘CU Z min 7739&3)
w,b,8,M,Yi+1:n j=l1+1

s.t. yZ(WZXZ-l_b)Zl_gzaz:laal: (1)

W -x; +b] <e+njy, (3)

n; >0,7=10+1,...,n,
fk ZO,]C: 1,...,77,,
« "Useful” unlabeled data should far away from separating

plane ;
“Useless” unlabeled data should have small loss
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USSL (Zenglin Xu, ICDM, 2008)

« Method: S3VM + ¢ insensitive loss

. 3. To clear the margin (@ s

* The “irrelevant” data can increase the performance when only a
limited number of relevant unlabeled data is available

The groundtruth Proposed approach
boundary
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ASL (De Wang, KDD, 2014)

« Idea: loss of assigning x; to class k is different

. 3. To clear the margin (@ s

« Method:
. T T 2 LC ¢ r T T T -
min [[XEW 4+ L™ = Vil + 3 3y W 6T — £
sit. Vi,yir € [0,1], > yir =1 (
k=1

50t ° o

% |0 &8s
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30t

10;

207 ?ﬁ
o

b

%o

S

OL




Data Mining Lab

4. Adaptive Weighting @ P

TLAG (Yan-Ming Zhang, AAAI, 2010)

 ldea: adaptively construct graphs, updating the edge weight via
current prediction results
* Description:
* TLAG iteratively learns a new graph G’ and build a classifier on
G’ instead of original G
* Target:
min A(f,L) = fTLf + (f — y)TC(f — y)
fER™, L>0
+ 8D(L,L),
* Where D is LogNet, used for measuring the dissimilarity
between G and G’

Dia(A,B) = tr(AB™') — logdet(AB™') — n




4. Adaptive Weighting @ P

Data Mining Lab

TLAG (Yan-Ming Zhang, AAAI, 2010)

* Target:
min  h(f,L) = fTLf + (f — y)TC(f — y)

feR? L0
+ BD(L, L),

* Update G’ by

i:(%ﬂT+1rg‘¥

* Xx; and x; get more similar if they share the same label
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Data Mining Lab

* Notice: It is not a SSL but SL algorithm, RSVC Indeed learns the

instances weights.
e Target: label-noise robust SL
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4. Adaptive Weighting @ P

* RSVC (Yunlong Feng, Neural computation, 2016)

* Description:
* Proposed a robust and smooth loss function family, example

£, (y,t) = 0" (1 —exp(=(1 = yt)>/0%)), ye V.t ER,

1 + go’(yv t)

-y
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4. Adaptive Weighting @ P

* RSVC (Yunlong Feng, Neural computation, 2016)

* Description:
* Proposed a robust and smooth loss function family
* Convergence analysis & statistical properties are guaranteed
e Sharing the same solution with re-weighted L2-SVM

, 1
min —

m
Y ¢y K a+b) +ra’ K.
acR™ beR ™

i=1

(o bF ) = argmin wa"'](yi — K a - b)? + ' Ke,

acR™, beR i1

Wt =exp(—(y; — K] a" = V"2 Jo?), i=1,....m.

()
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Part Three
Weights Learning for Unlabeled Data
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=M
First-order Methods for

Convex Problem




. First-order Methods ——

Data Mining Lab

|I » Gradient Descent \
i »Subgradient Methods I
. »Proximal Gradient Method '
\

* RN L EX LS
7T ARGIXEE ? FARREREAR. ..
S 2R ? E/RARIR
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> 1E5E T BF(Gradient Descent) , TBLIRMAFIFEHTIE
> RIZERELT (x) 2R RIBYYG B OEE , iwEdom(f) = R, FEUAILICHE
W2V A TCEIRILAL

min f(x)
> BARE 2 K8~ > x*=argmin f(x)
X

> Vi(x") = ORNTF AR EATD
o« BATTURBIERAT , IHE—BxiF7Ix @, xD, L iHmEHk -
oot , f(x¥) = f(x*)

> BE MRERXFNEARNEE !

x) = x (k=1 — ¢, pf(x(k-D)




Gradient Descent

RIRPELRE
>L1‘Eﬁit"’ﬁ;§ﬂgm§ ? Data Mining Lab
EIRREFR (I A , BBARSESARBTRER , Hho<o<1:
') 1 :
|~ () + VI Ty —2) +5 (0 = 0TV (0 =) + )y — %),

BUESV2f (0 (x — y) + y)FE <1 BT WAL, BRATSE
R SRR .

i f(y) = f(x) + V() T(y — x) + zlt ly —xlI3 = g(») '

(
) 1
V(%) +;(y—x)=0 o y=x—tVf(x)

........................... /




How to Choose Step




. Line Search f@ —
»Exact Line Search (Not Practical) &2/ Dt Mining Lab
t = argmin f(x — sV f(x))
5>0

» Backtracking Line Search
v Given0<f<1land 0<a<0.5
v’ At each iteration, start with t=1,

if f(x — t7£ () > () — atVF I3
Shrink t =ft
else

update x(®) = x(*=1 ¢ Vf(x(k_l))
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» Results

120

Backtracking Line Search @ I

— x*2 + x/2.0 + 1.0 4

100

10 —5 0 5 10
First Example

120004 | - - GD, min_value = 0.937500000148 count = 71 ]
— GD _BLS, min_value = 0.937500000012 count = 24 |-

10 20 30 40 50 60 70 80
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Subgradient Method @ P

> BRI EAREASIE , (BRBEI R MR , IR 7.
=T HEKMERT , A RIE (Subgradient) {71

|
: fO)=fx)+vg" y—x) vy
| Cof (OFRTERAL | E#fAsubgradientBEENEIRIFTEENSES

~
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Subgradient Method @ P

> TR MEEAERIA |, BEB2IAAHMAYREL , FRFIEEN T,
EL FEXMMER T , BBIREE (Subgradient) BYFE

‘ ‘.
: fO)=f)+Vg" (y—x) Vy i
| JBaf ()FMERXRL , EEIfisubgradientSEEEINFIEENES |

~ /

EENN EEEN BN B BN B B IS BN B NN BN NN BEE BEEN BB BNEN BEEE BENN BEEE BNNE BEEN BENN BEEN BENN BEEE ENN BN NN B B B B B B B B e e e

o« WNREREEXRLE]R , XmAJsubgradientEX mAdgradient

o XJFUERER , EfFEsubgradient , IEMERZEY , subgradientr]
BEfF1E.

- 2B T™MEIt , EgradienttIESH AR




Subgradient Method @ P

N AR Data Mining Lab
> &L ERF

sign(x) if x+0
any value in [—1,1] otherwise’

¢ XFI) = x|, 00 ={

X

> MWFE(x) = |[|x|[, , of(x) = [ 1]l )
any g such that ||g||, <1 otherwise

if x #0

Brax =08, f) =llyll, =2 fx) +g"(y —x) =g"y.

sign(x) if g #0

o FO0 = Il , o0 = 00" o= 0

¢ XFLy Norm f(x) = [x], , 0f(0) = [x], , W +- =1




Subgradient Optimality Condition

MRS
Data Mining Lab

| IRy RRiR , HREMNECLHsubgradientfIESEE0 |

| |

: f(x*) = minf(x) © 0 € 0f(x") :

X

| |

9 f(y) = f(x) + 0" (y —x) Vy |

[V ORANEE  WFARIE , FAREER '

gleigf (x) © mxinf (x) + Ic(x)
v ENFBRRYIE , =FZINormal conefIiEE

0 € A[f(x) + 1.(x)] & 0 € If(x) + Ne(x) © —3f(x) € Ne(x)
- ()P — Vi(x) € Ne(x) © —Vi(x ) x
> —Vf(x)Ty VWweC o Vi) (y—x)=0 VyecC

o T o o o o e o o = = oy
e o o e e e e e e e P




Subgradient Method @ P

ata Mining Lab
> Update Rule Data Mining L
X(k) — X(k_l) — tkgk—l gk—l = af(X(k_l))

> BUT | EARBEIRIEBEED &M , negative subgradient/5[aIa]8E
AR— 1 FERE , W0 -1, -2)

Subgradient method

example: f(x1,x2) = |T1| + 2|29 8 — o001
To |
i g P oo
/ T =]
FTLASSKRIEIRNER o so 10 150 200
K\ _ .. ]
f(Xbest) _ Onll{r_lkf(x(l))
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Step Choosing for Subgradient Method @ I

> & B%backtrackingBRtEFERIG AN

v

=]

LA

v' Diminishing Step : ZHF K , (BRZKANBEIABEXRIR | B

HZRENR SN0 , BIERHE FEAVEMY

co

(0.0)
Suse Si<n
k=1

k=1

AR E AL ?

t=1/k

SubgradientX4BFE , BESHE—T !




Subgradient Method for Lasso @ P
I — o Data Minin Labl
> BT 1 A\
mBinf(x) =5 ly — XBlI5 + 2Bl

}

1
of(x) =0 (EII)/ — XBII5 + lllﬁlh) =—X"(y —XB) + 2011Bll, = 0
- X'(y—Xp) = 20lIBll1

(1 if B;>0
aplly =1-1 if i <O
[=11] if Bi=0

X[ (y — XB) = Asign(B;) if B; # 0
X7 (v = XB)| < 2 if B;=0



Subgradient Method for Lasso @ P
I Data Mining Lab I
~ B X/ (v —XB) = Asign(B;) if Bi # V
X7 (v = XB)| < 2 if B;=0

> MEFAWERRB AT |, ZEX = ISR , HERITKEE | I
g, EERUFEAs

{}’i — B = Asign(B;) if Bi#0
|(yl_,8i)|S/‘t if :Bi:O

l XM ELUC RS

soft-thresholding operator

(y; — A ify; >4

SBn={0 if-1<y; <2
Kyi+;l lfyl<—/1




Subgradient Method for Lasso @ I
> 1}'_1‘(12_{-16.?%*55%}; H]EI:'EISI Lassol]E_', ? \ ’ Data Mining Lab

(y; — A if y; > A
S,(B); =10 if —A<y; <2
yitd  ifyi<-4

XA U ?
— LASSO A
— Ridge
— Least Square
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Proximal Gradient Descent f@ HEPESNE

> B3 E, Lassola@RRVELHEARISTA | TIAZRAERIER
subgradient , Why ? ?

XIFAAJRIEICIRRELS , BUEFA ]S 48R subgradient method , MUK
S HIRESORE AN, (BR8 , B OB = 0.001, |
BIf(x(0) — f* < &, BEEETFREERIEO(1000))K , subgradient |
methodZIE 1B GIER | BFAEEAAIINEIZELTE ?

- I ] I L] I ] I L] I ] I L] I ] I L] I ] I L] I ] I L] I ] I L]

( Tips (under certain conditions):

1. Gradient descentd 0(1/¢)HINELER |
| 2. Subgradient Method&0(1/2)RIIEIER -
i 3. Proximal gradient descent/5i% , {RUEO(1/e)BIMIEER | |

' 4. Accelerated PGDEO(1/Y/?)RIKISER )
e e e e e — — e —— — _




. Proximal Gradient Descent HERETRE

Data Mining Lab

r
| TSRS | AR BN | Hebo(@ BAIMIINE
| %, dom(g) = R" , h(2) EFREEE , F—Eal/UBIrERE |

i’ f(2) = g(2) + h(2) |

BEPRGRT TR, ARz R D !
xt =argmin, g(x) + Vg(x)'(z —x) + Zit lz — x||5 + h(2)

xT = argmin (th(x))z
1— g z ot

= ? (z—x)+tVg(x)

=z - (x — th(x))

1
+Vg()" (2 = %) + —llz = xllz + h(2)

+ h(z)

2
2
2
2

+ h(z)



Proximal Gradient Descent @ I
£, B U

> E X proximal mapping/9>xFhF0tAYER patahMining La?

1
Proxy, ;(x) = argmin, T |z — x||5 + h(2)

v
1

T |z — (x — th(x))”z + h(z) = Proxy, (x — tVg(x))

xt =

.....................................................

| O TUE HProx, (VRSN , REhEX , FL, 8 |
: PFOXh’t (X) E’ﬂgf{%g'f Ej(7 ‘E§L1K$ﬁ h (X) ° !

- O Proxy, ((x — tVgO) MR EE | N FHRMFEz(FEFE—IN

BITgRIEE NFE , FrEBESHE I/




. Proximal Gradient Descent s

Data Mining Lab

> BTEIIESX© | BORIGER SN

\

i xW) = k=D — ¢, G, (x*~D) !
] x — Prox; (x —tVg(x)) !
! where Gt(X) = h’t(t g( )) |
\ ]
¢ /7

> BEREERST ? 1 KB AR LassoNEE{R !




[terative Soft Thresolding Algorithm @ I
I Data Mining Lab I
> BRI /4 :

1
mﬁinf(ﬁ) =3 ly — XBII5 + AllBI;
e @

> ORI AT B —iRE |
Proxy, +(x) = argmin, o lz — x||5 + h(2)

_____________________________ .
( proximal mappingBlfifgi=Soft-thresholding operator s;,(B) :

. |
1 |

| Proxy, () = argmin, — |z — BII3 + AllAll, |
1 ]

! & argmin, |z = BlI3 + 2tl|Bll, = Si.(8) |
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> i%_'f’%é.\\:_tt \ ’ Data Mining Lab
BT = Proxh’t(x — th(B)) = SAt(,B +tXT(y — XB))
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. . Data Mining Lab
> 7T — NIRRT

L]
uﬂ)_ —
[}
(]
?‘! _
[}
D
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[}
o
S - T
L]
o
S -
e —— Subgradient method
o —— Proximal gradient
g_ _ —— Nesterov acceleration
< T T T T T T
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V=X + — (X — X )
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x®) = Prox, (v —t,Vg(v))
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. Lasso In Dual View ( e
\ ’ Data Mining Lab

» Dual Problem
» Conjugate Function (Thus, no need to calculate subgradient...)

1
min = ||y - XBIIZ + AllBlly

BERP
— TN stationarity
Y _Uuz= XE condition J
1 2 2 C ‘ R
max - 2 — > ly — ull?3 The distance from y
u . - to a convex
s.t [ X ulle <4 _ set/polyhedron
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* Lasso In Dual View (( WEpETEE
\ ’ Data Mining Lab

» Dual Problem + Conjugate Function

-

. Mm-dlstance from y
melgl—ﬂy ulls € ={w |IX"ullo < 43 to a convex
_set/polyhedron
e
| X3
‘~‘~ i A, S
./ / ——— 5
B o0
"* C {eilvle s

= {u: [ X ull < A}

R™ : RP

Figure 13.2: Lasso dual problem




Next? I@ ey
Data Mining Lab
» Stochastic/Batch Subgradient Method U t :
» Duality and KKT

> Second-order Methods

« Newton Method

« Barrier Method

« Primal-dual Interior Point Method
« Proximal Newton Method

> Coordinate Descent
» Non-convex Problem

AMBHAZ. . .
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