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Part 1 Introduction
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Predicting CTR & RPM
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* Framework
* Solving the optimization problem

Tr:::ing W = arg mmi/n l(W, Z)

I(W,Z) = L(W) + (W)

predicted y
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e From Batch to Online

Algorithm 1. Batch Gradient Descent

Repeat until convergence {
WD — W@ _ 5© ng(w(f),z)

Algorithm 2. Stochastic Gradient Descent

Loop {
forj=1toM{
wt+D — y@® _ n(t)vwg(w(f),zj)
}
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Truncated Gradient

* Sparsity
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(a) L1 Regulariztion (b) L2 Regularization
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* Aggressive Rounding

f(Wl) — TO(Wi — nvlL(Wi,Zi), 6 ) | To(x,0)
0 ifjy| <6

To(vj;e) — { lf|v]| . X
v; otherwise 21 o .



. @ﬁﬁiﬁﬁ%ﬁi
Truncated Gradient \&&LY/ vata Mining Lab

* Smooth rounding

fwy) = Ty (w; —nVL(wy, 2),ng:,6) T (x,0.6)

( maX(O, V) — a) if vi €[0,0]
To(v;,0) = {min(0,v; + @) if v; € [-6,0]
V; otherwise

\
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 Empirical gradient decent and optimization

w(t3) = w® — p©gw

2
WD = argminw{% ”W — W(H%)” — n(t+%)1p(W)

-

1 1
WD) = argminw{z W —wt+ 77(’5)6(’:)“2 — n(t+§)¢(W)}



FOBOS 1)t
* |teration
if WD = argming, F(W)
0€dFW) =W —w®  nOc® 4 U(H%)OIIJ(W)

1
0 ={w —w® - p©c© 4 (2 gy} ‘sz(m)

» WD — ® — p®06© _ p(t+7) gy e+ Dy
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e L1-norm

Let lp(W) — }{’llwllllv — [v11v2; ---;vN] € RN
A
» W = argminy, Z(z (w; —v)?% + Aw;])
i=1

f t+1 ; 1 247
divided w;™" = argmmw(z (w; — ;) + Aw;|)
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e L1-norm

if w;" is the solution then w;v; = 0

because if w;v; <0

1

1 1 1 z
Eviz <§vi2 — W, v; +E(W£k)2 <s(w; — ;)% + Alw;|

o 1 ~
for minimize,,, (E (w; —v;)% + /1|Wi|) let —w; <0

in KKT condition
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e Casel v;=20,w; =20
. 1 5 5
for minimize,,, (E (w; —v;)° + Alwil)
Let 8 be the Lagrange factor, then use KKT

condition add —w; < 0

Jd (1 .
an- (5 (Wi — Ui)z + AWL' — IBWL> ‘Wl:w* = 0 and :BWi =0

l

~

$W£k=vi—/1+ﬁ
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(Dw;>0:
fw;=0=>L=0
S>wi=v,— A
wi>02>v;,—1>0

2)w=0:
=>vi—/:i+,8=0
,320=>vl-—/~1S0

In conclusion v; = 0 = w; = max(0,v; — 1)
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FOBOS
e Case2:v; <0 w; =—max(0,—v; — 1)
* Conclusion
( © (t+7)
] (t) ta
l
( () n(t)g(t) r)(t )A sgn( (®) n(t)g(t)) ),otherwise
\
0 =00 k=1, /12%= 77(”%)/1 fwy) = Ty(w; —nVyL(wg, 2),1g:,0 )
( max(O, V) — a) if v; €10,0]
» To(vj,H) = 9 min(O, v + a:) if vi € [—6,0]
LY otherwise
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e primal-dual algorithmic schema

fl t 'B(t) )
WD = argminy, | ?E(G("), W) +yp(W) + Th(W) >
\ =1 y
1
Let p(W) = AW Iy, hW) = S IWII3, {8©]t = 13, 5© =yt
fl t )
WD = argminy, EZ(G(’”),W) + AW ||, + % W5 ¢
\ =1 )




RDA

1
WD = grgminy, - EZ(G(’”),W) + AW, +——= W12
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( t

Y

2\/f

\ r=1 )

. infag®Ow. 142
Divided mmp mintg; wi +Awil +5=wi}

» M/i(t+1) — 4

f

\

0,

< \/_ (_( -2 sgn (gl( )) )) ,otherwise

1 1
FOBOS ‘Wi( n(t)glt)‘ < (t) _ 77(1:+2)/1 = 9 (ﬁ)l > 2




Part 4 FTRL (Follow-the-regularized-Leader)
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 The similarity between FOBOS and RDA

1
WD = argminw{z W —wt+ 77(’5)6;(’5)”2 + n®A||W||,}-FoBos

2
min{: (w; —w® +7©g®)" +n©alw, 3

W;ER

1 2 1
= min{z (wi —w?) +2(109{”) + win©g{” + win®g® + O]}

W;ER

1 2 (t) 2
e (D) , O (@® n (t) ®) (@)
_vrvrzg}z{wlgi +/1|wl|+2n(t) (Wl w, ) + [ (gi ) +w" g:"1}

l

2
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 The similarity between FOBOS: )and RDA
n t

1 2 2
e {Wig"(t) HAwl g (wi—wi?) + [T (97) +w%a; t)]}

W;ER

W;ER

| 1 2
~ min {Wl-gi(t) + Alw;| + 27® (Wi — Wl-(t)) }

w D = grgminy, {G(t) W+ AW, + Tlct) W — thl%} L1FOBOS

WD = grgming, (G0 - W + 2| |W]|, + ﬁ IW — 0|3} LIRDA
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* The Combination of FOBOS and RDA ---- FTRL

W(t+1) = argminw {G(l:t) -W + ){1||W||1 +



r\’ﬁ‘ﬁlﬁiﬁ?ﬁ%ﬁi
FTRL \ ’Data Mining Lab
* Optimization w;v;=0,w; >0

. 1
WD = argminy, {Z(t) WA 2lWlly +5 (A + By US)”W”%}

t
. . .
Divided ","c'g" {th> Wi + A lw +§<,12 ) Us> w? }

s=1

Zl-(t) ‘ < A4

0, if

W(t+1) = < t -1
l
(Az + Z as) (Zi(t) — Ay - sgn (Zi(t))), otherwise
s=1

\
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Algorithm 1 Per-Coordinate FTRL-Proximal with L; and
L, Regularization for Logistic Regression

# With per-coordinate learning rates of Eq. (2).

Input: parameters a, 3, A1, A2 1
(Vi € {1,...,d}), initialize z; = 0 and n; = 0 t) _ a 51D —
fort=1t%tc T do Ny = >’ _n(t)’
Receive feature vector x¢ and let I = {i | z; # 0} B+ \/ Zt ( g_(S))
For i1 € I compute s=1\Ji
0 if |z;] < M| ¢ 1 t 2
Wt = 5 =1 9 S
i —(% + )\2) (zi —sgn(z;)A\1) otherwise. Z(J(S)) = o) = ('B + z (gl( )) )/0{
. : s=1 nl s=1
Predict p; = o(x¢ - w) using the w; ; computed above \1
Observe label y; € {0,1}
for all i € I do
gi = (pt —yt)xi Fgradient of loss w.r.t. w;

o; = %( n; —i—gi2 — \/TTZ) F#equals m% — nt—ll.i
2i < 2+ g; —0O;Wy 4
n; ¢ n; + 91'2
end for
end for
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Part 5 Discussion and Conclusion
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OGD

FOBOS

Sparsity
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Accurency

Num. Non-Zero’s

AucLoss Detriment

FTRL-PROXIMAL
RDA

FOBOS
OGD-Count

baseline
+3%
+38%

+216%

baseline
0.6%,
0,05
0,05
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Data FTRL-PROXIMAL RDA FOBOS

BOOKS 0.874 (0.081) 0.878 (0.079) 0.877 (0.382)
DVD 0.884 (0.078) 0.886 (0.075) 0.887 (0.354)
ELECTRONICS 0.916 (0.114) 0.919 (0.113) 0.918 (0.399)
KITCHEN 0.931 (0.129)  0.934 (0.130) 0.933 (0.414)
NEWS 0.989 (0.052) 0.991 (0.054) 0.990 (0.194)
RCv1 0.991 (0.319)  0.991 (0.360) 0.991 (0.488)

WEB SEARCH ADS

0.832 (0.615)

0.831 (0.632)

0.832 (0.849)

news

web search ads
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