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Outline
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Large dense guadratic programming in SVM
Decomposition methods and working set selections

Results and analysis

o
o
#® A new selection based on second order information
o
# This work appears in JIMLR 2005
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SVM Dual Optimization Problem
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# lLarge dense quadratic problem

, 1
min  —a! Qa — el a
o 2

subjectto 0< o <C,i=1,...,1
T

y a =0,
# [ # of training data
® (.1 by! fullydense matrix
® y, = +1
® e=[1,..., 1)
# Difficult as @) is fully dense in general
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# Do we really need to solve the dual?
Maybe not. Sometimes data too large to do so

# Approximating either from primal or dual side

#® However, in certain situations we still hope to solve it
This talk: a faster algorithm and implementation
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Decomposition M ethods

Working on a few variable each time
Similar to coordinate-wise minimization
Working set B, N ={1,...,[}\B fixed
Size of B usually <= 100

Sub-problem in each iteration:

Lo T Qpp Qpn| |as
[ (o) } N QNN |ay

subjectto 0<(ap)<C,t=1

T T _k
s, YBOB = —Y NN
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Seguential Minimal Optimization (SM O)
- -

1 N

o Consider B = {i,}; thatis, |B| = 2 (Platt, 1998)
Extreme of decomposition methods

#® Sub-problem analytically solved; no need to use
optimization software

0.1 T
Q’LZ QZ] 1 4 (QBNQ{]]{V o eB)
Qij Qjj| | Qj

S.1. 0< Oy, O < (),

, 1
min ~ | Oy
QO 2 |: ¢ ]:|

T k
Vi +Yj0; = —yNOp,

# This work focuses on selecting two elements

o |
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Existing Selection by Gradient
- -

® Letd = |dg,0x]|. Minimizing

f(aker) ~ f(ak)Jer(ak)Td

® Solve
min Vf(a")pdp
subjectto  yhdp =0,
d; > 0, ifozf:O,tEB, (1a)
d; <0, ifaf =C,t € B, (1b)

—1<d; <1, te B

- B| =2 N
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# First considered in (J()aC 1ims, 1998)
® 0 <o <(C leads to (1a) and (1b).

-

OSO&f—th = d; > 0, if()éfzo,
i +d<C = 4, <0, ifaf=C

o + d may not be feasible. OK for finding working sets
® —1<d; <1,te Bavoid —cc objective value
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#® Rewritten as checking first order approximation at
different sub-problems of B

gL = n Sub(B
{i,7} arg min (B),

where

Sub(B) =min  V f(a®)hdp

subjectto  yLdp =0,
d; >0, ifaf =0,t € B,
d; <0, ifaf =C,t € B,
—1<d; <1, teB.

® Checking all () possible B's?
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Solution of Using Gradient | nfor mation
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® (O(l) procedure

i € arg max —y Vf(a),
telup(a®)

je€arg min  —yVf(a®),
t€ how ()

where

]up(a) — {t ‘ ap < O, yr =1 0rap > 0,y = —1}, and
]low(a) — {t | o < O, yr = —10ray >0,y = 1}.

# This usually called maximal violating pair

o |
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Better Working Set Selection
B -

o Difficult: # iter \ but cost per iter

May not imply shorter training time
#® A selection by second order information (Fan et al.,

"N\NT-

<£UUO

As f Is a quadratic,

fl@®+d) = fla®)+ Vf(a*)'d+ %dTVQf(ak)d

= f(a") +Vf(a")dp + %dgVQf(ak)BBdB

o |



Selection by Second-Order Information
B -

# Using second order information

min Sub(B),
B:|B|=2
Sub(B) = min %dgw F(@) ppdp + Vf(ab)5ds

subjectto  yLdgp =0,
d;, >0, ifaf =0,t € B,
d; <0, ifaf =C,teB.
® —1<d;<1,te Bnotneededif Qg PD
- Too expensive to check (}) sets |
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® A heuristic
1. Select

1 € arg m?X{—ytVf(ak)t |t € Iyp(a®)).

2. Select
J € arg mtin{Sub({i,t}) |t € Tiow(a®),
—yVf(a®) < —yVf(a)}).

3. Return B = {i,j}.
# The same i as using the gradient information

L Check only O(l) B’s to decide j J
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#® Sub({i,t}) can be easily solved
If K;; + ij — QKZ'j > 0,

—Y; % i t % t 2
Sub({i,t}) = ! yz;f((u +)Ktty—v2§zt) .

O1

#® Convergence established in (Fan et al., 200

)

Detalls not shown here

o |
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Comparison of Two Selections

# lteration and time ratio between using second-order
iInformation and maximal violating pair

T

| | |
time (40M cache) ~A-
time (100K cache) -©-
total #iter 5+

1

T

T

T

T

Data sets

-

|
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# A complete comparison is not easy
Try enough data sets
Consider parameter selection

# Detalls not shown here

o |
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M or e about Second-Order Selection
-

Iteration ratio between checking all and checking O(l) :

» What if we check all (1) sets

14

I I
parameter selection —+
13 F final training -3¢+ -

12

11

1

09 r

Ratio

08

0.7 1

06

05

04

L.o Fewer iterations, but ratio (0.7 to 0.8) not enough to J
justify the higher cost per iteration
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Why not Keeping Feasibility?
- min édgv%(a’“)%dg +Vf(a*)pdp .

# Two types of constraints:

ygdB :Oa Y%}dB :Oa
d;, >0, ifa =0,t € B, 0<a’"+d <C,teB
d; <0, ifaf =C,teB

ATYNND A -

# Related work (Lai et al., 2003a,b
» Heuristically select some pairs
» Check function reduction while keeping feasibility

# Higher cost in selecting working sets

|

.—p.18/19

# We proved: at final iterations two are indeed the same



Conclusions

-

Finding better working sets for SVM decomposition
methods is difficult

We proposed one based on second order information

Results better than the commonly used selection from
first order information

Implementation in LIBSVM (after version 2.8)
http://wwv. csie.ntu.edu.tw ~cjlin/libsvm
Replacing the maximal violating pair selection

|
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