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Tlg, ZOMBEREISHSNTIBRL o7z, AT, RO HBREROERZ W2
Ly EHHE 2B A LD 0 FHDO-dD A > T4 VFEFE (HF-FOBOS) %2
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Ly EREDSKEE R AT 5T 52 2 &R U T,

L, regularized online supervised learning
using feature frequency

HIDEKAZU OIwWA , SHIN MATSUSHIMA
and HIROSHI NAKAGAWA f1

Online learning is a method that updates parameters whenever it receives a
single data. Online learning can learn efficiently from large data set. Lj regu-
larization is used for inducing sparsity into parameters and exclude unnecessary
parameters. FOBOS”) combines these two methods described above and pre-
sented a supervised online learning method with an efficient L; regularization.
FOBOS has the property the parameters of low frequency features are zeros in
a heterogeneous data set. However, this property is not analyzed enough in the
field of online learning. In this paper, we presented a new online supervised

learning method with L; regularization based on the number of occurrences of
feature, named Heterogeneous Frequency FOBOS (HF-FOBOS). HF-FOBOS
can solve optimization problems at same computational costs and convergence
rate as FOBOS. Moreover, we examined the performance of our algorithms with
classification tasks, and confirmed L regularization based on the frequency of
features improve accuracy.
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4. Heterogeneous Frequency FOBOS(HF-FOBOS)
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*2 http://www.cs.jhu.edu/~mdredze/datasets/sentiment

*3 http://mlg.ucd.ie/datasets

*4 http://www.daviddlewis.com/resources/testcollections/reuters21578
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£1 FT—Xtv boWHE
Table 1 Abstract of datasets

TR RERTEE AT TV
books 4,465 332,441 2
dvd 3,586 282,901 2
ob-2-1 1,000 5,942 2
sb-2-1 1,000 6,276 2
ob-8-1 4,000 13,890 8
sb-8-1 4,000 16,282 8
reut20 7,800 34,488 20

R

HEBIEIZ 1E Hinge-Loss Z{HH U7z, 7272U, 3 7 7 AL EOSHEHREDLE 1L FOBOS,
HF-FOBOS OE#H X% F DL MM T 2 Z ik, £ I TRERTIE, 3) & HE
DOFET3 77 AULOSERBITEA Lz, ATy T n 1, Regret D&% A9 &
ST me = Mey1y2 = 1)Vt L UTe. F72, L1, Ly / V2D HF-FOBOS T, V =500 2
FELZ*, ¥ 512, FOBOS,HF-FOBOS & & 12L& EAMLIED ZhFhOFE A
DHLEEZHETERIA RN 2R ETHIREND D, AEBRTIE, MEREMOBIZIX
F—=Rty b 10 DEUEREREEZHVT, FTERIBVWTHENREEL RE1RS
A—=R \NDEZZERLU 7z, ZRTTIE, 20 IXEZIT- 7.

FERTIX, HF-FOBOS @ Ly / VA, Ly /A, Ls /A, Le /WA E FOBOS D
5 O FIETHEEET, HELEANS MLVHO 0 BEOEHE % L 72

EROMREEZFLOEENK2 THS. £2121F, BT —Xty T, TEREETR
D7-Fl N O TEBUZFRONFREEZ R, ZOBEXNEWIEY, SHERFHR
DREINTVWEZ L ERLTWS. MAFE [ NOBUEIZEHERZE 2R3, F (1) HOK
flilx, &7 =2ty hOEZFET AN ZEELEBOEANRZ MLhD 0 BEOE&Z2RT
E72, T —X kv N TERAHELZZER L ZEIZKFETRT.

#2&0, £F—&Z+Ly MIHLT, HF-FOBOS 12 FOBOS &0 H# EWHEE2RLT
WERHENHRTES, R, Ly /WAL Ly /IIVA®D HF-FOBOS &7 —X+t v MIH
WT—HkIZ FOBOS 75 OEE M EARE Nz, ZORED S, Ko MBS EREHR % H
W7z Ly IFAUBIZEE DM EIZH5 35 2 e ARBRI NS,

*5 SEOEHTIE, h{Y)
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DfEIE 500 ZHEZ LD o7lzd, V OMIFHHRITEEL 2.
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HF-FOBOS L;

FHFTIEOEMNE (%] - FREE (%] KEME : 20 [

Table 2 precision and sparseness rate of the experiments (number of iterations :

HF-FOBOS L

20)
FOBOS

HF-FOBOS L, HF-FOBOS Ls
books 85.23[1.52] (34.52) 85.52[1.24] (48.26)
dvd 82.49[1.68] (37.46)  84.75[1.75] (59.72)
ob-2-1 | 97.00[1.73] (42.78)  97.10[1.14] (56.73)
sb-2-1 | 98.90[0.83] (60.13)  98.40[0.80] (70.32)
ob-8-1 | 92.25[1.14] (62.83) 93.10[1.41] (62.84)
sb-8-1 | 90.90[1.72] (68.26)  92.55[1.85] (68.49)
reut20 | 95.23[0.65] (89.11)  96.04[0.56] (90.38)

85.14[1.33] (49.58)
85.03([2.28] (63.74)
96.90[1.87] (59.03)
98.40[1.11] (71.99)
93.00[1.29] (64.64)
93.78(2.44] (70.23)
95.91[0.55] (90.21)

85.05[1.41] (69.39)
84.02[1.66] (67.19)
96.80[1.94] (59.78)
98.10[1.14] (72.69)
91.45[1.33] (77.78)
91.25[1.44] (83.53)
94.80[0.67] (91.05)

84.98[1.61] (48.28)
83.91[1.55] (79.57)
96.40[1.96] (49.23)
97.20[1.78] (84.25)
90.63[1.64] (87.90)
90.53[1.61] (67.46)
95.53[0.63] (89.29)
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ARTIE, RO HBEERBREZFH U Ly AN EA Y S0 U EHO D 0H L
BHEEFIVERELU. BAFD Ly EANEN &4 > 51 V38T, IS h ORI HBL
BHEE AR — 356, RS OROMERIC B I N B2 />, 22T, BETET
» % HF-FOBOS Ti, &RFBOREENIEL AW L EAMLEZEAT S 22T, SHED
(BRI HER S e < e 0, RBHBBHE SR 5 BEL AR~ T —
ZAZK U TEARERFEO A Z YIRS 2 W A R— 22 7[RRI L7z, E S5ICARTIE
FEF—X%EHWT, HF-FOBOS & FOBOS DMRELLE 21T > 72, DR, HF-FOBOS
BT =Xty M LT FOBOS LW bEWHEEZERT 22 & 2R L .
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