The 25t International Conference on Pattern Recognition

ICPR

January, 10 — 15%, 2021, Italy, Milan

Mean Decision Rules Method
with Smart Sampling
for Fast Large-Scale Binary SVM Classification

Alexandra Makarova,
Mikhail Kurbakov, Valentina Sulimova

: - vsulimova@yandex.ru %

= @ - ) ) Z

Q- Tula State University y
LT Tula, Russia

Laboratory of Data Analysis


mailto:vsulimova@yandex.ru

Binary SVM Classification Problem

Training set: [Q,Y], Q=[w;, j=1,...|Q]],
Y =[y; =Y¥(®;),]=1...,]Q]]

The decision rule in the form of a linear separating hyperplane:

T >0= Y(w)=+1, a c .t -direction element
d(wlab)=aw+b <0=y(Ww)=-1, be R -bias
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SVM implementations
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Kernel-based Mean Decision Rule (KMDR) method?

The main idea:

Random subsamples of the initial training set: [Q,Y]” c[Q,Y],i=1,.

k
The mean decision rule: d(w|a,b) :%Zd(ma(”,b‘”)

i=1

- . 1 k i 1 k i
Feature-based learning : a:EZi_la“, b:Ezi_lb“.

Kernel-based learning:

An individual decision rule for i-th random subsample:

d(w]290,b0) = SR K (w;,0) + b0, i =1,...k

j=1
A0 t=1..,Q"| - Lagrange multipliers

Multipliers for all training set:
20— W ()L | QU if weQ?, j
j .
0, otherwise,

Mean decision rule;

_ ) RS L 1ok
d(@nb)=3 4y K(@,0)+b A =200 A0 b=130 bY

K

KMDR’s boundary
Is very similar to LibSVM’s one

L A. Makarova, M. Kurbakov, V. Sulimova, “Mean Decision Rule Method for Constructing Nonlinear Boundaries in Large Binary SVM

Problems”, IEEE Proc., 2020, URL https://yadi.sk/i/VznTrSMuSslsig (In print).



Contribution

Two new approaches to improve the KMDR:

1) a new sampling technique (Smart Sampling),
that exploits SVM and MDR properties to fast select only those objects
that are candidates to be the support ones.

2) a new data strategy
to accelerate random access to large datasets
stored in the traditional libsvm format.



KMDR with Smart Sampling (SS-KMDR)!

[ Parameters:

k — number of smart samples (SS),
SSize — desired approximate size of SS
RSize — size of random samples

Parameters:
1 [Q,Y]- initial training set,
— ——| k—number of smart samples (SS),
SSize — desired approximate size of SS,

Forming
a smart sample

RSize — size of random samples -
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1 A. Makarova, M. Kurbakov, V. Sulimova, “Mean Decision Rules Method with Smart Sampling for Fast Large-Scale Binary SVM
Classification”, IEEE, International Conference on Pattern Recognition 2020 (In print).



Training results for random and smart samples vs full set
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Investigation of the effect of MDR parameters onto its performance
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Loading data optimization

The LibSVM data format

Each row corresponds to the information about 1 object:

<class label> <number of feature>:<value>

It allows to store the sparse data
in a compressed form

<number of feature>:<value>

it is impossible to compute where

The proposed data strategy
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Experimental setup

Statistics of benchmark datasets

Number of objects
Dataset - Features .
Train Test Characteristics
= Set 1 10 000 10 000 100 of the computational system
;f;’ Set 2 100 000 100 000 10 Intel Core i7-9700k
< Set 3 100 000 100 000 100 RAM 16 Gb (14 Gb is available)
ijicnn1 35 000 91 701 29 The reading speed: 100 Mb/sec
—= mnist-576 60 000 10 000 576
X mnist-784 60 000 10 000 784
kddcup99 | 4898 430 311 029 122 An example
of artificial dataset

Artificial data generation model

- Objects of two classes form intersecting sets,
- Positive objects: o
-- uniform distribution inside a hypersphere
-- outside their quantity decreases exponentially with increasing
of the distance from the hypersphere
- Negative objects:
-- uniform distribution outside the hypersphere
-- inside their number decreases exponentially with increasing
the distance from the hypersphere.




Investigation of the proposed data strategy

Statistics of benchmark datasets

Number of objects Size of memory
Dataset : Features | Non-zeros (bytes)
Train Test
mnist-784-poly-8vr 60 000 10 000 784 33878116 | 542049 856
kddcup99-nvr 4 898 430 | 311 029 122 65023484 | 1040375744

Results for simple KMDR

Size of a random sample
datasets Stage =00 1000 5000
Mark-up/ data loading 0.284/7.526 | 0.291/7.482 | 0.289/7.501
mnist784 Forming samples 0.924/0.002 | 1.834/0.008 | 9.241/0.144
Training 0.534/0.565 | 1.912/2.070 | 37.85/42.74
Total 1.744/8.094 | 4.038/9.561 | 47.38/50.39
Mark-up/ data loading 0.613/11.71 | 0.618/11.69 | 0.620/11.71
kddcup99 For_m_ing samples 0.035/0.004 | 0.068/0.010 | 0.405/0.124
Training 0.014/0.017 | 0.039/0.047 | 0.382/0.538
Total 0.663/11.73 | 0.727/11.75 | 1.407/12.37

The proposed data strategy is especially efficient for large sparse datasets (such as kddcup99)




Comparison results for artificial datasets

dataset (N objects/N features)

1 (10 000/100) 2 (100 000/10) 3 (100 000/100)
Method time (s) AUC time (S) AUC time (s) AUC
train* test train* | test train* | test
LibSVM 93,5 32,2 0,977 3373 2165 4371 1053
nSVM 13,9 27,8 0,976 1130 284,6 3724 2269
SVMlight 42,8 14,9 0,977 1874 203,1 8569 1873
Bagging-1 51 3,4 0,951 78,5 23,3 0,97 308,3 264,2 0,969
Bagging-2 8,8 6,7 0,954 156 46,4 0,971 668,66 559,1 0,969
Bagging-5 20,3 6,7 0,953 387 117,6 0,972 1528 1369 0,97
KMDR50 0,954 0,969 0,958
KMDR500 8,03 0,972 12,8 0,983 0,976
KMDR1000 9,7 0,975 21,4 0,986 0,979
KMDR2000 7,5 10,5 0,977 1,8 36,4 0,988 0,981

SS-KMDR1000
SS-KMDR2000
SS-KMDR5000

SS-KMDR1000
SS-KMDR2000
SS-KMDR5000

KMDR#### :
SS-KMDR#### :

for random sample size of 500

for random sample size of 50

###H - RS (random sample) size,
#H### - SS (smart sample) size,

* training time includes time of data loading

best

number of RS =20
number of SS=1

worse

AUC I |
time (|



Comparison results for benchmark datasets

dataset
method ijcnnl mnist576 mnist784 kddcup99

time(s)* acc |[time(s)*| acc time(s)* acc time(s)* acc
LibSVM 15,18 324,2 396,74 >3600 -
PiSVM 14,31 110,9 470,5 mem. Error -
Liblinear 91,3 9,54 98,92 19,35 92,08 25,94 92,08
Bagging-1 4,33 79,46 157,65 2284 924N
Bagging-2 7,54 139,6 305,48 >3600 -
Bagging-5 21,25 319,7 794,67 >3600 -
SGD 0,337 91,24 17,35 94,44 20,07 94,39 60,67 91,96
ASGD 0,342 91,4 17,46 20,21 59,67 91,95
KMDR500 021 9276 92,14
KMDR1000 0,35 93,12 92,08
KMDR5000 3,48 96,3 91,98
SS-KMDR2000 97,31 92,12
SS-KMDR3000 92,14
SS-KMDR5000 0,59

KMDR#### :

SS-KMDR#### :

#### - RS (random sample) size,

#i##H - SS (smart sample) size,

* training time includes time of data loading

number of RS =50
number of SS =1,

RS size = 500

best worse
accuracy I 00 |

time (N |



Thank you for your attention!



