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Algorithm: Simplified SMO

Input:

C: regularization parameter

tol: numerical tolerance

max_passes: max # of times to iterate over & 's without changing

(X;, Yp)s-os (Xy» Yy ) ¢ training data
Output:

ae RN : Lagrange multipliers for solution
b R : threshold for solution
Pseudo-Code:
Initialize o, =0, Vi, b=0
Initialize passes =0
while (passes < max_passes)
num_changed_alphas =0
fori=1,..,m
Calculate E; =f (X;)—, using (9-2) and (10-2)
it ((y,E;<—tol && ¢, <C)||(Y,E; >tol && o, > 0))
Selectj # irandomly
Calculate E =f (Xj )— Y| using (9-2) and (10-2)

(old) __ (old) __
=, o) =a

Compute L and H by (7-2)
if (L==H)

continue to next i
Compute 77 by (9-2)
If(r7 >=0)

continue to next i

Saveold a's: &

Compute and clip new value for ¢; using (8-2) and (11-2)
(old) -5
f (o —a;" | <107)
continue to next i
Determine value for ¢; using (12-2)
Compute b1 and b2 using (13-2) and (14-2) respectively

Compute b by (15-2)
num_changed_alphas := num_changed_alphas +1

end if
end for
if (num_changed_alphas == 0)
passes := passes +1
else
passes :=0
end while
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Abstract

The ever increasing growth of media and social networks, alongside the spread of
analytical commercial and news webpages, have led to an extensive presence of people
all around the world in such environments. This has in turn, resulted in enormous
propagation and sharing of data and comments. Valuable information could be extracted
by analyzing this massive amount of data. But besides this advantage, processing this
huge amount of information encounters several challenges. The processing speed of the
conventional methods is too slow against the rapid growth of the input data flow. To solve
this problem, scalable methods as well as novel tools in the big data processing area, may
be employed to accelerate the processing procedure. Although a lot of researches have
been already carried out in this area, there is still room for more improvements. Low
processing speed, inadequate accuracy rate, high complexity, and domain dependency are

among the issues in similar previous studies.

Spark is a relatively novel framework for processing big data, which carries out processes
in main memory to increase the processing speed of the algorithm. In this research, the
support vector machine (SVM) and Spark are used simultaneously to classify user
opinions. The proposed method, along with maintenance of desirable accuracy, is not
dependent on a specific domain and can be simply implemented. To benefit from Spark's
ability in distributed processing, some methods of parallel SVMs, including cascade
SVM, improved cascade SVM, grouped SVM and voting among multiple SVMs have
been utilized. To compare the efficiency of the above-mentioned methods, the standard
SVM has also been implemented. In the present study, IMDB dataset is used for the
evaluation. This dataset contains various different comments in English on the movies
and series. Results for classification indicated the best accuracy to be 85.946%. Moreover,
the elapsed time to run the standard SVM algorithm in the Spark environment has been
dropped more than 8 times compared to similar research results. The elapsed time for
parallel SVMs against the standard SVM has also been remarkably improved. In the best
case scenario, the training time of the proposed method is reduced by 60 times compared
to the standard SVM training time.

Keywords: opinion mining, Support Vector Machine, parallel processing, Spark
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