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Incremental Learning Probabilistic State Machine for Symbolic Sequences
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ABSTRACT
Symbolic sequence classification can be used in a variety of applications such as DNA sequences

analysis, intrusion detection, electrocardiography (ECG) analysis. The convention methods which can be
applied to this field are for example, probabilistic language model, support vector machine, and artificial
neural network. However, sometime the list of words in very long sequences such as DNA sequences are
unknown. The fix size of imitation words are used for this case. Consequently, the probability and position of
original unknown words are distorted which can lead to incorrect results in long term. Moreover, the update
learning may cause difficulty. This research proposes a novel probabilistic language model that can learn
infinitely increments and do not have to fix the size of imitation words, but still retain the statistical information

of substring accurately as possible while the size of model is tractable. The experiment of classification is
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applied to DNA sequences of promoter and non-promoter bacteria E. Coli. The accuracy of classification is

96.23 % which is highly accurate compared to the other standard methods.

Keyword: symbolic sequence classification, probabilistic language, unsegmented string, probabilistic finite

automata, n-gram
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v
n@arId 1 N384 PUSFA

Input: input string S Output: Probabilistic Unique Substring Finite Automata M
for x,in S
{ for Q in activeQueue
{ if (T (Q, x) ==0)
{ if target == null
{ newQ = Q+x, T (Qx)=1, 5(Qj,x,.) = newQ
if (lnewQ)| >= 2)
target = newQ, add newQ to U
add newQ to nextActiveQueue }
else
{ if P(target) is a suffix of Q then
{ T(Qx)=1, 5(le x) = target, P(target) = Q;}
else
{ newQ = Q+ x;, add newQto U, T (Q x) =1, 5(Qj, X)) = newQ
splitNode (target, Q;, x;)
target = newQ }
add farget to nextActiveQueue }}
else
{ nextState = 5(le x;), T (nextState x) +=1
if nextState € U and P (nextState) # NULL
target = nextState
if T (nextState x)) > 1
nextState € R
add nextState to nextActiveQueue }}

copy nextActiveQueue to activeQueue }}
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v 1
2WABWID 2 WINTULANFIULAN (Split Node)

function splitNode(splitState, activeState, x;)

{ newTarget = NULL, splitState € R, add splitState to nextActiveQueue

previousState = P (splitState)

for each Q, where Q, is a suffix of previousState

{ if |Q,| >= | splitState |
{ if newTarget == NULL

{ newNode = Q, + x;, 5(le x)) = newNode, newNode € U

if Q, is a suffix of activeState

{ add newNode to nextActiveQueue, newNode € R }

if |Q,| == |activeState|

{ newTarget = newNode }

for cin X
{ if T (splitState x)) > 0

{ nextOfSplitState = 5(sp/itState, c), T (newNode c¢) =T (splitState c),
P(nextSplitState) = newNode
5(newNode, c) = nextOfSplitState } }

else

{ O(Q, x) = newTarget, newTarget € U

P (newTarget) = Q}} }}
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