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Abstract

In this paper, we obtained PFME (probability for maximum entropy) and entropy when
a conditional probability was given in a binary first order Markov Information Source.

And, when steady state probability was constant, the influence of change of a conditional
probability on entropy was examined, too.
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Fig. 1. An information source.
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Table 1. PFME and maximum entropy.
Fo| A 4% (a) PFME ( B, ) Hej JlEZ ¥
a—( Buoz— 0 H(S)—0
0.1 0. 3276 0.57270
0.2 0. 4279 0. 80571
0.3 0.4739 0, 92655
0.4 0.4944 0. 98390
0.5 0. 5000 1, 00000
0.6 0. 4954 0.98683
0.7 0. 4827 0.95104
0.8 0. 4625 0. 89556
0.9 0.4331 0.81874
a—1]1 Brz—0.3820 | H(S) —0.69424
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Fig. 3. Entropy of binary first order Markov

information source.
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Table, 2. Maximum entropy (given k ).

Fo 88 (K) [(@ne, Bu) | Al =2

k—~20 (0, 1) 0
0.1 (0.1,0.9) 0. 46900
0.2 (0.2,0.8) 0.72193
0.3 (0.3,0.7) 0.88129
0.4 (0.4,0.6) 0. 97095
0.5 (0.5,0.5) 1. 00
0.6 (0.6,0.4) 0. 97095
0.7 (0.7,0.3) 0.88129
0.8 (0.8,0.2) 0.72193
0.9 (0.9,0.1) 0. 46900

k—1 (1, 0) 0
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Table 3. Boundaryv entropy.

k Brer H,
k—0 1 0
0.1 1 0. 45293
0.2 1 0. 64902
ks 1 0. 69424
0.3 1 0. 68966
0.4 1 0. 55098
0.5 1 0
0.6 3 0. 55098
0.7 S 0. 68966
Kz 0. 3820 0. 69424
0.8 3 0. 64902
0.9 + 0.45293
k-1 0 0
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