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previous results using 1000 destinations and are more in line with the results obtained for the

experiments using a 1 day worth of test data observations with 5000 destinations. HTM

algorithm Bottom up and TopTop continue to outperform all other algorithms. HTM algorithms

scale well even for 500 users with accuracy as high as 99% for the TopTop algorithm. Alternate

algorithms continue to underperform HTM algorithms.

== 75 Users-5000Dest
Train=5,Test=30bs, Walk Only,
No CD, Average Recall

== 20 Users-5000Dest
Train=5,Test=30bs, Walk Only,
No CD, Average Recall

50 Users-5000Dest
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=== 100 Users-5000Dest
Train=5,Test=30bs, Walk Only,
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=3ie=500 Users-5000Dest
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No CD, Average Recall

Figure 37 Experiments for 5 Train days, 3 Observations for test data, 5000 destinations

Figure 39 shows the results of further extending the number of web destinations allowed

in the train and test data sets to 10000. The same conclusions can be drawn for these results as

for the previous ones with experiments conducted using 5000 destinations.
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While HTM algorithms are more accurate, they take longer to provide results than the
alternate algorithms. Why? The HTM performs an exhaustive search of all Markov chains when
presented with an input and finds the best matching longest common subsequence and substring
that was observed most often during training. In contrast all alternate algorithms are based on
extensions of a 1% order Markov graph which matches the input completely based on the on the
very first destination in the sequence. Alternate approaches find this first destination in constant
time and then match the rest of the input from that point in the graph onward. The accuracy
superiority of HTM algorithms is due to the extensive search across all Markov graphs learned
during train time at each layer of the HTM which allows HTM algorithms to find the best match
for the input in contrast to the alternate algorithms which only search a very small subset of the

train data set resulting in a lot of mismatches.
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Figure 38 PPM Matches and Miss Matches per K-Order = 3

Figure 38 shows the PPM statistics for the experiment run in Figure 37. The percentage

of hits and misses were computed for all k orders across all users. The PPM algorithm starts at
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Figure 39 Experiments for 5 Train days, 3 Observations for test data, 10,000 destinations

Accuracy Scalability

Accuracy scalability, in this study, represents the ability of the solution to provide
consistent levels of accuracy during training and inference when the number of users increases

while keeping constant the number of destinations and vice versa increasing the number of






Calibration runs for qualifying Alternate Approaches with Real Network Data

Users

Alternate Approaches
% Accuracy

User-1
User-2
User-3
User-4
User-5

User-1
User-2
User-3
User-4
User-5

User-1
User-2
User-3
User-4
User-5

User-1
User-2
User-3
User-4
User-5

1 Order Markov
100%

99% (1 error)
100%
100%

3" Order Markov
100%
100%
100%
100%
100%

All K Order Markov (K=3)
100%
99% (1 error)
99% (1 error)
100%
100%

PPM
100%
99% (1 error)
100%
100%

Table 26 Appendix H — Calibrations Alternate Markov Based Approaches with Real
Network Data
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