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Novelty Detection Example

Trained topics: Baseball and Football events
Users Queries: Rugby events (New topic)

Example:
Intent — Who won the rugby match yesterday?
Answer- (can be anything)

Trained topics: Account and Card queries
Users Queries: Loan (New topic)

Example:

Intent — | have an account in this bank, How can | get a loan?
Answer- (can be anything)



Novelty Detection

Example:

Intent — Who won the rugby match yesterday?

TM Model- IF {(won) and (rugby) and (match) and (yesterday)} then New topic
Novelty Score- Very low

Example:

Intent — | have an account in this bank, How can | get a loan?

TM Model- IF {(account) and (bank) and (get) and (loan)} then New topic
Novelty Score- Very low



TM Framework

Text Input
Input — ¢
Binary encoded input
Class 1 E Class 2
Clauses 2 /2 ' 12 12
m/2 m2 — | ml2 4 ml2 —
Output — Novelty Score : Novelty Score



Results

Algorithms 200 Newsgroup | Spooky action author | CMU movie | BBC sports | WOS
LOF 52.51 % 50.66 % 48 84 % 47.97 % 55.61 %
Feature Bagging 67.60 % 62.70 % 64.73 % 54.38 % 69.64 %
HBOS 55.03 % 48.55 % 48.57 % 49.53 % 55.09 %
Isolation Forest 52.01 % 48.66% 49.10 % 49.35% 54.70 %
Average KNN 76.35 % 57.76 % 56.21 % 5554 % 79.22 %
K-Means clustering 81.00 % 61.30 % 49.20 % 47.70 % 41.31 %
One-class SVM 83.70 % 43.56 % 31.94 % B3.53 % 36.32 %
T™ framework 82.50 % 63.15% 68.15 % 8047 % 70.37 %

Table 3: Performance comparison of proposed TM framework with cluster and outlier based novelty
detection algorithms.



New Problem Statement

= Problems :

* Detecting Novel text is a challenging task, which we have addressed using Tsetlin
Machines.

* Understanding what part of sentence is novel.

= Goal :

* Rank each word in a sentence for novelty.



Example: Novelty Description

Sentence: The apple that he ate yesterday was good.

Category- Known

Sentence : The apple shares decreased over this week.

Category- Novel

" Different scores for “apple”: low for “apple” fruit, high for “apple” company/phone
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Context Correlations

Rugby Centre Scrumhalf Flanker Flyhalf
Rugby 88.80 | 2.60 2.80 2.63 2.59
Centre 2.60 | 278.73 | 3.54 3.66 6.23
Scrumhalf | 2.80 3.54 1718.11 | 4.05 2.96
Flanker 2.63 | 3.66 4.05 1558.95 | 3.55
Flyhalf 2.59 | 6.23 2.96 3.55 960.91

Confusion Matrix showing the correlation score
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