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In the SumTime project, we devel oped generic techniques to produce English textual summaries of time series data, taking
Into account contextual information, by adapting recent work inAl and NLG. The project investigated three different
domains, one of which is sensor data from gas turbines. A knowledge-based text generation system named SumTime-
Turbine was implemented in the gas turbine domain based on the achitecture presented in the poster.

From temporal datato textual summaries, there are four steps that correspond to the four components in the architecture:
pattern recognition, knowledge-based temporal abstraction, interesting pattern selection, and summary generation,. Each

component contains different modules as shown in the figure.
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Date Time
30/11/1999 12:00:20
30/11/1999 12:00:21
30/11/1999 12:00:22
30/11/1999 12:00:23
30/11/1999 12:00:24
30/11/1999 12:00:25
30/11/1999 12:00:26
30/11/1999 12:00:27
30/11/1999 12:00:28
30/11/1999 12:00:29
30/11/1999 12:00:30
30/11/1999 12:00:31
30/11/1999 12:00:32
30/11/1999 12:00:33
30/11/1999 12:00:34
30/11/1999 12:00:35
30/11/1999 12:00:36
30/11/1999 12:00:37

431.98
431.67
431.39
431.25
431.98
432.40
432.40
432.54
431.98
432.40
432.40
431.98
431.67
431.98
431.98
432.26
432.26
431.98

TTXD-1 TTXD-2

451.15
451.85
451.29
451.29
452.68
452.96
452.40
452.27
452.13
452.13
452.68
452.82
451.71
452.27
452.82
452.96
452.40
451.99

TTXD-3 TTXD-4

430.42
430.14
429.41
429.59
430.42
431.12
430.84
430.98
431.39
431.39
431.12
430.70
430.70
430.98
431.25
431.67
430.98
431.12

48196
48168
48154
48182
48210
48210
48224
48210
48154
48210
48154
48210
48210
48210
48251
48321
48293
48224
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Conclusions

SumTime-Turbine has been evaluated at both the component and system levds, in a series of experiments conducted
with domain experts at Intelligent Applications (IA). The evaludion results were encouraging. But the current system
generates summaries that only describe patterns occurring in thedata. We would like to extend the system to generate
summaries that interpret as well as describe patterns.

There are lots of applications for description and/or interpretdion of time series data in other domains such as
medicine and finance. We believe that the architecture used in SumTime-Turbine could be helpful to other researchers
who are investigating how to generate textual summaries of complex temporal datain other domains.
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Difterent high-level abstractions of patterns or : . Interesting patterns are selected based on : objective measures(low ;

multiple-patterns are obtained by adapting knowledge- . frequency events are more worth reporting than common ones), and
based temporal abstraction in the second component. - subjective measures (domain knowledge) in the third component. 5



