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Central Themes

e Temporal data mining

— Detecting relationships between physical
variables in a time-series dataset

e Network reconstruction

— Summarizing the above relationships in the
form of a graphical model



Why Is this problem non-trivial?

e Patterns are spread over time
— with possibly “junk” in between

e Sensors dynamically cluster
— around “interesting” time points

 Raise the level of abstraction

— to relate mined patterns to underlying
system infrastructure



Planting and mining episodes
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Planting and mining episodes
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Data center architecture
and event streams
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Multi-level modeling
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But ...

e Sensor streams are not quite stationary
— Workload changes
— Dynamic steering and control
— Faults

* Need to identify segments around which
gualitative behavior changes



Detecting shifts in clustering

across time segments

008

0.08

0.02

—_— .

Clust 1
Clust2
Clust3
Clusta|

0
11:51:05 12:41:41 13:32:17 14:22:53 15:13:29 16:04:19 16:54:55 17:46:02 18:36:37 19:27:44 20:18:20

win-1401-1800-cluster-1

0
TEE106 12:471:41 103207 14:22:53 15:12:58

win-1401-1800-cluster-3

0.048°
TEE106 12:41:41 1332017 14:22:53 15:12:68

win-1401-1800-cluster2

L | ——
T15%06 12:47:47 133217 14:22:53 15:12:58

win=1401-1800-cluster-4

F 7| I —
115106 12:41:41 13:32:17 14:22:63 16:12:58

win-1801-2200-cluster-1
0.06)

0,055,

0.06

0.045

win-1801-2200-cluster-2

0,04
15:13:20 16:04:19 16:54:55 17:46:02 18:36:07

win-1801-2200-cluster-3

05

0.5

a -
16:13:29 16:04:19 16:54:55 17:46:02 18:36:07

win-1801-2200-cluster-4
0.065

0.08

-1
15:13:29 16:04:19 16:54:55 17:40:02 18:30:07

o.04
15:13:29 16:04:19 165455 17:46:02 18:36:07

win-2201-2400-cluster-1

win-2201-2400-cluster-2

20:18:20

0.069
18:36:37 19:27-44 20:18:20 18:36:37 19:27-84
win-2201-2400-cluster-3 win-2201-2400-cluster-§
1 0.074
05
[
05
-1 0.068
18:36:37 19:27-44 20:18:20 18:36:37 19:27:44

20:18:20




Types of patterns

e Clusterings and segmentations

— Given: continuous time-series

— Find: clusters that dynamically re-group
* Frequent episodes

— Glven: event stream <event, time, dur>

— Find: e1|0-5] -> e3]0-2] -> e7[0-10]
 Dynamic temporal redescription

— Integrated methodology for bridging
multiple levels of representation



Integrated methodology

Use domain knowledge to group sensor
variables into “units”

—{T1,T2,R1}, {T3,T4, R2}
Breakup event streams into units

Detect coordinated trends across units
using k-medold clustering

Redescribe original data using identified
clusters
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Preliminary results
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Preliminary results (contd.)
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Redescribing event streams
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The Holy Grall

e Reconstruct the transfer function
underlying key system variables

 Operate on streaming data

* Provide human-in-the-loop discovery
capabllities



Thank you
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