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Slave Slave 1 Mac OS X 2.53 GHz Inte! 4GB 1067 MHz
Name I 1 10.6.2 Core 2 Duo DDR3
Node Data Data , | Mac OSX | 253 GHz Intel 4GB 1067 MHz
Node Node 10.6.2 Core 2 Duo DDR3
Job | 3 | MacOSX | 2.13 GHz Intel 4GB 800 MHz
Tracker Task' — 10.5.8 Core 2 Duo DDR2 SDRAM
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