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Abstract In recent years, a micro data center has been proposed to execute processing that requires real-time
properties. Micro data centers are small data centers located close to users. Micro data centers have a limited
amount of resources compared to traditional data centers. Therefore, it is important to use resources efficiently. A
disaggregated micro data center has been proposed as a solution. The disaggregated micro data center is a data
center constructed by connecting stand-alone resources via a network. These enable efficient resource utilization
and flexible resource management by optimizing each resource. However, performance degradation occurs due to
communication delay between resources. In this paper, we introduced the communication delay between the remote
memory and the CPU, which is a major cause of performance degradation and evaluated the relationship between
performance degradation, bandwidth and latency for jobs expected to be used in disaggregated micro data centers.
The evaluation results revealed that even if the bandwidth is 40 Gbps or more, there is a tendency that large perfor-
mance improvement cannot be expected. In addition, we found that the impact of increased latency on performance
varies from job to job. Therefore, it is necessary to allocate a remote memory in consideration of latency and create
the algorithm that allocates appropriate resources for remote memory for each job to be executed.

Key words Micro data center, remote memory, latency, bandwidth, Disaggregation, Matrix calculation, Image
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