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Gang scheduling -- two jobs one after another
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Elastic scheduling -- two jobs overlap and fully use the cluster
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Figure 1: overlap jobs
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Two jobs with different priorities running together
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Figure 2: auto react
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Changing # workers doesn't affect convergence -- wide and deep model
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Figure 3: wide-n-deep training coverges

Changing # workers doesn't affect convergence -- xDeepFM model
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Figure 4: xdeepfm training converges



	ElasticDL：同时提升用户体验和集群利用率
	弹性调度和刚性调度
	ElasticDL 和其他方案的对比
	实验一：多个 AI 训练作业
	实验二：AI 作业和在线服务混布
	实验三：训练时更改 worker 数量不影响收敛性


