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Fig. The comparisons of 17 benchmarks in AIBench against 7 benchmarks in MLPerf from the
perspectives of AI model complexity (parameters), computational cost (FLOPs), convergent rate (epochs)

(a), computation and memory access patterns (b).

Figure 1: The comparisons of 17 benchmarks in AIBench against 7 benchmarks in MLPerf from the
perspectives of AI model complexity (parameters), computational cost (FLOPs), convergent rate (epochs)
(1(a)), computation and memory access patterns (Figure 1(b)). The raw data and the details are reported
in Section 5.2.

• We identify seventeen prominent AI tasks from the most important and visible AI domain with
seventeen industry partners, and contribute by far the most comprehensive AI benchmark suite–
AIBench.

• We perform by far the most comprehensive workload characterization on AIBench and MLPerf
from the perspectives of model complexity, computational cost, and convergent rate, computation
and memory access patterns, hotspot functions, and other micro-architecture characteristics.

• For the first time, we systematically quantify the run-to-run variation of the seventeen benchmarks
of AIBench in terms of the ratio of the standard deviation to the mean of the training epochs to
achieve a convergent quality. We found the variation varies wildly from 0% to 38.46%.

• To achieve affordability, we select a minimum AI component benchmark subset–three tasks–Image
Classification, Object Detection, and Learning to Rank. Our experiments demonstrate the subset
maintain the primary workload characteristics of seventeen benchmarks of AIBench while reducing
the benchmarking cost by 41%.

• We found AIBench covers a much broader range (1.3X to 6.4X) against MLPerf in terms of the
ratios of peak numbers of model complexity, computational cost, and convergent rate. The seventeen
benchmarks of AIBench reflect distinct and different computation and memory access patterns
from that of MLPerf. AIBench outperforms MLPerf in terms of the diversity and representativeness
of models complexity, computation and memory access patterns, and hotspot functions. With
respect to MLPerf, AIBench reduces the benchmarking cost while avoiding error-prone design or
benchmarketing.

The rest of this paper is organized as follows. Section 2 summaries the related work. Section 3
proposes our balanced methodology. Section 4 presents the AIBench design and implementation. In
Section 5, we present the detailed workload characterization and evaluations on GPUs and CPUs. Finally,
we draw the conclusion in Section 6.
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