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Experiments

= Inference latency is crucial in resource-constraint settings (e.g. mobile devices)

= ..but current DNN models underutilize resources
= e.g., avg FLOPS/s utilization in Google’s TPUv4 accelerator is 33%

= No prior work optimizes for hardware utilization

= DNN models with low efficiency and increased latency in inference platforms

= e.g. mismatches between DNN dimensions and target inference platforms are a major source of
underutilization

Smooth Approximation of ceiling function = NAS experiments with different computational model for utilization
Analytic utilization model is not differentiable — incompatible with Differentiable NAS. We use

the generalised logistic function to obtain a smooth approximation of ceil function:
= FLOPS: assumes full utilization, latency=#operations divided by the theoretical peak throughput

B exp (—B(x — wj;)) —1/v = Roofline: compute-bound— same as the FLOPS, memory-bound mode— latency=memory footprint size
CEIL gymooth(2) = ) |1+ C divided by off-chip bandwidth
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= Blackbox: lookup table storing latency values for all layer types and dimensions

= Measured top-1 test accuracy, runtime by our custom cycle-accurate HW simulator, utilization
= Baselines:

Multi-objective loss function
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= |[naccurate HW design — discrepancies between estimated and actual runtimes FLOPS [1] 8/.2 /84 6.1 345 5.5 3.1 108 14.4 3.5
= Prior work only considers memory bottlenecks — simplistic and non-differentiable models U-Boost 378 87.9 22 1.05 911 7856 12.7 473 301
= We propose an analytical model to accurately approximate the behavior of target platforms.

= Our focus: specialized HW architectures such as systolic arrays (e.g. Google TPU or Tesla FSD)

= FLOPS and Roofline result in severe underutilization (< 10%) and high runtimes

= Blackbox opts for the largest possible network leading to better utilization but poor runtimes
= U-Boost achieves the optimal combination for all metrics: Without losing in accuracy, Harware

Google TPU utilization

utilization is modeled correctly and runtime is accordingly low!
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= U-Boost NAS achieves 2.8 — 4x inference latency speedup with similar or improved accuracy

= DWS Convolutions are deemed as important for low runtime but they result in underutilization
= FLOPS and other baselines select DWS Convolutions (as low as 1% utilization)
= However, U-Boost avoids DWS and instead selects (Dilated) convolutions 1]
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