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Motivation Network design: nested architecture ALERT system design

® Many software systems incorporate DNN inference
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— ® Results, O1, 02, O3, ..., output after each stage O System level: discrete system power cap setting
® Maximizing re-use of intermediate state across successive stages ® Global slowdown factor &
Problem definition O The environmental difference between profiling and runtime

Network training: orthogonalized SGD

® Re-balances task-specific gradients
® Subsequent outputs do not interfere with how
earlier outputs desire to move parameters

O Estimated by Kalman filter with all recent history

O Modelled as a random variable to reflect the system volatility
® Runtime estimation

® How to adjust DNN and system power setting to

O Maximize accuracy with energy budget and inference deadline
O Minimize energy with accuracy goal and inference deadline

Our solution
® Anytime neural networks Experimental Results

O Generating increasingly more accurate results as time goes

O Latency: profiling data x &

O Accuracy: expectation with estimated latency distribution
O Energy: estimate 1dle power with Kalman filter

We offer much better accuracy-FLOPs trade-offs than previous state

. . . . Experimental Results
O Balance goals of accuracy and anytime output flexibility of the art, and come close to the infeasible Oracle. P ‘
Deadline 1§ e . 1§ oo . Our System outperforms state of the art and static oracle.
Woman [ —=—EANN (State of the Art) [ -&-Even-width (State of the Art); w12 79
R - I : 2 | - Violations
Siaf - S1af - < | =160 @ Bl Only adapt DNN
3 | 3 | = | 10 & | Only adapt power
e - = 0.8 * 48 @& -
. . o 12f e 12f =) = |[_]Adapt both w/o coordination
Anytime DNN Timeline 5 | 5 | T06 136 .S |JESys+App(Our System)
11 11 o 0.4 104 E [ |Infeasible Oracle
Tree Human | Woman o gl g =
| - i ; = 0.2 112 >
® Adaptive DNN inference management " #of Floating Operations 10° " #of Foating Operations 106 % O Vfnimize Energy  Mimmize Brror  °
o Run-time feedback-based estimation and control CIFAR 1mage classification with nested ResNet. (Smaller 1s better) Average performance normalized to static oracle. (Smaller 1s better)
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