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Algorithm 1: Evolution Search with LGS

Input: Trained supernet, initial population size
N, latency lookup table (LUT), latency
groups G, offspring size k, crossover
probability p., mutation probability pm,,
iteration ter.

Output: Pareto frontier of population P.

1 Sample the smallest and largest child model (i.e.
archmin and archmaz );

2 Compute the lower bound and upper bound
latency (i.e. LATnin and LAT nq,) based on
LUT;

3 Divide the (LATmin, LATnq) into G groups;

4 Sample % child models for each latency group

{Pli=1...G};

Population P = P, U...U Pg;

Evaluate performance for models in P;

for j = 1...iter do

for each P; do

S; < Select g models from the Pareto

© 0w =N o wu

frontier of each latency group P;;

10 S=5U..USg;

11 for each model in S do

12 Crossover and mutate under probability
L DPcy Pm-

13 Evaluate performance for models in S;

14 P=PUS

15 P < Select Pareto frontier of P;
16 Return P
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Method FLOPs| Latency (ms) ECSSD(1000) DUT-O(5168) DUTS-TE(5019) HKU-1S(4447) PASCAL-S(850)

(G) |GPU Embedded |maxF MAE S,, |maxF MAE S,, |maxF MAE S,, |maxF MAE S,, |maxF MAE S,

VGG-16/VGG-19
NLDFcvprizr [44] 66.68 | 9.48 505.59 [0.905 0.063 0.875|0.753 0.080 0.770|0.813 0.065 0.805|0.902 0.048 0.879]0.822 0.098 0.805
DSScvprir [29] 48.75 | 5.85 N/A 0.921 0.052 0.882|0.781 0.063 0.790|0.825 0.056 0.812|0.916 0.040 0.878|0.831 0.093 0.798
PiCANetcypris [41] | 59.82 [34.21 N/A 0.931 0.046 0.914|0.794 0.068 0.826|0.851 0.054 0.861|0.921 0.042 0.906|0.856 0.078 0.848
CPD-Vavprig [70] 24.08 | 3.78 266.40 [0.936 0.040 0.910(0.793 0.057 0.818|0.864 0.043 0.866|0.924 0.033 0.904|0.861 0.072 0.845
ITSD-Vevprzo [87) 17.08 | 9.97 494.93 [0.939 0.040 0.914|0.807 0.063 0.829|0.876 0.042 0.877|0.927 0035 0.906|0.869 0.068 0.856
PoolNet-Vovprig [38]| 48.80 | 8.81 N/A 0.941 0.042 0.917|0.806 0.056 0.833|0.876 0.042 0.878| - - - 10.865 0.072 0.852
EGNet-Vicovie [84] | 120.15 |11.58 N/A 0.943 0.041 0.919|0.809 0057 0.836|0.877 0.044 0.878|0.930 0.034 0.912]0.858 0.077 0.848
MINet-Vayprz2o [16] 71.76 |14.78 N/A 0.943 0.036 0.919]0.794 0.057 0.822]0.877 0.039 0.875[0.930 0.031 0.912|0.865 0.064 0.854
ResNet-34/ResNet-101/ResNetXt-101
R3Netrjcans [11] 26.19 | 6.70 335.14 [0.934 0.040 0.910|0.795 0.063 0.817|0.831 0.057 0.835|0.916 0.036 0.895|0.835 0.092 0.807
CPD-Rcvprie [70] 7.19 | 252 124.09 [0.939 0.037 0.918|0.797 0.056 0.825|0.865 0.043 0.869|0.925 0.034 0.906|0.859 0.071 0.848
BASNetcvprio [19] 97.51 |16.37 N/A 0.942 0.037 0.916|0.805 0.056 0.836|0.859 0.048 0.865|0.928 0.032 0.909|0.854 0.076 0.838
PoolNet-Reverio [38]| 38.17 | 9.13 N/A 0.944 0.039 0.921|0.808 0.056 0.836|0.880 0.040 0.883]0.932 0.033 0.916|0.863 0.075 0.849
EGNet-Riccvio [84] 120.85 [12.01 N/A 0.947 0.037 0.925]0.815 0.053 0.841|0.888 0.039 0.887(0.935 0.031 0.917|0.865 0.074 0.852
MINet-Revprzo [16] | 42.68 | 7.38 N/A 0.947 0.033 0.925|0.810 0.056 0.833|0.884 0.037 0.884|0.935 0.029 0.919|0.867 0.064 0.856
ITSD-Rcvpreo [87] 9.65 | 3.57 164.76 [0.947 0.034 0.925|0.820 0.061 0.840|0.882 0.041 0.884|0.934 0.031 0.917|0.870 0.066 0.859
Handcraft SOD Backbone
CSNetgccvao [17] 0.72 | 3.63 95.75 0.916 0.065 0.893|0.775 0.081 0.805|0.813 0.075 0.822]0.898 0.059 0.881|0.828 0.103 0.813
U2-Netprao [18] 9.77 | 4.45 173.61 0.943 0.041 0.918]0.813 0.060 0.837]0.852 0.054 0.858]0.928 0.037 0.908|0.847 0.086 0.831
Searched Models on Different Devices

iNAS(GPU)-S 0.43 | 1.32 48.56 0.944 0.037 0.921|0.819 0.055 0.842|0.872 0.043 0.875|0.930 0.033 0.914|0.864 0.071 0.852
iNAS(Embedded)-S 041 | 1.53 40.99 0.944 0.038 0.920|0.816 0.056 0.840|0.871 0.043 0.875|0.931 0.033 0.915]0.865 0.070 0.852
iNAS(GPU)-L 0.70 | 1.94 71.70 0.947 0.036 0.924|0.824 0.052 0.846|0.879 0.040 0.881|0.935 0.031 0.918|0.867 0.071 0.852
iNAS(Embedded)-L 0.63 | 2.30 63.39 0.947 0.036 0.924|0.820 0.055 0.842]0.875 0.041 0.879(0.935 0.031 0.919|0.865 0.070 0.852
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