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Why Quantum Computers for Machine Learning? Quorus Beats Baseline in 4-Class Classification (avg. 24.0% 1)
: e |n classical NN's, early-exits are obtained by copying the e We evaluate Quorus to 3 baselines: (1) Q-HeteroFL, (2) f i
e For certain types of problems, quantum computers can be , €arly y copying : , e See paper for details on resource costs for multiclass tasks
good alternatives to classical computers for ML activations and feeding to a bottleneck layer Vanilla QFL, and (3) Standalone; we use 10 qubits —__
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06 7 % i Classfier Classifier Capacity Technique MNIST Fashion-MNIST 3L Quorus-Layerwise 80.9 + 2.7 711462 (1 8.1) 61.0 + 4.7 T1.44 6.4 (| 9.4) 69.1 + 3.8 (| 5.0) 52.2 + 2.6 (| 3.9)
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. ot count scales linear y Wi € numper o aye s . . . Q-HeteroFL 77.0+11.0 (} 21.4) 77.1+16.7 (J19.1) 57.3+4.6 (1 22.1) 67.6+12.1 (1 31.5) 62.1+12.3 (1 284) 53.0+3.6 (| 23.1)
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il g Quorus-Funnel 98.1 + 0.5 96.9 + 0.6 (J. 0.0) 82.3 + 1.8 98.9 + 0.6 (| 0.3) 90.2 + 3.3 78.7 + 1.1 o0 = 1.2 R , ‘ gel =ad , :
i 56 <1 of Quorus-Funnel 97.6 + 2.1 (| 0.9) 96.5+ 1.1 (| 0.7) 83.4 4 2.5 98.7+ 1.0 (J 0.5) 91.2+ 3.4 (| 0.9) 72.6 + 5.4 (| 1.2)
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Quorus-Funel 5.8 & 0.7 07106 (L 0:4) i 90.006 (L0.9) ey iy 6L Quorus-Layerwise 98.7 4 0.4 96.9 + 0.6 81.9+ 1.6 (] 0.4) 99.4 4 0.1 92.2 4+ 1.9 75.7 4+ 2.7
. . . : : : , — Quorus-Funnel 98.3 + 1.8 (} 0.4) 96.1+ 1.5 (J 0.8) 82.3 + 3.8 98.7+ 0.7 (J 0.7) 89.8 + 8.3 (| 2.4) 72.7+5.1 (| 3.0)
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