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Dataset Epochs RKDO Loss I-Con Loss Improvement
CIFAR-10 1 1.9384 + 0.0403 2.6768 4+ 0.0369 27.59%
CIFAR-10 2 1.7897 4+ 0.0445 2.5176 4+ 0.0291 28.91%
CIFAR-10 5 1.6584 + 0.0335  2.4000 + 0.0321 30.90%
CIFAR-10 10 1.6200 4+ 0.0233 2.3127 + 0.0184 29.95%
CIFAR-100 1 1.9245 4+ 0.0205 2.6338 4+ 0.0251 26.93%
CIFAR-100 2 1.7829 + 0.0269 2.5089 + 0.0337 28.94%
CIFAR-100 5 1.6567 + 0.0290 2.3648 + 0.0301 29.94%
CIFAR-100 10 1.5720 4+ 0.0133  2.2857 + 0.0184 31.23%
STL-10 1 1.5422 4+ 0.0310 2.2353 4+ 0.0329 31.01%
STL-10 2 1.4390 4+ 0.0483 2.1297 4+ 0.0451 32.43%
STL-10 5 1.3331 + 0.0742 2.0312 4+ 0.0473 34.37%
STL-10 10 1.3249 + 0.0460 1.9777 + 0.0344 33.01%
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Dataset Epochs RKDO I-Con RKDO vs I-Con
CIFAR-10 0.2496 + 0.0384 0.2454 + 0.0300 +1.73%
CIFAR-10 2 0.2667 £+ 0.0208 0.2723 + 0.0139 -2.08%
CIFAR-10 0.3078 £ 0.0374  0.3291 £+ 0.0208 -6.47%
CIFAR-10 10 0.2894 £ 0.0299 0.3206 = 0.0192 -9.73%
CIFAR-100 0.0170 £ 0.0057 0.0213 £ 0.0045 -20.00%
CIFAR-100 2 0.0255 = 0.0115 0.0170 £ 0.0035 +50.00%
CIFAR-100 0.0255 £+ 0.0072  0.0227 £+ 0.0053 +12.50%
CIFAR-100 10 0.0227 £ 0.0113 0.0199 +£ 0.0053 +14.29%
STL-10 1 0.1803 £ 0.0422 0.1831 +£ 0.0445 -1.54%
STL-10 2 0.2225 £ 0.0350 0.1775 £+ 0.0352 +25.40%
STL-10 0.2141 £ 0.0559 0.2197 £ 0.0414 -2.56%
STL-10 10 0.2113 £ 0.0367 0.2479 £+ 0.0363 -14.77%
% 3: B RKDO 5 I-Con £ H K YNGR Xt

Dataset RKDO (Early) I-Con (Later) Computational Savings
CIFAR-10  0.2496 + 0.0384 (1 epoch) 0.3291 =+ 0.0208 (5 epochs) 80% fewer resources

CIFAR-100 0.0255 + 0.0115 (2 epochs)
0.2225 + 0.0350 (2 epochs)

STL-10

0.0227 £ 0.0053 (5 epochs)
0.2197 £ 0.0414 (5 epochs)

Superior performance with 60% fewer resources

Similar performance with 60% fewer resources
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Early Learning: RKDO vs. I-Con at 1 and 2 Epochs
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RKDO vs. ICon: Loss Across Training Durations
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Dataset

Metric

RKDO

I-Con

Difference

CIFAR-10
CIFAR-10
CIFAR-10
CIFAR-10

Linear Eval
NMI
ARI
Neighborhood Acc

0.2667 + 0.0208
0.1211 £+ 0.0186
0.0533 £ 0.0103
0.1798 £+ 0.0085

0.2723 £ 0.0139
0.1255 £+ 0.0179
0.0550 £ 0.0102
0.1806 £ 0.0125

-2.08%
-3.48%
-3.10%
-0.44%

CIFAR-100
CIFAR-100
CIFAR-100
CIFAR-100

Linear Eval
NMI
ARI
Neighborhood Acc

0.0255 £ 0.0115
0.5703 £+ 0.0038
0.0152 £ 0.0036
0.0263 £+ 0.0007

0.0170 £+ 0.0035
0.5678 = 0.0075
0.0161 £+ 0.0027
0.0278 £ 0.0023

+50.00%
+0.43%
-5.15%
-5.51%

STL-10
STL-10
STL-10
STL-10

Linear Eval
NMI
ARI
Neighborhood Acc

0.2225 £ 0.0350
0.1715 £ 0.0223
0.0702 £ 0.0140
0.1690 £ 0.0131

0.1775 £ 0.0352
0.1749 £ 0.0164
0.0670 £ 0.0103
0.1744 £+ 0.0210

+25.40%
-1.97%
+4.80%
-3.13%
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