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FlexTCN (4-Blocks) 241K 99.60 98.72 80.26 67.42
E FlexTCN (6-Blocks) 375K 99.62 98.63 80.82 69.87

Exp: 1D datasets
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2D: competitive with ResNet,
28x28  30x30  32x32  34x34  36x36 , :
Target outperforms filter bases works (Fig. 4) Conclusions
Exn: CIEAR-10 ; Lt 1D: MAGNet is state-of-the-art (Fig. 5)
XPp- LU, acc. ai new resotuiion Minimal precision loss with aliasing FlexConv has unrestricted freq. band,
regularizatign where other works have limited bands,
tied to kernel size
D l6x16 885% | B884% | 8B6% | B884% | 8B5% FlexNets can be used on any dataset,
28x28  30x30  32x32  34x34  36x36 Learned networks FlexNets beat SOTA 1D datasets,
Target :
CIFAR-10: small kernels in early layers, and beat filter bgses works on ZD.
Exp: CIFAR-10, acc. after fine-tuning large kernels in later layers Shallow nets W1th global kernel size can
be competitive with deep, local kernels
Limitations
More parameters for small kernels than
conventional convolutions
. FlexConv is too expensive to run in
deep modern architectures
Large conv kernel are still expensive
to run, if FlexNet learns them
Kernels learned on CIFAR-10 (left to right, shallow to deep)
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