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Introduction Methodology

 Background: Self-attention acts like a low-pass filter (unlike convolution), and the 'I SPANet Aggregated Context
enhanced high-pass filtering capabilities help improve model performance. 5 ° |
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Observation: Better low-pass filtering in convolution operations also can improve i + A new token mixer called SPAM (spectral pooling aggregation modulation) can
performance. balance high/low-frequency components of visual features.
» Hypothesis: An ideal token mixer, optimizing the balance of high- and low- ~* Building SPANets with SPAM block based on MetaFormer baseline. A
frequency features, can enhance model performance. o
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* Performance improvements by adjusting spectral filtering capabilities of ~* The frequency-balancing formula is changed into a mask-filtering problem in the st eubomer | Atemion | |80 LITV2M [42] 59 63 457
token mixers g frequency domain. This mask filter is defined as spectral pooling filter (SPF). g GFNet-H-B [1(] 5 56 820 SPANet-M (ours) 45 57 46.2
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o . ;  Context is aggregated with multiple spectral pooling gates (SPGs). g R R > A
SPAM optimizes high/low-frequency component balance. g g ComNeXt-B [5] CNN ] 59 54 | 838
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