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Problems Recursive Aggregation

Nowadays super-resolutions are becoming dra- We construct the model starting from a basic convolutional block (BCB), i.e. the blue boxes in
matically deep and large. While their perfor- the figure. Every time a small number of BCBs are stacked, we concatenate the outputs as green
mance on benchmark datasets are beginning to boxes. The followed aggregation layers (yellow boxes) will further fuse their in- formation. And
saturate. when the aggregated layers are stacked up, we also concatenate them by a second-order aggregation.
PSNRresults of SotA methods on benchmark datasets In the same way, we can construct models with different orders by recursive aggregation. The

DBPN RDN RCAN SAN RFANet . . . . .
gradients (pink solid arrows) are generated from the top the network, and the intensive shortcuts
in the network can help gradients better conducted to all inner layers and make the networks more
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The details of a second-order RAN is shown below. We use a 3 X 3 convolutional layer to extract the
shallow features, and then use PixelShuffle [4] layers to up-sample features to desired spatial sizes.

R For x2 and %3, a single PixelShuftle layer is used, and for x4, two x2 PixelShuflle layers are used.
0 Drop on s Blck i ined mod e PR on S 7 We mainly describe the mapping stage. As shown in (b), when several (3 in the figure) BCBs are
sequentially stacked, their outputs will be concatenated and then input to aggregation layers. Inside
the aggregation layer, there is first a 1 x 1 convolutional layer to reduce the number of channels, and
then a 3 x 3 layer to further fuse the information. A skip connection is added from the beginning
of the first BCB to the end of aggregation layers. This is what we call first-order aggregation block
We simplify the residual block to only one con- (FAB). And when the FABs start to stack up, their outputs will also be concatenated and then input
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volutional layer. Thus it allows more skip to aggregation layers.
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