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Graph Interpretation of Convolutional Neural Networks

= We can interpret an operation of convolution filters as “aggregating features of spatial-
wise adjacent features/pixels”

* Most of Convolutional neural networks mainly focus on spatial-wise feature
aggregation.
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Channel-wise Aggregation?
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C3B: Channel-Attention Block
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C3B: Channel-Attention Block
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Figure 2: An overview of the Cross-channel Communication (C3) block. The feature responses in
channels are passed to an encoder, and then the information 1s exchanged with other channels using a
message passing mechanism. Finally, the features are decoded and added back to the input responses
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Experimental Results

ResNet-20

ResNet-56

ResNet-110 Wide-ResNet

Size FLOPs Acc.

FLOPs Acc. Size FLOPs Acc. Size FLOPs Acc.

Baseline 0.28 41.7 67.73 0.86
Baseline + SE 0.28 41.8 68.57 0.87
Baseline + C3 0.35 46.0 69.34 0.93

128.2 71.05 1.74 2579 7201 26.86 3.84G 77.96
128.5 72.00 1.76 258.5 7247 27.26 3.84G 78.57
132.5 7227 1.81 2622 73.36 2693 3.87G 78.34

Table 1: Classification accuracies (%) on CIFAR-100 [16] with different models.

Segmentation = Mean IOU Mean Acc.

Deeplabv?2 [2] 75.2
Deeplabv2 + SE 75.6
Deeplabv2 + C3 75.7

Detection Pascal VOC COCO
Faster R-CNN [20] 74.6 339
Faster R-CNN + SE 74.8 34.3

Faster R-CNN + C3 75.6 34.8

Table 3: Performance on semantic segmentation on PASCAL-VOC-2012 (left) and object detection
on PASCAL-VOC-2007 and COCO (right) with/without cross-channel communication). Bold
indicates best results. For detection, mAP@(I0U=0.5) is reported for PASCAL-VOC-2007 and

mAP@(I0U=0.5:0.95) is reported for COCO.
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Experimental Results
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Figure 4: Correlations for models at different

training stages.



Experimental Results

Figure 6: We visualize the top-6 mostly activated channels at the last layer. Odd rows are the class
activation map from baseline ResNet-101: Even rows are from our model.
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Official Implementation of C3B

class _CrossMeuronBlock{nn.Module):
def __init_ (self, in_channels, in_heipght, in_width,
nblocks_channel=4,
spatial_height=24, spatial_width=24,
reduction=8, size_is_consistant=Trus):
self.fc_in = nn.Sequential(
nn.Convld(self.spatial_area, self.spatial_area // reduction, 1, 1, @, bias=Trus),
nn.RelU{True),

nn.Convld(self.spatial_area // reduction, self.spatial_area, 1, 1, @, bias=Trus),

self.fc_out = nn.Seguential(
nn.Convld(self.spatial_area, self.spatial_area // reduction, 1, 1, @, bias=Trus),
nn.RelU{True),

nn.Convld(self.spatial_area // reduction, self.spatial_area, 1, 1, @, bias=Trus),

self.bn = nn.Batchlormld(self.spatial_area)
def forward{self, ®):
¥_stacked = x_stretch # (b) x c x (h * w)

¥_stacked = w_stacked.view(bt # self.nblocks_channel, ¢ // self.nblocks_channel, -1]}

¥ v = ¥_stacked.permute(d, 2, 1).contiguous() # (b) x (h *# w) x C

w_v = self.fo_in{x_v) # (b) x (h * w) x ¢

wom = ¥_v.mean(1).view(-1, 1, c /f self.nblocks_channel).detach{) # (b * h * w)} v 1 ® ¢
score = -{x_m - x_m.permute(®, 2, 1).contiguouws(})**2 # (b * h * w) ®x c x C

# score.masked_fill_(self.mask.unsgueeze(@).expand_as(score).type_as(score).eq{d@), -np.inf)}
agttn = F.softmax{score, dim=1) # (b * h * w)} x c ® C
self.bn{self.fc_out(torch.bmm(x_v, attn})) # (b} x (h * w)} % C

out.permute(®, 2, 1).contiguous()}.view(bt, c, h, w)

out
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