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1. Depth and Width
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Pyramidal Residual Network [p.Hanetal., 2016]
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Figure 1. Schematic illustration of (a) basic residual units [7], (b) bottlenecks [7], (¢) wide residual units [*], and (d) our pyramidal
residual units.



Residual Network of Residual Network
[Zhang et al., 2016]
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ResNeXt [S.Xieetal., 2016]
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Figure 1. Left: A block of ResNet [13]. Right: A block of
ResNeXt with cardinality = 32, with roughly the same complex-
ity. A layer is shown as (# in channels, filter size, # out channels).
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3. Initialization
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Batch*ﬁ,’l‘%ﬂ_’, [S.Ioffe & C.Szegedy, 2015]
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4. Further Problems
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