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Neural networks are SOTA
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Larger size, better performance
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Smaller size, same performance?
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Smaller size, same performance?
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Objective: Filter Pruning

For a given network fg(x) with parameters 8 and €,6 € (0, 1), generate a compressed, dense
reparameterization 0 (i.e. with less filters) such that

P. o (f@ (x) e (1+ E)fg(x)) > (1-6) and Size(é) K size(0).
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Our method: filter importance
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Our method: filter importance
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Our method: filter importance
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Our method: filter importance
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Our method: filter importance
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Quantifyimportance sf of filter j in layer €

Consider maximum contribution of activation af (x) in
ore-activation zf+1 (x)

£ {
P wia’(x) L :
st ~max max—L=L— ... filter importance for any input
J o xes i ZEYt(x) P yinp

x~D with high probability
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Quantifyimportance sf of filter j in layer €

Consider maximum contribution of activation af (x) in
ore-activation zf+1 (x)

! Wy e importance nput
Sj ~max max A Iter importance for any inpu
x~D with high probability

Provable Prune step:
keepfilter j in layer € with probability pf~ s
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Our method: filter importance
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Our method: budget allocation
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Theorem: Relative error € = f(m?) in layer € depends
on number of samples m?

Pruned size size(8) = g(m?,...,mb)

ml

Allocate budget B:

..., mk' = argmin max et(m?)

s.t. size(8) = g(m?,...,m") < B

Solve efficiently via binary search
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-llter compression bounds

For a given network fg (x) with parameters 8 and €,6 € (0, 1), PFP generates a compressed, dense
reparameterization 8 (i.e. with less filters) such that P,-p ( fa(x) e (1 xe)fy (x)) >(1-6) and

2 (A2 o 100"
the number of filters is bounded by O (ng‘:lL (&) 5 og /5>

€2

St := “sum of sensitivities” A¢ == “Propagation Complexity”
. Sl=Y.sf Ensures desired relative error within
A layer

Quantifies “spread” of importance Considers propagation of error
within a layer across layers
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Results: prune-only
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Results: budget allocation

vggl6, BN, CIFAR10

_________

224 x224x3 224x224x64
l , 112 x 112 x 128
lh { // 56x56t25268 o1 7x7x512
X X
14 x 14 x 512 1x1x4096 1x 1 x 1000
1)y G
/

/

--- Fixed Prune Ratio /
— Qurs

=
u

=
o

=) convolution+ReLU
max pooling
fully nected+RelLU
softmax

Percentage of Total Budget

o

2 4 6 8 10 12 14
Layer Index

(@) VGGI6 architecture (b) Budget Allocation for VGG16

Early layers are over-sampled
- small filters, large images

Middle layers are under-sampled
- large filters, small images

Last layer s over-sampled
- classification layer!
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Training

Results: iterative pruning

Prune filters
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Results: iterative pruning

resnet56, CIFAR10
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More results in the paper
including ImageNet
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