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Motivation

* What is the goal of this work?

* We study how to set the number of channels in a neural network to achieve better
accuracy under constrained resources (e.g., FLOPs, latency, memory footprint or
model size).

* Why do we want to search #channels in a network?

* The most common constraints, 1.e., latency, FLOPs and runtime memory footprint,
are all bound to the number of channels.

* Despite 1ts importance, the number of channels has been chosen mostly based on
heuristics in previous methods.



Related Work

* Previous Methods for Setting #Channels

* Heuristics
* Network Pruning Methods
* Neural Architecture Search (NAS) Methods based on Reinforcement Learning (RL)

 Limitation of Previous Methods

* Training inside the Loop (training repeatedly): slow and inefficient
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AutoSlhim

: Decide which layer to slim by simple feed-forward

evaluation on validation set.
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tayer index

AutoShim Examples

AutoSlimming ResNet-50

AutoSlimming MobileNet v1

w Autoslim-ResNet-50, FLOPs: 4,083,631,328
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- AutoSlim-MobileNet-vl, FLOPs: 681,779,552
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AutoSlimming MobileNet v2

#mn AutoSlim-MobileNet-v2, FLOPs: 672,926,784
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AutoSlimming MNasNet

¥ AutoSlim-MNasNet, FLOPs: 702,397,344
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ImageNet Classification Results

Group Model Parameters Memory CPU Latency FLOPs Top-1 Eir. (gain)
ShuffleNet v1 1.0x 1.8M 4.9M 46ms 138M  32.6 : :
ShuffleNet v2 1.0x - - - 146M 306 ¢ nghhghts (under same FLOPS)
MobileNet v1 0.5x 1.3M 3.8M 33ms 150M  36.7
MobileNet v2 0.75x 2.6M 8.5M 71lms 209M  30.2 . . 0 0

200M FLOPs  AMC-MobileNet v2 23M  73M 6ms  21IM  29.2 (1) e AutoSlim-MobileNet-v2: 2.2% T, even 0.2% T
MNasNet 0.75x 3.1M 7.9M 65ms 216M  28.5
AutoSl%m—M()b%leNet vl 1.9M 4.2M 33ms 150M  32.1 (4.6 than MNaSNet ( IOOX larger SearCh COSt).
AutoSlim-MobileNet v2 4.1M 9.1M 70ms 207M 27.0 (3.9)
AutoSlim-MNasNet 4.0M 7.5M 62ms 217T™M 26.8 (1.7)
ShuffeNet v11.5< BN SO Gms 2020 285 * AutoSlim-ResNet-50: without depthwise-cony;
ShuffleNet v2 1.5x - - - 299M 274 )
MobileNet v1 0.75x 2.6M 6.4M 48ms 325M  31.6

MobileNet v2 1.0x 3.5M 10.2M 8lms  300M 28.2 1 3% better than MobﬂeNet_V 1 .

300M FLOPs NetAdapt-MobileNet v1 - - - 285M 29.9 (1.7)
AMC-MobileNet v1 1.8M 5.6M 46ms 285M 29.5 (2.1)

MNasNet 1.0x 4.3M 9.8M 76ms 317TM  26.0 Py C .
ode and Pretrained Models:

AutoSlim-MobileNet v1 4.0M 6.8M 43ms 3256M 285 (3.1)

AutoSlim-MobileNet v2 5.7M 10.9M 77ms 305M  25.8 (9.4

AutoSlim-MNasNet 6.0M 10.3M 71ms 315M 25.4 (g.6)

ShuffleNet v1 2.0x 5.4M 11.6M 92ms 524M  26.3

ShuffleNet v2 2.0x - - - 591M  25.1

MobileNet v1 1.0x 4.2M 9.3M 64ms 569M  29.1

MobileNet v2 1.3x 5.3M 14.3M 106ms 509M  25.6

MNasNet 1.3x 6.8M 14.2M 95ms 535M  24.5
500M FLOPs AutoSlim-MobileNet v1 4.6M 9.5M 66ms  572M 27.0 (o)

AutoSlim-MobileNet v2 6.5M 14.8M 103ms 505M  24.6 (1.0)

AutoSlim-MNasNet 8.3M 14.2M 95ms 532M  24.5

ResNet-50 25.5M 36.6M 197ms 4.1G 239

ResNet-50 0.75x 14.7M 23.1M 133ms 2.3G  25.1

ResNet-50 0.5x 6.8M 12.5M 81ms 1.1G  27.9

ResNet-50 0.25x 1.9M 4.8M 44ms 278M  35.0 . . . .

e ReNer o0 Vi T e ] - - T https://github.com/JiahuiYu/slimmable networks
Heavy Models 23.1M  32.3M 165ms  3.0G  24.0

20.6M 27.6M 133ms 2.0G 244

13.3M 18.2M 91ms 1.0G  26.0
7.4M 11.5M 69ms 570M  27.8 a n S
[ ]

ImageNet classification results with various network architectures. Blue indi-

AutoSlim-ResNet-50

cates the network pruning methods, Cvan indicates the network architecture 6

search methods and Red indicates our results using AutoShm.
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