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ImageNet Challenge

Figure: ImageNet Challenge
WrisT
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ImageNet Challenge
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ImageNet Challenge2|
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Accuracy

Memory Footprint
Parameters
Operations Count
Inference Time

Power Consumption
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Operations Count

Operation Per second (OPs)

OPs := # of Operations / second
GOPs := Giga OPs = OPs x10°
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AlexNet [KSH17]

batch normalized AlexNet

batch normalized Network in Network [LCY14]
ENet [PCKC16]

GoogleNet [SLJT14]

VGG-16 and -19 [SZ15]

ResNet-18, -34, -50, -101 and -152 [HZRS15]
Inception-v3 [SVIT15]

Inception-v4 [SIVA16]
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Figure: AlexNet S Al J17 [KSH17]
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Network In Network

(a) Linear convolution layer (b) Mlpconv layer

Figure: Linear Convolution Layer vs Mlpconv layer [LCY14]
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Network In Network

Figure: Network in Network ZA| /2= [LCY14]
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l 343, stride 2 ‘ l MaxPooling |
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Figure: ENet 7t Z&= [PCKC16]
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GoogleNet

=] L=

Filter ‘concatenation
concatenation

55 ¢ ‘ 3x3 max pooling

S x1 convolutions T
o
(a) Inception module, naive version (b) Inception module with dimension reductions

Figure: GoogleNet 2 EE [SLJT14]
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GoogleNet (a.k.a. Inception v1)

Figure: GooglLeNet MX|| = [SLJT14]
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et
ConvNet Configuraiion

A-LEN B | D E
T weight TTweight | 13 weight | T6 weight 16 weight | 19 weight
layers layers layers layers layers layers
Taput (224 < 224 RGB image)
conv3-64 conv3-64 comvi-64 conv3-64 conv3-64 conv3-64
| LRN conv3-64 conv3-64 conv3-64 ‘ conv3-64
maxpool
comv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
| conv3-128 | comv3-128 | conv3-12% ‘
maxpool
comv3-256 | comv3-256 | convi-256 | comv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-236 | conv3-2136
convl-256 | conv3-256
conv3-256
maxpool
comv3-312 | comv3-312 | conv3-312 | conv3-512 | comv3-312 | conv3-312
conv3-312 | conv3-512 | conv3-312 | conv3-512 | comv3-512 | conv3-312
convl-512 | conv3-512 | conv3-512
conv3-512
maxpool
conv3-312 | conv3-312 | conv3d-312 | conv3-512 | comv3-3512 | conv3-312
conv3-312 | conv3-512 | conv3-312 | conv3-512 | comv3-512 | conv3-312
convl-512 | conv3-512 | convi-512
conv3-512
maxpool
FC-30596
FC-409
FC-1000
soft-max

Figure: VGGNet A 72X [SZ15]

Pratical DNN

UnisT




X
identity

Fix)+x 'E

k relu

Figure: Residual Block [HZRS15]
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layer name

| Sil-layer | 100 -layer

152 Jayer

cany |

77, 64, stride 2

et

=3 max pool, stride 2

. 1 1=1,64 1<1, 64
. ] I3 64 | =1 3x3, 64
=1, 256 1, 256
5 l=1, I28 1, 128
convl_x 5 2 wdl 3x3, 128 4 =3, 128
' 2 1,512
L]
convd x 2 o1 x3, 156 | x6
11, 1024 |
ol 1=1,512
conyi.x ] Fx 2 3 Ex3, 512 3, 512
1xl, W48 | 11, 2048 I, 2048
average pool, 10k fc, sofimax
FLOPs [ 38x 1P | T 107 11.3x 107

: ResNet AA| F£ = [HZRS15]
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@ Torch7 with cuDNN-v5 and CUDA-v8 backend

@ Experiment on JetPack-2.3 NVIDIA Jetson TX1 board: 64-bit ARM
A57 CPU, a 1 T-Flop/s 256-core NVIDIA Maxwell GPU and 4GB
shared RAM

@ Measuring power consumtion by Keysight MSO-X 2024A 200MHz
digital oscilloscope
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Figure: Model / Accuracy [CPC17]
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Inference Time
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Figure: Batch Size / Inference Time [CPC17]
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et power consumptian [W]
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Figure: Batch Size / Power [CPC17]
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Maximum net memaory utilisation [MB]
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Figure: Batch Size / Memory [CPC17]
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Figure: Parameters / Memory [CPC17]
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Operations

Batch of 1 image Batch of 16 images
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Figure: Inference Time / Operations Left: batch size 1 Right: batch size 16
[CPC1T7]
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Operations and Power

Batch of 1 image Batch of 16 images
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Figure: Power / Operations Left: batch size 1 Right: batch size 16 [CPC17]
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Accuracy and Throughput

Batch of 1 image Batch of 16 images
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Figure: Inference per Second / Operations Left: batch size 1 Right: batch size 16
[CPC1T7]

UrisT

Yunpyo An (UNIST) Pratical DNN




Parameters Utilization

Top-1 accuracy density [%/M-Params]
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Figure: Accuracy per Parameter Left: batch size 1 Right: batch size 16 [CPC17]
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Conclusion
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