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HRNet(High-Resoultion Net)
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contains four stages with

four parallel subnetworks
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N = Nay = Ngp = |[Na
Ny Nog = Ny — 42

N Nzz  — | Nas

N [ NVas

big net HRNet-W48
small net HRNet-W32

32 and 48 represent the NUM_CHANNELS of the high-resolution subnetworks
in last three stages, respectively.

The widths of other three parallel subnetworks :
64; 128; 256 for HRNet-W32,
96; 192; 384 for HRNet-W48.
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HRNetV2
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Small HRNet

* https://github.com/HRNet/HRNet-Semantic-Segmentation
* It simply reduces the depth and the width of the original HRNet.
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ShuffleNet

. ShuffleNet: An Extremely Efficient Convolutional Neural Network for Mobile Devices
. Face++ CVPR 2017
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ShuffleNetV2

. ShuffleNet V2: Practical Guidelines for Efficient CNN Architecture Design
. Face++ & iK% ECCV 2018
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DWConv: depthwise convolution (a) (b)
Gconv: group convolution for spatial down for spatial down
sampling (2 X) sampling (2 X)

(c) (d)
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DWConv: depthwise convolution (a) (b) (c) (d)
Gconv: group convolution for spatial down for spatial down
sampling (2 X) sampling (2 X)



ShuffleNetV2

ShuffleNet V2: Practical Guidelines for Efficient CNN Architecture Design
Face++ & il f K% ECCV 2018
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ShuffleNetV2

. ShuffleNet V2: Practical Guidelines for Efficient CNN Architecture Design
. Face++ & iK% ECCV 2018
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Gconv: group convolution for spatial down for spatial down
sampling (2 X) sampling (2 X)



ShuffleNetV2

. ShuffleNet V2: Practical Guidelines for Efficient CNN Architecture Design
. Face++ & iK% ECCV 2018
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* 3. channel shuffle

DWConv: depthwise convolution (a) (b) (c) (d)
Gconv: group convolution for spatial down for spatial down
sampling (2 X) sampling (2 X)



ShuffleNetV2

. ShuffleNet V2: Practical Guidelines for Efficient CNN Architecture Design
. Face++ & iK% ECCV 2018
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. ShuffleNet V2: Practical Guidelines for Efficient CNN Architecture Design
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Naive Lite-HRNet

We adopt the shuffle block to replace the second 3 X 3 convolution in the stem of Small HRNet ,

and replace all the normal residual blocks

The normal convolutions in the multi-resolution fusion are replaced by the separable convolutions

( Xception)

layer output size Small HRNet | Naive Lite-HRNet ~ resolution branch
image 256 x 256 1%
i ) conv2d conv2d 2
stem 64 x 64 | r——
conv2d shuffle block 4x
residual block shuffle block 4x 8x
stagea 64 x 64 - ——
fusion block fusion block 4x 8x
esidual block shuffle block 4x 8x 16x
stages 64 x 64 —_
fusion block fusion block 4x 8% 16x
esidual block shuffle block 4x 8x 16x 32x
stagey 64 x 64 _—
fusion block fusion block 4x 8x 16x 32X
FLOPs

#Params




Naive Lite-HRNet

*  We adopt the shuffle block to replace the second 3 X 3 convolution in the stem of Small HRNet ,
and replace all the normal residual blocks .

* The normal convolutions in the multi-resolution fusion are replaced by the separable
convolutions ( Xception)

Figure 4. An “extreme” version of our Inception module, with one
spatial convolution per output channel of the 1x1 convolution.
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Lite-HRNet
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Lite-HRNet
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conditional channel weighting
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conditional channel weighting

H: Cross-resolution Weight Computation b
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channel weighting
|

e s-th stage has s parallel resolutions and s weight maps Wi, Wa,..., W,



conditional channel weighting

H: Cross-resolution Weight Computation b

(WIEWZ"-'HWS}=HS(X1?X2?"'!X.‘:‘)1 - - ‘
channel weighting
|

e s-th stage has s parallel resolutions and s weight maps Wi, Wa,..., W,

+ {Xy,Xs,...,X, 1} —>adaptive average pooling (AAP) —> {X},X),..., X;‘_l}

X] = AAP(X;),X; = AAP (X3), ..., X, = AAP (X;1) »
outputsize: W, x H..



conditional channel weighting

H: Cross-resolution Weight Computation b
(W1, Wa, ... W) = Hy (X1, Xz, ..., Xs), e
channel weighting

|

e s-th stage has s parallel resolutions and s weight maps Wi, Wa,..., W,

+ {Xy,Xs,...,X, 1} —>adaptive average pooling (AAP) —> {X},X),..., X;‘_l}

X] = AAP(X;),X; = AAP (X3), ..., X, = AAP (X;1) »
outputsize: W, x H..

concate [)(’1,)(_5__ . ,}(;‘_1} and X, together, (X1,X5,...,Xs) = Conv. = ReLU — Conv. — sigmoid
— (Wi, W5, ..., W2). (4)

'

— upsampled to the corresponding resolutions,



conditional channel weighting

F: Spatial Weighting Computation

w, = F; {Xej

* GAP(global average pooling ) + FC + RelLU +
FC + sigmoid

e Gathering the spatial information from all
the positions
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Conditional Channel Weighting

o I COWAR B A LAY X1 45 1 155 75 5K

model single-resolution cross-resolution Theory Complexity Example FLOPs
1 x 1 convolution v AN 12.5M
3 x 3 depthwise convolution Y1 9N.C; 2.IM
CCW w/ spatial weights v 371 (2C2 + N,Cs) 0.25M
CCW w/ multi-resolution weights v 2(323Cs)2 + 31 NCs 0.26M
CCW s & 2(3°3Cs)? + 235 (C? + N,Cs) 0.51M




Lite-HRNetZ #)

#modules
layer output size operator resolution branch #output_channels repeat moces
Lite-HRNet-18 Lite-HRNet-30
image 256 x 256 1x 3
2d 2 32 1
stem 64x 64 | X I !
shuffle block 4x 32 1
block 4x 8x 40, 80 2
stageo 64 x 64 cow ooe 2 3
fusion block 4x 8% 40, 80 1
ccw block 4x 8% 16x 40, 80, 160 2
stages 64 x 64 4 8
fusion block 4x 8% 16x 40, 80, 160 |
cew block 4% 8x 16 32x 40, 80, 160, 320 2
stages 64 x 64 2 3
fusion block 4x 8x 16 32x 40, 80, 160, 320 |
FLOPs 273.4M 425.3M
#Params 1.IM 1.8M




Table 4. Comparisons on the COCO test—dev set. #Params and FLOPs are calculated for the pose estimation network, and those for
human detection and keypoint grouping are not included.

model backbone input size | #Params | GFLOPs | AP AP0  AP™ APM  APL AR
Mask-RCNN [14] ResNet-50-FPN - - - 63.1 |87.3 687 578 714 -
G-RMI [33] ResNet-101 353 x 257 42.6M 57.0 649 |8.5 713 623 70.0 69.7
Integral Pose Regression [38] | ResNet-101 256 x 256 45.0M 11.0 67.8 | 882 748 63.9 74.0 -
CPN [7] ResNet-Inception | 384 x 288 - - 721 914  80.0 68.7 T7.2 785
RMPE [13] PyraNet [49] 320 x 256 28.1M 26.7 723 892 T79.1  68.0 786 -
SimpleBaseline [46) ResNet-152 384 x 288 68.6M 35.6 73.7 919 811 703 80.0 79.0
HRNetV1 [41] HRNetV1-W32 | 384 x 288 28.5M 16.0 749 925 828 7.3  80.9 80.
HRNetV1 [41] HRNetV1-W48 | 384 x 288 63.6M 32.9 755 925 833 719 815 805
DARK [55] HRNetV1-W48 | 384 x 288 63.6M 32.9 762 925 836 725 824 811
MobileNetV2 1x MobileNetV2 384 x 288 9.8M 3.33 668 900 740 626 733 723
ShuffleNetV2 1x ShuffleNetV2 384 x 288 7.6M 2.87 629 885 694 589 693 689
Small HRNet HRNet-W16 384 x 288 1.3M 2l 552 858 614 517 612 615
Lite-HRNet Lite-HRNet-18 384 x 288 1.1M 0.45 669 894 744 640 722 726
Lite-HRNet Lite-HRNet-30 384 x 288 1.8M 0.70 69.7 | 907 7715 669 750 754




Table 5. Comparisons on the MPII val set. The FLOPs is com-

puted with the input size 256 x 256.

maodel #Params GFLOPs PCKh
MobileNetV2 1 x 9.6M 1.97 854
MobileNetV3 [ x 8.7 1.82 84.3
ShuffleNetV2 1 x 7.6M 1.70 32.8
Small HRNet-W16 1.3M 0.72 80.2
Lite-HRNet-18 1.1M 0.27 36.1
Lite-HRNet-30 1.8M 0.42

Table 8. Segmentation results on Cityscapes. P = pretrain the

backbone on ImageNet.
from the original paper.

" indicates the complexity is estimated

model |P ‘#Params GFLOPs| resolution | val test
Hand-crafted networks
ICNet [59] Y - 28.3 |1024 x 2048|67.7 69.5
BiSeNetV1 A [53] Y| 5.8M 14.8 768 x 1536 |69.0 68.4
BiSeNetV1 B [53] Y| 49.0M 55.3 T68 x 1536 |74.8 T74.7
DFANet A’ [23] Y| T7.8M 17 512 x 1024 | — 70.3
SwiftNet [32] Y| 11.8M 26.0 512 x 1024 |70.2 —
SwiftNet [32] Y| 11.8M 104 1024 x 2048|75.4 75.5
Fast-SCNN [35] N - - 1024 x 2048 |68.6 6R.0
ShelfNet [62] Y - 36.9  |1024 x 2048 — 74.8
BiSeNetV2 Small [50] [N - 21.15 | 512 x 1024 |73.4 72.6
MoibleNeXt [12] Y| 4.5M 10.1% 1024 x 2048|755 —
MobileNet V2 (0.5 [36]|Y| 0.3M 3.73 512 x 1024 |68.6 —
HRNet-W16 [41] Y| 2.0M 7.8 512 x 1024 |68.6 —
NAS-based networks
CAS [58] Y - - T68 x 1536 |71.6 70.5
DF1-Seg-d8 [24] Y - - 1024 x 2048|72.4 71.4
FasterSeg [4] Y| 4.4M 28.2  |1024 x 2048|73.1 71.5
GAS [25] Y - - 760 x 1537 | — 718
MobileNetV3 [16] Y| 1.5M 9.1 1024 x 2048|72.4 72.6
MobileNet V3-Small |Y| 0.5M 27 512 x 1024 |68.4 69.4
Lite-HRNet-18 N| 1.1M 1.95 512x1024 |73.8 728
Lite-HRNet-30 N| [L.8M 3.02 512x 1024 [76.0 753
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