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Convolutional neural networks are good at representation learning

Image Object Semantic Face Pose
classification detection segmentation alignment estimation



Neural architecture design

deeper = wider - f1 ner

Deeper - more layers

Finer -
higher resolutio

Wider - more channels

New dimension: go finer towards higiiesolution representation learning



Low-resolution representation learning

Connect multi-resolution convolutions in series
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Low resolution
IS enough

image recog. region-levelrecog. pixeklevelrecog.
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global position -sensitive




Human pose estimation




Human pose estimation




Low resolution

: The high-resolution representation is needed
IS enough

image recog. region-levelrecog. pixeklevelrecog.
—

global position -sensitive
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High-resolution representation learning

Previous solutions
 Based on low-resolutionrepresentations from classification networks
C Recoverhigh resolution from low resolution

____________________________________________

Hourglass, UNet, Encoderdecoder,DeconvNet SimpleBaselineetc
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High-resolution representation learning

Previous solutions

 Based on low-resolutionrepresentations from classification networks
C Recoverhigh resolution from low resolution

O Drawback: representations are weak due to locationsensitivity loss

Hourglass, UNet, Encoderdecoder,DeconvNet SimpleBaselineetc



Our work: High-resolution networks (HRNet)

Learn highresolution representations through high resolution
maintenance rather than recovering

Ke Sun, Bin Xiao, Dong Liu, Jingdong Wang: Deep HR&solution Representation Learning for Human Pose Estimation. CVPR 2019
Ke Sun, Yang Zhao, Borui Jiang, Tianheng Cheng, Bin Xiao, DongadongMu, Xinggang Wang, Wenyu Liu, Jingdong Wang: Hidgtesolution

Representation Learning for labeling pixels and regions
Jingdong Wang, Ke Sun, Tianheng Cheng, Borui Jiang, Chaorui Deng, Yang Zhao, DontatlengMu, Mingkui Tan, Xinggang Wang, Wenyu Liu, and Bin 15

Xiao: Deep HighResolution Representation Learning for Visual Recognition (submitted to TPAMI)



Previous classification networks

Connect multi-resolution convolutions in series
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HRNet: high-resolution representation learning

High-resolution networks (HRNet): Connect multi-resolution convolutions in parallel
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HRNet: high-resolution representation learning

High-resolution networks (HRNet): Connect multi-resolution convolutions in parallel
with repeated fusions

down
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Across-resolution fusion
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Down-sample: stride — 2 3 x 3
Up-sample: bilinear + 1 X 1
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Fundamental architecture changes

parallel

« Connect high-to-low resolution convolutions insettes
Maintain through the whole process

A Reeevehigh-resolution representations-frem-tew-reselutionrepresentations

A Repeat fusions across resolutions to strengthen higdlow-resolution
representations

HRNet can learn high-resolution strong representations
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HRNet instantiation
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Image
classification

Visual recognition applications

Object Semantic Face
detection segmentation alignment

Pose
estimation
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Human pose estimation
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HRNetV1
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Datasets and evaluation

Datasets training validation testing Evaluation

COCO 2017 57K 5000 images 20K AP@OKS
MPII 13K 12k PCKh

PoseTrack 292 videos 50 208 MAPMOTA

COCO:http://cocodataset.org/#keypoints -eval
MPII http://human -pose.mpi-inf.mpg.de/
PoseTrackhttps://posetrack.net/
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COCO validation

Method Backbone Pretrain|Input sizq #Paramg GFLOPs| AP 0 10 o o0 AR
8-stage Hourglass3f] | 8-stage Hourglass N 256x192| 25.1M 14.3 66.9 - - - - -
CPN [1]] ResNet50 Y 256x192| 27.0M 6.2 68.6 - - - - -
CPN+OHKM [11]] ResNet50 Y 256x192| 27.0M 6.2 69.4 - - - - -
SimpleBaselingtt] |ResNetb0 Y 256x192| 24.0M 8.9 70.4 88.6 78.3 67.1 77.2 76.3
SimpleBaselingt6] |ResNetl01 Y 256x 192| 50.3M 12.4 71.4 89.3 79.3 68.1 78.1 77.1
HRNetW32 HRNetW32 N 256x 192| 28.5M 7.1 73.4 89.5 80.7 70.2 80.1 78.9
HRNetW32 HRNetW32 Y 256x 192| 28.5M 7.1 74.4 90.5 81.9 70.8 81.0 79.8
SimpleBaseling66] |ResNetl52 Y 256x 192| 68.6M 15.7 72.0 89.3 79.8 68.7 78.9 77.8
HRNetW48 HRNetW48 Y 256x 192| 63.6M 14.6 75.1 90.6 82.2 71.5 81.8 80.4
SimpleBaselingt6] |ResNetl52 Y 384x 288| 68.6M 35.6 74.3 89.6 81.1 70.5 79.7 79.7
HRNetW32 HRNetW32 Y 384x 288| 28.5M 16.0 75.8 90.6 82.7 71.9 82.8 81.0
HRNetW48 HRNetW48 Y 384%x 288| 63.6M 32.9 76.3 90.8 82.9 72.3 83.4 81.2

27



COCO test-dev

method Backbone Input size | #Params | GFLOPs | AP AP AP’> APM APL AR
Bottomup: keypointdetection and grouping
OpenPosé§s], CMU - - - - 61.8 849 675 57.1 682 66.5
AssociativeEmbedding $9 - - - - 65.5 86.8 723 60.6 726 70.2
PersonLalj46], Google - - - - 68.7 89.0 754 64.1 755 754
MultiPoseNe{37] - - - - 69.6 86.3 76.6 650 76.3 735
Top-down: humardetection and singipersorkeypointdetection
Mask-RCNN [21], Facebook ResNet50-FPN - - - 63.1 87.3 68.7 578 714 -
G-RMI [47] ResNet101 353 257 42.0M 57.0 649 855 713 623 70.0 69.7
IntegralPose Regressidia(] ResNetl101 250 256 45.0M 11.0 67.8 88.2 748 639 74.0 -
G-RMI + extra data47] ResNet101 353 257 42.6M 57.0 68.5 87.1 755 658 733 733
CPN [L1], Face++ ResNetlnception 384 288 - - 72.1 914 80.0 687 77.2 785
RMPE [17] PyraNet [ 7] 320 256 28.1M 26.7 723 89.2 79.1 68.0 786 -
CFN [25], - - - - 726 86.1 69.7 783 641 -
CPN (ensemble)lfl], Face++ ResNetlnception 384 288 - - 73.0 91.7 809 695 781 79.0
SimpleBaseling¢/”], Microsoft ResNetl152 384 288 68.6M 35.6 73.7 919 811 70.3 80.0 79.0
HRNetW32 HRNetW32 384 288 28.5M 16.0 749 925 828 713 809 80.1
HRNetW48 HRNetW48 384 288 63.6M 32.9 755 925 833 719 815 805
HRNetW48 + extradata HRNetW48 384 288 63.6M 32.9 77.0 927 845 734 831 820

28



PoseTrack2017: multi-person pose estimation & tracking
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PoseTrackieaderboard

Multi -Frame Person Pose Estimation Multi -Person Pose Tracking

Mo.  Entry Additional Training Data wrists AP ankles AP total AP MNo. Entry Additional Training Data wrists AP ankles AP  total AP  total MOTA

1 HRMet + COCO 72.04 66.96 7495 1 HRMet + COCO 72.04 66.96 74.95 57.93

2 FlowTrack + COCO 71.52 65.69 7457 2 FlowTrack + COCO 71.52 65.69 T74.57 57.81

3 STAF + MPIl Pose + COCO 65.02 60.72 70.28 3 MIPAL + COCO 60.94 56.04 68.78 54.46

4 HMPT + MPIl Pose + COCO 60.99 60.11 63.73 4 STAF + MPII Pose + COCO 65.02 60.72 70.28 53.81

9 MVIG + MPII Pose + COCO 99.37 98.13 63.23 5 JointFlow + COCO 53.09 50.44 63.55 53.07

G PoseFlow + MPII Pose + COCO 599.03 o7.90 62.95 G HMPT + MPII Pose + COCO 50.99 60.11 63.73 51.89

T BUTD2 + MPIl Pose + COCO 592.92 42.65 29.16 7 ProTracker + COCO 51.50 5017 59.56 51.82

8 MPR + COCO 52.29 49.47 97.55 8 PoseFlow + MPII Pose + COCO 59.03 57.90 62.95 50.986

9 IC_IBUG + MPII Pose + COCO 35.21 32.59 47.56 g MVIG + MPII Pose + COCO 59.37 5813 63.23 50.79

10 BUTD2 + MPIl Pose + COCO 52.92 42.65 29.16 20.58

11 Trackend + COCO 49.83 47.71 57.76 4939

12 PoseTrack + COCO 54.26 48.21 99.22 48.37

httDS//DosetraCknetlleaderboardth 13 SOPT-PT + MPII Pose + COCO 50.20 46.59 28.19 41.95

by Feb. 28, 2019 14 ML_Lab + MPII Pose + COCO 63.40 56.11 70.33 41.77

15 ICG - 42.87 39.18 2117 31.97

16 IC_IBUG + MPIl Pose + COCO 35.21 32.58 47.56 -190.05



https://posetrack.net/leaderboard.php

Ablation study: repeated across-resolution fusion

Method Finalexchange Int. exchangeacross| Int. exchange within] AP
(@) v 70.8
(b) \ \% 71.9
(c) V V v 73.4

COCO, train from scratch
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Ablation study: high- and low-resolution representations

BN 1x BN 2x w4
804 74.40 75.10

HRNet-W32 HRNet-W48

COCO, train from scratch
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Semantic segmentation
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HRNetV?2
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Datasets and evaluation

Datasets training validation testing #classes Evaluation
Cityscapes 2975 500 1525 19+1 mloU
PASCAL context 4998 5105 99+1 mloU
LIP 30462 10000 19+1 mloU
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Cityscapes validation

backbone #Params. GFLOPs mloU
U-Net++ [130] ResNet101 59.5M 748.5 75.5
DeepLabv3 [4], Google Dilated-resNet101 58.0M 1778.7 78.5
DeepLabv3+ 16], Google | Dilted-Xception71 43.5M 1444.6 79.6
PSPNef123, SenseTime | DilatedResNet101 65.9M 2017.6 79.7
Our approach HRNetV2-W40 45.2M 493.2 80.2
Our approach HRNetV2-W48 65.9M 747.3 81.1




Cityscapes test

backbone mloU iloU cat. IoU cat. iloU cat.

Model learned on theain+valid set

GridNet[13(] - 69.5 44.1 87.9 71.1
LRR-4x [33] - 69.7 48.0 88.2 74.7
DeepLab[13], Google Dilated-ResNet101 70.4 42.6 86.4 67.7
LC [54] - 71.1 - - -
Piecewise §0] VGG-16 71.6 51.7 87.3 74.1
FRRN [77] - 71.8 45.5 88.9 75.1
RefineNet[59)] ResNet101 73.6 47.2 87.9 70.6
PEARL [47] Dilated-ResNet101 75.4 51.6 89.2 75.1
DSSPN (9] DilatedResNet101 76.6 56.2 89.6 77.8
LKM [ 75] ResNet152 76.9 - - -
DUC-HDC [97] - 77.6 53.6 90.1 75.2
SAC [117] Dilated-ResNet101 78.1 - - -
DepthSed46] Dilated-ResNet101 78.2 - - -
ResNet38 107]] WResNet38 78.4 59.1 90.9 78.1
BiSeNet[11]] ResNet101 78.9 - - -
DFN [117] ResNet101 79.3 - - -
PSANet[125, SenseTime Dilated-ResNet101 80.1 - - -
PADNet[106 DilatedResNet101 80.3 58.8 90.8 78.5
DenseASPRP124 WDenseNetl61 80.6 59.1 90.9 78.1
Our approach HRNetV2w48 81.6 61.8 92.1 82.2
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PASCAL context

backbone mloU mloU
(59classes) (60classes)

FCN-8s [86] VGG-16 - 35.1
BoxSup[20] - - 40.5
HO_CRF[I] - - 41.3
Piecewise 0] VGG-16 - 43.3
DeeplLabv2 3], Google | DilatedResNet101 - 45.7
RefineNef59] ResNetl52 - 47.3
U-Net++ [13(] ResNet101 47.7 -
PSPNef{123, SenseTimeg| DilatedResNet101 47.8 -
Ding etal.[23] ResNet101 51.6 -
EncNet[114] DilatedrResNet101 52.6 -
Our approach HRNetV2W48 54.0 48.3
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LIP

backbone extra | pixelacc. avg. acc. mloU
Attention+SSL{34] VGG-16 Pose 84.36 54.94 44.73
DeeplLalv2 [16], Google | DilatedResNet101 - 84.09 55.62 44.80
MMAN][ 67] Dilated-ResNet101 - - - 46.81
SSNAN [125 ResNet101 Pose 87.59 56.03 47.92
MuLA [72] Hourglass Pose 88.50 60.50 49.30
JPPNef{57] DilatedResNet101 Pose 86.39 62.32 51.37
CE2P B9 Dilated-ResNet101 Edge 87.37 63.20 53.10
Our approach HRNetV2-\W48 N 88.21 67.43 55.90
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Image
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Visual recognition applications

Object Semantic
detection segmentation

Pose
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HRNetV2h
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Single model single sca

backbone Size LS o 10 10 10 10 1o
DFPR[47] ResNet101 512 p 34.6 54.3 37.3 - - -
PFPNef45] VGG16 512 - 35.2 57.6 37.9 18.7 38.6 45.9
RefineDet[118 ResNet101-FPN 512 - 36.4 57.5 39.5 16.6 39.9 51.4
RelationNef40] ResNet101 600 - 39.0 58.6 42.9 - - -
C-FRCNN|[18] ResNet101 800 p 39.0 59.7 42.8 194 42.4 53.0
RetinaNef62] ResNet101-FPN 800 pd 39.1 59.1 42.3 21.8 42.7 50.2
DeepRegionlet§ 107 | ResNetl01 800 PR 39.3 59.8 - 21.7 43.7 50.9
FitnessNMJ 94] ResNet101 768 39.5 58.0 42.6 18.9 43.5 541
DetNet[56] DetNet59-FPN 800 q 40.3 62.1 43.8 23.6 42.6 50.0
CornerNetf51] Hourglass104 511 40.5 56.5 43.1 194 42.7 53.9
M2Det[126] VGG16 800 Dpm 41.0 59.7 45.0 221 46.5 53.8
Faster RCNN [61] ResNet101-FPN 800 p 39.3 61.3 42.7 221 42.1 49.7
Faster RCNN HRNetV2pW32 800 p 39.5 61.2 43.0 23.3 41.7 49.1
Faster RCNN [61] ResNet101-FPN 800 q 40.3 61.8 43.9 22.6 43.1 51.0
Faster RCNN HRNetV2pW32 800 q 41.1 62.3 44.9 24.0 43.1 51.4
Faster RCNN [61] ResNetl52-FPN 800 q 40.6 62.1 44.3 22.6 43.4 52.0
Faster RCNN HRNetV2pW40 800 q 42.1 63.2 46.1 24.6 44.5 52.6
Faster RCNN [11] ResNeXt101-64x4dFPN 800 q 41.1 62.8 44.8 23.5 44.1 52.3
Faster RCNN HRNetV2p\W48 800 q 42.4 63.6 46.4 24.9 44.6 53.0
Cascadd’-CNN [9]* ResNet101-FPN 800 D p&® 42.8 62.1 46.3 23.7 45.5 55.2
Cascade ENN ResNetl01-FPN 800 D p® 43.1 61.7 46.7 24.1 45.9 55.0
Cascade FCNN HRNetV2pW32 800 D p&® 43.7 62.0 47.4 25.5 46.0 55.3
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Mask R-CNN

backbone LS mask bbox
0 10 10 10 0 10 10 1o

ResNet50-FPN P 342 157 36.8 502 | 378 221 409 493
HRNetV2pW18 P 338 156 356 498 | 371 219 395 479
ResNet50-FPN C 350 160 375 520 | 386 21.7 416 50.9
HRNetV2pW18 C 353 169 375 518 | 392 237 417 510
ResNetl01-FPN P 36.1 16.2 39.0 530 400 226 434 523
HRNetV2pW32 P 36.7 173 39.0 530 | 409 245 439 522
ResNetl01-FPN G 36.7 170 395 548 | 410 234 444 53.9
HRNetV2pW32 G 37.6 178 40.0 55.0 | 423 25.0 454 549

More detection and instance segmentation results under FCOS,CenterNet, and

[1] Jingdong Wang, Ke Sun, Tianheng Cheng, Borui Jiang, Chaorui Deng, Yang Zhao, Donigadiaung Mu, Mingkui Tan, Xinggang Wang, Wenyu Liu,
and Bin Xiao: Deep HigtResolution Representation Learning for Visual Recognitioimgs://arxiv.org/abs/1908.079]1 Submitted to TPAMI)

Hybrid Task Cascade are available in [1]
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Visual recognition applications
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HRNets for ImageNet classification
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ImageNet classification

#Params. GFLOPs Top-1 err. Top-5 err.

Residuabranch formed by two o convolutions

ResNet38 28.3M 3.80 24.6% 7.4%
HRNetW18 21.3M 3.99 23.1% 6.5%
ResNet71 48.4M 7.46 23.3% 6.7%
HRNetW30 37.7M 7.55 21.9% 5.9%
ResNetl05 64.9M 111 22.7% 6.4%
HRNetW40 57.6M 11.8 21.1% 5.6%
Residuabranch formed a bottleneck

ResNet50 25.6M 3.82 23.3% 6.6%
HRNetW44 21.9M 3.90 23.0% 6.5%
ResNet101 44.6M 7.30 21.6% 5.8%
HRNetW76 40.8M 7.30 21.5% 5.8%
ResNetl152 60.2M 10.7 21.2% 5.7%
HRNetW96 57.5M 10.2 210% 5.7%

Surprisingly, HRNet performs slightly better than ResNet
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