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Deep High-Resolution Representation Learning
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Abstract—High-resolution representations are essential for position-sensitive vision problems, such as human pose estimation,
semantic segmentation, and object detection. Existing state-of-the-art frameworks first encode the input image as a low-resolution
representation through a subnetwork that is formed by connecting high-to-low resolution convolutions in series (e.g., ResNet,

VGGNet), and then recover the high-resolution representation from the encoded low-resolution representation. Instead, our proposed
network, named as High-Resolution Network (HRNet), maintains high-resolution representations through the whole process. There are
two key characteristics: (i) Connect the high-to-low resolution convolution streams in parallel; (i) Repeatedly exchange the information

across resolutions. The benefit is that the resulting representation is semantically richer and spatially more precise. We show the
superiority of the proposed HRNet in a wide range of applications, including human pose estimation, semantic segmentation, and
object detection, suggesting that the HRNet is a stronger backbone for computer vision problems. All the codes are available

at https://github.com/HRNet.

Index Terms—HRNet, high-resolution representations, low-resolution representations, human pose estimation, semantic

segmentation, object detection.

1 INTRODUCTION

EEP convolutional neural networks (DCNNs) have
Dachieved state-of-the-art results in many computer
vision tasks, such as image classification, object detection,
semantic segmentation, human pose estimation, and so on.
The strength is that DCNNs are able to learn richer repre-
sentations than conventional hand-crafted representations.

Most recently-developed classification networks, in-
cluding AlexNet [77], VGGNet [126], GoogleNet [133],
ResNet [54], etc., follow the design rule of LeNet-5 [81].
The rule is depicted in Figure 1 (a): gradually reduce the
spatial size of the feature maps, connect the convolutions
from high resolution to low resolution in series, and lead to
a low-resolution representation, which is further processed for
classification.

High-resolution representations are needed for position-
sensitive tasks, e.g., semantic segmentation, human pose
estimation, and object detection. The previous state-of-
the-art methods adopt the high-resolution recovery pro-
cess to raise the representation resolution from the low-
resolution representation outputted by a classification or
classification-like network as depicted in Figure 1 (b), e.g.,
Hourglass [105], SegNet [3], DeconvNet [107], U-Net [119],
SimpleBaseline [152], and encoder-decoder [112]. In addi-
tion, dilated convolutions are used to remove some down-
sample layers and thus yield medium-resolution represen-
tations [19], [181].

We present a novel architecture, namely High-Resolution
Net (HRNet), which is able to maintain high-resolution repre-
sentations through the whole process. We start from a high-
resolution convolution stream, gradually add high-to-low
resolution convolution streams one by one, and connect the
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multi-resolution streams in parallel. The resulting network
consists of several (4 in this paper) stages as depicted in Fig-
ure 2, and the nth stage contains n streams corresponding to
n resolutions. We conduct repeated multi-resolution fusions
by exchanging the information across the parallel streams
over and over.

The high-resolution representations learned from HR-
Net are not only semantically strong but also spatially
precise. This comes from two aspects. (i) Our approach
connects high-to-low resolution convolution streams in par-
allel rather than in series. Thus, our approach is able to
maintain the high resolution instead of recovering high
resolution from low resolution, and accordingly the learned
representation is potentially spatially more precise. (ii) Most
existing fusion schemes aggregate high-resolution low-level
and high-level representations obtained by upsampling
low-resolution representations. Instead, we repeat multi-
resolution fusions to boost the high-resolution representa-
tions with the help of the low-resolution representations,
and vice versa. As a result, all the high-to-low resolution
representations are semantically strong.

We present two versions of HRNet. The first one, named
as HRNetV1, only outputs the high-resolution representa-
tion computed from the high-resolution convolution stream.
We apply it to human pose estimation by following the
heatmap estimation framework. We empirically demon-
strate the superior pose estimation performance on the
COCO keypoint detection dataset [94].

The other one, named as HRNetV2, combines the rep-
resentations from all the high-to-low resolution parallel
streams. We apply it to semantic segmentation through
estimating segmentation maps from the combined high-
resolution representation. The proposed approach achieves
state-of-the-art results on PASCAL-Context, Cityscapes, and


https://github.com/HRNet

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, MARCH 2020 2

e

(b)

Fig. 1. The structure of recovering high resolution from low resolution. (a) A low-resolution representation learning subnetwork (such as

VGGNet [126], ResNet [

1), which is formed by connecting high-to-low convolutions in series. (b) A high-resolution representation recovering

subnetwork, which is formed by connecting low-to-high convolutions in series. Representative examples include SegNet [3], DeconvNet [107],

U-Net [119] and Hourglass [105], encoder-decoder [
LIP with similar model sizes and lower computation com-
plexity. We observe similar performance for HRNetV1 and
HRNetV2 over COCO pose estimation, and the superiority
of HRNetV2 to HRNetl in semantic segmentation.

In addition, we construct a multi-level representation,
named as HRNetV2p, from the high-resolution representa-
tion output from HRNetV2, and apply it to state-of-the-art
detection frameworks, including Faster R-CNN, Cascade R-
CNN [12], FCOS [136], and CenterNet [36], and state-of-the-
art joint detection and instance segmentation frameworks,
including Mask R-CNN [53], Cascade Mask R-CNN, and
Hybrid Task Cascade [16]. The results show that our method
gets detection performance improvement and in particular
dramatic improvement for small objects.

2 RELATED WORK

We review closely-related representation learning tech-
niques developed mainly for human pose estimation [57],
semantic segmentation and object detection, from three
aspects: low-resolution representation learning, high-
resolution representation recovering, and high-resolution
representation maintaining. Besides, we mention about
some works related to multi-scale fusion.

Learning low-resolution representations. The fully-
convolutional network approaches [99], [124] compute low-
resolution representations by removing the fully-connected
layers in a classification network, and estimate their coarse
segmentation maps. The estimated segmentation maps are
improved by combining the fine segmentation score maps
estimated from intermediate low-level medium-resolution
representations [99], or iterating the processes [76]. Similar
techniques have also been applied to edge detection, e.g.,
holistic edge detection [157].

The fully convolutional network is extended, by re-
placing a few (typically two) strided convolutions and
the associated convolutions with dilated convolutions, to
the dilation version, leading to medium-resolution repre-
sentations [18], [19], [86], [168], [181]. The representations
are further augmented to multi-scale contextual representa-
tions [19], [21], [181] through feature pyramids for segment-
ing objects at multiple scales.

Recovering high-resolution representations. An upsample
process can be used to gradually recover the high-resolution
representations from the low-resolution representations.
The upsample subnetwork could be a symmetric version of
the downsample process (e.g., VGGNet), with skipping con-
nection over some mirrored layers to transform the pooling
indices, e.g., SegNet [3] and DeconvNet [107], or copying the
feature maps, e.g., U-Net [119] and Hourglass [8], [9], [27],
[51], [68], [105], [134], [163], [165], encoder-decoder [112],
and so on. An extension of U-Net, full-resolution residual

], and SimpleBaseline [152].

network [114], introduces an extra full-resolution stream
that carries information at the full image resolution, to re-
place the skip connections, and each unit in the downsample
and upsample subnetworks receives information from and
sends information to the full-resolution stream.

The asymmetric upsample process is also widely stud-
ied. RefineNet [90] improves the combination of upsam-
pled representations and the representations of the same
resolution copied from the downsample process. Other
works include: light upsample process [7], [24], [92], [152],
possibly with dilated convolutions used in the back-
bone [63], [89], [113]; light downsample and heavy up-
sample processes [141], recombinator networks [55]; im-
proving skip connections with more or complicated con-
volutional units [64], [111], [180], as well as sending in-
formation from low-resolution skip connections to high-
resolution skip connections [189] or exchanging informa-
tion between them [49]; studying the details of the up-
sample process [147]; combining multi-scale pyramid rep-
resentations [22], [154]; stacking multiple DeconvNets/U-
Nets/Hourglass [44], [149] with dense connections [135].

Maintaining high-resolution representations. Our work
is closely related to several works that can also generate
high-resolution representations, e.g., convolutional neural
fabrics [123], interlinked CNNs [188], GridNet [42], and
multi-scale DenseNet [58].

The two early works, convolutional neural fabrics [123]
and interlinked CNN5s [188], lack careful design on when to
start low-resolution parallel streams, and how and where
to exchange information across parallel streams, and do
not use batch normalization and residual connections, thus
not showing satisfactory performance. GridNet [42] is like
a combination of multiple U-Nets and includes two sym-
metric information exchange stages: the first stage passes
information only from high resolution to low resolution,
and the second stage passes information only from low
resolution to high resolution. This limits its segmentation
quality. Multi-scale DenseNet [58] is not able to learn strong
high-resolution representations as there is no information
received from low-resolution representations.

Multi-scale fusion. Multi-scale fusion' is widely stud-
ied [ ]/ [ ]/ [ ]/ [ ]/ [ ]/ [ ]/ [ ]/ [ ]/ [ ]/ [ ]r
[181], [188]. The straightforward way is to feed multi-
resolution images separately into multiple networks and ag-
gregate the output response maps [137]. Hourglass [105], U-
Net [119], and SegNet [3] combine low-level features in the
high-to-low downsample process into the same-resolution
high-level features in the low-to-high upsample process
progressively through skip connections. PSPNet [181] and

1. In this paper, Multi-scale fusion and multi-resolution fusion are
interchangeable, but in other contexts, they may not be interchangeable.
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Fig. 2. An example of a high-resolution network. Only the main body is illustrated, and the stem (two stride-2 3 x 3 convolutions) is not included.
There are four stages. The 1st stage consists of high-resolution convolutions. The 2nd (3rd, 4th) stage repeats two-resolution (three-resolution,

four-resolution) blocks. The detail is given in Section 3.

DeepLabV2/3 [19] fuse the pyramid features obtained by
pyramid pooling module and atrous spatial pyramid pool-
ing. Our multi-scale (resolution) fusion module resembles
the two pooling modules. The differences include: (1) Our
fusion outputs four-resolution representations other than
only one, and (2) our fusion modules are repeated several
times which is inspired by deep fusion [129], [143], [155],
[178], [184].

Our approach. Our network connects high-to-low con-
volution streams in parallel. It maintains high-resolution
representations through the whole process, and generates
reliable high-resolution representations with strong position
sensitivity through repeatedly fusing the representations
from multi-resolution streams.

This paper represents a very substantial extension of
our previous conference paper [130] with an additional
material added from our unpublished technical report [131]
as well as more object detection results under recently-
developed start-of-the-art object detection and instance seg-
mentation frameworks. The main technical novelties com-
pared with [130] lie in threefold. (1) We extend the net-
work (named as HRNetV1) proposed in [130], to two
versions: HRNetV2 and HRNetV2p, which explore all the
four-resolution representations. (2) We build the connection
between multi-resolution fusion and regular convolution,
which provides an evidence for the necessity of exploring
all the four-resolution representations in HRNetV2 and
HRNetV2p. (3) We show the superiority of HRNetV2 and
HRNetV2p over HRNetV1 and present the applications of
HRNetV2 and HRNetV2p in a broad range of vision prob-
lems, including semantic segmentation and object detection.

3 HIGH-RESOLUTION NETWORKS

We input the image into a stem, which consists of two stride-
2 3 x 3 convolutions decreasing the resolution to I, and
subsequently the main body that outputs the representation
with the same resolution (i). The main body, illustrated
in Figure 2 and detailed below, consists of several com-
ponents: parallel multi-resolution convolutions, repeated
multi-resolution fusions, and representation head that is

shown in Figure 4.

3.1 Parallel Multi-Resolution Convolutions

We start from a high-resolution convolution stream as the
first stage, gradually add high-to-low resolution streams
one by one, forming new stages, and connect the multi-
resolution streams in parallel. As a result, the resolutions for
the parallel streams of a later stage consists of the resolutions
from the previous stage, and an extra lower one.

channel
maps

strided
3x3

Fig. 3. lllustrating how the fusion module aggregates the information for
high, medium and low resolutions from left to right, respectively. Right

legend: strided 3 x 3 = stride-2 3 x 3 convolution, up samp. 1 x 1 =
bilinear upsampling followed by a 1 x 1 convolution.

up samp.
D 1x1

An example network structure illustrated in Figure 2,
containing 4 parallel streams, is logically as follows,

N1 — Ny — N1 — Np
N Nog = Nzg — Ny )

N MNag = Nig

N N,

where N, is a sub-stream in the sth stage and r is the
resolution index. The resolution index of the first stream
is r = 1. The resolution of index r is 2%1 of the resolution
of the first stream.

3.2 Repeated Multi-Resolution Fusions

The goal of the fusion module is to exchange the informa-
tion across multi-resolution representations. It is repeated
several times (e.g., every 4 residual units).

Let us look at an example of fusing 3-resolution repre-
sentations, which is illustrated in Figure 3. Fusing 2 repre-
sentations and 4 representations can be easily derived. The
input consists of three representations: {R%,r = 1,2,3},
with r is the resolution index, and the associated output
representations are {R?,r = 1,2, 3}. Each output represen-
tation is the sum of the transformed representations of the
three inputs: R? = f1,,(RY) + far (R%) + f3-(R%). The fusion
across stages (from stage 3 to stage 4) has an extra output:
RS = fia(R]) + f24(R3) + faa(R3).

The choice of the transform function f,,(-) is dependent
on the input resolution index x and the output resolu-
tion index r. If x = r, frr(R) = R. If 2 < 7, for(R)
downsamples the input representation R through (r — s)
stride-2 3 x 3 convolutions. For instance, one stride-2 3 x 3
convolution for 2x downsampling, and two consecutive
stride-2 3 x 3 convolutions for 4x downsampling. If x > r,
for(R) upsamples the input representation R through the
bilinear upsampling followed by a 1 x 1 convolution for
aligning the number of channels. The functions are depicted
in Figure 3.
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Fig. 4. (a) HRNetV1: only output the representation from the high-resolution convolution stream. (b) HRNetV2: Concatenate the (upsampled)
representations that are from all the resolutions (the subsequent 1 x 1 convolution is not shown for clarity). (c) HRNetV2p: form a feature pyramid
from the representation by HRNetV2. The four-resolution representations at the bottom in each sub-figure are outputted from the network in Figure 2,
and the gray box indicates how the output representation is obtained from the input four-resolution representations.

(a)
(a) Multi-resolution parallel convolution, (b) multi-resolution
fusion. (c) A normal convolution (left) is equivalent to fully-connected
multi-branch convolutions (right).

Fig. 5.

3.3 Representation Head

We have three kinds of representation heads that are illus-
trated in Figure 4, and call them as HRNetV1, HRNetV2,
and HRNetV1p, respectively.

HRNetV1. The output is the representation only from the
high-resolution stream. Other three representations are ig-
nored. This is illustrated in Figure 4 (a).

HRNetV2. We rescale the low-resolution representations
through bilinear upsampling without changing the number
of channels to the high resolution, and concatenate the four
representations, followed by a 1 x 1 convolution to mix the
four representations. This is illustrated in Figure 4 (b).

HRNetV2p. We construct multi-level representations by
downsampling the high-resolution representation output
from HRNetV2 to multiple levels. This is depicted in Fig-
ure 4 (c).

In this paper, we will show the results of applying
HRNetV1 to human pose estimation, HRNetV2 to semantic
segmentation, and HRNetV2p to object detection.

3.4

The main body contains four stages with four parallel con-
volution streams. The resolutions are 1/4, 1/8, 1/16, and
1/32. The first stage contains 4 residual units where each
unit is formed by a bottleneck with the width 64, and is
followed by one 3 x 3 convolution changing the width of
feature maps to C. The 2nd, 3rd, 4th stages contain 1, 4,
3 modularized blocks, respectively. Each branch in multi-
resolution parallel convolution of the modularized block
contains 4 residual units. Each unit contains two 3 x 3
convolutions for each resolution, where each convolution
is followed by batch normalization and the nonlinear ac-
tivation ReLU. The widths (numbers of channels) of the

Instantiation

convolutions of the four resolutions are C, 2C, 4C, and 8C,
respectively. An example is depicted in Figure 2.

3.5 Analysis

We analyze the modularized block that is divided into two
components: multi-resolution parallel convolutions (Fig-
ure 5 (a)), and multi-resolution fusion (Figure 5 (b)). The
multi-resolution parallel convolution resembles the group
convolution. It divides the input channels into several sub-
sets of channels and performs a regular convolution over
each subset over different spatial resolutions separately,
while in the group convolution, the resolutions are the same.
This connection implies that the multi-resolution parallel
convolution enjoys some benefit of the group convolution.

The multi-resolution fusion unit resembles the multi-
branch full-connection form of the regular convolution,
illustrated in Figure 5 (c). A regular convolution can be
divided as multiple small convolutions as explained in [178].
The input channels are divided into several subsets, and the
output channels are also divided into several subsets. The
input and output subsets are connected in a fully-connected
fashion, and each connection is a regular convolution. Each
subset of output channels is a summation of the outputs
of the convolutions over each subset of input channels.
The differences lie in that our multi-resolution fusion needs
to handle the resolution change. The connection between
multi-resolution fusion and regular convolution provides
an evidence for exploring all the four-resolution represen-
tations done in HRNetV2 and HRNetV2p.

4 HuMAN POSE ESTIMATION

Human pose estimation, a.k.a. keypoint detection, aims to
detect the locations of K keypoints or parts (e.g., elbow,
wrist, etc) from an image I of size W x H x 3. We follow the
state-of-the-art framework and transform this problem to

estimating K heatmaps of size % X %, {H,H,,...,Hg},
where each heatmap Hj, indicates the location confidence of

the kth keypoint.

We regress the heatmaps over the high-resolution rep-
resentations output by HRNetV1. We empirically observe
that the performance is almost the same for HRNetV1 and
HRNetV2, and thus we choose HRNetV1 as its computation
complexity is a little lower. The loss function, defined as the
mean squared error, is applied for comparing the predicted
heatmaps and the groundtruth heatmaps. The groundtruth
heatmaps are generated by applying 2D Gaussian with
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Fig. 6. Qualitative COCO human pose estimation results over representative images with various human size, different poses, or clutter background.

TABLE 1
Comparisons on COCO val. Under the input size 256 x 192, our approach with a small model HRNetV1-W32, trained from scratch, performs
better than previous state-of-the-art methods. Under the input size 384 x 288, our approach with a small model HRNetV1-W32 achieves a higher
AP score than SimpleBaseline with a large model. In particular, the improvement of our approach for AP7?, a strict evaluation scheme, is more
significant than AP5°, a loose evaluation scheme. Pretrain = pretrain the backbone on ImageNet. OHKM = online hard keypoints mining [24].
#Params and FLOPs are calculated for the pose estimation network, and those for human detection and keypoint grouping are not included.

Method Backbone Pretrain | Inputsize | #Params | GFLOPs | AP AP0 AP™> APM APl AR
8-stage Hourglass [105] | 8-stage Hourglass N 256 x 192 25.1M 14.3 66.9 - — — — -
CPN [24] ResNet-50 Y 256 x 192 27.0M 6.20 68.6 - - - - -
CPN + OHKM [24] ResNet-50 Y 256 x 192 27.0M 6.20 69.4 - — - — —
SimpleBaseline [152] ResNet-50 Y 256 x 192 34.0M 8.90 70.4 88.6 78.3 67.1 77.2 76.3
SimpleBaseline [152] ResNet-101 Y 256 x 192 53.0M 12.4 71.4 89.3 79.3 68.1 78.1 77.1
SimpleBaseline [152] ResNet-152 Y 256 x 192 68.6M 15.7 72.0 89.3 79.8 68.7 78.9 77.8
HRNetV1 HRNetV1-W32 N 256 x 192 28.5M 7.10 73.4 89.5 80.7 70.2 80.1 78.9
HRNetV1 HRNetV1-W32 Y 256 x 192 28.5M 7.10 74.4 90.5 81.9 70.8 81.0 79.8
HRNetV1 HRNetV1-W48 Y 256 x 192 63.6M 14.6 75.1 90.6 82.2 71.5 81.8 80.4
SimpleBaseline [152] ResNet-152 Y 384 x 288 68.6M 35.6 74.3 89.6 81.1 70.5 79.7  79.7
HRNetV1 HRNetV1-W32 Y 384 x 288 28.5M 16.0 75.8 90.6 82.7 71.9 82.8  81.0
HRNetV1 HRNetV1-W48 Y 384 x 288 63.6M 32.9 76.3 90.8 82.9 72.3 834 812
TABLE 2
Comparisons on COCO test-dev. The observations are similar to the results on COCO val.
Method | Backbone | Inputsize [ #Params | GFLOPs | AP AP0 AP APM APL AR
Bottom-up: keypoint detection and grouping
OpenPose [15] - - - — 61.8  84.9 67.5 57.1 68.2 66.5
Associative Embedding [104] - — - — 65.5  86.8 72.3 60.6 72.6 70.2
PersonLab [108] — — — — 68.7 89.0 75.4 64.1 75.5 75.4
MultiPoseNet [72] — — - — 69.6  86.3 76.6 65.0 76.3 73.5
Top-down: human detection and single-person keypoint detection
Mask-RCNN [53] ResNet-50-FPN — - - 63.1 87.3 68.7 57.8 71.4 -
G-RMI [109] ResNet-101 353 x 257 42.6M 57.0 64.9 855 71.3 62.3 70.0 69.7
Integral Pose Regression [132] | ResNet-101 256 x 256 45.0M 11.0 67.8  88.2 74.8 63.9 74.0 -
G-RMI + extra data [109] ResNet-101 353 x 257 42.6M 57.0 68.5 87.1 75.5 65.8 73.3 73.3
CPN [24] ResNet-Inception | 384 x 288 - - 72.1 91.4 80.0 68.7 77.2 78.5
RMPE [38] PyraNet [165] 320 x 256 28.1M 26.7 72.3  89.2 79.1 68.0 78.6 -
CEN [60] — — — — 726  86.1 69.7 78.3 64.1 -
CPN (ensemble) [24] ResNet-Inception | 384 x 288 - - 73.0 917 80.9 69.5 78.1 79.0
SimpleBaseline [152] ResNet-152 384 x 288 68.6M 35.6 73.7 919 81.1 70.3 80.0 79.0
HRNetV1 HRNetV1-W32 384 x 288 28.5M 16.0 74.9 925 82.8 71.3 80.9 80.1
HRNetV1 HRNetV1-W48 384 x 288 63.6M 32.9 75.5  92.5 83.3 71.9 81.5 80.5
HRNetV1 + extra data HRNetV1-W48 384 x 288 63.6M 32.9 77.0 927 84.5 73.4 83.1 82.0

standard deviation of 2 pixel centered on the groundtruth
location of each keypoint. Some example results are given
in Figure 6.

Dataset. The COCO dataset [94] contains over 200,000
images and 250, 000 person instances labeled with 17 key-
points. We train our model on the COCO train2017
set, including 57K images and 150K person instances. We
evaluate our approach on the val2017 and test-dev2017
sets, containing 5000 images and 20K images, respectively.

Evaluation metric. The standard evaluation metric is

based on Object Keypoint Similarity (OKS): OKS

2 0272 )
2 exp(id: 6/(212:0)) 9vi>0) ' Here d; is the Euclidean distance

between the detected keypoint and the corresponding

ground truth, v; is the visibility flag of the ground truth,
s is the object scale, and k; is a per-keypoint constant
that controls falloff. We report standard average preci-
sion and recall scores’: AP (AP at OKS = 0.50),
AP™, AP (the mean of AP scores at 10 OKS positions,
0.50,0.55,...,0.90,0.95); AP™ for medium objects, AP”
for large objects, and AR (the mean of AR scores at 10 OKS
positions, 0.50,0.55, ...,0.90,0.95).

Training. We extend the human detection box in height or
width to a fixed aspect ratio: height : width = 4 : 3, and
then crop the box from the image, which is resized to a
fixed size, 256 x 192 or 384 x 288. The data augmenta-

2. http:/ /cocodataset.org/#keypoints-eval
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tion scheme includes random rotation ([—45°, 45°]), random
scale ([0.65, 1.35]), and flipping. Following [146], half body
data augmentation is also involved.

We use the Adam optimizer [71]. The learning schedule
follows the setting [152]. The base learning rate is set as
le—3, and is dropped to le—4 and le—5 at the 170th and
200th epochs, respectively. The training process is termi-
nated within 210 epochs. The models are trained on 4 V100
GPUs and it takes around 60 (80) hours for HRNet-W32
(HRNet-W48).

Testing. The two-stage top-down paradigm similar as [24],
[109], [152] is used: detect the person instance using a person
detector, and then predict detection keypoints.

We use the same person detectors provided by Sim-
pleBaseline’ for both the val and test-dev sets. Fol-
lowing [24], [105], [152], we compute the heatmap by av-
eraging the heatmaps of the original and flipped images.
Each keypoint location is predicted by adjusting the highest
heatvalue location with a quarter offset in the direction from
the highest response to the second highest response.

Results on the val set. We report the results of our method
and other state-of-the-art methods in Table 1. The network
- HRNetV1-W32, trained from scratch with the input size
256 x 192, achieves an AP score 73.4, outperforming other
methods with the same input size. (i) Compared to Hour-
glass [105], our network improves AP by 6.5 points, and
the GFLOP of our network is much lower and less than
half, while the numbers of parameters are similar and ours
is slightly larger. (ii) Compared to CPN [24] w/0 and w/
OHKM, our network, with slightly larger model size and
slightly higher complexity, achieves 4.8 and 4.0 points gain,
respectively. (iii) Compared to the previous best-performed
method SimpleBaseline [152], our HRNetV1-W32 obtains
significant improvements: 3.0 points gain for the backbone
ResNet-50 with a similar model size and GFLOPs, and 1.4
points gain for the backbone ResNet-152 whose model size
(#Params) and GFLOPs are twice as many as ours.

Our network can benefit from (i) training from the model
pretrained on the ImageNet: The gain is 1.0 points for
HRNetV1-W32; (ii) increasing the capacity by increasing the
width: HRNetV1-W48 gets 0.7 and 0.5 points gain for the
input sizes 256 x 192 and 384 x 288, respectively.

Considering the input size 384 x 288, our HRNetV1-
W32 and HRNetV1-W48, get the 75.8 and 76.3 AP, which
have 1.4 and 1.2 improvements compared to the input
size 256 x 192. In comparison to SimpleBaseline [152] that
uses ResNet-152 as the backbone, our HRNetV1-W32 and
HRNetV1-W48 attain 1.5 and 2.0 points gain in terms of AP
at 45% and 92.4% computational cost, respectively.

Results on the test-dev set. Table 2 reports the pose
estimation performances of our approach and the existing
state-of-the-art approaches. Our approach is significantly
better than bottom-up approaches. On the other hand, our
small network, HRNetV1-W32, achieves an AP of 74.9.
It outperforms all the other top-down approaches, and is
more efficient in terms of model size (#Params) and com-
putation complexity (GFLOPs). Our big model, HRNetV1-
W48, achieves the highest AP score 75.5. Compared to

3. https://github.com/Microsoft/human-pose-estimation.pytorch

TABLE 3
Semantic segmentation results on Cityscapes val (single scale and no
flipping). The GFLOPs is calculated on the input size 1024 x 2048. The
small model HRNetV2-W40 with the smallest GFLOPs performs better
than two representative contextual methods (Deeplab and PSPNet).
Our approach combined with the recently-developed object contextual
(OCR) representation scheme [170] gets further improvement.
D-ResNet-101 = Dilated-ResNet-101.

backbone #param. GFLOPs | mloU
UNet++ [189] ResNet-101 59.5M 748.5 75.5
Dilated-ResNet [54] D-ResNet-101 52.1M 1661.6 75.7
DeepLabv3 [20] D-ResNet-101 58.0M 1778.7 78.5
DeepLabv3+ [22] D-Xception-71 43.5M 1444.6 | 79.6
PSPNet [151] D-ResNet-101 65.9M  2017.6 | 79.7
HRNetV2 HRNetV2-W40 45.2M 493.2 80.2
HRNetV2 HRNetV2-W48 65.9M 696.2 81.1
HRNetV2 + OCR [170] | HRNetV2-W48 70.3M 1206.3 | 81.6

TABLE 4

Semantic segmentation results on Cityscapes test. We use
HRNetV2-W48, whose parameter complexity and computation
complexity are comparable to dilated-ResNet-101 based networks, for
comparison. Our results are superior in terms of the four evaluation
metrics. The result from the combination with OCR [170] is further
improved. D-ResNet-101 = Dilated-ResNet-101.

[ backbone [ mloU iloU cla. IoU cat. iloU cat.
Model learned on the t rain set
PSPNet [181] D-ResNet-101 78.4 56.7 90.6 78.6
PSANet [182] D-ResNet-101 78.6 - - -
PAN [82] D-ResNet-101 | 78.6 - - -
AAF [69] D-ResNet-101 | 79.1 - - -
HRNetV2 HRNetV2-W48 | 80.4 59.2 91.5 80.8
Model learned on the train+val set
GridNet [42] - 69.5 44.1 87.9 71.1
LRR-4x [46] - 69.7 48.0  88.2 74.7
DeepLab [19] D-ResNet-101 70.4 42.6 86.4 67.7
LC[84] - 71.1 - - -
Piecewise [91] VGG-16 71.6 51.7 87.3 74.1
FRRN [114] - 71.8 455 88.9 75.1
RefineNet [90] ResNet-101 73.6 47.2 87.9 70.6
PEARL [65] D-ResNet-101 75.4 51.6 89.2 75.1
DSSPN [88] D-ResNet-101 76.6 56.2 89.6 77.8
LKM [111] ResNet-152 76.9 - - -
DUC-HDC [144] - 77.6  53.6 90.1 75.2
SAC [176] D-ResNet-101 78.1 - - -
DepthSeg [73] D-ResNet-101 78.2 - - -
ResNet38 [151] WResNet-38 78.4 59.1 90.9 78.1
BiSeNet [166] ResNet-101 78.9 - - -
DEN [167] ResNet-101 79.3 - - -
PSANet [182] D-ResNet-101 80.1 - - -
PADNet [159] D-ResNet-101 80.3 58.8 90.8 78.5
CFNet [173] D-ResNet-101 79.6 - - -
Auto-DeepLab [95] - 80.4 - - -
DenseASPP [181] WDenseNet-161 | 80.6 59.1 90.9 78.1
SVCNet [33] ResNet-101 81.0 - - -
ANN [195] D-ResNet-101 81.3 - - -
CCNet [61] D-ResNet-101 81.4 - - -
DANet [43] D-ResNet-101 81.5 - - -
HRNetV2 HRNetV2-W48 81.6 61.8 92.1 82.2
HRNetV2 + OCR [170] | HRNetV2-W48 82.5 61.7 92.1 81.6

SimpleBaseline [152] with the same input size, our small
and big networks receive 1.2 and 1.8 improvements, respec-
tively. With the additional data from AI Challenger [148] for
training, our single big network can obtain an AP of 77.0.


https://github.com/Microsoft/human-pose-estimation.pytorch

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, MARCH 2020 7

Fig. 7. Qualitative segmentation examples from Cityscapes (left two), PASCAL-Context (middle two), and LIP (right two).

TABLE 5
Semantic segmentation results on PASCAL-Context. The methods are
evaluated on 59 classes and 60 classes. Our approach performs the
best for 60 classes, and performs worse for 59 classes than APCN [51]
that developed a strong contextual method. Our approach, combined
with OCR [170], achieves significant gain, and performs the best.
D-ResNet-101 = Dilated-ResNet-101.

backbone mloU (59) mloU (60)
FCN-8s [125] VGG-16 - 35.1
BoxSup [29] - - 40.5
HO_CREF [?] - - 41.3
Piecewise [91] VGG-16 - 43.3
DeepLab-v2 [19] D-ResNet-101 - 45.7
RefineNet [90] ResNet-152 - 47.3
UNet++ [189] ResNet-101 47.7 -
PSPNet [181] D-ResNet-101 47.8 -
Ding et al. [32] ResNet-101 51.6 -
EncNet [172] D-ResNet-101 52.6 -
DANet [43] D-ResNet-101 52.6 -
ANN [195] D-ResNet-101 52.8 -
SVCNet [33] ResNet-101 53.2 -
CFNet [173] D-ResNet-101 54.0 -
APCN [51] D-ResNet-101 55.6 -
HRNetV2 HRNetV2-W48 54.0 48.3
HRNetV2 + OCR [170] HRNetV2-W48 56.2 50.1

TABLE 6
Semantic segmentation results on LIP. Our method doesn’t exploit any
extra information, e.g., pose or edge. The overall performance of our
approach is the best, and the OCR scheme [170] further improves the
segmentation quality. D-ResNet-101 = Dilated-ResNet-101.

backbone extra. | pixel acc. avg.acc. mloU
Attention+SSL [47] VGG16 Pose | 84.36 54.94  44.73
DeepLabV3+ [22] D-ResNet-101 - 84.09 55.62  44.80
MMAN [100] D-ResNet-101 - - - 46.81
SS-NAN [183] ResNet-101 Pose 87.59 56.03 47.92
MuLA [106] Hourglass Pose | 88.50 60.50 49.30
JPPNet [87] D-ResNet-101  Pose 86.39 62.32 51.37
CE2P [98] D-ResNet-101  Edge 87.37 63.20 53.10
HRNetV2 HRNetV2-W48 N 88.21 67.43  55.90
HRNetV2 + OCR [170] | HRNetV2-W48 N 88.24 67.84 56.48

5 SEMANTIC SEGMENTATION

Semantic segmentation is a problem of assigning a class la-
bel to each pixel. Some example results by our approach are
given in Figure 7. We feed the input image to the HRNetV2
(Figure 4 (b)) and then pass the resulting 15C-dimensional
representation at each position to a linear classifier with
the softmax loss to predict the segmentation maps. The
segmentation maps are upsampled (4 times) to the input
size by bilinear upsampling for both training and testing. We
report the results over two scene parsing datasets, PASCAL-
Context [103] and Cityscapes [28], and a human parsing
dataset, LIP [47]. The mean of class-wise intersection over
union (mloU) is adopted as the evaluation metric.

Cityscapes. The Cityscapes dataset [28] contains 5, 000 high

quality pixel-level finely annotated scene images. The finely-
annotated images are divided into 2,975/500/1, 525 images
for training, validation and testing. There are 30 classes, and
19 classes among them are used for evaluation. In addition
to the mean of class-wise intersection over union (mloU),
we report other three scores on the test set: IoU category
(cat.), iloU class (cla.) and iloU category (cat.).

We follow the same training protocol [181], [182]. The
data are augmented by random cropping (from 1024 x 2048
to 512 x 1024), random scaling in the range of [0.5, 2], and
random horizontal flipping. We use the SGD optimizer with
the base learning rate of 0.01, the momentum of 0.9 and the
weight decay of 0.0005. The poly learning rate policy with
the power of 0.9 is used for dropping the learning rate. All
the models are trained for 120K iterations with the batch
size of 12 on 4 GPUs and syncBN.

Table 3 provides the comparison with several repre-
sentative methods on the Cityscapes val set in terms
of parameter and computation complexity and mloU
class. (i) HRNetV2-W40 (40 indicates the width of the
high-resolution convolution), with similar model size to
DeepLabv3+ and much lower computation complexity, gets
better performance: 4.7 points gain over UNet++, 1.7 points
gain over DeepLabv3 and about 0.5 points gain over PSP-
Net, DeepLabv3+. (ii) HRNetV2-W48, with similar model
size to PSPNet and much lower computation complexity,
achieves much significant improvement: 5.6 points gain
over UNet++, 2.6 points gain over DeepLabv3 and about
1.4 points gain over PSPNet, DeepLabv3+. In the following
comparisons, we adopt HRNetV2-W48 that is pretrained
on ImageNet and has similar model size as most Dilated-
ResNet-101 based methods.

Table 4 provides the comparison of our method with
state-of-the-art methods on the Cityscapes test set. All
the results are with six scales and flipping. Two cases w/o
using coarse data are evaluated: One is about the model
learned on the train set, and the other is about the model
learned on the train+val set. In both cases, HRNetV2-
W48 achieves the superior performance.

PASCAL-Context. The PASCAL-Context dataset [103] in-
cludes 4,998 scene images for training and 5,105 images
for testing with 59 semantic labels and 1 background label.
The data augmentation and learning rate policy are the
same as Cityscapes. Following the widely-used training
strategy [32], [172], we resize the images to 480 x 480 and set
the initial learning rate to 0.004 and weight decay to 0.0001.
The batch size is 16 and the number of iterations is 60K .
We follow the standard testing procedure [32], [172].
The image is resized to 480 x 480 and then fed into our
network. The resulting 480 x 480 label maps are then resized
to the original image size. We evaluate the performance of
our approach and other approaches using six scales and

flipping.
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TABLE 7
GFLOPs and #parameters for COCO object detection. The numbers are obtained with the input size 800 x 1200 and if applicable 512 proposals
fed into R-CNN except the numbers for CenterNet are obtained with the input size 511 x 511. R-z = ResNet-z-FPN, X-101 = ResNeXt-101-64 x4d,
H-z = HRNetV2p-Wz, and HG-52 = Hourglass-52.

Faster R-CNN [53

Cascade R-CNN [13]

FCOS [136] CenterNet [36]

R-50 H-18|R-101 H-32|X-101 H-48

R-50 H-18|R-101 H-32|X-101 H-48

R-50 H-18 |R-101 H-32|HG-52 H-48 |[HG-104 H-64

39.8 26.2| 57.8 45.0| 94.9 79.4
172.3 159.1

#param. (M) 69.4 55.1

GFLOPs

88.4 74.9
239.4 245.3|381.8 399.1|226.2 207.8|298.7 300.8|448.3 466.5|190.0 180.3

127.3 111.0| 32.0 17.5| 51.0 37.3| 104.8 73.6| 210.1 127.7

261.2 273.3| 227.0 217.1 388.4 318.5

Cascade Mask R-CNN [13]

Hybrid Task Cascade [16]

Mask R-CNN [53]

R-50 H-18|R-101 H-32|X-101 H-48

R-50 H-18|R-101 H-32|X-101 H-48

R-50 H-18|R-101 H-32

77.3 63.1] 96.3 82.9|135.2 118.9
431.7 413.1

#param. (M) 80.3 66.1

GFLOPs

99.3 85.9
504.1 506.2|653.7 671.9|476.9 458.3|549.2 551.4|698.9 717.0|266.5 247.9

138.2 121.9| 44.4 30.1| 63.4 49.9

338.8 341.0

TABLE 8
Object detection results on COCO val in the Faster R-CNN and
Cascade R-CNN frameworks. LS = learning schedule. 1x = 12¢, 2x =
24e. Our approach performs better than ResNet and ResNeXt. Our
approach gets more significant improvement for 2x than 1x and for
small objects (AP g) than medium (AP,,) and large objects (APp).

backbone [ IS [ AP APs; APy; [ APs APy APL
Faster R-CNN [92]
ResNet-50-FPN 1x | 36.7 58.3 39.9 | 20.9 39.8 47.9
HRNetV2p-W18 1x | 36.2 57.3 39.3 | 20.7 39.0 46.8
ResNet-50-FPN 2% | 37.6 587 41.3 | 21.4 40.8 49.7
HRNetV2p-W18 2x | 38.0 58.9 41.5 | 22.6 40.8 49.6
ResNet-101-FPN 1x | 39.2 61.1 43.0 | 22.3 429 50.9
HRNetV2p-W32 1x | 39.6 61.0 43.3 | 23.7 425 50.5
ResNet-101-FPN 2% | 39.8 61.4 43.4 | 22.9 43.6 52.4
HRNetV2p-W32 2% | 40.9 61.8 44.8 | 24.4 43.7 53.3
X-101-64x4d-FPN | 1x | 41.3 63.4 45.2 | 24.5 45.8 53.3
HRNetV2p-W48 1x | 41.3 62.8 45.1 | 25.1 44.5 52.9
X-101-64x4d-FPN | 2x | 40.8 62.1 44.6 | 23.2 44.5 53.7
HRNetV2p-W48 2% | 41.8 62.8 459 | 25.0 44.7 54.6
Cascade R-CNN [13]
ResNet-50-FPN 20e | 41.1 59.1 44.8 | 22.5 44.4 54.9
HRNetV2p-W18 20e | 41.3 59.2 44.9 | 23.7 44.2 b54.1
ResNet-101-FPN 20e | 42.5 60.7 46.3 | 23.7 46.1 56.9
HRNetV2p-W32 20e | 43.7 61.7 47.7 | 25.6 46.5 57.4
X-101-64x4d-FPN | 20e | 44.7 63.1 49.0 | 25.8 48.3 58.8
HRNetV2p-W48 20e | 44.6 627 48.7 | 26.3 48.1 58.5

Table 5 provides the comparison of our method with
state-of-the-art methods. There are two kinds of evaluation
schemes: mIoU over 59 classes and 60 classes (59 classes +
background). In both cases, HRNetV2-W48 achieves state-
of-the-art results except that the result from [51] is higher
than ours without using the OCR scheme [170].

LIP. The LIP dataset [47] contains 50,462 elaborately anno-
tated human images, which are divided into 30, 462 training
images, and 10,000 validation images. The methods are
evaluated on 20 categories (19 human part labels and 1
background label). Following the standard training and
testing settings [98], the images are resized to 473 x 473
and the performance is evaluated on the average of the
segmentation maps of the original and flipped images.

The data augmentation and learning rate policy are the
same as Cityscapes. The training strategy follows the recent
setting [98]. We set the initial learning rate to 0.007 and the
momentum to 0.9 and the weight decay to 0.0005. The batch

TABLE 9
Object detection results on COCO val in the FCOS and CenterNet
frameworks. The results are obtained using the implementations
provided by the authors. Our approach performs superiorly to ResNet
and Hourglass for similar parameter and computation complexity. Our
HRNetV2p-W64 performs slightly worse than Hourglass-104, and the
reason is that Hourglass-104 is much more heavier than
HRNetV2p-W64. See Table 7 for #parameters and GFLOPs.

backbone [ IS | AP APso APr; [ APs APy AP,
FCOS [136]

ResNet-50-FPN 2x | 37.1 559 39.8 | 21.3 41.0 47.8

HRNetV2p-W18 | 2x | 37.7 55.3 40.2 | 22.0 40.8 48.8

ResNet-101-FPN | 2x | 41.4 60.3 44.8 | 25.0 45.6 53.1

HRNetV2p-W32 | 2x | 41.9 60.3 45.0 | 25.1 45.6 53.2
CenterNet [36]

Hourglass-52 - 41.3 59.2 439 | 23.6 43.8 55.8

HRNetV2p-W48 - 43.4 61.8 45.6 | 23.8 47.1 59.3

Hourglass-104 - 44.8 62.4 482 | 25,9 489 58.8

HRNetV2p-W64 - 44.0 62.5 47.3 | 23.9 48.2 60.2

size is 40 and the number of iterations is 110K.

Table 6 provides the comparison of our method
with state-of-the-art methods. The overall performance of
HRNetV2-W48 performs the best with fewer parameters
and lighter computation cost. We also would like to mention
that our networks do not use extra information such as pose
or edge.

6 COCO OBJECT DETECTION

We perform the evaluation on the MS COCO 2017 detection
dataset, which contains about 118k images for training, 5k
for validation (val) and ~ 20k testing without provided
annotations (test-dev). The standard COCO-style evalua-
tion is adopted. Some example results by our approach are
given in Figure 8.

We apply our multi-level representations (HRNetV2p)*,
shown in Figure 4 (c), for object detection. The data is aug-
mented by standard horizontal flipping. The input images
are resized such that the shorter edge is 800 pixels [92].
Inference is performed on a single image scale.

We compare our HRNet with the standard models:
ResNet [54] and ResNeXt [156]. We evaluate the de-

4. Same as FPN [93], we also use 5 levels.
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TABLE 10
Object detection results on COCO val in the Mask R-CNN and its
extended frameworks. The overall performance of our approach is
superior to ResNet except that HRNetV2p-W18 sometimes performs
worse than ResNet-50. Similar to detection (bbox), the improvement for
small objects (APg) in terms of mask is also more significant than
medium (AP,) and large objects (AP ). The results are obtained from
MMDetection [17].

backbone LS mask bbox

AP APs APp APL | AP APs APy AP

Mask R-CNN [53]
ResNet-50-FPN 1x |34.2 15.7 36.8 50.2|37.8 22.1 40.9 49.3
HRNetV2p-W18 1x [33.8 15.6 35.6 49.8(37.1 21.9 39.5 47.9
ResNet-50-FPN 2x [35.0 16.0 37.5 52.0|38.6 21.7 41.6 50.9
HRNetV2p-W18 2% [35.3 16.9 37.5 51.8(39.2 23.7 41.7 51.0
ResNet-101-FPN 1x [36.1 16.2 39.0 53.0(40.0 22.6 43.4 52.3
HRNetV2p-W32 1x [36.7 17.3 39.0 53.0(40.9 24.5 43.9 52.2
ResNet-101-FPN 2% [36.7 17.0 39.5 54.8|41.0 23.4 44.4 53.9
HRNetV2p-W32 2x |37.6 17.8 40.0 55.0|42.3 25.0 45.4 54.9
Cascade Mask R-CNN [13]
ResNet-50-FPN 20e|36.6 19.0 37.4 50.7|42.3 23.7 45.7 56.4
HRNetV2p-W18 20e(36.4 17.0 38.6 52.9|41.9 23.8 44.9 55.0
ResNet-101-FPN 20e [37.6 19.7 40.8 52.4|43.3 24.4 46.9 58.0
HRNetV2p-W32 20e [38.5 18.9 41.1 56.1|44.5 26.1 47.9 58.5
X-101-64x4d-FPN | 20e | 39.4 20.8 42.7 54.1|45.7 26.2 49.6 60.0
HRNetV2p-W48 20e[39.5 19.7 41.8 56.9|46.0 27.5 48.9 60.1
Hybrid Task Cascade [16]

ResNet-50-FPN 20e|38.1 20.3 41.1 52.8|43.2 24.9 46.4 57.8
HRNetV2p-W18 20e|37.9 18.8 39.9 55.2|43.1 26.6 46.0 56.9
ResNet-101-FPN 20e(39.4 21.4 42.4 54.4|44.9 26.4 48.3 59.9
HRNetV2p-W32 20e(39.6 19.1 42.0 57.9|45.3 27.0 48.4 59.5
X-101-64 x4d-FPN | 20e | 40.8 22.7 44.2 56.3|46.9 28.0 50.7 62.1
HRNetV2p-W48 20e|40.7 19.7 43.4 59.3|46.8 28.0 50.2 61.7
X-101-64 x 4d-FPN | 28e [ 40.7 20.0 44.1 59.9|46.8 27.5 51.0 61.7
HRNetV2p-W48 28e(41.0 20.8 43.9 59.9|47.0 28.8 50.3 62.2

tection performance on COCO val. under two anchor-
based frameworks: Faster R-CNN [118] and Cascade R-
CNN [12], and two recently-developed anchor-free frame-
works: FCOS [136] and CenterNet [36]. We train the
Faster R-CNN and Cascade R-CNN models for both our
HRNetV2p and the ResNet on the public MMDetection plat-
form [17] with the provided training setup, except that we
use the learning rate schedule suggested in [52] for 2, and
FCOS [136] and CenterNet [36] from the implementations
provided by the authors. Table 7 summarizes #parameters
and GFLOPs. Table 8 and Table 9 report detection scores.

We also evaluate the performance of joint detection and
instance segmentation, under three frameworks: Mask R-
CNN [53], Cascade Mask R-CNN [13], and Hybrid Task
Cascade [16]. The results are obtained on the public MMDe-
tection platform [17] and are in Table 10.

There are several observations. On the one hand, as
shown in Tables 8 and 9, the overall object detection per-
formance of HRNetV2 is better than ResNet under similar
model size and computation complexity. In some cases, for
1x, HRNetV2p-W18 performs worse than ResNet-50-FPN,
which might come from insufficient optimization iterations.
On the other hand, as shown in Table 10, the overall object
detection and instance segmentation performance is better
than ResNet and ResNeXt. In particular, under the Hy-
brid Task Cascade framework, the HRNet performs slightly
worse than ResNeXt-101-64 x 4d-FPN for 20e, but better for
28e. This implies that our HRNet benefits more from longer

90 +

HRNetV1-W32

HRNetV1-W48

Fig. 9. Ablation study about the resolutions of the representations for
human pose estimation. 1x, 2x, 4x correspond to the representations
of the high, medium, low resolutions, respectively. The results imply that
higher resolution improves the performance.

training.

Table 11 reports the comparison of our network to
state-of-the-art single-model object detectors on COCO
test-dev without using multi-scale training and multi-
scale testing that are done in [85], [97], [110], [115], [127],
[128]. In the Faster R-CNN framework, our networks per-
form better than ResNets with similar parameter and com-
putation complexity: HRNetV2p-W32 vs. ResNet-101-FPN,
HRNetV2p-W40 vs. ResNet-152-FPN, HRNetV2p-W48 vs.
X-101-64 x 4d-FPN. In the Cascade R-CNN and CenterNet
framework, our HRNetV2 also performs better. In the Cas-
cade Mask R-CNN and Hybrid Task Cascade frameworks,
the HRNet gets the overall better performance.

7 ABLATION STUDY

We perform the ablation study for the components in HRNet
over two tasks: human pose estimation on COCO validation
and semantic segmentation on Cityscapes validation. We
mainly use HRNetV1-W32 for human pose estimation, and
HRNetV2-W48 for semantic segmentation. All results of
pose estimation are obtained over the input size 256 x 192.
We also present the results for comparing HRNetV1 and
HRNetV2.

Representations of different resolutions. We study how the
representation resolution affects the pose estimation perfor-
mance by checking the quality of the heatmap estimated
from the feature maps of each resolution from high to low.
We train two HRNetV1 networks initialized by the
model pretrained for the ImageNet classification. Our net-
work outputs four response maps from high-to-low resolu-
tions. The quality of heatmap prediction over the lowest-
resolution response map is too low and the AP score is
below 10 points. The AP scores over the other three maps
are reported in Figure 9. The comparison implies that the
resolution does impact the keypoint prediction quality.

Repeated multi-resolution fusion. We empirically analyze
the effect of the repeated multi-resolution fusion. We study
three variants of our network. (a) W/o intermediate fusion
units (1 fusion): There is no fusion between multi-resolution
streams except the final fusion unit. (b) W/ across-stage
fusion units (3 fusions): There is no fusion between par-
allel streams within each stage. (c) W/ both across-stage
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TABLE 11

10

Comparison with the state-of-the-art single-model object detectors on COCO test-dev with BN parameters fixed and without mutli-scale training

and testing. * means that the result is from the original paper [

]. GFLOPs and #parameters of the models are given in Table 7. The

observations are similar to those on COCO val, and show that the HRNet performs better than ResNet and ResNeXt under state-of-the-art object
detection and instance segmentation frameworks.

backbone size LS AP APs50 AP75 APg AP APy,
MLKP [142] VGG16 - - 28.6 52.4 31.6 10.8 33.4 45.1
STDN [187] DenseNet-169 513 - 31.8 51.0 33.6 14.4 36.1 43.4
DES [179] VGG16 512 - 32.8 53.2 34.6 13.9 36.0 47.6
CoupleNet [194] ResNet-101 - - 33.1 53.5 35.4 11.6 36.3 50.1
DeNet [139] ResNet-101 512 - 33.8 53.4 36.1 12.3 36.1 50.8
RFBNet [96] VGG16 512 - 34.4 55.7 36.4 17.6 37.0 47.6
DFPR [74] ResNet-101 512 1x 34.6 54.3 37.3 - - -
PFPNet [70] VGG16 512 - 35.2 57.6 37.9 18.7 38.6 45.9
RefineDet [177] ResNet-101 512 - 36.4 57.5 39.5 16.6 39.9 51.4
Relation Net [56] ResNet-101 600 - 39.0 58.6 42.9 - - -
C-FRCNN [25] ResNet-101 800 1x 39.0 59.7 42.8 19.4 42.4 53.0
RetinaNet [93] ResNet-101-FPN 800 1.5%x 39.1 59.1 42.3 21.8 42.7 50.2
Deep Regionlets [160] ResNet-101 800 1.5x 39.3 59.8 - 21.7 43.7 50.9
FitnessNMS [140] ResNet-101 768 - 39.5 58.0 42.6 18.9 43.5 54.1
DetNet [86] DetNet59-FPN 800 2% 40.3 62.1 43.8 23.6 42.6 50.0
CornerNet [79] Hourglass-104 511 - 40.5 56.5 43.1 19.4 42.7 53.9
M2Det [185] VGG16 800 ~ 10X 41.0 59.7 45.0 22.1 46.5 53.8
Faster R-CNN [92] ResNet-101-FPN 800 1x 39.3 61.3 42.7 22.1 42.1 49.7
Faster R-CNN HRNetV2p-W32 800 1x 39.5 61.2 43.0 23.3 41.7 49.1
Faster R-CNN [92] ResNet-101-FPN 800 2X 40.3 61.8 43.9 22.6 43.1 51.0
Faster R-CNN HRNetV2p-W32 800 2% 41.1 62.3 44.9 24.0 43.1 51.4
Faster R-CNN [92] ResNet-152-FPN 800 2% 40.6 62.1 44.3 22.6 43.4 52.0
Faster R-CNN HRNetV2p-W40 800 2% 42.1 63.2 46.1 24.6 44.5 52.6
Faster R-CNN [17] X-101-64 x 4d-FPN 800 2% 41.1 62.8 44.8 23.5 44.1 52.3
Faster R-CNN HRNetV2p-W48 800 2% 42.4 63.6 46.4 24.9 44.6 53.0
Cascade R-CNN [12]* ResNet-101-FPN 800 ~ 1.6% 42.8 62.1 46.3 23.7 45.5 55.2
Cascade R-CNN ResNet-101-FPN 800 ~ 1.6x 43.1 61.7 46.7 24.1 45.9 55.0
Cascade R-CNN HRNetV2p-W32 800 ~ 1.6x 43.7 62.0 47.4 25.5 46.0 55.3
Cascade R-CNN X-101-64 x 4d-FPN 800 ~ 1.6% 44.9 63.7 48.9 25.9 47.7 57.1
Cascade R-CNN HRNetV2p-W48 800 ~ 1.6x 44.8 63.1 48.6 26.0 47.3 56.3
FCOS [136] ResNet-50-FPN 800 2% 37.3 56.4 39.7 20.4 39.6 47.5
FCOS HRNetV2p-W18 800 2% 37.8 56.1 40.4 21.6 39.8 47.4
FCOS [136] ResNet-101-FPN 800 2% 39.2 58.8 41.6 21.8 41.7 50.0
FCOS HRNetV2p-W32 800 2% 40.5 59.3 43.3 23.4 42.6 51.0
CenterNet [36] Hourglass-52 511 — 41.6 59.4 44.2 22.5 43.1 54.1
CenterNet HRNetV2-W48 511 — 43.5 62.1 46.5 22.2 46.5 57.8
Cascade Mask R-CNN [13] ResNet-101-FPN 800 ~ 1.6x 44.0 62.3 47.9 24.3 46.9 56.7
Cascade Mask R-CNN HRNetV2p-W32 800 ~ 1.6% 44.7 62.5 48.6 25.8 47.1 56.3
Cascade Mask R-CNN [13] X-101-64 x 4d-FPN 800 ~ 1.6x 45.9 64.5 50.0 26.6 49.0 58.6
Cascade Mask R-CNN HRNetV2p-W48 800 ~ 1.6x 46.1 64.0 50.3 27.1 48.6 58.3
Hybrid Task Cascade [16] ResNet-101-FPN 800 ~ 1.6x 45.1 64.3 49.0 25.2 48.0 58.2
Hybrid Task Cascade HRNetV2p-W32 800 ~ 1.6% 45.6 64.1 49.4 26.7 47.7 58.0
Hybrid Task Cascade [16] X-101-64 x 4d-FPN 800 ~ 1.6x 47.2 66.5 51.4 27.7 50.1 60.3
Hybrid Task Cascade HRNetV2p-W48 800 ~ 1.6x 47.0 65.8 51.0 27.9 49.4 59.7
Hybrid Task Cascade [16] X-101-64 x 4d-FPN 800 ~ 2.3% 47.2 66.6 51.3 27.5 50.1 60.6
Hybrid Task Cascade HRNetV2p-W48 800 ~ 2.3X 47.3 65.9 51.2 28.0 49.7 59.8

Ablation study for multi-resolution fusion units on COCO val human
pose estimation (AP) and Cityscapes val semantic segmentation
(mloU). Final = final fusion immediately before representation head,
Across = intermediate fusions across stages, Within = intermediate
fusions within stages. We can see that the three fusions are beneficial
for both human pose estimation and semantic segmentation.

TABLE 12

and within-stage fusion units (totally 8 fusions): This is

and more fusions lead to better performance.

our proposed method. All the networks are trained from
scratch. The results on COCO human pose estimation and
Cityscapes semantic segmentation (validation) given in Ta-
ble 12 show that the multi-resolution fusion unit is helpful

We also study other possible choices for the fusion de-

sign: (i) use bilinear downsample to replace strided convolu-

Method | Final | Across | Within | Pose (AP) | Segmentation (mIoU)
(a) v 70.8 74.8
(b) v v 71.9 75.4
(c) v v v 73.4 76.4

tions, and (ii) use the multiplication operation to replace the

sum operation. In the former case, the COCO pose estima-

tion AP score and the Cityscapes segmentation mloU score
are reduced to 72.6 and 74.2. The reason is that downsam-
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pling reduces the volume size (width x height x #channels)
of the representation maps, and strided convolutions learn
better volume size reduction than bilinear downsampling.
In the later case, the results are much worse: 54.7 and 66.0,
respectively. The possible reason might be that multiplica-
tion increases the training difficulty as pointed in [145].

Resolution maintenance. We study the performance of a
variant of the HRNet: all the four high-to-low resolution
streams are added at the beginning and the depths of the
four streams are the same; the fusion schemes are the same
to ours. Both the HRNets and the variants (with similar
#Params and GFLOPs) are trained from scratch.

The human pose estimation performance (AP) on COCO
val for the variant is 72.5, which is lower than 73.4 for
HRNetV1-W32. The segmentation performance (mloU) on
Cityscapes val for the variant is 75.7, which is lower than
76.4 for HRNetV2-W48. We believe that the reason is that
the low-level features extracted from the early stages over
the low-resolution streams are less helpful. In addition,
another simple variant, only the high-resolution stream of
similar #parameters and GFLOPs without low-resolution
parallel streams shows much lower performance on COCO
and Cityscapes.

V1 vs. V2. We compare HRNetV2 and HRNetV2p, to
HRNetV1 on pose estimation, semantic segmentation and
COCO object detection. For human pose estimation, the
performance is similar. For example, HRNetV2-W32 (w/o
ImageNet pretraining) achieves the AP score 73.6, which is
slightly higher than 73.4 HRNetV1-W32.

The segmentation and object detection results, given
in Figure 10 (a) and Figure 10 (b), imply that HRNetV2
outperforms HRNetV1 significantly, except that the gain
is minor in the large model case (1x) in segmentation for
Cityscapes. We also test a variant (denoted by HRNetV1h),
which is built by appending a 1 X 1 convolution to align
the dimension of the output high-resolution representation
with the dimension of HRNetV2. The results in Figure 10
(a) and Figure 10 (b) show that the variant achieves slight
improvement to HRNetV1, implying that aggregating the
representations from low-resolution parallel convolutions in
our HRNetV?2 is essential for improving the capability.

8 CONCLUSIONS

In this paper, we present a high-resolution network for
visual recognition problems. There are three fundamen-
tal differences from existing low-resolution classification
networks and high-resolution representation learning net-
works: (i) Connect high and low resolution convolutions in
parallel other than in series; (ii) Maintain high resolution
through the whole process instead of recovering high reso-
lution from low resolution; and (iii) Fuse multi-resolution
representations repeatedly, rendering rich high-resolution
representations with strong position sensitivity.

The superior results on a wide range of visual recog-
nition problems suggest that our proposed HRNet is a
stronger backbone for computer vision problems. Our re-
search also encourages more research efforts for designing
network architectures directly for specific vision problems
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Fig. 10. Comparing HRNetV1 and HRNetV2. (a) Segmentation on
Cityscapes val and PASCAL-Context for comparing HRNetV1 and its
variant HRNetV1h, and HRNetV2 (single scale and no flipping). (b)
Object detection on COCO val for comparing HRNetV1 and its variant
HRNetV1h, and HRNetV2p (LS = learning schedule). We can see that
HRNetV2 is superior to HRNetV1 for both semantic segmentation and
object detection.

other than extending, remediating or repairing representa-
tions learned from low-resolution networks (e.g., ResNet or
VGGNet).

Discussions. There is a possible misunderstanding: the
memory cost of the HRNet is larger as the resolution is
higher. In fact, the memory cost of the HRNet for all
the three applications, human pose estimation, semantic
segmentation and object detection, is comparable to state-
of-the-arts except that the training memory cost in object
detection is a little larger.

In addition, we summarize the runtime cost comparison
on the PyTorch 1.0 platform. The training and inference
time cost of the HRNet is comparable to previous state-
of-the-arts except that (1) the inference time of the HRNet
for segmentation is much smaller and (2) the training time
of the HRNet for pose estimation is a little larger, but the
cost on the MXNet 1.5.1 platform, which supports static
graph inference, is similar as SimpleBaseline. We would like
to highlight that for semantic segmentation the inference
cost is significantly smaller than PSPNet and DeepLabv3.
Table 13 summarizes memory and time cost comparisons °.

Future and followup works. We will study the combination
of the HRNet with other techniques for semantic segmenta-
tion and instance segmentation. Currently, we have results
(mloU), which are depicted in Tables 3 4 5 6, by combining
the HRNet with the object-contextual representation (OCR)
scheme [170] ¢, a variant of object context [59], [171]. We will
conduct the study by further increasing the resolution of the
representation, e.g., to % or even a full resolution.

The applications of the HRNet are not limited to the
above that we have done, and are suitable to other position-
sensitive vision applications, such as facial landmark de-

5. The detailed comparisons are given in the supplementary file.

6. We empirically observed that the HRNet combined with ASPP [20]
or PPM [181] did not get a performance improvement on Cityscape, but
got a slight improvement on PASCAL-Context and LIP.
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TABLE 13
Memory and time cost comparisons for pose estimation, semantic segmentation and object detection (under the Faster R-CNN framework) on
PyTorch 1.0 in terms of training/inference memory and training/inference time. We also report inference time (in ()) for pose estimation on MXNet
1.5.1, which supports static graph inference that mutli-branch convolutions used in the HRNet benefits from. The numbers for training are obtained
on a machine with 4 V100 GPU cards. During training, the input sizes are 256 x 192, 512 x 1024, and 800 x 1333, and the batch sizes are 128, 8
and 8 for pose estimation, segmentation and detection respectively. The numbers for inference are obtained on a single V100 GPU card. The input
sizes are 256 x 192, 1024 x 2048, and 800 x 1333, respectively. The score means AP for pose estimation on COCO val (Table 1) and detection
on COCO val (Table 8) , and mloU for cityscapes segmentation (Table 3). Several observations are highlighted. Memory: The HRNet consumes
similar memory for both training and inference except that it consumes smaller memory for training in human pose estimation. Time: The training
and inference time cost of the HRNet is comparable to previous state-of-the-arts except that the inference time of the HRNet for segmentation is
much smaller. SB-ResNet-152 = SimpleBaseline with the backbone of ResNet-152. PSPNet and DeeplLabV3 use dilated ResNet-101 as the
backbone (Table 3).

Pose estimation Segmentation Detection
SB-ResNet-152 HRNetV1-W48 | PSPNet DeepLabV3 HRNetV2-W48 | ResNet-101 ResNeXt-101 HRNetV2p-W32 HRNetV2p-W48
training memory 14.8G 7.3G 14.4G 13.3G 13.9G 5.4G 9.5G 8.5G 11.3G
inference memory/image 0.29G 0.27G 1.60G 1.15G 1.79G 0.62G 0.77G 0.51G 0.79G
training second/iteration 1.085 1.231 0.837 0.850 0.692 0.550 1.183 0.690 0.965
inference second/image | 0.030 (0.012) 0.058 (0.017) | 0.397 0.411 0.150 0.087 0.144 0.101 0.116
score 72.0 75.1 79.7 78.5 81.1 39.8 40.8 40.9 41.8
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APPENDIX A
NETWORK INSTANTIATION

Our current design (except the standard stem and the head,) contains four stages, as shown in Table 14. Each stage consists
of modularized blocks, repeated 1, 1, 4, and 3 times, respectively for the four stages. The modularized block consists of 1
(2, 3 and 4) branches for the 1st (2nd, 3rd and 4th) stages. Each branch corresponds to different resolution, and is compose
of four residual units and one multi-resolution fusion unit (See Figure 3 in the main paper).

TABLE 14
The architecture of the HRNet (main body). There are four stages. Each stage consists of modularized blocks, repeated 1, 1, 4, and 3 times,
respectively for the four stages. The modularized block consists of 1 (2, 3 and 4) branches for the 1st (2nd, 3rd and 4th) stages. Each branch
corresponds to a different resolution, and is composed of four residual units and one multi-resolution fusion unit. For clarify, the fusion unit (after
each modulized block) is not depicted in the table, and could be understood from Figure 3 in the main paper. In the table, each cell consists of
three components: the first one ([ - ]) is the residual unit, the second number is the repetition times of the residual units, and the last number is the
repetition times of the modualized blocks. C' in each residual unit is the number of channels.

Resolution Stage 1 Stage 2 Stage 3 Stage 4
1x1,64 | . .o .
4x 3x3,64 | x4x1 33,01 4 3X3,C | 4xa 33,00 s
3x3,C 3x3,C 3x3,C
| 1x1,256 |
8 3x3,20 |, 3x3,20 |, 3x3,2C |, .
3 x 3,2C 3 x 3,2C 3 x 3,2C
16 x 3x3,4C X4 x4 3x3,4C X4 x3
3 x 3,4C 3 x 3,4C
32x 3% 3,80 X4 x3
3 x 3,8C
APPENDIX B

NETWORK PRETRAINING

We pretrain our network, which is augmented by a classification head shown in Figure 11, on ImageNet [120]. The
classification head is described as below. First, the four-resolution feature maps are fed into a bottleneck and the output
channels are increased from C, 2C, 4C, and 8C' to 128, 256, 512, and 1024, respectively. Then, we downsample the high-
resolution representation by a 2-strided 3 x 3 convolution outputting 256 channels and add it to the representation of the
second-high-resolution. This process is repeated two times to get 1024 feature channels over the small resolution. Last, we
transform the 1024 channels to 2048 channels through a 1 x 1 convolution, followed by a global average pooling operation.
The output 2048-dimensional representation is fed into the classifier.

07
f
@ o

Fig. 11. Representation for ImageNet classification. The input of the box is the representations of four resolutions.

We adopt the same data augmentation scheme for training images as in [54], and train our models for 100 epochs with
a batch size of 256. The initial learning rate is set to 0.1 and is reduced by 10 times at epoch 30, 60 and 90. We use SGD
with a weight decay of 0.0001 and a Nesterov momentum of 0.9. We adopt standard single-crop testing, so that 224 x 224
pixels are cropped from each image. The top-1 and top-5 error are reported on the validation set.

Table 15 shows our ImageNet classification results. As a comparison, we also report the results of ResNets. We consider
two types of residual units: One is formed by a bottleneck, and the other is formed by two 3 x 3 convolutions. We
follow the PyTorch implementation of ResNets and replace the 7 x 7 convolution in the input stem with two 2-strided
3 x 3 convolutions decreasing the resolution to 1/4 as in our networks. When the residual units are formed by two 3 x 3
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TABLE 15
ImageNet Classification results of HRNet and ResNets. The proposed method is named HRNet-Wz-C. x means the width.

[ #Params. GFLOPs [ top-1 err. top-5 err.

Residual branch formed by two 3 x 3 convolutions

ResNet-38 28.3M 3.80 24.6% 7.4%
HRNet-W18-C 21.3M 3.99 23.1% 6.5%
ResNet-72 48.4M 7.46 23.3% 6.7%
HRNet-W30-C 37.7M 7.55 21.9% 5.9%
ResNet-106 64.9M 11.1 22.7% 6.4%
HRNet-W40-C 57.6M 11.8 21.1% 5.6%
Residual branch formed by a bottleneck

ResNet-50 25.6M 3.82 23.3% 6.6%
HRNet-W44-C 21.9M 3.90 23.0% 6.5%
ResNet-101 44.6M 7.30 21.6% 5.8%
HRNet-W76-C 40.8M 7.30 21.5% 5.8%
ResNet-152 60.2M 10.7 21.2% 5.7%
HRNet-W96-C 57.5M 10.2 21.0% 5.6%

convolutions, an extra bottleneck is used to increase the dimension of output feature maps from 512 to 2048. One can see
that under similar #parameters and GFLOPs, our results are comparable to and slightly better than ResNets.

In addition, we look at the results of two alternative schemes: (i) the feature maps on each resolution go through a global
pooling separately and then are concatenated together to output a 15C-dimensional representation vector, named HRNet-
Wz-Ci; (ii) the feature maps on each resolution are fed into several 2-strided residual units (bottleneck, each dimension
is increased to the double) to increase the dimension to 512, and concatenate and average-pool them together to reach a
2048-dimensional representation vector, named HRNet-Wz-Cii, which is used in [130]. Table 16 shows such an ablation
study. One can see that the proposed manner is superior to the two alternatives.

TABLE 16
Ablation study on ImageNet classification by comparing our approach (abbreviated as HRNet-Wz-C) with two alternatives: HRNet-Wz-Ci and
HRNet-Wz-Cii (residual branch formed by two 3 x 3 convolutions).

#Params. GFLOPs top-1 err. top-5 err.
HRNet-W27-Ci 21.4M 5.55 26.0% 7.7%
HRNet-W25-Cii 21.7T™M 5.04 24.1% 7.1%
HRNet-W18-C 21.3M 3.99 23.1% 6.5%
HRNet-W36-Ci 37.5M 9.00 24.3% 7.3%
HRNet-W34-Cii 36.7TM 8.29 22.8% 6.3%
HRNet-W30-C 37. ™M 7.55 21.9% 5.9%
HRNet-W45-Ci 58.2M 13.4 23.6% 7.0%
HRNet-W43-Cii 56.3 M 12.5 22.2% 6.1%
HRNet-W40-C 57.6M 11.8 21.1% 5.6%
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APPENDIX C
TRAINING/INFERENCE COST

Tables 17, 18 and 19 provide GPU memory comparisons between HRNets and other standard networks for both training
and inference in the PyTorch platform. Compared to state-of-the-arts for human pose estimation, the training and inference
memory costs of the HRNet are similar or lower for similar parameter complexity (Table 17). Compared to state-of-the-arts
for semantic segmentation, the training and inference memory costs are similar (Table 18) for similar parameter complexity.
Compared to state-of-the-arts for object detection for similar parameter complexity, the training and inference memory costs
are similar or slightly higher (Table 19).

In addition, we provide the runtime cost comparison. (1) For semantic segmentation, the time cost of the HRNet for
training is slightly smaller and for inference significantly smaller than PSPNet and DeepLabv3 (Table 18). (2) For object
detection, the time cost of the HRNet for training is larger than ResNet based networks and smaller than ResNext based
networks, and for inference the HRNet is smaller for similar GFLOPs (Table 19). (3) For human pose estimation, the time
cost of the HRNet for training is similar and for inference larger; and the time cost of the HRNet for training and inference
in the MXNet platform is similar as SimpleBaseline (Table 17).

TABLE 17
Human pose estimation complexities on PyTorch 1.0 in terms of #parameters, GFLOP's, training/inference memory. We also report
training/inference time on Pytorch 1.0 and MXNet 1.5.1, shown as time(Pytorch)/time(MXNet). The reason that the runtime cost is smaller than
PyTorch is that MXNet supports dynamic graph which the HRNet benefits from. We compare the HRNet and the previous state-of-the-art,
Simplebaseline. Training: 4 V100 GPU cards, input size 256 x 192, and batch size 128. Inference: a single V100 GPU card, input size 256 x 192,
and batch size 1, 4, 8 and 16. Two observations are highlighted here: (1) The HRNet consumes smaller memory for both training and inference for
similar #parameters, and for similar AP scores; (2) The HRNet takes slightly higher training runtime cost and a little higher inference runtime cost
on Pytorch and similar on MXNet for similar GFLOPs, and the inference efficiency of HRNet for is improved for larger batch size. sec.= seconds,
iter. = iteration, mem. = memory, bs = batchsize.

backbone GFLOPs #params | train sec./iter. train mem. infer sec./batch infer mem. /batch AP
bs=1 bs =4 bs =8 bs =16 bs=1 bs=4 bs=8 bs=16
SB-Res-50 8.90 34.0M | 0.946/0.211 11.9G |0.012/0.005 0.013/0.010 0.015/0.017 0.024/0.027|0.16G 0.17G 0.21G 0.30G |70.4
SB-Res-101 12.4 53.0M | 1.008/0.320 13.2G  |0.020/0.009 0.021/0.014 0.024/0.023 0.035/0.038|0.23G 0.24G 0.28G 0.37G |71.4
SB-Res-152 15.7 68.6M | 1.085/0.415 14.8G  |0.030/0.012 0.033/0.019 0.035/0.031 0.048/0.051|0.29G 0.31G 0.35G 0.43G |72.0
HRNetV1-W32| 7.10 28.5M | 1.153/0.389 5.7G 0.057/0.015 0.059/0.017 0.061/0.020 0.062/0.031|0.13G 0.15G 0.19G 0.28G |74.4
HRNetV1-W48 | 14.6 63.6M | 1.231/0.507 7.3G 0.058/0.017 0.060/0.021 0.062/0.033 0.066/0.051|0.27G 0.30G 0.32G 0.44G |75.1

TABLE 18
Semantic segmentation complexities on PyTorch 1.0. Training: 4 V100 GPU cards, input size 512 x 1024, and batch size 8. Inference: a single
V100 GPU card, input size 1024 x 2048, and batch size 1, 4, and 8. Several observations are highlighted: (1) The training memory costs are
similar, and the inference memory costs are similar but larger for our approach with larger batch size; (2) The training and inference time costs of
our approach are much smaller. The results are obtained on Cityscapes val.

backbone GFLOPs #params train sec./iter. train mem. infer sec./batch infer mem. /batch mloU
bs=1 bs =4 bs=8 bs=1 bs =4 bs =8
Dilated-ResNet 1661.6 52.1M 0.6611 12.4G 0.3351 1.2882 2.7039 1.13G 3.92G 7.64G 75.7
PSPNet 2017.6 65.9M 0.8368 14.4G 0.3972 1.5296 3.2003 1.60G 5.04G 9.81G 79.7
DeepLabv3 1778.7 58.0M 0.8502 13.3G 0.4113 1.5307 3.2000 1.15G 3.95G 7.67G 78.5
HRNetV2-W48 696.2 65.9M 0.6920 13.9G 0.1502 0.05421 1.1032 1.79G 6.37G 12.5G 81.1
TABLE 19

COCO object detection complexities on PyTorch 1.0. Training: 4 V100 GPU cards, input size 800 x 1333, and batch size 8. Inference: a single V100

GPU card, input size 800 x 1333, and batch size 1, 4, and 8. The performance are reported on the COCO 2017val for each model with the learning

schedule of 2x. Several observations are as follows: (1) The training memory for the HRNet is a little larger for similar #params, but the inference

memory are similar with higher AP scores; (2) The training runtime costs of the HRNet are a little larger than ResNet based networks and smaller
than ResNext based networks, and the inference runtime costs is smaller for similar GFLOPs.

infer sec./batch infer mem./batch

backbone GFLOPs #params | sec./iter. train mem. AP AP AP75 APgs AP AP
P bs=1 bs=4 bs=8 |bs=1 bs=4 bs=8 b0 AbTs AESs AhM AnL

ResNet-50 172.34 39.77TM | 0.4167 3.4G 0.0739 0.2495 0.4921 | 0.55G 1.68G 2.93G|37.6 58.7 41.3 21.4 40.8 49.7

ResNet-101 239.37 57.83M | 0.5502 5.4G 0.0870 0.3018 0.6089 | 0.62G 1.76G 3.25G | 39.8 61.4 43.4 229 43.6 524

X-101-64 x 4d 381.83 94.85M | 1.1828 9.5G 0.1438 0.4832 0.9764 | 0.77G 1.92G 3.41G | 40.8 62.1 44.6 23.2 44.5 53.7
HRNetV2p-W18 | 159.06 26.18M | 0.6166 6.2G 0.0968 0.2320 0.4471|0.33G 1.01G 1.91G|38.0 58.9 41.5 22.6 40.8 49.6
HRNetV2p-W32 | 245.33 45.04M | 0.6901 8.5G 0.1014 0.2738 0.5546 | 0.51G 1.51G 2.83G | 40.9 61.8 44.8 24.4 43.7 53.3
HRNetV2p-W48 | 399.12 79.42M | 0.9648 11.3G 0.1162 0.3762 0.7296 | 0.79G 2.16G 3.99G | 41.8 62.8 45.9 25.0 44.7 54.6
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APPENDIX D
FACIAL LANDMARK DETECTION

Facial landmark detection a.k.a. face alignment is a problem of detecting the keypoints from a face image. We perform
the evaluation over four standard datasets: WFLW [149], AFLW [75], COFW [10], and 300W [121]. We mainly use the
normalized mean error (NME) for evaluation. We use the inter-ocular distance as normalization for WFLW, COFW, and
300W, and the face bounding box as normalization for AFLW. We also report area-under-the-curve scores (AUC) and failure
rates.

We follow the standard scheme [149] for training. All the faces are cropped by the provided boxes according to the
center location and resized to 256 x 256. We augment the data by £30 degrees in-plane rotation, 0.75 — 1.25 scaling, and
randomly flipping. The base learning rate is 0.0001 and is dropped to 0.00001 and 0.000001 at the 30th and 50th epochs.
The models are trained for 60 epochs with the batch size of 16 on one GPU. Different from semantic segmentation, the
heatmaps are not upsampled from 1/4 to the input size, and the loss function is optimized over the 1/4 maps.

At testing, each keypoint location is predicted by transforming the highest heatvalue location from 1/4 to the original
image space and adjusting it with a quarter offset in the direction from the highest response to the second highest
response [23].

We adopt HRNetV2-W18 for face landmark detection whose parameter and computation cost are similar to or smaller
than models with widely-used backbones: ResNet-50 and Hourglass [105]. HRNetV2-W18: #parameters = 9.3M, GFLOPs
= 4.3G; ResNet-50: #parameters = 25.0M, GFLOPs = 3.8G; Hourglass: #parameters = 25.1M, GFLOPs = 19.1G. The
numbers are obtained on the input size 256 x 256. It should be noted that the facial landmark detection methods adopting
ResNet-50 and Hourglass as backbones introduce extra parameter and computation overhead.

WFLW. The WFLW dataset [149] is a recently-built dataset based on the WIDER Face [164]. There are 7,500 training and
2,500 testing images with 98 manual annotated landmarks. We report the results on the test set and several subsets: large
pose (326 images), expression (314 images), illumination (698 images), make-up (206 images), occlusion (736 images) and
blur (773 images).

Table 20 provides the comparison of our method with state-of-the-art methods. Our approach is significantly better
than other methods on the test set and all the subsets, including LAB that exploits extra boundary information [149] and
PDB that uses stronger data augmentation [40].

AFLW. The AFLW [75] dataset is a widely used benchmark dataset, where each image has 19 facial landmarks. Following
[149], [191], we train our models on 20,000 training images, and report the results on the AFLW-Full set (4, 386 testing
images) and the AFLW-Frontal set (1314 testing images selected from 4386 testing images).

Table 21 provides the comparison of our method with state-of-the-art methods. Our approach achieves the best
performance among methods without extra information and stronger data augmentation and even outperforms DCFE
with extra 3D information. Our approach performs slightly worse than LAB that uses extra boundary information [149]
and PDB [40] that uses stronger data augmentation.

COFW. The COFW dataset [10] consists of 1,345 training and 507 testing faces with occlusions, where each image has 29
facial landmarks.

Table 22 provides the comparison of our method with state-of-the-art methods. HRNetV2 outperforms other methods
by a large margin. In particular, it achieves the better performance than LAB with extra boundary information and PDB
with stronger data augmentation.

300W. The dataset [121] is a combination of HELEN [80], LFPW [5], AFW [193], XM2VTS and IBUG datasets, where each
face has 68 landmarks. Following [117], we use the 3,148 training images, which contains the training subsets of HELEN
and LFPW and the full set of AFW. We evaluate the performance using two protocols, full set and test set. The full set
contains 689 images and is further divided into a common subset (554 images) from HELEN and LFPW, and a challenging
subset (135 images) from IBUG. The official test set, used for competition, contains 600 images (300 indoor and 300 outdoor
images).

Table 23 provides the results on the full set, and its two subsets: common and challenging. Table 24 provides the results
on the test set. In comparison to Chen et al. [23] that uses Hourglass with large parameter and computation complexity
as the backbone, our scores are better except the AUCy g scores. Our HRNetV2 gets the overall best performance among
methods without extra information and stronger data augmentation, and is even better than LAB with extra boundary
information and DCFE [141] that explores extra 3D information.
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TABLE 20
Facial landmark detection results (NME) on WFLW test and 6 subsets: pose, expression (expr.), illumination (illu.), make-up (mu.), occlusion
(occu.) and blur. LAB [149] is trained with extra boundary information (B). PDB [40] adopts stronger data augmentation (DA). Lower is better.

backbone test pose expr. illu. mu occu. blur
ESR [14] - 11.13 25.88 11.47 10.49 11.05 13.75 12.20
SDM [158] - 10.29 24.10 11.45 9.32 9.38 13.03 11.28
CFSS [191] - 9.07 21.36 10.09 8.30 8.74 11.76 9.96
DVLN [150] VGG-16 6.08 11.54 6.78 5.73 5.98 7.33 6.88
Our approach HRNetV2-W18 4.60 7.94 4.85 4.55 4.29 5.44 5.42
Model trained with ext ra info.
LAB (w/ B) [149] Hourglass 5.27 10.24 5.51 5.23 5.15 6.79 6.32
PDB (w/ DA) [40] ResNet-50 5.11 8.75 5.36 4.93 5.41 6.37 5.81

TABLE 21

Facial landmark detection results (NME) on AFLW. DCFE [141] uses extra 3D information (3D). Lower is better.

backbone full frontal

RCN [55] - 5.60 5.36
CDM [169] - 5.43 3.77
ERT [67] - 4.35 2.75
LBF [116] - 4.25 2.74
SDM [158] - 4.05 2.94
CFSS [191] - 3.92 2.68
RCPR [10] - 3.73 2.87
CCL [192] - 2.72 2.17
DAC-CSR [41] 2.27 1.81
TSR [101] VGG-S 2.17 -
CPM + SBR [35] CPM 2.14 -
SAN [34] ResNet-152 1.91 1.85
DSRN [102] - 1.86 -
LAB (w/o B) [149] Hourglass 1.85 1.62
Our approach HRNetV2-W18 1.57 1.46
Model trained with ext ra info.

DCFE (w/ 3D) [141] - 2.17 -
PDB (w/ DA) [40] ResNet-50 1.47 -
LAB (w/ B) [149] Hourglass 1.25 1.14

TABLE 22
Facial landmark detection results on COFW test. The failure rate is calculated at the threshold 0.1. Lower is better for NME and FRy. ;.

backbone NME FRo.1
Human - 5.60 -
ESR [14] - 11.20 36.00
RCPR[10] - 8.50 20.00
HPM [45] - 7.50 13.00
CCR [39] - 7.03 10.90
DRDA [174] - 6.46 6.00
RAR [153] - 6.03 4.14
DAC-CSR [41] - 6.03 4.73
LAB (w/o0 B) [149] Hourglass 5.58 2.76
Our approach HRNetV2-W18 3.45 0.19
Model trained with ext ra info.
PDB (w/ DA) [40] ResNet-50 5.07 3.16
LAB (w/ B) [149] Hourglass 3.92 0.39
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TABLE 23
Facial landmark detection results (NME) on 300W: common, challenging and full. Lower is better.

backbone common challenging full
RCN [55] - 4.67 8.44 5.41
DSRN [102] - 4.12 9.68 5.21
PCD-CNN [78] - 3.67 7.62 4.44
CPM + SBR [35] CPM 3.28 7.58 4.10
SAN [34] ResNet-152 3.34 6.60 3.98
DAN [76] - 3.19 5.24 3.59
Our approach HRNetV2-W18 2.87 5.15 3.32
Model trained with ext ra info.
LAB (w/ B) [149] Hourglass 2.98 5.19 3.49
DCEE (w/ 3D) [141] - 2.76 5.22 3.24

TABLE 24

Facial landmark detection results on 300W test. DCFE [141] uses extra 3D information (3D). LAB [149] is trained with extra boundary information
(B). Lower is better for NME, FRy.0s and FRy.1, and higher is better for AUC(.0s and AUC ;.

backbone NME AUCy.0s AUCo .1 FRo.0s FRo.1
Balt. et al. [4] - - 19.55 - 38.83 -
ESR [14] - 8.47 26.09 - 30.50 -
ERT [67] - 8.41 27.01 - 28.83 -
LBF [116] - 8.57 25.27 - 33.67 -
Face++ [186] - - 32.81 - 13.00 -
SDM [158] - 5.83 36.27 - 13.00 -
CFAN [175] - 5.78 34.78 - 14.00 -
Yan et al. [162] - - 34.97 - 12.67 -
CFSS [191] - 5.74 36.58 - 12.33 -
MDM [138] - 4.78 45.32 - 6.80 -
DAN [76] - 4.30 47.00 - 2.67 -
Chen et al. [23] Hourglass 3.96 53.64 - 2.50 -
Deng et al. [30] - - - 47.52 - 5.50
Fan et al. [37] - - - 48.02 - 14.83
DReg + MDM [45] ResNet101 - - 52.19 - 3.67
JMFA [31] Hourglass - - 54.85 - 1.00
Our approach HRNetV2-W18 3.85 52.09 61.55 1.00 0.33
Model trained with ext ra info.
LAB (w/ B) [149] Hourglass - - 58.85 - 0.83
DCFE (w/ 3D) [141] - 3.88 52.42 - 1.83 -
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APPENDIX E

MORE OBJECT DETECTION AND INSTANCE RESULTS ON COCO var2017

22

TABLE 25: More object detection and instance segmentation results on COCO val. AP® and AP™ denote box mAP and mask
] except that the results using HRNet are obtained by running the code at https:

mAP respectively. Most results are taken from [

/ / github.com/open-mmlab/mmdetection.

Backbone | LS | AP® AP%, AP} APY  APh,  APY | AP™  APZ  APY APY APy, APY
FCOS
R-50 (c) 1x 367 558 392 21.0 407 484 - - - - - -
R-101 (¢) 1x 39.1 585 418 220 435 511 - - - - - -
R-50 (c) 2x 369 558 391 204 401 492 - - - - - -
R-101 (¢) 2x 39.1 586 417 221 424 525 - - - - - -
HRNetV2-W18 1x 352 529 373 204 378 46.1 - - - - - -
HRNetV2-W32 1x 382 562 409 222 418 500 - - - - - -
HRNetV2-W18 2x 37.7 559 40.1 220 408 485 - - - - - -
HRNetV2-W32 2x 403 58.7 433 23,6 434 529 - - - - - -
FCOS (mstrain)
R-50 (c) 2x 387 580 414 234 428 490 - - - - - -
R-101 (¢) 2x 40.8  60.1 438 245 445 528 - - - - - -
HRNetV2-W18 2x 38.1 563 40.6 229 411 486 - - - - - -
HRNetV2-W32 2x 414 603 442 252 448 523 - - - - - -
HRNetV2-W48 2x 429 619 459 264 467 546 - - - - - -
X-101-64x4d 2x 428 626 457 265 469 545 - - - - - -
Mask R-CNN
R-50 (c) 1x 374 589 404 217 410 491 | 343 558 364 180 376 473
R-101 (¢) 1x 399 615 436 239 440 518 | 36.1 57.9 387 198 398 495
R-50 1x 373 590 402 219 409 48.1 | 342 559 362 182 375 463
R-101 1x 394 609 433 230 437 514 | 359 577 384 192 397 497
HRNetV2-W18 1x 373 582 407 221 402 476 | 342 550 362 184 367  46.0
HRNetV2-W32 1x 40.7 619 446 251 444 518 | 368 587 395 209 400 493
X-101-32x4d 1x 411 628 450 240 454 526 | 37.1 59.4 39.8 197 411 50.1
X-101-64x4d 1x 421 638 463 244 466 553 | 380 606 409 202 421 52.4
R-50 2x 385 599 418 226 420 505 | 351 56.8 370 189  38.0 483
R-101 2x 40.3 615 441 222 448 529 | 365 581 39.1 184 402 504
HRNetV2-W18 2x 39.2  60.1 429 242 421 508 | 357 573 38.1 176 378 523
HRNetV2-W32 2x 423 627 461 261 455 547 | 376 59.7 403 214 405 512
X-101-32x4d 2x 414 625 454 240 454 545 | 371 59.4 39.5 199 406 513
X-101-64x4d 2x 420 63.1 46.1 239 458 556 | 377 599 404 196 413 525
Cascade Mask R-CNN
R-50 1x 412 59.1 451 233 445 545 | 357 563 386 185 386 492
R-101 1x 426 60.7 467 238 464 569 | 370 58.0 39.9 19.1 405 514
X-101-32x4d 1x 444 626 486 254 481 587 | 382 596 412 203 419 524
X-101-64x4d 1x 454 637 497 258 492 60.6 | 39.1 61.0 421 205 426 541
R-50 20e 423 605 46.0 237 457 564 | 36,6 576 39.5 190 394 507
R-101 20e 433 613 470 244 469 58.0 | 376 585 40.6 197 408 524
HRNetV2-W18 20e 419 596 457 238 449 550 | 364 568 39.3 170 386 529
HRNetV2-W32 20e 445 623 486 261 479 585 | 385 596 419 189 411 56.1
HRNetV2-W48 20e 46.0 637 503 275 489 60.1 | 395 61.1 428 197 418 569
X-101-32x4d 20e 447 63.0 489 259 487 589 | 386 602 417 209 421 52.7
X-101-64x4d 20e 45.7 641 500 262 496 60.0 | 394 613 429 208 427 541
Hybrid Task Cascade
R-50 1x 421 60.8 459 239 455 562 | 373 582 402 195 406 517
R-50 20e 432 621 468 249 464 578 | 38.1 594 410 203 411 52.8
R-101 20e 449 638 487 264 483 599 | 394 609 424 214 424 544
HRNetV2-W18 20e 43.1 615 468 266 460 569 | 379 590 406 188 399 552
HRNetV2-W32 20e 453 636 491 270 484 595 | 396 612 430 19.1 420 579
HRNetV2-W48 20e 46.8 653 51.1 28.0 502 61.7 | 40.7 626 442 197 434 593
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TABLE 25 - Continued from previous page

Backbone LrSchd | AP® AP%, AP% APY AP, APY | AP™ APZ, APR APZ APy, APy
HRNetV2-W48 28e 470 655 510 288 503 622 | 410 630 447 208 439 599
X-101-32x4d 20e 461 651 502 275 498 612 | 403 622 435 223 437 555
X-101-64x4d 20e 469 660 512 280 507 621 | 408 633 441 227 442 563
X-101-64x4d 28e 468 656 509 275 51.0 617 | 407 631 439 200 441 599
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