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Abstract

Aiming at the challenge of modeling the relations globally among different body joints. In this
paper, we proposed a simple network based on graph reasoning for human pose estimation, which
named SP-GRe. We introduce dilated convolution to construct a Dilated Bottleneck Module (DRM),
which can enlarge the receptive field and exploit its feature extraction capability. Meanwhile, it
can enhance the model’s local representations of each key point. In view of the potential advan-
tages of graph-based propagation, we design a Global Graph Reasoning module (GGR) based on
graph convolution. The module stores the explicit joints in the graph structure for global relation-
ship reasoning. By aggregating the features of local joints and global graph nodes, GGR enables
the accurate location of key points in the interaction between projection and back-projection. Com-
prehensive experiments demonstrate that the proposed method achieves superior top-down pose
estimation results on two benchmark datasets, MSCOCO and MPII. Moreover, SP-GRe demon-
strates superior results on human pose estimation over popular human pose estimation networks.

Keywords: Human pose estimation, dilated convolution, graph convolution, graph reasoning.

1. Introduction

Human pose estimation(HPE) is an important
problem in the field of computer vision, the purpose
is to locate key points (human joints or parts). It is
the basis of other related tasks and various advanced
visual applications, including video pose estimation[1,
2], pose tracking[3] and human action recognition[4, 5].
It is also the basic tool of video surveillance, human-
computer interaction, virtual reality[6, 7, 8].

Deep learning[1, 2, 6, 8, 9] has achieved huge suc-
cess in multi-domain computer tasks. HPE architec-
ture based on Convolutional Neural Networks (CNNs)
[3, 10, 11, 12, 13] have also achieved great advantages
in computer vision tasks. However, the receptive field
of convolution operation is limited, it can only capture
local information. CNNs stack the convolution layers
into a depth model to aggregate the rich information

of the global background. It is very challenging to inte-
grate the prior information of human structure into
the deep CNNs. Therefore, recent approaches consider
the structure of joints in the human body. For exam-
ple [14], in the first stage, a heat map is generated to
produce an initial pose, and in the second stage, the
initial pose obtained from the heat map is refined by
an Image-guided Progressive GCN (IPE-GCN) mod-
ule. And in [15], heatmap regression network is applied
to obtain a rough localization result and a set of
proposal guided points. Then, for each guided point,
different visual feature is extracted by the localiza-
tion subnet. These methods are two-stage networks in
which human joints are refined in the second stage.
Therefore, we hope to infer the relationship between
different joints in the early stage of CNN networks.
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In this paper, we propose a Dilated Bottleneck
Module (DBM) to expand the receptive field and avoid
the loss of local location information. The standard
convolution operation is reformulated by dilating[16],
learning the optimal receptive field and increasing
the spatial sampling position. And we use dilated
convolution instead of standard convolution. Node-
based Graph Convolution Network(GCN)[4, 17, 18]
exchanges information between adjacent nodes and
extracts the neighborhood features of graph. We
design a Global Graph Reasoning module, the rela-
tionship between joints is processed by graph con-
volution, and information interaction between local
features and global features is carried out in the
process of projection and back-projection.

Our contributions can be summarized as follows:
(1) We proposed a simple network based on graph

reasoning for human pose estimation: SP-GRe, which
is focusing on the interaction between the features of
local joints and global graph nodes.

(2) We introduce dilated convolution to build a
dilated bottleneck module and enlarge the receptive
field. This module explores the search problem within
the dilated domain, learning the optimal receptive
field in a variety of dilation patterns, covering all body
joints in the image.

(3) We design a global graph reasoning module,
which infers the global relationship of human joints
by graph convolution, and constructs the local and
global information interaction of human key points in
the process of projection and back-projection.

2. Related Work

2.1. Multi-person Pose Estimation

Top-down method. The top-down method first
detects the human body position on the image, and
then performs single pose estimation for each detected
human body. Fang et al.[19] designed a new Regional
Multi-person Pose Estimation (RMPE) method to
improve the performance of HPE in complex scenes.
Mask-RCNN proposed by HE.et al.[20] predict human
bounding box and human key points at the same time.
Chen et al. [10] proposed CPN (Cascaded Pyramid
Network), which is divided into two stages: Global-
Net and RefineNet. GlobalNet is responsible for the
detection of all key points in the network. RefineNet
refines the prediction results of GlobalNet. Li et al.
[21] designed a global maximum joint association algo-
rithm to solve the association problem in crowded
scenes. SRFNet[22] uses skip connection fuse multi-
scale feature which allows the network to improve
spatial context. FastNet[23] aims at the problem of
developing efficient models for HPE algorithms under
computation-limited resources. Qiu et al. [14] devel-
oped the occlusion pose estimation and correction
(OPEC-Net) module and designed an occlusion pose
dataset(OCPose) for crowd pose estimation.
Bottom-up method. The bottom-up method[2, 24,
25, 26] detects all candidate joints by applying a joint
detector globally, and then clusters them according
to a certain method. Pishchulin et al. [24] proposed
the first bottom-up pose estimation method. They

perform the estimation tasks by solving the mini-
mum cost multi-cut problem, which model candidate
joints as vertices and candidate trunk relationships
as edges. Insafutdinov et al.[25] introduced deeper-
cut and improved deepcut to improve performance
and speed. Cao et al. [2] proposed part affinity fields
(PAFs) and effectively associated key points with
individuals in the image using Hungarian bipartite
matching algorithm. Luo et al.[27] proposed the joints
kinship pattern matching algorithm, which calculates
the degree of relatedness (call it Kinship) for adjacent
joints.

2.2. Graph Convolution Networks

Recently, the graph methods based on CNN [28,
29, 30] can effectively capture the dependencies among
joints. Kipf et al.[28] proposed a graph convolution
network (GCN) for semi-supervised classification for
the first time. Since then, GCN has been widely used
in various tasks. Chen et al. [17] proposed a graph-
based global reasoning network and designed a global
reasoning unit to infer between disjoint and distant
regions. In addition, 2D to 3D pose regression is also
a graph prediction problem. Zhao et al.[31] proposed
a new 2D to 3D human pose estimation method,
which uses SemGCN to realize 2D to 3D human pose
regression.

3. Our Methods

We aim to capture local processing and global
interaction of human pose estimation. The overall
framework of our method is shown in Figure1.

3.1. Dilated Bottleneck module

CNNs[32, 33] enlarge the receptive field by stack-
ing multiple convolution layers and down-sampling,
restore the original image by up sampling. If the down-
sampling ratio under the height and width of feature
map is too large, it will be difficult to restore the
original image.

To enlarge the receptive field and fully exploit its
feature extraction capability, we propose a dilated bot-
tleneck module to enhance the local perception ability
of the model for each key point. We use dilated convo-
lution [34] to obtain larger receptive fields and reduce
information loss instead of pooling. Based on the opti-
mization method of dilated convolution in [16], this
paper explores the search problem in the dilatation
domain, carries out independent dilatation between
different axes, channels and layers, selects the optimal
dilation patterns with the best representation ability.

As shown in Fig2 (b), the pre-trained convolution
layer is used to select the optimal expansion mode
from a variety of dilation patterns through hybrid
dilated convolution, and each layer of the same dila-
tion patterns is recombined to obtain the optimal
receptive fields, which is expressed as follows:

R =
{(

r
i
x, r

i
y

)
| rix ∈ {1, 2, ..., rmax} , r

i
y ∈ {1, 2, ..., rmax}

}

(1)

where i ∈ {1, 2, ..., C}, C is the output channel, rix and

riy are the dilation values in x axis and y axis of the
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Fig. 1: The SP-GRe framework. The input image is fed in the backbone, the dilated bottleneck module and the global graph
reasoning module generate one heatmap per joint or class. Similar to SimpleBaseline[3], our SP-GRe consists of a backbone network
with several deconvolution layers. However, we use the dilated bottleneck module as the bottleneck residual block to enlarge the
receptive field and use the global graph-reasoning module to infer the global relationship of joints.

filter at the i − th output channel, ranging from 1 to
rmax. Calculate the minimum error L1 loss between
the output expectation of the pre-training weight W
and the output expectation of the sampling expansion
weight Wr:

min

C∑

i=1

ω
(
(W i −W

i
rix,r

i
y
· Conv(1)

)
(2)

where 1 represents an all-ones matrix with the same
dimension. The optimal receptive field R of each con-
volution layer can be easily solved after traversing all
dilation patterns (rix, r

i
y).

We design a dilated bottleneck module instead
of bottleneck residual block of ResNet. The standard
bottleneck residual block is composed of 1 × 1 ,3 × 3
and 1×1convolution. As shown in Figure2(a), the 3×3
convolution in the bottleneck residual block can be
easily replaced by an optimized dilated convolution to
obtain a new dilated bottleneck module, as shown in
Figure2(c).

3.2. Global Graph Reasoning Module

Since convolution operations can only model local
relationships, most methods inefficiently build deep
networks to capture global relationships between dif-
ferent key points. Inspired by Chen[17] et al., we
directly infer the global relation of the structure of
human body diagram. We project the local joints fea-
tures to a global graph space, in which we use graph
convolution to achieve global graph reasoning to get
the graph node features, and then projected into the
downstream coordinate space. Therefore, global graph
reasoning can be performed in early stages of human
pose estimation. As shown in Figure3.

3.2.1. Local features projection

Firstly, we need to find the projection function
that projects the local joint feature to the global graph

space, so that the local feature f ∈ R
W×H×C is

updated to feature F ∈ R
N×C through the projec-

tion function Λ (·), N is the number of node features
in the global graph space. The projection function is
expressed as the linear combination of the local fea-
tures, and the linear projection of the local features is
used to obtain new features:

F = Λ(f) = λif =
∑

∀j

λijfj (3)

where fj ∈ R
1×C , the feature fj of node j is

assigned to F weighted by a scalar λij . To reduce
the input dimension and enhance the capacity of the
projection function, learnable projection weights λ =

[λ1, λ2, ..., λn] ∈ R
W×H×C can be directly generated

by a 1×1 convolution. The resulting projection weight
λ is multiplied by the input feature to project the local
feature into the global graph space.

3.2.2. Global graph reasoning

Local features projected into the global graph
space are regarded as nodes of a fully connected
graph. The fully connected graph is inferred by learn-
ing edge weights that correspond to interactions of
the underlying globally-pooled features of each node.

Inspired by the fast graph convolution[16]: H(l+1) =

σ
(
D̃− 1

2 ÃD̃− 1

2H(l)W (l)
)
, the graph reasoning in the

model is re-expressed as:

G = σ (LFΘ) = σ
((

I −D
− 1

2AD
− 1

2

)
FΘ

)
(4)

F represents the input features, Θ represents a train-
able weight matrix, σ represents the ReLU activation
function, and G represents the global node-feature
matrix.

Firstly, the graph convolution performs Laplace
smoothing to propagate the node features on the
graph. During training, the adjacency matrix A learns
the weights of edges, which reflect the relationship
between the globally-pooled features of each node.
After receiving all the necessary information, each
node updates the state of the node through the corre-
sponding linear transformation Θ. We use graph con-
volution via two 1D convolution layers along different
directions, channel-wise and node-wise.

3.2.3. Global feature back-projection

To make the above building block compatible with
CNN architectures, we project the output features
back to the downstream space after the graph reason-
ing. In this way, the features updated from reasoning
can be used by the following convolution layer to make
better decisions and obtain the information between
key points. The back-projection is similar to projec-

tion. Given the node-feature matrix G ∈ R
N×C ,

we aim to learn a back-projection function Φ (·),
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Fig. 2: Dilated Bottleneck Module.

Fig. 3: Global graph reasoning. The local feature f ∈

R
W×H×C is updated to F ∈ R

N×C through 1 × 1 convolu-
tion, and then the learnable projection weight λ is generated,
while the input dimension is also reduced. The information
generated by graph convolution is back-projected to the down-
stream coordinate space, and the output of the convolution
layer is reused as the weight. Another convolution layer is
attached after migrating the information back to the down-
stream coordinate space for dimension expansion, so that the
output dimension can match the input dimension forming a
residual path.

transform the feature to F̂ ∈ R
W×H×C ,

F̂ = Φ(G) = ϕiG =
∑

∀j

ϕijgj (5)

similar to the projection, we can set ϕ = λ⊤ and reuse
the projection λ to reduce the computational cost
without any negative impact on the final accuracy.

Figure3 shows the detailed process of global
graph reasoning. The information of graph convolu-
tion is projected back to the original coordinate space
through formula5, and the output of convolution is
reused as the weight. After the information is migrated
back to the original coordinate space for dimen-
sion expansion, another convolution layer is added to
match the output dimension with the input dimension
to form a residual path. Finally, the dilated bottleneck
module and the global graph reasoning module are
integrated into the ResNet network, followed by three
deconvolution and convolution alternating networks to
obtain a high-resolution heatmap.

4. Experiments

In order to evaluate our proposed global graph rea-
soning network, we conducted comprehensive exper-
iments on MPII[35] data set and COCO[36] data
set. Our implementation details and data sets are
described below.

4.1. Implementation details

For fair comparison, we used the same training
configuration as [3], trained 180 epochs on MPII train-
ing set and 140 epochs on COCO training set. We use
the Adam optimizer, which basic learning rate is le-3.
Similar to[37], we use Mean Squared Error (MSE) loss,
the target’s heatmap is achieved by using a 2D Gaus-
sian distribution near the target location. We used
three different input sizes (256× 192, 256× 256,384×
288) and experiment on ResNet50 and ResNet101. We
also further experiment on a high-resolution network
HRNet.The networks are all trained on 1 Nvidia GTX
3080Ti GPUs.

4.2. COCO Dataset

The COCO dataset provides challenging images
with different body poses, different body scales and
occlusion patterns in the wild. It contains 200K images
and 250K person instances labeled with 17 joints. We
trained our model on the COCO train2017 dataset,
including 57K images and 150K human instances. We
evaluate our method on the val2017 set and test-
dev2017 set, which contains 5000 images and 20K
images.

4.2.1. Evaluation metric

The standard evaluation index is based on
Object Keypoint Similarity metric (OKS): OKS =
∑

i exp

(

−
d2i

2s2k2
i

δ

)

(vi>0)
∑

i δ(vi>0)
, di represents the Euclidean

distance between the detected key point and the cor-
responding ground truth, vi represents the visible sign
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of the ground truth, s is the scale of the object, ki con-
trols falloff. We report standard average precision and

recall scores: AP 50, AP 75, AP , APM , APL and AR.

4.2.2. Results on the validation set

According to the width of the network, our net-
work includes SP-GRe-50 and SP-GRe-101. Table1
reports the pose estimation performances of our
method and baseline in ResNet50 and ResNet101,
and images input size are 256×192 and 384x288. SP-
GRe-50 achieves an AP of 75.5 with the input of
384×288. It outperforms all the backbone approaches.
The improvement is 3 points for SP-GRe-50 and 1.5
points for SP-GRe-101 in the input of 256 × 192. In
the larger input 384 × 288, the improvement is 1.8
points for SP-GRe-50 and 1.6 points for SP-GRe-101.
We can find that the improvement of SP-GRe on the
small network is more obvious than on the large net-
work, as shown in Figure4a. We report the results of
our method and previous state-of-the-art methods in
Table2. Compared with CPN and CPN (ensembles),
SP-GRe-50 achieves 3.4 and 2.5 points gain. Com-
pared with GGR- GCN[38], SP-GRe-50 improves AP
by 2.9 points.

Meanwhile, we report the results with the global
graph reasoning module on the backbone HRNet and
compared results with baseline, as shown in Table3.
With the input size 256× 192, SP-GRe-W32 achieves
76.5 AP, outperforming HRNet-W32 with the same
input size. With the input size 384× 288, SP-GRe-
W32 achieve 3.5 points gain. Figure4b shows the
accuracy in different image input sizes on COCO for
SP-GRe-W32. Figure6 shows the visual results on
COCO from SP-GRe-W32.

4.2.3. Results on the test set

Table4 reports the pose estimation performances
of our approach and the existing state-of-the-art
approaches. Our approach is significantly better than
many top-down approaches. On the other hand, our
small network, SP-GRe-50, with the input size 256 ×
192, achieves an AP of 70.7. It outperforms the base-
line. Our big model, SP-GRe-W32, achieves 74.8 AP.
The results are also close to the best-reported pose
estimation results. Our model using smaller networks
ResNet50 has higher accuracy than other models with
the same network.

4.3. MPII Dataset

The MPII dataset contains 25K images with over
40K annotated poses, which consists of whole-body
annotated images from a wide-range of real-world.
There are 12K subjects for testing and the remaining
subjects for the training set.

4.3.1. Evaluation metric

The standard metric, the PCKh (head-normalized
probability of correct keypoint) score, is used. When
the detection of joint is within a threshold distance of
the ground truth, the evaluation metric is used to con-
sider whether the prediction of key points is correct.

MPII dataset uses threshold of PCKh@0.5, which is
50% of the head diameter.

4.3.2. Results on MPII Dataset

Table5 shows the PCKh@0.5 results on the MPII
test set. SP-GRe-W32 achieves a 91.3 PCKh@0.5 score
and outperforms the stacked hourglass approach [37].
Our method is not better than the other state-of-the-
art methods. There are two reasons: 1) The first might
be that the performance in this dataset tends to be
saturated. 2) Our model is more suitable for small net-
works, compared with the big networks, the network
expression ability is not enough.

4.4. Ablation Studies

We study the effect of each component in our
approach on the COCO val dataset. All results are
obtained over the input size of 256 × 192 and 384
× 288. And we use ResNet-50 as the backbone.
Figure5 shows how the input image size affects the
performance in comparison with SimpleBaseline.

4.4.1. Dilated Bottleneck module

As shown in Table6, the dilated bottleneck module
can greatly improve the performance of network. We
study the influence of the different image size within
dilated bottleneck module in Figure5. For example,
the dilated bottleneck module gets 2 AP over the base-
line with the input of 256x192, and improves 1.1 points
with the input of 384 × 288. It proves the effectiveness
of the dilated bottleneck module.

4.4.2. Global Graph Reasoning

As the results from Table6 show, adding the
global graph reasoning module lead to a better
result with the input of image size 256 × 192. SB-
50+GGRM achieves 2.2 points gain. However, we find
that the performance decrease with input large image
size. This illustrates that global graph reasoning has
more advantages in small-scale images. When we add
dilated bottleneck module and global graph reasoning
module to baseline, the performance is significantly
improved in both image sizes 256×192 and 384×288.

5. Conclusion

In this paper, we proposed a simple network based
on graph reasoning for human pose estimation. We
propose a dilated bottleneck module to obtain a large
receptive field without pooling and reduce the loss
of information. And global graph reasoning module
performs global reasoning on human joints through
the interaction of projection and back-projection. The
local joint feature and global graph node feature are
extracted to realize the accurate positioning of key
points. Because we focus on a simper human pose esti-
mation network, the performance of this method fails
to reach the state-of-the-art performance.

Acknowledgments. This work was supported by
Natural Science Foundation of Fujian Province, China
under grant 2020J01082.
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(a) The backbone: Simplebaseline (b) The backbone: HRNet-W32

Fig. 4: Accuracy of different backbones in different image input sizes

Table 1: Comparisons with SimpleBaseline on the COCO validation set.

Method Backbone Input AP AP 50 AP 75 APM APL AR
Simplebaseline-50 ResNet50 256 × 192 70.4 88.6 78.3 67.1 77.2 76.3

SP-GRe-50 ResNet50 256 × 192 73.4 92.6 81.5 70.6 78 76.5
Simplebaseline-50 ResNet50 384 × 288 73.7 91.9 81.1 70.3 80.0 79.0

SP-GRe-50 ResNet50 384 × 288 75.5 92.5 82.6 72.6 80.3 78.4
Simplebaseline-101 ResNet101 256 × 192 71.4 89.3 79.3 68.1 78.1 77.1

SP-GRe-101 ResNet101 256 × 192 72.9 92.4 80.3 70.1 76.9 76
Simplebaseline-101 ResNet101 384 × 288 73.6 89.6 80.3 69.9 81.1 79.1

SP-GRe-101 ResNet101 384 × 288 75.2 92.5 82.4 72.3 80.0 78.1

Fig. 5: The input image size affects the performance in com-
parison with SimpleBaseline.

Fig. 6: Example qualitative results on COCO pose estimation.
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Table 4: Comparisons on the COCO test-dev set.
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