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Abstract
In this study, focus on the task of human pose estimation. High-resolution networks (HRNet), while adept at continu-
ously integrating multi-resolution information, tend to compel the network to assimilate redundant information, thereby 
amplifying computational complexity. The single-path one-shot Neural Architecture Search (NAS) method, an efficacious 
solution to mitigate this issue. This research introduces a novel NAS method, denoted as SP-HRNet, based on Single-Path 
One-Step architecture. SP-HRNet meticulously selects the most suitable operator within a high-resolution network and 
identifies the optimal deep fusion construction methodology. Within SP-HRNet, we propose a hybrid search space incor-
porating an enhanced search strategy. Unlike the original high-resolution network, instead of modifying the network 
branches with a fixed decrement or increment, our network structure will be free to choose the most appropriate one 
among multiple branches. For this purpose, we devise two distinct search spaces labeled as Mixed Operator and Depth 
Fusion Options and formulate a novel search strategy tailored to this space. A myriad of experiments substantiates the 
effectiveness of this method. Our proposed network attains outstanding performance on the COCO human pose estima-
tion dataset, achieving heightened accuracy while concurrently reducing the number of model parameters.

Article highlights

•	 A search space was meticulously designed, incorporating a fusion of lightweight and efficient modules, for the explo-
ration of the backbone network in human pose detection. Experimental findings substantiate the superiority of this 
combined search space over spaces exclusively comprised of either lightweight or efficient modules.

•	 By formulating a search space capable of tuning the selection of deep information stacks and fusion layers, and 
employing NAS searching, the most suitable network structure is successfully found in a complex multibranch net-
work.

•	 A uniformly sampled single-path neural network structure search is deployed in the field of human pose detection 
and by replacing the original one-time search with a step-by-step replacement search strategy. Our search method-
ology facilitates the rapid identification of the optimal subnetwork, and it takes very few training rounds to get the 
optimal weights.
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1  Introduction

Being a pivotal research avenue in computer vision, multi-person pose estimation [1–4] strives to precisely deduce the 
positions of key joints (e.g., elbows, wrists, eyes) and capture the pose information of the human body within images 
or videos. Recent literature highlights the remarkable strides made by neural networks in achieving state-of-the-art 
performance. Many older methodologies involve the transmission of inputs through networks, typically composed of 
cascaded sub-networks spanning high to low resolutions, followed by an upscaling process. For instance, Hourglass [5] 
restores the resolution of prominent points through a symmetrical process from low to high, while SimpleBaseline [6] 
employs transposed convolutional layers to generate high-resolution representations. Furthermore, dilated convolu-
tion finds application in disrupting later layers of high to low-resolution networks (such as VGGNet or ResNet) [7]. Most 
recent studies have used high-resolution network methods [30, 33], they can effectively improve the accuracy of human 
posture detection. But recent investigations, illuminate that the multi-channel fusion employed in HRnet is redundant. 
This redundancy has the potential to transform parallel processes into serial processes, thereby diminishing network 
inference rates.

Three straightforward approaches can be employed to address this issue. Firstly, employing pruning and quantization 
techniques on HRnet facilitates channel reduction, optimizing the network, diminishing model complexity, and enhanc-
ing accuracy. The second approach involves substituting the computationally intensive residual modules in HRnet with 
lightweight alternatives. The third method entails leveraging Neural Network Architecture Search (NAS) to automatically 
discover efficient network structures. The first two methods are both handcrafted to create a new network or module 
and rely on expert experience. Meanwhile, when facing different scenarios in real problems, the generalizability of the 
network will be more challenged, and often the network performance will be degraded when facing different problems 
with excellent network structure in one domain. The last effectively mitigates the challenges associated with the high 
engineering cost of manually crafting compact models and the substantial reliance on human expertise and experience 
[8]. Networks with varying structures can be obtained directly by searching freshly in the hypernet, drastically reducing 
the time consumed in re-creating networks when facing different problems.

As a result, this paper adopts a contemporary strategy by embracing neural network architecture search (NAS) as an 
alternative to manual problem-solving.

This article introduces a novel solution, SP-HRNet, aimed at resolving the aforementioned challenges. SP-HRNet lev-
erages a one-shot Neural Architecture Search (NAS) [9, 40, 41] to explore structures within the backbone network. The 
devised search space encompasses both modular and structural dimensions. The structural search involves exploring the 
depth fusion options, determining the number of stacked modules at each network stage, and deciding whether multi-
resolution fusion is required for each network stacking search—parameters added to the search space for exploration. 
A specialized search strategy is tailored to this space, facilitating the separation of module search and structural search 
during exploration. Following pretraining of the entire search space on the dataset to obtain initial weights, the candidate 
architecture commences searching by inheriting weights from the supernet. Initially, module selection is locked, and the 
optimal structure is sought using mAP75 as the accuracy indicator with maximum weight (representing the maximum 
proportion). Subsequently, structure selection is locked, and another metric, mAP50, is utilized as the maximum weight 
to explore optimal module selection. The combination of these two structures forms the most promising subnet, serv-
ing as the parent for subsequent searches utilizing evolutionary algorithms to traverse the search space. This approach 
enables the simultaneous exploration of both optimal modules and structures, efficiently identifying the optimal subnet 
within an expansive search space.

The efficacy of SP-HRNet has been thoroughly validated through a series of comprehensive experiments, demon-
strating its capability to search for efficient and lightweight human pose estimation networks. The overall search went 
through only 15,000 epochs and took 3 GPU days. As illustrated in Fig. 1, our method yields distinct network structures 
depending on the input image size. At an input size of 256 × 192, our approach achieves an accuracy of 73.7, showcas-
ing a 1% improvement compared to HRNet, while necessitating merely 13.1 M Params—equivalent to 45.9% of HRNet. 
Moving to an input size of 354 × 288, we identify a subnet with only 35.4% of the parameters of HRNet, coupled with 
an improved accuracy. Our network exhibits superior fitting effects, requiring a mere 50 epochs for retraining to attain 
optimal results—merely 23.8% of the 210 epochs typically needed for similar networks.

The remainder of the paper is organized as follows. The related work is described in Sect. 2. Section 3 presents the pro-
posed approach, SP-HRNet, in detail. In Sect. 4, experimental studies are conducted, and compared with state-of-the-art 
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NAS methods. More importantly, the corresponding experimental results are analyzed and ablation experiments are 
performed. Finally, Sect. 5 summarizes this paper.

The main creations of this work are:

•	 A search space was designed, incorporating a fusion of lightweight and efficient modules, for the exploration of the 
backbone network in human pose detection. Experimental findings substantiate the superiority of this combined 
search space over spaces exclusively comprised of either lightweight or efficient modules.

•	 By formulating a search space capable of tuning the selection of deep information stacks and fusion layers, and 
employing NAS searching, the most suitable network structure is successfully found in a complex multibranch net-
work.

•	 A uniformly sampled single-path neural network structure search is deployed in the field of human pose detection 
and by replacing the original one-time search with a step-by-step replacement search strategy. Our search method-
ology facilitates the rapid identification of the optimal subnetwork, and it takes very few training rounds to get the 
optimal weights.

2 � Related work

2.1 � Human pose detection

Traditional solutions for single-person pose detection predominantly rely on probabilistic graphical models or graphical 
structural models [10], with recent advancements incorporating improved modeling of unary and pairwise energies or 
emulation of iterative reasoning processes [11] through deep learning. In contemporary scenarios, deep convolutional 
neural networks emerge as the primary solution [12–15]. Two mainstream methodologies prevail: regressing the posi-
tion of key points [16], and detecting heatmaps of key points [17], followed by selecting the position with the highest 
heat value as the key point. Convolutional neural networks utilized for keypoint heatmap detection typically comprise 
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Fig. 1   The search process of this article is divided into three steps: pretraining searcher space, Searching with Evolutionary Algorithm on the 
Validation Set, and Retraining subnetwork
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backbone subnetworks resembling classification networks, generating intermediate resolutions equivalent to the input 
representation.

Recent advancements in human pose estimation [18–23] center around the design of more robust neural network 
architectures with increased model capacity to enhance accuracy. Attention mechanisms have proven effective in captur-
ing contextual information for human pose estimation. For instance, Chu et al. [24] introduced multi-context attention 
to enhance model robustness and accuracy. Su et al. [25] proposed the SCARB module, aiming to augment pyramid 
features and channel context through spatial enhancement. Various attention modules have been explored extensively, 
including the Squeeze and Excitation (SE) block [26] for modeling channel relationships and the Global Context (GC) 
block [27] for capturing global context, as demonstrated in NLNet [28] through additive fusion.

In recent times, the advent of high-resolution networks (HRNet) [29, 30] has garnered attention. However, the network 
structure of high-resolution networks is deemed excessively complex, encountering challenges in the selection of base 
modules, determination of module stack numbers, and the rationality of fusion operations within network construction. 
One approach to address this predicament involves crafting an efficient and compact module. For instance, Kato et al. 
[31] and M. Ding et al. [32] opt to replace the BasicBlock in HRNet with a novel lightweight module. Additionally, Sota 
et al. proposed Lite HRNet Plus [33], an end-to-end human pose detection model, to improve on the problem of high 
computational cost due to fusion blocks connecting feature maps of different resolutions in Lite HRNet by designing 
a novel fusion block based on channel attention. Yi et al. [30] proposed a lightweight X-HRNet network, which found 
that a high-resolution representation is necessary to achieve high-performance human pose detection, but leads to 
high computational complexity. In this paper, the backbone network is constructed utilizing HRNet-like methods, and 
modifications to network issues are implemented through Neural Network Architecture Search (NAS).

2.2 � Neural architecture search

Neural Structure Search (NAS) is centered on the automation of neural network architecture design. Initially applied pre-
dominantly to image classification, NAS has recently extended its scope to encompass various domains, including image 
segmentation and object detection. Concurrently, NAS has made inroads into the realm of human pose, as elucidated 
by [34, 35], who describe their method in the referenced paper.

In the early stages of Neural Architecture Search (NAS), weight-sharing methods predominantly utilized continuous 
relaxation to parameterize the search space [36, 37]. The distribution parameters of the architecture undergo joint opti-
mization through gradient-based methods during the training of the supernet, from which the optimal architecture is 
subsequently sampled. However, this approach is not without its challenges. Firstly, the weights in the hypernetwork 
are deeply intertwined. Secondly, joint optimization introduces additional coupling between architecture parameters 
and supernet weights, and the inherent bias in the optimization process based on methods can potentially misguide 
architecture search. Finally, when sampling and training a large number of architectures for a hypernetwork, the process 
involves training thousands of architecture candidates from scratch, leading to computationally prohibitive costs.

Recent Neural Architecture Search (NAS) methods [38–41] have embraced weight-sharing strategies involving the 
training of super networks. Liao et al. [40] proposed an evolutionary multi-task neural architecture search (EMT-NAS) 
algorithm that accelerates the search process by transferring architectural knowledge between multiple related tasks. Lu 
et al. [41] proposed to explicitly minimize the gradient variance of hypergrid training by jointly optimizing the sampling 
distributions of PAth and DAta (PA&DA). More recent approaches adopt a one-shot weight-sharing strategy to amortize 
search costs. The fundamental concept involves training a singular hyperparameterized hypernetwork model and sub-
sequently sharing weights across subnets. Uniformly sampling a single path [8] is a representative one-time approach 
in which only one random path is sampled and a batch of data is utilized to train the path in each iteration to search for 
the optimal network structure through an evolutionary algorithm. Compared to differentiable NAS this approach can 
afford a much larger supernet structure, while the uniform sampling approach allows for the design of more complex 
and sophisticated supernet structures, rather than simply allowing module stacking on one or two branches as in other 
NAS. The HRNet network structure used in this paper is designed with multiple branches, which also leads to a rapid 
expansion of the number of operations and model parameters, which makes the uniform sampling single-path approach 
perform more appropriately. Upon completing the training process, subnets can share weights. The approach followed 
by SP-HRNet in this article aligns with the one-shot weight-sharing strategy, evaluating each subnetwork through shared 
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weights to expedite the network search process. Diverging from other one-shot strategies, this paper introduces struc-
tured search spaces. Furthermore, the evolutionary algorithm is enhanced for the search space to accelerate the overall 
search process.

3 � Methodology

Our approach endeavors to explore multi-branch search spaces encompassing hybrid lightweight and efficient modules. 
The general flowchart of our search is illustrated in Fig. 1.

3.1 � Search space

3.1.1 � Mixed operator

Search space for hybrid lightweight and efficient modules. In earlier algorithms, the construction of search spaces was 
often task-oriented, specifically designed to consist of either all lightweight or all efficient modules [33, 42]. In some 
instances, only a single module was retained while altering its channel count or convolution kernel size [35, 42].However, 
the inclusion of both lightweight and efficient modules in the search space proves advantageous for Neural Architecture 
Search (NAS) in uncovering the optimal structure. Experiments reveal that retaining only lightweight modules signifi-
cantly diminishes accuracy, while using only efficient modules leads to a rapid expansion of the model size. The simulta-
neous presence of both lightweight and efficient modules not only results in a reduction of model parameters compared 
to pure precision, due to constraints, but also enhances accuracy in comparison to pure lightweight configurations.

As shown in Fig. 2, we employ the Group Convolution from ShuffleNetV2 [43], Dynamic Convolution with dynamic 
perceptrons [44] to construct a lightweight module, and a residual module BasicBlock [22] as an efficient module to 
establish a hybrid search space. All three modules have demonstrated their important role in optimizing the rest of the 
HRNet structure in previous work. All three modules have good lightweight effect with small number of model param-
eters and few floating-point operations, and their use in hypernets can effectively reduce the size of the hypernets so 
that the size of the hypernets can be afforded. However, at the same time, these lightweight modules fully replace the 
residual modules in HRNet as replacement modules in the original network. This resulted in a poor performance of the 
detection accuracy of these networks, and the complexity of the high-resolution network structure made it difficult to 
determine by expert experience where in the network the lightweighting modules should be used without a significant 
degradation of the network accuracy. Therefore, lightweight modules should be included along with high-precision 
modules when designing super-networks.

Translated with www.​DeepL.​com/​Trans​lator (free version). This space exhibits diverse composition structures based 
on the four stages of the network, as outlined in Table 1. In Sect. 4.3, “Ablation and Analysis of Mixed Operator Analysis,” 
we demonstrate the validity of our chosen search space.

As depicted in Table 1, each Block Search in every stage is stacked with 4 building blocks, and the input and output 
of each building block remain consistent without altering the channel size. The modules in Stage 1 are all built by Bot-
tleneck, including three options with {3, 5, 7} kernel sizes {1, 2, 3} expansion rates. The selection in this stage is mainly 
used for channel expansion. The remaining stage modules are composed of DYConv, GPConv, and BasicBlock, with an 
expansion rate and step size of 1. As the stages increase, the number and number of channels gradually increase. For 
example, in Stage 3, the network has three branches, each with different channel numbers of 32, 64, and 128. Different 
branches share the same module selection at the same location (Fig. 2).

3.1.2 � Depth, fusion options

The construction of the backbone network closely follows the approach of HRNet-W32. We design a multi-branch network 
as the foundation for the search space encompassing deep information and fusion timing. As illustrated in Fig. 3, the 
network initiates from the first stage and progressively incorporates a new branch after each stage. In the subsequent 
stage, additional branches are introduced based on the minimum resolution branch of the current stage, with multi-
resolution branches computed in parallel. Owing to the multi-stage nature of the network, it features multiple parallel 

http://www.DeepL.com/Translator
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branches with different resolutions, and resolutions from preceding stages persist in subsequent stages. The network 
comprises two main components: parallel module stacking and fusion modules.

The interplay between module stacking and fusion modules in the network is elucidated in Fig. 4. Each parallel 
module stack repetitively incorporates the hybrid modules constructed in Sect. 3.1.1 four times within the search 
space, following which the fusion layer integrates information from different branches.

Depth Information. At each stage of the network, the previously mentioned Depth Blocks are iteratively stacked to 
augment the network’s depth. Enhancing the depth contributes to improved accuracy, but each iteration of stacking 
Depth Blocks results in a notable increase in the number of model parameters. To address this, this article establishes 

Table 1   Search space 
structure of hybrid 
lightweight and efficient 
modules. " Nchoices " represents 
the number of choices for the 
current block, whereas "4 × 1" 
indicates that a Block Search 
stack consists of 4 modules 
with a total of one branch. " 
Chn " represents the number 
of channels in each module, 
and "\" distinguishes different 
branches

Operators Nchoices Chn Padding

Stage 1 3 × 3Bottleneck 1 × 1 256 1
5 × 5Bottleneck 1 × 1 256 2
7 × 7Bottleneck 1 × 1 256 3
DYConv 3 × 1 256 1
GPConv 3 × 1 256 1
BasicBlock 3 × 1 256 1

Stage 2 DYConv 4 × 2 32 / 64 1
GPConv 4 × 2 32 / 64 1
BasicBlock 4 × 2 32 / 64 1

Stage 3 DYConv 4 × 3 32 / 64 / 128 1
GPConv 4 × 3 32 / 64 / 128 1
BasicBlock 4 × 3 32 / 64 / 128 1

Stage 4 DYConv 4 × 4 32 / 64 / 128 / 256 1
GPConv 4 × 4 32 / 64 / 128 / 256 1
BasicBlock 4 × 4 32 / 64 / 128 / 256 1

Fig. 2   Schematic structure of the various methods used in this paper. From left to right are GPConv, DYConv, BasicBlock

Fig. 3   An example structure 
containing a parallel branch 
network, where Branchxy 
represents the x branch of the 
y stage, and Conv represents a 
convolution operation to add 
a new branch through the 
lowest resolution branch
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a deep information search space. It identifies the optimal depth layer for each stage of the network through archi-
tecture search and determines the most suitable depth for the structure. This approach enhances accuracy without 
causing a significant surge in model parameters, thereby expediting network inference speed.

Fusion Selection. In deep construction, the repetitive stacking of Depth Blocks can result in the network conducting 
fusion calculations repeatedly. However, fusion calculations significantly impact network performance by transform-
ing serial calculations into parallel calculations, diminishing the inference efficiency of the network. Moreover, fusion 
calculations entail a substantial amount of floating-point computation. The repetition of fusion, while not essential 
for enhancing network accuracy, can lead to the learning of redundant information and a decrease in accuracy. To 
address this concern, a fusion timing search space is formulated to determine through architecture search whether 
different resolution feature information needs to be fused in various Depth Blocks.

As illustrated in Fig. 5, this serves as an example of our network search structure, simulating a scenario where the 
search results are obtained. In this instance, the network comprises three branches, building three layers of depth. 
Consequently, the basic module BSx is iteratively repeated three times, while the fusion layer Fusion is employed in 
the first and second depth constructions. A comprehensive network structure diagram is shown in Fig. 6.

Fig. 4   Parallel module stack-
ing and fusion modules. 
Sblockx represents the x-th 
Search Block, and Fusion rep-
resents the fusion operation

Fig. 5   This is an example of our network search structure, which simulates a situation where the search results are obtained. At this point, 
the network consists of three branches, constructing three layers of depth. Therefore, the basic module BSx is repeated three times, while 
the fusion layer Fusion is used in the first and second depth constructions

Fig. 6   Backbone design. A diagram showing the complete backbone network
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3.2 � SPOS NAS

In earlier Neural Architecture Search (NAS) methods, a deep coupling existed between architecture parameters and 
weights, and the joint optimization of these two factors could impact search time and results. To mitigate this challenge, 
the single-path one-shot neural network architecture search was introduced. This approach involves designing a com-
prehensive supernet, wherein all candidate structures are employed as subnets, and the weights of shared subnets are 
trained. More specifically, the architecture search space The complete flowchart of the search is shown in Fig. 7.

Searching with Evolutionary Algorithm. In the initial phase of training the weights Wp of the supernet, an evolutionary 
algorithm is employed to search the supernet. To expedite the overall search process, each structure utilizes only a partial 
validation set to calculate accuracy, without traversing the complete validation set. Through synthesis experiments, we 
observed that the parallel module stacking and fusion modules in the network structure impact different metrics in the 
OKS evaluation metrics to varying degrees. Based on this observation, we opted to employ different metrics to evalu-
ate different modules. Firstly, some subnets �S ∈ A are randomly selected from the supernet A that change only the 
depth and fusion structure, and the validation set accuracy OksAP75 is calculated based on the supernet weight Wp . The 
experiment shows that this accuracy is very sensitive to the fusion layer in the network structure. Therefore, the parent 
generation is sorted using this accuracy first. Then the top-ranked of all deep, fused subnet structures are selected as 
parents generation �FS �FS.

Then, the optimal parent �FS is randomly mutated to obtain the offspring �F . Then, a new round of search will change 
the selection of modules for the subnetwork structure without changing the depth information and the fusion timing. 
Parents decide how to mutate to their offspring according to the mutation rate. The mutation rate determines the prob-
ability that each node in the parent’s structure undergoes a change, and its size ranges from 0.1 to 1. The mutation rate 
should not be set too large, if it is too large it will cause the network structure to transform too many positions, making 
it difficult for the offspring to inherit the parent’s trained weights efficiently in weight sharing again. You can set the 
mutation rate larger at the beginning of the search to quickly traverse the search space, and then gradually reduce the 
mutation rate.

Finally, sort the structures of all parents and children with precision OksAP50 , and select the best-performing structure 
�
∗ as the parent for the next search.

Set a threshold Flopsmax,Paramsmax in the search to filter out the optimal structure �∗ that is too large for the model.

Retraining subnetwork. By searching for the most promising subnet �∗ in the second step, inherit the pretraining weight 
Wp and optimize the subnet weights on the complete training dataset using the minimum loss function Lcom

train
 , so that the 

optimal subnet W∗ is obtained after training, and evaluate the accuracy Oksval on the validation set.

(1)�
FS = argmax

�
S∈A

OksAP75
(

N
(

�
S ,Wp

(
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S
)))
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(2)�
∗ = argmax

�
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Fig. 7   Search design
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4 � Experiments

4.1 � Implementation details

We evaluate our approach on the COCO dataset [45] and report the comparisons with the latest methods.
Datasets. The MS-COCO dataset includes over 60 k images and 250 k person instances annotated with 17 human 

joint categories, e.g. , left-/right-ear, left-/right-elbow. We train our method on the COCO tran2017 dataset, including 
57K  images and 150K  person instances. The val2017 set and test-dev2017 set are utilized to evaluate our approaches, 
containing images, respectively.

Pretraining. We do not apply initialization weights and directly use the training dataset to train the supernet. In each 
round of training, a seed net is randomly selected from the supernet, and each seed net only trains 1024 images. Train 
15,000 rounds using the following settings:We extend the human detection boxes in height or width to a fixed aspect 
ratio: height:width = 4:3, and crop the resized box from the image, which is further rescaled to a fixed size, 256 × 192 or 
384 × 288. We randomly augment each person sample with a random scale factor ([0.75, 1.25]), random rotation ([− 30°, 
30°]), horizontal flipping and additional half-body augmentation. The network is trained from scratch on NVIDIA RTX4070 
with a mini-batch size. For optimization, we adopt SGD optimizer with an initial learning rate.

Search. After the pre-training is completed, we evaluate the subnets on the COCO validation set, using 1024 images 
per subnet for evaluation. The mutation rate of offspring is set to 0.3. It changes to 0.1 halfway through the search. Image 
cropping is consistent with pretrain. A total of 30,000 rounds of search were conducted.

Retaining. After evolutionary search, we use pretrained weights on the COCO training set and retrain the optimal 
subnet with the same image changes. With initial learning rate 2e−3 . The training process is terminated within 50 epochs, 
and the learning rate is dropped to 2e−4 and 2e−5 at the 40-th and the 45-th epoch, respectively.

Testing. We adopt the top-down paradigm (detect and estimate) with the detection results provided by previous work 
[46] for a fair comparison. Following the common practice [47–49], we compute the final heatmap by averaging the 
heatmaps of the original and flipped images. The coordinates of keypoints are decoded from the heatmaps by adjusting 
the highest response location.

Evaluation metric. The OKS-based mAP metric is adopted to evaluate our approach. The OKS (Object Keypoint Similar-
ity) measures the similarity between ground truth poses and predicted poses. We report standard mean average precision 
and recall scores: AP (the mean of AP scores with OKS threshold = [0.5:0.95:0.05]), AP50 , AP75 , APM(AP score for instances 
with medium size), APL(AP score for instances with large size), AR for a fair comparison with other methods.

4.2 � Results and comparisons

COCO val2017. As shown in the Table 2, in order to make a fair comparison with other methods, the input size is scaled 
to two fixed values of 256 × 192 and 384 × 288 for this experiment, and to show the cost of network operations, both 
GFLOPS and #Params will be compared. Our method achieves higher accuracy while reducing the number of model 
parameters, resulting in better results compared to the HRNet. Changing the size of the network input image will search 
different subnets throughout the search process. We set the input image to 256 × 192 and 384 × 288 to search two dif-
ferent subnets, SP-HRNet-256 and SP-HRNet-384. When the input size is 256 × 192, our SP-HRNet-256 achieves a 73.7 AP 
score, has higher accuracy. The data in the Table 2 were obtained directly from the paper. HRNet-W32* represents HRNet-
W32 replicated by our experimental conditions. our experimental conditions could not reach the data in the paper, but 
our algorithmic data is still higher than the original HRNet-W32 data. Compared with HRNet, our method achieves a 0.3 
AP gain without the need for pretrain, while only requiring 45.9% of parameters and 53.0% of GFLOPs. When the input 
size is 384 × 288, the network accuracy achieved a score of 75.9 AP. When the input size is 384 × 288, our SP-HRNet-384 
compared to HRNet-W32, it only improved by 0.1 AP. However, the network parameter count is only 35.4% of HRNet-W32 
and 52.1% of GFLOPs.

(4)
W∗ = argmin

W

L
com
train

(

N
(

�
∗,Wp

))

,

Oks
�
∗ = Oksval(N(�∗,W∗)),
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COCO test-dev2017. With the input size 384 × 288, our method (SP-HRNet-384) achieves 74.9 AP scores, as reported in 
Table 3. our method maintains the superiority, which demonstrates the robustness of our method. Compared to HRNet-
W32, our method achieves comparable performance but requires far fewer FLOPs and parameters. As in Fig. 7, this is a 
human posture estimation visualization detection result (Figs. 8 and 9).

4.3 � Ablation and analysis

Mixed operator Analysis. We evaluate the effects of different operator in our method on COCO val2017 dataset, and report 
the results in Table 4. We use HRNet-W32 as the backbone network, replacing the modules with various candidate opera-
tions in the search space. Input image is 256 × 192, with initial learning rate 2e−3 . We’re training the network from scratch. 

Table 2   Comparisons 
on the COCO val2017 
dataset. SP-HRNet-256 and 
SP-HRNet-384 represent 
the two different structures 
searched by NAS when the 
input images are 256 × 192 by 
384 × 288, respectively

model pretrain input size #Params GFLOPs AP AP50 AP75 APM APL AR

Large networks
8-stage Hourglass N 256 × 192 25.1M 14.3 66.9 - - - - -
CPN Y 256 × 192 27.0M 6.20 68.6 - - - - -
DARK-W48 Y 128 × 96 63.6M 3.6 71.9 89.1 79.6 69.2 78.0 77.9
HRNet-W32 N 256 × 192 28.5M 7.10 73.4 89.5 80.7 70.2 80.1 78.9
HRNet-W32* N 256 × 192 28.5M 7.10 72.9 89.6 80.7 69.8 77.4 77.5
HRNet-W32 N 384 × 288 28.5M 16.0 75.8 90.6 82.7 71.9 82.8 81.0
Small networks
MobileNetV2 1 ×  Y 256 × 192 9.6M 1.48 64.6 87.4 72.3 61.1 71.2 70.7
ShuffleNetV2 1 ×  Y 256 × 192 7.6M 1.28 59.9 85.4 66.3 56.6 66.2 66.4
Small HRNet-16 N 256 × 192 1.3M 0.54 55.2 83.7 62.4 52.3 61.0 62.1
Lite-HRNet-30 N 256 × 192 1.8M 0.31 67.2 88.0 75.0 64.3 73.1 73.3
X-HRNet-30 N 256 × 192 2.1M 0.30 67.4 87.5 75.4 64.5 73.3 73.5
Ours
SP-HRNet-256 N 256 × 192 13.1M 3.76 73.7 92.0 81.4 72.0 77.2 77.6
SP-HRNet-384 N 384 × 288 10.1M 8.35 75.9 92.8 82.9 72.2 78.4 77.8

Table 3   Comparisons on the 
COCO test-dev2017 dataset. 
The input size is set as 
384 × 288

model #Params GFLOPs AP AP50 AP75 AR

Large networks
DARK-W48 63.6M 32.9 76.2 92.5 83.6 81.1
HRNet-W32 28.5M 16.0 74.9 92.5 82.8 80.1
Small networks
MobileNetV2 1 ×  9.6M 3.33 66.8 90.0 74.0 72.3
ShuffleNetV2 1 ×  7.6M 2.87 62.9 88.5 69.4 68.9
Small HRNet-16 1.3M 1.21 55.2 85.8 61.4 61.5
Lite-HRNet-30 1.8M 0.31 67.2 88.0 75.0 73.3
X-HRNet-30 2.1M 0.67 70.0 90.6 77.7 75.5
Ours
SP-HRNet-384 10.1M 8.35 74.9 93.5 83.1 76.7

Fig. 8   Qualitative results for some example images from the COCO dataset
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The training process is terminated within 60 epochs, and the learning rate is dropped to 2e−4 and 2e−5 at the 40-th and 
the 50-th epoch, respectively. As reported in Table 4, The performance of building a backbone network separately for 
each operator in the search space is not as good as our method.

Impact of deep information and fusion timing. We discussed the effectiveness of deep information and fusion timing 
on networks. We use the searched network (SP-HRNet-256) and change the operator selection. Compare with HRNet-
W32 under the same training conditions, terminated within 210 epochs, and the learning rate is dropped to and at the 
170-th and the 200-th epoch. As reported in Table 5, Changing deep information and fusion timing can maintain similar 
accuracy to HRNet-W32 while reducing the number of model parameters and GFLOPs.

Analysis of Searched Architecture. We observe interesting phenomena. We decouple the operators and structures in 
the search and rank them using different accuracy metrics. Compared to other evolutionary algorithms, our method is 
specifically designed to adjust the high-resolution network structure. Our method separates the selection of operators 
and structures, and searches for their respective optimal subnets. This method can quickly search for potential subnets, 
and the entire search time takes 2 days. On the experimental surface, the fusion layer has a greater impact on stricter 
accuracy. Our search strategy first determines the fusion layer and then determines the operator, which results in a looser 
accuracy metric of the network achieving better results, while stricter metrics cannot achieve it.

5 � Conclusion

This paper attempts to design a human pose estimation network through neural structure search. The proposed method, 
i.e., SP-HRNet redesigns the one-shot NAS specialized for high-resolution networks and introduces two effective search 
spaces. Extensive experiments on the COCO dataset have shown that the SP-HRNet achieves more advanced performance 

Fig. 9   Our method is com-
pared with other methods. 
Efficiency comparisons (i.e., 
FLOPs) and performance 
(i.e., APs) are performed for 
attitude estimation (COCO) 
comparisons. Each method 
is represented by a circle, the 
size of which indicates the 
number of parameters

Table 4   Params, GFLOPs and 
AP of different operators

operator #Params GFLOPs AP

DYConv 3.4M 0.34 63.1
GPConv 3.2M 0.37 64.8
BasicBlock 28.5M 7.10 73.4
BasicBlock* 28.5M 7.10 72.9

Table 5   Impact of change 
depth and fusion on networks

networks #Params GFLOPs AP

ours(BasicBlock) 19.1M 4.85 73.5
HRNet-W32 28.5M 7.10 73.4
BasicBlock* 28.5M 7.10 72.9
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than HRNet while using fewer triggers and parameters. In addition, SP-HRNet can use less search and training time, 
significantly reducing the network construction cost.
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