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In pursuit of impressive performance, existing DCNN-based approaches of human pose estimation usually use
massive networks and large-size images to train a deep model. When applying these deep based methods in
real-time systems, current works try to compress the deep network by reducing the number of layers and
channels, but such approaches are complex and poorly generalized since they require elaborate design of
small-scale network structures. Based on the fact that large-size images contain redundant information, in this
paper, we explore the influence of image-size on system complexity and propose a novel framework called
ThumbPose to accelerate and compress deep models by inferring on thumbnail representations in the task of
human pose estimation. In our framework, we first propose a style supervised online downscaler to reduce
an input image into a thumbnail image. Furthermore, a training strategy of dual-branch auto-encoding is
designed to obtain effective and accurate thumbnail representation in a knowledge distillation manner, which
is further used to maintain the performance of thumbnail images as the original-size input images. For heat-
map based human pose estimation, ThumbPose is an orthogonal and implementation-friendly method, that can
not only compress and accelerate the inference network but also obtain an image downscaler in a supervised
manner that can be used in other high-level tasks (e.g detection, segmentation, etc. in practical applications).
Extensive experiments on MS COCO dataset demonstrate the effectiveness of our proposed method, and
ThumbPose achieves superior performance (+ 1.3% AP and + 0.7% AR) with negligible additional cost (<0.2
GFLOPs) compared to previous state-of-the-art methods when using small-size images as inputs. Moreover,
experiments on MPII show that our model achieves higher accuracy (+ 0.2% Mean@0.5) with minimal
computation (2.5 GFLOPs) compared to superior lightweight models obtained by the network compression
methods.

1. Introduction

Human pose estimation is a fundamental problem in computer
vision, since it is the basic technology for some advanced tasks such as
action recognition [1-3], human motion prediction [4-6] and intelli-
gent monitoring [7]. Recent researches of human pose estimation have
achieved superior accuracy by employing massive fully convolutional
networks (FCN) to infer on larger-size images. Despite impressive per-
formance has been achieved, heavy consumption of computation and
memory makes it difficult to be used in real-time applications.

To accelerate the network of human pose estimation, existing works
[8,9] compress a deep or wide model into a narrow (with fewer
channels) or shallow (with fewer layers) network, and knowledge dis-
tillation [10] is another type of method to maintain the accuracy. While
encouraging results have been observed, these methods are limited in
the following aspects: (1) Simplicity. The powerful fitting ability of an
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FCN is highly coupled to its ingenious structure, so it is necessary to
elaborately design a shrinking strategy to retain its structural character-
istics [11,12]. (2) Universality. Existing lightweight models are obtained
by reducing the number of stacked blocks of Hourglass [8,9,13], as
shown in Fig. 1(a). Such methods can be effectively applied to spe-
cific networks, but cannot be generalized to other advanced models,
e.g HRNet [14], etc.

Actually, a promising method for reducing the computational com-
plexity of deep models is to infer on a small-size image. As the spatial
size of feature maps decreases, the required computation is diminished,
and the memory required to accommodate those feature maps will
also be reduced. We believe that the above viewpoint can address
the limitations of network compression. First, this method only needs
to simply reduce the size of input images, which avoids weakening
the representation ability of networks. Moreover, this method can be
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Fig. 1. Methods of obtaining lightweight models, (a) FPD [8] and OKDHP [9] compress
an 8-stage Hourglass into a 4-stage Hourglass. (b) The proposed ThumbPose reduces
the size of the input image by a downscaler, and enlarges the size of the heat-map by
an up-sampling module.

generalized to advanced models since FCN allows arbitrary-size input.
Nevertheless, directly reducing the image size will inevitably lose some
key information, which leads to a sharp decline in the final estimation
performance as reported in [15,16].

As the above analyzed, the network-compression based methods are
effective but usually limited in both simplicity and universality. By con-
trast, the input-reduction based methods are simple and generalizable
but lead to inferior performance. Some efforts based on input-reduction
have been attempted in classification [17] and object detection [18],
hence we try to extend this technique for the task of efficient human
pose estimation. To accelerate the model of human pose estimation in
an effective, simple and generalizable manner, in this paper, we pro-
pose a novel framework called ThumbPose to accelerate and compress
FCN-based networks by inferring on the thumbnail representation, as
shown in Fig. 1(b). Specifically, we present a style supervised online
downscaler to reduce the size of an input image into a thumbnail
image as lossless as possible. The downscaler removes the redundant
information in the original-size image and therefore allows us to repre-
sent all key information in a thumbnail image. Meanwhile, in order to
obtain effective and accurate thumbnail representations, we design a
training strategy of dual-branch auto-encoding to explicitly incorpo-
rate knowledge distillation into ThumbPose. This strategy enables the
thumbnail representation contains the same information as its original-
input counterpart by aligning feature maps, so that the prediction
accuracy can be further retained.

Contributions. For heat-map based human pose estimation, Thumb-
Pose is an orthogonal and implementation-friendly method of model
compression and acceleration, that can not only address the limitations
of network compression in simplicity and universality, but also achieve
an impressive performance. Moreover, the well-trained image down-
scaler obtained by ThumbPose can be used in other high-level tasks
(e.g. detection [19,20] and segmentation [21]) in practical applications.
To sum up, we make the following contributions:

(1) For efficient human pose estimation, we propose a novel frame-
work ThumbPose to decrease computation and memory consumption
by inferring on thumbnail representations, which addresses the in-
herent limitations in simplicity and universality of previous network
compression approaches.

(2) We adopt a style supervised online downscaler to adaptively
filter out the redundant information in an original-size image, and com-
press the image into a thumbnail image as low-distortion as possible.

(3) We design a dual-branch auto-encoding strategy to further
understand thumbnail information in a knowledge distillation man-
ner. Furthermore, a novel distribution-aware distillation method is
exploited to guide the learning of background knowledge.

(4) Extensive experiments on MS COCO [22] demonstrate that
ThumbPose achieves superior performance (+1.3% AP and +0.7% AR)
with negligible additional cost (<0.2 GFLOPs) as compared to previ-
ous state-of-the-art methods when using small-size images as inputs.

Pattern Recognition 147 (2024) 110111

Moreover, when conducting experiments on MPII [23], our model
achieves higher accuracy (4+0.2% Mean@0.5) with minimal compu-
tation cost (2.5 GFLOPs) compared to existing superior lightweight
models obtained by network compression methods.

The rest of the paper is organized as follows. We review the related
work in Section 2. In Section 3, the architecture of our ThumbPose,
the principle and implementation of the style supervised online down-
scaler, and the details of the dual-branch auto-encoding strategy are
described. In Section 4, we present some experiments and ablation stud-
ies to validate the effectiveness of our proposed method on two widely
used human pose estimation benchmarks (i.e. MS COCO and MPII).
Finally, the conclusions and further work are provided in Section 5.

2. Related work
2.1. Human pose estimation

Convolutional neural networks (CNNs) are widely used in the task
of human pose estimation [13-15,24-31], and they have greatly im-
proved prediction accuracy in recent years. The methods of human pose
estimation can be divided into two categories: heat-map based meth-
ods [14,15,26-29,32,33] and regression-based methods [24,34-37].
Heat-map based methods first predict pixel-wise heat-maps, and then
calculate the joint coordinates according to the heat-maps. Regression-
based methods directly regress the coordinates of joints from the out-
puts of backbones, and these methods are faster but less accurate than
heat-map based approaches.

Currently, most existing SOTA methods are heat-map based meth-
ods, which tend to improve the performance by stacking deeper and
wider network architectures. For instance, Hourglass [13] stacks high-
to-low and low-to-high blocks to enhance the heat-map estimation
quality. Simple Baseline [27] stacks convolutional and transposes con-
volutional layers to a simple single-stage architecture, and achieves
an impressive performance. HRNet [14] proposes a high-resolution
parallel representation network in order to provide precise heat-maps.
DARK [15] proposes a principled method of coordinate representa-
tion for significantly improving the performance of existing models.
UDP [38] explores an unbiased data processing method for accurate hu-
man pose estimation. Graph-PCNN [16] designs a graph-based refining
strategy to boost the accuracy of key-points detection. TokenPose [29]
uses tokens to represent each joint entity and a transformer architecture
is introduced to achieve competitive performance. UniFormer [30]
integrates the merits of convolution and self-attention in a concise
transformer format, and it also achieves competitive accuracy in human
pose estimation.

Although encouraging performance has been achieved in existing
methods, however these approaches are limited when using in real-time
systems due to the heavy consumption of resources. In order to meet
the needs of practical applications, in this paper, we design a novel
framework called ThumbPose, which enables networks to detect joints
in an efficient and effective manner.

2.2. Model compression and acceleration

Methods of model compression and acceleration are proposed to
reduce the network size and computation cost, because of the increas-
ing demand of real-time applications in artificial intelligence. Early
methods yielded sparse weights by network pruning [39-41], which
defined some mechanisms to prioritize the parameters and set unim-
portant ones to zeros. However, these methods usually require specific
implementations for acceleration. Hereby, some works are proposed
to prune filters from a whole perspective [42,43], and these strategies
achieve efficient inference speed in common conditions. Beyond prun-
ing, quantization methods [39,44] use smaller bit number of weight to
reduce consumption, where the extreme case is binarization [45,46].
Moreover, some methods are proposed to reduce the scale of filters
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by low-rank approximation [47-49]. In addition, neural architecture
search is also used to automatically search a lightweight network
architecture [50] for model compression and acceleration, and it is
effectively applied to human pose estimation [51]. However, the above
methods require complex processing or hand-crafted designing, which
is not suitable for practical applications.

In recent years, knowledge distillation has been widely used in
model compression for various visual tasks [10,52-55], which is a
strategy to guide a compressed network (i.e. student network) to learn
the knowledge extracted from a larger teacher network. For example in
human pose estimation, FPD [8] compresses an 8-stage Hourglass into
a 4-stage network and first uses knowledge distillation to maintain its
accuracy. OKDHP [9] further improves the accuracy of the lightweight
Hourglass by online knowledge distillation. However, it is difficult to
generalize these targeted works (e.g. FPD and OKDHP) to advanced
models (e.g. HRNet [14], etc.), since it is needed to carefully designed
a network shrinking strategy. Actually, all the above mentioned ap-
proaches neglect a fact that the spatial size of the feature map plays
a significant role in the overall complexity of deep networks.

A hypothesis proven in classification [17,56-58] and object de-
tection tasks [18,59] is that as the spatial size of feature maps de-
creases, the required computation is diminished, and the memory
required to accommodate those feature maps will also be reduced.
For classification, ThumbNet [17] first compresses the input images
and utilizes knowledge distillation to improve the accuracy of small-
input-sized model. For object detection, ThumbDet [18] exploits an
image down-sampling module to accelerate the detection model and
performs knowledge distillation by aligning both transformer tokens
and predicted logits of teacher and student models. For human pose
estimation, some works [8,9] try to reduce computation and memory
consumption by using small-size images as the network inputs, but
the performance of models is sharply decreased. We believe that this
type of approach is advanced since it only needs to reduce the size
of the input image, which avoids elaborate designing of compression
strategies. To improve the accuracy of low-resolution human pose
estimation, CAL [60] proposes a confidence-aware learning method,
but this work greatly increases the computation of the model.

In order to obtain a high-accuracy lightweight model of human pose
estimation in a simple manner, using thumbnail images as inputs is
a promising way. However, it is difficult to directly use the method
of ThumbNet [17] or ThumbDet [18] in the task of human pose
estimation. When inputting original size images into the teacher model
and inputting thumbnail images into the inference model, the heat-map
dimensions of these two networks are different, so we propose a strat-
egy of dual-branch auto-encoding for aligning the output dimensions.
In addition, previous works rarely discuss the underlying principles
of image down-scaling, hence we rethink the essential reasons for the
performance degradation when using small-size images as inputs, and
then propose a style supervised online downscaler to generate the
thumbnail inputs for the model of efficient human pose estimation.

2.3. Auto-encoder

Auto-encoder is a popular framework, that is widely used in image
reconstruction [61], restoration [62] and super-resolution [63], etc.
In the architecture of auto-encoder, an encoder maps an input image
to a low-dimensional latent code, and a decoder reconstructs a pre-
processed (e.g. scaled, filtered, colored, etc.) input from the latent code.
Early auto-encoder methods usually use a fully connected structure for
distribution mapping [64], however they are unfriendly to visual tasks.
To infer on images efficiently and effectively, researchers use a series of
convolutional layers to build a convolutional auto-encoder for different
tasks [65,66]. In this paper, inspired by the convolutional auto-encoder,
we design a strategy of dual-branch auto-encoding to explicitly incor-
porate knowledge distillation into network training, which enables us
to obtain effective thumbnail representation and further maintain the
thumbnail-input performance as the original-size inputs.
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Fig. 2. The architecture of ThumbPose. Teacher network: the architecture of the well-
trained teacher network. Inference network: the architecture of the inference network.
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3. Proposed method

In this section, we will introduce our proposed efficient human
pose estimation method in detail. First, we present the overview of
our proposed ThumbPose, and instantiate this framework for clearer
expression. Then, the principle and implementation of the style su-
pervised online downscaler are described. In addition, we represent
each part of the dual-branch auto-encoding strategy in detail, ie. a
regularization approach for training, a distribution-aware heat-map
reconstruction method and the overall training process.

3.1. Overview of ThumbPose

Most heat-map based human pose estimation methods utilize FCN
as the backbone, and an inference head (1 x 1 convolution) is used to
predict the final results, i.e. pixel-wise heat-maps. In these methods, the
ground-truth labels of joints are represented by K heat-maps (where K
is the number of human joints, K € Z) H' = {H{, Hé , Hﬁ(}. Heat-
map H 1’( indicates the location confidence of the kth labeled joint, and
it is a confidence map obtained by centering a Gaussian kernel around
the labeled joint position (x, y,), which can be formulated as:

(G =x )+ =)
20‘2

Hj(x, y) = exp . €8]
where (x, y) denotes a pixel location, and ¢, is the standard deviation
of the Gaussian kernel. Heat-maps H' are used as the ground-truths to
supervise the training of the network.

In this paper, we choose an original-size inputted HRNet as a teacher
network to guide the training of an inference network. The overall
architecture of our method is shown in Fig. 2, which consists of the
following components: a teacher network, an inference network, a
supervision L, from the style of original images, a supervision £,
from intermediate feature maps of the teacher network, a supervision
L, from heat-maps of the teacher network, a supervision £;, from a
probability distribution which is generated by softening and normaliz-
ing the heat-maps of the teacher network, and a supervision L, from
heat-maps of GT labels.

Specifically, when training the inference network, the original-size
(ie. 256 x 192 pixels) image z is input into the teacher and infer-
ence network simultaneously for online guidance, where the teacher
network is well-trained on original-size images and the parameters are
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fixed during training. For the first stream (i.e. the teacher network),
ThumbPose passes z through the stacked convolutional layers, and then
the generated intermediate feature maps F’ (i.e. 64 x 48 pixels) and
heat-maps H' (i.e. 64 x 48 pixels) are extracted for online guidance to
train the inference network. For the second stream (i.e. the inference
network), the downscaler is employed to reduce z into a thumbnail
image (i.e. 128 x 96 pixels), and then ThumbPose passes the thumbnail
image through convolutional layers and an up-sampling module of the
inference network to generate the final heat-maps H*® (i.e. 64 x 48
pixels). In addition, intermediate feature maps F* (i.e. 32 x 24 pixels)
are extracted from the inference network for calculating £ ;,,, hence a
de-convolutional layer is designed to re-size F* to the size of F'.

3.2. Style supervised online downscaler

A mainstream method of image down-scaling is the affine trans-
formation, and it can be decomposed into an interpolating and a
down-sampling operation, and the factorization of down-scaling T is
as follows:

~

S, 0 0 2, 0 0
T, = [ 0 Sy O] = |: 0 Ll)_h 0:|
0 0 1Jdlo<s,<118,e0 h 0<I,<D,|I,.D,EZ
0 0 1
. o o 2
D, I, 0 0
=[o 4 oHo I, 0]=TdTi,
Dy,
0 0 1
0 0 1

where 4 and w denote the height and width of an image respectively,
S, is the scale coefficient, T; and I, denote the processing operation
and coefficient of interpolation, and T4 and D, denote the processing
operation and coefficient of down-sampling. In the processing of S,-
fold down-scaling, the inputted image is first interpolated by an I,
factor, and then is D, -fold down-sampled. It has been proven by the
Nyquist-Shannon sampling theorem [67] that spectrum aliasing will
lead to image distortion in down-sampling, thus affine-based down-
scaling methods may lose key information of original images, which is
not conducive to obtaining accurate predictions. For aliasing distortion,
a conventional solution is proposed to add an anti-aliasing low-pass
filter (LPF) before down-sampling, but this is complicated because
it requires careful selection of filters and design of its parameters.
In this paper, we instead exploit CNN to adaptively filter out the
aliased components and then down-sample a large-scale image into a
thumbnail image.

To this end, we propose a style supervised online downscaler, as
shown in Fig. 3(a), which comprises an interpolating operation and two
convolutional layers, where each convolutional layer contains a convo-
lutional operation followed by an ReLU, and the interpolating operation
employs traditional methods, e.g. bi-linear and bicubic [68]. In order to
strengthen the filtering ability, we use multiple convolution kernels to
expand a 3-channel interpolated image into 12-channel feature maps in
the first convolutional layer, and then the second convolutional layer is
used to reconstruct a 3-channel thumbnail image. Note that the second
convolutional layer can realize image down-sampling by setting the
stride parameters. In the downscaler, the interpolated image passes
through 12 channels in parallel, which essentially is a structure of
composite filter, i.e. Fig. 3(b). Moreover, the trainable characteristic
enables the composite filter to adaptively evolve advanced low-pass
filtering ability, and it can further retain the information of the original-
size image as low-distortion as possible by effectively filtering out those
aliasing components.

We hope that the information in the color channels of the gen-
erated small-size image should not be destroyed or misaligned, since
that: (1) As a substitute of small-size images obtained by traditional
methods, the visual characteristics of small-size images generated by
our proposed downscaler should be similar to the original images. (2)
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Fig. 3. The structure of our proposed style supervised online downscaler. (a) The
downscaler comprises an interpolating operation and 2 convolutional layers, and each
convolutional layer is a convolutional operation (with 5 x 5 convolution kernel)
followed by a ReLU. The numbers of convolution kernels in the first layer and the
second layer are 12 and 3 respectively, and scale reduction occurs in the second layer.
(b) Through an equivalent transformation to execution order, the proposed downscaler
can be viewed as the equivalent model illustrated in this figure. Here, 2 convolutional
layers can be regarded as a composite filter (i.e. a combination of 12 parallel adaptive
filters) followed by a down-sampling operation. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.)

The model performance may be decreased when using non-RGB images
as inputs, since the backbones of human pose estimation are usually
pre-trained on a large-scale RGB image dataset (e.g ImageNet [69]).
Therefore, we aim to explicitly guarantee the visual authenticity of
the generated thumbnail images by adding a supervision for the color
similarity between the thumbnail and original images. To quantify this
color similarity, we follow the task of style transfer [70-72] to use the
style, i.e. the mean and variance of the pixel distribution in each color
channel, of an image as the representation for its visual characteristic.
Specifically, we supervise the training of the proposed downscaler via
a specially designed loss function £, which is formulated as follows:

3

D (lluz) = w@ DI + Allo>(z) = 0 (6,(2),) 113) - 3

i=1

‘C:t = 5
where i denotes the serial number of channel, ¢,(-) denotes all of
the nested operations in our downscaler, u(-) and ¢?(-) denote the
mean and variance respectively which are computed across spatial
dimensions independently for each batch and feature channel, and 1
is a hyper-parameter that balances the two statistics. The proposed
style supervision L, encourages that the distribution in each color
channel of the thumbnail image stays close to its counterpart in the
original image, leading to a visually realistic thumbnail image. Apart
from the supervision by L, the downscaler is incorporated into the
whole architecture of ThumbPose and trained together with other
components in an end-to-end manner. Such an online training approach
provides results-driven supervision, which instructs the downscaler to
filter out noise and then generate thumbnail images with discriminative
information for accurate prediction.

3.3. Dual-branch auto-encoding for effective thumbnail representation

Although a low-distortion thumbnail image is obtained by using
our style supervised downscaler, it is not guaranteed that all of the
key information is contained in such a small-size image. In order to
maintain performance, it is taken for granted that the thumbnail feature
maps of the inference network contain the same information as their
original counterparts. To this end, we employ a teacher network to
guide the inference network in a knowledge distillation manner.

Specifically, the intermediate feature maps F* of the inference
network are first selected as a monitoring site, and then we design a
dual-branch auto-encoding strategy to incorporate all five supervisions
(e Ly, Lrps Loypms Lq and Ly,) into the training process of the
inference network, as shown in Fig. 4. In the architecture of the dual-
branch auto-encoder, the Encoder maps the original-size image z to
FS, the FDecoder maps F* to a space with the same dimension as
their counterparts F’ in the teacher network, and F* is also mapped
to the predicted heat-maps H*® by the HDecoder. In order to enhance
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Fig. 4. Architecture of the dual-branch auto-encoder. (a) During training, the inference network is essentially a dual-branch auto-encoder, where F° is a latent code, 5f(¢s(~))
is an encoder named Encoder, ¢,(-) is a decoder named FDecoder, S’(-) denotes the nested functions in the inference backbone in addition to S,”(-) and S"(¢,(S’(-))) is another
decoder named HDecoder. The teacher network guides the inference network by £, and L,,, losses. (b) In stage 1, the Encoder-FDecoder network is supervised by £, and £,
losses. (c) In stage 2, the Encoder-HDecoder network is supervised by L, £, and L, losses. In the stage 1 and stage 2, Lr is the base learning rate, and it is dropped into

Lr/10 for the Encoder.

the thumbnail representation, we divide the training process into two
stages: stage 1 regularizes the Encoder, and stage 2 trains the Encoder-
HDecoder network for reconstructing distribution-aware heat-maps in
an end-to-end manner.

3.3.1. Regularization for the encoder

In the Encoder-FDecoder network, a de-convolutional layer (i.e. a
de-convolutional operation followed by a ReLU) is used to enlarge
FS into the same dimension as their counterparts F' in the teacher
network, as shown in Fig. 4(a), so that the information gap of feature
maps between the inference and teacher networks can be narrowed
by aligning the enlarged F* to F', and the corresponding loss £, is
computed by:

_2 I7;(2); —

where N denotes the number of channels in the intermediate feature
maps, ¢,(-) denotes the nested functions in the de-convolutional layer,
7,(-) denotes the mapping from z to F’, and S]b(-) maps the thumbnail
image into F*. This stage (i.e. stage 1) is essentially a regularization for
the Encoder, which enables the Encoder to extract most of the same
information as contained in F’. To assist the information extracted
from the Encoder, the style based loss L, is also used to supervise the
downscaler in this stage.

ba (S] (¢5(2))), I3, @

3.3.2. Distribution-aware heat-map reconstruction

Although the regularization in stage 1 enables the thumbnail rep-
resentation to contain almost the same information as the original
large-scale counterpart in the teacher network, some key information
may still be lost since the capacity of F* is much lower than F’
(i.e. quarter in our setting). To achieve more valuable information in the
thumbnail representation, we further refine information by enabling
the HDecoder to reconstruct the heat-maps H' of the teacher network
from F*. In particular, an up-sampling module is inserted between the
backbone and the head of the inference network (as shown in Fig. 4(a))
to enlarge H® to the same size as H', where the up-sampling module
comprises three layers: the first layer is a bi-linear interpolating, the
second layer is a convolutional operation followed by batch normaliza-
tion (BN), and the third layer is a convolutional operation followed by
BN and ReLU. The loss £,,,, is used to supervise the reconstruction of
H' by the Mean Square Error (MSE) function, which is formulated as:

K
Lom = 2T = S" (8, (" (#:2))), 1B ®)
k=1

where 7(-) denotes the mapping from z to H', S"(-) and S”(-) denote
the nested functions in the head and backbone of the inference network

respectively, and ¢,(-) denotes nested operations in the up-sampling
module.

We experimentally find that there are several regions with small
response values in the background of H’, and we believe that these
regions contain dark knowledge which is helpful to guide the inference
network to extract vital information. However, smaller response values
than the target joints make the dark knowledge difficult to be perceived
by L,,. In [73], the localization distillation is proposed to alleviate
a similar problem in object detection by adaptively enhancing the
values of smaller responses. To apply a similar idea in heat-maps recon-
struction, we design a distribution-aware heat-maps distillation, which
is illustrated in Fig. 5. The distribution-aware heat-maps distillation
method first softens the distribution of H' by a softmax function with
a temperature coefficient 7|, ;. The above softening operation reduces
the difference between the responses belonging to the background and
the joints respectively, and each channel of H' € RX*WXL | where
W and L are the width and height of H' respectively, is normalized
to a probability distribution. In order to properly transfer the dark
knowledge to the inference network, the H* € RKXWXL gare also
softened by the same softmax function. The softening of H' and H*
are respectively formulated as follows:

, exp (T(z)k,x’y/r)

Pl = , (6)
S B exp (T(),/7)

exp (7 (0, (5 (6.9)).., /)
pod ZjL=1 exp (5” (u (SP (¢S(Z))))k,i,j /T)7

where P! € REXWxL and P € REXWXL are the softened and normal-
ized probability distributions of H' and H* respectively.

Significantly, the smaller response regions do not affect the predic-
tion accuracy since the final joint coordinates are calculated via an
argmax function. Finally, KL divergence is employed to measure the
distance between these two distributions, and the loss function £, is
computed by:

S —
kxy

)

M=
™M=
M=

K
1 ; 1
Lg= X KUPLIP) =+ P, log ®)
k=1 k=11i

kinj

J
3.3.3. Overadll training process

The dual-branch auto-encoding strategy incorporates all five su-
pervisions into the training process of the inference network. Besides
these losses mentioned above (i.e. Ly, L, Ly, and L,;,), the Encoder-
HDecoder network is also supervised by the alignment error L,
between H* and the GT labels of joints H', which is formulated as:

K
Eom = 3¢ 2= " (8 (8" (0,2))), 1 ©
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Fig. 5. Illustration of the distribution-aware heat-maps distillation. For predicted heat-
maps of a joint from the teacher and the inference networks, we first transform
them into two probability distributions by the Soft function (i.e. a softmax function
with a temperature coefficient) separately. Then, we calculate the Kullback-Leibler
(KL) divergence between two distributions as a supervision for training the heat-maps
reconstruction. Then the amplitude difference between the joint response region and
the smaller response region are reduced via the Soft function, which makes it easy to
transfer the background knowledge of the smaller response region from the teacher
network to the inference network.

We summarize the overall training strategy as follows:

L =(Ly+al ) (Flag = 1)+ (BLypy + (1 = P(Lypy +7L1) [(Flag = 2),
(10)

where £ denotes the overall loss function, I(-) is an indicator func-
tion, Flag indicates the training stage. In the first stage of training,
i.e. Flag = 1, we train the Encoder-FDecoder network for the regular-
ization of the Encoder, as shown in Fig. 4(b), and a hyper-parameter « is
set to balance L, and L. In the second stage of training, i.e. Flag = 2,
we train the Encoder-HDecoder network to generate the final predicted
heat-maps H*, as shown in Fig. 4(c). We fine-tune the regularized
Encoder by dropping its learning rate by a 10-fold, and then balance
Lipms L14 and Ly, by hyper-parameters # and y, respectively.

4. Experiments

In this section, we report the performance of our proposed method
in terms of accuracy and resource requirements. Moreover, we also
provide experiments to verify the effectiveness of each component in
our framework.

4.1. Datasets and evaluation metrics

MS COCO02017 [22] contains 250,000 person samples, and each
person is labeled with 17 joints. We choose the train set for training and
use the val and test-dev sets for testing. For evaluation, the standard
metric based on object keypoint similarity (OKS) [14] is used, OKS
_ X, €Xp(=d? /252 kD)(v;>0)
- >, I(v;>0)
detected joint and the corresponding ground truth, v; is the visibility
flag of the ground truth, s is the object scale, k; is a per-joint constant
that controls falloff, and I(-) is an indicator function. We report the
standard average precision and recall scores: AP.50 and AP.75 (AP at
OKS = 0.50 and 0.75 respectively), AP (the mean of AP scores at 10
positions, OKS = 0.50, 0.55, ..., 0.90, 0.95), AP(M) for medium objects,
AP(L) for large objects, and AR at OKS = 0.50, 0.55, ..., 0.90, 0.95.

MPII [23] contains 40,000 person samples, and each person is
labeled with 16 joints. We choose the train set for training and use the
val set for testing. For evaluation, the standard metric PCKh [23] score
is used. A joint is correct if it falls within »/ pixels of the ground truth
position, where 7 is a constant and !/ is the head size that corresponds
to 60% of the diagonal length of the ground-truth head bounding box.
We report the PCKh scores of each joint, head, shoulder, elbow, wrist,

, where d; is the Euclidean distance between the
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hip, knee and ankle at n = 0.5, and the mean PCKh scores at n = 0.5
and 5 = 0.1 respectively.

Despite both floating point operations (FLOPs) and model param-
eters are reported in our results, we only utilize FLOPs to evaluate
the computational efficiency of the model, since the processing speed
is more important than the storage consumption in most embedded
systems.

4.2. Implementation details

We use Adam as the optimizer in our method, and the training
strategy is shown in Fig. 4. The hyper-parameter ¢, in Eq. (1) is set
to 2, A in Eq. (3) is set to 0.1, = in Egs. (6) and (7) is set to 4. a, f
and y in Eq. (10) are set to 1, 0.5 and 0.1 respectively. We set the
scale coefficients both .S, and .S}, in Eq. (2) to 0.5, so the interpolating
need not be used in our downscaler and the stride of the second
convolutional layer in the downscaler is set to 2. For experiments
on MS COCO2017, we set the original size of input to 256 x 192,
hence the size of thumbnail images is 128 x 96. For experiments on
MPII, we set the size of original inputs as 256 x 256, hence the size
of thumbnail image is 128 x 128. In our method, the structures of
teacher and inference networks are similar, and the differences are
that the downscaler ¢(-) and up-sampling module ¢,(-) are inserted
into the inference network for generating thumbnail images and scaling
up the size of heat-maps H* respectively. In addition, the FDecoder
¢,4(-) is only activated in the training stage, which is bypassed in the
inference stage. We present the details of our designed modules, i.e. the
downscaler ¢,(-), the FDecoder ¢,(-) and the up-sampling module ¢,(-),
in Table 1.

In Section 3, we employ HRNet [14] as an example to describe
our method. Actually, our ThumbPose is designed to apply on arbi-
trary FCN-based networks, e.g. Hourglass [13], SimpleBaseline [27]
and HRNet etc. To further verify the generality of ThumbPose, we
conduct experiments based on Hourglass, SimpleBaseline, HRNet and
DARK [15].

For experiments based on Hourglass, two 8-stage Hourglass net-
works are used as the backbone of teacher and inference networks
respectively. In the inference network, we insert 7 FDecoders into the
output positions of the first 7 Hourglass modules individually, and
insert our up-sampling module between the final Hourglass module
and head. The total number of training epochs is 140, where the loss
functions and modules used in the stage 1 and stage 2 are activated in
all epochs. The base learning rate Lr is set to 2.5e—4, and it is dropped
to 2.5e-5 and 2.5e—6 at the 90th and 120th epochs respectively.

As for experiments based on SimpleBaseline, two SimpleBaseline
networks are used as the backbone of teacher and inference networks
respectively. The specific architectures of the networks used in our
experiments include SimpleBaseline-R50 and SimpleBaseline-R101, and
both of them are consisted sequentially by 4 convolutional modules
and 3 deconvolutional layers. In the inference network, we insert one
FDecoder into the output position of the second convolutional module,
and insert our up-sampling module between the final deconvolutional
layer and head. The total number of training epochs is 166, where the
first 26 epochs for the stage 1 and the rest epochs for the stage 2. The
base learning rate Lr is set to 1e—3, and it is dropped to 1e—4 and 1e-5
at the 116th and 146th epochs respectively.

For experiments based on HRNet and DARK (which is an HRNet-
based model), two HRNet networks are used as the backbone of teacher
and inference networks respectively. The specific architectures of the
networks used in our experiments include HRNet-W32 and HRNet-
W48, and both of them are consisted sequentially by 4 multi-resolution
subnetworks. In the inference network, we insert one FDecoder into the
output position of the second multi-resolution subnetwork, and insert
our up-sampling module between the final multi-resolution subnetwork
and head. The total number of training epochs is 236, where the first
26 epochs for the stage 1 and the rest epochs for the stage 2. The base
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The details of the designed modules in our method. Where St. denotes the structure of layers, K. indicates the kernel size, C.;;, and C.,, denote the channel number of input and
output of feature maps respectively, S. denotes the stride and P. indicates the number of padding. Ne Z is the channel number of any intermediate feature maps.

Layer Downscaler ¢,(-) FDecoder ¢,(-) Up-sampling module ¢,(-)
St. K Cyp Cou S P. St K Cy Cou S P St K Cyp  Cou S P.

Layer-1 Conv-ReLU 5 3 12 1 2 Deconv-ReLU 3 2 1 2 x Up-sample - N N - -
Layer-2 Conv-ReLU 5 12 2 2 None - - - Conv-BN 3 N N
Layer-3 None - - - - - None - - - - - Conv-BN-ReLU 3 N N 1 1

Table 2

Comparison of our proposed method with the state-of-the-art human pose estimation methods using small-size image as input on MS COCO2017 val set, where ‘SimBa’ denotes

‘SimpleBaseline’.
Method Backbone Input size GFLOPs #Params AP AP.50 AP.75 AP(M) AP(L) AR
Hourglass [13] 4-stage Hourglass 128 x 96 2.7 13.0M 66.2 87.6 75.1 63.8 71.4 72.8
Hourglass [13] 8-stage Hourglass 128 x 96 4.9 25.1M 67.6 88.3 77.4 65.2 73.0 74.0
SimBa [27] ResNet-50 128 x 96 2.3 34.0M 59.3 85.5 67.4 57.8 63.8 66.6
SimBa [27] ResNet-101 128 x 96 3.1 53.0M 58.8 85.3 66.1 57.3 63.4 66.1
SimBa [27] ResNet-152 128 x 96 3.9 68.6M 60.7 86.0 69.6 59.0 65.4 68.0
HRNet [14] HRNet-W32 128 x 96 1.8 28.5M 66.9 88.7 76.3 64.6 72.3 73.7
HRNet [14] HRNet-W48 128 x 96 3.6 63.6M 68.0 88.9 77.4 65.7 73.7 74.7
DARK [15] HRNet-W32 128 x 96 1.8 28.5M 70.7 88.9 78.4 67.9 76.6 76.7
DARK [15] HRNet-W48 128 x 96 3.6 63.6M 71.9 89.1 79.6 69.2 78.0 77.9
Graph-PCNN [16] HRNet-W32 128 x 96 >1.8 >28.5M 71.5 89.0 79.0 68.4 77.6 77.3
Graph-PCNN [16] HRNet-W48 128 x 96 >3.6 >63.6M 72.8 89.2 80.1 69.9 79.0 78.6
TokenPose-L/D24 [29] HRNet-W48-stage3 128 x 96 2.3 26.1M 71.1 88.8 78.5 68.4 77.0 77.0
UniFormer-base [30] UniFormer-base 128 x 96 - - 61.9 87.2 71.1 60.3 67.1 69.3
SimBa + ThumbPose ResNet-50 128 x 96 2.5 34.1M 64.4 86.7 72.7 61.8 70.2 70.8
SimBa + ThumbPose ResNet-101 128 x 96 3.4 53.1M 63.8 87.1 71.8 61.4 69.3 70.2
DARK + ThumbPose HRNet-W32 128 x 96 1.9 28.6M 72.4 89.6 79.9 68.7 79.3 77.8
DARK + ThumbPose HRNet-W48 128 x 96 3.8 63.6M 74.1 89.8 81.3 70.4 81.1 79.3

learning rate Lr is set to 1e—3, and it is dropped to 1e—4 and 1e-5 at
the 196th and 226th epochs respectively.

Following the same way as most works of human pose estimation,
the used backbones are pre-trained on the large-scale RGB image
dataset ImageNet [69]. Our models follow the top-down paradigm in
pose estimation, which first obtains the bounding boxes of human in-
stances in images, and then single person pose estimation is performed
on the human body in each box separately. There are different ways
to obtain the bounding boxes of human instances for MS COC0O2017
and MPII, since the images of MS COC0O2017 usually contain multiple
human instances but each image of MPII contains only one human
instance. In this paper, for MS COCO2017, we employ the human
bounding boxes of official annotations to crop human instances in the
train set, and adopt the same human instance detector as HRNet [14]
to obtain the bounding boxes of human instances for inference, which
achieves 56.4% and 60.9% AP on the val and test-dev sets respectively.
For MPII, we directly use the whole image as the network input of
human pose estimation. In all of our experiments, we utilize PyTorch
to implement our method, and run it on two Quadro RTX6000 GPUs.

4.3. Comparison to the state-of-the-arts

We compare our method with other state-of-the-art methods using
small-size (ie. 128 x 96 pixels obtained by affine transformation)
images as inputs. For the training of ThumbPose (HRNet-W32/HRNet-
W48), the teacher network is DARK (HRNet-W32/HRNet-W48) with
original-size (i.e. 256 x 192 pixels) images as inputs. Table 2 shows
the results of our ThumbPose and other SOTA methods, including
Hourglass [13], SimpleBaseline [27], HRNet [14], DARK [15], Graph-
PCNN [16], TokenPose [29] and UniFormer [30], on COCO val set.

From Table 2, we have the following observations: (1) DARK-
W48 with ThumbPose absolutely surpasses all the previous approaches
in terms of accuracy and recall, which achieves the best score of
74.1% AP and 79.3% AR with competitive efficiency (i.e. 3.8 GFLOPs).

(2) DARK-W48 with ThumbPose exceeds the previous state-of-the-art
method Graph-PCNN-W48 (i.e. 72.8% AP and 78.6% AR) by about
1.3% AP and 0.7% AR. In addition, DARK-W48 with ThumbPose out-
performs Graph-PCNN-W48 on all the sub-items, ie. AP.50, AP.75,
AP(M) and AP(L), and the GFLOPs gap between DARK-W48 with
ThumbPose and Graph-PCNN-W48 is lower than 0.2 because both
models are based on the same backbone(i.e. HRNet-W48). All of these
comparisons demonstrate that, in the case of using small-size repre-
sentation, our method is superior than the most advanced graph-based
refining strategy. (3) SimpleBaseline with ThumbPose comprehensively
surpasses the performance of its baseline SimpleBaseline on all the eval-
uation items whether using ResNet-50 or ResNet-101 as the backbone.
Specifically, SimpleBaseline-50/101 with ThumbPose improves respec-
tively the AP and AR of SimpleBaseline-50,/101 from 59.3%/,/58.8% and
66.6%/66.1% to 64.4%/63.8% and 70.8%/70.2% with only 0.2/0.3
GFLOPs of extra cost. (4) DARK with ThumbPose comprehensively
surpasses the performance of its baseline DARK on all the evaluation
items whether using HRNet-W32 or HRNet-W48 as the backbone.
Specifically, DARK-W32 with ThumbPose improves the AP and AR of
DARK-W32 from 70.7% and 76.7% to 72.4% and 77.8% respectively,
and DARK-W48 with ThumbPose exceeds DARK-W48 (i.e. 71.9% AP
and 77.9% AR) of about 2.2% AP and 1.4% AR respectively. More-
over, DARK-W32/W48 with ThumbPose requires tiny extra computa-
tion, which increases the GFLOPs of DARK-W32/W48, from 1.8/3.6 to
1.9/3.8, by only 0.1/0.2 respectively. It can be proven by these com-
parisons that our informative thumbnail representation can effectively
improve model performance with negligible attached consumption. (5)
We represent key attributes (i.e. AP, AR and GFLOPs) of several SOTA
models in a bubble chart form, as shown in Fig. 6(a), where DARK-
W32 with ThumbPose reaches the best performance in the application
of small-scale networks, and DARK-W48 with ThumbPose achieves the
best AP and AR absolutely with competitive operation requirements
compared with all of other methods.
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Table 3

Comparison of our proposed method with the state-of-the-art human pose estimation methods using small-size images as inputs on MS COCO2017 test-dev set.
Method Backbone Input size GFLOPs #Params AP AP.5 AP.75 AP(M) AP(L) AR
SimpleBaseline [27] ResNet-50 128 x 96 2.3 34.0M 60.3 88.1 67.8 58.6 62.8 64.4
SimpleBaseline [27] ResNet-101 128 x 96 3.1 53.0M 59.7 88.2 67.5 58.6 61.7 64.1
SimpleBaseline [27] ResNet-152 128 x 96 3.9 68.6M 61.1 88.2 69.7 59.9 63.8 65.5
HRNet [14] HRNet-W32 128 x 96 1.8 28.5M 60.0 90.2 70.1 57.4 64.9 67.2
HRNet [14] HRNet-W48 128 x 96 3.6 63.6M 61.2 90.6 71.4 58.6 66.3 68.4
UDP [38] HRNet-W32 128 x 96 1.8 28.6M 67.9 90.6 76.2 65.9 72.3 74.3
UDP [38] HRNet-W48 128 x 96 3.7 63.7M 69.7 90.9 78.1 67.6 74.2 75.9
DARK [15] HRNet-W32 128 x 96 1.8 28.5M 70.0 90.9 78.5 67.4 75.0 75.9
CAL [60] HRNet-W32 128 x 96 2.5 49.3M 71.4 91.3 79.6 69.2 76.1 77.3
CAL [60] HRNet-W48 128 x 96 5.3 110.3M 72.3 91.6 80.5 69.9 77.2 78.0
DARK + ThumbPose HRNet-W32 128 x 96 1.9 28.6M 71.7 91.3 79.7 68.6 77.3 77.2
DARK + ThumbPose HRNet-W48 128 x 96 3.8 63.6M 73.4 91.9 81.3 70.1 79.1 78.6

Table 4

Comparison with lightweight methods of human pose estimation on MPII val set.
Method Input size GFLOPs #Params Hea Sho Elb Wri Hip Kne Ank Mean@0.5 Mean@0.1
8-stage Hourglass® [13] 256 x 256 26.2 25.6M 97.2 96.4 90.8 86.5 90.0 86.8 82.7 90.5 38.3
4-stage Hourglass [13] 256 x 256 3.6 3.3M 96.8 95.2 87.7 82.9 87.9 82.6 78.3 87.9 34.6
4-stage Hourglass + FPD [8] 256 x 256 3.6 3.3M 96.9 95.6 89.0 84.4 88.9 84.0 80.7 89.0 36.1
4-stage Hourglass + OKDHP-B [9] 256 x 256 14.3 13.0M 97.0 96.1 90.8 85.9 89.5 85.4 81.6 90.0 -
4-stage Hourglass + OKDHP-U [9] 256 x 256 14.3 13.0M - - - - - - - 90.2 -
8-stage Hourglass [13] 128 x 128 6.5 25.6M 95.8 93.9 86.5 79.3 86.4 81.4 77.4 86.4 25.4
8-stage Hourglass + ThumbPose 128 x 128 6.9 25.7M 96.7 96.0 89.6 84.2 90.1 86.0 82.1 89.7 34.9
HRNet-W32? [14] 256 x 256 9.5 28.6M 97.1 95.9 -90.3 86.5 89.1 87.1 83.3 90.3 37.7
HRNet-W32 + CNF-c [51] 256 X 256 8.3 12.9M - - - - - - - 89.9 39.5
HRNet-W32 + CNF-b [51] 256 x 256 9.4 16.4M - - - - - - - 90.1 39.4
HRNet-W32 [14] 128 x 128 2.3 28.6M 96.4 94.7 87.4 81.3 87.2 82.6 79.5 87.6 29.6
HRNet-W32 + ThumbPose 128 x 128 2.5 28.6M 96.8 96.1 90.0 85.2 89.8 86.7 82.9 90.1 38.4
DARK-W32? [15] 256 x 256 9.5 28.6M 97.2 95.9 91.2 86.7 89.7 86.7 84.0 90.6 42.0
DARK-W32 [15] 128 x 128 2.3 28.6M 96.4 94.7 87.7 87.7 87.6 82.9 79.6 87.8 34.6
DARK-W32 + ThumbPose 128 x 128 2.5 28.6M 97.0 96.3 90.4 85.9 90.1 86.8 83.0 90.4 39.9

2 Denotes the high-accuracy large-consumption baselines of lightweight models.
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(a) Comparison to the state-of-the-arts on MS COCO2017 val set (b) Comparison to lightweight models on MPII val set

Fig. 6. Comparison of our proposed ThumbPose with other SOTA models. (a) The
x-axis, y-axis, and bubble size indicate AR, AP, and GFLOPs respectively, where
ThumbPose is instantiated on DARK-w32 and DARK-W48. (b) The x-axis, y-axis, and
bubble size indicate GFLOPs, Mean@0.5, and GFLOPs respectively, where ThumbPose
is instantiated on DARK-w32. Best viewed in color and zoomed in.

In order to further demonstrate the effectiveness of our proposed
method, we compare ThumbPose with the state-of-the-art models, in-
cluding SimpleBaseline [27], HRNet [14], UDP [38], DARK [15] and
CAL [60], on COCO test-dev set when using small-size images as
inputs, as shown in Table 3. From Table 3, we can observe that the
proposed DARK-W48 with ThumbPose still comprehensively exceeds
all of other methods, which achieves the best 73.4% AP and 78.6%
AR with competitive efficiency (i.e. 3.8 GFLOPs). Compared to the pre-
vious most advanced method of low-resolution human pose estimation,
i.e. CAL-W48, which reaches 72.3% AP and 78.0% AR, DARK-W48 with
ThumbPose further improves the performance by 1.1% AP and 0.6%

AR. When employing the small-scale HRNet-W32 as the backbone, the
AP of DARK-W32 with ThumbPose (i.e. 71.7%) also exceeds CAL-W32
(ie. 71.4%) by 0.3%. Significantly, DARK-W32/W48 with Thumb-
Pose not only surpasses the previous most advanced CAL(W32/W48)
on predicted performance, but also drastically reduces the network
consumption, i.e. reduces GFLOPs from 2.5/5.3 to 1.9/3.8 and de-
creases model parameters from 49.3M/110.3M to 28.6M/63.6M. The
large margin improvements of predicted performance and efficiency
prove that when processing low resolution images, our method is
more advanced than the previous superior confidence-aware learning
method. All of the above comparisons of SOTA methods and our
method demonstrate that the proposed ThumbPose achieves superior
accuracy and competitive efficiency on different backbones compared
to state-of-the-art methods when using small-size images as inputs.

4.4. Comparison to lightweight methods

To compare our method with other SOTA lightweight methods and
analyze the trade-offs between accuracy and computational efficiency,
we compare our proposed ThumbPose with some lightweight methods,
ie. FPD [8], OKDHP [9], CNF [51], and the vanilla methods that
directly compress the network or reduce the input size. For fair com-
parison, this series of experiments is conducted on MPII dataset, and
the model performances are reported in Table 4.

First, we compare ThumbPose with FPD and OKDHP based on the
Hourglass network, as shown in the top part of Table 4. Here, the high-
accuracy large-consumption baseline is an 8-stage Hourglass model
with the input size of 256 x 256 pixels. Although directly reducing the
input size of the baseline to 128 x 128 or compressing the baseline
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Table 5

Ablation studies of ThumbPose on MS COC02017 val set, where Dow. and Ups. denote our proposed downscaler and up-sampling module respectively.
Method Input size GFLOPs Dow. Ups. L, Ly Lipm Ly AP AP.50 AP.75 AP(M) AP(L) AR
(A) Baseline by DARK [15] 256 x 192 7.12 75.6 90.5 82.1 71.8 82.8 80.8
(B) Bi-linear by DARK [15] 128 x 96 1.78 70.7 88.9 78.4 67.9 76.6 76.7
(C) Downscaler 128 x 96 1.83 v 71.1 89.1 79.3 68.3 77.4 77.0
(D) Style supervision 128 x 96 1.83 4 v 71.3 88.7 79.0 68.0 77.8 77.0
(E) Up-sampling module 128 x 96 1.89 v v v 71.1 89.1 78.8 68.0 77.5 76.8
(F) Regularization 128 x 96 1.89 v v v v 71.7 89.2 79.4 68.4 78.3 77.4
(G) Heat-map distillation 128 x 96 1.89 v v v v 71.5 89.1 79.1 68.2 77.9 77.2
(H) Heat-map distillation® 128 x 96 1.89 v v v v v 71.6 89.2 79.2 68.4 77.9 77.2
(I) ThumbPose 128 x 96 1.89 v v v v v 4 72.4 89.6 79.9 68.7 79.3 77.8

2 Denotes the background knowledge of the H' is further distilled by the £, loss.

network into a 4-stage Hourglass model can reach better computa-
tional efficiency (i.e. 6.5 and 3.6 GFLOPs respectively), the prediction
accuracy is sharply decreased by 4.1% and 2.6% Mean@O0.5 (from
90.5% to 86.4% and 87.9%). Previous SOTA methods FPD/OKDHP-U
follow the lightweight method of compressing network, and improve
the mean accuracy of 4-stage Hourglass model (256 x 256) from 87.9%
to 89.0%/90.2% Mean@0.5 with a consumption of 3.6/14.3 GFLOPs.
Our ThumbPose aims to enhance the performance of small-size-input
model, and achieves 89.7% Mean@0.5 with 6.9 GFLOPs. Compared
to FPD and OKDHP, our ThumbPose achieves a moderate balance
between accuracy and computational efficiency. Significantly, the per-
formance gain caused by our method (+3.3% Mean@0.5, i.e. from
86.4% to 89.7%) is higher than FPD and OKDHP-U (+1.1% and +2.3%
Mean@0.5, i.e. from 87.9% to 89.0% and 90.2%, respectively). This
comparison demonstrates that our method is competitive with FPD and
OKDHP on Hourglass network.

Then, we compare the proposed method with CNF based methods
on the vanilla HRNet network, as shown in the middle part of Table 4.
Here, the high-accuracy large-consumption baseline is a HRNet-W32
model with the input size of 256 x 256 pixels. The existing SOTA
method CNF-c/b exploits the method of neural architecture search to
automatically search a lightweight substitute of HRNet-W32, which
accelerates the baseline from 9.5 to 8.3/9.4 GFLOPs but decreases
the Mean@0.5 from 90.3% to 89.9%,/90.1%. When reducing the input
size of the baseline to 128 x 128, the GFLOPs and Mean@0.5 are
decreased to 2.3 and 87.6%, separately. Using our ThumbPose can
improve the mean accuracy of 128 x 128-input-sized HRNet-W32 to
90.1% Mean@0.5 with +0.2 GFLOPs of extra cost (from 2.3 to 2.5).
Compared to CNF-c/b, our model is superior since ThumbPose not only
achieves faster operational speed (2.5 vs. 8.3/9.4), but also reaches a
similar prediction accuracy (90.1% vs. 90.1%/89.9% Mean@0.5, 38.4%
vs. 39.5%/39.4% Mean@0.1). Furthermore, the lightweight method of
ThumbPose (i.e. reducing input size) is easier than CNF. This compar-
ison demonstrates that our method of compressing the feature maps is
more effective than the method of neural architecture search on the
HRNet network.

Finally, we execute ThumbPose on the SOTA model (i.e. DARK [15])
of human pose estimation, to further validate the acceleration ability
of our method, as shown in the bottom part of Table 4. Here, the
high-accuracy large-consumption baseline is a DARK-W32 model with
the input size of 256 x 256 pixels. When merely reducing the input
size to 128 x 128, the GFLOPs and Mean@0.5/0.1 of the baseline
are decreased from 9.5 and 90.6%/42.0% to 2.3 and 87.8%/34.6%,
separately. However, using ThumbPose can improve the performance
of small-input-sized model to 90.4%/39.9% Mean@0.5/0.1 with only
0.2 GFLOPs (from 2.3 to 2.5) of extra cost. The ThumbPose-based
lightweight model of DARK-W32 achieves the highest mean accuracy
and the fastest processing speed compared to FPD, OKDHP and CNF,
and a more intuitive representation is shown in Fig. 6(b).

To obtain small-scale models, OKDHP and FPD rely on specific
structure of networks (e.g Hourglass), and CNF requires the com-
plex operation of neural architecture search. Excitingly, our proposed

ThumbPose not only can be easily applied on arbitrary FCN-based
models (e.g. Hourglass, HRNet and DARK in this subsection), but also
achieves competitive performance both on prediction accuracy and
computational efficiency compared to previous SOTA lightweight meth-
ods. It is worth noted that processing speed is more important than
storage consumption in most embedded systems, so our method is more
suitable for real-time applications even though the network parameters
(#Params) are not compressed.

4.5. Ablation studies

4.5.1. Effect of major components in ThumbPose

We experimentally validate and analyze the effectiveness of each
component in our proposed ThumbPose, ie. a downscaler, an up-
sampling module, £, £, and L,,,, etc. Our experiments are con-
ducted on COCO val set, as shown in Table 5, and we analyze them
in the following.

(A) Baseline. Our baseline is DARK(HRNet-W32) [15] using
original-size images (i.e. 256 x 192) as inputs. We inherit the networks
and all hyper-parameters as in DARK unless otherwise stated, and
the performance is copied from the published paper, as shown in
Table 5(A).

(B) Bi-linear. A simple method [15] to generate small-size images
is bi-linear based affine transformation, and the generated small-size
image is used as the network input to perform pose estimation. We
copy the reported performance from the published paper and show
it in Table 5(B), Bi-linear setting reduces the GFLOPs from 7.12 to
1.78 when compared with baseline (A), but the accuracy and recall
are sharply declined by 4.9% (from 75.6% to 70.7%) and 4.1% (from
80.8% to 76.7%) respectively, which demonstrates that small-size input
can accelerate network operation, but the model performance will be
decreased dramatically.

(C) Downscaler. In order to maintain the performance when using
small-size images as inputs, we first use our proposed downscaler to
reduce the size of original images (i.e. 256 x 192 pixels) into thumbnail
images (i.e. 128 x 96 pixels). Compared to the bi-linear based affine
transformation (B) method, using thumbnail images as inputs, as shown
in Table 5(C), improves the accuracy and recall by 0.4% (from 70.7%
to 71.1%) and 0.3% (from 76.7% to 77.0%) respectively with negligible
growth of execution cost (0.05 GFLOPs). These results prove that using
the thumbnail image generated by our downscaler, instead of the small-
size image obtained by the affine transformation, as model inputs can
effectively improve the model accuracy.

(D) Style supervision. We improve the visual authenticity of the
generated thumbnail images by supervising the training of downscaler
with £, as shown in Table 5(D). Despite the performance gets worse
in AP.50, AP.75 and AP(M), the effectiveness of the proposed style su-
pervision is demonstrated by the improvement on the mean prediction
accuracy (i.e. from 71.1% to 71.3% AP). Moreover, the visual analysis
for the style supervised thumbnail will be conducted in Section 4.6.

(E) Up-sampling module. To enable the thumbnail-input network
can be guided by the teacher network, we align the size of the H* and
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Prediction accuracy with different methods of image down-scaling on MS COCO2017 val set. Here HE denotes the processing method of

histogram equalization.

Image down-scaling Input size AP AP.50 AP.75 AP(M) AP(L) AR

(a) None 256 x 192 75.6 90.5 82.1 71.8 82.8 80.8
(b) Bi-linear 128 x 96 70.7 88.9 78.4 67.9 76.6 76.7
(c) Bi-linear + HE 128 x 96 70.0 88.8 78.0 67.1 76.0 76.0
(d) Our downscaler w/o L, 128 x 96 71.1 89.1 79.3 68.3 77.4 77.0
(e) Our downscaler w/ L, 128 x 96 71.3 88.7 79.0 68.0 77.8 77.0

Table 7
The performance of the temperature coefficient r in the £,, for background knowledge
transfer on MS COCO2017 val set.

B 0.1 1.0 2.0 4.0 10.0 w/o L,y
AP 72.1 72.2 72.3 72.4 72.0 72.3
AR 77.7 77.7 77.7 77.8 77.6 77.7

H' by inserting an up-sampling module. As shown in Table 5(E), the
up-sampling module decreases both the accuracy and recall by 0.2%
(71.3% vs. 71.1%, 77.0% vs. 76.8% respectively), while with additional
consumption of 0.06 GFLOPs (i.e. from 1.83 to 1.89). Thus, we con-
clude that the under-refined information contained in the thumbnail
representation is not enough to reconstruct H'.

(F) Regularization. We further enable F* to contain the same in-
formation as their original-input counterparts F' by using L/, to
regularize the Encoder network. As shown in Table 5(F), the 0.4% (from
71.3% to 71.7%, and from 77.0% to 77.4% respectively) gain of both
AP and AR demonstrates the effectiveness of the regularization when
compared to the style supervised downscaler (D). This experiment
demonstrates that our regularization strategy can greatly improve the
performance of thumbnail-input networks.

(G) Heat-map distillation. We further refine the valuable informa-
tion contained in the thumbnail representation by using £,,,, to distill
the knowledge of the heat-map, when comparing the improvement
brought by the style supervised downscaler (D), both AP and AR are
increased by 0.2% (71.3% vs. 71.5%, and 77.0% vs. 77.2%). This
experimental result proves that MSE based Heat-map distillation is
conductive to refining the vital information in thumbnail feature maps.

(H) Heat-map distillation*. Moreover, we enhance the ability of
heat-map distillation by exploiting the distribution-aware loss £;; to
transfer the background knowledge. As shown in Table 5(H), the AP
is further improved from 71.5% (G) to 71.6%. It can be demonstrated
that transferring of the background knowledge can further enhance the
model ability for processing thumbnail representation.

Finally, all of our proposed components are integrated into Thumb-
Pose (I), compared to the original-input baseline (A), ThumbPose
sharply reduces the computation cost from 7.12 GFLOPs to 1.89
GFLOPs as shown in Table 5(I). Compared to DARK using small-
size images as inputs (B), we dramatically improve the AP and AR
by 1.7% (from 70.7% to 72.4%) and 1.1% (from 76.7% to 77.8%)
respectively, and the execution cost is only increased by 0.11 GFLOPs.
The above comparison demonstrates that all components in the frame-
work of our proposed ThumbPose are effective for pose estimation on
low-resolution images.

4.5.2. Effect of different methods for image down-scaling

To analyze the effect of different methods for image down-scaling,
we conduct some experiments on MS COCO2017 dataset. The used
baseline is an DARK-W32 [15] model, which directly utilizes the
original-size image (i.e. 256 x 192 pixels) as the input, as shown in
Table 6(a). The adopted down-scaling methods include (b) bi-linear
based down-scaling, (c) using the method of histogram equalization to
process the small-size image generated by bi-linear based down-scaling,
(d) reducing the image size via the proposed downscaler without style
supervision and (e) exploiting the proposed downscaler to generate
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Fig. 7. Visualization comparison of the small-size images obtained by different meth-
ods, i.e. (a) original large-size images, (b) small-size images generated by bi-linear based
down-scaling, (c) using histogram equalization to process the small-size images (b),
(d) thumbnail images generated by our downscaler trained with only GT supervision
L () thumbnail images generated by our downscaler trained with both GT (£,,,)
and style (£,,) supervisions, (f) thumbnail images generated by our downscaler trained
under the whole procedure of ThumbPose. The original images (a) are 256 x 192
pixels, and the others are 128 x 96 pixels. The serial numbers (a) to (e) between this
figure and Table 6 are one-to-one correspondence. All images are extracted from MS
COCO02017 dataset. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

thumbnail with style supervision. From Table 6, we can observe that,
when reducing the input size by the method of (b), the AP and AR
of original-input baseline (a) are reduced separately from 75.6% and
80.8% to 70.7% and 76.7% due to the loss of vital information. Despite
the image contrast can be improved by executing histogram equaliza-
tion (c) on the small-size image obtained by (b), the performance gets
worse, i.e. decreasing from 70.7%/76.7% to 70.0%/76.0% AP/AR. We
think it is because that these kind of features enhanced by histogram
equalization cannot contribute to the improvement of DCNN-based
model, and even the valuable information in images is weakened by the
operation of equalization. However, our proposed downscaler, whether
supervised by style function L, or not, achieves higher performance
than the conventional methods both (b) and (c). Although the gain from
the proposed style supervision is marginal, i.e. from (d) 71.1%/77.0%
to (e) 71.3%/77.0% AP/AR, the restriction (introduced by L) for
color features can make a dramatic difference to the visual effect of
thumbnail images. More visual results for small-size images obtained
by above methods are shown in Fig. 7, and we will discuss them in
Section 4.6.
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Fig. 8. Qualitative evaluation results for joints detection on MS COCO2017 val set. The
red and green skeletons denote the estimated results of the small-input DARK and our
ThumbPose, respectively. Obviously, our proposed method can suppress some wrong
detection joints. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

4.5.3. Analysis of background knowledge transfer

In our distribution-aware heat-map distillation £,;, the boundary of
transferred response regions is related to the temperature coefficient z.
To prove the effectiveness of background knowledge transfer and select
a suitable value of 7, we test the model performance under different .
Our experiments are conducted on COCO val set with an HRNet-W32
backbone, as shown in Table 7. Note that all of the hyper-parameters
except for 7 are fixed when conducting this ablation experiment. From
Table 7, we can see that both too small and too large temperatures,
ie. 0.1 and 10.0, lead to poor model performance, and the best AP
and AR (i.e. 72.4% in AP and 77.8% in AR) are reached when set t
as 4.0. These experiments demonstrate that the learning of background
knowledge is helpful to improve the performance of the inference
network, and we set 7 to 4.0 in all our experiments.

4.6. Qualitative results

For better understanding the achieved performance, we visualize
some results predicted by our proposed ThumbPose-DARK-W32 and the
vanilla DARK-W32 using small-size images as inputs on COCO dataset.

Fig. 7 shows the small-size images generated by different methods
of down-scaling. First, compared to small-size images (b) and (c),
which are generated by bi-linear based down-scaling methods, our
thumbnails, i.e. (d), (e) and (f), have more noticeable edges. This is
because the composite LPF in our downscaler effectively filters out
aliasing components. Second, the style supervised thumbnails, i.e. (e)
and (f), are more realistic than their no-style-supervision counterparts
(d). This phenomenon proves that the proposed style-based supervision
L, helps our downscaler to generate RGB-like thumbnail images. Third,
although executing conventional processing method (i.e. histogram
equalization) on resized images can increase the image contrast, as
shown in Fig. 7(c), the enhanced features are not benefit to improve
prediction accuracy as proved in Section 4.5.2. Last, the generated
thumbnail images both (d) and (e) are darker than the original images
(a), but the thumbnail images (f) are brighter. The reason is that
our proposed downscalers are trained in a supervised way with the
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consideration of the human pose estimation losses. We believe that
these types of styles are helpful for network inference.

Fig. 8 shows some estimated skeletons of vanilla DARK-W32 (red)
and our ThumbPose-DARK-W32 (green) when using small-size images
as inputs, from these results we can observe that joint coordinates
of ThumbPose are more accurate than DARK. The above qualitative
results further demonstrate the effectiveness of our proposed method
for pose estimation on low-resolution images. However, as shown in the
last row of Fig. 8, there are some missed and false joint detections in
crowded scenes. We think the reason is that compressing the crowded
multi-person images significantly weakens the recognizability of some
human bodies and limbs, which only occupy a small area in the original
images. In the future, to improve the performance of ThumbPose in
crowded scenes, we plan to design more effective methods under the
transformer architecture to generate high quality thumbnail images and
learn more discriminative features.

5. Conclusions and future work

In this paper, we propose a novel thumbnail representation learning
method, namely ThumbPose, to accelerate the model of human pose es-
timation in an effective, simple and generalizable manner, which based
on the fact that the computation and memory costs of an FCN-based
network can be decreased by reducing the size of input images. In par-
ticular, we present a style supervised online downscaler to downscale
an input image into a thumbnail image, and then design a dual-branch
auto-encoding training strategy to retain the performance of thumbnail
images as the original-input model in a knowledge distillation manner.
Extensive experiments on MS COCO and MPII benchmarks demon-
strate the effectiveness of our proposed method, and our proposed
ThumbPose outperforms both previous state-of-the-art methods when
using small-size images as input and lightweight models by a large
margin. To the best of our knowledge, we are the first to thoroughly
explore and analyze thumbnail representation for the task of human
pose estimation, and this study can provide good insights for further
application of depth models in real-time systems.

Despite moderate improvement has been achieved by our pro-
posed method, the obtained thumbnail images are not sufficiently
realistic. Moreover, thumbnail-based prediction accuracy is still below
the original-size-input model. Hence further exploration following our
work is valuable. On the other hand, detecting human key-points
in crowded scenes, especially when joints overlap is aggravated due
to image downscaling, is still an open challenge. In the future, for
excellent human pose estimation, we plan to design more effective
methods to generate the stronger thumbnail images and learn more
discriminative features.
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