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Abstract—In practical applications of human pose estimation,
low-resolution inputs frequently occur, and existing state-of-the-
art models perform poorly with low-resolution images. This work
focuses on boosting the performance of low-resolution models by
distilling knowledge from a high-resolution model. However, we
face the challenge of feature size mismatch and class number
mismatch when applying knowledge distillation to networks with
different input resolutions. To address this issue, we propose a
novel cross-domain knowledge distillation (CDKD) framework.
In this framework, we construct a scale-adaptive projector
ensemble (SAPE) module to spatially align feature maps between
models of varying input resolutions. It adopts a projector ensem-
ble to map low-resolution features into multiple common spaces
and adaptively merges them based on multi-scale information
to match high-resolution features. Additionally, we construct a
cross-class alignment (CCA) module to solve the problem of
the mismatch of class numbers. By combining an easy-to-hard
training (ETHT) strategy, the CCA module further enhances the
distillation performance. The effectiveness and efficiency of our
approach are demonstrated by extensive experiments on three
common benchmark datasets: MPII, COCO, and Crowdpose.
The code is available at https://github.com/guzejungithub/CDKD.

Index Terms—Knowledge distillation, low-resolution image,
human pose estimation, cross-domain distillation.

I. INTRODUCTION

HUMAN pose estimation (HPE) is a fundamental task in
computer vision which aims to predict the positions of

body joints from RGB images [1]–[6]. The recent progress has
focused on training methods [7], [8], network structures [9]–
[11], and fusion strategies [12], which have notably advanced
the accuracy of HPE with high-resolution images [13]–[17].

In real-world application scenarios, images are usually
captured in low resolutions, for example, wide-view video
surveillance and long-distance shooting. In addition, high-
resolution input will bring great computational and mem-
ory complexity, which impedes the development of practical
applications. However, when current state-of-the-art models
are directly applied to low-resolution images, significant per-
formance degradation occurs due to the lack of rich image
information. Therefore, it is a critical yet more challenging
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Fig. 1: Comparison between traditional distillation and our
CDKD. (a) Illustration of the issue of traditional methods
for distillation between different resolution models. When
distilling knowledge from high-res models to low-res models,
there is a problem of misalignment between features and
output classes. (b) The overview of our proposed CDKD
framework.

problem to upgrade the performance of a low-resolution HPE
model. One possible way to solve the problem is to transfer
the knowledge from high-res models to low-res models.

However, the different input resolutions of the teacher model
and the student model lead to the following two problems: 1)
The teacher model and the student model do not share the
same feature spatial size at the same network stages. In this
situation, traditional feature distillation methods can not work.
2) The number of output categories of the teacher model and
the student model are not the same. Currently, there are NO
logit distillation studies based on different class numbers in
detection tasks, so the logit information in teacher models can
not be effectively distilled.

Due to the mismatch in the feature spatial domain and
output distribution domain between the teacher model and
the student model, we propose a novel knowledge distilla-
tion framework termed cross-domain knowledge distillation
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Fig. 2: Comparisons between the SOTA methods and the
proposed CDKD on the MPII [18] val dataset with the input
resolution of 64×64. Red circles at the upper left corner denote
CDKD. It outperforms SOTA models in terms of accuracy
(AP), Parameter, and computational cost (GFLOPs).

(CDKD) to resolve it. It mainly includes the following two
components: 1) A scale-adaptive projector ensemble (SAPE)
module for feature distillation. 2) A cross-class alignment
(CCA) module for logit distillation.

The SAPE module resolves the feature size mismatch be-
tween the high-res teacher and the low-res student. Firstly, we
design a projector to map features into a common space for
matching. Feature distillation can be regarded as a multi-task
learning process, including feature learning for the original
task and feature matching for distillation [19]. In this sce-
nario, the student network might overfit the teacher’s feature
distributions, leading to less distinguishable generated features
for HPE. Adding a projector for distillation would alleviate
the overfitting issue. We propose to ensemble projectors for
further improvement. According to the theory about ensemble
learning [20], different initialized projectors produce different
transformed features. The use of multiple projectors helps to
improve the generalization ability of the student. To address
the body scale variation problem in the natural scene, we
propose a scale-adaptive unit (SAU) to capture the multi-
scale information. It assigns different weights to each projector
by multiple parallel transformations with different receptive
fields. Then, it merges the output features of each projector
with assigned weights.

The CCA module solves the problem of class number
mismatch. As shown in Fig. 1 (b), the probability distribution
of the classification output for different resolution models
has the same mathematical significance. It can be shared
directly between the teacher model and the student model.
Meanwhile, the probability values of multiple adjacent classes
can be merged by adding them together. In addition, the
probability distribution of the classification output is also a
fundamental element in calculating distillation loss. Based on
this observation, for the high-res teacher, we merge the prob-
ability values of adjacent categories to make them consistent
with the categories of the student model. It allows for the

implementation of logit distillation. Finally, to enhance the
effectiveness of distillation, we further propose an easy-to-hard
training (ETHT) strategy. It improves distillation performance
through curriculum learning.

In summary, our CDKD achieves optimal performance with
minimal computational cost. As shown in Fig. 2, CDKD
outperforms previous SOTA methods, such as Simcc [21] and
CAL [22] with the fewest parameters and GFLOPs.

Our contributions are summarized as follows:
• We propose a novel scale-adaptive projector ensemble

(SAPE) module that solves the problem of feature size
mismatch between the high-res teacher and the low-res
student and attains excellent distillation performance.

• We construct a cross-class alignment (CCA) module
to tackle the problem of inconsistent class numbers in
logit distillation. Combined with the easy-to-hard train-
ing (ETHT) strategy, it further improves the distillation
effectiveness.

• Our proposed CDKD is a universal framework that can
address the issue of mismatched feature spatial domain
and output distribution domain in different distillation
tasks. Extensive experiment results demonstrate its effi-
ciency, effectiveness, and universality. It achieves SOTA
performance in low-res HPE on MPII [18], COCO [23],
and CrowdPose [24] with NO computational cost incre-
ment. When applied to different HPE models and low-res
inputs of various sizes, it consistently achieves superior
performance.

II. RELATED WORK

A. Human Pose Estimation

The current research on HPE primarily focuses on two
aspects: keypoint coordinate representation and applications
under complex conditions.

For keypoint coordinate representation, recent works are
mainly divided into three mainstreams: regression-based meth-
ods [25]–[30], heatmap-based methods [11], [31]–[36], and
new keypoint representation methods [1], [21]. Regression-
based methods directly regress the coordinates of keypoints
within a lightweight framework. Deeppose [30] is the first
to propose direct regression of joint coordinates. Center-
Net [37] presents a method to accomplish multi-person pose
estimation within a one-stage object detection framework, di-
rectly regressing joint coordinates instead of bounding boxes.
SPM [38] introduces root joints for distinguishing among
different person instances, by employing hierarchical rooted
representations of human body joints to improve the pre-
diction of long-range displacements for specific joints. The
residual log-likelihood (RLE) [25] utilizes normalizing flows
to capture the underlying output distribution, which enables
regression-based methods to achieve accuracy comparable to
SOTA heatmap-based methods. MDN [39] proposes a mixture
density network for regression. Regression-based methods
have significant advantages in speed, but their accuracy is
insufficient.

The heatmap-based methods adopt a two-dimensional Gaus-
sian distribution to represent joint coordinates. Some studies
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optimize backbones to extract better features. Sun et al. [9] in-
troduce a groundbreaking network designed to preserve high-
resolution representations throughout the entirety of the pro-
cess, resulting in substantial performance enhancements. Other
studies aim to improve prediction accuracy by reducing quan-
tization errors. Zhang al. [22] propose using a distribution-
aware coordinate representation for post-processing of predic-
tion results to reduce quantization errors. Huang et al. [40]
design a plug-and-play unbiased data processing method that
effectively enhances the performance of different models with-
out increasing computational complexity. Wang et al. [41]
conceptualize the backbone network as a degradation process
and recast heatmap prediction as a super-resolution task,
which effectively reduces quantization errors and enhances
the precision of the model’s predictions. Some methods [4],
[11] improve their performance by leveraging transformers
because they can capture long-range information. Heatmap-
based methods are far ahead in terms of performance, but they
have the disadvantage of exceptionally high computational cost
and slow preprocessing operations. DistilPose [2] combines
heatmap and regression methods through knowledge distilla-
tion, achieving high accuracy at low computational costs.

New keypoint representation methods explore novel ap-
proaches of keypoint representation to reduce quantization
errors and leverage keypoint relationships. PCT [1] represents
a pose by discrete tokens to model the dependency between
the body joints. Simcc [21] effectively minimizes quantization
error by transforming the keypoint regression task into a
classification problem. They all open up new perspectives on
keypoint representation methods.

In addition, many studies are beginning to focus on applica-
tions under complex conditions. Yang et al. [42] introduce ED-
Pose, which achieves fast, concise, and accurate end-to-end
HPE. Lee et al. [43] present ExLPose to tackle the problem
of current models failing to work properly under low-light
conditions. Ju et al. [44] propose a dataset for human pose
estimation in artwork, aiming to apply the HPE model to
virtual scenes. Yang et al. [45] introduce an efficient full-body
pose estimation method (DWPose), aiming at better applica-
tion in human-computer interaction. Sun et al. [46] present
the first all-in-one-stage model for expressive human pose and
shape estimation, demonstrating outstanding performance. Cai
et al. [47] propose the first generalist foundation model for ex-
pressive human pose and shape estimation, named SMPLer-X.
The model demonstrates excellent transferability and achieves
superior performance across diverse environments.

B. Low-Resolution Vision Tasks

Wang et al. [22] propose a novel confidence-aware learning
(CAL) method to reduce quantization errors, thereby improv-
ing the performance of HPE models under low-resolution con-
ditions. Li et al. [21] design a simple coordinate classification
method, which achieves excellent results in low-resolution
pose estimation by transforming coordinate regression into
a classification problem. Kumar et al. [48] present a semi-
supervised approach to predict landmarks on low-resolution
images by learning them from labeled high-resolution images.

It can improve performance on the critical task of face
verification in low-resolution images. Chai et al. [49] introduce
a recognizability embedding enhancement approach to address
the very low-resolution face recognition (VLRFR) challenge.
Sunkara et al. [50] design a new CNN building block (SPD)
for low-resolution images and small objects. This block is
universal and can replace the downsampling layers in different
CNN models, thereby improving the performance of various
low-resolution tasks. Xu et al. [51] propose a resolution-
aware neural network for HPE which can deal with different
resolution images with a single model.

C. Knowledge Distillation

Knowledge distillation aims to transfer knowledge from a
trained teacher model to a compact and lightweight student
model. In recent years, various methods have been proposed
for knowledge distillation [45], [52], [53]. These methods fall
into two lines of work: 1) feature distillation methods [54].
2) logit distillation methods [55]. Feature distillation methods
distill knowledge using intermediate features, while logit dis-
tillation methods are designed to perform distillation on output
logits.

Logit distillation was originally proposed using the KL
divergence [56], and it has been extended using spherical
normalization [57], label decoupling [55], and probability
reweighting [58]. MLD [59] introduces a multi-level predic-
tion alignment framework to logit distillation. Through this
framework, the student model learns instance prediction, input
correlation, and category correlation simultaneously. LD [60]
presents a novel localization distillation (LD) method that can
efficiently transfer the localization knowledge from the teacher
to the student.

While logit distillation methods may seem straightforward
and versatile for application across various scenarios, their
performance frequently falls short compared to feature dis-
tillation. Compared to logit distillation, feature distillation
methods are more likely to achieve high performance because
they absorb rich knowledge from the teacher model. The
work [61] adopts a novel orthogonal projection layer to maxi-
mize the distilled knowledge to the student backbone, thereby
achieving outstanding performance. CrossKD [62] transfers
the intermediate features from the student’s head to that of the
teacher, generating cross-head predictions for distillation. This
approach efficiently mitigates conflicts between supervised
and distillation targets. Some methods [63], [64] mitigate the
differences in features between the teacher and student models,
thus compelling the student model to emulate the teacher
model at the feature level. Other methods [65], [66] transmit
teacher knowledge by extracting input correlations.

In contrast to existing KD methods that focus on improving
the performance of lightweight networks, this paper aims to
improve the low-res model by distilling from the high-res
model. Recently, a succession of relevant studies has emerged.
The work [67] adopts a multi-scale aligned distillation method
to tackle the output size mismatch, but this method relies
on the feature pyramid (FPN) structure [68] as its backbone.
The distillation method improves the low-res model by using
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Fig. 3: (a) Overall architecture of our proposed CDRD. During training, a well-trained and fixed high-res teacher provides rich
knowledge to help the training of a low-res student based on the alignment of features and classes. (b) The illustration of our
SAU module.

upsampling in the initial stage [69]. However, upsampling
introduces noise and incurs substantial computational costs.
FMD [70] solves the problem of inconsistent feature sizes, but
it can only be applied under the premise that the number of
feature channels between the teacher and student is different.
FITNETS [71] utilizes convolutional downsampling to align
high-res features with their low-res counterparts. Nonetheless,
downsampling drastically reduces the rich efficient informa-
tion hidden in large feature maps. ScaleKD [52] designs a
mapping function to align the size of the feature map in differ-
ent models, but it does not achieve outstanding performance.
Our proposed method (CDKD) can solve the above problems
and thereby achieve more competitive distillation effects.

III. METHOD

In this section, we propose a distillation-based human pose
estimation framework, cross-domain knowledge distillation
(CDKD), as shown in Fig. 3 (a). In CDKD, the teacher is a
high-res model, and the student is a low-res model. We transfer
the rich details and texture knowledge from the teacher model
to the student model during training.

A. Scale-Adaptive Projector Ensemble

The Scale-Adaptive Projector Ensemble (SAPE) aims to
align the feature size of the teacher and the student, which
consists of a projector ensemble and a scale-adaptive unit.

1) Projector Ensemble : As shown in Fig. 3 (a), our
framework is based on the Simcc algorithm. Recent research
indicates that feature distillation is more likely to achieve
superior performance compared to logit distillation [59]. The
last feature of networks is better suited for distillation [72].

One possible reason is that the last feature is closer to the
classifier and will directly impact classification effectiveness.
Therefore, we adopt the last feature to distill.

We represent the last teacher feature as F t ∈
RB×C×H′×W ′

, where B , C , H ′, and W ′ are the batch size,
the number of channels, the height, and the width of the last
teacher feature maps, respectively. The corresponding student
feature is represented by F s ∈ RB×C×H×W , where B , C , H ,
and W are the batch size, the number of channels, the height,
and the width of the last student feature maps, respectively.
We define m as the scale factor between the high and low
resolution, where H = H ′/m and W = W ′/m.

In classification tasks based on distillation, the training
process of the student network can be considered as multi-
task learning within the same feature space. Therefore, student
features are prone to overfit teacher features and would be
less discriminative for classification. We add a projector Pi to
disentangle the two tasks to improve the student’s performance
and to match the size of F t (see Fig. 3 (a)). In addition,
we use an ensemble of projectors for further improvement
which consists of a group of parallel projectors. Each projector
contains a FC layer and a ReLU function.

There are two motivations for adopting ensemble projec-
tors. 1) Projectors with diverse initializations yield distinct
transformed features, contributing to the generalizability of
the student. 2) The projected student features may include
zeros due to the use of the ReLU function in the projector.
In contrast, teacher features are less likely to be zeros since
the average pooling operation is widely employed in CNNs.
The feature distribution gap between the teacher model and
the student model is large when using a single projector. In
this paper, we use ensemble learning to reduce the feature
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distribution gap and achieve better generalizability.
2) Scale-Adaptive Unit : The previous work [19] uses a

simple additive approach to fuse output features from different
projectors. The simple additive approach not only fails to
capture multi-scale information in real-world scenarios but
also lacks the weight assignment based on the importance of
different projectors. Inspired by [73], we propose the scale-
adaptive unit (SAU) to deal with the problem. The SAU learns
to combine all outputs from different projectors to produce
a rich output feature. It is composed of multiple parallel
transformations with different receptive fields, exploiting local
and global information to obtain a strong low-res feature.

The architecture of the proposed SAU is depicted in Fig. 3
(b). We take the output of each projector and the low-res
feature as input of SAU. Initially, we operate it through
convolutions with different kernel sizes:

F
′

i = Convi(F
s) (1)

where Conv i(·) denotes convolution operation with different
kernel sizes, F s is the last student feature, F

′

i is output of
each convolution operation and i is the index of each branch.

Convolutions with different receptive fields help the model
to obtain human body information at different scales. Because
low-res images contain less useful information, the feature
information under a small receptive field does not make suffi-
cient sense. Therefore, we moderately increase the proportion
of convolutions with a large receptive field to obtain as much
useful information as possible, as shown in Table VI. Next,
we fed F

′

i to fusion operation:

F ′′ = Fus(Concat[F
′

1, F
′

2, F
′

3, F
′

4]) (2)

where Concat [·] and Fus(·) denote the concatenation op-
eration and the fusion operation, respectively. This fusion
operation is sequentially composed of a fully connected layer,
a global pooling layer, and a summation layer. It can adaptively
adjust receptive field sizes according to the image content.
Then, F ′′ is applied to select operation:

wk = Select(F
′′
) (3)

where Select(·) is the select operation and wk is the weight
value corresponding to each projector output. The select
operation is sequentially composed of multiple fully connected
layers, a concatenation layer, and a softmax layer. This opera-
tion can adaptively select different spatial scales of information
with soft attention across channels. Finally, we fuse outputs
from multiple projectors via an element-wise summation to
obtain the output feature F s

out:

F s
out =

K∑
k=1

wk ⊗ FP
k (4)

where K is the number of branches, FP
k is the output of each

projector, wk is the corresponding weight value, and F s
out is

the final output of this module.
After aligning features from multi-scale spaces, we can use

cosine distance between F s
out and F t to calculate the feature

distillation loss:

Lfea = 1− F s
out

∥F s
out∥2

· F t

∥F t∥2
(5)
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Fig. 4: Illustration of the principle of cross-class distillation.
(a) In both the 64×64 and 256×256 resolution images, the
left shoulder of the person appears at the same normalized
coordinates, (0.38, 0.8). (b) The model output distribution
corresponding to the left shoulder in (a). Each pixel is divided
into 3 bins. The “Y” indicates the bin index along the vertical
(height) axis. (c) A schematic illustration of the local region
in (b).

where || · ||2 denotes L2-norm.

B. Cross-Class Alignment

Another way to transfer knowledge from teacher to student
is logit distillation. The feature distillation focuses on optimiz-
ing the encoder and does not directly impact the classification
head, so we propose a cross-class alignment (CCA) module
to refine the student’s classification head straightforwardly.

1) Class Alignment : As is shown in Fig. 1 (a), the
number of Simcc’s output categories is proportional to the
input resolution typically. The number of output categories
of low-res model and high-res model is different when their
resolution is different. However, the current logit distillation
is based on the consistency of the number of categories. In
our work, we propose a cross-class (CCA) alignment module
to resolve this issue. Simcc’s classification method can be
regarded as one of ordinal regression [74]. There is a certain
ordinal relationship among the categories in ordinal regression.
Any number of adjacent classes can form an entire meaningful
interval. We are interested in exploring the merging of multiple
discrete categories of the student to align with the teacher.
However, the values of the logit or the feature can not be added
together, since they do not have the same computational unit
and interpretable real-world meaning.

Combining the characteristics of ordinal regression and the
properties of probability distributions, we have the following
findings: 1) Regardless of the image resolution, the relative
positions of keypoints within the image remain consistent and
are independent of the model, as shown in Fig. 4(a). 2) After
the final softmax operation, the output probability distributions
of models with different resolutions share the same units and
practical significance, representing the probability of keypoints
at each relative position [21], [75], as illustrated in Fig. 4(b).
Hence, these probability distributions can be shared between
models of different resolutions (Fig. 4(c)). 3) The values in
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these probability distributions are additive [76]. As shown in
Fig. 4(c), the probability of the keypoint falling within the
interval [4,5] is the sum of the probabilities of the keypoint
being at position 4 and position 5. 4) The probability dis-
tribution is also the object of the traditional logit distillation
loss [56], serving as a bridge between the teacher model and
the student model, which enables it to act as an entry point
for cross-category class alignment.

Therefore, we adopt the cross-class alignment method to
align the categories of different resolution models. As shown
in Fig. 3(a), we sum up the output probability values for every
m adjacent categories in the high-res teacher model:

pt
j =

j×m+m∑
i=j×m+1

pt
i (6)

where m represents the ratio between high resolution and
low resolution, pt

i denotes the output probability values of
i-th category in the high-res model, pt

j is the j-th probability
values after mergers. Then, the teacher model and the student
model achieves class alignment, and logit distillation can be
performed between them. Based on the above results, we can
calculate the logit distillation loss:

Llogit(p
t, ps, τ) =

J∑
j=1

τ2KL(ptj , p
s
j) (7)

where τ is the temperature, pt and ps denote the output prob-
ability distribution produced by teacher and student, KL(·) is
the Kullback-Leibler Divergence. With feature distillation loss
Lfea and logit distillation loss Llogit , we can train the student
with the total loss as:

Ltotal = Lori + αLfea + βLlogit (8)

where Lori is the original task loss for HPE, α and β are the
hyperparameters to balance the loss.

2) Easy-to-Hard Training Strategy: In human education,
teachers often employ a curriculum strategy of imparting
knowledge from simple to challenging, ensuring that students
achieve optimal learning outcomes. Influenced by this, many
researchers adopt the classic curriculum strategy training the
models in an easy-to-hard method, which improves the per-
formance of the models.

Inspired by CTKD [78], we adopt an easy-to-hard training
(ETHT) strategy to increase the difficulty gradually. As shown
in Fig. 5, this strategy is implemented by adding a learnable
hyperparameter learning module to the student model. In this
work, We choose temperature τ as the hyperparameter to be
trained, which can also be extended to other hyperparameters,
such as loss coefficient α and β (see Table VII).

Firstly, this module is optimized in the opposite direction
of the student’s training, intending to maximize the distillation
loss between the student and teacher. It can enhance the
training performance of the model by producing adversarial
effects.

We apply the gradient reversal method to implement the
adversarial process. The traditional gradient descent process
is as follows:

θ ← θ − η
∂L

∂θ
(9)

where θ is the training parameters, η is the is the learning rate,
and L is the loss. Our proposed gradient reversal method is as
follows:

θhype ← θhype + η
∂L

∂θhype
(10)

where θhype is the training hyperparameters. We optimize the
hyperparameter module in the opposite direction of gradient
descent, which essentially prevents loss from declining and
increases the difficulty of model training. In addition, to grad-
ually increase the training difficulty, we introduce a dynamic
coefficient ξ in the above process of backpropagation.

θhype ← θhype + η
∂(ξL)

∂θhype
(11)

ξ = func(
Ti

Tmax
) (12)

where func(·) denotes the monotonically increasing function,
Ti is current epoch, and Tmax is total epochs. As training
progresses, ξ gradually increases, and the training difficulty
gradually increases. Therefore, by adopting this approach, the
training performance is effectively optimized.
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TABLE I: Comparison with SOTA methods on the MPII validation dataset.

Method Input Size Backbone Head↑ Sho.↑ Elb↑ Wri.↑ Hip↑ Knee↑ Ank.↑ PCKh@0.5↑ PCKh@0.1↑ #Params↓ GFLOPs↓
SimBase [33]

32×32

ResNet-152 40.9 48.2 34.0 21.7 44.6 31.4 22.7 36.8 2.4 68.6M 0.3
SimBase [33] ResNet-50 41.5 49.5 34.8 22.4 45.8 32.5 23.4 37.8 2.5 34.0M 0.2

HRNet [9] HRNet-W32 46.0 52.4 40.2 28.4 48.8 37.2 27.5 42.2 2.3 28.5M 0.1
Dark [36] HRNet-W32 39.0 61.8 46.2 31.9 61.3 45.2 28.8 48.1 5.2 28.5M 0.1
CAL [22] HRNet-W32 77.1 68.6 48.2 33.1 63.2 46.3 40.6 55.4 7.4 49.3M 0.2

Tokenpose [11] HRNet-W48 40.2 64.6 49.2 33.9 62.6 46.2 28.9 49.8 5.8 33.1M 0.2
PRTR [26] HRNet-W32 0.3 1.5 8.1 9.1 16.0 1.6 0.2 5.6 0.3 57.2M 1.5

Simcc (baseline) [21] HRNet-W32 81.3 73.3 54.6 38.4 63.7 50.5 45.6 59.5 7.6 28.5M 0.1
CDKD (ours) HRNet-W32 82.6 74.4 56.3 40.7 64.6 52.8 48.3 61.3+1.8 7.8 28.5M 0.1

SimBase [33]

64×64

ResNet-152 89.9 85.3 73.9 64.1 76.2 68.6 62.7 75.4 10.6 68.6M 1.3
OKDHP [77] 4-Stack HG 85.6 80.8 66.1 54.3 71.8 61.0 54.4 69.0 8.8 30.9M 2.9

HRNet [9] HRNet-W32 90.1 85.8 73.0 63.5 75.1 67.3 61.9 74.8 8.6 28.5M 0.6
Dark [36] HRNet-W32 89.5 87.9 74.6 63.2 78.8 69.4 62.5 76.3 17.9 28.5M 0.6
CAL [22] HRNet-W32 92.5 88.7 75.8 65.0 80.1 70.2 65.4 77.7 19.5 49.3M 0.8

Tokenpose [11] HRNet-W48 89.4 87.7 74.1 62.1 78.3 67.0 59.9 75.3 17.0 68.2M 1.2
PRTR [26] HRNet-W32 90.0 84.2 67.3 52.7 75.9 61.9 53.3 70.5 11.5 57.2M 1.5

Simcc (baseline) [21] HRNet-W32 93.1 88.8 77.3 67.6 79.1 70.4 66.1 78.3 18.2 28.6M 0.6
CDKD (ours) HRNet-W32 93.6 89.8 78.4 68.1 80.8 72.0 66.4 79.4+1.1 18.6 28.6M 0.6

IV. EXPERIMENTS

In this section, we first evaluate the proposed distillation
framework on three common benchmark datasets: MPII [18],
COCO [23], and Crowdpose [24] . Then we carry out a
series of ablation studies to prove the effectiveness of each
component. In addition, we show the universality of our
proposed framework in various human pose estimation models.
Finally, we present sufficient visualization results and perform
detailed analyses of the model’s complexity and failure cases.

A. Implementation Details

1) Datasets: The MPII dataset includes approximately 25K
images containing over 40K subjects with annotated body
joints, where 29K subjects are used for training and 11K
subjects are used for testing. We adopt the same train/valid/test
split as in [79]. Each person instance has 16 labeled joints.

The COCO dataset contains over 200k images and 250k
human instances. Each human instance is labeled with K = 17
keypoints representing a human pose. Our models are trained
on COCO train2017 with 57k images and evaluated on COCO
val2017, which contain 5k images.

The CrowdPose dataset is more challenging than the COCO
keypoint dataset, as it contains a large number of crowded
and occluded scenes. It consists of approximately 20,000
images and 80,000 human instances, each annotated with 14
keypoints. The dataset is divided into around 10,000 training
images, 2,000 validation images, and 8,000 testing images.

2) Evaluation Metric: For the MPII dataset, we adopt the
standard Percentage of Correct Keypoint (PCK) metric, which
measures the proportion of predicted keypoints that fall within
a normalized distance from the ground truth. Specifically,
PCKh@0.5 indicates a threshold set to 50% of the head
diameter, while PCKh@0.1 corresponds to a more stringent
threshold of 10% of the head diameter.

For the COCO dataset, we employ the standard Average
Precision (AP) as the evaluation metric, which is computed
based on Object Keypoint Similarity (OKS):

OKS =

∑
i exp(−d2i /2s2j2i )σ(vi > 0)∑

i σ(vi > 0)
(13)

where di represents the Euclidean distance between the i-th
predicted keypoint and its corresponding ground-truth loca-
tion, ji is a per-keypoint constant, vi denotes the visibility flag,
σ is the indicator function, and s indicates the object scale. We
report standard average precision and recall scores [23]: AP50

(average precision at OKS = 0.50), AP75 (average precision at
OKS = 0.75), AP (the mean of average precision scores at 10
positions, OKS = 0.50, 0.55,..., 0.90, 0.95), APM for medium
objects, APL for large objects, and AR (average recall) at
OKS = 0.50, 0.55, ... , 0.90, 0.95.

The evaluation of CrowdPose follows the standard protocol
of the COCO dataset and uses the Average Precision (AP)
based on Object Keypoint Similarity (OKS) as the metric.

3) Training Details: We adopt the two-stage top-down
human pose estimation pipeline. Firstly, the person instances
are detected, and then the keypoints are estimated. In the stage
of keypoint estimation, we set the cropped human images to
low resolution. We employ a commonly used person detector
provided by SimpleBaselines [33] with 56.4% AP. Simcc is
utilized as the base model for the teacher and the student,
which uses HRNet [9] as its backbone.

We use the Adam optimizer [80], the base learning rate
is initialized as 1e-3. It is subsequently reduced to 1e-4 and
1e-5 at the 170-th and 200-th epochs respectively. The data
augmentation for CDKD is the same as Simcc. Experiments
are conducted on an NVIDIA GeForce RTX 2080 Ti GPU and
an NVIDIA GeForce RTX 3080 Ti GPU.

All methods, including our proposed approach and the
SOTA methods used for comparison, are trained and tested
under low-resolution conditions. The resolution used for train-
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TABLE II: Comparison with SOTA methods on the COCO validation dataset. (*) denotes the experimental results obtained
by incrementing the splitting factor’s value followed by Simcc [21].

Method Input size Backbone AP↑ AP50↑ AP75↑ APM↑ APL↑ AR↑ #Params↓ GFLOPs↓
HRNet [9]

32×32

HRNet-W32 8.2 36.9 1.3 9.2 6.8 15.0 28.5M 0.1
TokenPose [11] HRNet-W32 14.0 48.2 3.4 15.2 12.5 21.7 33.1M 0.2

CAL [22] HRNet-W32 26.4 61.9 18.2 27.1 25.7 33.9 49.3M 0.2
Rle [25] HRNet-W32 24.4 - - - - - 29.1M 0.6

Dark [36] HRNet-W32 12.5 45.2 2.5 13.8 11.1 20.3 28.5M 0.1
SimBase [33] ResNet-152 4.4 21.1 1.0 5.3 3.2 9.0 68.6M 0.3

PCT [1] Swin-Base 1.3 4.6 10.0 1.0 1.2 3.1 86.9M 1.7
Distillpose [2] HRNet-W32 9.5 32.6 2.4 10.0 9.5 21.2 33.0M 0.3

SimCC (baseline) [21] HRNet-W32 29.8 65.6 22.5 30.0 29.9 36.3 28.5M 0.1
CDKD (ours) HRNet-W32 30.7+0.9 66.4 23.5 30.9 30.7 37.3 28.5M 0.1

SimBase [33]

64×64

ResNet-152 30.3 67.6 22.6 30.6 30.5 36.2 68.6M 1.3
Distillpose [2] HRNet-W32 31.7 66.8 26.6 32.3 31.8 44.5 33.1M 0.8

PCT [1] Swin-Base 13.8 41.1 6.4 14.1 14.2 19.6 86.9M 2.3
Rle [25] HRNet-W32 52.5 - - - - - 29.1M 0.6

HRNet [9] HRNet-W48 46.9 83.7 49.2 46.6 47.5 52.6 63.6M 1.2
Tokenpose [11] HRNet-W48 50.3 82.7 54.4 49.9 51.4 55.6 68.2M 1.2

CAL [22] HRNet-W48 60.6 88.1 68.4 59.5 62.3 65.5 110.3M 1.8
Dark [36] HRNet-W48 57.2 86.8 63.5 55.9 59.2 62.2 63.6M 1.2

Simcc (baseline) [21] HRNet-W48 58.6 85.9 64.9 57.8 60.5 63.4 63.7M 1.2
CDKD (ours) HRNet-W48 60.3+1.7 86.9 67.3 59.6 62.0 65.0 63.7M 1.2

Simcc (baseline)* [21] HRNet-W48 59.7 85.0 67.3 58.4 64.0 67.5 63.7M 1.2
CDKD (ours)* HRNet-W48 61.1+1.4 86.9 68.4 59.9 62.9 65.6 63.7M 1.2

TABLE III: Comparisons with the baseline method on the CrowdPose test dataset.

Scheme Backbone Input size AP↑ AP50↑ AP75↑ APE↑ APM↑ APH↑ #Params↓ GFLOPs↓

Simcc (baseline) [21] HRNet-W32 64×64 46.5 70.9 50.0 51.2 43.1 31.8 63.7M 1.2

CDKD (ours) - 64×64 47.0 72.3 50.6 57.7 48.0 34.4 63.7M 1.2

Simcc (baseline) [21] - 32×32 23.3 52.5 17.6 31.4 23.8 14.7 28.8M 0.1

CDKD (ours) - 32×32 23.7 52.8 18.1 31.4 24.3 15.4 28.8M 0.1

ing and testing is the same. For the selected SOTA methods,
we only modify the input resolution, while keeping all other
experimental settings consistent with those in the original
papers. They do not employ any additional distillation. In
our method, we first train a teacher model under high-
resolution conditions. Then, we train a student model under
low-resolution conditions, distilling knowledge from the high-
resolution teacher to the low-resolution student. In this paper,
all teacher models are trained with an input resolution of
256×256.

B. Main Results

1) Results on MPII Dataset.: We evaluate the CDKD
framework on the MPII validation dataset. Table I compares
the PCKh@0.5 accuracy results of CDKD and the SOTA
methods under low-res conditions. We can clearly observe
that Simcc achieves outstanding performance with low com-
putational cost. Adding CDKD, Simcc is further improved. It
achieves better accuracy than any other method. Specifically,
in resolutions of 64×64 and 32×32, our method improves
the baseline by 1.1% and 1.8%, respectively. It does not

incur any additional costs in parameters and GFLOPs, The
performance is significant as compared to prior works. In
short, CDKD achieves SOTA performance with NO increase
in computational cost.

2) Results on COCO Dataset.: Table II shows the results of
the cutting-edge methods and CDKD under low-res conditions
on the COCO validation set. In resolutions of 32×32 and
64×64, our method improves the baseline model 0.9% and
1.7%, respectively. Especially, it achieves SOTA performance,
whether in a resolution of 32×32 or 64×64. Similarly, it incurs
no additional computational cost or parameter increase, pro-
viding additional evidence for the efficiency and effectiveness
of our proposed CDKD method for low-res HPE.

3) Results on Crowdpose Dataset.: We further demonstrate
the effectiveness of the proposed CDKD method on the
CrowdPose dataset. Following the original work [24], we
use YoloV3 [81] as the human detector, with a batch size
set to 256. Comparative experiments were conducted on the
CrowdPose test set with input sizes of 64×64 and 32×32, re-
spectively. The results in Table III show that the CDKD-based
method outperforms the baseline method. It demonstrates that
CDKD remains effective on the CrowdPose dataset.
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TABLE IV: Ablation studies for different modules on the MPII
(64×64) and COCO (32×32) validation sets. The “NECM”
means the non-ETHT CCA module. All experiments use
HRNet-W32 as the backbone. On the MPII dataset, we in-
dependently train and evaluate each method five times, and
report the results as “mean±standard deviation”.

SAPE CCA
Method

Projector Ensemble SAU NECM ETHT
AP↑ PCKh@0.5↑

Simcc
(baseline) - - - - - 29.8 78.37±0.02

ours ✓ 30.3 78.73±0.10
ours ✓ ✓ 30.4 78.88±0.12
ours ✓ ✓ ✓ 30.6 78.95±0.15

ours ✓ 30.3 78.68±0.24
ours ✓ ✓ 30.6 78.85±0.18

ours ✓ ✓ ✓ ✓ ✓ 30.7 79.24±0.21

TABLE V: Ablation studies of the alignment method on the
MPII validation dataset. All experiments use HRNet-W32 as
the backbone. “Conv Downsample” and “Fully Connected
Layer” mean conventional feature and class alignment meth-
ods, respectively. “Same Class Number” refers to the method
of making the number of categories consistent between the
teacher model and the student model by altering the splitting
factor [21].

Distillation Method PCKh@0.5↑

Feature distillation

Conv Downsample [71] 78.2
Fully Connected Layer [52] 78.2

SAPE (ours) 78.8

Logit distillation

Same Class Number [21] 75.2
Fully Connected Layer [82] 78.0

CCA (ours) 78.8

In summary, our proposed CDKD consistently achieves
significant improvements across different datasets, which pro-
vides strong evidence for the effectiveness of CDKD.

C. Ablation Study

Different modules. In this subsection, we conduct several
ablation experiments to show how each module helps the train-
ing of the low-res student. As shown in Table IV, on the COCO
val dataset, all modules benefit the low-res model. SAPE and
CCA bring an improvement of 0.8% and 0.8%, respectively.
In SAPE, the projector ensemble yields a 0.6% performance
gain, and the scale-adaptive unit (SAU) further improves the
performance of the projector ensemble by 0.2%. Meanwhile,
the NECM brings the student 0.5% gains. When combing the
ETHT strategy, the gains get to 0.8%. The combination of all
proposed modules bring the best performance, which improves
the performance by 0.9%.

In order to thoroughly demonstrate the performance of the
various modules, we also conduct ablation experiments on the
MPII dataset. To reduce the impact of randomness, we conduct
5 independent repeated experiments, and report the mean and
standard deviation of the results in Table IV. The average

TABLE VI: Ablation studies of the number of convolutions
with different kernel sizes in SAU on the MPII validation
dataset. HRNet-W32 is used as the backbone. The 3×3, 5×5,
7×7, and 9×9 refer to the conv kernel sizes.

Conv 3×3 5×5 7×7 9×9 PCKh@0.5↑

1 1 1 0 79.0
Conv number 2 1 1 0 78.9

3 1 1 0 78.5

1 2 1 0 79.2
Conv number 1 1 2 0 79.4

1 1 1 1 79.0

TABLE VII: Ablation studies on the hyperparameters of the
ETHT strategy are conducted on the MPII validation dataset
using the HRNet-W32 backbone. The τ , α, and β refer to key
hyperparameters in the CDKD framework.

Method Hyperparameters PCKh@0.5↑

Non-ETHT - 78.8
ETHT τ 79.4
ETHT τ, α 79.1
ETHT τ , α, β 79.2

performance consistently improves with the inclusion of each
module. Together with the results on the COCO dataset, this
provides strong evidence that each module makes a valuable
contribution to the model’s overall performance. The combi-
nation of all modules achieves the optimal performance for
the model.

Alignment methods. We compare the results of CDKD
with conventional feature alignment and class alignment in
Table V. As shown in the table, SAPE outperforms the
fully-connected layer by 0.6%, while CCA outperforms it by
0.8%. It indicates our proposed approach surpasses traditional
alignment methods.

Conv number. We compare the impact of the convolution
number of different kernel sizes in our proposed SAU module,
as shown in Table VI. we can observe that increasing moder-
ately the proportion of convolutions with a large receptive field
can further improve the performance of our proposed CDKD
distillation framework. It demonstrates that our designed mod-
ule adequately captures multi-scale human body information.

Hyperparameters. Table VII shows how the performance
of our proposed framework is affected by the choice of
hyperparameters in Eq. 7 and Eq. 8. It indicates that the
ETHT strategy we designed is effective. Each choice of
hyperparameters helps to improve the model performance.
When selecting τ as a learning object, our method reaches
the best result.

Projector number. We evaluate the impact of projector
number on the performance of CDKD in Fig. 6. The use of
a projector ensemble improves the model’s performance, but
an excessive number of projectors would result in a decline
in performance with the adoption of our SAU. We conducted
experiments with a deeper SAU module to further investigate
the causes of performance degradation associated with increas-
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Fig. 6: Ablation study on the number of projectors on the MPII
validation set. The projector number denotes the number of
projectors used in the SAPE module. “SAU+FC (Post-GAP)”
refers to the addition of a fully connected layer after the
global average pooling (GAP) layer, while “SAU+FC (Pre-
SM)” refers to the addition of a fully connected layer before
the softmax layer.

TABLE VIII: Evaluation of the CCA module within our
proposed CDKD framework across different models on the
COCO validation dataset.

Decoding Method Resolution Role Backbone Class Number AP↑

Classification 256×256 teacher HRNet-48 768 76.4
- 64×64 baseline ResNet-50 192 40.0
- 64×64 student ResNet-50 192 42.0+2.0

ing the number of projectors. As illustrated in Fig. 6, fully
connected layers are introduced at various positions to conduct
an ablation study on the number of projectors. The results
indicate that, within a deeper SAU, performance improves as
the number of projectors increases. However, this improve-
ment is not significant and, conversely, leads to increased
computational overhead. Notably, employing three projectors
in conjunction with our proposed SAU module achieves the
optimal performance while incurring lower training costs.

D. Universality

We further extend our CDKD framework to different pose
estimation models to illustrate its universality. In current HPE
research, there is a clear difference in the applicability of the
CCA and SAPE modules. The CCA module is only suitable
for models that include classification operations, whereas
SAPE can be applied to almost all models.

Therefore, we conduct separate research on the CCA mod-
ule and the SAPE module. We first reproduced both the
high-resolution teacher model and the low-resolution student

TABLE IX: Evaluation of the proposed SAPE module applied
to different models on the MPII validation set. The teacher
models for CAL and HRNet are both trained at a resolution
of 256×256.

Method Backbone Resolution PCKh@0.5↑
CAL HRNet-W32 32×32 55.4

CAL (+SAPE) - 32×32 56.0+0.6

CAL (Teacher) - 256×256 90.4
HRNet - 64×64 74.8

HRNet (+SAPE) - 64×64 76.2+1.4

HRNet (Teacher) - 256×256 90.3

model. Next, we trained the low-resolution student model
incorporating our proposed method.

CCA module. We extend the CCA module to different
models. As shown in Table VIII, the teacher model and the
student model employ distinct backbones and have varying
numbers of classes. The two models differ in all aspects except
for the decoding method. In this case, the student model is
still well-optimized by the CCA module, demonstrating the
universality of our CCA module.

SAPE module. As an easy-to-use plug-in technique, SAPE
can be seamlessly integrated into existing HPE works. For
different HPE models, it is feasible to distill feature knowledge
from teacher models into low-resolution student models. First,
we train a high-resolution teacher model. Then, we distill
knowledge from the teacher to the student model via the
SAPE module during the student model training. We only add
the SAPE-based distillation, while all other settings remain
consistent with the original configuration. Except for the input
resolution, the teacher and student models share the same
architecture and settings. As shown in Table IX, our method
achieves improvements on the two cutting-edge methods, fully
demonstrating its generality and effectiveness.

E. Qualitative Analysis

1) Visualization of Pose Estimation Results: Fig. 7 provides
visualized HPE results on the COCO validation dataset. As is
shown in Fig. 7, the CDKD model achieves accurate human
pose estimation when the input is low-resolution.

To further demonstrate the robustness of CDKD, we present
pose estimation results in real-world scenarios, as shown in
Fig. 8. The predictions are made using a model trained on
the COCO train dataset, and the test images are selected
from the MPII, CrowdPose, and ADE20K datasets, which
better reflect in-the-wild conditions. Training and testing on
different datasets provide stronger evidence of the model’s
generalization ability. We adopt HRNet-W48 as the backbone
of our model, which is trained on input images resized to
64×64. As shown in Fig. 8, CDKD maintains stable and
accurate prediction performance across various challenging
scenarios.

2) Visualization of Attention Maps: To intuitively demon-
strate the effectiveness of CDKD, we visualize and compare
the convolutional attention maps of both CDKD and the
baseline. These samples are selected from the MPII validation
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Fig. 7: Visual results of our CDKD framework on the COCO validation dataset. Our base model is SimCC with an HRNet-W48
backbone. The resolution of all images is 64×64.

Fig. 8: Qualitative results on in-the-wild low-resolution scenarios.

TABLE X: Comparisons of the training complexity on the
MPII train set. The input resolution is 64×64, and the backbone
is HRNet-W32. All experiments are conducted on a single
NVIDIA 2080 Ti GPU.

Method #Params GFLOPs Time
per Epoch

GPU
Memory

Converged
Epoch

Simcc
(baseline) 28.6M 0.6 142s 2224MB 168

CDKD 63.5M 10.1 180s 8904MB 170

set, and experiments are conducted on different keypoints
and various convolutional layers. As shown in Fig. 9, CDKD
consistently exhibits a stronger focus on target keypoint re-

gions compared to the baseline. This indicates that the high-
resolution knowledge provided by the teacher model effec-
tively guides the student model to attend to critical regions.
These visualizations not only validate the effectiveness of
CDKD but also enhance the interpretability of the method.

F. Training Complexity Analysis

We conduct several experiments to analyze the training com-
plexity of CDKD. As shown in Table X, CDKD exhibits higher
training costs compared to the baseline in terms of parameter
count, computational complexity, memory consumption, and
training time. However, knowledge distillation increases model
complexity solely during training, incurring no extra computa-
tional overhead at inference time. Under the same deployment
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Fig. 9: Visual comparison of convolutional attention maps between CDKD and the baseline. “Prediction Head”, “Stage 3”,
and “Stage 4” correspond to different stages of HRNet. We choose the final convolutional layer from each of these stages for
visualization. “Head”, “Pelvis”, and “Left Knee” indicate the target keypoints attended by the model. The images are from the
MPII validation dataset with a resolution of 64×64.

Crowded Scenes Occlusion Rare poses

Fig. 10: Visualization of failure cases.

cost, CDKD achieves superior performance over the baseline.
A relatively expensive single training phase brings permanent
performance improvements without increasing inference cost,
making it a worthwhile optimization strategy.

G. Failure Case Analysis

Figure 10 illustrates the failure cases of our CDKD,
highlighting its limitations in handling challenging scenarios
such as occlusion, crowding, and complex poses. Under low-
resolution conditions, these scenarios are often difficult to han-
dle. Occlusions obscure local keypoint information; crowded
scenes introduce interference between subjects, hampering
accurate localization; and the scarcity of complex poses in
the training data limits the model’s ability to generalize to
such cases. These factors collectively degrade the accuracy
of low-resolution models. In future work, we plan to address
these issues by leveraging richer human structural priors and
increasing the number of complex pose samples.

V. LIMITATION AND FUTURE WORK

As a novel universal distillation framework, the proposed
CDKD opens up many possible directions for future works

to address the bottleneck limitations. Our SAPE module can
be extended to various knowledge distillation tasks, enabling
the distillation between features with different sizes. The
CCA module we propose addresses the issue of inconsistent
categories. It opens up a new perspective on distillation
across categories. Nonetheless, our cross-domain knowledge
distillation method is presently confined to distilling between
conventional models. In the future, we plan to apply our
method to large models, thus maximizing the utilization of
their abundant knowledge.

VI. CONCLUSION

In this work, we propose a novel low-resolution human
pose estimation framework (CDKD), which includes a scale-
adaptive projector ensemble (SAPE) module and a cross-
class alignment (CCA) module to perform high-resolution
to low-resolution knowledge distillation. In this way, the
student model acquires richer image knowledge at both fea-
ture and logit levels, achieving a big leap in performance
while maintaining efficiency. Extensive experiments conducted
on the COCO, MPII, and Crowdpose datasets demonstrate
the effectiveness of CDKD. In short, our proposed CDKD
achieves SOTA performance among low-res methods with a
low computational cost.
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