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Abstract

We propose a new semi-supervised learning design for
human pose estimation that revisits the popular dual-
student framework and enhances it two ways. First, we
introduce a denoising scheme to generate reliable pseudo-
heatmaps as targets for learning from unlabeled data. This
uses multi-view augmentations and a threshold-and-refine
procedure to produce a pool of pseudo-heatmaps. Second,
we select the learning targets from these pseudo-heatmaps
guided by the estimated cross-student uncertainty. We eval-
uate our proposed method on multiple evaluation setups on
the COCO benchmark. Our results show that our model
outperforms previous state-of-the-art semi-supervised pose
estimators, especially in extreme low-data regime. For ex-
ample with only 0.5K labeled images our method is capable
of surpassing the best competitor by 7.22 mAP (+25% ab-
solute improvement). We also demonstrate that our model
can learn effectively from unlabeled data in the wild to fur-
ther boost its generalization and performance.

1. Introduction

Deep neural networks have achieved remarkable success
in the past decade thanks to the availability of large-scale
annotated datasets such as ImageNet [ | 1] for image classi-
fication and MS COCO [24] for object detection and human
pose estimation. However, obtaining a fully-labeled dataset
at scale is extremely expensive in terms of both time and
budget. In the case of human pose estimation, which is of
interest in this work, such a dataset is even more challenging
to build as it requires fine-grained and accurate annotations.

To mitigate the annotation cost in human pose esti-
mation, we explore the use of semi-supervised learning
(SSL) [8, 58, 59], a field of research that has received in-
creasing attention in the scientific community. Recent SSL

*These authors contributed equally to this work.

fCurrently at The University of Wisconsin-Madison. Work conducted
during an internship with AWS AT Labs.

Corresponding author.

{manchenw, yanbec,pffavaro, dmodolo}@ amazon.com

a) SOTA DualPose [45]

b) Ours

Figure 1. Given person images in different challenging poses,
an existing semi-supervised pose estimator tends to produce noisy
targets on unlabeled images (top row). By contrast, we propose to
generate learning targets of higher quality (bottom row) by ensem-
bling the heatmaps from multiple augmented views and selecting
more reliable targets guided by uncertainty.

techniques make it possible to build high-performing mod-

els by training them simultaneously on small labeled and

large unlabeled datasets for image classification [21,23,37,
,42,51] and object detection [17,17,25,26,40,57].

A key mechanism in recent SSL methods is the use of so-
called pseudo-labels, i.e., the predictions of a model during
its training, as a replacement for the ground truth targets.
Much of the success of SSL methods is related to the quality
of the pseudo-labels, as errors can lead to confirmation bias
[1]. In the case of human pose estimation, pseudo-labels
come in the form of 2D heatmaps (i.e., pseudo-heatmaps,
Figure 2). Here, the use of SSL is made significantly more
challenging by the difficulty of predicting heatmaps that are
reliable across all keypoints, as shown in Figure 1.

To address these limitations we propose a novel train-
ing scheme for semi-supervised human pose estimation.
Our method consists of several key designs, which signif-
icantly improve the quality of the heatmaps used as pseudo-
labels, yielding state-of-the-art performance. In details, our
method employs a dual-student framework [19] and en-
hances it with two major contributions: a denoising scheme
to improve the quality of each student’s pseudo-heatmaps



and an uncertainty-guided pseudo-heatmap selection to de-
termine the best possible pseudo-heatmaps to use as super-
vision to train the students.

Our denoising scheme improves the pseudo-heatmaps
estimation in two ways: it ensembles the outputs of multiple
strong and weak augmented views to obtain better estimates
of each joint location and it refines the actual responses at
these locations using a threshold-and-refine scheme. Fur-
thermore, to deal with erroneous high confidence predic-
tions from poorly calibrated models [33], we propose an
uncertainty-based cross-student pseudo-heatmap selection.
Inspired by recent works in semi-supervised classifica-
tion [31,37] and object detection [26, 53], our method dis-
cards noisy pseudo-labels by computing an approximate
prediction uncertainty. Our solution differs from [26,37,53]
in the way it parameterizes the uncertainty: instead of oper-
ating over simple one-hot vectors (classification) or bound-
ing boxes coordinates (detection), we operate over full 2D
heatmaps, one for each joint of a person’s skeleton. To solve
this complex problem, we propose to estimate the per-pixel
uncertainty across all spatial locations. To the best of our
knowledge we are the first to explore this direction for SSL
human pose estimation.

To evaluate our design, we experiment using two ver-
sions of MS COCO [24]: COCO-Partial and COCO-
Additional. Under both protocols (especially the former)
our method achieves state-of-the-art performance and out-
performs existing methods. For example, with 0.5K labeled
instances, we outperform the strong DualPose [52] by 7.22
and 7.28 AP points (+25% absolute improvement) when
evaluated with a single model and a model ensemble re-
spectively, and consistently outperforms DualPose by 4-5
AP points with 1K and 2K labeled instances (+12%). With
stronger input augmentation, we still consistently achieves
more than 2 AP improvement over the best competitor. Fi-
nally, we conduct an extensive ablation study of the compo-
nents of our design and validate their importance.

2. Related Work

Semi-supervised learning. Recent advances in semi-
supervised learning have been achieved through various
deep learning methods [9], with self-training [1,2,16,23,37,

] and consistency regularization [3,4,21,38,42,50] being
the most commonly used approaches. Self-training uses the
model’s own predictions to supervise the model itself. One
well-known technique is pseudo-labelling [23], which con-
verts model predictions to one-hot pseudo-labels and uses
them to learn from unlabeled data. Consistency regular-
ization [3,4, 21, 38, 42, 50], on the other hand, enforces
consistent predictions across input or model perturbations.
State-of-the-art SSL methods usually combine these two
prominent techniques [39,56]. For example, FixMatch [39]
uses weakly augmented views to generate pseudo-labels

which are used as targets on the strongly augmented views
to ensure consistently regularized output. Although this
weak-strong data augmentation paradigm works well on im-
age classification [39, 50] and object detection [25, 53,571,
weakly augmented views does not always give reliable
learning targets for human pose estimation. This motivates
us to propose more advanced formulations that generate
more reliable pseudo-heatmaps for semi-supervised learn-
ing.

Semi-supervised human pose estimation. Unlike research
in semi-supervised 3D human pose estimation [ 18,29, 35],
research in semi-supervised 2D human pose estimation
just starts to attract more interest recently [19]. Due to
the natural difference between 3D and 2D tasks, those
3D semi-supervised methods cannot be directly transferred
to the 2D scenarios. Early work [44] on label-efficient
2D human pose estimation combines semi-supervised and
weakly-supervised schemes. Several works develop semi-
supervised methods for key-point localization [14, 30, 46].
For instance, Moskvyak et al [30] uses semantic consistency
constraints to regularize the network whereas PLACL [40]
combines curriculum learning with reinforcement learning
to improve the training. Recently, DualPose [52] establishes
a benchmark for semi-supervised human pose estimation
and presents the dual student framework [5, 19] based on
the weak-strong data augmentation paradigm [39, 50]. In
this work, we focus on developing semi-supervised meth-
ods for 2D human pose estimation, but our method can also
be adapted to other key-point localization tasks.

Uncertainty estimation in semi-supervised learning
(SSL). Several research efforts have been made on the un-
certainty estimation in network predictions [0,12,22,27,45].
In the SSL domain, [37] use Monte Carlo Dropout and mea-
sure uncertainty by calculating standard deviation of out-
put probabilities, which helps to choose a better subset of
pseudo-labels for classification. [55] use comparable tech-
niques but employ predictive entropy in the context of medi-
cal segmentation tasks, while uncertainty is used as weights
to compute pseudo-labels in [48]. In object detection, [53]
samples jittered box to measure localization uncertainty
as the box regression variance, meanwhile [26] explicitly
model the box boundary uncertainty via an extra auxiliary
branch. Our work differs from these existing works in two
ways. First, we propose to estimate uncertainty using pixel-
level Gaussian heatmap regression. Second, our estimator is
computationally efficient — no new parameters are required
for learning, which makes it scalable to estimate per-pixel
uncertainty across all spatial locations.

3. Methodology

As Figure 2 shows, given an input image (either labeled
or unlabeled), our semi-supervised pose estimator aug-
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Figure 2. Our proposed semi-supervised pose estimation model. Given an input image, we apply multi-view augmentation to generate
a set of pseudo heatmaps, and ensemble these pseudo-heatmaps to obtain more precise pseudo groundtruth from each student network
(Sec 3.2). To select the better pseudo groundtruth among two student networks as learning targets on unlabeled data, we introduce an
uncertainty estimator to estimate the uncertainty of each pseudo heatmap and guide the selection of pseudo heatmaps (Sec 3.3).

ments the image into different views, and generates pseudo-
heatmaps based on multiple augmented views. The pseudo
groundtruth of human pose is further produced guided by
uncertainty. In the following, we first define our task and
revisit a dual-student framework (Sec 3). We detail our ap-
proach which aggregates multiple augmented views to cal-
ibrate the pseudo-heatmaps (Sec 3.2), and select the more
reliable learning targets guided by uncertainty (Sec 3.3).

3.1. Problem Definition and Preliminaries

Problem Definition. We consider the problem of semi-
supervised human pose estimation. Given a small set of
annotated images D; = {(z;,v;)}M, (where z; is the im-
age labeled with pose annotations y;) and a large set of un-
labeled images D, = {u;}¥, (where u; is the unlabeled
image), our goal is to develop a semi-supervised learning
(SSL) framework that trains an human pose estimator with
D, and D,, jointly to achieve better model generalization.
A typical supervised pose estimator [32, 40, 43] (with
model parameters 6) is trained to predict a set of heatmaps
H; = {hi;};]_, of J different human joints for an input
image z; by optimizing the following mean square errors:

L3 =|lyi — Hy||? (1)

where EOS is the supervised loss for training network 6. The
key success of semi-supervised learning is to enable learn-
ing from unlabeled data with unsupervised loss terms. We
detail how to formulate these loss terms in the following.

Revisit the dual student framework. Following existing
SSL methods which are often built upon consistency regu-
larization [3,4,21,38,42,50], arecent work introduces a dual
student framework [19, 52] for semi-supervised pose esti-
mation, known as DualPose [52]. DualPose trains two stu-
dent networks 6 and ¢ jointly, and employs the output from
one network as the learning targets to supervise the other

network. Specifically, an input image I is processed with
weak-strong augmentation [39, 50] through affine transfor-
mations to obtain its weakly and strongly augmented coun-
terparts I,,,Is. Each student network predicts a set of
heatmaps for the augmented inputs I, I:

Hg’w = 6‘(]w) and Hg,s = 9(15),
He o =¢(I,) and He o = (1),

where 6(-),&(-) are two student networks. Hy ., He o, €
RY*"xw are predictions on the weakly augmented view I,
(where J is the number of joints, i x w denotes the spa-
tial dimensions of a heatmap). Hy ,, He s € R7*Pxw are
predictions on the strongly augmented view I.

To derive the learning targets on unlabeled images, the
heatmaps predicted on weakly augmented views are used as
the pseudo ground-truth (i.e., pseudo-heatmaps). The unsu-
pervised loss terms are then computed as follows:

Ly = [[Hew — Ho sl = || Hew — 0(L)|I?
L = |How — Hes|l* = [[Ho,w — E(L)|I?

where Lf, L{ denote unsupervised loss terms for student
networks 0,&. He ., Hg ., are used as the learning targets
that supervise the networks to learn from unlabeled data.

Limitations. While being simple, this framework can pro-
duce unreliable learning targets on unlabeled data. Its
pseudo-heatmaps can be noisy, as they are estimated from a
single random weakly augmented view (Figure 1 left). As a
consequence, the model may fit on this noise and exacerbate
the training error propagation. In the next two sections we
propose two novel formulations to address these problems.

(@)

3)

3.2. Denoising pseudo-heatmaps

Using the outputs on weakly augmented views as learn-
ing targets for strongly augmented views was shown to be
effective for semi-supervised learning in image classifica-



tion [25,39,50,57]. However, in semi-supervised pose es-
timation, we find that the pseudo-heatmaps produced with
one weakly augmented view are sometimes inaccurate (es-
pecially on some more challenging joints) and tend to have
low responses (see Figure 1 top). To mitigate this problem,
we propose two denoising solutions: first, we ensemble the
outputs of multiple strong and weak augmented views to ob-
tain better estimates of each joint location; and second, we
refine the actual responses at these locations. We present
the details of these solutions next.

Multi-view augmentation. To improve the pseudo-
heatmaps estimation, we apply K different strong affine
transformations on the input images to produce more vari-
ants for the same input image {I, x}5_,. Our key insight
is that by adding richer stochastic perturbations in the input
space, we can cancel out mistakes and noises in learning
targets caused by the randomness in one single weakly aug-
mented view. This shares the same spirit as model ensem-
bling [7, 28], where a committee of models is used to cover
different regions of the version space and improve the accu-
racy of the final predictions. Given multiple strongly aug-
mented views {I;  }H< | of the input I, we obtain a set of
candidate pseudo-heatmaps { Hj ,}f_,, which can be fur-
ther ensembled to derive more reliable learning targets. Fol-
lowing a winner-take-all strategy, we compute the ensem-
bled pseudo-heatmaps by taking the maximum scores per
pixel over outputs of all augmented views, i.e., {H, Z)“)S},If:l
and Hp . That is, the ensembled pseudo-heatmaps from
the two student networks are

Py = maX{H@ﬂ”v {Hg,s}szl h
Pf = maX{H&UH {Hg,s}szl }a
where Py, P are the pseudo-heatmaps obtained from net-

works 6, &, which are calibrated with better accuracy thanks
to ensembling multiple outputs of K +1 augmented views.

“)

A threshold-and-refine scheme. We employ a “threshold-
and-refine” scheme to further denoise the pseudo-heatmaps
Py, P in Eq. (4) in cleaner responses. This scheme is
similar to the confidence-based thresholding scheme used
to generate pseudo labels in existing semi-supervised im-
age classification methods such as Pseudo-Label [23] and
FixMatch [39], but we specially design it for generating
pseudo-heatmaps in human pose estimation. Specifically,
if the maximum response of pseudo-heatmaps P is above
a pre-defined threshold 7, we refine Py by applying a 2D
Gaussian centered at the location corresponding to the max-
imum response of Py, where the 2D Gaussian is a special
operation used in human pose estimation to translate ground
truth points into 2D heatmaps.

With our threshold-and-refine scheme, we can derive re-
fined pseudo-heatmaps Py, P to serve as more accurate un-

supervised targets for training two student networks:
Ly = [|Pe = Hos|* = ||Pe = 0(L,)[,
L =Py — Hes|* = ||Pp — (L)1,
where the above unsupervised loss terms constrain the out-
put (1), &(Is) of one strongly augmented view I. For
both student networks, Py, P: in Eq. (5) are more accurate

pseudo-heatmaps compared to the heatmaps Hy ,,, He¢ 4, in
Eq. (3) generated from one weakly augmented views.

&)

3.3. Uncertainty-guided pseudo-heatmaps selection

The two student networks 6 and & can perform differ-
ently, even when predicting the same joint in the same
image. Importantly, one student may output more re-
liable learning targets than the other student and we
can exploit this information to further improve the final
pseudo-heatmaps used for cross-training. For this, we
propose to select the most accurate pseudo-hatmaps us-
ing an uncertainty-guided selection scheme that rejects the
heatmaps with higher uncertainty scores.

Uncertainty estimation on heatmaps. Given an unlabeled
image I and a set of heatmaps {Hpg ., {Hj 1, } pre-
dicted on its augmented views by student network 6, we can
estimate the uncertainty of the heatmap for each single joint.
Rather than following the prior work [37] that uses Monte
Carlo Dropout [ 12] for uncertainty estimation, we propose a
novel uncertainty estimator which computes the uncertainty
based on the outputs of multiple augmented views. Specifi-
cally, the uncertainty is estimated as the pixel-wise standard
deviation across the set of heatmaps predicted on multiple
augmented views for each joint. The uncertainty can be ex-
pressed as follows for student networks 6, £:

Uy = stdev({Hp ., {Hg,s}le 1},
Ue = stdev({ He v, {Hgk,s}szl b,

where Up,Us € R7*"*% have the same dimensions
as Hp ., Hé“ﬁs, He o, Hgk,s’ e.g., Ug:{Uj}'j]:1 is a set
of uncertainty maps for J different joints. To further
derive a scalar value that represents the uncertainty of
each heatmap, we take the maximum value on uncer-
tainty maps, which leads to a set of J uncertainty scores:
ugz{uj}'j]:l:{max(Uj) ,j]:l’ where max(U;) is the max-
imum uncertainty value of the j;;, joint.

(6)

Uncertainty-guided selection across student networks.
Given the two set of uncertainty maps Uy, Ug which mea-
sure the reliability of the two set of heatmaps produced by
two student networks, we can select the more reliable out-
puts as pseudo-heatmaps for the unlabeled images. Specif-
ically, we trust one student’s own output over the other stu-
dent when its uncertainty scores are lower than a certain
margin A, than those of the other student. The learning tar-



gets selected by uncertainty for student network 6 are:

p P97j7 if U, + A< Ug 5
0= .
N Pe i, otherwise

(7

where j € [1, J] denotes the index of J different joints. Py
is the final pseudo-heatmap of the j;;, joint which is selected
between Py ; and P ; based on their uncertainty score ug_;
and ug ;. If the uncertainty ug ; of Py ; is lower than the
uncertainty ug ; of P ; than a certain margin A, then Py ;
is selected as pseudo-heatmap for the j;, joint; otherwise
P ; is selected. We compute the learning targets ]357]- for
student network ¢ in an equivalent way as Eq. (7). Finally,
from these we can obtain more reliable pseudo-heatmaps
Py, P: € R7*"<w for J different joints to serve as the final
pseudo-groundtruth for the student networks 6 and &.
Semi-supervised learning objective. With Fy, P: as the
learning targets, we can now formulate the unsupervised
loss on unlabeled data on two student networks 6, £, in the
similar spirit as Eq. (5):

LY =||Hps — Pell?, LY =||He,s — Byl (8)

where I:’g, 155 are the targets selected guided by uncertainty
as in Eq. (7). The final semi-supervised learning objective
is to jointly optimize the above unsupervised loss along with
the supervised loss in Eq. (1):

Lo=L5+LY, Le=°Li+LY, 9)

where E(;g , E? are the supervised loss computed on the la-
beled images based on Eq. (1). Lf, L{ are the unsuper-

vised loss computed on unlabeled images based on Eq. (8).

4. Experiments

4.1. Datasets and Evaluation

COCO Dataset. COCO is a large-scale benchmark dataset
for object detection, segmentation and human pose esti-
mation. For semi-supervised human pose estimation, we
use the following sets. train2017 contains 118K images
and 150K labeled person images with 17 keypoints; unla-
beled2017 contains 123K unlabeled images; val2017 con-
tains SK images and 6K labeled person images; test-dev set
contains 20K images where annotations are private (we ob-
tain results by submitting our predictions to their evaluation
server). Unless explicitly stated, we evaluate the models on
the val2017. We validate the performance of our method
under two evaluation protocols: COCO-Partial and COCO-
Additional. COCO-Partial splits train2017 into 0.5K, 1K,
2K, 5K, 10K incremental labeled sets and uses the remain-
ing images as unlabeled. COCO-Additional uses the whole
train2017 as labeled data and unlabeled2017 as unlabeled.

AI Challenger Dataset. To demonstrate the effectivness of
our method in leveraging additional unlabeled data, we also
experiment with the large-scale Al Challenger Dataset [47],

consisting of 210k images. While these images come with
annotations, we disregard them as consider them unlabelled.

Evaluation metrics. We report mean average precision
(AP) over 10 Object Keypoint Similarity (OKS) [24]’s
thresholds: [0.5,0.55 ..., 0.9, 0.95]. OKS is calculated as the
Euclidean distances between each corresponding ground
truth and the detected keypoints, normalized by the scale
of the person. To measures each keypoint’s localization
accuracy, we also report PCK (Percentage of Correct Key-
points) [54] score. A joint is correct is it falls within al
pixels of the ground-truth position, where « is a constant
and [/ is maximum side length of the ground-truth person
bounding box. The PCK@0.1 (« = 0.1) score is reported.

4.2. Implementation details

Benchmark settings. For fair comparison, we implement
all models (baseline and ours) in the same codebase and
compare them using the same backbones. On COCO-
Partial, we evaluate each method with 3 random seeds and
report the mean and standard deviation across the 3 runs.
We follow [52] and use Simple Baseline [49] or HRNet [4 1]
as the pose estimator and conduct our experiments with var-
ious backbones. Specifically, for COCO-Partial, we use
ResNet18 [13] for the low-data regimes (0.5K, 1K and 2K)
and use ResNet50 for high-data regimes (5K and 10K).
Since performance on ResNetl8 gets saturated with more
labeled data, we also use ResNet50, ResNet101, ResNet152
and HRNetW48 for evaluation.

Training details. Our backbone network is initialized by
pre-training on ImageNet [11]. The base learning rate is
0.001 and Adam [20] optimizer is used. For COCO-Partial,
we train our model for 100 epochs and decay learning rate
by a factor of 10 at the 70-th and 90-th epoch. For COCO-
Additional we train our model for 400 epochs and decay
learning rate at the 300-th and 350-th epoch. We set A =
0.05 as the margin between uncertainties of two students.

Data Augmentation. Our weak augmentation policy' uses
random affine (A) transformations with rotation degrees
sampled from [—30°,30°] and scale factors sampled from
[0.75,1.25]. Our strong augmentation policy samples ro-
tation degrees from [—60°,60°] and scale factors from
[0.5,1.5] with Beta distribution (o« = 8 = 0.75). Finally,
when stated, we also train with JointCutout (JC) [52].

Testing details. We apply a two-stage top-down paradigm
similar to [10, 34]. On COCO val2017, we run the pose
estimators on ground truth bounding boxes without image
flipping. On COCO test-dev set, we use the popular person
detector of Simple Baseline [49] (AP of 60.9). We follow
previous works [10, 32] and predict joint locations as the

'We keep our weak augmentations the same as DualPose [52] to ensure
that our comparison is fair and can highlight the contribution of our model
in selecting more reliable pseudo heatmaps for semi-supervised learning.



Method Aug 0.5K 1K 2K 5K 10K

ResNet18 ResNet50
Supervised Baseline A 22.05 +1.12 30.91 + 0.64 36.07 + 0.50 49.31 +0.44 55.98 + 0.08
DataDistill [36] A - 37.6 - 51.6 56.6
DualPose [52] A 32.16 £ 1.18 41.54 + 0.66 46.48 + 0.44 58.39 +0.53 63.07 +0.47
Ours A 39.38 + 0.94 (+7.22) 46.27 £+ 0.50 (+4.73)  50.74 + 0.28 (+4.26) 60.67 £ 0.12 (+2.28) 63.81 £ 0.32 (+0.74)
DualPose-Ensemble [52] A 32.98 + 1.27 42.67 +0.67 48.19 + 045 59.37 +£ 0.44 64.46 + 0.46
Ours-Ensemble A 40.26 + 0.87 (+7.28) 47.32 £ 0.70 (+4.65 51.96 + 0.35 +3.77) 61.62 £ 0.17 (+2.25) 64.84 + 0.25 (+0.38)
SSPCM [15] A+CO - 46.9 - 61.6 65.4
DualPose [52] A+JC 36.89 £+ 0.20 4497 +0.14 48.67 £ 0.16 60.62 + 0.25 64.25 +0.37
Ours A+JC 4213 + 0.21 +524) 47.58 + 0.29 (+261) 51.25 £+ 0.27 +2.58)  62.14 + 0.10 (+1.52)  65.36 £ 0.15 (+1.11)
DualPose Ensemble [52] A+JC 37.56 £0.47 46.19 +0.14 50.48 +£0.26 62.04 +0.17 65.69 +0.21
Ours-Ensemble A+JC  43.06 + 0.20 +550) 48.70 £ 0.09 +2.51) 52.54 + 0.32 (+2.06 63.34 + 0.02 (+1.30) 66.46 £ 0.15 (+0.77)

Table 1. Comparison on COCO-Partial. We report results using different number of labeled images (i.e., 0.5K, 1K, 2K, 5K, 10K), and
test the models under different augmentation strategies: ‘A’ means affine transformation; ‘JC’ denotes JointCutout [52]; ‘CO’ denotes
Cut-Occlude [15]. ‘Ensemble’ means averaging two student networks’ output. Metric: AP. The best result in each setup is in bold. We

show the improved margins over the best competitor DualPose [52] in red.

average between the original and flipped images. Method Ankl Knee Hip Wrist Elb Shld Head
DualPose [52] 614 628 625 621 689 772 917
Ours 657 676 686 702 758 817 935

4.3. Comparison with the state-of-the-art

Comparison on COCO-Partial protocol. We compare four
semi-supervised pose estimation models: DataDistill [36],
DualPose [52], SSPCM [15] and ours on COCO val2017, in
terms of OKS-based AP. Table | demonstrates the stronger
performance of our model and its ability to leverage more
reliable pseudo-heatmaps to achieve better generalization:
our model consistently outperforms the best competitor Du-
alPose, under all setups, including using different number
of labeled images (ranging from 0.5K to 10K), different
backbone networks (ResNet18 and ResNet50), and differ-
ent types of data augmentation strategies (A and A+JC). In
particular, we find it performs especially well in the low-
label regime. For example, when using 0.5K or 1K labeled
images, our improved margins over DualPose are signifi-
cantly larger, up to +7.22 when using a simple affine trans-
formation. Considering the high complexity and prohibitive
cost of annotating human pose estimation datasets, we be-
lieve this low-regime to be the most interesting target for
SSL, as it would enable training budget-friendly real-world
pose estimation models on only few hundred samples, while
still achieving very competitive performance.

Evaluating individual joint predictions’ quality. OKS-
based AP computes aggregated statistics over multiple
joints and a person’s skeleton is considered correct if most
of the predicted joints falls within a certain distance from
their corresponding ground truth (i.e., a single joint mis-
take is irrelevant for OKS when the majority are correct).
To truly understand the improvement that our model brings
over DualPose, we now investigate the per-joint perfor-
mance using the Percentage of Correct Keypoint (PCK)
metric. As shown in Table 2, we achieve substantially better
joint estimation performance across all 7 (meta-)joints (we

Table 2. Comparison of per joint results on COCO-Partial. Met-
ric: PCK, which measures per-joint localization accuracy.

average symmetric joints - left and right). Interestingly, the
largest improvements can be observed on the challenging
and dynamic limb joints (e.g., +8.1 on Wrist), showing the
importance of modelling uncertainty.

Comparison on COCO-Additional protocol. To study
the effect of training on datasets of larger scale, COCO-
Additional uses COCO train2017 as labeled set and COCO
unlabeled2017 as unlabeled set, leading to a total of 118K
labeled and 123k unlabeled images. To exploit unlabeled
data in the wild, we also experiment by expanding the
aforementioned unlabeled set with the Al Challenger (AIC)
Dataset [47], resulting in a total of 333K unlabeled im-
ages. We experiment with different backbone networks
(ResNet50, ResNet152) and compare with state-of-the-art
competitors in Table 3. We find that training with unlabeled
data from COCO-unlabeled2017 and AI Challenger gives
the best results for all backbones. For instance, when using
ResNet50 as backbone, our model achieves 73.3 AP which
is better than 72.3 by DualPose.

4.4. Ablation Study

In this section, we now ablate the components of our
model. Unless specified, we use the COCO-Partial proto-
col with 1K labeled images and evaluate on COCO val2017.
We first provide model ablation in Section 4.4.1, and then
analyze individual components in Section 4.4.2 and 4.4.3.

4.4.1 Model ablation study

Different model components. In Table 4, we evaluate dif-
ferent components of our approach and ablate how each of



Method Unlabeled Data

Backbone AP

APso AP7s APMm AP AR

SimpleBaseline [49] -
SB w/ DualPose [52] COCO-unlabeled2017

702 909 783 67.1 759 758
72.3 91.8 80.5 69.3 71.8 117

SB w/ Ours COCO-unlabeled2017 ResNet30 72.5 91.8 81.0 69.7 719 118
SB w/ Ours COCO-unlabeled2017 + AIC 733 921 82.0 70.9 785 789
SimpleBaseline [49] - 71.9 91.4 80.1 68.9 774 7115
SB w/ DualPose [52] COCO-unlabeled2017 ResNet152 73.7 92.1 82.1 71.0 79.0 79.1
SB w/ Ours COCO-unlabeled2017 73.8 91.9 82.1 71.1 79.2  79.2
SB w/ Ours COCO-unlabeled2017 + AIC 742 921 82.4 71.5 79.6 794

Table 3. Comparison on COCO-Additional with the test-dev set. The entire COCO training set (train2017) is used as labeled sets.
COCO-unlabeled2017 set (and Al Challenger (AIC) [47]) is used as unlabeled set. The person detection results are provided by Simple

Baseline (SB) [49] and flipping strategy is used.

DualPose Ours
Multi-View Augmentation v v v
Threshold-and-Refine 4 4
Uncertainty Guided Selection v
AP 42.67 4491 4649 4797

Table 4. Ablation study of different model components.

them contributes to the model performance. Building upon
DualPose, we find that multi-view augmentation improves
the performance by 2.24 points. Denoising with threshold-
and-refine brings additional 1.58 AP. Further applying the
uncertainty-guided pseudo-heatmaps selection, the perfor-
mance reaches 47.97 AP, which is 5.3 points better than
DualPose. This suggests the collective effects of different
model components.

Different backbones and more unlabeled data. In Ta-
ble 5, we train our model using varying amounts of un-
labeled data (i.e., COCO unlabeled and COCO unlabeled
+ AIC) and compare them with a fully-supervised model
solely trained on COCO train2017. As Table 5 shows, we
find that our approach outperforms the supervised baseline
using all backbones, achieving a noteworthy increase of up
to +3.2 AP when only using COCO unlabeled as unlabeled
set. By using the additional AIC unlabeled dataset, our
method further improves the performance by an additional
margin, up to +1.4 AP. This shows that our model is ca-
pable of taking advantage of additional unlabelled data and
further improve the performance of human pose estimation.

4.4.2 Analysis of denoising pseudo-heatmaps

Effect of multi-view augmentation. As described in Sec
3.2, we augment each image into K strong and 1 weak
views. In Table 6 we evaluate this choice against baselines
using only 1, K and K + 1 weak views. We also com-
pare two ways of aggregating the K + 1 pseudo-heatmaps
obtained from augmented views: average and maximum re-
sponse. Results show that taking the maximum response
is better than average. Furthermore, adding K additional
augmentation (either weak or strong) always greatly im-
proves the model performance. This shows the benefits of
introducing multi-view augmentation, as ensembling out-

Method Backbone Unlabeled Data AP APz
Supervised - 70.9 782
Ours ResNet50 COCO-unlabeled2017 74.1 81.5
Ours COCO-unlabeled2017+AIC  75.5  82.7
Supervised - 725 803
Ours ResNet101 COCO-unlabeled2017 757  83.6
Ours COCO-unlabeled2017+AIC  76.6  84.6
Supervised - 732 812
Ours ResNet152 COCO-unlabeled2017 76.0 83.7
Ours COCO-unlabeled2017+AIC  76.7  84.6
Supervised - 772  84.6
Ours HRNetW48 COCO-unlabeled2017 794  86.7
Ours COCO-unlabeled2017+AIC  79.8  86.9

Table 5. Ablation study of additional unlabeled data. Using more
unlabeled data consistently improves model performance.

Row  Augmentation

Aggregate mAP

1 1 weak N/A 42.67
2 (1 + K) weak avg 42.11
3 (1 + K) weak max 43.74
4 K weak + 1 strong avg 41.77
5 K weak + 1 strong max 43.92
6 1 weak + K strong  avg 39.58
7 1 weak + K strong  max 44.91

Table 6. Effect of the multi-view augmentation. Row 1 is the
baseline with 1 weak augmentation. Row 2-3/4-5/6-7 compare
models with K additional weak/strong augmentation. Note: we
can aggregate multi-view pseudo heatmaps by taking the maxi-
mum response (i.e., max, Eq. (4)) or average response (i.e., avg).

puts from multiple views tends to cancel out the individ-
ual errors in single view, providing more accurate pseudo-
heatmaps. Lastly, we find that using K strong views is more
effective than using K weak ones, which improves AP from
43.74 to 4491 (+1.17). This is because strong augmenta-
tions provide more diverse variations in input space, leading
to more precise ensembled pseudo-heatmaps.

Analysis of strong augmentation over different joints. In
Eq. (4) we obtain the maximum response heatmap across
K strong and 1 weak augmented view. To understand the
importance of strong views, we compute the percentage of
pseudo-heatmaps selected from them for each joint inde-
pendently (Figure 4). Interestingly, there is no unanimous
consensus and the percentage varies from 30 (Head) to 60
(Ankle), which explains the results of Table 2: our method
achieves similar performance as DualPose on Head (+1.8
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Figure 3. Qualitative results showing example images in the COCO datasets, which covers persons in different viewpoints, appearance
changes, and performing different activities. These results show that our model estimates human pose of good quality on unlabeled data.

percentage

—e— Hip —e— Shoulder
20 —o— Knee —e— Elbow
—e— Ankle  —e— Wrist
104 —e— Head
0 10000 20000 30000 40000 50000

training iterations
Figure 4. Analysis of pseudo-heatmaps selected from strongly
augmented views. The model tends to select pseudo-heatmaps
from weakly-augmented views for torso joints, while selecting
pseudo-heatmaps from strongly-augmented views for limb joints.

Row | Threshold w/ Refinement w/o Refinement
1 0 44.32 43.91
2 0.1 47.97 4473
3 0.2 45.80 45.07
4 0.3 45.18 44.65

Table 7. Effect of the “threshold-and-refine” scheme. From row
1 to 4, we increase the threshold when applying thresholding on
pseudo heatmaps, and compare results with and without refining
pseudo heatmaps with 2D Gaussion. Metric: AP.

PCK), as they both rely on weak augmentations to learn,
but it improves error-prone limb joints by up to +8.1 PCK,
thanks to its leveraging of strong augmentations.

Effect of “threshold-and-refine” scheme. We evaluate
this scheme in Table 7. Our model achieves the lowest AP
(43.91) when using neither thresholding nor refining. More-
over, refining pseudo heatmaps with 2D Gaussian always
improves the model performance, especially with a thresh-
old of 0.1 (AP 47.97, +4.06 over not using either). This
shows the benefits of applying thresholding to remove the
low response in pseudo heatmaps, and refining the heatmaps
using 2D Gaussian to produce cleaner pseudo heatmaps.

4.4.3 Analysis of uncertainty-guided selection

As mentioned in Sec 3.3, we introduce an uncertainty esti-
mator (Eq. (6)) to estimate the uncertainty per joint based
on a set of heatmaps from multiple augmented views. We

47.97

—e— w uncertainty-guided selection
—=— w/o uncertainty-guided selection

0 1 2 3 4 5
number of strong augmentations

Figure 5. Effect of uncertainty-guided pseudo heatmaps selec-
tion. We study our model with and without the uncertainty-guided
selection when using different number of augmented views.

also employ the uncertainty as an indicator to select more
reliable pseudo groundtruth among two student networks to
learn from unlabeled data (Eq. (7)). To study their effect,
we conduct an ablation study by removing the uncertainty-
guided selection component from our model (Figure 5). We
observe that using the uncertainty estimator to select the
pseudo-heatmaps (blue curve) gives significant better per-
formance than not using it (red curve). Interestingly, both
curves (with and without uncertainty) improve their perfor-
mance as we increase the number of augmented views, val-
idating the previous hypothesis that multiple views are im-
portant and showcasing the complementarity of our multi-
view and uncertainty contributions.

5. Conclusion

We presented a new semi-supervised learning ap-
proach for human pose estimation. We introduceed
multi-view augmentation to generate a candidate pool of
pseudo heatmaps and selected the more reliable pseudo
heatmaps guided by uncertainty. We exploited the pseudo-
heatmaps as groundtruth on unlabeled data to perform semi-
supervised learning. Our experimental results show that our
model outperforms the state-of-the-art human pose estima-
tor, especially in the extreme low-label regime where we
have only a small fraction of labeled data (e.g., 0.5K, 1K).
We also show that our model can effectively exploit unla-
beled data in the wild to further boost its performance.
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