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Abstract

Human Pose (HP) estimation is actively researched be-
cause of its wide range of applications. However, even esti-
mators pre-trained on large datasets may not perform satis-
factorily due to a domain gap between the training and test
data. To address this issue, we present our approach com-
bining Active Learning (AL) and Transfer Learning (TL) to
adapt HP estimators to individual video domains efficiently.
For efficient learning, our approach quantifies (i) the esti-
mation uncertainty based on the temporal changes in the
estimated heatmaps and (ii) the unnaturalness in the esti-
mated full-body HPs. These quantified criteria are then ef-
fectively combined with the state-of-the-art representative-
ness criterion to select uncertain and diverse samples for
efficient HP estimator learning. Furthermore, we recon-
sider the existing Active Transfer Learning (ATL) method to
introduce novel ideas related to the retraining methods and
Stopping Criteria (SC). Experimental results demonstrate
that our method enhances learning efficiency and outper-
forms comparative methods. Our code is publicly avail-
able at: https://github.com/ImIntheMiddle/
VATL4Pose-WACV2024

1. Introduction
Analyzing Human Poses (HP) in videos has extensive

applications in areas such as security [13, 14, 43], sports
analysis [1, 3, 23], healthcare [10, 48], computer-aided di-
agnostics [9, 27], and performance capture [44, 57, 58]. In
these applications, a massive amount of HPs in videos
are necessary. To collect such many HPs, HP estima-
tion [2, 8, 19, 34, 41, 56] plays a crucial role, as manually
annotating every HP in videos is impractical.

Despite huge training datasets, inaccurate HPs may be
observed in the test phase due to a domain gap between the
training and test datasets [37]. Table 1 shows two examples
of such a domain gap. In both two combinations of HP esti-
mators and datasets, a large performance drop is observed.
This paper addresses this challenge by enhancing the per-

Table 1. Performance degradation in the pose estimation accuracy
(%) due to a domain gap between the training and test datasets.

Method Dataset Train Test
FastPose [19] JRDB-Pose [60] 95.31 39.50
SimpleBaseline [62] PoseTrack21 [17] 98.95 75.50

(a) MPE [39] (b) Core-set [53] (c) Ours
Figure 1. Samples with top scores in each selection criterion.
Whereas (a) an uncertainty criterion (MPE [39]) selects uncertain
but similar samples and (b) a representativeness criterion (Core-
Set [53]) selects diverse but uninformative samples, (c) our criteria
(THC+WPU+DUW) selects uncertain and diverse samples.

formance of the HP estimator through test-time adaptation.
Specifically, we aim to efficiently adapt a pre-trained HP es-
timator to each video domain with minimal annotation cost.

To this end, we propose a novel approach of applying
Active Transfer Learning (ATL) [7, 16, 66] on a per-video
basis (see Fig. 2). This approach involves the following two
schemes, namely (i) selection of a subset of HPs for manual
annotation by means of Active Learning (AL) [22, 26, 29,
39, 45, 54] and (ii) retraining of a pre-trained HP estimator
with the annotated images by means of Transfer Learning
(TL) [11, 18, 40]. Our contributions to ATL are as follows:

1. ACFT-based Learning (Sec. 3): To achieve efficient
ATL, we refine the existing learning approach “Ac-
tive, Continual Fine-tuning (ACFT)” [66] with a novel
Stopping Criterion (SC) for video-specific ATL.

2. Novel Criteria (Sec. 4): To improve the efficiency of
ATL for HP estimation, we propose the following cri-
teria for sample selection (see Fig. 1):

• Temporal Heatmap Continuity (THC): Uncer-
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Figure 2. Overview of our proposed method (Sec. 3.1). Given an unlabeled query video, our active selection criteria (Sec. 4) select samples
to be annotated based on estimated results. Then, the HP estimator is retrained using labeled samples following ACFT [66] (Sec. 3.2). The
learning process terminates when the proposed SC is met (Sec. 3.3). The boxes highlighted in orange represent the novelty of this study.

tainty criterion based on the temporal change in
the estimated heatmaps.

• Whole-body Pose Unnaturalness (WPU): Un-
certainty criterion based on the unnaturalness of
the estimated full-body HP.

• Dynamic Uncertainty Weighting (DUW): Inte-
gration of uncertainty and representativeness cri-
teria via dynamically weighting them in Core-Set
sampling [53] using estimated uncertainty.

3. Comprehensive Evaluation (Sec. 5): We conducted
quantitative and qualitative evaluations to assess our
proposed ATL framework. Our ablation study vali-
dates that each component of our method (THC, WPU,
and DUW) contributes to the performance. The effec-
tiveness of our proposed SC is also demonstrated.

2. Related Work

2.1. Human Pose (HP) Estimation

Deep learning has improved HP estimation [2, 4, 30, 31,
56,64]. Simple Baseline [62] and FastPose [19] estimate 2D
HPs in still images by estimating the probability distribution
of each keypoint as a heatmap. For multi-person 2D HP
estimation, two major approaches exist: the top-down ap-
proach [19, 24, 41], where all humans in the image are first
detected, then each pose is estimated; and the bottom-up
approach [8, 34], where all keypoints in the image are first
detected, then assembled into individual HPs. Our method
can be applied to both single and multi-person HP estima-

tion, regardless of whether it is top-down or bottom-up.

2.2. Active Learning (AL)

AL is a learning method that actively selects training
data to improve the performance of a learning model, aim-
ing to reduce annotation costs for efficiency. The selec-
tion criteria in AL are generally divided into uncertainty
criteria [32, 36, 39, 45, 54] and representativeness crite-
ria [29,53,65]. Uncertainty criteria evaluate the uncertainty
of the estimation results and select samples with high un-
certainty for annotation. In contrast, representativeness cri-
teria, including Core-Set [53], consider the distribution of
unlabeled samples and select diverse samples.

AL is helpful for tasks with high annotation costs, such
as HP estimation [22, 26]. Liu and Ferrari [39] proposed
the Multiple Peak Entropy (MPE) as a quantification of un-
certainty suitable for HP estimation. Mori et al. [45] pro-
posed Temporal Pose Continuity (TPC) for HP estimation
in videos, where the temporal change of the estimated pose
is considered as uncertainty. We propose THC as a further
extension of MPE and TPC (Sec. 4.1).

Shukla et al. [54] modeled keypoint-level and pose-level
uncertainty in the context of out-of-distribution detection.
They quantified the Visual Likelihood for estimated Poses
(VL4Pose) based on the skeletal model representation using
a Bayesian network. In this method, samples with lower
VL4Pose are chosen as the samples with higher uncertainty.
In contrast, our proposed WPU defines uncertainty based on
the anomaly scores of AutoEncoder (AE) [12, 25, 43], from
the perspective of anomaly detection (Sec. 4.2).
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2.3. Active Transfer Learning (ATL)

The effectiveness of ATL has been demonstrated in tasks
such as hyperspectral image classification [16], and hand-
writing recognition [7]. As an application of medical image
analysis, Zhou et al. [66] proposed Active, Continual Fine-
Tuning (ACFT), an ATL method that sequentially adapts
a model pre-trained on a general dataset to a different do-
main. In this study, we utilize a learning method that fur-
ther improves upon ACFT. Thereby, we adopt a pre-trained
HP estimator from learned domains to unknown individual
video domains efficiently. The procedure and our extension
of ACFT are described in the next Section 3.

3. Video-Specific HP Estimation via ATL
This section introduces our video-specific ATL frame-

work. The overview of our method is described in Sec. 3.1.
In Sec. 3.2, we explain our refined retraining method, an
improvement upon the existing ATL approach, ACFT [66].
In Sec. 3.3, we propose a novel SC for ATL. Details on the
active selection procedure are described in Sec. 4.

3.1. Overview

In our ATL framework, the ATL cycle (starts with c = 0)
is repeated to continuously adapt the HP estimator Mc to a
query video. As shown in Fig. 2, a query video capturing
human motion can be considered as a set of unlabeled sam-
ples U = {x1, x2, ..., xN}, where N is the total number of
samples. For example, if the number of human instances in
the 1st, 2nd, and 3rd frames in the 3-frame video are 2, 4,
and 1, respectively, N = 7. We assume that all N samples
in the video are in the same domain.

The c-th ATL cycle starts with HP estimation on all
N samples within the video (“Human Pose Estimator” in
Fig. 2). This estimation serves as the initial phase for the
subsequent phases in the ATL cycle. The next phase is
the “Active Selection” (also illustrated in Fig. 2), in which
each sample’s uncertainty C(xi) where xi ∈ U is evaluated
based on THC and WPU (described in Sec. 4.1 and Sec. 4.2,
respectively). The computed uncertainties are then utilized
in Core-Set sampling [53] with DUW, where uncertain and
diverse samples are selected (Sec. 4.3).

Following active selection, a human annotator manually
annotates the chosen samples Q (“Human Annotation” in
Fig. 2). The final phase of each ATL cycle is “ACFT-based
retraining” (Sec. 3.2) of the HP estimator. In this phase,
both the newly annotated samples Q and already annotated
samples L are used for retraining Mc to Mc+1. The con-
ditions for retraining are adjusted based on the estimated
results, which allows us stable continual learning.

At the end of each ATL cycle, the criterion for terminat-
ing ATL is evaluated based on the estimated results (“Stop-
ping Criterion” in Fig. 2).

3.2. ACFT-based Retraining

In retraining the HP estimator, we adhere to the learning
strategy proposed in ACFT [66]. That is, we continually
fine-tune a pre-trained model M0 with samples L added via
active selection. In the beginning, the number of labeled
samples is initialized to zero (i.e., |L| = 0), and the HP
estimator M0 is pre-trained across a broad domain of a large
dataset (i.e., source domain). As repeating the ATL Cycle,
the HP estimator Mc is adapted to the domain of each query
video (i.e., target domain) continually.

However, in the original ACFT [66], retraining is con-
ducted over a fixed number of epochs E, which presents
issues in terms of both performance improvement and exe-
cution time. That is, when the HP estimator is not adapted to
the domain of the query video, it is necessary to increase E
to make drastic changes in parameters of Mc. Conversely,
as the performance of the HP estimator improves, decreas-
ing E can reduce execution time. Following this obser-
vation, we determine the number of epochs in our ACFT-
based retraining as follows:

Ec = α× (1−Gc) ∈ N, (1)

where Gc ∈ [0, 1] represents the performance of Mc for
unlabeled samples U , and α is a hyperparameter.

However, in actual operation, it is impossible to correctly
evaluate the estimation performance Gc since we do not
possess the ground truth for unlabeled samples. Therefore,
an alternate metric representing the estimation performance
is needed. Hence, we evaluate the performance of the esti-
mated results only with the newly selected samples Q with
annotated ground truth. The generalization performance of
the HP estimator Mc in the c th cycle is estimated as fol-
lows:

Gc ≈
1

|Q|
∑
x∈Q

OKS(x), (2)

where OKS(x) ∈ [0, 1] represents the Object Keypoint
Similarity (OKS), which is an evaluation metric for HP es-
timation. The value of OKS increases as the estimated pose
becomes more similar to the ground truth.

Additionally, we rethink the retraining of already labeled
samples. The original ACFT is applied to a classification
task [66], and execution time is reduced by only retraining
the misclassified labeled samples. However, since HP esti-
mation is the regression task, it is not possible to determine
misestimated data in the same way. We newly define the
misestimated labeled samples R as follows:

R = {x|OKS(x) < θ +m}, (3)

where θ is a user-defined accuracy threshold and m rep-
resents a margin set to ensure the estimation performance
stably exceeds the required accuracy θ.
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3.3. Stopping Criterion

In applications of AL, SC, which determines when to ter-
minate learning, is indispensable. Typically, a common SC
involves achieving the desired accuracy on cross-validation
data or a hold-out set [61], used in ACFT [66] as well. How-
ever, collecting sufficient validation data in AL is imprac-
tical because it requires much more extra annotation. SC
can be also defined with agreement among multiple estima-
tors [5,6] so that SC is met if the results of many estimators
are equal. However, the computational cost increases in ac-
cordance with the number of estimators. While uncertainty-
based SCs [35, 68] are also proposed, the reliability of such
an SC is questionable since uncertainty merely serves as an
estimate of the degree of error.

Zhu and Hovy proposed the Min-error criterion [67],
which measures the accuracy of predicted results for newly
selected unlabeled samples (i.e., samples in Q). If the ac-
curacy surpasses a certain threshold, the learning process is
terminated. This criterion does not require additional com-
putation and is a more reliable measure since it uses the
actual error. When expressed using OKS, it is represented
as follows:

SCMin =

{
1 1

|Q|
∑

x∈Q OKS(x) > θ

0 otherwise.
(4)

However, as pointed out by Zhu and Hovy [67], there is
a risk that SCMin may lead to premature termination when
the number of newly added unlabeled samples is small.
Therefore, we propose the following SCAll, a new SC suit-
able for the practical use in video-specific ATL as follows:

SCAll =

{
1 ∀x ∈ {Q ∪ L}, OKS(x) > θ

0 otherwise.
(5)

We compare the effects of these two criteria in the exper-
iment (Sec. 5).

4. Uncertainty Criteria for Efficient Active
Transfer Learning

In the active selection phase, we actively select samples
for human annotation based on the results of HP estima-
tion for each unlabeled sample. This active selection is de-
picted in Fig. 2. Our proposed uncertainty criteria, THC
(Sec. 4.1) and WPU (Sec. 4.2) calculate the uncertainty
from the heatmaps obtained during HP estimation and the
estimated whole-body poses, respectively. These uncertain-
ties serve as weights in our DUW Core-Set [53] approach
(Sec. 4.3). This approach guides the selection of diverse and
uncertain samples effectively.

(a) Heatmaps with low THC. Times are at t-1, t and t+1 from left to right.

(b) Heatmaps with high THC. Times are at t-1, t, and t+1 from left to right.

Figure 3. Qualitative examples of our THC. (a) There is a strong
peak at a single point in the heatmap between adjacent frames con-
sistently. (b) In contrast, the estimations are inconsistent and the
peaks in the heatmap are dispersed.

4.1. THC: Uncertainty Criterion based on Tempo-
ral Heatmap Continuity

In this section, we introduce a new uncertainty criterion
called THC, an extension of MPE [39] and TPC [45].

Many HP estimation methods output heatmaps for each
keypoint and select the maximum probability position in the
heatmap as the keypoint position. The rest of the informa-
tion is discarded although it contains valuable information
for assessing the estimation results. For instance, a single
peak with low variance might indicate a confident estima-
tion. In contrast, the presence of multiple peaks with high
variance could be a signal of an uncertain estimation.

Based on this concept, MPE [39] was proposed as an
uncertainty criterion to replace conventional methods such
as Least Confidence (LC) [36], which quantify uncertainty
only from the maximum values in the heatmap. MPE uti-
lizes not only the maximum values but also local peaks in
the heatmap to calculate entropy, making use of the rich in-
formation of the heatmap.

Furthermore, when evaluating HP estimation results in
videos, we can utilize the property that ‘the correct key-
point position does not change significantly between adja-
cent frames’. TPC [45] was proposed based on this idea,
quantifying the uncertainty of HP estimation in videos by
the temporal change of the estimated poses. It sums up
the Euclidean distances of estimated keypoint positions be-
tween adjacent frames, considering larger values to indicate
higher uncertainty.

We introduce a new uncertainty criterion extending upon
both MPE and TPC, namely, THC. This quantifies uncer-
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Figure 4. Calculation of Whole-body Pose Unnaturalness (WPU).
Given the estimated HP, its hybrid feature [46] is calculated and
fed into the trained AutoEncoder (AE). WPU is defined by the
reconstruction error between the input and output of AE.

tainty by utilizing spatially rich information in heatmaps. In
addition, THC considers the continuity in estimation results
between temporally adjacent frames.

Specifically, the uncertainty is quantified by calculating
the Sum of the Absolute Difference (SAD) of estimated
heatmaps for each keypoint between adjacent frames, as
shown below:

CTHC(Ft) =
1

K

K∑
k=1

SAD(Hk
t−1, H

k
t )

+
1

K

K∑
k=1

SAD(Hk
t , H

k
t+1) (6)

=
1

K

K∑
k=1

∑
pk
t ∈Hk

t

(|pkt−1 − pkt |

+ |pkt − pkt+1|), (7)

where K, Hk
t , and pkt denote the number of keypoints in

each HP, the estimated heatmap for keypoint k in frame t,
and the probability at each position in Hk

t , respectively. Ex-
amples of heatmaps with low THC and high THC are shown
in Fig. 3.

4.2. WPU: Uncertainty Criterion based on Whole-
body Pose Unnaturalness

Previous AL for HP estimation [39,45,59] computes the
uncertainty of an entire body pose by summing the uncer-
tainty of each keypoint. However, this approach may miss
unnatural poses where individual keypoints exhibit low un-
certainty. Therefore, we introduce WPU, a novel uncer-
tainty criterion that quantifies the unnaturalness of whole-
body poses in the context of anomaly detection.

In our approach, we train AE [12, 25, 43], a simple
anomaly detection model, on ground-truth HPs from the
dataset. The trained AE successfully reconstructs natural
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Figure 5. A visualization result of the sample selection of
our proposed criterion (THC+WPU+DUW). We have utilized
DensMAP [47] to plot feature vectors extracted by the HP esti-
mator. In this plot, circles represent newly selected samples, while
cross marks denote unlabeled samples that were not selected for
the current ATL cycle. The color of the plot corresponds to the
normalized uncertainty.

HPs but struggles to reconstruct unnatural ones, resulting in
larger reconstruction errors. Therefore, this error can mea-
sure pose-level uncertainty, as shown in Fig. 4.

Although VL4Pose [54] also tackled the issue of pose-
level uncertainty using a Bayesian Neural Network archi-
tecture, our WPU has a significant advantage in model effi-
ciency. While VL4Pose utilizes ≈ 2.1M parameters, WPU
only needs 2.6K parameters. This results in a simple but ef-
fective uncertainty measure with fewer computational costs.

To train the AE well, we do not use raw keypoint co-
ordinates from the dataset but rather calculate the Hybrid
feature [46] for inputs. This Hybrid feature is a pose rep-
resentation robust against scaling differences and rotations,
consisting of the Center of Gravity (CG) feature pCG [50]
and the Angle feature pθ [55], which represents eight criti-
cal joint angles.

Furthermore, through ATL procedure, the pre-trained
AE is retrained on labeled poses in the query video. By
learning natural poses in the target domain (i.e., the query
video) during ATL, the AE can learn the feature of natural
poses that are not included in the source domain (i.e., the
training dataset).

4.3. DUW: Dynamic Uncertainty Weighting of
Core-Set sampling

Many AL studies [39, 45, 54] tend to rely solely on un-
certainty for sample selection, but it can fall into selection
bias [20, 52]. This is largely because uncertainty criteria
tend to select similar data, like redundant samples from con-
tinuous video frames in our setting.
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Table 2. Quantitative results of our proposed video-specific ATL
on PoseTrack21 [17]. Red and blue indicate the best and the sec-
ond best, respectively. AP@0.6 is the average AP of 170 test
videos with a 0.6 OKS threshold. “5%” means the estimation re-
sult with 5% labeled samples in the query video. ALC values are
also calculated by an average of 170 test videos.

Criterion AP@0.6 (%) ALC
5% 20% 40% (%)

Random 87.76 96.09 97.39 96.91
LC [36] 77.49 94.60 96.77 95.74
MPE [39] 78.96 95.09 97.23 96.11
TPC [45] 83.38 95.32 97.31 96.40
k-means [65] 93.97 96.37 98.11 97.65
Core-Set [53] 93.18 97.62 98.60 98.12
Ours
(THC+WPU+DUW) 93.35 97.90 98.77 98.21

Therefore, in this research, we propose DUW, which bal-
ances both uncertainty and diversity by extending the ac-
quisition function of Core-Set sampling [53]. In the orig-
inal Core-Set sampling, u, a new sample to be labeled is
sequentially selected according to the following acquisition
function:

u = arg max
i∈U

min
j∈L

∆(xi, xj), (8)

where ∆(xi, xj) is the Euclidean distance between sam-
ple’s feature vectors xi and xj .

In contrast, we define the acquisition function in DUW
based on each sample’s uncertainty score C(xi) in the fol-
lowing way:

u = arg max
i∈U

{min
j∈L

{(1−Gc)×∆(xi, xj)}+Gc×λC(xi)},

(9)
Here, Gc is approximated by Eq. (2) and λ is a hyperpa-

rameter, respectively.
As depicted in Eq. (9), when λ is 0, the sample selec-

tion is equal to the original Core-Set sampling [65]. Con-
versely, when λ is large, sample selection is heavily influ-
enced by the uncertainty score. The balance between uncer-
tainty and diversity dynamically changes based on Gc too.
When Gc is low, the selection prioritizes coverage over the
whole samples, while it emphasizes uncertain estimations
when Gc is high. Since Gc increases through ATL, rep-
resentative samples tend to be selected in the initial phase,
and uncertain samples come in selection as ATL progresses.
With this formulation, we aim to rapidly cover the data dis-
tribution within the query video at the initial cycles of ATL
and subsequently promote the identification of remaining
hard samples through uncertainty measurement. The exam-
ple of informative and diverse sample selection using DUW
is shown in Fig. 5.
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Figure 6. Learning Curve of video-specific ATL on Pose-
Track21 [17].

5. Experiments
This section is broken down into five parts: (1) We

outline evaluation metrics and specify our implementation
(Sec. 5.1). (2) We introduce the various selection criteria
used, including our proposed method (Sec. 5.2). (3) We
contrast our approach with the baseline and several state-
of-the-art methods (Sec. 5.3). (4) We conduct an ablation
study to verify the effect of each component in our frame-
work (Sec. 5.4). (5) Lastly, we examine the effectiveness of
our newly proposed SC (Sec. 5.5).

5.1. Evaluation and Implementation Details

Dataset. Two large-scale datasets for multi-person 2D
HP estimation, PoseTrack21 [17] and JRDB-Pose [60] were
employed for our experiments.

PoseTrack21 [17] consists of 593 training videos and
170 validation videos. Since PoseTrack21 does not pro-
vide its test data labels, we utilized 579 out of 593 origi-
nal training videos for training and the remaining 14 videos
for validation and conducted evaluations using the original
170 validation videos. For each video evaluation, about 30
annotated frames were utilized. A skeleton-based pose rep-
resentation in PoseTrack21 consists of 15 keypoints.

In terms of JRDB-Pose [60], as well as PoseTrack21,
it does not have available labels for the test split. Thus,
we utilized the 27 provided videos, dividing them into 10
for training, 2 for validation, and 15 for testing. For each
video, we used the first 150 frames (five times the num-
ber for PoseTrack21 [17]) extracted from stitched images.
Poses in JRDB-Pose consist of 17 keypoints.

HP Estimator. In the video-specific ATL, we followed
the top-down approach manner [19, 24, 41]. To simplify
the process, we used ground truth bounding boxes and
tracking IDs as detection results. Simple Baseline [62]
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and FastPose [19] were employed to estimate HP in Pose-
Track21 [17] and JRDB-Pose [60], respectively. We pre-
trained both models on the 579 training videos from Pose-
Track21 [17] using the Adam optimizer [33] with a learn-
ing rate of 1.0e−3 and 62/57 epochs terminated by early-
stopping, respectively. Training data are augmented by flip-
ping, rotation, and scaling. Subsequently, we fine-tuned this
pre-trained FastPose on 10 videos from JRDB-Pose with
lr = 5.0e−4 and 40 epochs.

Evaluation Metrics. The efficacy of our proposed
video-specific ATL was evaluated using Average Precision
(AP) and Area under the Learning Curve (ALC) [15, 66].
The AP was used to assess the HP estimation results at each
ATL cycle. We adopted the MS COCO’s calculation [38],
using OKS to determine the accuracy of the estimated pose.
The ALC was used to evaluate the overall ATL efficiency.
The ALC is calculated from a graph, where the vertical axis
represents AP (%) and the horizontal axis represents the
percentage of labeled samples (%). It should be noted that
in the calculation of AP and ALC, poses annotated during
ATL are considered correctly estimated. That is to say, AP
surely reaches 100% when 100% HPs are labeled.

Human Annotation. Consistent with other AL stud-
ies [39, 45], we simulated human annotation by automati-
cally providing ground truth annotations for selected sam-
ples. The annotated samples are incrementally added for
retraining, as illustrated in Fig. 2. The [5%, 5%, 5%, 5%,
10%, 10%, 20%, 20%, 20%] of the total HPs in the query
video are sequentially added at each ATL cycle.

Retraining. For retraining the HP estimator, we used the
AdamW [42] optimizer with learning rate = 2.5e−4, weight
decay = 0.7, and γ = 0.99, respectively. α in Eq. (1) was
set to 250. To prevent overfitting, data augmentation tech-
niques such as flipping, rotation, and scaling were applied
to the retrained samples.

5.2. Active Selection Criteria

For comparative experiments, our proposed method and
several ATL approaches are implemented with the follow-
ing selection criteria:

• Random: Random uniform sampling.
• LC: A traditional uncertainty measurement described

in [36]. The implementation followed [39].
• MPE: An uncertainty criterion in [39].
• TPC: An uncertainty criterion in [45].
• k-means: A representativeness criterion used in [65].
• Core-Set: An original Core-Set sampling in [53]. This

implementation followed [28].
• THC: Our uncertainty criterion proposed in Sec. 4.1.
• WPU: Our uncertainty criterion proposed in Sec. 4.2.

For the experiment on PoseTrack21 [17], the AE
was trained with the ground truth keypoints from the

Table 3. Ablation study results of video-specific ATL on Pose-
Track21 [17]. Red and blue indicate the best and the second best,
respectively. AP@0.6 is the average AP of 170 test videos with
a 0.6 OKS threshold. “5%” means the estimation result with 5%
labeled samples. ALC is also the average of 170 test videos.

Criterion AP@0.6 (%) ALC
5% 20% 40% (%)

Core-Set [53] 93.18 97.62 98.60 98.12
THC 82.59 92.86 96.43 95.45
WPU 85.56 94.74 97.31 96.45
THC+WPU 84.82 95.17 97.25 96.51
THC+DUW 93.12 97.70 98.91 98.19
WPU+DUW 93.19 97.87 98.76 98.17
THC+WPU+DUW 93.02 97.68 98.81 98.14(fixed)
THC+WPU+DUW 93.18 97.86 98.80 98.16(increase)
THC+WPU+DUW 93.35 97.90 98.77 98.21(const)
THC+WPU+DUW 93.08 97.72 98.94 98.24(decrease)

579 training videos (300 epochs with learning rate
= 1.0e−3 by Adam [33]). For JRDB-Pose [60],
pre-training was conducted using 10/2 videos in the
train/val set. Both the encoder and the decoder of the
AE have four layers each, and the dimension of the la-
tent variables is 4. The AE is retrained at each ATL
cycle by Adam (20 epochs with lr = 8.0e−4).

• DUW: The combination of uncertainty criteria and
Core-Set sampling [53] proposed in Sec. 4.3. The
value of λ in Eq. (9) was set to 0.01 and 1000 for
PoseTrack21 [17] and JRDB-Pose based on a hyper-
parameter search based on the performance of video-
specific ATL on validation videos, respectively. We set
the weights of THC and WPU at a 1:1 ratio in Sec. 5.3.

For methods that perform sample selection based solely
on uncertainty, samples with higher C(xi) are prioritized
to be added to the labeled data. For further details, please
refer to our codebase at: https://github.com/
ImIntheMiddle/VATL4Pose-WACV2024

5.3. Baseline and State-of-the-art Comparison

Figure 6 and Table 2 show quantitative results of
the proposed video-specific ATL on PoseTrack21 [17].
While the performances of all uncertainty-based meth-
ods [36, 39, 45] are less than the random selection, our
method (“THC+WPU+DUW”) outperforms other methods
throughout the entire ATL process. Video-specific ATL
with our methods can efficiently achieve accurate HP esti-
mation (e.g., as shown in Table 2, our method got AP@0.6
≈ 98% with only 20% labeled samples).
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Table 4. Quantitative results of our proposed video-specific ATL
on JRDB-Pose [60]. Red and blue indicate the best and the second
best, respectively. AP is an average of 15 test videos. “5%” means
the estimation result with 5% labeled samples in the query video.
ALC values are also an average of 15 test videos.

Criterion AP@0.6 (%) ALC
5% 20% 40% (%)

Random 88.16 94.19 96.46 95.42
LC [36] 65.04 89.34 94.84 92.67
MPE [39] 81.78 95.74 98.03 95.76
TPC [45] 74.83 92.25 95.74 93.76
k-means [65] 88.97 95.98 97.53 96.41
Core-Set [53] 85.09 95.27 96.80 95.60
Ours
(THC+WPU+DUW) 89.76 96.48 97.59 96.52

The results for the 15 test videos from JRDB-Pose are
presented in Table 4. Here too, our proposed method
(“Ours”) achieved performance close to 90% with only 5%
of the labeling. Furthermore, the ALC performance of the
proposed method stably outperforms comparative methods
across the entire ATL procedure. For the complete table and
evaluation with another metric, please refer to Sec. B in the
supplementary materials.

5.4. Ablation Studies

Table 3 shows the ablation study results of video-specific
ATL on PoseTrack21 [17]. Our proposed methods, THC,
WPU, and DUW are all used together, resulting in the high-
est ALC. THC+DUW and WPU+DUW surpassed the per-
formance of the original Core-Set [53] due to the incorpo-
ration of uncertainty in sample selection.

When comparing only uncertainty, THC+WPU achieves
the highest ALC including the other methods in Table 2.
This suggests the effect of combining THC with WPU.

Next, we compared our method with a case where
the balance between uncertainty and representativeness in
Eq. (9) is not dynamically adjusted by Gc, only using a
fixed hyperparameter, λ. λ was 1 based on a hyperpa-
rameter search using video-specific ATL on the 14 valida-
tion videos. While the results (THC+WPU+DUW (fixed))
surpassed Core-Set [53], it is poorer than other results of
THC+WPU+DUW, using the dynamic weighting by Gc.
This demonstrates the effectiveness of dynamically adjust-
ing the balance between uncertainty and representativeness.

Lastly, we conducted a detailed ablation study on the
combination of THC and WPU. In this study, we compared
three scenarios: increasing the proportion of THC linearly
from 0 to 1 (“increase”) based on the labeled percentage,
setting the same weight for THC and WPU (“const”), and
decreasing the proportion of THC linearly from 1 to 0 (“de-
crease”). As shown in Tab. 3, it is evident that setting the

Table 5. Effectiveness of our SC. θ is the target value of OKS
defined by the user. AP@θ represents the value of AP calculated at
the time learning stopped, with θ as the threshold. “Stopped” and
“Actual” denote the labeled percentage when learning was stopped
by the SC and the labeled percentage when all samples actually
reached an OKS above θ, respectively.

SC θ AP@θ (%) Stopped (%) Actual (%)

SCMin

[67]

0.5 96.86 10.04 36.90
0.6 96.19 10.85 40.26
0.7 95.75 12.55 46.55
0.8 95.58 16.94 56.54

SCAll

(Ours)

0.5 99.25 29.61 36.90
0.6 99.55 33.38 40.26
0.7 99.60 39.61 46.55
0.8 99.50 49.46 56.54

balance between THC and WPU to “const” enjoys signifi-
cant performance improvement during the early stages and
the midpoint of ATL. Nevertheless, the performance of “de-
crease” tends to be enhanced in the later stages. These find-
ings further motivate the need to design appropriate strate-
gies for combining THC and WPU.

For further detailed analysis and results, please refer to
Sec. A, C and D in the supplementary material.

5.5. Effectiveness of proposed SC

Table 5 compares existing SC, Min-error [67], with our
SCAll proposed in Sec. 3.3. The labeled samples were in-
creased by 10% increments from 0% and the margin m in
Eq. (3) was set to 0.05. As hypothesized in Sec. 3.3, Min-
error relies on the average value of a small number of sam-
ples and encounters premature stops at < 97% AP. On the
other hand, our SCAll terminates ATL when AP has almost
reached 100% for any threshold, thereby ensuring the HP
estimation accuracy that the user demands more precisely.

6. Concluding Remarks
In this study, we addressed video-specific HP estimation

using ATL for the first time. We revisited the existing ATL
method [66] and proposed a retraining method suitable for
video-specific ATL along with novel SC. To enhance learn-
ing efficiency, we proposed three novel selection criteria:
THC, WPU, and DUW.

Our criteria outperformed existing methods by enabling
the selection of uncertain and diverse samples. Addition-
ally, we found that proposed SCAll can accurately deter-
mine the timing to terminate ATL for practical use.

For future work, we suggest integrating video-based HP
estimation methods to enhance performance [4, 30, 63, 64].
Additionally, utilizing semi-supervised learning [21, 49, 51,
59] could further reduce annotation cost.
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