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Abstract

Standard 3D human pose estimation (HPE) benchmarks em-
ploy root-centering, which normalizes poses relative to the
pelvis but discards absolute root position information. While
effective for evaluation, this approach limits real-world ap-
plications such as motion tracking, AR/VR, and human-
computer interaction, where absolute root position is essen-
tial. Moreover, incorporating root position into these models
often leads to performance degradation. To address these
limitations, we introduce PoseAnchor, a unified framework
that seamlessly integrates root position estimation while
improving overall pose accuracy. PoseAnchor leverages It-
erative Hard Thresholding Robust Least Squares Regression
(ITRR), a novel robust regression approach introduced to
3D HPE for the first time. ITRR effectively mitigates the
impact of noisy 2D detections, enabling more accurate root
position estimation. With ITRR, PoseAnchor enables zero-
shot root localization, allowing existing models to estimate
absolute root positions without retraining or architectural
modifications. ITRR identifies a support set of reliable joints
based on their spatial relationships to achieve robust root
estimation, effectively filtering out unreliable joints. Beyond
zero-shot localization, PoseAnchor incorporates ITRR into
a Data-Driven Training framework that selectively utilizes
the support set to optimize pose learning. By dynamically
filtering high-confidence joint data, PoseAnchor mitigates
noise while improving robustness.

1. Introduction

3D Human Pose Estimation (HPE) has made significant
progress; however, benchmark-centric evaluation methods
often fall short in real-world applicability. The widely
adopted ‘root-centering’ technique [8, 12, 23, 33, 40], while
effective for benchmark performance, inherently discards
root position information, which is crucial for practical
deployment. While root-centered representation improves
benchmark accuracy, it is like driving an autonomous vehicle
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Figure 1. Mean Per Joint Position Error (MPJPE) and Mean Root
Position Error (MRPE) comparison with the baseline [40]. The
blue dashed line indicates the state-of-the-art (SOTA) performance
threshold, based on results reported in previous works [33, 39].

without GPS—highlighting the need for absolute position in-
formation in real-world applications such as motion tracking
and AR/VR.

As shown in Figure 1, the conventional ‘Baseline’ method,
which relies on root-centering, is incapable of predicting root
position, leading to ‘Not Applicable (N/A)’ MRPE values.
This highlights that root-centering leads to a loss of root po-
sition information, which is crucial for practical deployment.
Furthermore, incorporating root position prediction into root-
centered models often results in performance degradation.
As shown in the MPJPE comparison in Figure 1, the ‘Root+’
method, which extends the Baseline to predict root position,
shows increase in MPJPE. This underscores the inherent
challenge of adapting benchmark-driven methodologies to
real-world deployment—balancing root position prediction
with pose accuracy remains a significant hurdle. This perfor-
mance degradation highlights the inherent conflict between
learning relative joint relationships in root-centered mod-
els and predicting absolute root positions, disrupting the
optimized representation for relative poses.

To overcome these challenges and enhance the real-world
applicability of 3D HPE, we introduce Pose Anchor, a uni-
fied framework consisting of Zero-Shot Root Localization
(ZS-anchor) and Data-Driven Training. PoseAnchor is a
model-agnostic framework, readily integrable into various
3D HPE models without being confined to specific architec-
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tures. Unlike previous studies, which are often tailored to
specific architectures, PoseAnchor provides a flexible and
generalizable solution for practical 3D HPE systems. ZS-
anchor estimates the root position from the predicted 3D
poses without the need for additional network components
or complex architectures. The root position estimation is for-
mulated as a robust optimization problem and is solved using
Iterative Hard Thresholding Robust Least Squares Regres-
sion (ITRR), which is resilient to noise and outliers. ITRR’s
strength lies in its iterative refinement process, where it adap-
tively identifies and leverages a support set of reliable joints
based on spatial consistency, effectively mitigating the influ-
ence of noisy or inaccurate joint detections commonly found
in 3D HPE. Here, Pose Anchor goes a step further by utiliz-
ing the support set to filter out joint data with low reliability,
integrating ITRR into data-driven training. This approach
improves 3D pose accuracy and enhances root position esti-
mation. This Data-Driven Training framework, leveraging
ITRR-based support set filtering, focuses the learning pro-
cess on high-confidence joint data, leading to more stable
and generalizable models compared to traditional methods
that treat all joint data equally.

Empirical evaluations confirm the effectiveness of
PoseAnchor. Figure | shows that both ZS-anchor and
PoseAnchor consistently outperform root-centering methods
in terms of accuracy and robustness. Unlike methods that
degrade when incorporating root position, PoseAnchor en-
hances pose estimation accuracy. These results suggest that
PoseAnchor offers a practical approach to bridging the gap
between benchmark research and real-world applications,
increasing the applicability of 3D HPE.

Key contributions are summarized as follows:

. Zero-Shot Root Position Estimation: We introduce ZS-
Anchor, a zero-shot root position estimation method that
enables existing 3D pose estimation models to estimate
absolute root positions without retraining. This elimi-
nates the need for supervised learning of root positions,
allowing models to infer absolute root positions directly
from root-centered poses.

. Support Set Guided Training: We propose a data-driven
training framework that leverages ITRR-based support
set filtering. This mechanism effectively removes noisy
joint data, stabilizes training, and enhances both pose
estimation accuracy and robustness.

. Model-Agnostic Framework: PoseAnchor is a model-
agnostic framework that seamlessly integrates into var-
ious 3D HPE architectures without requiring modifica-
tions. This ensures broad compatibility and enhances
real-world applicability.

7080

2. Related Work

2.1. 3D Human Pose Estimation

Early 3D pose estimation methods regressed 3D coordi-
nates from images [3, 34], but advances in 2D pose esti-
mation [6, 32, 38] have made lifting 2D poses to 3D the
dominant approach [16, 23] for its effectiveness and scal-
ability. This decomposition improved accuracy, especially
when using temporal modeling [23]. A majority of 3D pose
estimation methods adopt root-centering, a technique that
positions the pelvis joint at the origin, thereby eliminating
global translation [18, 33, 40, 44]. Although effective for
benchmarks, root-centering discards absolute position in-
formation, restricting its applicability to real-world tasks
such as motion tracking and AR/VR. To address this, some
works [20, 24, 42] directly estimate the global root posi-
tion. RootNet [20] predicts the root depth separately, while
LCR-Net [24] and SMAP [42] estimate absolute poses for
multi-person scenarios. More recently, Ray3D [39] formu-
lated root position estimation as a ray-based optimization
problem, predicting depth along 3D rays derived from 2D
keypoints and camera intrinsics. This approach improves
generalization across different viewpoints, highlighting the
importance of integrating camera-aware root estimation. De-
spite their ability to estimate absolute root position, these
methods often necessitate additional supervision or introduce
increased model complexity. Our approach seamlessly inte-
grates root position estimation without requiring additional
supervision, all while maintaining robustness.

2.2. Robust Least Squares Regression

Robust Least Squares Regression (RLSR) mitigates the sen-
sitivity of traditional regression to noise and outliers, which
are common in 2D-to-3D pose lifting. M-estimators [9],
RANSAC [7], and LMS regression [25] enhance robust-
ness by reducing the influence of outliers. Black and Ran-
garajan [2] further introduced a non-convex loss function
widely used in vision tasks. More recently, robust regression
has been applied in diverse fields such as signal process-
ing [31, 45], economics [26], bioinformatics [15], and image
processing [21, 36]. However, classical methods [10, 29, 30]
often lack theoretical recovery guarantees. Trimmed inner
product [5] and sub-sampling [17] approaches have been
explored, but their performance is limited in large datasets.
To achieve exact recovery, L1 penalty-based convex formula-
tions [22, 35] impose strict assumptions on data distributions.
Hard-thresholding methods [1] offer guarantees but depend
on a user-specified corruption ratio, which is difficult to es-
timate and affects performance when mis-specified. Our
approach refines these principles by leveraging thresholding-
based robust regression to enhance root position estimation
while selectively utilizing high-confidence joint data.



3. Methods

We propose a novel method for accurately and robustly esti-
mating the absolute root (pelvis center) position in global 3D
space, utilizing root-centered 3D poses predicted by a 3D
Human Pose Estimation (HPE) model. Our approach is built
upon Robust Least Squares Regression (RLSR), a technique
well-known for its resilience to noise and outliers. Specif-
ically, we employ an Iterative Hard Thresholding (ITRR)
algorithm to effectively mitigate errors inherent in 3D pose
estimation and 2D joint detection. To improve robustness
against noise and outliers, we introduce a support set S that
selectively utilizes high-confidence joint data. This ensures
a more accurate estimation of the global root position. Addi-
tionally, we incorporate this root position estimation method
directly into the training pipeline of the 3D HPE model, en-
hancing the model’s capability to predict global positions
while improving pose accuracy.

3.1. Problem Formulation

The 3D root-centered coordinates of each joint, denoted
as {(X},Y}, Z;)}/_,, can be mathematically related to the
root position (X, Y;., Z,.) and the 2D projection coordinates
(xj,y;) via the camera’s intrinsic projection model. The

projection relationship for each joint j is defined as:

o fx(XJ +X7‘)
J Zi+Z,
_LYi+Yy)

J Zi+ 2,

ey

where f, and f, represent the camera’s intrinsic fo-
cal lengths. By rearranging these equations to isolate
(X.,Y., Z,), we obtain:

ij'r - mer = mej - ijj
YjZr — fy¥r = 1Y — ;2.

By extending this formulation to all J joints, we represent
the problem in matrix form as:

@

Ar=b, 3

where the root position 7 = [X,., Y;.,, Z,]7 € R? represents
the 3D root position. The coefficient matrix A € R?/*3 and
the target vector b € R?” are given by:

[—f: 0 x [ fo X1 — 2121 ]
0 *fy Y1 fyyl — 1
—fe 0 = faXo — 222
A= 0 —fy w2|, p=| Y2122 4)
—fe 0z foXy —252;
L 0 —fy wi] | fyYr —yiZs ]
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This compact formulation encapsulates the projection con-
straints of all J joints by linking the intrinsic camera parame-
ters (f, fy), the 2D joint coordinates (x;, y;), and the corre-
sponding components of the 3D joint positions (X;,Y;, Z;)
into a single linear system.

In an ideal, noise-free setting, solving the least-squares
problem

r* = argmin||b* — A* 7|3 3
reR3

where r* denotes the true root position, A* is the ideal co-
efficient matrix, and b* is the ideal target vector, yields the
correct root position. However, in practical applications,
errors in both 2D joint detection and predicted 3D coordi-
nates inevitably arise, significantly impacting global position
accuracy. Considering these joint-specific errors, we model
the actual scenario more realistically as:

b+ Ab = (A+ AA)r*, ©6)

where Ab represents the error in b, and A A represents the
error in the matrix A. From Eq.(6), we can define the adapted
true target vector for A as n* £ b+ Ab — AAr*, which
represents the true projection relationship given the noisy
matrix A and the true root position 7*. We assume the target
vector b is generated by:

b=n"+¢+c, wheren* = Ar* @)

This model accounts for two types of perturbations in 7;:
(1) dense but bounded noise ¢; stemming from 2D joint de-
tection and 3D pose prediction errors, and (2) potentially
unbounded corruptions ¢; caused by misdetections or severe
joint estimation failures. Dense noise accounts for minor
inaccuracies in 2D joint detections and predicted 3D joints,
while sparse corruptions represent gross outliers or misde-
tections. We model the dense noise as € ~ A/(0, 0'2[2J><2J),
where o2 represents the variance of the dense noise. The
corruption vector ¢ is assumed to be sparse, satisfying
llello < a - 2J, for some corruption index 0 < a < 1.
These corruptions can be caused by outliers in the 2D joint
detections or errors in the 3D pose estimation pipeline. For
example, a misdetection of a limb due to occlusion can lead
to a significant corruption in the corresponding projection. In
such cases, the corresponding element in the corruption vec-
tor ¢ will have a large value, indicating a significant deviation
from the expected projection.

Therefore, the key challenge is to accurately estimate
the true root position 7* while minimizing the adverse ef-
fects of noise and outliers present in individual joint data on
global position estimation. To address this, we apply Robust
Least Squares Regression (RLSR), a technique specifically
designed to ensure robustness of individual data points (pro-
jection constraints of each joint). RLSR employs a robust
loss function that is less sensitive to outliers or uses tech-
niques to identify and exclude corrupted data points, allow-
ing for more accurate regression in the presence of noise and



corruption. We formulate the root position estimation as the
following optimization problem:

(7,5) = > (b — Aiar)?, (®)

i€S

argmin
reR®
S§C{1,2,...,27}:|S|=2(1-p)-2J

where S denotes the set of corruption-free points, b; is the
i-th element of the aligned target vector 7, and A, . is the
1-th row of the coefficient matrix A. Here, the core element
is the support set S. S represents the set of inlier data points
among all joint data, i.e., data points with high confidence.

3.2. Robust Least Squares Regression for 3D HPE

To estimate the root position 7* in the presence of dense
noise and sparse corruptions, we employ a thresholding
operator-based robust regression method. This approach
is inspired by the robust regression framework introduced by
[1], which provides theoretical guarantees for convergence
even in adversarial corruption settings. Unlike standard
least squares regression, which is highly sensitive to out-
liers, our method utilizes a hard thresholding operator to
identify and minimize the influence of corrupted observa-
tions in individual joint data. By selectively leveraging only
high-confidence joint data that contributes to global position
estimation, we maximize robustness and stability.

3.2.1. Iterative Hard Thresholding Robust Regression

Given the observed alignment vector 7, our goal is to solve
the regression problem in Eq. (5) while discarding severely
corrupted elements. To achieve this, we define the hard
thresholding operator, which selects a subset of clean data
points by filtering out observations with high residual errors.
For a vector v € R?’, the hard thresholding operator is
defined as:

HT(v,k) = {i € {1,....2J}: 0, ' (i) <k}, (9)

where o, is the permutation that orders elements of v
in ascending order of their absolute magnitude. In essence,
HT (v, k) returns the indices of the top k elements with the
smallest absolute values in vector v. In our research, we
apply the hard thresholding operator based on residuals of
individual joint data, selecting the top k joint data points
with smaller residuals (i.e., those that align well with model
predictions).

To solve the robust regression problem in Eq. (8), we
employ an iterative hard thresholding approach, which pro-
gressively refines the estimation by eliminating unreliable
data points. This method achieves robust global position
estimation through a process of repeatedly selecting high-
confidence data (support set .S) based on residuals of indi-
vidual joint data, and iteratively updating the root position
using only the selected data. Algorithm 2 details this process,
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Algorithm 1 Least Squares Regression (LSR)

Require: Target vector b, coefficient matrix A
Ensure: Estimated root position 7, residuals e
1: Compute least-squares solution:

7 = argmin||b — Ar||3
reRrs

2: Compute residuals: e = b — A7
3: Return: 7, e

Algorithm 2 Iterative hard Thresholding Robust Regression
(ITRR)

Require: Target vector b, coefficient matrix A, threshold
parameter T, convergence tolerance €
Ensure: Estimated root position 7, selected support set S
1: Initialize using Least Squares (Algorithm 1):

To,€0 = LSR(A7 b)

2: Remove large residuals: So = {i : |eg[i]| < 7}
3: Compute removal ratio: 8 =1 — ‘ls—‘)ll
4: while |le;[S]||2 > € do
5:  Compute least-squares update:
Ti41 = argmin Z (bi — A;.1)?
reRies,
6:  Compute residuals: e;11 = b — Aryyq
7:  Update support set:
St+1 = HT(€t+1, (1 - B)ZJ)
8 t+t+1
9: end while

10: Return: # = r;, S = S,

efficiently removing outliers and refining the root position
estimate in each iteration.

Algorithm 2 iteratively evaluates the reliability of indi-
vidual joint data and updates the root position focusing on
high-confidence joint data, enabling highly robust global po-
sition estimation against noise and outliers, especially errors
that may occur in individual joints.

3.2.2. Theoretical Robustness Guarantee

Building on the theoretical framework in [1], we assume that
the noise € ~ A(0,0%I) is Gaussian, and the corruption
vector c is sparse, satisfying ||c||o < a2/J.

To guarantee robust recovery of r* under noise and cor-
ruption, we define the constants characterizing the Subset
Strong Convexity (SSC) and Subset Strong Smoothness
(SSS) properties of A:



< mi . T
Ay < pmin Amin(AsAs)

< gé%}i Amax(ASAg) < A'y
(10
where S, represents all subsets of [n] of size yn, and Ag
is the corresponding submatrix of A. The terms Ap;in(+) and
Amax (+) denote the smallest and largest eigenvalues, respec-
tively. These constants help subsets of size v X n maintain a
well-conditioned state, influencing numerical stability and
robustness against adversarial corruption. Under these con-
ditions, our method guarantees geometric convergence to r*
if:

4./A;
N

This ensures reliable recovery even in the presence of
dense noise and sparse corruption. For a more detailed
proof of these theoretical guarantees, please refer to the
Supplementary Material.

< 1.

(1)

3.3. PoseAnchor Framework

Our framework consists of two key components: ZS-Anchor
and PoseAnchor. Both ZS-Anchor and PoseAnchor per-
form root position estimation. ZS-Anchor enables root
localization without retraining, while PoseAnchor further
integrates root position learning into the training process.
Instead of treating root position estimation as a separate post-
processing step, our approach optimizes both root-centered
3D poses and absolute root positions within a unified frame-
work.

3.3.1. Estimating Root Position Using a Root-Centered
3D HPE Model

To obtain the predicted root-centered 3D pose P, we leverage
a 3D Human Pose Estimation (HPE) model. The model takes
as input a sequence of 2D joint detections {(x;, yj)};]:l
and extracts spatiotemporal features to infer the 3D joint
coordinates:

P = f({(zj,51)}}=1)

where f represents the 3D pose estimation model. To
ensure the network estimates both relative and absolute po-
sitioning, we incorporate root position estimation into the
framework by leveraging projection constraints of individual
joint data:

(12)

7,8 =ITRR(A,b, T, €) (13)

where ITRR(-) denotes the Iterative hard Thresholding
Robust Regression method (Algorithm 2). The parameters
7 and e control the thresholding level and convergence tol-
erance respectively. Detailed justification and sensitivity
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analysis for these parameters are provided in the Supplemen-
tary Material. Given the predicted root-centered 3D pose P
and corresponding 2D joint detections, the root position 7
is computed by solving the robust least-squares regression
problem using Algorithm 2. In this process, we evaluate the
reliability of individual joint data and minimize the impact
of low-reliability data, ensuring robustness in global position
estimation.

3.3.2. Global position Reconstruction

During inference, the estimated root position is added back to
the root-centered 3D coordinates to reconstruct the absolute
3D pose:
P =P, Vie{l,..., J} (14)
This integration ensures that the model not only predicts
accurate 3D poses but also recovers global positioning infor-
mation, making it suitable for real-world applications like
motion tracking and human-object interaction. This capabil-
ity, achieved without requiring retraining, defines ZS-Anchor.
Building upon this, PoseAnchor further enhances robustness
by incorporating selective training via support set.

3.3.3. Selective Training via Support Set

For training, our approach leverages the original pose loss
formulation, maintaining the established objectives of 3D hu-
man pose estimation. However, instead of applying this loss
to all data points indiscriminately, we introduce a selective
sampling mechanism based on the support set S. Specifi-
cally, the loss is computed exclusively over the joints within
the support set S, which comprises high-confidence joint
data points identified by our ITRR algorithm. This means
we are sampling from the full dataset, focusing our learning
signal on the most reliable instances. The loss function thus
becomes:

abs
P J,gt

L= Zﬁpose(P;bs7

jes

). (15)

P;ttjj- denotes the ground-truth absolute 3D pose for joint
J. Lpose represents the original pose loss formulation used
in the baseline 3D HPE models. The core principle is to
retain the original loss function Ly While strategically
sampling data points for its application. By focusing training
on the high-confidence subset S, we ensure that learning is
driven by the reliable signals, effectively filtering out noisy
or corrupted contributions and enhancing the robustness of
the trained model without requiring any additional ground
truth beyond the standard pose annotations. By incorporating
the support set S into the training process, we focus learning
on high-confidence joint data, thereby enhancing robustness
against noisy or corrupted inputs.



4. Experiments

Unless explicitly stated otherwise, results presented are ob-
tained using the MixSTE [40] model architecture as our
primary baseline. We chose a strong but not state-of-the-art
baseline to better demonstrate the general applicability and
extensibility of our PoseAnchor framework.

4.1. Datasets

We validated our approach on the following widely rec-
ognized 3D human pose estimation datasets: Human3.6M
(H36M) [11], a large-scale dataset comprising 3D human
poses captured indoors under controlled conditions using a
motion capture system, and MPI-INF-3DHP (3DHP) [19],
a dataset featuring 3D human poses in both indoor and out-
door settings, providing more diverse and challenging real-
world scenarios. For each dataset, we followed the standard
train/test splits as in prior research. All experiments use CPN
detector [6] for 2D keypoints, except Table 4, which uses
ground-truth.

4.2. Evaluation Metrics

We evaluate our method using standard metrics for 3D
human pose estimation: Mean Per Joint Position Error
(MPJPE), the average Euclidean distance between predicted
and ground-truth 3D joint locations after root alignment;
Procrustes-aligned MPJPE (P-MPJPE), computed after opti-
mal scaling, rotation, and translation; Absolute MPJPE (Abs-
MPIJPE), calculated without root alignment; Mean Root Po-
sition Error (MRPE), the average error of predicted root
positions; Percentage of Correct Keypoints (PCK, %), the
proportion of keypoints within 150 mm of ground-truth loca-
tions; and Area Under the Curve (AUC), the integral of the
PCK curve over various thresholds. These metrics provide a
comprehensive assessment of pose estimation accuracy and
robustness.

4.3. Results
4.3.1. Results on H36M

Table | provides a comprehensive quantitative comparison
on the Human3.6M dataset. The top section reports MPJPE,
where our PoseAnchor achieves superior joint position accu-
racy in root-centered 3D space without rigid alignment. The
middle section presents P-MPJPE, showing that Pose An-
chor maintains high shape accuracy, comparable to top-
performing methods. The bottom section summarizes MRPE
and Abs-MPJPE, where Pose Anchor achieves the lowest root
position error and leading absolute 3D pose accuracy. Over-
all, these results demonstrate that PoseAnchor consistently
outperforms or matches state-of-the-art methods across all
key metrics (MPJPE, P-MPJPE, MRPE, and Abs-MPJPE)
on H36M, highlighting its effectiveness in leveraging root
position information for robust 3D pose estimation.
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4.3.2. Results on 3DHP

Table 2 presents quantitative results on the challenging MPI-
INF-3DHP dataset, highlighting the robustness of PoseAn-
chor. While MotionAGFormer [18] achieves a marginally
lower MPJPE, PoseAnchor attains state-of-the-art PCK
(99.3%) and AUC (88.1%), both the highest among com-
pared methods. Unlike MPJPE, which is sensitive to outliers,
PCK and AUC provide a more robust evaluation by reducing
the impact of occasional joint errors. The superior PCK
and AUC scores of PoseAnchor indicate more precise and
consistent joint localization within standard thresholds, even
under pose variations and noise. Although PoseAnchor’s
MPIJPE of 17.2 mm is not the absolute lowest, it remains
highly competitive given its exceptional robustness. Overall,
these results underscore the reliability of PoseAnchor for
3D human pose estimation in demanding scenarios where
robustness and resilience to outliers are essential.

4.4. Ablation Studies
4.4.1. Model Agnostic Applicability

To demonstrate the model-agnostic applicability of PoseAn-
chor, we evaluate its performance when integrated with dif-
ferent baseline 3D HPE models. Specifically, we compare
across four diverse architectures: Martinez et al.[16] (MLP-
based), VPose[23] (CNN-based), GLA-GCN [37] (GCN-
based), and MixSTE [40] (Transformer-based). For each
baseline, we consider the following four approaches:

Baseline (Root-Centered Model): A standard root-
centered approach [40] that removes absolute root position
information before pose estimation, following common
3D pose benchmarks.

Root+ (Root-Aware Learning): The baseline model with
its output dimension augmented to jointly regress the 3D
root position and the relative 3D pose from 2D keypoints,
retrained end-to-end.

ZS-anchor: A zero-shot root position estimation method
that uses ITRR to infer the root position through the base-
line model, without additional training.

PoseAnchor: Our proposed approach, which integrates
root position estimation into a data-driven framework.

Table 3 compares the performance of four ap-
proaches—Baseline, Root+, ZS-anchor, and PoseAn-
chor—across various 3D human pose estimation architec-
tures. The evaluation considers two categories of metrics:
root-relative (MPJPE, P-MPJPE) and absolute (Abs-MPJPE,
MRPE). The results demonstrate that PoseAnchor con-
sistently achieves the best performance, significantly
improving absolute pose estimation while maintaining or
enhancing root-relative accuracy.

The Baseline method, following a root-centered approach,
inherently sacrifices absolute pose information for bench-
mark performance. Root+, while enabling absolute pose



Table 1. Detailed quantitative performance comparison on the H36M dataset. 7" denotes the number of input frames. (}) indicates methods
originally using GT 2.5D factor (removed for fair comparison). (*) indicates the baseline method. The best and second-best results are

highlighted in bold and underlined formats respectively.

MPJPE Dir.  Disc. Eat  Greet Phone Photo Pose  Pur Sit SitD. Smoke Wait WalkD. Walk WalkT. | Avg.
VPose [23](1'=243) 452 467 433 456 481 551 446 443 573 658 47.1 44.0 49.0 32.8 339 46.8
Liu et al. [14](T'=243) 418 448 4l1.1 449 47.4 54.1 434 422 562 63.6 453 435 453 31.3 322 45.1
Chen et al. [4](T'=243) 414 435 401 429 46.6 519 417 423 539 602 454 41.7 46.0 31.5 327 44.1
PoseFormer [43](7'=81) 415 448 398 425 46.5 51.6 421 420 533 607 455 433 46.1 31.8 322 443
MixSTE [40](T'=243)(*) 37.6 409 373 397 42.3 499  40.1 398 517 550 42.1 39.8 41.0 27.9 279 40.9
P-STMO [28](T'=243) 389 427 404 411 45.6 49.7 409 399 555 594 449 422 42.7 29.4 29.4 42.8
PoseFormerV?2 [41](1T=243) - - - - - - - - - - - - - - - 45.2
STCFormer-L [33](T'=243) 384 412 368 380 427 505 387 382 525 568 41.8 38.4 40.2 26.2 27.7 40.5
GLA-GCN [37](T'=243) 413 443 408 418 459 541 421 415 578 629 45.0 42.8 459 29.4 29.9 44.4
MotionBERT [44](T'=243)(t) 392 410 379 396 433 499 403 400 524 580 43.6 415 41.7 28.4 28.6 41.7
MotionAGFormer-L [18](T'=243)(F) | 38.0 413 378 39.6 43.6 49.7 420 403 511 57.9 429 39.8 41.5 29.3 29.0 41.6
PoseAnchor (7'=243) 378 398 366 388 42.6 486 394 381 505 551 42.0 39.1 40.4 27.8 27.8 40.3
P-MPJPE Dir. Disc. Eat  Greet Phone Photo Pose Pur Sit SitD.  Smoke Wait WalkD. Walk WalkT. | Avg.
VPose [23](T'=243) 342 368 339 375 37.1 432 344 335 453 527 377 34.1 38.0 25.8 277 36.8
Liu et al. [14](T'=243) 323 352 333 358 359 415 332 327 446 509 37.0 324 37.0 25.2 27.2 35.6
Chen et al. [4](T'=243) 326  35.1 328 354 36.3 404 324 323 427 490 36.8 324 36.0 249 26.5 35.0
PoseFormer [43](T'=81) 34.1 36.1 344 372 36.4 422 344 336 450 525 37.4 33.8 37.8 25.6 27.3 36.5
MixSTE [40](T'=243)(*) 30.8  33.1 303 318  33.1 39.1 31.1 305 425 445 34.0 30.8 32.7 22.1 229 32.6
P-STMO [28](T'=243) 313 352 329 339 354 393 325 315 446 482 36.3 329 34.4 23.8 239 34.4
PoseFormerV?2 [41](T'=243) - - - - - - - - - - - - - - - 35.6
STCFormer-L [33](T'=243) 293 330 307 306 327 382 297 288 422 450 333 294 315 20.9 22.3 31.8
GLA-GCN [37](T'=243) 324 353 326 342 35.0 42.1 32.1 319 455 495 36.1 324 35.6 23.5 24.7 34.8
MotionBERT [44](T'=243)(t) 312 326 308 316 337 38.6 304 297 426 461 349 30.7 32.8 224 237 32.8
MotionAGFormer-L [18](T'=243)(f) | 30.7 33.0 30.1 319 33.6 389 331 304  41.1 459 34.0 29.9 32.3 22.3 23.1 32.7
PoseAnchor (7'=243) 306 321 299 315 335 382 306 292 413 440 34.2 30.0 32.1 21.8 22.8 32.1
Abs-MPJPE Dir. Disc. Eat Greet Phone Photo Pose Pur. Sit SitD.  Smoke  Wait WalkD. Walk WalkT. | Avg.
Vpose [23] 1289 1254 1244 1382 108.2 1555 1166 101.1 1358 287.6 128.6 1309 122.1 101.6 110.7 | 1344
PoseFormer [43] 112.6  137.1 117.6 1458 113.0 166.0 1255 113.8 128.8 2457 1227 1448 1250 1189 1293 | 1365
RIE [27] 1432 1332 1439 1427 1109 1514 1259 984 1364 2734 1275 1389 1268 107.3 116.0 | 1384
Ray3D [39] 929 974 1398 1186 113.8 1059 845 749 1486 1657 1166 1139  98.2 83.6 87.9 | 109.5
PoseAnchor 947 845 1027 1205 937 1207 933 782 1025 201.7 922 109.7 83.8 81.3 89.9 | 103.3
MRPE Dir.  Disc. Eat  Greet Phone Photo Pose  Pur Sit SitD.  Smoke Wait WalkD. Walk WalkT. | Avg.
Vpose [23] 1242 1159 111.0 1273 97.6 1419 1057 964 1220 2765 119.6 1233 1113 94.0 101.6 | 124.6
PoseFormer [43] 1047 1347 1039 1374 99.6 1546 119.8 1089 108.2 2337 111.1 141.1 1162 1179 123.8 | 127.7
RIE [27] 139.1 1245 1299 1331 992 1414 1163 935 1240 2659 1184 1313 117.1 1004 109.2 | 129.6
Ray3D [39] 837 86.8 1289 1048 1093 91.6 750 652 1439 150.5 108.6 1057 884 73.9 77.8 99.6
PoseAnchor 915 797 944 113.6 844 1085 904 732 904 199.1 819 1064 742 76.2 85.8 96.7

Table 2. Quantitative comparisons on MPI-INF-3DHP. 7" : Number
of input frames. The best and second-best scores are in bold and
underlined, respectively.

Method T PCKt AUCtT MPIPE]
MHFormer [13] 9 93.8 63.3 58.0
MixSTE [40] 27 944 66.5 549
P-STMO [28] 81 979 75.8 322
STCFormer [33] 81 98.7 83.9 23.1
PoseFormerV2 [41] 81 979 78.8 27.8
GLA-GCN [37] 81 98.5 79.1 27.7
MotionAGFormer [18] 81  98.2 85.3 16.2
PoseAnchor 81 99.3 88.1 17.2

estimation through direct root regression, often suffers from
degraded root-relative pose accuracy and limited absolute
accuracy. ZS-anchor, leveraging zero-shot ITRR for root
localization, offers a compelling balance: it recovers abso-
lute pose effectively without requiring retraining and without
compromising the root-relative pose accuracy of the base-
line model. This highlights ZS-anchor’s practical utility for
readily enhancing existing root-centered 3D HPE models for
real-world applications requiring absolute pose information.
ZS-anchor significantly reduces absolute errors compared

to Root+, demonstrating the effectiveness of ITRR-based
zero-shot root localization. PoseAnchor consistently out-
performs all competing approaches, achieving the lowest
absolute errors across all tested models. PoseAnchor distin-
guishes itself as a truly model-agnostic and high-performing
solution: it not only significantly enhances absolute pose
estimation accuracy, crucial for real-world deployment, but
also preserves or even improves the root-relative joint lo-
calization precision of diverse 3D HPE architectures. This
underscores PoseAnchor’s robustness, generalizability, and
superior overall pose estimation quality, making it a versatile
and effective approach for advancing 3D human pose esti-
mation in practical scenarios. By integrating root position
estimation within a data-driven training framework, Pose An-
chor effectively bridges the gap between benchmark-centric
research and real-world applicability.

4.4.2. Robustness of Our Approach Against Gaussian
Noise Injection in 2D Poses

Table 4 demonstrates that while both methods exhibit com-
parable performance under noiseless conditions (o = 0), the
baseline method (Root+) degrades markedly as the noise
level increases in the 2D pose inputs. Conversely, Pose An-
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Table 3. Comparison of Root Position Estimation Methods. Base-
line, Root+, ZS-anchor, and Pose Anchor.

Model Approach  MPJPE| P-MPJPE| Abs-MPIPE|, MRPE|
Baseline 62.9 47.7 N/A N/A

Martinez etal, [16] RO 63.4 479 150.2 146.7
artmez etal- Lol 7 anchor 62.9 477 147.7 140.5
PoseAnchor 61.5 46.9 143.3 133.7

Baseline 46.8 36.8 N/A N/A

Root+ 47.0 369 133.1 124.9

-

VPose [23] ZS-anchor 4638 368 128.7 1214
PoseAnchor 46.2 36.4 120.4 112.0

Baseline 444 34.8 N/A N/A

. Root+ 449 349 1285 119.2
GLA-GENDTI g anchor 444 3438 125.8 116.6
PoseAnchor 43.5 333 113.8 106.4

Baseline 40.9 327 N/A N/A

) Root+ 414 329 1252 116.7
MixSTE [40] ZS-anchor 409 32.7 107.7 100.5
PoseAnchor 40.3 321 103.3 96.7

chor sustains considerably more stable performance across
elevated noise levels (o = 1,2, 5, and 10) applied to the 2D
pose inputs. The evaluation metric used is the Abs-MPJPE.
This substantiates that our approach is robust; its perfor-
mance remains resilient even when the 2D pose inputs are
perturbed with increasing Gaussian noise. Such robustness
is indispensable for real-world applications where input data,
particularly 2D joint detections, inherently contains noise.

Table 4. Performance comparison under noise (Abs-MPJPE |).

GT + N(0,0)
Method c=0 1 2 5 10
Root+ 85.6 927 1174 259.5 524.7
PoseAnchor 82.2 825 825 156.7 366.2

4.4.3. Support Set Effectiveness Analysis

We evaluated our support set’s ability to filter out unreliable
joints for ZS-anchor using the H36M dataset and 2D detec-
tion error analysis. As shown in Table 5, joints filtered out by
the support set had a much higher average error (79.9 pixels)
than the overall average (13.6 pixels), while inlier joints had
the lowest error (13.1 pixels). This demonstrates that our
support set, constructed solely from spatial and projection
consistency (see Section 3.1), effectively identifies and re-
moves noisy 2D keypoints without access to ground-truth
2D labels. These findings are consistent with our robust-
ness improvements in noise injection experiments (Table 4)
and are visually supported by the qualitative examples in
Figure 2.

Table 5. Average 2D Detection Error Comparison on ZS-anchor

Joint Group  Average 2D Error (Pixels)

Overall 13.6
Filtered Out 79.9
Support Set 13.1
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Figure 2. Qualitative Support Set Visualization. 2D keypoints are

color-coded: Black - Ground Truth (GT), Red - Filtered Outliers,
Blue - Support Set Inliers.

4.4.4. Comparison with RLSR Methods

Table 6 presents the quantitative comparison of robust least
squares regression (RLSR) methods for root position estima-
tion on the H36M dataset. Compared to other RLSR meth-
ods, including TORRENT [1], our approach (ZS-anchor)
demonstrates lower Abs-MPJPE and MRPE, indicating im-
proved robustness and accuracy in root localization.

Table 6. Comparison of different RLSR methods on root position
estimation using [40] in a Zero-Shot Setting.

Method Abs-MPJPE| (mm) MRPE| (mm)
M-estimation [9] 110.4 103.1
LMS [25] 111.0 103.7
RANSAC [7] 123.8 117.1
TORRENT [1] 109.4 102.2
ZS-anchor 107.7 100.5

5. Conclusion

PoseAnchor, a unified framework, bridges the gap between
3D human pose estimation benchmarks and real-world appli-
cation by integrating robust root position estimation without
compromising pose accuracy. ZS-anchor enables zero-shot
root localization for existing models, while Data-Driven
Training with support set filtering enhances robustness and
accuracy. Experiments demonstrate state-of-the-art perfor-
mance, surpassing root-centered and Root+ methods. Abla-
tion studies confirm model-agnostic applicability, robustness
against noise, and superiority over Root+. Pose Anchor con-
sistently improves or maintains pose accuracy while enhanc-
ing root estimation.
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