
Does Lower MPJPE Mean Better Biomechanics? Evaluating Joint Angle Fidelity
of State-of-the-Art 3D Pose Estimation Models

Jason Wang
University of Virginia

School of Data Science
jyw5hw@virginia.edu

Natalie Kupperman
University of Virginia

School of Data Science
nk4qm@virginia.edu

Stephen Baek
University of Virginia

School of Data Science
baek@virginia.edu

Abstract

Three-dimensional human pose estimation models are typ-
ically evaluated using Mean Per Joint Position Error
(MPJPE), a metric that measures positional accuracy of
predicted joint locations. However, biomechanical applica-
tions require joint angles such as flexion, abduction, and
rotation, which are the clinically meaningful representation
of human movement. We evaluate three state-of-the-art 3D
pose estimation models (MotionBERT, VideoPose3D, Sim-
pleBaseline3D) on the AthletePose3D dataset, a real-world
athletic motion capture dataset, and compute ISB-compliant
joint angles from predicted poses via a learned pose-to-
angle mapping. Our key finding reveals a paradox: models
with lower MPJPE produce higher joint angle error. Mo-
tionBERT, the best model by MPJPE (37.2 mm), yields the
worst angle accuracy (25.19°), while SimpleBaseline3D, the
worst by MPJPE (58.5 mm), achieves the best angle accu-
racy (19.21°). These results demonstrate that MPJPE alone
is insufficient for evaluating biomechanical fidelity and argue
for adopting angle-based evaluation metrics.

1. Introduction
The computer vision community evaluates 3D human pose
estimation models primarily through Mean Per Joint Position
Error (MPJPE) [1], which measures the average Euclidean
distance between predicted and ground-truth joint positions.
This metric has driven substantial progress: recent models
such as MotionBERT [12] achieve MPJPE below 40 mm on
standard benchmarks, representing significant improvements
over earlier methods [5, 6].

However, the downstream consumers of pose estimation
which includes biomechanists, clinicians, and sports scien-
tists, do not reason about raw joint positions. Instead, they
care about joint angles: flexion, abduction, and rotation at
anatomical joints. Joint angles are invariant to body size and
camera perspective, making them the clinically meaningful

representation of human movement [9, 10]. Whether assess-
ing injury risk, evaluating surgical outcomes, or analyzing
athletic performance, the angle between body segments, not
the absolute position of skeletal landmarks, determines the
biomechanical interpretation. In practice, practitioners select
pose estimation models based on their MPJPE rankings on
standard benchmarks such as Human3.6M, treating bench-
mark performance as a proxy for real-world deployment
quality. Whether this proxy holds when the downstream task
is joint angle estimation in unconstrained settings has not
been examined. As computer vision-based pose estimation
is increasingly adopted in clinical and sports settings as a
scalable alternative to marker-based motion capture [3, 7],
understanding whether metric improvements translate to
meaningful biomechanical accuracy becomes urgent.

This disconnect raises a critical question: does lower
MPJPE translate to better joint angle estimation? There are
reasons to suspect it may not. Small positional errors can
propagate nonlinearly into large angle errors, particularly at
multi-axial joints such as the hip and shoulder, where angular
motion depends on the relative orientation of multiple body
segments. A model that distributes small errors uniformly
across joints may achieve low MPJPE while distorting the an-
gular relationships between segments. Crucially, answering
this question requires evaluation under realistic deployment
conditions, not the controlled laboratory environments of
standard benchmarks like Human3.6M [1].

In this work, we investigate this question empirically. Our
contributions are:
1. We develop a learned pose-to-angle mapping that com-

putes 12 ISB-compliant joint angles from 3D poses,
achieving 2.95° validation mean absolute error (MAE)
on ground-truth poses.

2. We benchmark three state-of-the-art 3D pose estima-
tion models on AthletePose3D [11], a real-world athletic
dataset whose challenging conditions reflect practical de-
ployment scenarios, evaluating both MPJPE and joint
angle accuracy.

3. We demonstrate that model rankings derived from Hu-



man3.6M MPJPE do not predict joint angle accuracy on
real-world athletic data, challenging the assumption that
benchmark positional accuracy implies biomechanical
fidelity.

2. Related Work

3D Human Pose Estimation. Modern 3D pose esti-
mation approaches commonly adopt a 2D-to-3D lifting
paradigm. Martinez et al. [5] demonstrated that a simple
fully-connected network can achieve competitive results by
lifting detected 2D keypoints to 3D. VideoPose3D [6] intro-
duced temporal convolutions to exploit motion coherence
across frames. MotionBERT [12] leverages a transformer
architecture with dual-stream spatiotemporal modeling for
state-of-the-art performance. Alternative approaches include
direct regression from images [8] and parametric body model
fitting [2, 4].

Evaluation Metrics. MPJPE remains the dominant met-
ric for 3D pose evaluation, typically reported on the Hu-
man3.6M benchmark [1]. Procrustes-aligned MPJPE (PA-
MPJPE) factors out global rotation and translation, while
scale-corrected variants additionally remove global scale dif-
ferences. These position-based metrics have driven steady
progress, with state-of-the-art models now achieving MPJPE
below 40 mm. However, MPJPE treats all positional errors
equally regardless of their direction relative to joint axes,
and does not capture whether the geometric relationships
between joints, or the angular structure of the pose, are pre-
served. Two poses with identical MPJPE can have very
different joint angles if their errors are distributed differently
across the kinematic chain.

Biomechanics and Pose Estimation. The International So-
ciety of Biomechanics (ISB) has established standards for
reporting joint angles using anatomical coordinate frames
and Euler/Cardan decomposition sequences [9, 10]. These
standards define how to construct segment coordinate sys-
tems and decompose relative orientations into clinically in-
terpretable angles. Several recent studies have validated
markerless motion capture against marker-based gold stan-
dards. Kanko et al. [3] found that markerless systems can
achieve clinically acceptable accuracy for gait analysis but
with joint-specific limitations, particularly at the hip and
shoulder. Scataglini et al. [7] conducted a meta-analysis
across multiple markerless systems, reporting variable ac-
curacy that depends heavily on the joint, the movement per-
formed, and the system used. These validation studies com-
pare specific systems against motion capture, but none have
examined the fundamental question of whether the metric
used to develop pose estimation models (MPJPE) aligns with
the downstream biomechanical quantities of interest. Our
work addresses this gap directly.

3. Methodology
3.1. Dataset
We evaluate on the AthletePose3D dataset [11], which con-
tains approximately 1.2 million frames of multi-camera
video with synchronized marker-based motion capture
ground truth. The dataset provides both 17-joint H36M-style
3D skeleton poses and ISB-compliant joint angles derived
from 142 optical markers. Our test set comprises 996 clips
from a competitive athletic domain.

The choice of AthletePose3D is deliberate. Standard
benchmarks such as Human3.6M [1] capture subjects per-
forming scripted actions in controlled laboratory settings
with ideal lighting and minimal occlusion, conditions far
removed from how pose estimation is actually deployed.
AthletePose3D represents a real-world deployment scenario,
featuring fast dynamics, self-occlusion, and complex multi-
planar motion including jumps with full-body rotation, spins
at extreme joint ranges, and rapid transitions between ex-
tended and tucked postures. Evaluating on such data ensures
our findings reflect the performance gap practitioners would
encounter when applying these models in practice.

3.2. Ground-Truth Joint Angle Computation
Ground-truth angles are computed from 142 optical mark-
ers (e.g. at the pelvis, thorax, and limbs) provided by a
Vicon system at 120Hz following ISB standards. We com-
pute 12 clinical degrees of freedom (DOF): bilateral hip
flexion/extension and abduction/adduction (ZXY sequence),
bilateral shoulder plane of elevation and elevation angle
(YXY sequence), and bilateral elbow and knee flexion. In-
ternal/external rotations for the hip and shoulder, as well
as axial rotation for the shoulder, are intentionally omit-
ted. These components are notoriously difficult for sparse
2D-to-3D lifting models to resolve without explicit segment-
orientation markers. Consequently, knee and elbow motions
are simplified to 1D vector angles between adjacent seg-
ments, matching the constraints of current pose estimation
paradigms.

3.3. Pose-to-Angle Mapping Model
We train a learned mapping from the 17-joint 3D skeleton to
12 ISB-compliant joint angles. Rather than using raw joint
coordinates, we first extract bone-relative features: the 16
bone vectors connecting adjacent joints in the H36M skele-
ton are each decomposed into a unit direction vector (3 com-
ponents) and a scalar bone length, yielding a 64-dimensional
input representation. This bone-relative encoding is invariant
to global translation and captures the inter-segment orienta-
tions that directly determine joint angles, providing a more
natural parameterization than absolute coordinates.

The model architecture consists of an input projection
layer followed by 4 residual blocks totaling 8.4M parameters.
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Figure 1. Raw video with three 3D pose estimation outputs from our three test models.

Training uses mean squared error(MSE) loss with
AdamW optimization (lr=10−4, weight decay = 0.1), cosine
annealing with 10-epoch warmup, for 300 epochs. The best
model achieves 2.95° MAE on validation ground-truth poses,
establishing a strong baseline.

3.4. 3D Pose Estimation Models
We evaluate three representative 2D-to-3D lifting models
spanning different architectural paradigms:
• SimpleBaseline3D [5]: A fully-connected network that

lifts single-frame 2D detections to 3D, representing the
simplest effective approach.

• VideoPose3D [6]: A temporal convolutional network that
leverages motion context across multiple frames.

• MotionBERT [12]: A transformer-based model with dual-
stream spatial and temporal attention, achieving state-of-
the-art MPJPE on Human3.6M.
All models are applied to video clips from the Ath-

letePose3D test set, producing per-frame 3D poses in H36M
17-joint format. These models span three architectural
paradigms, single-frame feedforward, temporal convolution,
and transformer, providing a representative cross-section of
the current 2D-to-3D lifting landscape.

3.5. Evaluation Protocol
The evaluation pipeline proceeds as follows: for each video
clip, each pose estimation model produces per-frame 3D
poses, which are passed through the same trained model to
obtain predicted joint angles. These are compared against
ground-truth ISB angles via mean absolute error (MAE),
computed per-angle per-frame and averaged across frames
within each clip, then across clips.

MPJPE values are reported from published Human3.6M
benchmarks (SimpleBaseline3D: 58.5 mm, VideoPose3D:
46.8 mm, MotionBERT: 37.2 mm) to contextualize which
models are considered better performers. This mirrors how
practitioners currently select models: by consulting pub-
lished benchmark rankings rather than evaluating on their

Table 1. MPJPE vs. joint angle MAE. Lower MPJPE does not yield
lower angle error, the relationship is inverted.

Model MPJPE (mm) ↓ Angle MAE (°) ↓

GT Poses + Our Model — 2.95
SimpleBaseline3D(SB3D) 58.5 19.21
VideoPose3D(VP3D) 46.8 21.77
MotionBERT 37.2 25.19

target domain. Our evaluation tests whether this selection
strategy leads to better biomechanical outcomes. We empha-
size that MPJPE is used here solely as a reference for model
ranking, our primary evaluation metric is angle MAE on the
AthletePose3D test set.

4. Results
4.1. MPJPE vs. Angle MAE
Tab. 1 presents the central finding of this work. As MPJPE
decreases (indicating better positional accuracy by CV stan-
dards), angle MAE increases. SimpleBaseline3D, the “worst”
model by MPJPE (58.5 mm), achieves the best angle accu-
racy (19.21°), while MotionBERT, the “best” by MPJPE
(37.2 mm), yields the worst angle accuracy (25.19°). Our
pose-to-angle model achieves 2.95° MAE on ground-truth
poses, establishing that the 16–22° gap between the baseline
and the pose estimation results is caused entirely by pose
estimation error, and this gap widens as MPJPE improves.

4.2. Per-Joint Angle Analysis
Fig. 2 presents the per-joint breakdown across all 996 test
clips. Key observations:
• Upper limb joints have highest errors: Shoulder and

elbow angles exhibit the highest errors (17–33°), likely
due to greater degrees of freedom and susceptibility to
occlusion during athletic motion.

• Lower limb joints have lowest errors: Hip abduction
(8–12°) and knee flexion (13–18°) show the lowest errors
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Figure 2. Heatmap of joint angle output errors for each pose estimation algorithm.

among the estimation models, corresponding to joints with
simpler kinematics.

• The inverse trend holds per-joint: MotionBERT consis-
tently shows higher angle MAE than SimpleBaseline3D
for shoulder and elbow angles, despite its superior MPJPE.

4.3. Per-Subject Variation
Crucially, the inverse relationship between MPJPE and an-
gle MAE is preserved within each subject: MotionBERT
remains the worst by angle MAE despite its lowest MPJPE,
and SimpleBaseline3D remains the best. The per-subject
gap also suggests that angle accuracy is highly sensitive
to factors beyond aggregate positional error, such as how
well a model handles specific movement patterns or body
proportions.

5. Discussion

The MPJPE–Angle Paradox. Our results reveal a coun-
terintuitive finding: models that achieve lower MPJPE does
not guarantee biomechanical fidelity. Our finding is that
model rankings established on Human3.6M do not transfer
to joint angle accuracy on real-world athletic data. We hy-
pothesize two complementary mechanisms. First, models
optimized for average positional error may learn to distribute
errors across joints in ways that minimize MPJPE but distort
the angular relationships between body segments. MPJPE
weights all joints equally and is agnostic to error direction
where a 5 mm error tangential to a joint’s arc of motion has
a much larger effect on the computed angle than a 5 mm
error along the bone axis, yet both contribute identically
to MPJPE. Second, more expressive models (transformers
with temporal attention) may learn stronger spatial priors
from their training data (Human3.6M) that regularize joint
positions toward plausible-looking poses but do not gener-
alize to the angular structure of out-of-distribution athletic
movements. The simpler SimpleBaseline3D, lacking such
priors, may produce noisier but less systematically biased
poses.

Implications for the CV Community. These findings sug-

gest that MPJPE, while useful for measuring positional ac-
curacy, is insufficient as the sole evaluation metric when
pose estimates are used for biomechanical analysis. We ad-
vocate for reporting joint angle accuracy alongside MPJPE,
particularly for applications in sports science, clinical assess-
ment, and ergonomics. The pose-to-angle mapping model
developed here provides a practical and lightweight tool for
computing such metrics from standard 17-joint pose outputs,
requiring no additional hardware or marker data at inference
time. We note that our finding does not diminish the value
of MPJPE, as it remains a necessary measure of positional
accuracy. Rather, we argue it is not sufficient as a model that
achieves excellent MPJPE but poor angle accuracy may be
unsuitable for downstream biomechanical applications.

Limitations.
Our evaluation uses a single athletic domain, which fea-

tures extreme ranges of motion that may amplify the MPJPE–
angle discrepancy. The learned angle mapping, while ac-
curate on ground-truth poses (2.95° MAE), introduces a
modeling layer between poses and angles. We evaluate 12
angles across 4 joint types; a more comprehensive assess-
ment would include wrist, ankle, and spinal angles. Despite
these limitations, the consistent inverse relationship between
MPJPE and angle MAE across three architecturally diverse
models suggests this finding generalizes beyond the specific
domain studied here.

Conclusion. We have demonstrated that lower MPJPE does
not imply better biomechanical fidelity. As the computer
vision and biomechanics communities increasingly collab-
orate, evaluation metrics must reflect the end-use of pose
estimates. We call for the adoption of angle-based evaluation
metrics and the incorporation of biomechanical constraints
into pose estimation training objectives.
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