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ABSTRACT

Human pose estimation using inertial measurement units
(IMUs) has gained increasing attention due to its ability to
enable camera-free motion capture for numerous human-
centered applications. However, estimating full-body pose
from only one to three daily carried commercial-off-the-
shelf IMU devices (e.g., smartphones, smartwatches, and ear-
phones) is highly under-constrained, as sparse sensor cover-
age and noisy signals often lead to unstable predictions and
physically implausible body configurations. To address this
challenge, we propose ViPoser, a lightweight pose estima-
tion framework that transfers human-structure priors from
a large vision foundation model into an IMU-based model
through knowledge distillation. Specifically, we analyze the
human-centric vision model Sapiens to identify layers rich in
biomechanical and skeletal knowledge, distill these represen-
tations into a compact student Transformer, and integrate
the distilled priors into a multi-stage pose estimation pipeline
that performs local joint estimation, full-body masked com-
pletion, and global motion recovery. This design enables the
model to infer anatomically plausible full-body poses even
under sparse IMU observations while remaining suitable for
real-time edge deployment. Experiments on multiple real-
world datasets show that ViPoser consistently outperforms
state-of-the-art IMU-based methods such as IMUPoser and
MobilePoser, achieving 10~30% lower pose estimation error.
In addition, ViPoser produces more anatomically realistic
poses, significantly reducing failure cases observed in prior
methods where predicted limbs intersect the body or violate
biomechanical constraints.
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1 INTRODUCTION

Human pose estimation (HPE) aims to infer the configuration
of human body parts from sensor observations. While early
methods predominantly relied on visual inputs such as im-
ages and videos, recent research has expanded to non-visual
sensing modalities, including wireless/radio signals and in-
ertial measurement units (IMUs) [1, 47, 52, 55, 56, 58]. These
techniques are increasingly adopted across a wide range of
domains, including healthcare (fall detection [20], which is
reported to cause ~646,000 deaths annually [49]), sports and
rehabilitation such as exercise form correction, and injury
prevention[42], and immersive computing like VR/AR body
avatar animation, with a market of $16B [21, 52].
Vision-based approaches for HPE have achieved high accu-
racy on benchmarks and in controlled settings [5, 38]. How-
ever, several practical limitations hinder their real-world
deployment: (1) they require the user to remain within cam-
era coverage, which is often unrealistic in daily scenarios; (2)
occlusions are common and are frequently mitigated only by
multi-view camera setups; and (3) continuous video capture
raises privacy concerns [14, 38]. To overcome these issues,
IMU-based approaches estimate full-body pose from wear-
able inertial sensors, enabling flexible, camera-free motion
capture. Early systems typically rely on the fixed configura-
tion of around six IMUs attached to specific body locations
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Figure 1: Overview of ViPoser.

[19, 47, 55, 56, 58]. Yet such setups remain difficult to popu-
larize because everyday users are unlikely to wear multiple
dedicated sensors in prescribed positions [36, 52]. Motivated
by this gap, recent work targets full-body pose estimation
using IMUs from only one to three commercial-off-the-shelf
(COTS) devices such as smartphone, smartwatch, or earbuds
[1, 36, 52]. However, relying purely on data-driven regression
without explicitly acquiring human physiological priors (e.g.,
skeletal structure and biomechanical constraints [4]), they
often predict physically impossible body configurations. For
safety-critical applications like fall detection, such physically
implausible artifacts represent a fatal system failure.

By nature, IMU signals inherently carry limited informa-
tion about human body structure and physiological move-
ment patterns; in contrast, such information can be read-
ily extracted from visual data. Large foundation models
[3, 10, 25, 39], trained on massive pretraining corpora, can
internalize broad, reusable representations and factual as-
sociations that serve as general background knowledge for
downstream tasks [3]. Among them, Sapiens [26] is a fam-
ily of large vision models centered on humans that have
been trained on more than 300 million in-the-wild human
images, scaled from 0.3B to 2B parameters. It reports state-
of-the-art performance across multiple human-centric down-
stream tasks, including body-part segmentation, depth es-
timation, and surface normal prediction [26]. These results
suggest that large-scale human-focused visual pretraining
may provide transferable priors related to human structure
and biomechanical regularities [26]. Since our IMU-based
HPE task also depends on such priors, a natural question
arises: Can we extract these priors from vision mod-
els and constructively inject them into our IMU HPE
model in a lightweight way?

While this idea sounds compelling, there are substantial
challenges to realize it. First, vision foundation models are
trained on images or videos [26], whereas our target task
uses inertial measurement signals. Directly transferring such
knowledge to IMU inputs may therefore introduce irrelevant
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priors and modality mismatch, potentially leading to redun-
dancy or misinterpretation across modalities. Additionally,
vision foundation models are often too large for real-time
edge inference. Second, directly predicting full-body pose
from only 1~3 IMU sensors is a severely under-constrained
problem: the sparse sensor coverage leaves the vast majority
of joints unobserved, making end-to-end models prone to
unstable and physically implausible outputs.

In this paper, we first explore the feasibility of realizing
this idea. We decompose the Sapiens-0.3B model [26] and
attach trainable, lightweight task heads to the latent fea-
tures output by different layers, performing masked image
recovery and pose estimation respectively. This allows us
to investigate the extent to which different portions of the
model encode general visual knowledge versus human struc-
tural and biomechanical regularities. Through comparative
experiments, layers 21-23 are identified as containing the
richest human body priors while retaining only a relatively
small amount of low-level visual knowledge. However, these
layers still remain too large for direct deployment on edge
devices. We therefore distill them into a compact student
model, which is then integrated into our redesigned full-
body pose estimator. Due to the sparse IMU configurations, a
key source of missing constraint is skeletal connectivity, i.e.,
neighboring joints are coupled by rigid limbs and anatomical
range-of-motion limits, imposing rich implicit regularities
that a vision model naturally absorbs from large-scale human
imagery. We therefore abandon the end-to-end paradigm and
reformulate whole-body inference as a masked completion
problem: given local estimates at a sparse set of instrumented
joints, recover the remaining unobserved ones. This mirrors
the masked autoencoding objective that underlies the pre-
training of most vision foundation models [13], making it a
task our distilled student is naturally suited to solve.

We propose ViPoser, as illustrated in Figure 1, a light-
weight pose estimation framework that transfers human-
centric priors from large vision models into an IMU-based
model through knowledge distillation. Unlike prior methods
such as MobilePoser [52] and IMUPoser [36] that collapse
the IMU modeling into an end-to-end mapping, ViPoser con-
sists of three stages: (1) a local module predicts joint poses
at instrumented sites from raw IMU streams; (2) a masked-
completion module leverages the distilled vision priors to
infer the remaining joints; and (3) a translation module recov-
ers global movement with foot-ground contact to suppress
drift. Unlike prior methods that train the entire network in
one stage, we adopt a two-phase training strategy. In the first
phase, each of the three modules is trained independently
until they converge. In the second phase, the three modules
are connected and trained end-to-end, with the overall loss
defined as a weighted sum of the individual module losses.
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We evaluate the effectiveness of ViPoser using Mobile-
Poser [52] and IMUPoser [36] as our primary baselines. All
models are trained exclusively on synthetic data and eval-
uated on several real-world datasets, including DIP-IMU
[19], IMUPoser [36], and TotalCapture [46]. ViPoser outper-
forms the baselines across all settings. For example, on the
IMUPoser dataset, ViPoser achieves a Mean Per Joint Vertex
Error (MPJVE) of 11.87 cm, a Mean Per Joint Position Error
(MPJPE) of 9.35 cm, and a Mean Per Joint Rotation Error
(MPJRE) of 21.12°, outperforming both MobilePoser (14.18
cm / 11.03 cm / 24.79°) and IMUPoser (14.7 cm / 11.41 cm /
25.44°). Furthermore, compared with our base variant that
does not incorporate Sapiens-derived priors, these metrics
improve from 13.98 cm / 11.18 cm / 24.08° (MPJVE / MPJPE /
MPJRE) to the reported values, indicating that transferring
human-centric priors from vision models can meaningfully
benefit IMU-based pose estimation.

Meanwhile, low quantitative error does not necessarily
mean an estimation of plausible human pose since they can
still violate the human joint angle limits of the human body
[48]. To quantify this, we introduce Joint Violation Rate (JVR),
a metric that measures the percentage of frames in which any
predicted joint angle exceeds the clinical range-of-motion
limits published by the American Academy of Orthopaedic
Surgeons (AAOS) [11]. ViPoser achieves an extremely low
JVR (0.02%, 0%, and 0.01% across three benchmarks), whereas
IMUPoser (0.1%-0.72%) and MobilePoser (0.31%-1.10%) vi-
olate these limits far more frequently. Moreover, removing
the distilled priors from ViPoser noticeably increases JVR, in-
dicating that the human-centric structural knowledge trans-
ferred from the vision model actively helps the poser avoid
anatomically implausible configurations.

In this paper, our main contributions are:

e We propose transferring human body priors learned by
large-scale vision foundation models to compact IMU-
based pose estimators. Through a layer-wise probing
analysis of Sapiens 0.3B, we identify the layers that
are richest in human structural and biomechanical
knowledge yet carry relatively little general visual
information, providing a principled basis for selecting
what to transfer.

e We develop a lightweight distillation pipeline that ex-
tracts the identified prior-rich layers into a compact
module deployable on resource-constrained devices.
Ablation studies confirm that incorporating the dis-
tilled priors yields consistent improvements over a
base variant without them, demonstrating their value
for sparse-IMU pose estimation.

e We design ViPoser, a modular full-body pose estima-
tion architecture using three stages including sparse-
joint pose recovery from IMU signals, prior-guided
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full-body pose inference, and global movement pre-
diction. We show that this decomposition, combined
with the distilled priors, outperforms state-of-the-art
methods on multiple real-world benchmarks.

2 BACKGROUND AND MOTIVATION
2.1 IMU-Based Human Pose Estimation

Human pose estimation (HPE) is central to various applica-
tions including healthcare [20], sports and rehabilitation such
as exercise form correction, injury prevention, and remote
physical therapy monitoring [42], and immersive computing
like VR/AR body avatar animation. Improvements in HPE
can benefit many of those downstream tasks [19, 36, 52].

Inertial measurement units (IMUs) measure linear accel-
eration, angular velocity, and sometimes magnetic field ori-
entation. Being low-cost and widely embedded in mobile
devices such as smartphones, smartwatches, and earbuds,
IMUs serve as a versatile sensing backbone for mobile appli-
cations. However, full-body pose estimation is particularly
challenging under sparse-IMU sensing, because the model
must reconstruct a high-dimensional body configuration
from signals at only a few body locations. Early IMU-based
HPE methods such as SIP [47], DIP [19], TransPose [56],
PIP [55], and DynalP [58] recover full-body pose from six
professional-grade IMUs and report strong accuracy on stan-
dard benchmarks. However, the six-sensor setup remains
logistically burdensome for everyday use. To reduce instru-
mentation, IMUPoser [36] demonstrates that full-body pose
can be estimated from the consumer-grade IMUs already
present in a smartphone, smartwatch, and earbuds, making
the setting broadly accessible with clear potential in fitness
and health scenarios. MobilePoser [52] further incorporates
physical cues such as foot-ground contact into its multi-
stage estimation pipeline to improve temporal stability and
global translation tracking. Other recent efforts explore aug-
menting sparse IMU signals with complementary modalities.
For example, Ultra Inertial Poser [2] and UltraPoser [29] fuse
IMU data with ultra-wideband ranging or ultrasound sensing
to mitigate drift and improve coverage.

Despite the progress, sparse-IMU based HPE remains fun-
damentally underconstrained: the model must infer the con-
figuration of 24 body joints from sensors at only a few
locations (e.g., pelvis via a phone in a pocket, wrist via a
watch, head via earbuds), leaving substantial information
gaps, which makes existing methods tend to rely on pure
data-driven regression rather than human body structure.
This underscores the need for incorporating knowledge like
skeletal structure and biomechanical regularities to compen-
sate for the missing observations when inferring full-body
pose from 1~3 sensors.
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2.2 HPE with Vision Foundation Model

Recently, large vision models have achieved widespread
adoption. Among them, Sapiens [26] is a Vision Transformer
(ViT)-based family of models released by Meta that targets
human-related tasks. Leveraging scaling and pretraining on
about billions of image—text tokens, it achieves strong few-
shot and even zero-shot transfer on downstream tasks after
light adaptation [22, 32, 40]. Human pose estimation tasks
are no exception. Sapiens scales up ViT backbones and na-
tively supports 1K-resolution inference, enabling the encoder
to capture finer spatial details than typical 224px backbones
[8, 26]. Sapiens involves 0.3b to 2b parameters, and after
fine-tuning Sapiens achieves state-of-the-art on body-part
segmentation, depth estimation, and surface-normal predic-
tion, illustrating that human-related priors learned from it
can substantially benefit human-centric applications [26].

2.3 Why Human-centric Priors Can Help

These observations naturally prompt the question: can the
knowledge learned by human-centric vision founda-
tion models be repurposed for IMU-based tasks? While
many parameters in vision foundation models specialize in
visual signal processing, a non-trivial portion implicitly en-
codes human-related priors such as skeletal structure, joint-
angle limits, and everyday biomechanics, as evidenced by the
fact that mask-recovery task pretrained models transfer ef-
fectively to other diverse tasks including part segmentation,
depth, and surface normal prediction [26].

A fundamental limitation of current IMU-based methods is
that they treat pose estimation purely as a data-driven in-out
mapping: given observations at 1~3 body sites, predict the po-
sitions of remaining joints, without any explicit encoding of
biomechanical feasibility. The model has no awareness that
the predicted locations correspond to human joints governed
by skeletal constraints and physiological range-of-motion
limits. Consequently, predictions can violate basic anatomi-
cal plausibility, e.g., joints may twist beyond physically pos-
sible angles, or limbs may penetrate the body mesh entirely.
Figure 2 illustrates representative failure cases: IMUPoser
(center) produces a pose in which the left forearm intersects
the torso, while MobilePoser (right) folds the arm into an
anatomically impossible configuration behind the back. Such
errors are not merely aesthetic; for instance, safety-critical
applications such as fall detection for older adults - where
falls are leading cause of injury-related mortality [49], im-
plausible pose estimates can lead to missed detections with
serious consequences. This motivates explicitly endowing
IMU models with human-structural knowledge to constrain
predictions to the manifold of anatomically plausible poses.

A key challenge is that IMUs observe only a few local
body segments (e.g., a wrist-worn device) and must infer
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Figure 2: Failure cases of IMU-based HPE. Left to right:
ground truth, IMUPoser [36], and MobilePoser [52].

the global body state from sparse cues [47]. Despite recent
progress in self-supervised IMU representation learning (e.g.,
LIMU-BERT [51]) and studies documenting domain shift in
practical HAR deployments [50], current IMU-specific mod-
els rarely encode human biomechanics explicitly. In contrast,
vision models benefit from holistic full- or half-body context
and large-scale pretraining that enables effective transfer af-
ter lightweight adaptation [3, 40, 60]. We therefore advocate
importing human-centric visual priors into lightweight IMU
models to bridge the gap between local sensing and global
human understanding.

Admittedly, it is attractive to lightweightly extract prior
knowledge about human body, learned by vision founda-
tion models, and use it to guide IMU-based tasks. However,
two practical challenges remain. First, state-of-the-art vision
Transformers contain hundreds of millions to billions of pa-
rameters (e.g., ViT-22B [6]), making direct edge deployment
unrealistic; IMU based human-centric applications addition-
ally require real-time processing, further tightening latency
and energy budgets [30, 36]. Second, not all knowledge in a
vision model is relevant: large portions of the parameters spe-
cialize in processing low-level image statistics, which risks in-
troducing spurious cues when transferred cross-modally [9].
This motivates selective transfer—distilling only task-relevant
representations rather than wholesale reuse of the entire vi-
sion model [12, 15, 17, 18].

3 LAYER-WISE ANALYSIS OF HUMAN-
CENTRIC PRIORS IN VISION MODELS

We adopt Sapiens [26] as the vision teacher which is pre-
trained via masked autoencoders on over 300 million in-the-
wild human images. We use the smallest variant, Sapiens-
0.3B, which consists of L=24 Transformer blocks with hid-
den dimension d=1024. Formally, let 7 = {1}, T5,...,Tp.}
denote the ordered sequence of Transformer blocks, and let
z() € RN%d pe the token-level output of block T;, where
N is the number of patch tokens. Even this smallest vari-
ant is far too heavy for on-device IMU inference; our goal
is therefore not to run the vision model at test time, but
to compress its knowledge into a compact IMU student via
distillation [12, 15].
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Sapiens follows an encoder—head paradigm: a pretrained
ViT encoder is shared across task-specific heads [26]. Prior
analysis of ViTs has shown that, unlike CNNs, they aggregate
global information already in shallow layers and maintain
relatively uniform representations across depth [41]. For
the pose estimation task, the most relevant knowledge con-
cerns human body structure and biomechanical regularities
(e.g., skeletal connectivity and joint-angle constraints), rather
than appearance-level cues such as texture or lighting. We
therefore adopt the pose-finetuned Sapiens checkpoint as
the teacher. Our goal is to identify layers whose representa-
tions are rich in human-structure priors yet comparatively
free of low-level, image-specific information—knowledge
that would be redundant or even misleading when the down-
stream input modality is sparse IMU data rather than images.

3.1 Probing Protocol

To quantify the trade-off between human-structure content
and image-specific content across encoder depth, we de-
sign two linear-probing tasks on the frozen Sapiens encoder.
Throughout the probing study, all parameters of 7~ are frozen;
only the lightweight task heads described below are trainable.
To prevent the adapter from learning strong task-specific
representations on its own, we train all probes on a small
random subset of 2,000 images from the COCO training split
and evaluate on the full COCO validation set [31].

Probe 1: Pose estimation (human-structure content). Given a
person crop I € RFXW>3 e feed it through the first [ blocks
of 7 to obtain zV). A lightweight deconvolutional head Apose
then predicts heatmaps for the 17 COCO keypoints [31]:

A = hpose(z(l))a (1)

where H) e R17*H'XW’ and H'xW’ is the heatmap resolu-
tion. We train the probe with mean absolute error (MAE)
between predicted and ground-truth heatmaps:

B, —H )

@)

T UHW
k=1 ij

where H* is the ground-truth heatmap. We evaluate the

converged test error SI(,QSQ for every layer I € {0,1,...,24}.

Probe 2: Masked image reconstruction (image-specific con-
tent). Following the masked autoencoder protocol [13], we
randomly mask 75% of the input patches and pass only the
visible tokens through the first I blocks to obtain z(l) A
single-layer Transformer decoder hye. reconstructs the full
image, and we measure the reconstruction error on masked

patches:
o _ 1 [P
IM| p;/( p Pt

(3) Lrec

i — hrec(z(l)) (4)

vis /)
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Figure 3: Layer-wise probing on COCO validation.

where i) € RHEXWX3 * A[ denotes the set of masked patches,
and I, is the ground-truth patch. A lower Sr(Q indicates that

20

z() retains more low-level, image-specific information.

3.2 Results and Layer Selection

As shown in Figure 3, the pose probe error SPOSE remains rel-
atively flat for [ € {0, ..., 15} and then drops markedly from
layers 15 and 23, with the most pronounced improvement oc-
curring after layer 20. This suggests that layers 17-23 encode
the richest human body-structure priors. Unexpectedly, tap-
ping features from the final layers [,4 causes 8}5?56 to increase
sharply. We attribute this to the role of the final layer: after
task-specific fine-tuning, they primarily project intermediate
representations into the space expected by the official pose
head, rather than encoding generic body-structure knowl-
edge. As supporting evidence, the original Sapiens encoder
paired with its official pose adapter achieved a pose estima-
tion error of 2.31 x 10™%, substantially outperforming our
lightweight probe trained on only 2,000 images, confirming
that the final-layer features are co-adapted to a high-capacity
head and do not transfer well through a minimal adapter.

In Figure 3, the reconstruction error 8,(3 shows an overall
increasing trend with layer depth, despite minor fluctuations
in the shallow layers. This indicates that shallower layers still
retain substantial image-specific representations, whereas
deeper layers progressively discard pixel-level appearance
in favor of task-relevant abstractions [41, 57].

Guided by the evidence above, we draw knowledge from
the deeper portion of the 17-23 band, so that the transferred
priors carry sufficient human-related structure while remain-
ing as free as possible from misleading image-specific appear-
ance. We therefore extract the priors at layers {151, Top, T2}
of the Sapiens encoder to serve as supervision targets for
our subsequent compact IMU model. The linear probes serve
as diagnostic evidence guiding the layer-election hypothesis:
they indicate where human-structure information concen-
trates and where image-specific content resides across depth,
but do not constitute direct proof that these layers encode ex-
plicit biomechanical knowledge such as skeletal constraints
or joint-angle limits.
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4 ViPoser

Motivated by the analysis, we propose ViPoser, a lightweight
cross-modal guidance method that transfers human-centric
biomechanical knowledge from a vision foundation model to
an IMU model. Concretely, we adopt Sapiens as the teacher
which is pretrained with a masked-autoencoder objective on
~300M in-the-wild human images and then fine-tuned for
various tasks [8, 13, 26]. We choose the smallest released vari-
ant, Sapiens-0.3B, to constrain compute; this checkpoint uses
a 24-layer ViT encoder with 1024-dimensional embeddings
[26]. Even so, naively invoking such a teacher during IMU
inference on edge devices is impractical; thus model com-
pression/distillation is required to meet real-time constraints
typical for mobile sensing [12, 30, 36].

4.1 Model Distillation

The traditional distillation paradigm [15, 24, 43] distills the
complete teacher model, with compression as the goal: the
student is trained to reproduce the teacher’s overall behavior
in a smaller model serving the same task. However, this par-
adigm cannot achieve our goal, for the reason that Sapiens is
trained on visual data; without filtering out its image-specific
knowledge (e.g., texture, lighting, and low-level visual fea-
tures), such content would be transferred along with the
priors and mislead inference in the IMU space, where no
such visual cues exist. Besides, when compressing the en-
tire Sapiens (24 blocks, 0.3B parameters) into a 2-layer, 64-
dimensional student, a massive amount of human-related
priors may be lost in the process. We therefore propose a new
distillation approach that distills only a selected range of lay-
ers: guided by the dual-probe analysis in Section 3, we isolate
blocks 21-23 as the carrier of human-structure priors and
train the student to reproduce this internal transformation
alone, discarding the rest of the teacher.

Notation. Let z!) € RN*1924 denote the output of the I-th
Transformer block of the frozen Sapiens encoder, where N is
the number of image patch tokens. We use z(??) as the input
target and z®) as the supervision target for distillation.

Projection-based distillation design. The structure of the
distillation is shown in Fig 4. Since the student operates in a
64-dimensional space while the teacher operates in a 1024-
dimensional space, we use a pair of linear projectors to bridge
the dimensional gap. Specifically, let W;, € R®*1024 he the
down-projection and Wy € R1924%64 be the up-projection.
To bias the projectors toward pure dimension conversion
rather than task-specific feature learning, we enforce the
transpose constraint and define the forward pass as:

Wout = W,

n’

6) 2™ =Wy - fi(Win-2), @)

where fs denotes the 2-layer, 64-dimensional Transformer
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Figure 4: The structure of distillation design.

student. Only fs is retained after training; the projectors are
discarded at inference time.

Training objective. The total loss comprises a distillation
term Lgign and a regularization term Lieg. Lgisin measures
£, error between the teacher’s layer-23 outputs z(**) and the
student’s reconstructed features z(**), encouraging the stu-
dent to match the teacher’s representation. L., applies £
regularisation [45] to the projector weights Wy, encourag-
ing sparsity so the projectors learn a minimal, dimension-
matching mapping instead of absorbing excessive task-specific
knowledge from the teacher. The combined objective is:

N
1 .
L= Lo+ Lug = 5 0[5 =2 +41Wall, @)
i=1

where A controls the regularisation strength. The full Sapiens
encoder is frozen throughout; only fs and Wy, are optimised.
After training, only the compact student fs is retained for
downstream pose estimation.

4.2 Pose Estimation

We consider full-body pose estimation as the primary down-
stream task for our distilled model, where a user carries only
a small set of IMUs (smartphone, smartwatch, earbuds). Fol-
lowing IMUPoser and MobilePoser [36, 52], we define five
candidate placement sites—right pocket, left pocket, right
wrist, left wrist, and head/earbuds—and support one to three
active IMU streams at inference by masking absent sites.

Unlike prior work that directly regresses full-body pose
from sparse IMUs with a single sequence model [36, 52],
we adopt a three-stage pipeline: (1) a compact BILSTM first
estimates local joint positions and orientations at the instru-
mented sites; (2) a masked-completion Transformer, whose
encoder is distilled from Sapiens, infers the full body po-
sitions and rotations; (3) a BILSTM model to predict the
global translation base on the whole-body pose. The com-
plete pipeline is shown in Figure 5.

4.2.1 Stage 1: Local Joint Estimation at IMU Sites. Each IMU
stream provides a 12-dimensional input vector per timestep,
comprising a 3-D linear acceleration a € R? and a flattened
3X3 rotation matrix R € R’ representing orientation:

x; = [a, || vec(R,) ] € R™. (®)
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Figure 5: The pipeline of the pose estimation system.

The five streams are concatenated into a 60-dimensional
input and processed by a BiLSTM (hidden size 256, 2 lay-
ers) [16], which produces, for each of the five ROI sites, an
estimated 3-D joint position p € R? and a 6-D continuous ro-
tation representation t € R® [61]. Decoupling local inference
at instrumented sites from whole-body completion provides
cleaner intermediate representations for the stage 2.

4.2.2  Stage 2: Whole-Body Completion. Recovering globally
consistent motion from 1~3 IMUs is substantially harder than
local estimation: IMUs provide only local accelerations and
orientations at sparse body locations with no absolute posi-
tion reference and significant integration drift [36, 52]. We
address this by incorporating human-centric priors distilled
from Sapiens. We treat whole-body inference as a masked-
autoencoding problem, a common design in vision field [13]:
given the local estimates from Stage 1 at the instrumented
sites, the network completes the whole body joints.

Global Poser input. The Global Transformer Poser receives
a per-timestep feature vector that concatenates four streams:

by = [P Il £ Il xe [ Ap: ©)
where p; and t; are the Stage-1 position and rotation esti-
mates for the five ROl sites, x; is the raw IMU input (Eq. (8)),

and Ap, = dp;/dt is the temporal velocity of the predicted
ROI positions.

] c RSX(3+6+12+3),

Distilled Transformer encoder with LoRA. The encoder is
the compact 2-layer, 64-dimensional student Transformer
fs obtained via the distillation procedure described in Sec-
tion 4.1. To preserve the human-centric priors encoded in fs
while adapting to the IMU input space, we freeze the student
parameters and attach LoRA adapters [18] to its linear pro-
jections, training only the low-rank updates AW = BA (rank
r < 64). Another 2-layer, 64-dimensional Transformer de-
coder predicts the whole-body pose with outputs of a 24x9
matrix per frame, representing the flattened 3x3 rotation
matrix for each SMPL joint. At inference the 24X9 output is
projected to the nearest valid rotation via SVD [28].

4.2.3 Stage 3: Global Translation and Foot Contact. A 2-layer,
256-dimensional BiLSTM head receives the concatenation
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of the predicted 24Xx9 pose and the raw 60-D IMU input,
and jointly regresses root velocity V,o0r € R® and left/right
foot-contact logits ¢ € R%. Global translation is obtained by
cumulative integration of ¥,40t. Following MobilePoser [52],
contact signals suppress drift by zeroing velocity when a foot
is detected as planted, stabilising trajectories in mobile set-
tings. The full training objective and the staged optimisation
schedule are described in Section 4.3.

4.3 Training Procedure

Staged Optimisation. Because each stage conditions on
the predictions of the previous one at inference, naively
training the full pipeline end to end from scratch is unstable:
early modules produce noisy outputs that cause downstream
training to diverge. We therefore adopt a two-phase schedule.
In Phase I we pretrain the three stages—the BiLSTM encoder
(Stage 1), the Global Transformer Poser (Stage 2), and the
root head (Stage 3)—in isolation, with each module receiving
its corresponding ground-truth input and optimised with
only its own subset of the losses defined below (i.e. £; + £,
for Stage 1, Lgp for Stage 2, and Ly + L for Stage 3). In
Phase II we jointly train the entire pipeline end to end with
the full objective (10), where each module receives only the
predictions of its upstream module rather than ground truth,
forcing the network to adapt to its own prediction errors. To
bridge the gap between the clean ground-truth inputs used in
Phase I and the imperfect predictions encountered in Phase II
and at inference, we inject zero-mean Gaussian noise into
the Phase I inputs: o, = 0.04 for the ROI joint positions
fed to the Global Poser, and o,sc = 0.02 for the 24x9 pose
matrices fed to the root head during Phase I training.

Loss Function. The overall training objective is a weighted
sum of six terms, each supervising a different aspect in the
designed pipeline:

L = Agp Lcp + Asm Lom + Aj -Lj + Ap -L:p + Avel Lvel + Aet Lot

(10)
Stage-1 supervision (ROI encoder). L; is the masked mean
squared error on the five ROI joint positions predicted by the
BiLSTM encoder, computed only at active (non-masked) sites.
L, is the geodesic distance on SO(3) between predicted and
ground-truth ROI rotations, likewise masked:

Z arccos(tr(RTR*) 1)

seS

Ly, = |S| (11)

where S denotes the set of active ROI sites.

Stage-2 supervision (whole-body pose). Lgp is the mean squared
error between the predicted 24x9 rotation matrices R and
the ground truth R*; Ly, penalises temporal jitter via the
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mean squared discrete acceleration of R along the time axis:

L is A A 2
R = 2R,y + Re "
=2

(13)

Stage-3 supervision (root head). Ly is the MSE on root ve-
locity, and L is binary cross-entropy on foot-contact logits.
The loss weights are set to

, 1
Lop =MSE(R, R*),  Lim = T—2
(12) t

(Aps Asms Ay Aps Avel, Aet) = (6.5, 450, 25, 0.68, 2, 0.05).
(14)
Due to the differing scales of each loss term, these weights
are calibrated so that the effective gradient is dominated by
full-body pose reconstruction, with ROI encoder supervision
as secondary and root translation, foot contact and temporal
smoothness terms as lightweight regularisation.

5 EXPERIMENT

We train our model on a synthetic dataset rendered from
SMPL-based motion sequences [34, 35] and then evaluate it
on real-world IMU datasets, including DIP-IMU, TotalCap-
ture, and the IMUPoser dataset [19, 36, 46].

5.1 Datasets

5.1.1  Synthetic Training Dataset. For synthetic pre-training,
we follow MobilePoser and build our corpus from the AMASS
motion-capture archive [35], which retargets a large collec-
tion of mocap datasets to the SMPL/SMPL-H body models
[34]. AMASS provides roughly 40 hours of high-quality 3D
human motion with full-body joint rotations and global root
translation, covering everyday activities, sports, and complex
transitions across many subjects and capture setups. AMASS
serves as the only source of synthetic pose trajectories used
to pre-train the IMU-to-pose backbone.

5.1.2  Real-world Evaluation Dataset. For evaluation on real
data, we use three public inertial datasets: DIP-IMU [19]
records 10 subjects with Xsens IMUs at 60 Hz and provides
accurate full-body pose but no global translation, focusing on
everyday movements such as stretches, squats, lunges, and
punches. TotalCapture [46] provides synchronized Xsens
IMU streams and optical mocap ground truth at 60 Hz, in-
cluding both articulated pose and global translation for multi-
person indoor activities. IMUPoser [36] contains 10 par-
ticipants captured with commodity devices (iPhone 11 Pro,
Apple Watch, and AirPods) at 25 Hz, together with ground-
truth SMPL pose and root translation, and covers a broad
range of daily, exercise, and freestyle motions. Together,
these datasets span both commercial-grade and consumer-
grade IMUs and allow us to test generalization across hard-
ware and motion domains.
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5.1.3 Data Pre-processing. All signals are resampled to a
fixed frame rate of 30Hz and segmented into overlapping
windows of fixed length (125 frames) for training. For each
window, we randomly select between one and three of the
five possible device locations as “active” and keep their IMU
readings; all remaining device slots are set to zero. This strat-
egy mirrors MobilePoser’s design [52] and allows the model
to handle different subsets of available consumer devices at
inference time while training on a unified representation.

5.2 Evaluation

5.2.1 Quantitative Metric. Following prior work [36, 52],
we evaluate pose estimation quality with the metrics below,
where lower values indicate better performance, and we also
adopt MPJVE as the primary metric and IMUPoser as the pri-
mary dataset, as the only dataset matching COTS consumer
devices requirement, to facilitate direct comparison.

e Mean Per-Joint Rotation Error (MPJRE): Mean angu-
lar error between predicted and ground-truth joint rotations,
averaged over all root-aligned joints and all frames, reported
in degrees (°).

e Mean Per-Joint Position Error (MPJPE): Mean Eu-
clidean distance between predicted and ground-truth joint
positions, averaged over all root-aligned joints and all frames,
reported in centimeters (cm).

e Mean Per-Vertex Position Error (MPJVE): Mean Eu-
clidean distance between predicted and ground-truth SMPL
body-mesh vertices, averaged over all root-aligned vertices
and all frames, reported in centimeters (cm).

e Mean Translation Error (MTE): Mean Euclidean dis-
tance between the predicted and ground-truth global root
joint positions (i.e., body translation in the world coordinate
frame), averaged over all frames and reported in centimeters
(cm), without applying root alignment.

5.2.2 Biomechanical Validity Metric. While standard metrics
such as MPJPE and MPJVE measure geometric accuracy, low
reconstruction error does not necessarily imply anatomical
plausibility: a model can achieve competitive quantitative
scores while still producing poses that violate the physiologi-
cal range-of-motion limits of human joints [48]. As discussed
in Section 2.3, such implausible predictions are not merely
cosmetic failures—they can trigger downstream errors in
safety-critical applications. We therefore introduce a com-
plementary metric that directly evaluates whether predicted
poses respect human anatomical constraints.

Joint Violation Rate (JVR). We check whether predicted
rotations exceed the normative range-of-motion limits pub-
lished by the American Academy of Orthopaedic Surgeons
(AAOS) [11], a widely adopted clinical reference that tab-
ulates maximum flexion, extension, abduction, and adduc-
tion angles for each major joint. We decompose each local
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rotation R € SO(3) into swing and twist components via
quaternion projection [7]:

(15)

where the twist is taken about the bone’s longitudinal axis (Y
in the SMPL local frame). The swing quaternion is further
resolved into two independent angular components: flex-
ion/extension (fgey, swing about X) and abduction/adduction
(Babg, swing about Z).

For each joint we define per-axis limits from the AAOS
table: O51°" is set to the larger of the published flexion and
extension values, and 672" is set analogously from the ab-
duction and adduction values. A 5% tolerance is applied to
accommodate individual variation and sensor noise. Ball-
and-socket joints (shoulder, hip, ankle, wrist) are checked
on both axes independently, while hinge joints (elbow, knee)
are checked on flexion/extension only. A frame is flagged as
violated if any joint exceeds its limit on any applicable axis
(with the 5% tolerance), and JVR is the percentage of violated
frames over the sequence; lower is better.

R= sting * Riwists

5.3 Comparison with Existing Solutions

We compared our model, ViPoser, with other existing models,
IMUposer and Mobileposer [36, 52], in the literature.

IMUposer[36]: IMUPoser is a real-time full-body pose
estimation system that uses only the IMUs embedded in
devices such as smartphones, smartwatches, and earbuds.
The method defines a set of possible on-body device loca-
tions and trains a bidirectional LSTM network to directly
regress 3D full-body pose from any valid subset of available
devices, without requiring specialized motion-capture hard-
ware. This represents a strong IMU-only baseline for sparse,
user-controlled instrumentation.

Mobileposer[52]: MobilePoser extends this line of IMU-
poser by estimating both full-body pose and 3D global trans-
lation from commodity mobile IMUs. It employs a multi-
stage neural network for kinematic pose estimation followed
by a physics-based motion optimizer, enabling real-time,
on-device inference from any subset of phones, watches,
and earbuds while achieving state-of-the-art accuracy under
sparse IMU configurations. This makes MobilePoser a strong,
real-time baseline closely aligned with our problem setting.

5.4 Quantitative Overall Evaluation

We first compare the overall performance of our models and
2 baseline models. As shown in Table 1, our method con-
sistently outperforms both IMUPoser and MobilePoser in
all pose estimation metrics (MPJVE, MPJRE, MPJPE) across
the three evaluation datasets. The improvement is most pro-
nounced on TotalCapture, where MPJVE is reduced from
17.88 cm (MobilePoser) to 13.74 cm. We attribute these gains
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Table 1: Quantitative comparison on 3 datasets. Best
results are shown in bold.

Dataset  Model MPJVE| MPJRE| MPJPE| MTE|
(cm) (deg) (m)  (cm)

IMUPoser 14.70 25.44 11.41 -

IMUPoser MobilePoser 14.18 24.79 11.03 16.91
ViPoser (Ours)  11.87 21.12 9.35 16.47

IMUPoser 16.40 29.92 12.78 -

DIP-IMU  MobilePoser 15.32 29.43 11.89 -

ViPoser (Ours)  13.91 26.83 10.80 -

Total- IMUPoser 16.44 26.91 13.51 =
C‘;;‘ture MobilePoser 17.88 2888 1477  25.77
ViPoser (Ours)  13.74 23.18 11.56  25.82

to the distilled human-structure priors, which provide biome-
chanical regularization that is especially beneficial when IMU
signals are sparse and ambiguous.

For global translation estimation, DIP-IMU provides no
trajectory annotations and IMUPoser lacks a translation mod-
ule, so MobilePoser is the only available baseline on the
remaining two datasets. Our method achieves comparable
translation errors to MobilePoser on the IMUPoser dataset
(16.47 cm vs. 16.91 cm) and TotalCapture dataset (25.82 cm
vs. 25.77 cm). This is expected, as our knowledge distillation
targets joint-level pose quality rather than global translation,
which depends primarily on foot-ground contact estimation
and velocity integration, where ViPoser uses a single shared
BiLSTM to jointly predict root velocity and foot contact to
minimise inference latency while MobilePoser employs two
separate modules for these tasks.

5.5 Robustness Across IMU Configurations

In daily use, a person may carry between one and three IMU
devices at varying body locations. To evaluate robustness
under these realistic conditions, we test all models on the DIP-
IMU and IMUPoser datasets across every valid 1-3 device
combination, without any additional fine-tuning beyond the
base training [19, 36]. Results are shown in Figure 6 and 7.
ViPoser consistently outperforms both baselines across all
device counts and both datasets. Notably, the performance
gap widens as active IMUs decrease: with 3 IMUs, all methods
perform comparably (e.g., MPJVE =~ 10-12 cm on IMUPoser),
whereas with a single IMU the advantage of ViPoser becomes
more pronounced. This trend is precisely what we would ex-
pect: fewer sensors means fewer kinematic constraints from
the input signal, making the model more reliant on human-
structure priors internalized from the vision teacher. The
fact that our advantage grows in the most under-constrained
setting validates the core motivation of our approach.
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Figure 6: Pose estimation results for 1-3 IMU configu-
rations on DIP-IMU dataset.
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Figure 7: Pose estimation results for 1-3 IMU configu-
rations on IMUPoser dataset.

5.6 Biomechanical Validity Evaluation

We evaluate the biomechanical validity using the Joint Viola-
tion Rate (JVR) defined in Section 5.2.2, which measures the
percentage of frames containing at least one anatomically
impossible joint angle according to the AAOS clinical refer-
ence [11]. Figure 8 (a) reports JVR across three benchmark
datasets. ViPoser achieves the lowest violation rate on all
datasets, with JVR at 0.02% on DIP-IMU and 0% on IMUPoser,
and 0.01% on TotalCapture—an order of magnitude lower
than the baselines in most settings. IMUPoser gets relatively
low JVRs on DIP-IMU and IMUPoser (0.10%, 0.11%) but de-
grades substantially on TotalCapture (0.72%). MobilePoser
exhibits the highest violation rate on DIP-IMU (1.10%), indi-
cating that its predicted rotations fall outside the anatomical
range of motion more frequently.

5.7 Ablation Studies

We conduct ablation studies to validate the key design choices
of our system, covering device placement, student model ca-
pacity, and the distillation layer selection strategy.

5.7.1 Device Placement. We investigate how different IMU
placement configurations affect pose estimation accuracy
with ViPoser, shown in Figure 9. Among single-device con-
figurations, the hip-pocket IMU contributes most to accuracy
(MPJVE 17.0 cm), while head and hand placements perform
similarly but worse (24.7 cm and 23.2 cm respectively). This
is consistent with the intuition that hip motion provides
the most informative signal for lower-body pose, which ac-
counts for the majority of body joints. With two devices, the
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Figure 8: (a) AAOS Joint Violation Rate (%) across
three datasets; ViPoser consistently produces the most
anatomically plausible motion. (b) Performance of dif-
ferent student model sizes on DIP-IMU.
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Figure 9: MPJVE under different device placements.

hand-pocket combination yields the best result (12.9 cm),
outperforming two-hand (22.3 cm) / two-pocket (17.0 cm) se-
tups, suggesting that coverage of both upper and lower limbs
is more beneficial than redundant coverage of a single region.
With three devices, the best configuration achieves 11.4 cm
MPJVE, a 37% reduction from the best single-device result,
confirming that each additional device provides meaningful
complementary information. Besides, the MPJVE reaches
10.8 cm while the model gets IMU inputs from all 5 positions.

5.7.2 Distillation Model Size. A larger student model may
capture richer knowledge but incurs higher computational
cost, which conflicts with our on-device deployment con-
straints. We compare students of hidden dimension 32, 64,
and 128 while keeping all other settings fixed. As shown in
Figure 8(b), the 64-channel student achieves the best MPJVE
(11.87 cm), outperforming both the 32-channel variant (12.70
cm, insufficient capacity) and the 128-channel variant (11.88
cm, prone to overfitting given the limited distillation signal).
We adopt the 64-channel student in all subsequent experi-
ments.

5.7.3 Distillation Layer Selection. Given a fixed student ca-
pacity, distilling a wider range of teacher layers forces more
diverse knowledge into the same bottleneck, inevitably coars-
ening the learned representations. We evaluate this from two
complementary angles.



ViPoser: Sparse-IMU Based Human Pose Estimation with Distilled Vision Foundation Priors

Impact of Distillation Depth. This experiment serves a dual
purpose: beyond identifying the optimal layer depth, it pro-
vides a direct empirical test of a central claim of this paper—
that transferring human-centric priors from a vision founda-
tion model genuinely benefits IMU-based pose estimation. To
this end, we include a no-knowledge random-initialisation
baseline (FromRandom) alongside 6 distillation variants of
ViPoser. FromRandom has the same three-stage pipeline, the
same Transformer capacity, the same two-phase training
schedule, and the same set of loss functions as ViPoser, and
differs only in that the student Transformer is randomly
initialised instead of carrying the distilled Sapiens features.

Figure 10(a) reports both metrics across the variants: MPJVE,
and the AAOS Joint Violation Rate (JVR) introduced in Sec-
tion 5.2.2. FromRandom yields an MPJVE of 13.98 cm, which
is clearly worse than every distillation variant regardless of
which layers are used, and its JVR is also higher than that of
most variants, at 0.19%. This confirms that vision priors pro-
vide a consistent and meaningful benefit to HPE, validating
the core motivation of our approach. Notably, FromRandom
already attains a lower MPJVE and JVR than two of the exter-
nal baselines, which indicates that our architectural design
is itself effective. A substantial gap nevertheless remains be-
tween FromRandom and ViPoser with precisely extracted
priors. This gap demonstrates that the human biomechanical
knowledge transferred from the vision foundation model pro-
vides meaningful additional guidance for producing anatom-
ically valid poses, beyond what the architecture alone can
achieve. Among the distilled variants, blocks 0-3 reduce the
error to 13.18 cm and also achieve a notably low JVR, while
blocks 9-12 perform even better at 12.14 cm but perform
worse on JVR. Blocks 16-19 and 18-21 then give a slightly
higher MPJVE while their JVR drops again. Eventually, the
best performance among all variants appears at blocks 20—
23, with an MPJVE of 11.87 cm and a JVR of 0%. Although
the MPJVE and JVR curves both fluctuate somewhat across
depths, they nonetheless reach their optimum at blocks 20—
23, which corroborates the hypothesis about the location of
the purest human-related priors that we posed in Section 3.

Impact of Distillation Range. The relation between the
range of the layers and the content they carry has already
been discussed in Section 3, but we are still curious about
how those features impact pose estimation performance. This
raises a question that layer-wise probing alone cannot set-
tle: does the student benefit more from receiving more teacher
knowledge, or from receiving purer knowledge?

As shown in Figure 10(b), progressively restricting the dis-
tillation range to deeper blocks yields monotonically decreas-
ing MPJVE down to blocks 20-23: 13.72 cm (blocks 0-23),
12.54 cm (9-21), 12.10 cm (16-23), and 11.87 cm (20-23), with
JVR falling in step from 0.04% to 0%. Broader coverage does
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Figure 10: Impact of the distillation layer selection
of Sapiens. (a) The impact of the distillation depth. (b)
The impact of the distillation range. Bars report MPJVE
(left axis), the red line reports JVR (right axis).

not translate to richer student knowledge; rather, shallower
layers dilute the supervision signal with image-specific re-
dundancy that is irrelevant—and potentially harmful—for
the IMU modality. The trend does not continue indefinitely,
however: narrowing the range further to blocks 21-23 raises
MPJVE back to 12.10 cm and JVR to 0.23%, indicating that
three blocks alone no longer provide enough diversity for
the student to acquire a stable structural prior. Consequently,
as suggested by the probing analysis in Section 3, purity mat-
ters more than quantity: broader coverage does not translate
to richer student knowledge, since shallower layers dilute
the supervision signal with image-specific redundancy that
is irrelevant—and potentially harmful—for the IMU modality.
This also demonstrates the necessity of our exploration of
how knowledge is distributed across the teacher’s layers.

Taken together, these ablations reveal a clear principle for
cross-modal knowledge transfer from a large vision teacher
to a modality-constrained IMU student: purity matters more
than quantity. A moderately sized student with a 64-dimension
hidden space strikes the best balance between representa-
tional capacity and cross-modal transferability, and distilling
a narrow, semantically coherent range of teacher layers (20-
23) outperforms both broader ranges and arbitrarily selected
layer positions, yielding a 15.1% reduction in MPJVE relative
to FromRandom together with a JVR of 0%.

Beyond improving geometric accuracy, the distilled prior
also enhances the anatomical plausibility of the generated
poses. Under sparse-IMU sensing, observations from only
a few body locations provide insufficient constraints for re-
constructing the full-body pose, making purely data-driven
models prone to both inaccurate joint estimates and physio-
logically invalid configurations. ViPoser mitigates these two
failure modes in complementary ways. First, the distilled
representation organizes sparse, sensor-centric observations
into a body-centric representation, allowing the model to
exploit correlations between the motion of the instrumented
joints and the remaining joints along the kinematic chain.
This reduces the ambiguity of whole-body completion and
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Table 2: Comparison of teacher priors on IMUPoser.
FromRandom shares the identical architecture and
training schedule but receives no distilled knowledge.

Teacher prior MPJVE (cm) | JVR (%) |

FromRandom (none) 13.98 0.19
MotionBERT (skeleton) 12.11 0.00
Sapiens (image) 11.87 0.00

improves pose estimation accuracy. Second, the same prior
regularizes the completion process toward anatomically plau-
sible configurations by preserving human-structural regular-
ities, such as skeletal connectivity and feasible joint motion.
It therefore reduces the likelihood of predictions that exceed
physiological range-of-motion limits, leading to a lower JVR.

5.7.4 Comparison with a Skeleton-Based Motion Prior. To
investigate whether the benefit of ViPoser is specific to the
human-centric priors learned from Sapiens (visual data), or
can also be obtained from a skeleton-based motion model, we
further compare Sapiens with MotionBERT [62] as an alterna-
tive teacher. MotionBERT is a Transformer-based framework
for learning unified human motion representations. Its mo-
tion encoder is pretrained to recover 3D human motion from
corrupted 2D skeleton sequences, encouraging the model to
capture transferable knowledge about skeletal connectivity,
inter-joint dependencies, and temporal motion dynamics.

Different from Sapiens, which learns human representa-
tions from large-scale images and combines human-structural
knowledge with information originating from the visual
modality, the MotionBERT motion encoder is trained en-
tirely on skeleton sequences and is never exposed to image
appearance, which makes it free from image-specific factors.
This property potentially reduces the risk of transferring
modality-specific information that is redundant or mislead-
ing for IMU-based pose estimation.

Therefore, we distill its complete motion encoder instead
of selecting a narrow range of layers. Specifically, we apply
the same distillation objective used for Sapiens to compress
the MotionBERT encoder into a student Transformer with
the same architecture and capacity as the Sapiens-distilled
model. We then substitute this student for the Sapiens-derived
encoder in the otherwise unchanged ViPoser pipeline, while
keeping the LoRA adaptation, downstream architecture, train-
ing schedule, and loss functions fixed. We compare this
variant with both the original ViPoser and the architecture-
matched FromRandom control, which helps us to find out
which prior, from Sapiens or MotionBERT, is more effective
for sparse-IMU pose estimation, and to quantify its contribu-
tion to both geometric accuracy and anatomical plausibility.
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Figure 11: Qualitative comparison of pose estimation
results. Left to right: Ground truth (gray), IMUPoser
(green), MobilePoser (red), and our ViPoser (blue).

As reported in Table 2, the MotionBERT-distilled variant
achieves an MPJVE of 12.11 cm with no detected joint viola-
tions. This is a substantial improvement over FromRandom
(13.98 cm, 0.19%), confirming that the student does acquire
genuinely useful human-motion knowledge from a skeleton-
based teacher, and that the gain of our framework is not
tied to one particular foundation model. However it still re-
mains behind ViPoser distilled from Sapiens (11.87 cm). We
attribute this to what each encoder is pretrained to do: the
MotionBERT motion encoder primarily learns the mapping
from 2D skeletons to 3D poses, whereas Sapiens learns to re-
cover pose from images, which proves more comprehensive
for the sparse-IMU HPE task.

5.8 Qualitative Results

Figure 11 visualizes inference results under a three-IMU
setup (smartphone in the right pocket, smartwatch on the
left wrist, earbuds on the head), comparing ground truth
(gray), IMUPoser (green), MobilePoser (red), and our ViPoser
(blue). As expected, all methods struggle to fully recover body
parts that have no direct IMU coverage, and our method is
no exception. However, as highlighted in Section 2.3, a criti-
cal failure mode of IMU-based methods is the generation of
anatomically implausible poses—limbs intersecting the body
or joints twisted beyond physiological limits. As shown in
Figure 11, ViPoser exhibits such artifacts far less frequently
than both baselines, demonstrating that the human-structure
priors distilled from Sapiens effectively act as a biomechani-
cal regularizer, constraining predictions to the manifold of
plausible human motion even in the absence of direct obser-
vations at uninstrumented joints.
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Table 3: Inference efficiency on 3 dataset (FPS).

Method DIP-IMU IMUPoser TotalCapture
IMUPoser 7,205.0 7,380.9 8,084.5
MobilePoser 1,320.9 1,339.5 1,350.4
ViPoser (Ours) 10,428.0  8,887.2 15,953.6

5.9 Inference Efficiency

We evaluate the inference computational overhead of all
three methods on 3 datasets on a consumer-grade laptop
equipped with an NVIDIA RTX 3070 GPU. Results are re-
ported in Table 3. As shown in Table 3, ViPoser attains the
highest throughput on all three datasets, averaging 11,756
FPS. This is 8.8% faster than MobilePoser (1,337 FPS on aver-
age), a direct result of replacing the heavy vision backbone
with a compact distilled student at runtime, and 1.6X faster
than IMUPoser (7,557 FPS) despite incorporating additional
human-structure priors—demonstrating that the knowledge
distillation design successfully decouples the representa-
tional richness of the vision teacher from its computational
cost. These results confirm that our system achieves the in-
tended goal of lightweight yet knowledge-rich inference, and
establish a practical foundation for future real-time deploy-
ment on edge devices.

6 RELATED WORK

Vision-Based Human Pose Estimation. Vision-based meth-
ods have long dominated HPE research. Early CNN-based
approaches such as the Stacked Hourglass network [37] es-
tablished the multi-scale heatmap detection. OpenPose [5]
enabled real-time multi-person tracking via introducing Part
Affinity Fields for limb association. HRNet [44] advanced
single-person estimation by maintaining high-resolution rep-
resentations through parallel multi-resolution subnetworks
with repeated cross-scale fusion. More recently, ViTPose [53]
demonstrated that a plain Vision Transformer backbone suf-
fices to achieve state-of-the-art accuracy on COCO, and Sapi-
ens [26] further scaled human-centric pretraining to over
300 M images, achieving strong transfer across pose, seg-
mentation, depth, and surface normal tasks. Despite their
accuracy, vision-based methods require camera coverage and
are susceptible to occlusion and privacy concerns, limiting
deployment in unconstrained mobile settings.

IMU-Based Human Pose Estimation. IMU-based meth-
ods offer camera-free, occlusion-robust alternatives for mo-
tion capture. SIP [47] pioneered full-body SMPL reconstruc-
tion from 6 IMUs via offline optimization. DIP [19] enabled
real-time inference by training a bidirectional RNN on syn-
thesized IMU data. TransPose [56] improved accuracy through
a multi-stage architecture with intermediate joint-position
estimation and added global translation tracking. PIP [55]
introduced a physics-aware motion optimizer to enforce
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physical plausibility. TIP [23] adopted a Transformer de-
coder to improve temporal consistency, and DynalP [58] pro-
posed part-based modeling with pseudo-velocity regression
trained on real inertial data, improving generalization over
synthetic-only training. To move beyond six dedicated sen-
sors, IMUPoser [36] explored pose estimation from any sub-
set of consumer-device IMUs (phone, watch, earbuds), and
MobilePoser [52] further added global translation estimation
with real-time on-device inference. However, these meth-
ods frame pose estimation as pure input-output mapping
without explicitly encoding biomechanical priors, which can
yield anatomically implausible outputs. ViPoser addresses
this gap by selectively distilling biomechanical knowledge
from a vision foundation model to guide the IMU model.

Other Sensor Modalities for Pose Estimation. Alter-
native modalities have also been explored. RF-Pose [59] used
WiFi-frequency signals with cross-modal vision supervision
to estimate 2D poses through walls. Person-in-WiFi 3D [54]
extended this to multi-person 3D estimation from commer-
cial WiFi devices, and HuPR [27] established a benchmark
for mmWave radar-based pose estimation. NeuroPose [33]
demonstrated hand pose tracking from wearable EMG sen-
sors by exploiting muscle-activation signals.

7 CONCLUSION AND FUTURE WORK

We propose ViPoser, which addresses the fundamental limi-
tations of sparse-IMU based pose estimation by leveraging
the structural intelligence of large vision foundation mod-
els. By distilling biomechanical priors from Sapiens into a
lightweight Transformer, the framework effectively bridges
the gap between limited sensor data and anatomically ac-
curate motion capture. Experimental results demonstrate
that ViPoser not only yields a 10-30% reduction in error
over current state-of-the-art methods but also ensures phys-
ical plausibility in real-time scenarios. ViPoser establishes a
robust pathway for deploying high-fidelity, camera-free mo-
tion capture on edge devices, making it a viable solution for
healthcare, athletics, and immersive technologies. Currently,
our validation is conducted on the device types and on-body
placement configurations provided by public datasets. In the
future, we will extend the evaluation to more device types,
on-body placements, and real-world deployment settings.
Besides, we will also exploring how to extract specific priors
for other types of mobile application tasks.
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